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ABSTRACT
Legal information processing encompasses a heterogeneous set of
retrieval, entailment and judgment prediction problems, requiring
combinations of text matching, reasoning and robust generalisation
with limited supervision. This paper presents a unified study of
these challenges through a suite of open-weight systems spanning
legal case retrieval, case entailment, statute retrieval and entail-
ment and legal judgment prediction. In this paper, we report Team
DU’s participation in all five tasks of COLIEE 2026, with all systems
relying exclusively on open-weight models. For Tasks 3 and 4, all
models were released before 15 July 2025, as required by the com-
petition rules. For Task 4 (statute entailment), a cross-architecture
ensemble of nine models from three families achieves 96.3% accu-
racy, placing first among 33 submissions from 11 teams. For the Pilot
Task (tort prediction and rationale extraction), a multi-view system
that combines five claim-level models and refines the case verdict
using features derived from the claim predictions achieves 73.1% TP
accuracy and 68.2% RE F1 as an unofficial submission, scoring above
all official entries on TP and matching the highest on RE. For Task 2
(legal case entailment), changing only the prompt instruction from
single-selection to multi-selection raises F1 from 0.343 to 0.555 in
post-competition evaluation on released gold labels, exceeding the
best official submission (F1 = 0.490). For Task 3 (statute retrieval and
entailment), replacing the entailment model with Qwen3-235B and
a structured legal reasoning prompt raises accuracy from 79.3% to
91.5% in post-competition analysis. For Task 1 (legal case retrieval),
a learning-to-rank system that combines lexical and semantic re-
trieval with structural, citation authority, and temporal features
(34 in total) achieves F1 = 0.314 (rank 11 of 54 submissions from 22
teams). Taken together, these results show that legal information
processing benefits from different forms of inductive bias across
tasks, with cross-architecture ensembling, feature-based reranking
and retrieval-augmented prompting each proving most effective in
different settings.

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
COLIEE 2026, June 12, 2026, Singapore
© 2026 Copyright held by the owner/author(s).

KEYWORDS
COLIEE, legal information retrieval, legal entailment, LLM ensem-
ble, learning-to-rank, legal judgment prediction

1 INTRODUCTION
Legal information processing involves a diverse family of problems,
including document retrieval, textual entailment and judgment pre-
diction, each of which places different demands on representation
learning, structured reasoning and decision-making under domain-
specific constraints [1]. These tasks become particularly challenging
in legal settings, where documents are long, terminology is highly
specialised, relevant evidence may be distributed unevenly across
a text and small linguistic distinctions can materially alter legal
meaning.

COLIEE1 provides a well-established benchmark for studying
these challenges in a controlled setting and has run an annual com-
petition on legal information extraction and entailment running
since 2014 [6, 8]. The 2026 edition [8] comprises four established
tasks and one pilot task. Tasks 1 and 2 address Canadian case law:
Task 1 requires retrieving cases originally cited by a query case, and
Task 2 requires identifying which paragraphs from a candidate case
entail a given decision fragment. Tasks 3 and 4 address Japanese
statute law: Task 3 requires both retrieving relevant Civil Code
articles and predicting entailment, while Task 4 tests entailment
alone with the relevant articles provided by the organisers. The
Pilot Task addresses legal judgment prediction for Japanese tort
cases, requiring both a binary verdict prediction (tort prediction,
TP) and per-claim acceptance labels (rationale extraction, RE). We
participate in all five tasks as Team DU. Table 1 summarises our
submissions. Our strongest results are on Task 4, where a cross-
architecture ensemble achieves first place. On the Pilot Task, our
unofficial submission achieves 73.1% TP accuracy and 68.2% RE F1,
scoring above all official entries on TP and matching the highest
on RE. Post-competition analysis with the released gold labels iden-
tifies improvements for Tasks 2 and 3 that require no changes to
the system architecture.

The remainder of this paper is organised by task to reflect the
heterogeneity of the benchmark. Sections 2 through 6 describe

1https://coliee.org/
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Table 1: Summary of Team DU submissions across five tasks.

Task Approach Best Score Rank

1 LightGBM LTR (34 features) F1 = .314 11/54
2 MonoT5 + few-shot LLM F1 = .343 22/35
3 BM25 bigrams + Qwen-72B Acc = .793 14/22
4 Cross-arch meta-ensemble (DU1) Acc = .963 1st
Pilot 5-view BERT + verdict bridge TP = .731 —∗

∗Unofficial entry; TP = .731 exceeds all official entries and RE F1 = .682
matches the highest official result (see Section 6).

BM25 Sentence-BERT

Candidate Pool (≤1,000)

34 features: 11 retrieval, 16 structural, 3 authority, 4 temporal

LightGBM LambdaRank

Post-processing (self-match & future-case removal)

Figure 1: Task 1: Stage 1 retrieves candidates via BM25 and
dense retrieval. Stage 2 extracts 34 features across four fami-
lies and feeds them to a LightGBM reranker. Stage 3 enforces
domain constraints.

the method, results, and analysis for each task. Section 7 discusses
cross-task patterns and Section 8 concludes.

2 TASK 1: LEGAL CASE RETRIEVAL
Legal case retrieval is challenging because cited authorities are
often related by legal function rather than surface lexical overlap
alone, while the underlying documents are long and structurally
heterogeneous. Given a query case from the Canadian Federal
Court, where all references to cited cases have been removed from
the text, the objective of our system is to identify which cases in the
corpus were originally cited by the query. The organisers provide
a training set of 2,001 labelled query cases over a corpus of 7,708
candidates. The test set contains 400 queries over a separate corpus
of 1,848 candidates. Performance is measured by micro-averaged F1
at 𝑘=5, where each query receives exactly five predicted citations.

2.1 Method
The system has three stages (Figure 1).

Stage 1:Hybrid candidate retrieval.BM25 [12] and a Sentence-
BERT dense retriever [11] each return the top 1,000 candidates
per query. The union of both ranked lists forms a candidate pool
containing 99.1% of the true cited cases on the development set.
BM25 excels at matching specific legal terminology and case names,
while dense retrieval captures semantic similarity when surface
terms differ.

Stage 2: Feature-based reranking. For each query-candidate
pair, 34 features from four families are extracted. The retrieval fam-
ily (11 features) includes normalised BM25 scores, dense cosine
similarity, RRF [3] scores combining the BM25 and dense rank-
ings, Jaccard similarity, overlap coefficient, and IDF-weighted over-
lap. The structural family (16 features) segments documents into
Background, Issues, Analysis, and Decision sections using rule-
based heading detection and positional heuristics, and computes
paragraph-level Jaccard similarities (maximum, mean of the top
three, and a coverage score) within and across sections. The author-
ity family (3 features) captures normalised citation indegree from
the training corpus, the difference in indegree between query and
candidate, and log-transformed indegree, exploiting the observa-
tion that frequently cited cases are more likely to be cited again.
The temporal family (4 features) encodes the signed and absolute
year difference between filing dates, a binary indicator for the 1
to 15 year citation window, and a binary indicator for candidates
decided after the query, reflecting that 82% of real citations fall
within this window. These 34 features are passed to a LightGBM [9]
model trained with a LambdaRank objective on the 2,001 queries
from the COLIEE 2026 training set.

Stage 3: Post-processing. Self-matches and candidates dated
after the query are filtered out, contributing +2.7 pp to F1 on the
development set. Three runs are submitted: DU1 (1,000 trees, 63
leaves, learning rate 0.05), DU2 (score-level fusion of DU1 and DU3),
and DU3 (2,000 trees, 127 leaves, learning rate 0.03).

2.2 Results and Analysis
Table 2 reports the official results. DU3 achieves F1 = 0.3141, ranking
11th of 54 submissions from 22 teams. The competition winner,
NOWJ, achieves F1 = 0.4220, a gap of 10.8 pp. DU2 (score-level
fusion of the two tree configurations) achieves F1 = 0.3136, nearly
identical to DU3, indicating that the two tree configurations make
similar errors and fusion provides no additional diversity. Post-
competition scaling to 4,000 trees (DU9) raises F1 to 0.3456, reducing
the gap to the winner by 3.15 pp.

The median document length of 4,573 tokens exceeds the 512-
token limit of most encoder models. We tested both a fine-tuned
cross-encoder and a zero-shot large language model as alternatives
to the feature-based reranker, but neither improved over Light-
GBM, because truncation discards the very sections (Analysis and
Decision) that our structural features identify as most informative.

Feature ablation. Table 3 reports a cumulative feature ablation
on the development set. Starting from BM25 scores alone (F1 =
16.50%), adding retrieval features raises F1 to 27.56% (+11.06 pp),
structural features to 29.37% (+1.81 pp), authority features to 30.49%
(+1.12 pp), and temporal features to 31.18% (+0.69 pp). Expanding to
all available training data raises F1 to 35.70% (+4.52 pp). In the final
model, the top five features by total gain are RRF at 𝑘=10 (14.1%),
RRF at 𝑘=5 (6.5%), mean top-3 paragraph Jaccard (3.8%), citation
indegree (2.5%), and maximum paragraph-level IDF overlap (2.0%).
The dominance of the two RRF features confirms that combining
lexical and semantic retrieval signals is the most informative input.

Feature interaction effects. The two binary temporal indica-
tors (whether the candidate falls within the 1–15 year citation win-
dow and whether the candidate postdates the query) have near-zero

2
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Table 2: Task 1 official results (selected) and post-competition.

Rank Run Prec. Rec. F1

1 NOWJ .424 .421 .422
3 JNLP .434 .393 .413

11 DU3 .295 .337 .314
DU2 .294 .336 .314
DU1 .285 .325 .304

Post-competition
DU9 .324 .370 .346

Table 3: Task 1 feature ablation on the development set. Fea-
tures are added cumulatively.

Feature Set F1 (%) Δ (pp)

BM25 only 16.50 —
+ Retrieval features (11) 27.56 +11.06
+ Structural features (16) 29.37 +1.81
+ Authority features (3) 30.49 +1.12
+ Temporal features (4) 31.18 +0.69
+ All available training data 35.70 +4.52

individual importance. However, removing both together degrades
F1 by 2.08 pp on the development set, a larger effect than the au-
thority or temporal groups individually. Binary features serve as
split guides in gradient-boosted trees, allowing subsequent splits
to learn separate thresholds for each partition.

3 TASK 2: LEGAL CASE ENTAILMENT
Case entailment is particularly sensitive to granularity mismatch,
since the system must align a short decision fragment with one or
more entailing paragraphs embedded in a much larger candidate
case. Given a decision fragment and candidate paragraphs from
another case, the system must identify which paragraph(s) entail
the decision. The training set contains cases with gold paragraph
labels. The test set contains 100 cases with 294 gold paragraphs
(average 2.94 per case), evaluated by F1.

3.1 Method
The system has three stages (Figure 2).

Stage 1: Lexical retrieval. BM25 [12] retrieves the top 100
candidate paragraphs per decision fragment, achieving 99.0% recall
at rank 100 on the test set.

Stage 2: Neural reranking. MonoT5-COLIEE [10], a T5-based
cross-encoder fine-tuned on the COLIEE Task 2 training data with
hard negative mining, serves as the primary reranker. Qwen3-
Reranker-0.6B provides a complementary score, and the two are
combined with weights 0.8 and 0.2 respectively. The top 20 para-
graphs are retained for the next stage.

Stage 3: LLMentailment selectionwith retrieval-augmented
few-shot prompting.A large languagemodel receives the decision
fragment, the reranked top-20 paragraphs, and three solved train-
ing examples retrieved by BM25 from an index built over all train-
ing queries. By grounding the LLM in concrete precedent rather
than relying on zero-shot reasoning, retrieval-augmented few-shot

Test case (unsolved) — decision fragment 𝑞 + candidate paragraphs

Stage 1: BM25 Retrieval

Retrieve top 100 paragraphs by lexical similarity to 𝑞

Stage 2: Reranker Ensemble

Fine-tuned MonoT5 (weight 0.8) + Qwen3-Reranker (weight 0.2), keep top 20

Retrieval-Augmented Few-Shot Prompting

BM25 retrieves 3 solved training cases with similar legal terminology to 𝑞.
Each is formatted as (decision fragment, correct paragraph) and added to the prompt.

Stage 3: LLM Entailment Selection

DeepSeek-V3, DeepSeek-R1, and LLaMA-3.3-70B each independently select paragraph(s)

Majority Vote / Intersection

Keep paragraphs that ≥2 of 3 LLMs agree on

Selected entailing paragraph(s)

Figure 2: Task 2: three-stage pipeline with retrieval-
augmented few-shot prompting. Three solved training cases,
retrieved by BM25 similarity, are provided to each LLM as
demonstrations. No test labels are used.

prompting adds 5.7 F1 points over zero-shot prompting on the devel-
opment set. Three models (DeepSeek-V3, DeepSeek-R1 [4], LLaMA-
3.3-70B) independently select paragraphs. Three runs use different
aggregation strategies: DU1 (intersection of DeepSeek-V3 and R1),
DU2 (DeepSeek-V3 alone, selected for its best precision-recall trade-
off on the development set), DU3 (three-model tiebreaker without
few-shot demonstrations, testing whether the models alone can
compensate for the absence of retrieved examples).

In-distribution hard negative training. A methodological
contribution in Stage 2 is the MonoT5-v2 variant, which addresses
a distribution mismatch in the standard hard negative mining ap-
proach. MonoT5-v1 trains by pairing each correct paragraph with
five incorrect paragraphs from the same case as negative examples.
At inference time, however, the model scores paragraphs that have
already been reranked by the ensemble, which have a different score
distribution from BM25 negatives. MonoT5-v2 resolves this by us-
ing a two-pass approach: a first pass produces the reranker’s own
top-20 predictions on the training set, and the non-gold paragraphs
from these predictions serve as hard negatives for a second pass of
fine-tuning. This ensures that the model trains on the exact distri-
bution of candidates it will encounter at inference time. MonoT5-v2
improves the reranker’s ability to retain gold paragraphs in the top
20, reducing the number of gold paragraphs lost before they reach
the LLM stage.

3.2 Results and Analysis
Table 4 reports the official results. DU2 achieves the second-highest
precision among all 35 submissions (0.753) but low recall (0.218),
resulting in F1 = 0.338. The competition winner, IAI, achieves F1 =

3



COLIEE 2026, June 12, 2026, Singapore Amal Saad Alshehri, Nelly Bencomo, and Amir Atapour-Abarghouei

Table 4: Task 2 results: official submissions and post-
competitionmulti-selection (same pipeline, different prompt
instruction).

Configuration Prec. Rec. F1

Official submissions
IAI (winner) .450 .537 .490
DU3 .691 .228 .343
DU2 .753 .218 .338
DU1 .663 .214 .324

Post-competition (multi-selection prompt)
DU majority vote .619 .503 .555

0.490. The single-selection prompt was calibrated on the develop-
ment set, where 80% of cases have exactly one correct paragraph
(average 1.22). The test set averages 2.94 correct paragraphs per
case, with 95% having more than one, capping the theoretical single-
selection F1 ceiling at 0.508.

Development versus test distribution shift. DU2 achieves F1
= 0.764 on the development set but only F1 = 0.338 on the test set,
a 42.6 pp gap entirely attributable to the distribution shift in the
number of gold paragraphs per case. This experience motivates a
general recommendation: when the number of correct answers per
query is uncertain, the safest strategy is to allow multi-selection
with a confidence threshold rather than enforcing a fixed count.

Post-competition multi-selection. Table 4 reports the effect
of changing only the prompt instruction to permit multi-selection,
with every other component identical. Under majority voting across
three models, this achieves F1 = 0.555 in post-competition evalua-
tion on released gold labels, exceeding the best official submission
by 6.5 points. The entire gap is attributable to a single prompt
instruction.

Recall loss decomposition. Of the 230 missed gold paragraphs
in the submitted single-selection system, 122 (53%) are missed be-
cause the single-selection constraint prevents returning more than
one paragraph per case even when the system has ranked multiple
correct paragraphs highly. A further 61 (27%) are missed because
the system selects an incorrect paragraph, and 47 (20%) are missed
because the LLM returns no selection at all. The single-selection
constraint accounts for the majority of the recall loss.

Under multi-selection, DeepSeek-V3 with few-shot prompting
achieves F1 = 0.549, DeepSeek-R1 achieves F1 = 0.501, andDeepSeek-
V3 without few-shot achieves F1 = 0.533, while the majority vote
of all three (F1 = 0.555) exceeds every individual model, confirming
complementary selection errors across the three models.

4 TASK 3: STATUTE RETRIEVAL AND
ENTAILMENT

Statute retrieval and entailment combines two sources of difficulty:
identifying the correct provisions from a compact but highly cross-
referential code base, and then reasoning over those provisions
with precise control of legal language. Task 3 requires retrieving
relevant articles from the 725-article Japanese Civil Code and pre-
dicting entailment (Y/N) for 82 test queries from the bar examina-
tion. The training set comprises 965 queries from the Japanese bar

82 Test Queries

BM25 Character-Bigram Retrieval (top 10)

Query: 検察官は後見開始の審判を請求する

Bigrams: 検察 | 察官 | 後見 | 審判 | 請求 | . . .

Art. 7 matches: 後見 (guard.) 審判 (adjud.) 請求 (petition)

Cross-Reference Expansion (+1–7 articles)

Art. 28: “第百三条に規定する権限を超える...”

→ Detects citation, adds Art. 103 to candidates

Entailment

DU Top 5 articles → Qwen2.5-72B, single call (𝑇=0) →
Y/N

DU2 2 400-char budget → Qwen2.5-72B, structured
JSON (𝑇=0) → Y/N

DU1 3-way RRF → Qwen-7B rerank → Qwen-72B SC
vote (𝑘=5) → Y/N

Figure 3: Task 3: BM25 matches queries and articles using
character bigrams. Cross-reference expansion detects cita-
tions between articles. Three entailment configurations use
Qwen2.5-72B with different prompting strategies.

examination, each annotated with the relevant article(s) and a Y/N
entailment label.

4.1 Method
The system has two stages (Figure 3).

Retrieval: BM25 with character bigrams. Because Japanese
text does not use spaces between words, standard BM25 cannot
split text into tokens directly. Instead of relying on a morpholog-
ical analyser, which can mis-segment specialised legal terms, we
split every text into overlapping pairs of consecutive characters
(character bigrams). For example, 後見開始 (commencement of
guardianship) produces the bigrams後見,見開,開始. BM25 [12]
then matches queries and articles by shared bigrams and retrieves
the top 10 candidates.

Cross-reference expansion. Civil Code articles frequently cite
other articles by number. If BM25 retrieves an article that references
another, we detect the citation using regular expressions and add
the referenced article to the candidate pool, typically expanding
from 10 to 11–17 articles per query. Cross-reference expansion
captures legally relevant articles that lack surface-text overlap with
the query.

Entailment. Three runs use Qwen2.5-72B-Instruct [15]: DU
reads the top 5 articles in a single prompt, DU2 limits context to
2,400 characters with structured JSON output (achieving the best
accuracy at 79.3%), and DU1 fuses BM25, TF-IDF, and BGE-M3
dense embeddings [2] via RRF [3] with self-consistency voting [14].
Despite its additional complexity, DU1 achieves the lowest accuracy
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Table 5: Task 3 results: official submissions and post-
competition analysis on the same retrieved articles.

Configuration Correct Acc. (%) Rank

Official submissions (rank/22)
NOWJ_run1 78/82 95.1 1
DU2 65/82 79.3 14
DU 63/82 76.8 18
DU1 62/82 75.6 19

Post-competition (same retrieved articles)
Qwen3-235B (IRAC) 75/82 91.5 —
9-expert ensemble (DU3) 71/82 86.6 —

(75.6%), illustrating that pipeline complexity can degrade perfor-
mance when the additional components introduce noise.

4.2 Results and Analysis
Table 5 reports the official results. DU2 achieves 65/82 correct
(79.3%, rank 14 of 22 submissions). The competition winner, NOWJ,
achieves 78/82 (95.1%). Retrieval recall ranges from 0.94 to 0.98
across the three runs, confirming that the entailment model rather
than retrieval is the primary bottleneck. Error analysis reveals a
systematic positive bias: of the 14 errors DU2 makes, 12 are false
positives (wrong Y) and only 2 are false negatives (wrong N).

Ensemble prediction balance. The 9-expert ensemble applied
post-competition predicts 42Y/40N on the 82 test queries, closely
tracking the gold distribution of 41Y/41N and reducing the false-
positive count from 12 to 6 compared to DU2’s 51Y/31N prediction.

Post-competition ensemble. Table 5 reports results from ap-
plying our Task 4 ensemble (Section 5), the top-scoring system on
the Task 4 leaderboard, to the same retrieved articles. Qwen3-235B
with IRAC prompting achieves 91.5% (75/82 correct), while the
nine-expert majority vote achieves 86.6% (71/82). The improvement
from 79.3% to 91.5% represents a gain of +12.2 pp from replacing
the model alone. Notably, the 9-expert ensemble (86.6%) under-
performs the single Qwen3-235B model (91.5%) on Task 3, unlike
Task 4, where the ensemble dominates. This reversal occurs because
the Task 3 candidate pool includes distractor articles that confuse
weaker ensemble members, and their incorrect votes dilute the
signal from the stronger experts.

5 TASK 4: STATUTE ENTAILMENT
By removing the retrieval stage, Task 4 isolates the pure entailment
problem and provides a controlled setting for analysing how differ-
ent model families reason over statutory text. This task provides
the relevant Civil Code articles and requires only the entailment
decision (Y/N) for 82 test queries from the bar examination. Unlike
Task 3, where the system must first retrieve the relevant articles,
Task 4 isolates the entailment component by providing gold articles
as input. The gold label distribution is approximately balanced, con-
sistent across all exam years. This section presents our first-place
system.

5.1 Expert Model Selection
We assemble nine expert configurations from three model families:
DeepSeek [4], Llama [7], and Qwen [15], spanning two architecture

Article 𝐴 + Statement 𝑆

9 experts from 3 families vote independently

■ 𝐸1 DeepSeek-R1 (671B) – Standard

■ 𝐸2 Llama-4-Maverick (400B) – Standard

■ 𝐸3 Llama-4-Scout (109B) – Standard

■ 𝐸4 Llama-3.3-70B – Concise

■ 𝐸5 Llama-3.3-70B – Chain-of-Thought

■ 𝐸6 Qwen-2.5-72B – Chain-of-Thought

■ 𝐸7 Qwen3-235B – Standard

■ 𝐸8 Qwen3-235B – IRAC

■ 𝐸9 Qwen3-235B – Self-consistency (𝑘=3)

Majority Vote → Y or N

Figure 4: Task 4 base 9-expert ensemble (submitted as
DU3; reused inside DU1’s meta-ensemble). Three families
—■ DeepSeek,■ Llama,■ Qwen — vote independently on
Y/N.

Table 6: The 9 experts submitted as DU3 (also reused inside
DU1). Validation accuracy (%); per-split in Table 8.

Model Arch. Prompt Val.

𝐸1 DeepSeek-R1 (671B) MoE Standard 84.1
𝐸2 Llama-4-Maverick (400B) MoE Standard 83.7
𝐸3 Llama-4-Scout (109B) MoE Standard 83.3
𝐸4 Llama-3.3-70B Dense Concise 80.2
𝐸5 Llama-3.3-70B Dense CoT Strict 80.6
𝐸6 Qwen-2.5-72B Dense CoT Strict 82.9
𝐸7 Qwen3-235B MoE Standard 84.1
𝐸8 Qwen3-235B MoE IRAC 84.5
𝐸9 Qwen3-235B MoE SC (𝑘=3) 84.9

DU3 (9-expert majority vote) 91.9
DU1 (meta-ensemble, see Section 5) 93.0

types (Mixture-of-Experts and Dense Transformer). The selection
criteria are: architectural diversity across families, complementary
prompting strategies, and individually competitive zero-shot perfor-
mance. The three model families collectively span parameter counts
from 70B (Llama-3.3-70B Dense) to 671B (DeepSeek-R1 MoE), pro-
viding diversity not only in training data and architecture but also
in model scale. Table 6 lists all nine configurations. Individual accu-
racies on the 258-question validation benchmark (H30+R01+R02)
range from 80.2% to 84.9%, while the unweighted 9-expert majority
vote (DU3) reaches 91.9% and the DU1 meta-ensemble built on top
of it reaches 93.0%. Figure 4 illustrates the architecture.

5.2 Expert Instruction Design
Each expert receives a Japanese-language system prompt specify-
ing the reasoning procedure. Table 7 lists the five prompt variants
in both Japanese and English. The core Standard prompt instructs
the model to: (1) identify the article’s requirements precisely, (2)
verify exception clauses, (3) check negation consistency, (4) ex-
amine quantifier expressions, and (5) determine entailment based
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Table 7: Prompt variants for Task 4. All prompts include an
explicit debiasing statement. Japanese originals shown with
English translations.

Variant Instruction

Standard 判断の手順：1.条文の要件・条件を正確に読み取る 2.例外規
定・ただし書きを確認する 3.否定の整合性を確認する 4.量化
表現・限定語を確認する 5.条文の論理的帰結として導かれる
場合はYと判定する
(1) Read requirements precisely. (2) Check exceptions. (3) Verify negation
consistency. (4) Check quantifiers. (5) Judge Y if the statement follows
logically.

Concise 条文のみを根拠に、陳述文が論理的に正しいかを判定してく
ださい。正しければY、正しくなければNを最後の行に出力し
てください。
Based solely on the article, determine if the statement is logically correct.
Output Y or N.

CoT Strict ステップ1：条文の要件を箇条書きで列挙ステップ2：陳述文
の主張を箇条書きで列挙ステップ3：各要件との整合性を確
認ステップ4：ただし書き・例外を確認ステップ5：限定語に
注意ステップ6：総合判定
Step 1: List requirements. Step 2: List claims. Step 3: Check consistency.
Step 4: Check exceptions. Step 5: Note quantifiers. Step 6: Judgment.

IRAC IRAC法 を 用 い て 分 析 ：1.Issue（ 争 点 ）2.Rule（ 法 規
範）3.Application（適用）4.Conclusion（結論）
(1) Issue. (2) Rule. (3) Application. (4) Conclusion.

SC Standard prompt, 𝑘=3 at𝑇=0.7, majority vote.

exclusively on the provided text. The Concise prompt removes the
multi-step instruction and asks for only the final label. The CoT
Strict prompt enforces a rigid six-step chain-of-thought procedure.
The IRAC prompt follows the standard legal reasoning framework
(Issue, Rule, Application, Conclusion). The Self-consistency vari-
ant generates 𝑘=3 independent responses at temperature 0.7 and
returns the majority answer [14]. All prompts include an explicit
instruction that the label distribution is approximately 50% Y and
50% N, and that the model should not be biased towards either label.
This debiasing statement reduces positive bias on the validation
set. The choice of Japanese as the prompt language is deliberate:
language-matched prompts avoid translation-induced errors in le-
gal terminology.

5.3 Ensemble Construction and Submitted Runs
Three runs were submitted, layering progressively more aggrega-
tion logic on top of a shared pool of (model, prompt) experts.

DU3 is an unweighted 9-expert majority vote, with the expert
subset (Table 9, “DU3” column) selected by exhaustive combinato-
rial search over the validation benchmark. DU3 achieves 91.9% on
validation (Table 8) and 77/82 = 93.9% on the test set.

DU2 also uses a 9-vote majority, but two of the nine votes are
deliberation-derived. When a base ensemble’s vote margin is at
most one, three judge models (Qwen3-235B, DeepSeek-R1 and
Llama-4-Maverick) re-evaluate the question with detailed reason-
ing prompts; their unanimous consensus and majority consensus
form two additional “deliberation experts” that participate in the
final vote alongside seven direct experts. DU2 achieves 92.6% on
validation and 79/82 = 96.3% on the test set.

DU1 (primary) is a hierarchicalmeta-ensemble: three sub-ensembles
vote independently and the final DU1 prediction is the majority
across their outputs. The sub-ensembles are Sub-A (8 experts plus
a temporal-aware Qwen3-235B expert on R01 only; Table 9, “Sub-A”
column), Sub-B (5 experts; “Sub-B” column), and Sub-C, which is

Table 8: Validation accuracy per split for each submitted run
and the best single expert.

Run H30 R01 R02 Overall

DU3 (plain 9-vote) 94.0 87.3 96.3 91.9
DU2 (9-vote w/ deliberation) 94.0 88.2 97.5 92.6
DU1 (meta-ensemble) 94.0 88.2 98.8 93.0
Best single (𝐸9) 91.0 78.2 88.9 84.9

Table 9: Expert membership: DU3 (plain 9-vote) and two of
DU1’s three sub-ensembles (Sub-A, Sub-B). DU1’s third sub-
ensemble is identical to DU2 (Section 5). Run accuracies in
Table 8.

Model Family Prompt DU3 Sub-A Sub-B

DeepSeek-R1 Standard ✓
DeepSeek-R1 Meticulous ✓
Llama-4-Maverick Standard ✓ ✓
Llama-4-Scout Standard ✓ ✓
Llama-3.3-70B Standard ✓
Llama-3.3-70B Concise ✓
Llama-3.3-70B CoT ✓ ✓
Llama-3.3-70B English ✓
Qwen-2.5-72B CoT ✓ ✓ ✓
Qwen-2.5-72B IRAC ✓
Qwen3-235B Standard ✓ ✓ ✓
Qwen3-235B IRAC ✓ ✓
Qwen3-235B SC (𝑘=3) ✓ ✓

Total experts 9 8∗ 5
∗Sub-A adds a temporal-aware Qwen3-235B expert on R01 only.

architecturally identical to DU2. DU1 achieves 93.0% on validation
and 79/82 = 96.3% on the test set — the highest accuracy among 33
submissions from 11 teams.

The best single expert (𝐸9, Qwen3-235B with self-consistency)
achieves 84.9% overall, a gap of 8.1 pp below DU1, demonstrating
the substantial contribution of cross-architecture voting and hier-
archical aggregation. Plain 9-expert majority voting (DU3, 91.9%)
outperformed all five learned combination methods tested (logistic
regression, random forest, gradient boosting, SVM, MLP), which
ranged from 85.3% to 90.3%. With only 258 validation questions,
the training folds provide insufficient data for reliable parameter
estimation.

5.4 Results
Table 10 reports the official test results. DU1 and DU2 both achieve
79/82 (96.3%), the highest accuracy among 33 submissions from
11 teams. The best competitor achieves 78/82 (95.1%). The three
errors involve complex interactions between exception clauses and
quantifier expressions. Two are false negatives where a majority of
experts misinterpret a conditional exception beginning withただ
し (“provided that”) as a negation of the main rule. The third error
is a false positive caused by a subtle quantifier distinction between
すべての (“all”) and いずれかの (“any”) that none of the nine
experts detects, resulting in a unanimous but incorrect Y judgment.
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Table 10: Task 4 official test results (selected).

Rank Run Accuracy

1 DU1 96.3%

1 DU2 96.3%
3 JNLP-3 95.1%
3 IAIrun2 95.1%
6 DU3 93.9%

Table 11: Same-model versus cross-architecture ensemble
accuracy on the 258-question validation benchmark.

Configuration Accuracy

Best single expert 84.9%
Best same-model ensemble (Llama-3.3, 3 prompts) 87.2%
Best 5-expert cross-arch ensemble (search-selected) 91.9%
9-expert cross-arch plain vote (DU3) 91.9%
DU1 meta-ensemble (hierarchical) 93.0%

5.5 Cross-Architecture versus Same-Model
Ensembles

Table 11 compares same-model and cross-architecture ensembles.
The best same-model ensemble (Llama-3.3-70B with three prompts)
reaches 87.2% on the validation set. A best-of-search 5-expert cross-
architecture ensemble reaches 91.9%, the 9-expert plain vote (DU3)
also reaches 91.9%, and the DU1 meta-ensemble built on top of the
9-vote layer reaches 93.0%, demonstrating a 4.7 pp gap attributable
to cross-architecture diversity over same-model voting and a fur-
ther 1.1 pp from hierarchical aggregation. Cross-family expert pairs
disagree on 17.5% of questions versus 11.4% for same-family pairs,
confirming that models from different families make more inde-
pendent errors, which is the fundamental condition for effective
majority voting.

5.6 Analysis
Expert removal. The most impactful single removal from DU1 is
Llama-4-Maverick (−3.9 pp), followed by Qwen-2.5-72B (−3.5 pp).
Removing all three Qwen3-235B variants reduces accuracy by 3.9
pp (from 91.9% to 88.0%), confirming that each model contributes
to the ensemble’s performance.

Error taxonomy.We analyse 4,825 reasoning traces from five
models across all 965 training questions. Of these, 813 traces con-
tain an incorrect final answer. We check whether each model’s
reasoning text engages with negation patterns, exception-clause
markers, and quantifier expressions present in the article, using
deterministic keyword matching. DeepSeek-R1 exhibits the highest
rate of external knowledge errors (19.3% of its incorrect traces),
meaning its reasoning frequently references Civil Code articles not
present in the given input. Qwen3-235B has the highest negation
detection failure rate (56.1%), meaning it frequently fails to mention
negation constructions that appear in the article. Llama-3.3-70B is
the only model with a false-positive bias (54.2% of its errors are false
positives), while the other four models tend toward false negatives.
Qwen-2.5-72B has the highest negation interpretation failure rate
(71.1%), detecting negation patterns but misinterpreting their scope
or application. These complementary error profiles explain why
cross-architecture majority voting works: when Qwen3-235B fails

to detect a negation, DeepSeek-R1 (with only 25.5% detection fail-
ures) is likely to detect it and provide the correct answer, and when
DeepSeek-R1 introduces external knowledge, the other four models
outvote it. Quantifier errors are corrected 73% of the time, while
negation detection failures are corrected only 40%, as detection
failures tend to occur across multiple models from the same family.
81% of the remaining ensemble errors occur on questions where
both different families and different prompts disagree, identifying
the hardest questions.

Fine-tuning comparison. We test whether supervised fine-
tuning canmatch or exceed the zero-shot ensemble. Five fine-tuning
configurations are evaluated on the 258-question validation bench-
mark, using up to 10,525 labelled examples (965 from Task 4 and
9,560 from Task 3). None reaches the best zero-shot expert’s accu-
racy of 84.9%. The best fine-tuned result is ELYZA-8B with LoRA
at 77.3%. The worst is Qwen-2.5-32B with QLoRA at 52.8%, barely
above random, suggesting that larger models are more susceptible
to overfitting when fine-tuned on limited legal data. This finding
confirms that for statute entailment at this data scale, the broad
legal reasoning capabilities encoded during pretraining are more
valuable than task-specific adaptation.

6 PILOT TASK: LEGAL JUDGMENT
PREDICTION

Legal judgment prediction is a multi-level problem, since case-level
outcomes depend on interactions among multiple claims, counter-
claims and factual findings rather than on a single local decision.
The Pilot Task requires predicting court verdicts for Japanese tort
cases (TP, evaluated by accuracy) and per-claim acceptance labels
(RE, evaluated by macro-averaged F1). The training set contains
6,508 cases with 25,231 plaintiff claims and 22,458 defendant claims.
The defendant wins in 60.5% of training cases, the median claim
count per case is 4 (mean 7.3, maximum 197), and 20.3% of cases
have no defendant claims at all. The test set contains 803 cases.

6.1 Method
The system has three stages (Figure 5).

Stage 1: Five claim-level models. Each model scores every
claim with a probability between 0 and 1 indicating how likely
the court is to accept it. The five models are designed to capture
different aspects of claim acceptance.

Models 1 and 2: Jointly trained BERT classifiers. Each starts from a
pretrained Japanese BERT encoder [5] (cl-tohoku/bert-base-japanese-
v3 [13], 111M parameters) and adds two linear output heads: one
for claim acceptance and one for the case verdict. The claim head
receives the undisputed facts paired with an individual claim. The
verdict head receives the full case text truncated to 512 tokens. Both
heads are trained simultaneouslywith lossL = Lclaim+0.5×Lverdict,
where both terms are binary cross-entropy. Two instances are
trained with different random seeds (42 and 7) to produce diverse
predictions through convergence to different local optima. Training
uses AdamWwith learning rate 2×10−5 for the encoder and 2×10−4
for the heads, 10% warmup, gradient clipping at 1.0, batch size 8,
up to 10 epochs with early stopping at patience 3. Out-of-fold RE
F1 scores are in the range 0.689–0.693.
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Stage 1: Five Claim-Level Models

Joint BERT A, Joint BERT B, Claim BERT, Similar-Case Retrieval, Fact-Claim NLI

Each scores every claim with P(accepted) from a different perspective

Stage 2: Combining the Five Models

Logistic regression combines five scores into one acceptance probability per claim

Stage 3: Claim-to-Verdict Bridge

BERT verdict head + 12 features from claim predictions + similar-case retrieval

The bridge recovers case-level information lost to the 512-token truncation (+2.8 pp)

Post-Processing: Coherence Enforcement

Claim labels and verdict are checked for logical consistency

Output: verdict + claim labels

Figure 5: Pilot Task: five models score each claim from dif-
ferent perspectives (Stage 1). A logistic regression combines
their scores (Stage 2). The verdict is refined using 12 claim-
derived features (Stage 3), then checked for consistency.

Model 3: Claim-only BERT. This model uses the same architecture
and input format as the claim head above but is trained exclusively
on claim acceptance, without the verdict task. The three supervised
models achieve similar claim-level F1 (0.689–0.693), suggesting that
joint training benefits verdict prediction more than claim prediction
through the shared encoder.

Model 4: Dense retrieval. Rather than learning to classify claims
directly, this model finds the most similar claims in the training
data and checks whether they were accepted. Qwen3-Embedding-
0.6B (600M parameters) encodes each claim together with its case
context into a dense vector. The acceptance score is the similarity-
weighted average of the gold labels of the 𝐾=3 nearest training
claims, combined equally with a TF-IDF character n-gram baseline
(𝛼=0.5).

Model 5: Textual entailment. A publicly available Japanese en-
tailment model (akiFQC/bert-base-japanese-v3_nli, pre-trained on
three NLI datasets by its authors) scores each claim against the
case facts. The acceptance score is 𝜎 (entailment − contradiction),
directly contrasting evidence for and against the claim. This model
is the weakest alone (RE F1: 0.503), since legal claim acceptance
involves factors beyond textual entailment such as credibility and
proportionality. Its value lies in capturing a logical dimension that
the other four models do not address: whether the facts support
the claim as a matter of inference rather than pattern matching.

Alternative encoders were tested but underperformed cl-tohoku
BERT. DeBERTa-v2-base-japanese reduced RE F1 from 0.689 to
0.648. ModernBERT-base (4,096 tokens), despite processing longer
inputs, reduced TP accuracy from 0.708 to 0.690.

Stage 2: Combining the five models. A logistic regression
combines the five scores into a single acceptance probability per
claim, with weights learned from 5-fold cross-validation grouped
by case. Table 12 shows the learned weights, which reflect how

Table 12: Logistic regression weights for combining claim-
level models.

Model Weight

(4) Similar-case retrieval 1.856
(2) Joint BERT (seed B) 1.017
(1) Joint BERT (seed A) 0.831
(3) Claim-only BERT 0.618
(5) Textual entailment 0.105

muchwe trust each model based on the validation data: the retrieval
model receives the highest weight (1.856), meaning it has the most
influence on the final prediction, while the NLI model receives the
lowest (0.105) but non-zero, confirming a genuine contribution.

Stage 3: Claim-to-verdict bridge. The BERT verdict head pro-
cesses only 512 tokens, but 41% of training cases exceed this limit. To
recover information lost to truncation, we construct twelve numer-
ical features from the Stage 2 claim predictions (Table 13). These
features capture the balance of evidence between the two sides
at different levels of granularity. The mean acceptance difference
(re_mean_diff) measures which side’s claims are more likely to be
accepted on average. The top-𝑘 differences (re_top1_diff through
re_top3_diff) compare the strongest claims from each side, cap-
turing whether the case has a single dominant argument or multi-
ple supporting claims. The threshold-based counts (re_count_03,
re_count_05) measure how many claims from each side pass a
moderate or strong acceptance bar, distinguishing cases with many
weak claims from cases with a few strong ones. The BERT verdict
probability itself appears as a feature (tp_prob), allowing the clas-
sifier to combine the encoder’s direct estimate with the claim-level
evidence.

A gradient-boosted decision tree takes these twelve features and
produces a refined verdict estimate. This bridge is the most im-
pactful individual component in the entire pipeline, improving TP
accuracy by 2.8 percentage points over the BERT verdict head alone.
Coefficient analysis confirms that the BERT verdict score and the
mean acceptance difference between plaintiff and defendant claims
contribute most to the refined prediction. A TF-IDF retrieval compo-
nent retrieves the three most similar training cases and blends their
verdicts with the classifier’s estimate (𝛼=0.3). Since claim labels and
the verdict are predicted independently, they can contradict each
other, for example predicting a plaintiff win while accepting most
defendant defences. Post-processing coherence rules resolve such
contradictions: when the predicted verdict favours the plaintiff, no
defendant defence may be newly accepted, and no more than six
claim labels per party may change in a single case.

6.2 Results and Analysis
Table 14 reports leaderboard entries and our component ablation.
The full system achieves 73.1% TP accuracy (587 of 803 cases) and
68.2% RE F1, scoring above all official entries on TP and matching
the highest on RE.

Each stage provides a measurable improvement. A single BERT
model establishes the baseline at 70.9% TP and 64.9% RE F1. Five-
model stacking raises RE F1 to 66.9%, a gain of 2.0 pp that confirms
the models capture complementary signals about claim acceptance.
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Table 13: The twelve bridge features used in the claim-to-
verdict classifier (Stage 3).

Feature Description

tp_prob BERT verdict score
re_mean_diff Mean P acceptance prob. minus mean D
re_margin_diff Confidence-weighted balance
re_top1_diff Strongest P claim minus strongest D
re_top2_diff Sum of top-2 P minus top-2 D
re_top3_diff Sum of top-3 P minus top-3 D
re_count_03 #P claims ≥0.3 minus #D claims ≥0.3
re_count_05 #P claims ≥0.5 minus #D claims ≥0.5
claim_count Number of P claims minus D claims
total_claims Total number of claims (both sides)
abs_margin |margin_diff | (case contentiousness)
abs_tp_anchor |tp_prob − 0.69 | (distance from prior)

The claim-to-verdict bridge raises TP to 73.3% (+2.8 pp over the five-
model configuration without the bridge), and case-level retrieval
adjusts the final system to 73.1% TP and 68.2% RE F1. Among the
twelve bridge features, re_margin_diff and re_top1_diff have
the highest gradient-boosted feature importance.

The retrievalmodel receives the highest logistic regressionweight
(1.856), suggesting that outcomes of similar past claims are more
predictive than features from fine-tuned classifiers. The NLI model
receives the lowest weight (0.105) but is retained, confirming it
contributes a unique logical entailment dimension. The claim-to-
verdict bridge recovers information lost to the BERT verdict head’s
512-token truncation (41% of cases are longer), and its +2.8 pp
improvement confirms that claim-level predictions carry verdict-
relevant information the encoder cannot capture alone. Our entry
was inadvertently submitted in development mode rather than
leaderboard mode, and the organisers subsequently included it on
the results page as an unofficial submission.

7 DISCUSSION
The five tasks provide a compact view of how different modelling
choices behave across retrieval, entailment and judgment prediction
settings in legal NLP. Three cross-task patterns emerge from our
five systems.

Classical retrieval remains competitive for legal docu-
ments. In Task 1, the LightGBM ranker with 34 domain features
outperforms cross-encoders by 4.42 pp because documents (median
4,573 tokens) exceed encoder context windows. In Task 3, BM25
with character bigrams retrieves the correct article as the top result
for 75 of 83 gold instances without supervised training.

Table 14: Pilot Task: top leaderboard entries (official and
unofficial) and component ablation.

Configuration TP Acc. RE F1

Leaderboard (official entries plus our unofficial run)
DU1 (ours, unofficial) 73.1% 68.2%
JNLP 72.7% 64.5%
TortNLP4 (UIT) 72.6% 68.2%

Component ablation
Single BERT model 70.9% 64.9%
5-model RE, no TP bridge 70.5% 66.9%
5-model RE + bridge, no retrieval 73.3% 66.9%
Full system 73.1% 68.2%

Model choicemattersmore thanpipeline complexity.Across
Tasks 3 and 4, we observe that the choice of entailment model pro-
duces larger accuracy changes than any amount of pipeline engi-
neering applied to a fixed model. In Task 3, replacing Qwen2.5-72B
with Qwen3-235B (using an IRAC prompt) raises accuracy from
79.3% to 91.5%, a gain of 12.2 pp achieved by changing nothing
except the model and prompt. By contrast, adding retrieval fusion
across three systems, LLM-based reranking, and self-consistency
voting to the original Qwen2.5-72B model reduces accuracy from
79.3% to 75.6%, a loss of 3.7 pp. In Task 4, cross-architecture di-
versity contributes 4.7 pp over prompt diversity within a single
model. The error taxonomy from Task 4 confirms this: each model
family has a distinct dominant failure mode, and majority voting
succeeds because no single error type can accumulate a majority
across diverse voters.

Development-set assumptions can severely limit test per-
formance. In Task 2, a single-selection prompt calibrated on a
development set where 80% of cases have one correct paragraph
caps theoretical F1 at 0.508 on a test set averaging 2.94 correct para-
graphs. Changing only the prompt instruction, from “select at most
one” to “select all that entail,” raises F1 from 0.343 to 0.555. The
entire gap between the submitted result and the best official submis-
sion is attributable to this single instruction. This finding highlights
the importance of validating task assumptions against diverse data
splits, particularly in legal NLP where the number of relevant items
per query can vary substantially between development and evalua-
tion phases. In Task 3, a related phenomenon occurs: the gold labels
are exactly balanced (41 Y, 41 N), but the submitted system predicts
62–66% Y, producing a one-sided error pattern. Both cases illustrate
the risk of calibrating output distributions on development data
that does not reflect the test distribution.

Tasks 3 and 4 provide a controlled comparison. These two
tasks share the same 82 queries and the same Civil Code articles,
differing only in whether the system retrieves articles (Task 3) or
receives them from the organisers (Task 4). On Task 4, DU1 achieves
96.3%. On Task 3, the same ensemble on BM25-retrieved articles
achieves 86.6%, a 9.7 pp gap not explained by retrieval failure (78/82
queries have all gold articles) but by irrelevant articles in the context
confusing weaker ensemble members. Qwen3-235B alone achieves
91.5% on Task 3 with five retrieved articles, confirming that a strong
model with a well-designed prompt tolerates moderate levels of
irrelevant context.

Reproducibility and computational footprint. All systems
use open-weight models accessed via published checkpoints, with
no proprietary model used for any prediction. For Tasks 3 and 4,
every model used was released before 15 July 2025, satisfying the
competition cut-off. Inference for the Task 4 ensemble is embar-
rassingly parallel: nine experts each issue one independent forward
pass per question on the 82-question test set, with 𝐸9 adding two
extra samples for self-consistency. For practitioners constrained
by compute, the strongest single expert (𝐸9: Qwen3-235B with
self-consistency) achieves 84.9% on the 258-question validation set,
recovering a substantial part of the ensemble’s gain at a fraction
of the inference cost. Tables 6, 7 and 9 and the run descriptions in
Section 5, together with the official COLIEE data, are sufficient to
reconstruct each submitted run.
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8 CONCLUSION
This paper presented a unified empirical study of all five COLIEE
2026 tasks through task-specific open-weight systems for retrieval,
entailment, and legal judgment prediction. Our strongest perfor-
mance is obtained on Task 4, where a cross-architecture ensemble
of nine open-weight models achieves 96.3% accuracy and first place
among 33 submissions, and on the Pilot Task, where a five-model
pipeline with a claim-to-verdict bridge achieves 73.1% TP accuracy
as an unofficial submission, scoring above all official entries on TP.

Post-competition analysis reveals improvements that require no
change to the system architecture. For Task 2, changing a single
prompt instruction from single-selection to multi-selection raises
F1 from 0.343 to 0.555 in post-competition evaluation, exceeding
the best official submission. For Task 3, replacing the entailment
model with Qwen3-235B using an IRAC prompt raises accuracy
from 79.3% to 91.5% on the same retrieved articles. Both findings
were identified only after the gold labels were released, highlighting
the value of thorough post-competition analysis.

The error taxonomy constructed from 4,825 reasoning traces in
Task 4 provides evidence that cross-architecture diversity succeeds
because each model family exhibits a characteristic failure pro-
file. DeepSeek-R1 introduces external legal knowledge not present
in the input, Qwen3-235B fails to detect negation patterns, and
Llama-3.3-70B exhibits a false-positive bias. These complementary
profiles mean that the majority vote corrects errors that no amount
of prompt engineering within a single model family can address.
This finding may generalise beyond legal entailment to other clas-
sification tasks where models from different training backgrounds
are available.
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Abstract
We present the SIL system for COLIEE 2026 Task 1 (Legal Case Re-
trieval). Building on the observation that judicial citations are mo-
tivated by specific passages rather than global document similarity,
our approach represents each query using compact citation-context
windows — Reason for Citation (RFC) segments — extracted around
citation markers. A BM25 index over candidate cases is queried in-
dependently with each RFC segment; the resulting ranked lists are
merged via round-robin aggregation to form a candidate pool of up
to 100 cases per query. Each query–candidate pair is then re-ranked
using an ensemble of three MLP networks and three Random For-
est classifiers trained on 27 semantic, lexical, and legal-metadata
features adapted from prior work. The pipeline runs on CPU with-
out LLM components, making it accessible to resource-constrained
groups. Our best submission achieves a micro-F1 of 0.3871 (Preci-
sion 0.4186, Recall 0.3600), placing 7th among 54 submissions and
3rd among 22 teams on the COLIEE 2026 Task 1 leaderboard.

CCS Concepts
• Information systems → Document retrieval; • Computing
methodologies → Neural networks; Information extraction; Super-
vised learning by classification; • Applied computing → Law.
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1 Introduction
Legal case retrieval is a fundamental task in common-law judicial
systems, where judges justify their decisions by citing earlier judg-
ments. With the rapid expansion of legal databases, the need for
efficient and accurate retrieval systems has become increasingly
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important, as legal professionals rely on access to relevant prece-
dents to support arguments and judicial decisions. The Competition
on Legal Information Extraction and Entailment (COLIEE) Task 1
formalizes this problem: given a new query case, the system must
identify all cases that were “noticed”, that is, cited within it [3].

Existing retrieval approaches increasingly rely on full-document
representations, either through sparse methods like BM25 or dense
encoders like MPNet or BERT variants. A fundamental problem
with this approach is that full judgments contain large amounts of
procedural, narrative, and introductory text that is unrelated to the
reason a particular precedent is cited. A judicial citation is almost
always motivated by a specific short passage of legal reasoning,
not by global similarity between two documents [16]. Encoding an
entire case, therefore, dilutes the citation signal considerably.

We address this by building our retrieval around Reason for Ci-
tation (RFC) segments —short windows of text surrounding each
citation placeholder (e.g., FRAGMENT_SUPPRESSED) in the query case.
These segments directly reflect the local context in which a judge
invokes a precedent, and serve as focused, compact query represen-
tations. We build a BM25 index over candidate cases and retrieve
top-ranked candidates independently for each RFC segment. We
then construct a candidate pool of up to 100 documents per query
by round-robin interleaving the ranked lists from all RFC segments
and then classify each query–candidate pair using 27 hand-crafted
features adopted from [18] with an ensemble of Multi-Layer Percep-
tron (MLP) and Random Forest (RF) classifiers. The contributions
of this paper are as follows:

(1) A round-robin aggregationmechanism that ensures balanced
candidate coverage across all citation contexts of a query,
reducing the risk of dominant contexts overwhelming the
pool.

(2) A citation-aware candidate generation strategy using raw
RFC segments as focused query representations, without
generative summarization, demonstrated to achieve com-
petitive retrieval performance on a CPU-only pipeline —
establishing a reproducible, resource-efficient baseline for
future comparison.

The system is the SemIntLab group’s entry for COLIEE 2026 and
extends our earlier cascading retrieval framework [6], which used
full-document BM25 candidate filtering followed by feature-based
re-ranking. The present system replaces full-document filtering
with citation-neighborhood RFC segments as focused query sur-
rogates. To validate this design before the official submission, we
applied it retrospectively to the COLIEE 2025 Task 1 dataset.
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2 Problem Statement
Legal Case Retrieval (LCR) is primarily an information retrieval task
with domain-specific challenges. The cases referenced by a query
case are called noticed cases, which serve as decision-supporting
precedents. The objective is to retrieve all noticed cases from a
given collection, measured by how accurately the system identifies
the relevant supporting cases [10].

Our system is evaluated within the COLIEE 2026 shared task
framework, following the benchmark definition and evaluation
protocol described in the official overview paper [7]. Formally,
given a query case𝑞 and a set of candidate cases𝐶 = {𝑐1, 𝑐2, . . . , 𝑐𝑀 },
𝑀 ∈ N+, the task is to identify the subset 𝑆 = {𝑟1, 𝑟2, . . . , 𝑟𝑘 | 𝑟𝑖 ∈
𝐶 ∧ support(𝑟𝑖 , 𝑞)}, where support(𝑟𝑖 , 𝑞) indicates that the case 𝑟𝑖
supports the query case 𝑞 in at least one legal aspect.

The COLIEE 2026 Task 1 corpus consists of Federal Court of
Canada case laws provided in JSON format. The dataset includes
a training split of 2,001 query cases drawn from a pool of 7,708
documents, and a test split of 400 query cases drawn from a pool of
1,848 candidate documents. Cases may appear as both queries and
candidates in different instances. Performance is evaluated using
micro-averaged precision, recall, and F1-score.

3 Related Work
Legal case retrieval has been an active area of research since its
inception in the mid-1990s. Existing methods can be broadly cat-
egorised into traditional statistical approaches, neural language
models, and hybrid architectures.

Early systems represented cases using hand-crafted features
such as TF-IDF weights, n-grams, and bag-of-words vectors. When
COLIEE introduced its Task 1 benchmark in 2018 [11], the leading
approaches relied on BM25 for term-matching retrieval and simple
similarity thresholds for relevance judgement [12]. While compu-
tationally efficient and interpretable, these methods captured only
surface-level textual overlap and missed the deeper semantic and
structural relationships that characterise legal citation behavior.

The introduction of transformer-based language models brought
a significant shift. BERT-PLI [14] pioneered paragraph-level inter-
action modeling to manage the length of legal documents, per-
forming pairwise comparisons between short segments of query
and candidate cases rather than using document-level represen-
tations. This work established the two-stage retrieval paradigm
that remains dominant today: a fast lexical first stage using BM25
to produce a manageable candidate set, followed by a computa-
tionally heavier neural re-ranking stage. Systems such as DoSSIER
at COLIEE 2021 [1] demonstrated that combining Sentence-BERT
embeddings with BM25 recall yields substantial improvements over
either method alone.

By COLIEE 2022, hybrid retrieval strategies had matured into
learning-to-rank (LTR) frameworks. LeiBi [2] aggregated multiple
tuned embeddingmodels alongside lexical features using LightGBM
and Random Forest classifiers, showing that ensemble aggregation
over diverse feature types is an effective strategy for balancing
precision and recall. THUIR at COLIEE 2023 [8] took this further
by incorporating structural knowledge such as citation graph infor-
mation and document metadata into pre-trained language models,

demonstrating that legal-domain signals improve retrieval beyond
what surface text alone can offer.

More recently, large language models (LLMs) have been ap-
plied to both retrieval and entailment sub-tasks. At COLIEE 2024,
teams such as CAPTAIN [5] used GPT-based models with chain-of-
thought prompting for legal reasoning, while TQM [15] proposed
multi-perspective re-ranking strategies that combine legal-domain
pretraining with pairwise scoring. The ACL 2024 survey on legal
case retrieval [4] confirms that LLM-based re-rankers now repre-
sent the state of the art, though they carry significant computational
cost and are not accessible to all research groups.

A separate and complementary line of work focuses specifi-
cally on why legal citations are made, rather than on the broader
similarity between cases. Wang et al. [16] observed that the sen-
tences immediately surrounding a citation marker carry the bulk
of the citation rationale and proposed isolating these sentences
to improve retrieval precision. Liu et al. [9] extended this idea by
constructing structured proposition graphs that link extracted cita-
tion rationales to specific statutory provisions and legal arguments,
showing that modeling the logical hierarchy of legal reasoning
improves matching. The UMNLP team at COLIEE 2024 [18] intro-
duced citation-neighborhood propositions—compact declarative
summaries of the legal principle associated with each citation—and
highlighted the evaluation of raw neighborhood text as a direc-
tion for future work. Our system operationalizes this direction: we
use RFC segments directly as query representations, without any
generative summarization, keeping the pipeline lightweight while
retaining the citation-level focus that prior work has identified as
important.

4 SIL Methodology
Our system employs a two-stage pipeline. The first and primary
stage is a citation-aware candidate generation mechanism that
produces a focused pool of at most 100 candidates per query by
exploiting the paragraph-level structure of judicial citations. The
second stage re-ranks this pool using a supervised ensemble classi-
fier trained on 27 hand-crafted features. Figure 1 gives an overview
of the complete pipeline.

4.1 Preprocessing
The raw corpus contains a mix of English and French passages,
citation placeholders such as FRAGMENT_SUPPRESSED and
REFERENCE_SUPPRESSED, and heterogeneous formatting artefacts.
We first detect the language of each paragraph using the langdetect
library and retain only English paragraphs. The bilingual COLIEE
documents generally contain English translations of French pas-
sages; however, we do not verify completeness of these translations
and acknowledge that a small number of cases may contain legal
reasoning expressed only in French that is consequently excluded.
Each retained case is then tokenized into sentence units using spaCy,
and headers, footers, and duplicated text markers are removed. Ci-
tation placeholders are preserved in place, as they serve as anchors
for the citation context extraction step that follows.
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Query Case

Citation-Bearing Paragraph Extraction

Citation Context Extrac-
tion & Normalization

Per-Context BM25 Retrieval (top-50 each)

Round-Robin Aggregation (top-100)

Feature Construction (27 features)

MLP ×3 + RF ×3 Ensemble

Ranked Candidates

Figure 1: SIL pipeline for COLIEE 2026 Task 1 (Section 4). The
upper stage (Sections 4.1–4.2, blue shading) is the citation-
aware candidate generation component. The lower stage (Sec-
tions 4.3–4.6, grey shading) is the feature-based ensemble
re-ranker. The dashed boundary separates the two stages.
MLP×3 and RF×3 denote three independently seeded models
of each type.

4.2 Candidate Generation
The central contribution of our system is a candidate generation
strategy that replaces full-document retrieval with a structured,
citation-driven process. The key observation is that relevance in
COLIEE Task 1 is determined by explicit judicial citations rather
than global document similarity: a candidate case is noticed by a
query only because of a specific passage of legal reasoning within
that query. Our candidate generation pipeline is designed to exploit
this structure at every step.

Citation-Bearing Paragraph Extraction. For each query case 𝑞, we
leverage the paragraph segmentation provided in the case files.
We identify all paragraphs that contain explicit citation markers
or suppressed reference placeholders, which signal a citation to a
prior case. Let 𝑃𝑞 = {𝑝1, 𝑝2, . . . , 𝑝𝑁 } denote the set of such citation-
bearing paragraphs extracted from 𝑞, where each paragraph 𝑝𝑖
corresponds to a distinct citation context. This paragraph-level
decomposition is the foundation of our approach: rather than rep-
resenting the entire query as a single retrieval unit, we treat each
citation context as an independent query signal.

Citation Context Extraction and Normalization. A single citation-
bearing paragraph may contain multiple suppressed references,
each corresponding to a different cited case. To isolate individ-
ual citation contexts, we process each paragraph 𝑝𝑖 to extract fo-
cused windows centred around a single citation marker. All ci-
tation markers (FRAGMENT_SUPPRESSED, REFERENCE_SUPPRESSED,
CITATION_SUPPRESSED) are first normalized to a generic REFERENCE
token. For each occurrence, a separate paragraph instance is created

in which the corresponding reference is highlighted as TARGETCASE.
A single paragraph containing 𝑘 citations therefore yields 𝑘 citation-
specific contexts.

When a resulting context exceeds a predefined upper word
limit, it is reduced to a window of 150–250 words centred around
TARGETCASE. This window size follows the citation-context extrac-
tion design of Zhao et al. [18], who found that windows of this
length are sufficient to capture the local legal reasoning surround-
ing a citation without including unrelated content from adjacent
paragraphs. This reduction is performed in a sentence-aware man-
ner: the sentence containing TARGETCASE is identified as the anchor,
and surrounding sentences are symmetrically added before and af-
ter until the word limit is satisfied. If the anchor sentence itself is too
long, trimming is performed within the sentence while preserving
the target reference. Each extracted context is further normalized
through token cleaning, removal of non-English text, stop-word
removal, and stemming before being used for retrieval. Importantly,
this citation-level processing is applied only to query cases. Candi-
date cases are indexed as full documents and remain unsegmented
throughout retrieval, since the citation signal originates exclusively
from the query side.

Per-Context BM25 Retrieval. Each normalized citation context is
independently used as a query against the full corpus of candidate
cases. We employ BM25 as the lexical retrieval function. For each
citation context 𝑝𝑖 , the top-𝐾 = 50 candidate cases are retrieved:

𝐶𝑖 = BM25(𝑝𝑖 , C),

where C denotes the set of all candidate cases. While retrieval is
driven by the paragraph-level citation context, the candidates are
scored using their full document representations, ensuring that no
information is lost on the candidate side.

Round-Robin Candidate Aggregation. The final candidate set for a
query 𝑞 is constructed by aggregating the per-context ranked lists
{𝐶1, . . . ,𝐶𝑁 }. A naive score-based merge would allow candidates
retrieved from a small number of dominant citation contexts to
overwhelm the candidate pool, reducing diversity and increasing
the risk of missing cases that are relevant to less prominent cita-
tion contexts. To prevent this, we adopt a round-robin aggregation
strategy that ensures balanced coverage across all citation contexts.

The average query contains 14.0±13.0 RFC segments, confirming
that multi-context aggregation is non-trivial and meaningful for the
majority of queries. The aggregation procedure iteratively traverses
the ranked lists, selecting one candidate at a time from each list in
descending BM25 order. A candidate is added to the aggregated set
only if it has not already been selected, ensuring uniqueness. This
process continues until either 100 unique candidates are collected
or all lists are exhausted, producing the final top-100 candidate pool
𝐶𝑞 for query 𝑞.

This aggregation design has two important properties. First, it
prevents any single citation context from dominating the candidate
pool. Second, it improves recall by preserving candidates supported
by diverse, localized citation reasoning that would otherwise be
discarded by a global score-based merge. The resulting candidate
pool is both citation-aware and contextually diverse, and serves as
the input to the downstream ranking stage.
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Each query–candidate pair (𝑞, 𝑐) in the training set is assigned
a binary relevance label consistent with the task definition in Sec-
tion 2:

match(𝑞, 𝑐) =
{
1 if 𝑐 is a noticed case in 𝑞,
0 otherwise.

4.3 Embedding Generation
Dense vector representations are computed using all-MiniLM-L6-
v2 [13], a sentence transformer model with 22 million parameters.
Each candidate case is encoded at two granularities: at the sen-
tence level and at the paragraph level. For query cases, embeddings
are computed from the extracted citation contexts rather than the
full document, maintaining consistency with the citation-aware
retrieval stage. These embeddings are used to compute the seman-
tic similarity features described below. The model was chosen for
its feasibility on modest hardware: the full candidate corpus can
be encoded on a standard CPU without GPU acceleration, albeit
requiring approximately 22 hours (Table 1). This one-time offline
cost is acceptable given that the embeddings are computed once
and reused across all queries.

4.4 Feature Construction
For each query–candidate pair in the top-100 pool, we compute 27
features organized into five groups following the feature design
introduced by UMNLP [18]. Together, these features capture multi-
ple dimensions of case similarity that go beyond what BM25 term
overlap alone can express, and allow the downstream classifier to
distinguish genuinely noticed cases from superficially similar ones.

The first group comprises citation-context semantic similarity
features (8 features). For every citation context of the query, we
compute the maximum cosine similarity, Jaccard similarity, and
overlap ratio against each sentence and paragraph in the candidate.
Taking the maximum across all context–sentence pairs reflects the
intuition that even a single strongly aligned passage is sufficient to
motivate a citation, consistent with how judicial citations actually
function.

The second group captures full-text lexical similarity (2 features)
via Jaccard similarity over sentence word sets and TF-IDF cosine
similarity over the concatenated case text. These features capture
direct textual resemblance at the document level and complement
the citation-context semantic features.

The third group consists of named-entity similarity features
(3 features). We extract named entities from both the query and
the candidate and compute Jaccard and TF-IDF similarity over the
resulting entity strings. An additional binary same-case flag is set
when both entity and lexical Jaccard scores exceed a threshold of
0.9, indicating potential near-duplicate or companion cases.

The fourth group contains legal metadata features (4 features).
These include a binary year-check feature (set to 1 if the candidate
case predates the query), a judge-match binary flag, a judge-pair
ratio that captures how frequently the same pair of judges co-occurs
in the training data, and a quotation-match flag that checks whether
the leading tokens of any quotation in the query appear verbatim
in the candidate text.

The fifth group is a sentence-level semantic histogram (10 fea-
tures). Rather than summarizing sentence-to-sentence similarity

with a single aggregate score, we construct a 10-bin histogram of
cosine similarity values across all sentence pairs (𝑞𝑖 , 𝑐 𝑗 ). This dis-
tributional representation captures whether semantic alignment
is concentrated in a few high-similarity sentence pairs or spread
broadly across both cases.

4.5 Ensemble Classifier and Training
Ensemble methods have proven to be a consistent source of im-
provement across COLIEE iterations. NOWJ at COLIEE 2023 [17]
employed a multi-task ensemble that jointly optimized lexical, se-
mantic, and structural objectives. The success of ensemble strategies
across multiple years and teams reflects the complementary nature
of sparse and dense retrieval signals in legal text, and motivates
our choice to combine MLP and Random Forest classifiers over a
rich feature set rather than relying on a single scoring model.

We adopt MLP and Random Forest as our base learners rather
than gradient-boosted trees because Random Forest handles the
discrete and binary features in our feature set (year-check, judge-
match flags) naturally without requiring normalization, while MLP
captures non-linear interactions among the continuous semantic
similarity features. Together they address complementary aspects
of the feature space. We train an ensemble combining three Multi-
Layer Perceptron (MLP) networks and three Random Forest (RF)
classifiers, each trained with a different random seed to promote
model diversity. Each MLP consists of three hidden layers with 64,
32, and 16 neurons respectively, using ReLU activations and a sig-
moid output layer, optimized with Adam (learning rate 10−3, batch
size 32, up to 50 epochs with early stopping on validation loss) and
binary cross-entropy loss. Each Random Forest uses scikit-learn de-
fault settings (100 trees, max_depth=None, min_samples_split=2,
Gini impurity criterion). All hyperparameters follow the defaults
established by Zhao et al. [18], whose feature set and experimental
protocol we adopt. Positive pairs are oversampled using random
oversampling before training to address the severe class imbalance
that naturally arises from the far greater number of non-noticed
pairs. Each Random Forest operates on the same 27-dimensional fea-
ture vector; its tree-based structure handles the discrete and binary
features such as the year-check and judge-match flags naturally
and without requiring normalization.

The final relevance score for a pair is the average of the two
sub-ensemble outputs:

𝑦 =
1
2

(
1

𝑛MLP

𝑛MLP∑︁
𝑖=1

𝑓
(𝑖 )
MLP (𝑋 ) +

1
𝑛RF

𝑛RF∑︁
𝑗=1

𝑓
( 𝑗 )
RF (𝑋 )

)
. (1)

where 𝑛MLP = 3 and 𝑛RF = 3 are the number of MLP and Random
Forest models respectively, each trained with a distinct random seed.
𝑓
(𝑖 )
MLP (𝑋 ) and 𝑓

( 𝑗 )
RF (𝑋 ) denote the predicted relevance probability of

the 𝑖-th MLP and 𝑗-th RF model for feature vector 𝑋 . Averaging
across independently seeded models reduces prediction variance
and stabilizes results.

4.6 Inference
At test time, the trained ensemble outputs a relevance probability
score for every query–candidate pair in the top-100 pool. We evalu-
ate two inference strategies. In the first, Infer-1, for each query we
select the two highest-scoring candidates. The choice of two reflects
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Table 1: Approximate runtime per pipeline stage on a 16GB
RAM Intel Core i5 CPU (no GPU). Timings correspond to
processing the COLIEE 2026 Task 1 corpus (7,708 candidate
documents, 2,001 training queries, 400 test queries).

Stage Approx. time

BM25 index construction and retrieval ∼2 hours
embedding generation ∼22 hours
Feature construction ∼10 hours
Ensemble training and inference <1 hour

the average number of noticed cases per query in the COLIEE 2026
training set, which is approximately 2.0, consistent with findings
reported by Zhao et al. [18] on prior COLIEE editions. A symmetric
fallback is applied in both strategies: for every candidate case 𝑐
in the pool, if no query has retrieved 𝑐 as a positive, the query–
candidate pair (𝑞∗, 𝑐) with the highest predicted score 𝑦 (𝑞∗, 𝑐) is
additionally selected as positive. This prevents systematic false neg-
atives arising from candidates that score consistently below the
selection threshold across all queries. In the second strategy, Infer-2,
all pairs with a predicted probability above 0.65 are selected, with
the same top-1 fallback applied for both queries and candidates. The
threshold of 0.65 follows the value used by Zhao et al. [18], whose
system achieved a top-3 rank at COLIEE 2024 with this setting;
we adopt it without further tuning. Infer-2 typically yields higher
recall by allowing multiple candidates per query when the model
assigns them sufficiently high confidence.

5 Results and Discussion
Table 3 shows the official COLIEE 2026 Task 1 leaderboard results.
The SIL team submitted two runs and placed 3rd out of 22 partici-
pating teams across 54 total submissions. submission_sil2 (Infer-2
thresholding) outperforms submission_sil1 (Infer-1 top-k) by 0.006
F1, driven by a precision gain of 0.033 at the cost of 0.017 recall, con-
firming that the 0.65 probability threshold is a meaningful control
lever.

Proxy ablation via retrospective evaluation. A full within-paper
ablation isolating each pipeline component individually is beyond
the scope of this competition report. However, two sources of ev-
idence support the value of the RFC-based candidate generation
strategy. To further validate the design choice of RFC-based re-
trieval, we conducted a retrospective study on the COLIEE 2025
Task 1 dataset using progressively richer variants of the proposed
pipeline. Table 2 compares our three retrieval configurations against
the performance placed first in COLIEE 2025 Task1 by JNLP team
Full cases uses the entire case text for retrieval and feature com-
putation, representing a traditional document-level baseline. RFC
replaces full documents with citation-context (Reason for Citation)
segments, testing whether focused citation evidence is more effec-
tive than full-document matching. Finally, RFC + ensemble (ours)
applies the proposed MLP+RF ensemble re-ranker on RFC-based
features instead of MLP baseline, corresponding to the complete
system used in this work. In particular, RFC retrieval already out-
performs the full-case baseline (F1 = 0.3436 vs. 0.3103), indicating

Table 2: Retrospective evaluation on the COLIEE 2025 Task 1
test set.

Setting Inf. Precision Recall F1

JNLP 1 0.3267 0.2945 0.3667
2 0.3353 0.3042 0.3735

Full cases 1 0.3030 0.3127 0.3078
2 0.3272 0.2951 0.3103

RFC 1 0.3241 0.3655 0.3436
2 0.3475 0.3491 0.3483

RFC + ensemble (ours) 1 0.3668 0.4053 0.3851
2 0.3961 0.3934 0.3948

Table 3: COLIEE 2026 Task 1 official leaderboard results (top-
12 of 54 submissions shown; full leaderboard available at [7]).
SIL entries are shaded. Teams may submit multiple runs; 22
teams participated in total.

Team Run F1 Prec. Recall

NOWJ submission_2 0.4220 0.4235 0.4206
NOWJ submission_3 0.4200 0.4140 0.4263
JNLP random_forest 0.4126 0.4341 0.3931
JNLP ensemble 0.4040 0.4174 0.3914
JNLP xgboost 0.4000 0.4059 0.3943
NOWJ submission_1 0.3880 0.3772 0.3994
SIL submission_sil2 0.3871 0.4186 0.3600
SIL submission_sil1 0.3810 0.3856 0.3766
mezza task_1_mezzanino 0.3289 0.3161 0.3429
INTIT 3.intit_bm25_year 0.3165 0.3249 0.3086
DU du3 0.3141 0.2945 0.3366
DU du2 0.3136 0.2940 0.3360

that citation-focused retrieval is more effective than using entire
judgments as queries. Combining RFC retrieval with the ensemble
classifier achieves the best result (F1 = 0.3948), surpassing the top-
performing COLIEE 2025 submission (JNLP, F1 = 0.3735). These
findings motivated our adoption of RFC-based candidate generation
as the foundation of the COLIEE 2026 system.

The task is competitive, with the top submission achieving an
F1 of 0.4220. The gap between our best F1 (0.3871) and the top
submission is only 0.035, which is a competitive margin given that
our system uses no GPU and no large language model. Notably,
submission_sil2 achieves the third highest precision on the entire
leaderboard (0.4186), behind only JNLP’s random_forest (0.4341)
and NOWJ submission_2 (0.4235), indicating that our system is
notably conservative and accurate when it does retrieve. The dif-
ference between our two runs reflects a precision–recall trade-off:
submission_sil2 gains 0.033 in precision at the cost of 0.017 in
recall compared to submission_sil1, showing that the probability
threshold of 0.65 is a meaningful lever for controlling this trade-off.
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5.1 Limitations
Informal error analysis suggests that the candidate pool resulting
from BM25 retrieval may not cover all noticed cases, particularly
when the legal principle motivating a citation is expressed in ab-
stract or paraphrased terms rather than through direct lexical over-
lap with the candidate text. In such cases, the relevant candidate
may not appear in the top-100 pool at all, making recovery impos-
sible during re-ranking. Among candidates that do appear in the
pool, missed retrievals tend to occur when the legal principle is
stated implicitly or through general doctrine rather than in a form
that produces strong feature scores, leading the ensemble to assign
them a low relevance probability. A further limitation of the exper-
imental setup is that COLIEE 2026 does not provide a dedicated
validation split; accordingly, all reported numbers reflect test-set
performance on the official leaderboard, and we are unable to assess
overfitting or perform threshold tuning on held-out data. This is a
shared constraint for all COLIEE participants and is acknowledged
as a limitation of competition-style evaluation.

6 Conclusion
The COLIEE 2026 competition has provided a valuable opportu-
nity for the SIL team to investigate citation-neighborhood repre-
sentations for legal case retrieval. Our system suggests that rep-
resenting queries through RFC segments rather than full docu-
ments, combined with a feature-rich ensemble classifier, is an effec-
tive and resource-efficient approach. Our best submission achieves
F1 = 0.3871 on the official leaderboard, placing 7th out of 54 submis-
sions and 3rd out of 22 teams. The system runs entirely on modest
CPU hardware, showing that competitive results do not necessarily
require large-scale GPU infrastructure or LLM-based re-rankers,
and serves as a strong, lightweight baseline for future comparison.

In future work, we intend to investigate legal-domain pre-trained
encoders such as LegalBERT to strengthen the semantic similarity
features. We also plan to explore better representations for candi-
date cases: the current system indexes candidates as full documents
without removing noise, and constructing cleaner candidate rep-
resentations could improve matching quality. Since our system
deliberately avoids LLM-based re-rankers, a controlled compar-
ison against an LLM re-ranking stage would quantify the exact
performance–cost trade-off. Feature importance analysis of the 27-
feature set (e.g., via permutation importance or SHAP values) would
clarify which feature groups drive the ensemble’s decisions and
guide future feature engineering. Finally, we intend to incorporate
citation graph structure by treating noticed-case relationships as
edges in a graph, which may capture legal relevance patterns that
purely textual features miss.
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Abstract
In this paper, we present the approaches developed by the UA team
in the Competition on Legal Information Extraction and Entailment
(COLIEE 2026). The UA team participated in Legal Case Retrieval,
Legal Case Entailment, and Statute Law Entailment. For Task 1,
we employ a hybrid retrieval pipeline combining sparse retrieval
with LLM-based judging and supervised reranking. For Task 2,
we investigate zero-shot LLM reasoning and supervised pair clas-
sification over hybrid retrieval candidates. For Task 4, we adopt
a training-centric approach based on continued pretraining and
parameter-efficient fine-tuning of a Japanese LLM. Our best results
were an F1 score of 26.66% for retrieval, an F1 score of 42.54% for
case entailment, and an accuracy of 92.68% for statute-law entail-
ment.
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1 Introduction
Current Artificial intelligence applications like large language mod-
els (LLMs) are increasingly used in the legal domain and have
attracted growing attention from both AI researchers and legal pro-
fessionals [16, 39]. Legal NLP systems must often process large col-
lections of case law, statutes, and other legal documents [4]. Despite
recent progress in LLMs, legal natural language processing remains
challenging because it requires accurate retrieval, fine-grained en-
tailment, and reasoning over long, structured texts. Shared bench-
marks are therefore essential for evaluating progress in realistic
legal settings.

The Competition on Legal Information Extraction and Entail-
ment (COLIEE) provides such a benchmark for legal retrieval and
reasoning [29]. In COLIEE 2026, our team participated in Task 1,
Task 2, and Task 4. Together, these tasks cover complementary
aspects of legal NLP, including case retrieval, paragraph-level case
entailment, and statute-law reasoning. Rather than using a single
unified architecture, we have designed task-specific systems tai-
lored to the different demands of each task. For Task 1, we use a
hybrid retrieval pipeline with multi-stage candidate filtering, LLM-
based judging, and supervised reranking. For Task 2, we investigate
paragraph selection pipelines based on hybrid retrieval, zero-shot
LLM reasoning, LLM-based candidate scoring, and pairwise classi-
fication. For Task 4, we adopt a training-centric approach based on
continued pretraining and supervised fine-tuning.

2 Task Description
In COLIEE 2026, team UA participated in three tasks: Task 1, Task
2, and Task 4. In this section, we introduce the tasks.

2.1 Task 1
Legal Case Retrieval (Task 1) focuses on building systems that can
accurately find supporting legal documents. Given a specific case,
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the goal is to search a large database of candidates and pull out
"candidate cases" that the original case should officially cite.

Since every legal situation is different, the number of relevant
results isn’t always the same. Previous submissions have shown
that post-processing is a vital step [8] and helps rank the findings
and reduce them to a final, high-quality shortlist.

For Task 1, the evaluation metrics consist of precision, recall,
and F1-measure:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃

Recall = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁

𝐹1-measure = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

where 𝑇𝑃 refers to True Positives (correctly retrieved candidates),
𝐹𝑃 refers to False Positives (incorrectly retrieved candidates), and
𝐹𝑁 denotes False Negatives (missed predictions).

2.2 Task 2
In this task, the system is given a base case, an entailed fragment
from that case, and a noticed case that is already assumed to be
relevant. The goal is to identify the paragraph or paragraphs in the
noticed case that entail the queried fragment.

The evaluation metrics for Task 2 are the same as those used in
Task 1, as described above.

2.3 Task 4
Task 4 is a Japanese statute-law entailment task. Given a yes/no legal
query and the relevant Japanese Civil Code articles, the systemmust
decide whether the proposition is confirmed (Y) or refuted (N) by the
supplied statute text. Unlike Task 3, the organizers provide the gold
relevant articles for each query, so Task 4 evaluates yes/no legal
reasoning over fixed evidence rather than relying on accurate article
retrieval. As specified by the organizers, the official evaluation
metric is accuracy [1].

Because the evidence is already supplied, the main challenge is
statutory reasoning rather than document retrieval. Many questions
hinge on provisos, narrow conditions, negation, paragraph-level
structure, and statute-internal references. The official task also
forbids human intervention after the formal queries are released,
so the system must handle these phenomena with a fixed, fully
automatic pipeline. Task 4 therefore tests whether a system can
follow fine-grained statutory logic rather than merely relying on
lexical overlap between the query and the cited articles.

3 Related Work
3.1 Task 1
Prior submissions to COLIEE Task 1 show a clear transition from
relatively direct retrieval baselines to hybrid systems that combine
lexical matching, dense retrieval, reranking, and explicit modeling
of legal structure. In COLIEE 2023, for example, Task 1 focused on
retrieving relevant supporting cases for a new query case from a
case law corpus, and the organizers noted that overall performance
remained challenging, with generally low F1 scores across partici-
pating systems [10]. Among the strongest 2023 approaches, THUIR

incorporated structural knowledge into pre-trained language mod-
els for legal case retrieval, thus illustrating the value of encoding
legal document structure rather than relying only on surface-form
similarity [18].

This direction became more pronounced in COLIEE 2024, where
competitive systems increasingly adopted multi-stage retrieval and
ranking pipelines. For example, the TQM [17] submission followed
the general framework of the previous year’s leading system by first
reducing noise in case documents, then combining classical lexical
retrieval with semantic retrieval, fusing multiple signals through
learning-to-rank, and finally applying heuristic post-processing;
their best official run achieved an F1 score of 0.4432. The COLIEE
2024 summary also showed TQM’s continued participation and con-
firmed that hybrid retrieval architectures had become the dominant
pattern for Task 1 submissions [11].

Submissions in COLIEE 2025 extended this line of work further
by introducing stronger reranking methods, graph-based reasoning,
and large language model components. Among the representative
systems, NOWJ [21] proposed a multi-stage framework combining
preprocessing, LLM-based summarization, and several retrieval
and reranking components built around modern language models.
UQLegalAI introduced CaseLink, a graph-based retrieval method
that leverages relationships among cases and charges to improve
relevance estimation [34]. The 2025 leaderboard further suggests
that the best-performing systems no longer rely on a single retrieval
model, but instead combine complementary retrieval signals and
downstream reranking modules [9].

Our submission builds on prior years’ findings and recent LLM
developments to build a retrieval pipeline that integrates sparse re-
trieval methods, followed by LLM-as-a-Judge evaluation and rerank-
ing, motivated by the strong alignment between LLM and human
evaluation [26, 38].

3.2 Task 2
Prior work on COLIEE Task 2 suggests that lexical matching re-
mains a strong starting point for paragraph-level legal entailment.
Nigam and Goel [24] combined Best Matching 25 (BM25), Sentence-
BERT, and Sent2Vec in a cascading framework and reported that
BM25 remained a strong baseline. Official COLIEE overviews [8]
likewise show that traditional IR methods continue to play an im-
portant role as first-stage filters, even when stronger neural models
are used later in the pipeline.

Zero-shot transfer has also proven competitive for legal case
entailment. Rosa et al. [32] reported that zero-shot models achieved
the highest scores in COLIEE 2021 and could be more robust than
task-specific fine-tuning when labeled data are limited. Later COL-
IEE analyses and team reports similarly emphasize that sparse
supervision, severe class imbalance, and distribution shift make
this task difficult to solve with retrieval or supervised ranking alone;
they also note that more parameters and stronger legal knowledge
can improve performance [19].

More recent Task 2 systems increasingly adoptmulti-stage pipelines
that separate candidate generation from final entailment verifica-
tion [21]. The official COLIEE 2025 overview [8] highlights the
broader move toward multi-stage architectures, and a recent Task 2
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system description reports that top-performing 2024 approaches re-
lied heavily on BM25 pre-ranking, fine-tuned monoT5/BERT-style
models, hard negatives, and LLM-based analysis over a top-k candi-
date set. This trend motivates our design, which likewise separates
recall-oriented retrieval, structured candidate scoring, and final pair
classification.

3.3 Task 4
Prior Task 4 systems mainly follow two directions: prompt-centric
inference and training-centric adaptation. In the prompt-centric
line, systems try to improve reasoning at test time with carefully
designed instructions, few-shot exemplars, or prompt ensembles.
In COLIEE 2024, CAPTAIN combined few-shot prompting, Auto-
CoT, and data augmentation; NOWJ emphasized prompt collection
and structured reasoning; and AMHR used a mixture-of-experts
prompting scheme with weighted reconciliation [22, 23, 25]. These
systems show that statute-law entailment can benefit from explicit
reasoning scaffolds even without heavy task-specific retraining.

A second line of work moves most of the adaptation effort of-
fline. The KIS 2025 Task 4 system paper reports official Swallow-70B
formal runs with zero-shot, few-shot, and label-balanced few-shot
prompts; the best of these, KIS3, achieved 67/74 on the official bench-
mark [27]. In contrast, our 2025 system explored a Japanese-first,
training-centric pipeline based on continued pretraining, instruc-
tion tuning, and fixed-prompt inference, showing that much of the
gain can come from domain and language alignment rather than
from per-query exemplar retrieval [2].

These observations motivate our 2026 design. We again keep the
runtime interface simple, use a fixed Japanese prompt, and place the
main adaptation burden on the model and the training data. This
lets us test whether the remaining errors are better addressed by
stronger representation and supervision than by additional prompt
variation.

4 Method
4.1 Task 1
Our submission builds on the same pre-processing pipeline Team
UA followed last year [2]. During pre-processing, we remove proce-
dural details, references, and HTML/XML tags, followed by chunk-
ing each document. Then the chunks are translated into English
and then merged. The merged chunks are then summarized using
a Qwen-3-8B [37] model.

Following the idea that a cited case must exist prior to the query
case [17], we filter candidates with dates after the query case. To
do this, we extract the latest date within each chunk using a Qwen-
3-8B model. We subsequently compare all the dates among the
chunks for a particular case and pick the latest date.

Run 1: Run 1 begins with using TF-IDF similarity on the prepro-
cessed queries and candidate cases to retrieve the top 100 cases per
query. Following the constraint that a query case cannot serve as a
candidate case for other queries [17], we removed any query case
from the pool of retrieved candidates. Then, TF-IDF similarity is ap-
plied on the summaries of the retrieved candidates and the queries
to shortlist the candidate space to 50 per query. Following this, we
use BM25 similarity on the query and candidates and reduce the

candidate space to 20 per query. The date filtering logic is then ap-
plied to the retrieved candidates to ensure that a referred candidate
exists prior to the query. Finally we use two LLMs, Llama-3.3-70B
[12] and Qwen-3-32B [37], to determine whether the candidate
should be cited by the query. The models were provided with the
summaries of the cases. Following the self-consistency framework
[36], we apply a voting logic where a candidate case is only re-
tained when both models reach a consensus on its relevance. In
cases where a consensus cannot be established, the system defaults
to the judgment of the larger model (Llama-3.3-70B) to leverage its
superior reasoning capacity and parameter scale.

Run 2: Run 2 follows the same pipeline as Run 1. However, we add
one more LLM, NVIDIA-Nemotron-Nano-9B-v2 [3] to the majority
voting pipeline. This time, we apply a majority voting logic where
a candidate case is only retained if at least two out of the three
models reach a consensus on its relevance (2-out-of-3 majority).
Similar to Run 1, in cases where a consensus cannot be established,
the system defaults to the judgment of Llama-3.3-70B.

Run 3: Run 3 utilizes the same candidate set retrieved from Run
2, and uses a supervised reranker based on the T5 architecture [30].
The model was fine-tuned on the COLIEE 2026 training set using a
1:1 sampling ratio of positive citations to random negative samples.
At inference time, the model computes a relevance probability 𝑃 by
applying a softmax over the logits of the target tokens “true” and
“false”:

𝑃 (relevant | 𝑞, 𝑑) = 𝑒𝑠true

𝑒𝑠true + 𝑒𝑠false
(1)

A decision threshold of 𝜏 = 0.4 (chosen heuristically) is applied to
select the final citations.

4.2 Task 2
Our submission investigates three Task 2 runs under a shared para-
graph selection framework. All runs first construct a high-recall
candidate pool through hybrid retrieval. Run1 performs zero-shot
selection over the retrieved candidates, whereas Run2 and 3 add
LLM-based candidate scoring and make final predictions through
binary classification over (fragment, paragraph) pairs. The three
runs differ in the size of the candidate pool, the use of structured
LLM scoring, and the final prediction model.

4.2.1 Data Preprocessing and Candidate Generation. To ensure a
single English retrieval space and consistent model inputs, we nor-
malize whitespace, remove paragraph identifiers, and translate all
detected French text into English using the deep-translator pack-
age with the Google Translate [5] backend. Language detection is
performed using both langdetect and langid.

All three runs begin with a hybrid retrieval stage. Given the
query fragment and the paragraphs of the noticed case, we re-
trieve candidate paragraphs using both BM25 [31] and a BAAI
General Embedding (BGE) 1-based dense retriever, and then take
the union of the two result sets. This hybrid design is intended
to combine the strengths of lexical and semantic retrieval. BM25
is effective at finding paragraphs with strong surface-level lexical
overlap, whereas dense retrieval can recover semantically relevant
paragraphs even when the wording differs substantially from that
1https://huggingface.co/BAAI/bge-large-en

19

https://huggingface.co/BAAI/bge-large-en


COLIEE 2026, June 12, 2026, Singapore Baek et al.

of the fragment. Using the union of the two result sets therefore
improves early-stage recall and provides a more diverse pool of
candidate evidence [21, 24].

4.2.2 Run1: Simple Hybrid Retrieval with Zero-shot Reasoning. We
retrieve the top 5 paragraphs with BM25 and the top 5 paragraphs
with BGE, and use their union as the final candidate set. We then
present all candidate paragraphs jointly to LLaMA3.3-70B-Instruct 2
in a zero-shot setting. The prompt provides the target decision
fragment and a numbered list of candidate paragraphs, and asks
the model to select the paragraph or paragraphs that best entail the
decision. We adopt a zero-shot setting since zero-shot prompting
can be highly competitive for legal case entailment [32]. In addition,
we deliberately restrict the candidate pool to a small size (top-
5 from each retriever) to reduce potential confusion in the LLM.
Providing too many candidate paragraphs can introduce noise and
dilute the model’s attention, making it harder to identify the most
relevant supporting evidence [20]. All LLM-based inference in Run1,
Run2, and Run3 is performed with temperature set to 0 to ensure
deterministic outputs.

4.2.3 Run2: Expanded Retrieval, LLM-based Candidate Scoring, and
Supervised Pair Classification. Run2 expands the candidate pool
to improve recall by retrieving the top 10 paragraphs with BM25
and top 10 with BGE, and taking their union. While this improves
coverage, it also introduces noise. To address this, we introduce an
LLM-based candidate scoring stage using Qwen2.5-72B-Instruct 3,
which evaluates how directly each paragraph supports the query
fragment. We retain the top 7 candidates to preserve recall after
reranking while keeping the final classification stage compact. This
step is motivated by the observation that retrieval relevance does
not necessarily imply entailment. In legal texts, many paragraphs
may discuss similar topics or cite related authorities, but only a few
directly support the specific proposition in the fragment [8, 19]. To
better capture this distinction, we use a structured scoring scheme
that decomposes support into multiple aspects, including direct sup-
port, specificity to the fragment, and whether the candidate alone
provides sufficient justification, while penalizing paragraphs that
mainly serve as background or authority. This is consistent with
prior work showing that relevance judgments are inherently multi-
criteria and that LLM-based evaluation benefits from explicit, task-
specific criteria [7, 28]. In addition, to help interpret the candidate
accurately without rewarding surrounding relevance, we provide
the previous and next paragraph as context only and explicitly in-
struct the model to evaluate the candidate paragraph itself [15, 33].
The LLM is used as a semantic judge to assess these criteria, and
the resulting scores are combined to rerank candidates. The final
prediction is performed using a supervised pair-classification model
based on DeBERTa-v3-base 4. We cast the task as binary classifi-
cation over (fragment, paragraph) pairs, where the model predicts
whether a candidate paragraph supports the target fragment. Fi-
nal predictions are obtained by thresholding (0.4 was chosen by
validation set) the support probabilities assigned to the retained
candidates.

2https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct
3https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
4https://huggingface.co/microsoft/deberta-v3-base

4.2.4 Run3: Expanded Retrieval, LLM-based Candidate Scoring, and
PEFT-based LLM Fine-tuning. Run3 follows the same retrieval and
candidate scoring pipeline as Run2, including hybrid retrieval and
Qwen-based reranking to obtain the top 7 candidates, thus ensur-
ing a high-quality and compact candidate set. The key difference
lies in the final stage: instead of using a lightweight encoder clas-
sifier, Run3 fine-tunes Qwen2.5-32B-Instruct 5 with a sequence-
classification head for the same binary (fragment, paragraph) pre-
diction task.We adopt parameter-efficient fine-tuning (PEFT) [6, 14]
and imbalance-aware training through controlled negative sam-
pling and weighted losses. This setup allows the model to leverage
richer representations and instruction-tuned reasoning capabilities.

4.3 Task 4
4.3.1 Method. Our Task 4 system follows the same training-centric
direction that was promising in our 2025 study [2], but updates
the base model and expands the internal evaluation protocol. We
use Llama-3.3-Swallow-70B-Instruct-v0.4 as the base model. The
model card lists 10 March 2025 as the release date, which satisfies
the COLIEE 2026 rule that Tasks 3 and 4 may use only open models
released before 15 July 2025 (JST) [35]6 . We adapt the model in
two stages: domain-adaptive continued pretraining (Stage A) on
Japanese Civil Code text, followed by parameter-efficient supervised
fine-tuning (Stage B) for yes/no statute entailment.

Overview. Our design goal is to keep inference simple and re-
producible while moving the main adaptation burden into train-
ing. This choice is consistent with our earlier observation that
many residual Task 4 errors arise from condition parsing, excep-
tion handling, and reference resolution rather than from missing
evidence [2]. Accordingly, we use a single fixed Japanese prompt
at inference and focus our modeling effort on domain alignment
and task-specific fine-tuning.

Data construction. We use only the organizer-provided 2026
Japanese Task 4 training materials. Stage A uses a Civil Code cor-
pus serialized as 800 single-text pretraining records, each corre-
sponding to one statutory unit. Stage B uses year-wise statute-
entailment instances stored in a uniform supervised schema with
fields year, qid, instruction, input, and output. For each in-
stance, the organizer-provided gold article identifiers are resolved
against the Civil Code corpus, and the resulting article texts are
concatenated in the organizer-provided order inside input; the
output field is always exactly Y or N. This yields 1,216 Task 4 fine-
tuning examples in total. We keep all statute text and query text
in Japanese during training and do not use any external retrieval
corpus or manually curated exemplars.

Stage A: domain adaptation. We first continue pretraining the
Swallow-70B model on the Civil Code corpus so that the model
better captures statute-specific wording, article structure, and legal
terminology. This step follows the general motivation of domain-
adaptive pretraining, but is implemented here with LoRA (Low-
Rank Adaptation)-based parameter-efficient adaptation [13, 14].
The objective of Stage A is not direct entailment supervision, but
better alignment with Japanese statutory language before the Stage
5https://huggingface.co/Qwen/Qwen2.5-32B-Instruct
6https://coliee.org/COLIEE2026/rules
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Table 1: English gloss of the Task 4 Stage B input format used
by the submitted baseline. The actual runs use the original
Japanese prompt and the full statute text; the example here
is shortened for readability and LaTeX portability.

Field Content

Instruction Based on the following statutory text, answer Y if the
proposition is true and N if it is false. Output only Y or N.

Input Statute: Article 5 (Acts by aminor). Aminormust obtain
the consent of the statutory agent to perform a juridical
act; however, this does not apply to an act that merely
acquires a right or exempts the minor from an obligation.
(2) A juridical act in violation of the preceding paragraph
may be rescinded. Query: Even if a sales contract made
by a minor lacks parental consent, it cannot be rescinded
when the contract concerns ordinary daily-life matters.

Output N

B fine-tuning stage. We did not submit a separate no-DAPT abla-
tion, so in this paper Stage A should be interpreted as part of the
submitted system recipe rather than as an independently isolated
source of improvement.

Stage B: supervised fine-tuning. Beginningwith the StageA adapter,
we fine-tune the model on Task 4 yes/no entailment examples. In
the submitted baseline, the relevant articles are concatenated into
a single evidence block, followed by the query statement, and the
model is instructed to output only Y or N. We deliberately keep this
template fixed across all evaluation settings so that improvements
arise primarily from training and representation changes rather
than prompt tuning. Table 1 shows an English gloss of the baseline
input format.

Submitted run families. At inference time, we use two decoding
modes. The first is deterministic greedy decoding. The second is
sampling-based self-consistency with 𝑛 = 15 generations, followed
by majority voting over the resulting Y/N predictions [36]. Our three
official runs are as follows. Run 1 (submission tag UA1) uses the
model family trained without year R06 and predicts with vote-15.
Run 2 (submission tag UA2) uses the same no-R06 family with
greedy decoding. Run 3 (submission tag UA3) uses a second model
family trained on all available years through R06 and predicts with
vote-15. This gives us both a conservative year-holdout family for
model selection and a full-data family for the final submission.

Analysis variants. In addition to the submitted baseline, we eval-
uate three deterministic, analysis-driven variants. First, a structured
+ cue-tagged variant makes paragraph boundaries, condition mark-
ers, exception markers, negation cues, and reference cues more ex-
plicit in the input. Second, a paragraph + one-hop reference variant
reformats the evidence by paragraph and appends one-hop statute-
internal references when they are not already present among the
gold articles. Third, a targeted augmentation variant duplicates
selected training examples with paragraph/reference-oriented ren-
dering for cases involving junyo (incorporation by reference), setoff,
and local-reference plus condition/negation or exception/negation
patterns. These variants are not separate submission families; they
are evaluated to diagnose where additional gains might come from.

Table 2: Task 4 corpora and internal evaluation splits. “Train”
and “Eval” denote the number of examples used in each
setting.

Setting Train Eval
Civil Code DAPT corpus 800 –
All-years SFT corpus 1,216 –
Holdout R06 1,143 73
Formal H30 573 67
Formal R01 640 110
Formal R02 750 81

Only the baseline and paragraph-plus-reference variants were rerun
on all formal H30/R01/R02 settings; the other variants are reported
as holdout diagnostics.

4.3.2 Experiment Setup.

Corpora and year-based splits. All Task 4 experiments use only
the organizer-provided 2026 Japanese materials. The Japanese Civil
Code corpus is used for Stage A, while the year-wise entailment sets
are converted into Stage B instruction-tuning examples. Develop-
ment and formal-run evaluation use the same serialized schema as
fine-tuning: a fixed instruction, a concatenated statute-and-query
input, and a gold Y/N output. Because the official Task 4 labels were
unavailable during system development, model selection relied on
year-based held-out settings rather than random train/dev splits.
First, we use a holdout split that trains on H18–H30, R01–R05 and
evaluates on labeled R06 data. Second, following the COLIEE 2026
submission policy, we reproduce the required formal-run settings
for H30, R01, and R02, where each target year is evaluated against
all earlier years7. In the Results section, we report both the official
leaderboard outcome and these internal development splits. Table 2
summarizes the resulting corpora and labeled splits.

Training and decoding configuration. All Swallow-70B runs use
LoRA with rank 8 over all linear modules, a context length of
2048 tokens, and bf16 training under FSDP on two A100 80GB
GPUs. For both Stage A and Stage B, the per-device batch size is 1
and gradient accumulation is 4, giving an effective batch size of 8
examples across two GPUs. Stage A uses cosine learning-rate decay
with warmup ratio 0.03, learning rate 1 × 10−5, and one epoch of
continued pretraining on the Civil Code corpus. Stage B keeps the
same distributed setup and scheduler family, but uses learning rate
1 × 10−4 and three epochs of supervised fine-tuning. The FSDP
(Fully Sharded Data Parallel) configuration uses full sharding with
auto-wrapping over LlamaDecoderLayer, CPU-efficient loading,
and activation checkpointing. Greedy inference uses temperature
0. Vote-15 uses 15 stochastic generations with temperature 0.6 and
top-𝑝 0.9, followed by majority voting over Y/N. Unless a table or
sentence explicitly refers to the official leaderboard, Task 4 accuracy
values in this section are computed on labeled internal splits using
the same accuracy metric as the official evaluation [1].

Comparison policy. We distinguish betweenmodel-selection runs
and submission-only runs. The no-R06 family (UA1/UA2) is the main
7https://coliee.org/COLIEE2026/submission
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comparative baseline because R06 is excluded from its training data
and can therefore serve as a holdout year. The all-years family (UA3)
is trained on all available years through R06 for final submission,
but because R06 is included in its training set, we use it only for
submission and sanity checking rather than for comparative model
selection.

5 Results
5.1 Task 1
Table 3 reports the official COLIEE 2026 Task 1 results. This year,
Task 1 had a total of 54 submissions, with Team UA securing 18th,
19th, and 22nd spots. The rankings of the runs indicate that our
incremental additions did positively affect the scores. Run 1 used
two LLMs as judges (F1 0.2576), Run 2 used three LLMs as judges
(F1 0.2647), and finally Run 3 used a finetuned T5 reranker on top of
the candidate set from Run 2 (F1 0.2666). We also observe that our
approaches yielded very high recalls, scoring 7th position in terms
of recall. This suggests that future work should focus on improving
precision.

Table 3: Official COLIEE 2026 Task 1 results (Top 25 systems).

Team Run F1 Precision Recall
NOWJ submission_2 0.4220 0.4235 0.4206
NOWJ submission_3 0.4200 0.4140 0.4263
JNLP random_forest 0.4126 0.4341 0.3931
JNLP ensemble 0.4040 0.4174 0.3914
JNLP xgboost 0.4000 0.4059 0.3943
NOWJ submission_1 0.3880 0.3772 0.3994
SIL submission_sil2 0.3871 0.4186 0.3600
SIL submission_sil1 0.3810 0.3856 0.3766
mezza task_1_mezzanino 0.3289 0.3161 0.3429
INTIT 3.intit_bm25_year 0.3165 0.3249 0.3086
DU du3 0.3141 0.2945 0.3366
DU du2 0.3136 0.2940 0.3360
INTIT 1.intit_bm25_pys 0.3063 0.3309 0.2851
DU du1 0.3035 0.2845 0.3251
FLNLP task1_flnlpltr 0.2935 0.2619 0.3337
INTIT 2.intit_bm25_judge 0.2854 0.3147 0.2611
FLNLP task1_flnlpembed 0.2709 0.2540 0.2903
UA ua_run3 0.2666 0.2038 0.3851
UA ua_run2 0.2647 0.2056 0.3714
UCD-CS ucdcs3 0.2645 0.2480 0.2834
UCD-CS ucdcs1 0.2607 0.2131 0.3354
UA ua_run1 0.2576 0.2114 0.3297
UCD-CS ucdcs2 0.2565 0.2405 0.2749
JUNLLP task1_run2_results 0.2525 0.2193 0.2977
JUNLLP task1_run1_results 0.2515 0.2369 0.2680

5.2 Task 2
Table 4 shows the official COLIEE 2026 Task 2 results. Among our
three submissions, Run 1 achieved the best performance with an F1
of 0.4254, outperforming Run 2 (0.3721) and Run 3 (0.3529). Interest-
ingly, the simplest zero-shot pipeline yielded the strongest result,

Table 4: Official COLIEE 2026 Task 2 results (Top 10 systems
and our submissions).

Team Run F1 Precision Recall
IAI task2_run2 0.4899 0.4501 0.5374
AIIRLab task2_aiirfusion3 0.4706 0.5120 0.4354
JNLP submission (3) 0.4507 0.4174 0.4898
IAI task2_run3 0.4477 0.4769 0.4218
JNLP submission (2) 0.4457 0.3879 0.5238
NOWJ nowj003 0.4429 0.7037 0.3231
IAI task2_run1 0.4424 0.4877 0.4048
AIIRLab task2_aiirfusion2 0.4271 0.4257 0.4286
UA result_run1_ua 0.4254 0.4711 0.3878
JNLP submission (1) 0.4239 0.3381 0.5680

Additional submissions from our team

UA result_run2_ua 0.3721 0.5882 0.2721
UA result_run3_ua 0.3529 0.3592 0.3469

suggesting that a compact candidate set with direct reasoning was
more effective in our setting than the more complex reranking and
fine-tuning variants. Run 2 achieved the highest precision among
our submissions (0.5882) but at the cost of substantially lower recall,
while Run 3 showed a more balanced but overall weaker trade-off.
These results indicate that controlling candidate noise remains
critical in Task 2.

5.3 Task 4
Table 5 situates our submissions within the official COLIEE 2026
Task 4 leaderboard. The top score is 0.9634 (79 correct), achieved by
DU1 and DU2; the next best score is 0.9512 (78 correct), achieved by
JNLP-3 and IAIrun2/IAIrun3. Our best run, UA2, reaches 76 correct
answers and 0.9268 accuracy, tying for rank 8 with JNLP-1, RUG-1,
and RUG-2. UA1 and UA3 each achieve 75 correct answers and 0.9146
accuracy, tying for rank 128.

To interpret the official outcome, we also report the internal year-
based results used during system development. Table 6 reports the
development-time results for the submitted no-R06 baseline family
(UA2 = greedy, UA1 = vote-15). On these internal splits, vote-15 is
slightly better on holdout R06, but the difference between greedy
and voting is small and inconsistent across years.

Table 6 shows two immediate patterns. First, the no-R06 baseline
generalizes reasonably well to the newest labeled holdout year,
which supports the use of year-based splitting for development.
Second, R01 is the hardest internal split by a wide margin, suggest-
ing that the remaining error types are not evenly distributed across
years. At the same time, the official leaderboard shows that greedy
UA2 slightly outperforms vote-15 UA1, whereas holdout R06 slightly
favored vote-15; the all-years family UA3 also does not improve on
the no-R06 family9. We therefore treat the internal splits as informa-
tive but imperfect predictors of final run ordering. For the all-years
family, the labeled R06 sanity evaluation reaches 73/73, but since
R06 is included in that model’s training data, we treat that number
8https://coliee.org/COLIEE2026/results/task4
9https://coliee.org/COLIEE2026/results/task4
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Table 5: Official COLIEE 2026 Task 4 results (top systems and
our submissions).

Team Run Accuracy Correct

DU DU1 0.9634 79
DU DU2 0.9634 79
JNLP JNLP-3 0.9512 78
IAI IAIrun2 0.9512 78
IAI IAIrun3 0.9512 78
DU DU3 0.9390 77
IAI IAIrun1 0.9390 77
JNLP JNLP-1 0.9268 76
RUG RUG-1 0.9268 76
RUG RUG-2 0.9268 76
UA UA2 0.9268 76

Additional submissions from our team

UA UA1 0.9146 75
UA UA3 0.9146 75

Table 6: Development-time internal Task 4 results for the
submitted no-R06 baseline family (UA2 = greedy, UA1 = vote-
15).

Split Greedy Vote-15
Holdout R06 65/73 (0.8904) 66/73 (0.9041)
Formal H30 61/67 (0.9104) 61/67 (0.9104)
Formal R01 84/110 (0.7636) 84/110 (0.7636)
Formal R02 77/81 (0.9506) 76/81 (0.9383)

Table 7: Task 4 analysis variants on labeled internal splits.

Variant Holdout R06 Formal total

Baseline (vote-15) 66/73 (0.9041) 221/258 (0.8566)
Structured cues 66/73 (0.9041) –
Paragraph + ref. 67/73 (0.9178) 220/258 (0.8527)
Targeted aug. 67/73 (0.9178) –

as an in-sample check rather than evidence of generalization and
exclude it from comparative tables.

To probe the remaining errormodes, we evaluated several analysis-
driven variants beyond the no-R06 vote-15 baseline. Table 7 sum-
marizes the holdout and formal-run outcomes. The paragraph-
plus-reference variant improves holdout R06, while the targeted-
augmentation variant reaches the same holdout score only with
checkpoint selection. The structured cue-tagging variant onlymatches
the baseline. Because none of these variants improves the formal-
run aggregate, we retain the simpler baseline family. This conserva-
tive choice is consistent with the official leaderboard, where greedy
UA2 outperforms both vote-based submissions UA1 and UA3 10.
Note. “Formal total” is reported only for variants rerun on H30,
R01, and R02; “–” means that no corresponding formal rerun was
executed. For checkpoint-sensitive variants, we report the best
observed checkpoint rather than the final epoch.
10https://coliee.org/COLIEE2026/results/task4

Table 8: Error-category counts for greedy no-R06 baseline
errors on labeled internal splits. Counts are non-exclusive
because one query can trigger multiple tags.

Category R06 H30 R01 R02 Total

Cross-reference 8 6 26 4 44
Condition 8 5 25 4 42
Negation 7 5 26 2 40
Multiple items/paragraphs 5 3 19 2 29
Exception/proviso 2 1 10 2 15
Junyo 2 1 6 0 9
Setoff 1 0 0 0 1

The exploratory variants are informative even when they are not
selected as the final recipe. The paragraph-plus-reference variant
improves R06 and slightly improves R01 (85/110 vs. 84/110), but
loses ground on R02, so its formal-run aggregate remains just below
the baseline. The targeted-augmentation variant can reach 67/73
on holdout R06, but regresses at the final epoch; the structured
cue-tagging variant is less volatile, but its best checkpoint only ties
the baseline vote result at 66/73. This split-wise instability is the
main reason they were not promoted to the default submission
family.

A final diagnostic comes from the confidence analysis. On hold-
out R06, direct scoring of log 𝑝 (Y) and log 𝑝 (N) matches the vote-
based accuracy of 66/73, but with mean confidence 0.9835 and
expected calibration error 0.1018. On R01, score-based accuracy
drops to 83/110 while mean confidence remains 0.9737 and ex-
pected calibration error rises to 0.2192. On these internal splits,
many errors are therefore high-confidence wrong answers rather
than low-confidence undecided cases.

Table 8 summarizes the main error categories observed in the
greedy no-R06 baseline across the labeled internal splits. The feature
counts are notmutually exclusive: onewrong prediction can involve
several legal phenomena at once.

One representative error illustrates why these categories are
difficult. In a holdout R06 example about a non-written gift contract,
the statute states that a non-written gift may be rescinded, but adds
a proviso excluding portions that have already been performed.
The query asks whether the donee may rescind after the object has
already been delivered but before the burden has been performed.
The gold answer is N, because the delivered portion falls under the
proviso, but both greedy and vote-15 predict Y with unanimous
votes. This example combines an exception clause, a condition,
and negation, and shows that the remaining errors often require
tracking the scope of a limiting proviso rather than recognizing the
general rule alone.

6 Discussion
6.1 Task 1
The rankings provide a clear trend of how our increased complexity
improved the F1 score over the runs. All runs use the same initially
retrieved candidates before applying run-specific logic. Run 1 was
the simplest approach using the agreement between two LLMs
to get the final candidate set. Run 2 increased the complexity by
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introducing another LLM, and this significantly boosted the Recall
from 0.3297 to 0.3714. Finally, using the T5 reranker did improve
the scores to some extent, but not significantly. We speculate the
reason to be the usage of a base model which consists of only 250M
parameters, which resulted in this small gain. The LLMs used were
also capped at 70B, leaving room for improvements using bigger
models.

This year’s results show that a combination of sparse retrieval
alongwith LLMs and reranking provides a valuable proof-of-concept
for addressing COLIEE Task 1. Future work on Task 1 should uti-
lize larger state-of-the-art models and finetune larger models for
reranking to fully demonstrate the benefits of this approach.

6.2 Task 2
Our results provide several insights into the design of Task 2 sys-
tems. First, the best performance is achieved by Run 1, which uses
the simplest pipeline. This suggests that a compact candidate set
combined with direct zero-shot reasoning can be highly effective.
Restricting the candidate pool appears to reduce noise and help the
model focus on the most relevant evidence [20].

Second, expanding the candidate pool in Run 2 and Run 3 im-
proves recall at the retrieval stage but introduces many hard neg-
ative examples. Although LLM-based candidate scoring reduces
some noise, it does not fully eliminate weak or ambiguous candi-
dates. As a result, the downstream classification task becomes more
difficult. This is reflected in Run 2, which achieves higher preci-
sion but significantly lower recall, indicating a more conservative
prediction behavior.

Overall, our findings indicate that controlling candidate quality
is critical for Task 2, and that improvements in retrieval and filtering
stages may be more impactful than increasing pipeline complexity.

6.3 Task 4
Official Task 4 results are now available. The best leaderboard score
is 79 correct answers (0.9634), achieved by DU1 and DU2. Our best
submitted run, UA2, achieves 76 correct answers and 0.9268 accuracy,
tying for rank 8 with JNLP-1, RUG-1, and RUG-2; UA1 and UA3 each
achieve 75 correct answers and 0.9146 accuracy, tying for rank 12
11. These official outcomes support our main conclusion that the
training-centric baseline is strong, but they also sharpen one point:
on the unseen official test set, greedy decoding generalized slightly
better than vote-15, and the full-data UA3 family did not improve
over the no-R06 family.

Table 8 and the concrete holdout example make the error pro-
file more explicit. Across the 44 greedy errors made by the no-
R06 baseline on the labeled internal splits, all 44 involve explicit
cross-references, 42 involve condition expressions, and 40 involve
negation. Multiple-item or multi-paragraph reasoning appears in 29
cases, while exception/proviso cues appear in 15. The hardest split,
R01, contributes 26 of the 44 greedy errors and contains nearly all
of these phenomena. This quantitative pattern supports the same
conclusion as our case-level inspection: the dominant failures are
compositional statute-logic failures rather than missing-evidence
failures or simple lexical mismatches.

11https://coliee.org/COLIEE2026/results/task4

The exploratory variants sharpen this diagnosis. Structured se-
rialization with cue tagging makes legal markers more explicit,
but its best checkpoint only matches the baseline holdout score
of 66/73. Paragraph-level serialization with one-hop reference ex-
pansion improves holdout R06 to 67/73 and slightly improves R01
from 84/110 to 85/110, but its formal-run aggregate remains be-
low the baseline (220/258 vs. 221/258) because it regresses on R02.
Targeted augmentation reaches the same 67/73 holdout score only
with checkpoint selection and does not show a stable advantage at
the final epoch. Taken together, these variants suggest that richer
structural rendering helps on some hard cases, but not yet in a way
that is robust across year shifts.

The confidence analysis reinforces the same point from a differ-
ent angle. On holdout R06, mean confidence remains 0.9835 despite
an expected calibration error of 0.1018, and on R01mean confidence
is still 0.9737 while expected calibration error rises to 0.2192. Many
wrong predictions are therefore high-confidence mistakes rather
than low-confidence undecided cases. This explains why simple
confidence-thresholding or low-margin voting is unlikely to solve
the main residual errors. The more plausible path forward is bet-
ter training-time handling of condition scope, provisos, negation,
paragraph structure, and statute-internal references.

Taken together, the official and internal results suggest a more
specific practical lesson for Task 4. Our strongest reliable recipe is
not a heavily engineered inference procedure, but a Japanese-first
training pipeline consisting of one epoch of Civil Code continued
pretraining, three epochs of LoRA-based entailment fine-tuning,
and a fixed Y/N-only prompt at inference time. This recipe is strong
enough for UA2 to tie for rank 8 on the official leaderboard 12. At
the same time, because we did not isolate Stage A from Stage B in
a separate ablation, we treat continued pretraining as a component
of the final system design rather than as a standalone explanation
for the result. The internal results also show that year-based model
selection is useful, but not sufficient to predict final run ordering.
The mismatch between the holdout preference for vote-15 and
the official preference for greedy decoding makes that limitation
explicit. Our ablations therefore point to a narrow, evidence-based
future direction: improve structural handling of cross-references,
conditions, negation, and multi-paragraph reasoning at training
time, rather than relying on additional prompt engineering alone.

7 Conclusion and Future Work
We have presented our approaches to COLIEE 2026 for Legal Case
Retrieval (Task 1), Legal Case Entailment (Task 2), and Statute
Law Entailment (Task 4). Our methods employ LLMs in different
contexts, including using them as judges, feature extractors, and
end-to-end entailment classifiers. Our experimental results pro-
vided valuable insights that we can build on in future work. These
include, but are not limited to, the importance of domain pretrain-
ing, as shown in Task 4; the usefulness of imbalance-aware training
for learning discriminative representations; and the use of LLMs as
a proxy for retrieval and re-ranking.

12https://coliee.org/COLIEE2026/results/task4
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Abstract
Legal Case Retrieval (LCR) is a core task in Legal Information Re-
trieval, aimed at identifying prior judicial decisions that are relevant
to a given query case. In this work, we propose a hybrid multi-stage
retrieval pipeline designed to balance effectiveness and computa-
tional complexity. Our approach combines a tuned lexical retriever
(BM25+) with a lightweight neural re-ranking model based on a
LoRA-finetuned cross-encoder. An initial retrieval stage narrows the
candidate space, followed by a neural re-ranking step that captures
deeper semantic relationships between cases. Additionally, we incor-
porate heuristic filtering based on temporal constraints to improve
precision. To enhance training, we employ dynamically updated hard
negatives, which strengthen the model’s ability to distinguish rele-
vant from non-relevant cases. Experimental results on the COLIEE
Task 1 dataset demonstrate that our method achieves competitive
performance while remaining suitable for resource-constrained envi-
ronments.
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1 Introduction
Legal Case Retrieval (LCR) is a core task in Legal Information Re-
trieval, aimed at identifying prior judicial decisions that are relevant
to a given query case. This task plays a role in supporting legal pro-
fessionals by enabling efficient access to precedent cases that inform
legal reasoning and decision-making. With the continuous growth
of digital legal repositories, developing retrieval systems that are
both accurate and computationally efficient has become increasingly
important. In the context of the Competition on Legal Information
Extraction and Entailment (COLIEE) [3], LCR is formulated as a
judgment retrieval problem. Specifically, given a query case, the ob-
jective is to retrieve all noticed cases, i.e., those cases that are cited as
supporting precedents. Unlike traditional keyword-based search, this
task requires capturing complex semantic relationships and citation
patterns within legal texts, making it particularly challenging.

Classical lexical retrieval methods such as BM25 remain strong
baselines due to their efficiency and robustness. However, they often
fail to fully capture semantic similarity between legal documents.
On the other hand, neural approaches based on transformer architec-
tures, such as cross-encoders, have shown improved effectiveness by
modeling fine-grained interactions between queries and candidate
documents, albeit at a higher computational cost.

To address these challenges, we propose a hybrid multi-stage
retrieval pipeline that balances effectiveness and efficiency. Our
approach combines a tuned lexical retriever (BM25+) with a light-
weight neural re-ranking component based on a LoRA-finetuned
cross-encoder. To further reduce computational overhead, we adopt
a cascading strategy in which an initial retrieval stage narrows down
the candidate set, followed by a re-ranking stage that refines the
final results. Additionally, we incorporate heuristic filtering based
on temporal constraints to improve precision.

The present paper showcases the methodology and results of the
team mezza for the run task_1_mezzanino submitted at COL-
IEE 2026. Our contribution can be summarized as follows: (1) a
hybrid retrieval framework that integrates lexical and neural ranking
techniques in a computationally efficient pipeline; (2) a training strat-
egy based on dynamically updated hard negatives to improve ranking
performance; (3) a practical methodology for legal case retrieval
that is suitable for local deployment with limited computational
resources.
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1.1 Task Description
The task investigates the performance of systems that search a set of
case laws that support the unseen case law. The goal of the task is
to return “noticed case” in the given collection to a query. A case is
“noticed” to a query if the case is referenced by the query case. In
this task, the references are redacted from the query case contents
using expressions such as “FRAGMENT_SUPPRESSED” directly
in the text. The dataset consists of legal decisions from the Federal
Court of Canada and is divided into a training set, where query
cases are paired with their noticed cases, a validation set for internal
testing, and a final test set containing only query cases. The goal is to
evaluate how effectively a system can recover the relevant supporting
cases from the collection for the final test set. The corpus is given
as a flat list of files containing all query and noticed cases, for both
the training and validation datasets. These datasets are described in
a json file containing a mapping between the query case and a list of
noticed cases, as in the example below:
{

"000001.txt": ["000005.txt", "012101.txt"],
"012831.txt": ["000001.txt"],
...

}

The above is an example of a golden labels file for Task 1 con-
taining three query cases (or "base cases"). The first query case is
the file "000001.txt", which has 2 noticed cases ("000005.txt" and
"012101.txt"). The second query case ("012831.txt") has only one
noticed case: "000001.txt".

1.2 Evaluation Metrics
For this task the evaluation metrics used are precision, recall, and
F-measure.

Precision. Precision is defined as the ratio between the number
of correctly retrieved cases across all queries and the total number
of retrieved cases across all queries:

Precision =
N of correctly retrieved cases for all queries

N of retrieved cases for all queries

Recall. Recall is defined as the ratio between the number of
correctly retrieved cases across all queries and the total number of
relevant cases across all queries:

Recall =
N of correctly retrieved cases for all queries

N of relevant cases for all queries

F-measure. The F-measure is the harmonic mean of precision
and recall:

F1 =
2 × Precision × Recall

Precision + Recall
In the evaluation of this task micro-averaging is used. This means

that the evaluation metrics are computed globally by aggregating the
results over all queries, rather than computing the metrics for each
query and averaging them (macro-averaging).

1.3 Datasets Description
We use the COLIEE Task 1 dataset for both training and valida-
tion. The dataset consists of legal case documents paired with their
corresponding noticed cases, which serve as ground-truth labels.

For training the cross-encoder, we rely on the Task 1 training split,
which contains 7231 documents (slightly fewer than the original
7350 due to the exclusion of fully non-English cases). Among these,
1678 query cases have redacted noticed cases. The distribution of
relevant cases per query is reported in Table 1. On average, each
query is associated with approximately 4 relevant cases, although
the distribution is skewed, with some queries having significantly
more associated precedents.

For internal validation, we use the 400 query cases from the
Task 1 test set (out of 2159 total target entries). This subset is used
for hyperparameter tuning and model selection. The corresponding
distribution, also shown in Table 1, is consistent with the training
data, supporting reliable validation.

The final evaluation is conducted on a separate test set of 1848
documents, of which 400 contain relevant noticed cases.

Set Count Mean Std Min Median Max
Training 1678 4.10 3.55 1 3 34
Validation 400 4.40 3.32 1 4 25

Table 1: Distribution of relevant (noticed) cases per query in the
training and validation sets.

2 Related Work
LCR has been extensively studied within the broader field of Legal
Information Retrieval, particularly in the context of benchmark ini-
tiatives such as COLIEE [1]. These shared tasks have played a key
role in advancing retrieval methodologies by providing standardized
datasets and evaluation protocols for identifying precedent cases.

Traditional approaches to document retrieval rely heavily on lexi-
cal matching techniques. Among these, BM25 [8] remains one of
the most widely adopted methods due to its simplicity, efficiency,
and strong baseline performance. Similarly, earlier probabilistic
language modeling approaches [7] have contributed foundational
techniques for estimating document relevance based on term distri-
butions. However, such methods are limited in their ability to capture
deeper semantic relationships between legal texts.

Recent research has increasingly focused on neural methods for
legal retrieval. Transformer-based models, in particular Large Lan-
guage Models (LLMs), have shown strong performance by finding
contextual and semantic interactions between queries and documents
[9]. The GTE ModernBERT model [10] represents a recent advance-
ment in this direction, offering efficient text representations suitable
for ranking tasks, and a great compromise between performance
and computational complexity. These models are often used within
re-ranking frameworks to refine the outputs of initial lexical retrieval
stages.

Comprehensive surveys on case law retrieval [4] highlight the
shift from purely lexical systems to hybrid approaches that combine
symbolic and neural methods. Such hybrid pipelines leverage the
efficiency of traditional retrieval techniques while incorporating the
semantic understanding provided by neural models.

In line with these developments, our work adopts a hybrid re-
trieval strategy that integrates lexical retrieval with neural re-ranking,
aiming to balance effectiveness and computational efficiency in this
task.
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3 Retrieval Pipeline

Figure 1: Retrieval Pipeline

Our system employs a multi-stage retrieval architecture as shown
in Figure 1.

3.1 Preprocessing
Before scoring, documents are split into paragraphs, and French-
language content is identified and removed to retain only the relevant
English portions. Language identification is performed using the tool
proposed in [5], which provides a set of pre-trained models for this
task. This step is necessary because judgments in the dataset often
include repeated legal and factual descriptions in French, reflecting
the bilingual nature of Canadian courts.

3.2 BM25+
In the first stage, we use BM25+[6] to retrieve an initial set of can-
didate documents. BM25+ is an extension of the classical BM25
ranking function that introduces a small additive term 𝛿 to the fre-
quency of the document term, which mitigates the underestimation
of short documents. The BM25+ score for a query 𝑄 in document 𝐷
is defined as:

BM25+(𝑄, 𝐷) =
𝑛∑︁
𝑖=1

IDF(𝑞𝑖 ) ·


𝑓 (𝑞𝑖 , 𝐷) · (𝑘1 + 1)

𝑓 (𝑞𝑖 , 𝐷) + 𝑘1

(
1 − 𝑏 + 𝑏

|𝐷 |
avgdl

) + 𝛿


where:

• 𝑓 (𝑞𝑖 , 𝐷) is the term frequency of query term 𝑞𝑖 in document
𝐷 ,

• |𝐷 | is the document length and avgdl is the average document
length,

• 𝑘1 controls term frequency saturation,
• 𝑏 controls document length normalization,
• 𝛿 is the BM25+ additive smoothing constant.

For our experiments, we set 𝑘1 = 3 and 𝑏 = 1.3, which are higher
than typical defaults (𝑘1 = 1.5, 𝑏 = 0.75). A higher 𝑘1 increases
the impact of term frequency, allowing documents with repeated
query terms to score more strongly. A higher 𝑏 amplifies the effect
of document length normalization, giving shorter documents less
penalty and longer documents slightly more adjustment, which is
useful in legal retrieval where relevant content may appear in brief
paragraphs within long documents.

3.3 Re-ranking and Hybrid Scoring
For each query, the top 𝑛 = 20 results are retained and passed to
subsequent stages of the pipeline. This cut-off point has been chosen
due to a compromise between expected recall and re-ranking perfor-
mance. Each candidate is assigned a hybrid score (𝐻 (𝑄,𝐷)), com-
puted as a weighted combination of a cross-encoder score (𝐶𝐸 (𝑄, 𝐷))
and the normalized BM25+ score (BM25+(𝑄, 𝐷)):

𝐻 (𝑄,𝐷) = 𝛼 ·𝐶𝐸 (𝑄, 𝐷) + (1 − 𝛼) · BM25+(𝑄, 𝐷).

To ensure that only temporally valid precedents are considered,
we apply a post-processing step based on temporal consistency.
Dates are extracted from candidate case texts using a regular expres-
sion designed to capture common Canadian date formats, including:

• ISO-style numeric dates: YYYY-MM-DD or YYYY/MM/DD,
• Numeric day-first or month-first dates: DD/MM/YYYY or

MM/DD/YYYY,
• Textual month representations: e.g., “Jan 5, 2020” or “January

5 2020”.

Extracted date strings are parsed into standardized datetime ob-
jects using a day-first convention. For each candidate document, we
consider the most recent date mentioned in its text. This choice is
motivated by the desire to ensure that any decision in the document
does not occur after the query case, while also avoiding discarding
useful documents unnecessarily. If a document has no identifiable
date, it is retained to preserve recall, as some older cases may still
be valid precedents even if dates are missing.

Formally, for a query case with most recent date 𝑑Q and a candi-
date document with most recent date 𝑑D (or missing), the candidate
is retained if 𝑑D ≤ 𝑑Q or 𝑑D is unavailable. This procedure enforces
real-world legal reasoning, ensuring that only past decisions, or doc-
uments without explicit dates, are considered as valid precedents.

A candidate is selected only if it exceeds a predefined hybrid
score threshold 𝜏 and satisfies the temporal consistency condition:

𝑓 (𝑄,𝐷) =
{
1 if H(𝑄, 𝐷) > 𝜏 and (𝑑𝐷 ≤ 𝑑Q or 𝑑𝐷 is missing),

0 otherwise.

The optimal hyperparameters 𝛼 and 𝜏 are determined via 10-fold
cross-validation on the validation set. For each fold, a grid search is
performed over candidate parameter values, and the final parameters
are obtained by averaging the best-performing values across all folds.
In our experiments, we set 𝛼 = 0.2 and the threshold 𝜏 = 0.16.
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Figure 2: Cross-Encoder Training Pipeline

4 Cross-Encoder Model
We fine-tune the Alibaba-NLP/gte-modernbert-base1 [10] model as
a cross-encoder for binary relevance classification. A cross-encoder
jointly encodes the query and candidate document, allowing the
model to capture rich interactions between query and document
tokens, which is especially important in the legal domain where
subtle phrasing and factual details determine relevance. In contrast, a
bi-encoder approach that encodes queries and documents separately
may miss these fine-grained token-level dependencies, leading to
lower ranking quality.

Due to the length of legal judgments and hardware limitations,
we could not process the full document context. Instead, we adopt
a head–tail strategy, selecting 384 tokens from the beginning and
128 tokens from the end of each document, with a maximum se-
quence length of 1024 tokens. The head portion often contains sum-
mary information, including a brief recap of the factual scenario,
which is frequently useful for relevance estimation. Given the token
limitations, attempting to select relevant sentences from the entire
document, or from the middle sections, resulted in worse perfor-
mance, likely because important sections were missed or the model
focused on less relevant content. Although this segmentation strategy
could be further improved, it yielded the best F1 score under our
computational constraints.

To ensure computational efficiency, we apply LoRA (Low-Rank
Adaptation) [2] with rank 16 for parameter-efficient fine-tuning.
LoRA modules are applied to key attention and feed-forward layers.
Training was conducted on a single NVIDIA T4 GPU.

The training dataset is balanced such that the number of positive
and negative samples is equal, rather than relying on a weighted loss
function, although it may not fully reflect the naturally imbalanced
retrieval setting. This approach was chosen to ensure that the model
receives a consistent learning signal from both relevant and non-
relevant examples, avoiding potential instability or bias that can
arise when using heavily weighted losses.

Hard negatives are drawn from a fixed global pool of candidates
obtained from the initial BM25+ retrieval; this pool is not updated
using predictions from the evolving model. This design simplifies
training, reduces computational overhead, and ensures that the model
is consistently exposed to unseen, but still lexically similar, non-
relevant examples.

1https://huggingface.co/Alibaba-NLP/gte-modernbert-base

Within this fixed pool, the specific hard negatives sampled for
each epoch are periodically varied to increase diversity in the train-
ing signal. In our setup, hard negatives are refreshed at intervals of 8,
4, 4, 4, and 4 epochs, meaning that while the pool remains constant,
the subset of negatives used for training changes over time. This
approach exposes the model to a wide variety of difficult negatives
throughout training while maintaining a stable and controlled learn-
ing process. In total, the model is trained for 24 epochs. 4 Epoch
training lasted approximately 3 hours and 20 minutes, thus full fine-
tuning approximately 20 hours. The main training hyperparameters
are summarized in Table 2.

Parameter Value

LoRA rank 16
Max sequence length 1024
Batch size (per device) 64
Learning rate 2 × 10−4
Weight decay 0.001
Num. epochs 24
Warmup ratio 0.1
Precision FP16 / BF16

Table 2: Cross-encoder fine-tuning hyperparameters.

The overall training loop is illustrated in Figure 2, showing
BM25+ retrieval, candidate selection, dataset rebalancing, and itera-
tive LoRA fine-tuning.

5 Results & Discussion
We evaluate our system using the F1 score on the validation dataset.
Table 3 summarizes the performance of different configurations.

Configuration F1 Score
BM25 (default parameters) 0.12
BM25+ (tuned parameters) 0.24
BM25+ & Cross-encoder 0.31
BM25+ & Cross-encoder & Date filtering 0.32

Table 3: F1 performance on the validation dataset for different
system configurations.
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Tuning BM25+ parameters results in a substantial improvement
over the default configuration. Incorporating the cross-encoder pro-
vides the second largest performance gain, while temporal filtering
yields a minor further improvement.

Since ground truth labels are not available for the test set, we
additionally analyze the distribution of predicted positive cases to
assess generalization. Table 4 shows that the predicted distributions
on the validation and test sets are highly consistent, with comparable
means, standard deviations, and quartiles. This suggests that, at least
from the perspective of label distribution, the model exhibits stable
behavior across different splits and does not overfit to the validation
set.

Set Count Mean Std Min Median Max
Validation 400 5.24 3.54 0 5 16
Evaluation 400 4.75 3.23 0 4 17

Table 4: Distribution of predicted positive cases for validation
and test sets.

Table 5 presents the final results of our system in the competi-
tion. Our approach demonstrates consistent performance on the test
dataset, achieving results comparable to those observed during vali-
dation. This indicates good generalization capability. In the official
ranking, our team placed 4th overall out of 22 participants, while
this system corresponds to the 9th submission out of 54 total2.

F1 Precision Recall
Final Evaluation 0.3289 0.3161 0.3429

Table 5: Final performance of our system in the competition.

5.1 Limitations
Several limitations affect the proposed approach. First, hardware
constraints impose a strict limit on the maximum sequence length,
preventing full-document modeling (e.g., up to 8192 tokens). As a
result, the head–tail segmentation strategy may overlook relevant
information located in the middle sections of long documents.

Second, the dataset exhibits substantial variability in document
length, ranging from very short to extremely long cases. This hetero-
geneity can negatively impact both lexical and neural components,
as shorter documents may lack sufficient context, while longer ones
are only partially observed.

Third, the reliance on lexical retrieval for initial candidate genera-
tion may limit recall, particularly in cases where relevance depends
on deeper semantic understanding rather than surface-level term
overlap. While the hybrid approach mitigates this issue to some
extent, it remains a constraint of the overall pipeline.

Finally, beyond the specific approach used, the task itself suffers
from an inherent limitation concerning the notion of what consti-
tutes a “noticed case”, as it is not entirely uniform across the dataset.
Differences in writing styles, citation practices, and legal reason-
ing across judges and time periods introduce additional variability,
making the retrieval task inherently more challenging.
2Team mezza, run task_1_mezzanino: https://coliee.org/COLIEE2026/results/task1 ac-
cessed on 24th of March 2026

6 Conclusion
Our findings highlight a pragmatic trade-off between performance
and computational efficiency. While more advanced neural rankers
could potentially yield higher performance, their training and in-
ference costs remain prohibitive in constrained environments. The
proposed pipeline demonstrates that combining classical retrieval
methods with lightweight neural enhancements can achieve compet-
itive results in legal retrieval tasks.

Future work may explore more sophisticated document segmen-
tation strategies or efficient long-context models to better capture
the structure of legal texts. More avenues of research may include
exploring slightly imbalanced ratios or multiple hard negatives per
positive example, to better represent dataset structure, as well as in-
creasing computational cost to verify when the performance reaches
a point of diminishing returns.
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ABSTRACT
We present a multi-stage hybrid retrieval pipeline for COLIEE
2026 Task 1 (case law retrieval), submitted under team ABAI. The
task requires identifying cited cases from a corpus of legal doc-
uments where citation passages are suppressed, creating a fun-
damental lexical gap between query and target. Our system ad-
dresses this through four independently trained stages: (i) multi-
view BM25 with citation context windows and reciprocal rank
fusion, (ii) neural reranking via a contrastive bi-encoder, BGE-M3
multi-signal retrieval, and a cross-encoder with selective trunca-
tion, (iii) graph-based reranking using entity-aware community
detection (GraphRAG Lite) and a Graph Attention Network, and
(iv) a LightGBM meta-learner that aggregates 34 features from all
stages. We submitted three runs differing only in the meta-learner
decision threshold: run 1 (balanced), run 2 (recall-favouring), and
run 3 (precision-favouring). While our cross-validated F1 of 0.311
suggested competitive performance, our best submission (run 2)
achieved F1=0.177 on the official test set, ranking 35th of 54 official
runs and 15th of the 22 participating teams (by each team’s best
run). We present an ablation study showing the cross-encoder con-
tributes 24% of the discriminative power of the pipeline, and analyze
the substantial gap between cross-validation and test performance.

CCS CONCEPTS
• Information systems → Information retrieval; Retrieval
models and ranking; Language models.
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1 INTRODUCTION
The great advance of the technology of artificial intelligence and
the increasing amount of legal data have driven the improvement
for diverse tasks in legal domains. One of the popular tasks is case
retrieval, which searches for the relevant cases for a given query
document, so that legal professionals can use and cite the retrieved
cases in their final decision.

In line with this, the Competition on Legal Information Extrac-
tion and Entailment (COLIEE) 2026 Task 1 has been introduced [7].
The goal of the task is to find the cited cases from a set of case
documents, given a query case document. In the 2026 challenge,
the provided dataset consists of a corpus of 9,556 documents, where
the actual cited cases have been replaced with the <FRAGMENT_
SUPPRESSED> markers. This structural constraint severely limits
the effectiveness of traditional lexical matching, as the direct tex-
tual overlap between a query and its gold-standard citations is
inherently diminished. Consequently, robust systems must look
beyond simple keyword matching and leverage both semantic rep-
resentations and the latent structural relations within the legal
corpus.

In this paper, we propose a multi-stage hybrid pipeline to miti-
gate the lexical gap caused by citation suppression. Our approach
integrates four distinct components: (i) a multi-view BM25 retriever
that employs citation context windows to capture local relevance
signals, (ii) a neural reranking stage consisting of bi-encoders, BGE-
M3, and cross-encoders, to capture deep semantic interactions, (iii)
a graph-based reranking stage whose goal is to capture latent struc-
tural relationships between cases through shared legal entities and
propagate relevance signals across the corpus graph, and (iv) a
LightGBM meta-learner that aggregates 34 features extracted from
three stages to decide whether each case should be predicted as a
citation or not.

Our empirical evaluation shows a notable performance discrep-
ancy: the cross-validated F1 score on the provided training data is
0.311 while the one on the official test set is 0.177, which ranked 35th
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among 54 official runs (15th of the 22 participating teams by each
team’s best run). We conducted an ablation study for the proposed
model, demonstrating that the cross-encoder plays a significant role
in performance improvement (24% relative). The source code and
submission materials are available at https://github.com/rabqatab/
coliee2026_ABAI.

2 RELATEDWORK
The increasing popularity of deep learning models has encouraged
the research community to develop diverse models for case re-
trieval tasks [4]. A large portion of this research has focused on
the structural characteristics of legal documents, identifying and
exploiting the key parts for better retrieval. For example, Tran et
al. [18] demonstrated that extracting lexical features from different
parts of query and candidate documents improved retrieval over
whole-document comparison. SAILER [9] suggested an asymmetric
encoder-decoder model that encodes the fact section and recon-
structs aggressively-masked reasoning and decision sections, forc-
ing the encoder to capture cross-section dependencies. Similarly,
Ma et al. [13] proposed Structured Legal Retrieval (SLR) frame-
work, which first splits a legal document into functional segments
(facts, reasoning, ruling), and then computes embeddings of each
segment text. By incorporating an external charge-wise relation
graph, which captures co-occurrence and hierarchical relationships
between legal charges, the framework finally estimates the rank of
a given document.

Recently, integration of graph-based models to prior work has
been suggested. GraphRAG [16], which models and uses the re-
lations among legal documents, has gained significant attention.
Louis et al. [11] apply GNNs to statutory article retrieval, showing
that propagating information through a citation graph improves
dense retrieval by capturing inter-article dependencies. Zhang et
al. [21] propose CFGL-LCR, a counterfactual graph learning frame-
work for legal case retrieval that disentangles causal and shortcut
features on case graphs.

Our framework differs from these prior studies in several im-
portant ways. First, instead of segmenting legal documents by
legal function (e.g., facts, reasoning, and ruling), the proposed
framework employs citation context windows around <FRAGMENT_
SUPPRESSED> markers to form a retrieval-focused structural view.
We also propose a GraphRAG Lite module that consists of two
lightweight components: (i) regex-based entity extraction (statutes,
judges, legal domains, outcomes) and (ii) Leiden community detec-
tion [17], which together capture latent structural relations without
LLM overhead or explicit citation graphs. We use Graph Attention
Network [19] to generate graph-level features.

3 METHOD
Figure 1 illustrates the overall architecture of the proposed frame-
work, which consists of four stages. Stages 1 to 3 are responsible
not only for choosing relevant cases, but also for extracting features
from the given query and candidate cases, which are then fed into
Stage 4 for the final decision. Note that the components in each
stage are trained independently on different tasks.

Figure 1: Architecture of the proposed multi-stage pipeline.

3.1 Stage 1: Retrieval and Fusion
Inspired by the observation that legal documents exhibit strong
lexical characteristics dominated by legal terminology [4], we first
design a lexicon-based case retrieval mechanism as the initial step
for filtering case candidates. In particular, we employ BM25, which
computes the similarity index between a pair of documents. Here,
we calculate two indices: one for a pair of a query and a full case
document, and the other for a pair of a query and a key part of
a case document. We consider ±150 words around a <FRAGMENT_
SUPPRESSED> marker as the key part. The rationale behind this
choice is that the marker indicates the location where cited text
was redacted, so the surrounding context contains the strongest rel-
evance signal for identifying the cited case. Note that this approach
extends the strategy proposed by Tran et al. [18], who suggested
extracting lexical features from different structural parts of legal
documents for improved retrieval, rather than comparing whole
documents. Throughout the process, we select top 200 and 30 doc-
uments in terms of BM25 indices for full document and key part.
Both indices are then fused by Reciprocal Rank Fusion [2] (RRF),
which is robust to score distribution mismatches between hetero-
geneous retrieval systems. Formally, for a candidate document 𝑑
ranked at position 𝑟𝑖 (𝑑) under index 𝑖 ∈ {full, ctx}, the RRF score is

RRF(𝑑) =
∑︁

𝑖∈{full,ctx}

1
𝑘 + 𝑟𝑖 (𝑑)

,

with 𝑘 = 60. Top 200 candidate cases are finally selected and for-
warded to Stage 2.
Computed Features. In addition to BM25 scores, we compute five
lexical feature values (cosine similarity of TF-IDF vectors, Jaccard
coefficient, shared bigrams, length ratio, and shared legal terms) for
all query–document pairs based on token-level statistics. We also
extract two citation-context features per candidate: the number of
citation context windows whose BM25 top-30 results include that
candidate, and the maximum BM25 score across those windows.
Together, Stage 1 contributes 9 features to the meta-learner (Table 1,
#1–9).
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3.2 Stage 2: Neural Reranking
Stage 2 is responsible for reranking the candidate cases and extract-
ing neural features. To this end, we design three components: a
bi-encoder, BGE-M3, and a cross-encoder.
Bi-encoder.We fine-tune BGE-large-en-v1.5 [20] with LoRA [6]
(𝑟=16, 𝛼=32) as a contrastive retrieval model (trained independently
from other stages). Given a query 𝑞, a positive document 𝑑+ (a
gold citation), and 7 hard negatives {𝑑−1 , . . . , 𝑑

−
7 } sampled from the

BM25 top-50 non-gold candidates, the per-query InfoNCE loss is

LNCE (𝑞) = − log
exp(𝑠 cos(𝑒𝑞, 𝑒𝑑+ ))

exp(𝑠 cos(𝑒𝑞, 𝑒𝑑+ )) +∑7
𝑖=1 exp(𝑠 cos(𝑒𝑞, 𝑒𝑑−

𝑖
))
,

where 𝑒𝑞 and 𝑒𝑑 are the query and document embeddings produced
by the LoRA-adapted encoder and 𝑠 is the scale factor. The loss pulls
the cosine similarity cos(𝑒𝑞, 𝑒𝑑+ ) above that of every hard negative.
Training uses AdamW for 3 epochs (lr=2e-5, batch size 16).
BGE-M3. To capture complementary retrieval signals beyond dense
cosine similarity, we additionally score candidates using BAAI/bge-
m3 [1] without further fine-tuning; the released checkpoint provides
dense, sparse, and ColBERT similarity signals within a single model.
The sparse signal recovers exact lexical matches that dense retrieval
may miss, while ColBERT captures fine-grained token-level inter-
actions without full cross-attention cost.
Cross-encoder. We select DeBERTa-v3-large [5] as our cross-
encoder because its disentangled attention mechanism explicitly
models content and positional information separately, which is
beneficial for matching legal facts across structurally different case
documents. It is fine-tuned as a binary classifier with cross-entropy
loss using AdamW for 3 epochs (lr=1e-5, batch size 16). Because
legal documents (2,000–5,000 words) far exceed the 512-token in-
put limit, naive truncation discards most of the document. We
therefore use selective truncation: for each query-candidate pair, we
concatenate document head/tail (100 words each) with the top-5 ci-
tation context windows and top-10 paragraphs by TF-IDF similarity,
within a 500-word budget. This prioritizes the passages most likely
to contain citation-relevant information over arbitrary positional
truncation, following the intuition from context-aware passage
selection [3] and structured legal retrieval [13].
Computed Features. Each neural model produces a relevance score
and a within-query rank (the ordinal position when all candidates
for the same query are sorted by that model’s score). The rank
is a derived feature computed after scoring, not a direct model
output. Stage 2 contributes 8 features in total: bi-encoder score and
rank, four BGE-M3 signal scores, and cross-encoder score and rank
(Table 1, #10–17).

3.3 Stage 3: Graph-Based Reranking
While citation graphs are the natural structure for case law re-
trieval [15], the citation information is suppressed in our setting,
and explicit citation links therefore cannot be used. We instead
construct proxy citation structures through shared legal entities,
following the GraphRAG paradigm [16]. Stage 3 consists of two in-
dependent sub-modules—GraphRAG Lite and a GNN reranker—that
operate on different graphs and produce complementary features.

3.3.1 GraphRAG Lite.

Entity extraction.We extract four entity types from each docu-
ment via regex: statute citations (e.g., “R.S.C. 1985, c. I-2, s. 3(1)”),
judge names (e.g., “Gagné J.”), legal domain (8 categories by keyword
matching: immigration, tax, IP, aboriginal, criminal, administrative,
labour, environmental), and case outcome (dismissed/allowed).
Bipartite graph. Let 𝐷 = {𝑑1, . . . , 𝑑𝑛} (𝑛=9,556) denote documents
and 𝑆 = {𝑠1, . . . , 𝑠𝑚} the extracted entities. We construct a weighted
bipartite graph 𝐺bip = (𝐷 ∪ 𝑆, 𝐸) where an edge (𝑑, 𝑠) ∈ 𝐸 exists if
document 𝑑 contains entity 𝑠 . Each edge is weighted by entity type:

𝑤 (𝑑, 𝑠) = 𝑤𝜏 (𝑠 ) · 1[(𝑑, 𝑠) ∈ 𝐸]

with type weights 𝑤statute = 0.50, 𝑤judge = 0.15, 𝑤domain = 0.10,
and𝑤outcome = 0.05.
Document graph projection. We project𝐺bip onto a document–
document graph 𝐺doc = (𝐷, 𝐸doc) via weighted one-mode projec-
tion:

𝐴doc (𝑑𝑖 , 𝑑 𝑗 ) =
∑︁
𝑠∈𝑆

𝑤 (𝑑𝑖 , 𝑠) ·𝑤 (𝑑 𝑗 , 𝑠)

Two documents sharing more (or higher-weighted) entities receive
a stronger edge.
Community detection. Leiden community detection [17] is ap-
plied to 𝐺doc at three resolutions (𝛾 = 0.5, 1.0, 2.0), each producing
a complete partition of all 9,556 documents into non-overlapping
communities. Lower resolutions yield larger communities (broad le-
gal domains); higher resolutions yield smaller clusters (fine-grained
case groups). We use all three partitions.
Computed Features. For each query–candidate pair (𝑞, 𝑐), GraphRAG
Lite produces 9 features: three same-community indicators (one per
resolution, with value 1 if 𝑞 and 𝑐 belong to the same community
and 0 otherwise), the community Jaccard (the fraction of the three
resolutions where 𝑞 and 𝑐 co-occur), the shared statute count and
shared judge count, the same-domain and same-outcome indicators,
and an entity overlap score computed as a weighted Jaccard over
all shared entities (Table 1, #18–26).

3.3.2 GNN Reranker.

The GNN reranker operates on a corpus-level graph𝐺knn that is
distinct from the entity-projected graph 𝐺doc used for community
detection.
Graph construction. 𝐺knn has 9,556 document nodes and 61,645
edges constructed by combining two edge sources: (1) 𝑘-nearest-
neighbor edges (𝑘=8) based on cosine similarity of bi-encoder em-
beddings, capturing semantic relatedness; and (2) entity overlap
edges from 𝐺doc, weighted at 30% of total edge weight.
Node features. Each node is represented by a 35-dimensional
feature vector: 32 dimensions from PCA-compressed bi-encoder
embeddings concatenated with 3 retrieval scores (BM25 RRF, bi-
encoder similarity, cross-encoder probability).
Architecture.A 2-layer Graph Attention Network [19] (𝑑hidden=64,
4 attention heads, dropout 0.1) processes𝐺knn. We choose GAT over
GCN because its attention mechanism learns to weight neighbor
contributions differently, distinguishing highly relevant corpus
neighbors from coincidentally similar documents [11]. The GNN
outputs a relevance score per document node, trained with binary
cross-entropy loss on gold citation pairs using Adam for 50 epochs
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(lr=1e-3, full-batch transductive). To avoid information leakage, we
use 5-fold out-of-fold predictions.
Computed Features. The GNN produces 2 features per query–
candidate pair: the GNN relevance score and the within-query GNN
rank. In total, Stage 3 contributes 11 features to the meta-learner
(Table 1, #18–28).

3.4 Stage 4: Meta-Learner
We adopt a learning-to-rank meta-learner rather than a fixed score
combination because the relative importance of retrieval signals
varies across legal domains—e.g., statute overlap matters more for
tax cases, while judge co-citation matters more for immigration
cases [4]. A gradient-boosted tree captures these non-linear feature
interactions without manual weight tuning. A LightGBM [8] binary
classifier trained with binary cross-entropy loss—chosen for its
ability to handle heterogeneous feature types (continuous scores,
binary indicators, counts) and its robustness to the class imbalance
inherent in retrieval [8] (typically 4 positives among 200 candidates
per query)—combines 34 features from all preceding stages (Table 1).

Table 1 lists all 34 features grouped by pipeline stage.
Training uses GroupKFold (5 folds, grouped by query), with 3

random seeds for stability (15 models total). Key training strategies
include: (1) gold positive injection—adding the 3,484 gold positives
that lie outside the BM25 top-200 to the candidate pool; (2) stratified
negative sampling (50% hard / 30% medium / 20% easy, 10:1 ratio,
cap 50 per query); and (3) threshold re-optimization on the full
candidate pool. Letting 𝜙 (𝑞, 𝑐) ∈ R34 denote the feature vector
for the query–candidate pair (𝑞, 𝑐) and 𝑓 the trained LightGBM
probability, the predicted citation set for query 𝑞 is

𝐶𝑞 = { 𝑐 ∈ 𝐶𝑞 : 𝑓 (𝜙 (𝑞, 𝑐)) ≥ 𝑡 },
where𝐶𝑞 is the BM25-RRF top-200 candidate pool from Stage 1 and
the threshold 𝑡 is optimised to maximise micro-F1 on training data.
Scale and regularisation. Although the dataset contains 2,001
training queries, the meta-learner is trained at the granularity of
query–candidate pairs: 2,001 queries with up to 200 candidates per
query yield on the order of 4×105 pair-level examples after the
stratified negative-sampling cap. The ratio of training examples to
features (roughly 1.2×104 examples per feature) places the meta-
learner in the regime where gradient-boosted trees are robust to
feature dimensionality. We further mitigate overfitting through
query-grouped cross-validation (GroupKFold by query ID prevents
within-query leakage across folds), early stopping at 80 rounds on
a per-fold validation set, feature and row subsampling (column and
row sampling rates both set to 0.8, minimum samples per leaf set
to 20), and averaging across three random seeds.
Hyperparameter choices. Several hyperparameters were fixed
without ablation due to compute budget. Their values are mo-
tivated as follows. The citation-context window of ±150 words
follows Tran et al. [18] and corresponds to a typical paragraph
length in Canadian federal case judgments. The entity type weights
𝑤statute = 0.50, 𝑤judge = 0.15, 𝑤domain = 0.10, 𝑤outcome = 0.05
reflect an information-content ordering: statute citations are the
most discriminative legal entities (typically unique to a doctrinal
area), whereas case outcomes (dismissed/allowed) are coarse binary
attributes that appear in roughly half of all judgments and are the
least discriminative. The Leiden resolutions 𝛾 ∈ {0.5, 1.0, 2.0} form

a
√
2-spaced sweep chosen to capture broad legal domains (low

𝛾 ) and fine-grained case clusters (high 𝛾 ) without manual tuning;
using all three simultaneously is robust to misspecification of any
single resolution. The 7 hard negatives per positive in bi-encoder
training follow the default of the BGE recipe [20]. A systematic
sensitivity sweep of these hyperparameters is left for future work.

4 RESULTS
4.1 Internal Validation
Table 2 compares our pipeline against simplified reproductions of
prior COLIEE winning systems on the same candidate pool and
evaluation protocol, isolating the contribution of each reranking
strategy. We do not retrain the original systems end-to-end; instead,
we reimplement the published feature set and reranking pipeline of
each baseline as follows. BM25 (vanilla) is Okapi BM25 over full
documents only, without RRF, without neural reranking, returning
the top-200 candidates per query and predicting by a single global
score threshold tuned on the validation set. TQM 2024 (LTR) com-
bines BM25 with a LightGBM ranker over the 14-feature subset
reported in the TQM system paper [10] (BM25, TF-IDF cosine, docu-
ment and query lengths, simple lexical overlaps, and a single SBERT
cosine), without SAILER, graph features, or our citation-context-
aware cross-encoder. JNLP 2025 (BM25+SAILER) uses BM25 as
the first stage and SAILER [9] as a reranker (using the publicly
released checkpoint without retraining), followed by a LightGBM
aggregator over the 8-feature set described by the JNLP authors [14].
The three baselines use the same training/validation split, the same
candidate pool size (top-200 from BM25), and the same LightGBM
hyperparameters where applicable, so differences among them in
Table 2 reflect the published feature differences rather than tuning.
The row for our system in the same table is included for ease of
reference and follows a different protocol described below.

We use two complementary evaluation protocols. For the base-
line comparisons reported in Table 2, we hold out the most recent
20% of training queries (401 of 2,001) by case ID as a chronological
validation set, training each system on the remaining 1,600 queries.
For the ablation and feature analyses reported in Tables 4 and fol-
lowing, we use 5-fold GroupKFold cross-validation on all 2,001
training queries, grouped by query ID to prevent within-query leak-
age, and report out-of-fold (OOF) micro-F1. The F1=0.311 reported
for our system in Table 2 is the 5-fold OOF result on the full 2,001-
query training set, reproduced in the table for direct comparison;
a chronological hold-out evaluation that retrains the meta-learner
on the earliest 80% of queries and evaluates on the most recent
20% would more directly quantify temporal generalisation, and we
discuss this limitation in Section 4.5.

We submitted three runs at different thresholds: balanced (𝑡=0.547,
the CV-optimal threshold), recall (𝑡=0.400, favoring coverage), and
precision (𝑡=0.700, favoring accuracy).

4.2 Official Test Results
Table 3 shows our three submissions alongside the top performers
among the 22 participating teams, which together produced 54
official runs. Our best run (run 2, recall-favouring) reached F1=0.177
and ranked 35th of the 54 per-run submissions (15th among the 22
teams when each team is represented by its best run), substantially
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Table 1: Feature inventory of the LightGBMmeta-learner (34 features per query–candidate pair). Type: cont. = continuous, int =
integer count or rank, bin. = binary.

Stage # Feature Type Description

St
ag

e
1

1 bm25_score cont. Raw BM25 score (full-document query)
2 bm25_rrf_score cont. RRF-fused score from multi-view BM25
3 n_context_matches int Number of citation-context windows matching 𝑐
4 max_context_bm25 cont. Highest BM25 score among context windows for 𝑐
5 tfidf_cosine cont. Cosine similarity of TF-IDF vectors (50K vocab)
6 jaccard cont. Word-level Jaccard: |𝑇𝑞 ∩𝑇𝑐 |/|𝑇𝑞 ∪𝑇𝑐 |
7 shared_bigrams cont. Bigram-level Jaccard overlap
8 length_ratio cont. min( |𝑞 |, |𝑐 | )/max( |𝑞 |, |𝑐 | ) in words
9 shared_legal_terms int Shared words from 42-term legal vocabulary

St
ag

e
2

10 biencoder_score cont. Cosine similarity of BGE-large embeddings
11 biencoder_rank int Within-query rank by bi-encoder score
12 m3_dense_score cont. BGE-M3 dense embedding similarity
13 m3_sparse_score cont. BGE-M3 sparse lexical matching score
14 m3_colbert_score cont. BGE-M3 ColBERT late-interaction score
15 m3_fused_score cont. Weighted fusion of M3 dense/sparse/ColBERT
16 crossencoder_score cont. DeBERTa softmax 𝑃 (cited | 𝑞, 𝑐 )
17 crossencoder_rank int Within-query rank by cross-encoder score

St
ag

e
3

18 same_community_0.5 bin. Co-membership at Leiden resolution 0.5
19 same_community_1.0 bin. Co-membership at Leiden resolution 1.0
20 same_community_2.0 bin. Co-membership at Leiden resolution 2.0
21 community_jaccard cont. Fraction of resolutions with co-membership
22 shared_statutes int Count of shared statute citations
23 shared_judges int Count of shared judge names
24 same_domain bin. Same legal domain (8 categories)
25 same_outcome bin. Same case outcome (dismissed/allowed)
26 entity_overlap_score cont. Weighted Jaccard over all shared entities
27 gnn_score cont. GAT output relevance score
28 gnn_rank int Within-query rank by GNN score

St
ag

e
4

29 bm25_rrf_rank_norm cont. Normalized BM25 rank within query (0=best)
30 bm25_rrf_score_gap cont. BM25 score minus query mean
31 biencoder_score_gap cont. Bi-encoder score minus query mean
32 crossencoder_score_gap cont. Cross-encoder score minus query mean
33 top_score_ratio cont. BM25 score / query maximum score
34 score_above_median bin. BM25 score > query median

Table 2: Internal validation results against simplified prior
winners.

System F1 Prec. Recall

BM25 (vanilla) 0.033 0.018 0.217
TQM 2024 (LTR) 0.119 0.145 0.101
JNLP 2025 (BM25+SAILER) 0.138 0.123 0.157

Ours (𝑡=0.547, balanced) 0.311 0.368 0.270
Ours (𝑡=0.400, recall) 0.285 0.264 0.310
Ours (𝑡=0.700, precision) 0.273 0.472 0.192

below our cross-validated estimate of F1=0.311. The winner (NOWJ)
achieved F1=0.422, and JNLP, the COLIEE 2025 winner at F1=0.335,
improved to 0.413.

Table 3: Official COLIEE 2026 Task 1 results (selected runs).

Rank Team / Run F1 Prec. Recall

1 NOWJ / sub_2 0.422 0.424 0.421
3 JNLP / random_forest 0.413 0.434 0.393
7 SIL / sil2 0.387 0.419 0.360

35 ABAI / run2 (recall) 0.177 0.160 0.199
36 ABAI / run1 (balanced) 0.167 0.195 0.146
41 ABAI / run3 (precision) 0.131 0.220 0.093

4.3 Per-Stage Retrieval Quality
A natural diagnostic for a cascaded retrieval pipeline is how re-
call and ranking quality evolve across stages. By construction, ev-
ery reranker and feature extractor in Stages 2–3 operates on the
fixed pool of 200 candidates produced by Stage 1, so the down-
stream stages can only change the ordering of candidates within
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the pool, not the recall of the pool itself. Recall@200 is therefore
determined entirely by the BM25-RRF first stage, which retrieves
57.8% of gold positives on the training data; this value is an upper
bound on the achievable recall of every subsequent stage in our
system. The reranking contribution of each stage is captured by the
cross-validated F1 deltas reported in the ablation (Table 4), which
measure the impact of each component on the final binary decision.
Test-set recall@𝑘 and NDCG@𝑘 per stage would have been the
most informative diagnostic for first-stage failures; the gold labels
for the official test set were not released to participants in time for
this analysis, and we report only the official test F1 in Section 4.2.

4.4 Ablation Study
Table 4 shows the contribution of each pipeline component, mea-
sured by cross-validation with out-of-fold predictions on RRF-only
candidate pools.

Table 4: Component ablation (5-fold cross-validation). Fea-
ture # refers to Table 1.

Configuration Features F1 Recall ΔF1

Full pipeline all 34 0.311 0.270 —

− Cross-encoder #16, 17 0.236 0.248 −0.075
− Lexical features #5–9 0.289 0.276 −0.023
− GNN + BGE-M3 #12–15, 27, 28 0.299 0.286 −0.012
− GraphRAG #18–26 0.305 0.295 −0.006
− Bi-encoder #10, 11 0.310 0.281 −0.001

The cross-encoder is the dominant component (−24% relative
F1). Lexical features rank second (−7.3%), followed by GNN + BGE-
M3 (−3.8%) and GraphRAG (−2.0%). The bi-encoder contributes
minimally (−0.3%), as its signal is largely subsumed by the cross-
encoder and BM25.

The GraphRAG Lite and GNN reranker components together
contribute ΔF1≈ −0.012 on cross-validation. Their training-time
cost is modest: entity extraction is regex-only, Leiden community
detection runs once on the 9,556-document graph in roughly 107
seconds on a single CPU core, and the GNN trains in approximately
25 minutes on a single NVIDIA DGX Spark GB10 GPU (one-off; the
model is cached for inference). Inference cost on the same hardware
is negligible: community lookups are 𝑂 (1) per pair and a single
forward pass of the 9,556-node GAT completes in about 3 seconds
for the 400 test queries. The graph components are therefore best
characterised as inexpensive structural retrofits to the meta-learner
feature set, rather than as core ranking components.

To quantify the discriminative signal carried by graph features,
we compare their distribution across gold and non-gold candidate
pairs within the BM25 top-200 candidate pool on the training data
(Table 5). Graph features show consistent enrichment in gold pairs
across all four categories, with ratios of 1.43–1.72× over non-gold
pairs. This signal is real but modest, and it is correlated with rather
than redundant to lexical similarity, consistent with the additive
contribution of graph features in the ablation.

The niche inwhich graph features helpmost is the deeper portion
of the BM25-RRF candidate pool: 470 gold pairs that BM25-RRF

Table 5: GraphRAG feature distribution in gold vs. non-gold
pairs (BM25 top-200, training data). Feature # refers to Ta-
ble 1.

# Feature Gold Non-gold Ratio

20 same_community (𝛾 = 2.0) 26.8% 17.3% 1.55×
23 shared_judges (mean count) 0.22 0.13 1.72×
22 shared_statutes (mean count) 0.90 0.59 1.53×
26 entity_overlap (mean score) 0.171 0.120 1.43×

ranks below position 50 still exhibit a strongly positive aggregate
graph signal (same community at all three resolutions, multiple
shared statutes, and shared judges). A representative example is
the citation from query 057595 (Olvera v. Canada (M.C.I.), 2012,
a Federal Court judicial review of a Refugee Protection Division
decision concerning a Mexican family) to gold case 033043 (a 2010
Federal Court refugee-protection decision in the same area decided
by the same presiding judge). BM25-RRF ranks 033043 only 63rd
for this query, yet GraphRAG features capture the latent affinity
through three shared Leiden communities, three shared statute
citations, two shared judge names, and the same legal domain.
Such pairs are precisely the cases that pure semantic reranking is
least able to recover, and graph features provide an inexpensive
complementary signal for the meta-learner.

4.5 Analysis: CV-to-Test Gap
The 43% relative drop from CV F1=0.311 to test F1=0.177 is the
primary finding of our work. We identify three contributing factors
and report the empirical basis for each.

Recall ceiling. On the training queries, only 57.8% (4,767 of
8,251) of gold positives appear in the BM25 top-200 candidate pool,
so the achievable post-reranking recall is bounded above by this
fraction even for a perfect downstream reranker. This ceiling is
a property of the first-stage retrieval design rather than of any
particular evaluation split: our cross-validated post-threshold recall
of 0.270 already sits well below the ceiling, and the test recall of
0.199 (run 2, the recall-favouring run) leaves further headroom
against the same upper bound. The recall ceiling therefore acts as a
baseline constraint shared by both cross-validation and test, and
the drop from 0.270 to 0.199 in observed recall is attributable not to
a collapse of the ceiling but to the two factors discussed below.

Temporal distribution shift. Citation patterns in Canadian
federal case law evolve as new statutes take effect and doctrinal
interpretations are refined. The 2026 test queries are drawn from
the most recent cases in the corpus, while our training queries span
a broader and earlier time range. We partition the 2,001 training
queries into four equal quartiles by case ID (a proxy for chronolog-
ical order) and find that the BM25-RRF top-200 recall is reasonably
stable across the partition: 53.7%, 57.6%, 59.7%, and 60.2% from old-
est to newest quartile, with average gold citations per query in a
narrow band of 3.89–4.28. First-stage retrieval quality therefore
does not appear to degrade systematically with case age within
the training window, suggesting the temporal component of the
CV-to-test gap is driven primarily by changes in the discrimina-
tive geometry of the reranking and threshold stages rather than
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by a collapsing recall ceiling. Our 5-fold cross-validation mixes
earlier and later cases in each fold, which can still overestimate
generalisation to a strictly temporally out-of-distribution test split;
a chronological hold-out evaluation that retrains the meta-learner
on the earliest 80% of queries and evaluates on the most recent 20%
would quantify this effect directly, and is left as future work.

Thresholdmiscalibrationunder gold injection.During train-
ing, we injected the 3,484 gold positives that lie outside the BM25
top-200 into the candidate pool (Section 3.4) and optimised the
decision threshold on this gold-injected pool. At inference time, no
such injection occurs and the LightGBM score distribution shifts
downward: on the test queries the meta-learner output scores have
a median of 0.021, a 95th percentile of 0.231, and a 99th percentile
of 0.635. The threshold 𝑡 = 0.547 that maximised training F1 there-
fore selects only the most confident predictions at inference: run 1
produced 1,316 predictions in total (mean 3.3 per query), against
a training gold density of 4.1 per query. This shift accounts for
the lower precision and recall of the balanced run on the test set
relative to its cross-validated estimate, and is consistent with the
recall-favouring run 2 at 𝑡 = 0.400 being our best official submis-
sion. Ma et al. [12] formalise distribution-aware list truncation for
ranking, and adopting such calibration is a natural next step.

5 CONCLUSION
We proposed a four-stage hybrid pipeline for legal case retrieval
that combines lexical retrieval, neural reranking, graph-based com-
munity features, and gradient-boosted meta-learning. The ablation
study confirms the cross-encoder with selective truncation as the
most impactful component (−24% relative F1 when removed), while
graph-based features from GraphRAG Lite and the GNN reranker
provide modest but consistent gains (−2.0% and −3.8%, respec-
tively).

Our system achieved F1=0.177 on the COLIEE 2026 test set, with
our best run (run 2, recall-favouring) ranking 35th of 54 official runs
and 15th of the 22 participating teams (by each team’s best run)—
substantially below our cross-validated estimate of 0.311. This gap
reveals three systematic issues that generalize beyond our system:
(1) a recall ceiling of 57.8% imposed by BM25 top-200 retrieval,
bounding the performance of all downstream stages; (2) temporal
distribution shift, where the newest test queries exhibit citation
patterns not captured by random cross-validation folds; and (3)
threshold miscalibration from training on gold-injected candidate
pools whose score distribution differs from the test-time pool.

Future work should address the recall ceiling through hybrid
dense-lexical first-stage retrieval, replace random cross-validation
with temporal splits that mirror test conditions, develop threshold
calibration methods that are robust to the absence of gold positive
injection at inference time, and conduct a qualitative case-level
analysis of when graph-based features are decisive.
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Abstract
We present Team Cody’s graph-based retrieval and entailment
pipeline for Tasks 3 and 4 of the 2026 Competition on Legal In-
formation Extraction and Entailment (COLIEE). We do not treat
statutes as isolated articles. Instead, we model the Japanese Civil
Code as a directed multigraph. Its edges capture explicit citations,
implicit references, definition links, and links between articles later
added under the same main article number. For Task 3, we first
retrieve candidate articles using a hybrid dense-lexical ranking
method. We then expand these candidates using the statute graph
and rerank them with a fine-tuned cross-encoder. Next, a breadth-
first traversal serializes the graph into a linear text representation.
Finally, a large language model (LLM) uses this context to perform
entailment via majority voting. Task 4 starts from the provided
golden articles. The system optionally expands these articles to
include their surrounding graph neighborhoods. This serialized
context is then fed into the same LLM entailment module used in
Task 3. Our best configurations achieved 85% accuracy on Task
3, placing fifth overall. On Task 4, the system reached 90% accu-
racy. Analysis suggests that graph expansion is more effective for
contextualization than for retrieval, that pipeline recall outweighs
precision, and that inference-time majority voting consistently im-
proves predictions.

CCS Concepts
• Information systems→Retrievalmodels and ranking;Ques-
tion answering; • Applied computing → Law; • Computing
methodologies → Natural language processing.
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1 Introduction
Advances in Natural Language Processing (NLP) have had a sub-
stantial impact on the legal domain, influencing both professional
practice and academic research. Recent surveys characterize Legal

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
COLIEE 2026, June 12, 2026, Singapore
© 2026 Copyright held by the owner/author(s).

NLP as a broad research area spanning question answering, text
summarization, text classification, named entity recognition, argu-
ment mining, and judgment prediction [1]. Progress in this area has
come primarily from domain-adapted legal language models and
shared evaluation benchmarks. However, advances across these
tasks remain uneven. At the same time, researchers in legal infor-
mation retrieval (IR) and NLP continue to emphasize the distinctive
challenges posed by legal text. These include document length,
specialized vocabulary, and the need for reliable and interpretable
reasoning [1, 5, 6, 12].

Legal Question Answering (LQA) studies how legal sources can
be reviewed, interpreted, and applied to specific facts. Its practical
goal is to provide individuals and businesses with guidance on com-
plex legal matters [1]. LQA primarily includes knowledge-driven
(KD) inquiries into legal concepts and case-analysis (CA) problems
grounded in real-world situations. The need for advanced reading
comprehension and multi-step reasoning across both categories
makes LQA a particularly challenging NLP task [42]. One subfield
of LQA is question answering over statutes. This task can be framed
as entailment: Given a set of facts and relevant statutory provisions,
the system must decide whether a specific legal conclusion follows.
Under this view, statutory reasoning becomes a natural language
inference problem [37].

Within the broader Legal NLP landscape, LQA has emerged as
a field for combining retrieval with reasoning over authoritative
legal sources. A variety of approaches currently exist in this domain.
Some methods utilize knowledge-graph-based question answering
over legislation [35], while others focus on discourse-aware answer
retrieval [34]. Additionally, retrieve-then-read pipelines are used
to process retrieved statutory provisions, generating interpretable
long-form answers [23]. As summarized by Ariai et al. [1], LQA is
now one of the most active subareas of legal NLP, and current sys-
tems increasingly depend on identifying the right legal provisions
before downstream answer generation or verification.

For LQA over statutes, a single article is often insufficient to
determine the answer. The meaning and legal effect of a provision
usually depend on definitions, exceptions, and hierarchical context.
Often, there are also many cross-references located elsewhere in
the code. Consequently, methods relying solely on article-level text
matching often miss the context required for accurate entailment
[18, 22, 24]. These challenges are especially pronounced in civil-law
codes, whose organization is explicitly hierarchical and referential
[22, 24].

A common benchmark for evaluating how well computational
models handle these deeply connected legal structures is the Com-
petition on Legal Information Extraction and Entailment (COLIEE)
[17]. Each year, the competition challenges researchers to develop
state-of-the-art NLP systems capable of retrieving relevant legal
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documents and performing logical reasoning over complex statutes
and case law. Prior work in COLIEE highlights the mutual relation-
ship between statute retrieval and entailment, demonstrating that
jointly modeling the two tasks improves both retrieval quality and
the accuracy of the final yes/no decision [27]. Reflecting this, the
statute branch of COLIEE 2026 features two complementary scenar-
ios. Task 3 integrates retrieval and entailment: systems must return
both relevant civil-law articles and a yes/no decision for unseen
queries. Task 4 focuses strictly on controlled statute entailment
when the golden articles are already provided [8, 17].

In this paper, we address both tasks using a shared graph-based
pipeline.We represent the Japanese Civil Code as a graph of statutes
and use it to construct a task-specific legal context. For Task 3, the
system retrieves and reranks candidate articles from the full corpus
before expanding them into a local subgraph. For Task 4, it starts
from the provided golden articles and optionally expands their lo-
cal graph neighborhoods. Inspired by Graph Retrieval-Augmented
Generation (GRAG), we serialize the selected subgraph into a linear
context for entailment with a large language model (LLM). We fur-
ther reduce inference variance through majority voting across mul-
tiple model calls, following the broader intuition of self-consistency
decoding [15, 38].

1.1 Contributions
This paper contributes an end-to-end study of how graph context
can be used for COLIEE 2026 Tasks 3 and 4. At the center of the
system is an article-level directed multigraph of the Japanese Civil
Code whose typed edges capture explicit citations and implicit
dependencies. In Task 3, this graph is inserted between hybrid
ranking and cross-encoder reranking, broadening the candidate
set. In Task 4, where the relevant articles are provided, the evi-
dence is expanded before entailment. In both settings, the selected
neighborhoods are serialized using a BFS-derived hierarchy so that
the entailment model receives both the article text and the local
structure. The novelty of the approach lies in adapting GraphRAG
to statutory entailment over the Japanese Civil Code: an article-
level graph is placed at different stages of the Task 3 and Task 4
pipelines, and its neighborhoods are serialized for LLM reasoning.
The evaluation tests suggest that graph expansion is more useful
for contextualization around known articles than for broadening at
the retrieval stage.

2 Related Work
Our approach combines four converging lines of work: (a) represent-
ing legislation as a structured graph rather than an independent-
text corpus [9, 22, 39], (b) high-recall hybrid retrieval with neural
reranking [10, 28, 32, 33], (c) GraphRAG-style conversion of re-
trieved subgraphs into LLM-consumable linear contexts [11, 15, 31],
and (d) robust LLM inference via ensembling and voting [29, 38, 40].

2.1 Statute-graph modeling
A recurring observation in statutory reasoning is that an article’s
meaning often depends on surrounding provisions, definitions, and
cross-references. This motivates retrieval methods that exploit leg-
islative structure rather than treating statutes as isolated documents.
For instance, Louis et al. [22] represent legislation as a graph with

nodes for section headings and articles. They then use a GNN so
that each article’s retrieval representation reflects not only its own
text but also its position in the surrounding legislative hierarchy.
Similarly, the legal knowledge management literature emphasizes
that modeling both explicit citations and implicit relationships (e.g.,
shared concept hierarchies) improves retrieval coverage [9, 39].
Within the COLIEE benchmark specifically, Mizuno and Kano [24]
construct a legal structure graph capturing hierarchical placement
and referential dependencies. However, their approach recursively
inlines cited provisions into the citing article’s text, which can
lead to redundant, exponentially expanding contexts. In contrast,
our design keeps the graph at the article level. It represents the
civil code as a directed multigraph with explicit citations and im-
plicit relationships, and uses neighborhood expansion as a targeted,
recall-oriented mechanism. This avoids the context bloat caused by
recursive inlining.

2.2 Hybrid retrieval and neural reranking
Hybrid retrieval is a standard baseline in legal information retrieval.
It combines lexical matching, such as BM25, with dense semantic re-
trieval, then merges the two rankings with Reciprocal Rank Fusion
[10], helping cover both exact legal terms of art and paraphrased
queries. Following high-recall retrieval, cross-encoder rerankers are
widely used to improve precision [28]. Recent benchmark-specific
systems, such as JLGR [24], have demonstrated the effectiveness of
pairing graph-augmented bi-encoders with cross-encoder rerank-
ing to balance this precision–recall trade-off. Our pipeline extends
the standard “retrieve-then-rerank” paradigm by inserting a novel
graph expansion step between hybrid retrieval and reranking, fol-
lowed by a cross-encoder that selectively filters and restores preci-
sion over the structurally expanded candidate set.

2.3 Graph-Augmented LLM Generation
(GraphRAG)

GraphRAG methods generalize classical retrieval-augmented gen-
eration (RAG) by retrieving subgraphs and presenting both textual
and topological evidence to an LLM [15, 31]. For scaling to large
corpora, local-to-global approaches use staged summarization to
consolidate evidence before answering [11].

However, standard GraphRAG often expects semantic entities
and struggles with the rigid, hierarchical cross-references inherent
to statutory law. To address this domain-specific challenge, we
introduce a breadth-first search (BFS) serialization method and
LLM-based context consolidation. This translates general graph-
to-LLM principles into a statute-specific pipeline: we (i) retrieve a
statute subgraph, (ii) serialize it into a hierarchical linear context
suited for prompting without losing structural integrity, and (iii)
consolidate redundant statements while strictly preserving legal
exceptions and conditions.

2.4 Robust LLM inference via ensembling
Legal entailment in COLIEE Task 4 has increasingly been addressed
via LLMprompting due to limited labeled data and the need for faith-
ful reasoning. Prompt engineering, including structured reasoning
templates (e.g., IRAC-style prompts), significantly impacts perfor-
mance [2, 29, 40]. Beyond prompting, robustness can be improved
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via self-evaluation signals [16] or by issuing multiple independent
LLM calls and taking a majority vote [2]. Self-consistency samples
diverse reasoning paths and selects the most consistent answer,
effectively reducing stochastic decoding errors [38].

3 Dataset
We use the 2025 English translation of the Japanese Civil Code
together with the COLIEE query dataset [17]. The COLIEE query
dataset consists of annual legal bar examination problems from
2006 to 2024 and is distributed as one XML file per year. Each XML
file contains a set of queries, each with a query text, a yes/no label,
and a list of ground-truth articles. The query files were translated
with Gemini 3 Pro [13, 17].

4 Methods
This section presents the methods used for COLIEE Tasks 3 and 4.
In both settings, we represent the civil code as a graph and rely on
LLM-based entailment to produce the final yes/no decision. The two
tasks share the same overall architecture, differing primarily in the
way the legal context for inference is constructed. For Task 3, the
system first retrieves candidate articles from the corpus, whereas
Task 4 begins from the provided golden articles and may further
expand their local graph neighborhoods. The following subsection
introduces this shared pipeline and then highlights the task-specific
differences where relevant.

4.1 Pipeline
4.1.1 Statute Graph. For both tasks, we model the civil code as a
directed multigraph G, allowing multiple directed edges between
the same ordered pair of articles to represent different relation
types.

G = (V, E, 𝜏),
where V is the set of article nodes, E is the set of typed edges
between articles, and 𝜏 : E → R maps each edge to a relation type
from the set R. Each article node 𝑣 ∈ V is identified by its article
ID and stores text in the following format:

Article {id}
{optional caption}
{text content}

Edges in E use four relation types:
Explicit citation. An article directly cites another article by

naming its article number or relative position to itself.
Caption-based implicit dependency. An article refers to an-

other article bymentioning its caption rather than by naming
its article number directly.

Definition-based implicit dependency. An article uses a term
whose definition is given in another article.

Branch-numbered insertion. Two articles are linked when
they appear in the same branch-numbered sequence, such
as Articles 424-1 and 424-2. In the Civil Code, such branch
numbers mark provisions inserted later. They leave the sur-
rounding article numbering untouched, so that existing cross-
references do not need to be rewritten [14].

The first three relation types correspond to the relation categories
discussed by Mizuno and Kano [24]: caption or hierarchical context,

𝑘 = 0

𝑣

𝑘 = 1

𝑣

𝑘 = 2

𝑣

Figure 1: Cumulative 𝑘-hop ego-graph expansion around a
seed article.

implicit neighboring dependencies, and explicit inter-article refer-
ences. In their representation, structural units such as parts, chap-
ters, sections, and captions are modeled as separate nodes linked to
article nodes through the legal hierarchy. Our graph is structured
differently: instead of introducing separate hierarchy nodes and
recursively inlining cited provisions, we use an article-level graph
over inter-article relations. As an additional heuristic relation, we
add links between articles in the same branch-numbered sequence.
We do so because their placement in the code often signals a close
relationship to the neighboring articles. For explicit citations and
definition-based dependencies, we also add reverse edges so that
these relations can be traversed in both directions.

4.1.2 Retrieval.

Hybrid Article Ranking. We encode each article text with a pre-
trained embedding model, which maps it to a vector in R𝑑 . For a
query vector q ∈ R𝑑 , we then retrieve candidate articles with a
hybrid dense-lexical procedure. We first build two ranked shortlists:
one based on cosine similarity and one based on BM25 over article
text [33]. For an article node 𝑣 , the fused score under Reciprocal
Rank Fusion (RRF) [10] is

𝑠 (𝑣) = 1{𝑣∈𝐷 }
1

𝑘RRF + rankdense (𝑣)
+ 1{𝑣∈𝐵}

1
𝑘RRF + rankBM25 (𝑣)

.

Here, 𝐷 and 𝐵 denote the dense and BM25 shortlists. rankdense (𝑣)
and rankBM25 (𝑣) are the positions of article 𝑣 in those lists, and 𝑘RRF
is the RRF constant. Sorting 𝐷 ∪𝐵 by the fused score gives the final
hybrid shortlist 𝑉hyb.

Ego-Graph Expansion. To enlarge the candidate set, we perform a
𝑘-hop ego-graph expansion around each article in𝑉hyb. This adds all
connected articles within 𝑘 hops, following the ego-graph retrieval
idea used in GRAG [15]. We then merge the expanded sets into a
single candidate subgraph defined as

Gcand =
⋃

𝑣∈𝑉hyb

EgoGraph(G, 𝑣, 𝑘).

where EgoGraph(G, 𝑣, 𝑘) returns the subgraph of G containing all
nodes reachable from 𝑣 within 𝑘 hops. As 𝑘 increases, the ego graph
around a seed article expands outward through successive layers of
the local statutory neighborhood. A 0-hop ego graph contains only
the seed article; a 1-hop ego graph additionally includes directly
adjacent provisions; and a 2-hop ego graph further includes pro-
visions reachable through a single intermediate relation. Figure 1
shows the process of cumulative expansion.
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Node Reranking. The merged candidate graph Gcand may now
still contain articles that are only loosely related to the query. Fol-
lowing the retrieve-then-refine pattern from GRAG [15], and as in
the Task 3 system of Mizuno and Kano [24], we use a second-stage
cross-encoder model [28], which was fine-tuned on the training
queries to rerank the graph nodes. The model takes the query and
article text as input and outputs a relevance score. After reranking, a
minimum score threshold 𝜃 can be applied. If no article exceeds the
threshold, we fall back to the top𝑀 articles. The retained articles
form 𝑉sel. The induced subgraph on these articles is

Gsel = Gcand [𝑉sel] .

4.1.3 Entailment Decision. For the entailment stage, we first con-
struct a breadth-first spanning forest over the retained subgraph
Gsel, rooted at the highest-ranked retained article [25, Section 12.3.1].
We then linearize this forest as hierarchical text following GRAG
[15]. The traversal is therefore BFS-derived, although the rendered
text is grouped hierarchically rather than printed in strict level
order. This yields a legal context such as:
[ROOT] Article A.
Article A is connected to:

1.1 Article B via explicit citation from Article A.
Article B is connected to:
1.1.1 Article D via explicit citation from Article B.
1.2 Article C via explicit citation from Article A.

[Additional Related Articles]
[ROOT] Article E.

When the serialized context is large, we optionally consolidate
it into a shorter single bulleted list that preserves distinct facts,
conditions, and exceptions. This step is intended to reduce the risk
that relevant information will be overlooked when it appears in the
middle of a long input sequence, a position that LLMs handle less
reliably [20]. When consolidation is applied, we use a fixed prompt
template that instructs the model to rewrite the provided Japanese
Civil Code text as a single bulleted list. The prompt directs themodel
to rely exclusively on the supplied text, remove redundant material,
and retain all distinct facts and exceptions. We then run multiple
independent LLM calls on each query-context pair and determine
the final label by majority vote [2]. To simplify output parsing, the
model is asked to return true or false rather than yes or no. Given
the predictions 𝑦𝑖 ∈ {true, false} from the 𝑛 independent LLM calls,
the final majority-vote decision 𝑦 is obtained as

𝑦 = arg max
𝑦∈{true,false}

𝑛∑︁
𝑖=1

1{𝑦𝑖=𝑦} .

Figure 2 outlines the shared pipeline. The task-specific sections
below explain how Tasks 3 and 4 use this pipeline.

4.2 Task 3: Statute Retrieval and Entailment for
Yes/No Questions

4.2.1 System Overview. For Task 3, we use the full retrieval-to-
entailment pipeline shown in Figure 2. The system first forms
an initial candidate set from the full statute corpus, combining
dense retrieval with BM25 so that both semantic and exact lexical
matches enter the search space. It then expands these seeds across

Retrieval

Entailment

Query

Dense Query Encoding

Hybrid Article Ranking (Dense ⊕ RRF ⊕ BM25)

Ego-Graph Expansion & Merge

Cross-Encoder Reranking

BFS Graph Serialization

Context Consolidation

LLMLLMLLM LLM LLM

Majority Vote → true/false

Figure 2: Shared pipeline for candidate construction and en-
tailment over the statute graph.

the statute graph, thereby recovering nearby provisions that pro-
vide definitions, exceptions, or cross-referenced conditions. The
merged candidate set is reranked with a cross-encoder, serialized
by a breadth-first traversal, and consolidated to remove redundancy
while retaining legal dependencies. We then take a majority vote
over the independent LLM calls to obtain the final yes/no prediction.
This design treats Task 3 as a joint retrieval and reasoning problem,
with article selection and legal inference treated as consecutive
stages of the same workflow.

4.2.2 Cross-Encoder Training. We train and validate the reranker
on the COLIEE query dataset [17]. Rather than using a random
split, we adopt a chronological partition: queries from 2006–2022
are used for training, whereas queries from 2023–2024 are reserved
for validation. This setup provides a more realistic estimate of
performance on later examination questions and reduces the risk
of overly optimistic results under temporal concept drift [4].

The cross-encoder is trained to rescore articles that have already
passed the first-stage retrieval pipeline and to promote the most rel-
evant ones in the final ranking. For each training query, candidate
articles are generated by the same hybrid retrieval and ego-graph
expansion procedure used at inference time. As a result, the can-
didate subgraphs reflect the types of candidates generated by the
retrieval pipeline, rather than relying solely on randomly sampled
corpus negatives. Within each candidate subgraph, articles whose
IDs match a ground-truth article for the query are labeled as posi-
tives, whereas all other retrieved articles are labeled as negatives.
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We rank negative candidates using two signals: the stage at
which they enter the merged candidate subgraph and their sim-
ilarity to the query. We then construct a mixed negative set by
combining harder negatives from the top of this ranking with a
larger pool of randomly sampled negatives. This strategy exposes
the reranker to more challenging negative examples while avoiding
overreliance on a small fixed set of hard negatives. The model is
optimized with a listwise ranking loss, and checkpoints are selected
based on validation Hit@1, that is, whether any ground-truth article
is ranked first for the query.

4.2.3 Implementation Details. We implement the statute graph as
a directed multigraph in NetworkX [26]. Dense retrieval is based on
Qwen3-Embedding-4B [41] via the SentenceTransformers frame-
work [32], while BM25 provides the lexical scores. The codebase
also supports mean-pooling an article embedding with embeddings
of its ego-graph neighbors, following the pooling idea in GRAG
[15]. The submitted system, however, uses only the article’s em-
bedding. For hybrid ranking, we set the RRF constant to 𝑘RRF = 60
and draw

⌈
𝑁
2
⌉
candidates from the dense shortlist and

⌊
𝑁
2
⌋
from

the BM25 shortlist, allowing overlap. The merged candidates are
scored with BGE-reranker-v2-m3 [7, 19], which we fine-tune on the
training queries using a ListNet-style listwise cross-entropy loss
[3]. During training, each query retrieves 50 seed articles, and each
seed is expanded by 1 graph hop to form the candidate subgraph,
which is scored by the reranker. Negatives are sampled with a 30/70
split between hard negatives and articles from the residual pool; the
sample is refreshed every 2 epochs to avoid overfitting to a fixed
set of distractors. We optimize the model with AdamW [21], using
a learning rate of 2 × 10−5, weight decay of 10−2, and a warmup
fraction of 0.1. Training ran for 12 epochs, and the best checkpoint
reached a validation Hit@1 of 0.926.

Table 1 lists four run-specific parameters:

𝑁 Number of articles returned by hybrid ranking.
𝑘 Ego-graph expansion depth.
𝑀 Number of reranked articles retained for entailment.
𝜃 Minimum reranker score when thresholding is enabled.

If thresholding is enabled and no article exceeds 𝜃 , we fall back to
the top𝑀 articles. Both context consolidation and final entailment
use Qwen3-32B [36]. We access it through OpenRouter’s chat/
completions endpoint under the model designation Qwen/Qwen3-
32B [30]. We set the LLM temperature to 0.5 because, in internal
evaluation, this value provided enough diversity for majority voting
to be useful without introducing excessive variance into individual
generations. For voting runs, we issue up to 𝑛 = 5 independent
calls and stop early once a majority is reached.

Submitted Runs. We submitted three experimental runs with
different hyperparameter settings, as detailed in Table 1. These
settings were chosen from the region of the hyperparameter space
that yielded the strongest end-to-end accuracy in our internal eval-
uation. Because the pipeline relies on stochastic LLM inference,
repeated runs show some variance. We therefore did not observe a
single deterministic optimum and instead submitted representative
configurations from that high-performing region.

Table 1: Hyperparameter settings for the three submitted
runs for Task 3.

Run ID 𝑁 K-hop depth 𝑘 𝑀 𝜃

codygrag1 15 1 25 0.75
codygrag2 15 1 25 off
codyrag 50 0 25 off

4.3 Task 4: Legal Textual Entailment
4.3.1 System Overview. For Task 4, we retain the overall pipeline
from Task 3 but simplify the candidate-construction stage since
the golden article IDs are already provided as input. The system,
therefore, does not need to search the full statute corpus or rerank
a large candidate pool. Instead, it begins from the provided golden
articles, optionally expands their local graph neighborhoods, and
then proceeds directly to serialization and entailment. This local
expansion is still useful as neighboring provisions may contain
definitions, exceptions, or cross-referenced conditions that affect
whether the provided statutory evidence entails the query. The
resulting subgraph is serialized by the same breadth-first proce-
dure used in Task 3 so that both article text and graph structure
are presented to the LLM in a consistent linear form. Because this
evidence set remains compact, no consolidation stage is required,
and the serialized subgraph is passed directly to the majority-vote
entailment module. This design treats Task 4 primarily as a reason-
ing problem over organizer-supplied legal evidence rather than a
joint retrieval-and-reasoning problem over the full code. Figure 3
illustrates this variant.

Retrieval

Entailment

Golden Article IDs Query

Load Golden Articles

Ego-Graph Expansion & Merge

BFS Graph Serialization

LLMLLMLLM LLM LLM

Majority Vote → true/false

Figure 3: Task 4 variant of the pipeline.

4.3.2 Implementation Details. Task 4 uses the same NetworkX
graph representation and the same Qwen3-32B LLM configuration
via OpenRouter (Qwen/Qwen3-32B). As the golden article IDs are
already provided, Task 4 does not use the dense retriever or cross-
encoder reranker from Task 3. In all submitted runs, we serialize
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Table 2: Hyperparameter settings for the three submitted
runs for Task 4.

Run ID Number of votes 𝑛 K-hop depth 𝑘

cody1 1 0
cody5 5 0
cody5graph 5 1

the seed neighborhood directly and pass it to entailment without
consolidation. The submitted runs vary only in the number of votes
𝑛 and the neighborhood depth 𝑘 , allowing us to isolate the effects
of majority voting and local graph expansion. Table 2 lists the
corresponding hyperparameters.

5 Results
In this section, we present the official COLIEE 2026 results for
Tasks 3 and 4, followed by an analysis of our submitted configura-
tions.

5.1 Task 3
The official evaluation metric for Task 3 is accuracy. A query is
counted as correct only if the system retrieves every relevant article
(Recall = 1) and produces the correct yes/no entailment prediction.
Accuracy is then the fraction of correct queries over all queries:

Accuracy =
𝑁correct

𝑁all
.

To break ties in cases of equal accuracy, the F2 measure is used.
This differs from COLIEE 2025 Task 3, which evaluated retrieval
in isolation and used F2 as the primary metric [24]. For that rea-
son, cross-year comparisons are most meaningful when restricted
to retrieval-stage behavior rather than overall end-to-end perfor-
mance.

Table 3 reports results for all submitted runs. Our best config-
uration, codyrag, ranked fifth overall with an accuracy of 0.8537,
trailing the top-ranked NOWJ_run1 (0.9512) by approximately ten
percentage points.

Table 4 compares our three configurations across the R05 and
R06 validation sets from our internal evaluation and the official R07
test set. codyrag achieved the highest accuracy on both R05 (0.7523)
and R07 (0.8537), while codygrag2 led on R06 (0.7260). Despite this
single advantage, the graph-augmented variant trailed codyrag on
the test set by 6.1 percentage points. These results suggest that the
broader hybrid retrieval strategy generalized more reliably across
datasets than the graph-augmented configurations, even though
the latter remained competitive on individual validation splits. If
we look only at retrieval-stage F2, our strongest F2 run (codygrag1,
0.7446) improves on the 0.6917 score reported by JLGR for their
graph-based system [24].

To better understand the factors behind these differences in ac-
curacy, Table 5 isolates the retrieval-stage metrics for our runs. The
three configurations exhibit a clear trade-off between precision
and recall. codygrag1 achieved the highest precision (0.5764) and
F2 (0.7446) but the lowest recall (0.9024). Conversely, codyrag at-
tained perfect recall along with the strongest R@5 and R@10 scores,
at the expense of lower precision. codygrag2 occupied a similar

Table 3: 2026 COLIEE Task 3 results for all submitted runs.

Run Accuracy Accuracy (Sufficient) F2

NOWJ_run1 0.9512 0.9512 0.2224
JNLP1 0.9024 0.9024 0.7796
NOWJ_run2 0.8902 0.8902 0.2224
NOWJ_run3 0.8902 0.8902 0.2224
codyrag 0.8537 0.8537 0.1848
BengoR2E2 0.8293 0.8608 0.9242
HUKBmix 0.8171 0.8816 0.9446
BengoR2E1 0.8171 0.8481 0.9242
HUKBsoft 0.8171 0.8816 0.9076
HUKBbase 0.8049 0.8800 0.9304
BengoR1E1 0.8049 0.8462 0.9187
SCIlab1 0.8049 0.8684 0.0612
JNLP2 0.7927 0.7927 0.7796
DU2 0.7927 0.8333 0.3168
codygrag2 0.7927 0.8025 0.2197
JNLP3 0.7805 0.7805 0.7796
codygrag1 0.7683 0.8630 0.7446
DU 0.7683 0.8289 0.5383
DU1 0.7561 0.7848 0.2712
AIIRjpgen 0.5854 0.7619 0.4481
AIIRjpllm 0.5732 0.7344 0.4606
AIIRjpsw 0.5000 0.8913 0.5474

Table 4: Accuracy of our Task 3 configurations on the R05
and R06 validation sets and the official R07 test set.

Configuration R05 R06 R07 (Test)

codygrag1 0.6881 0.6164 0.7683
codygrag2 0.6881 0.7260 0.7927
codyrag 0.7523 0.6849 0.8537

Table 5: Task 3 information-retrieval metrics for our submit-
ted runs.

Run F2 Prec. Recall MAP R@5 R@10

codygrag1 0.7446 0.5764 0.9024 0.8564 0.8902 0.8902
codygrag2 0.2197 0.0554 0.9939 0.8941 0.9736 0.9817
codyrag 0.1848 0.0439 1.0000 0.8899 0.9837 0.9878

position to codyrag, with near-perfect recall (0.9939) but substan-
tially reduced precision in comparison to codygrag1. Notably, the
configuration with the highest end-to-end accuracy, codyrag, was
also the one with the strongest recall, indicating that recall was
the more important retrieval property for downstream entailment
performance in this pipeline.

Task 3 accuracy favored the non-graph configuration, but that
aggregate result does not show how graph expansion changed the
candidate evidence available before reranking.

45



GraphRAG for Statutory Retrieval and Entailment COLIEE 2026, June 12, 2026, Singapore

5.2 Qualitative Analysis of Ego-Graph
Expansion

For the comparison, we use the first stage of the graph-expanded
runs in Table 1. This stage retrieves 15 seed articles through hybrid
retrieval and expands each seed by one graph hop. For each query,
we compare the expanded candidate pool against a no-expansion
baseline (𝑘 = 0). To keep the comparison fair, the baseline is allowed
to return the same number of articles as the expanded candidate
set for that query. That way, if a ground-truth article appears in
one run but not the other, the difference is due to expansion rather
than list size.

The examples below examine this effect at the query level. In
the first, a cross-reference recovers a missing ground-truth article.
In the second, expansion adds topically related candidates, but still
misses the target provision.

5.2.1 Examples.

Useful expansion: recovering an implicit pledge rule through a
cross-reference. The query is:

“A pledgee of movables may use the thing pledged to the
extent necessary for its preservation even without obtaining
the consent of the pledgor.”

The ground-truth articles are Articles 298 and 350:
Article 298 (Custody of Thing Retained by Holders of
Rights of Retention).
(1) The holder of a right of retention must possess the thing
retained with the due care of a prudent manager.
(2) The holder of the right of retention may not use, lease or
provide as a security the thing retained unless that holder
obtains the consent of the obligor; provided, however, that
this does not apply to uses necessary for the preservation of
that thing.
(3) If the holder of a right of retention violates the provisions
of the preceding two paragraphs, the obligor may demand
that the right of retention be terminated.
Article 350 (Mutatis Mutandis Application of Provi-
sions on Rights of Retention and Statutory Liens).
The provisions of Articles 296 through 300 and those of
Article 304 apply mutatis mutandis to pledges.

The Japanese Civil Code makes heavy use of mutatis mutandis
cross-references as a drafting technique to avoid restating shared
rules across analogous institutions. As a result, the answer to this
query is distributed over two provisions. Article 298 contains the
substantive preservation exception, but it is written for the right
of retention. Article 350 then applies these rules mutatis mutandis
to pledges. From a linguistic perspective, the two articles cover
different parts of the query: Article 298 contains the words "use,"
"consent," and "preservation," whereas Article 350 only establishes
the connection to pledges, without restating the rule itself. This
split also explains the lexical gap. Article 350 carries the pledge
vocabulary but no preservation language, while Article 298 carries
the preservation rule but speaks of the "holder of a right of reten-
tion" and the "obligor." Text-only retrieval can match one side or
the other, but only the citation edge connects them; this is why
one-hop expansion lifts recall from 0.5 to 1.0. The citation edge,
therefore, provides the missing legal bridge that text-only retrieval
cannot reliably infer. This suggests that future systems should treat

explicit citation edges as legally meaningful signals. It may also
be useful to classify citation types so that incorporation links can
receive higher weights.

Ineffective expansion: crowding out an isolated real-rights provision.
The query is:

“A person who has acquired a superficies for owning bamboo
or trees by prescription may assert the acquisition of the
superficies against a person who subsequently purchased
the land subject to the superficies and registered that effect,
even without registration.”

The sole ground-truth article is Article 177:

Article 177 (Requirements of Perfection of Changes in
Real Rights on Immovables).
Acquisitions of, losses of and changes in real rights on im-
movables may not be duly asserted against any third parties,
unless the same are registered pursuant to the applicable
provisions of the Real Property Registration Act (Act No. 123
of 2004) and other laws regarding registration.

The graph-expanded run returns 36 candidates and still misses
Article 177. The no-hop baseline places it at rank 23 within the same
36-candidate pool, yielding a recall of 1.0, compared to 0 for the
expanded run. The reasons are both structural and linguistic. Arti-
cle 177 is the general perfection rule for real rights on immovables
and belongs to a foundational layer of the code. Its applicability
to the query rests on legal reasoning rather than on an explicit
cross-reference. Because Article 177 states a general rule, it is not
necessarily connected by explicit citations from other articles. As
a consequence, Article 177 has in-degree zero in our graph; if the
retriever does not already surface it as a seed, one-hop expansion
cannot recover it. The linguistic profile compounds this effect. The
query is concrete and institution-specific ("superficies," "bamboo
or trees," "acquired by prescription"), whereas Article 177 is formu-
lated in abstract terms ("real rights on immovables," "third parties,"
"registration"). The seeds that do surface are about acquisitive pre-
scription and superficies. They are relevant to the topic of the query,
but not to its actual legal question, and their neighbors inherit the
same bias, so expansion pushes Article 177 even further below the
cutoff. This could motivate enriching the graph beyond direct ci-
tations. Adding semantic edges and legal-knowledge edges could
also allow the expansion step to reach high-centrality articles that
the code itself never explicitly cites.

Together, these examples show that ego-graph expansion is
topology-dependent. It is valuable when relevant provisions are
reachable from retrieved seeds through legally meaningful links,
and less useful when the target article is isolated or when the added
neighbors share the topic without answering the legal question.

5.3 Task 4
Task 4 uses the same accuracy metric as Task 3, but the golden arti-
cles are provided with each query, isolating the entailment decision
from retrieval quality. Table 6 reports accuracy for all submitted
runs across three evaluation sets (H30, R01, R02) and the official
R07 test set.

Our best submission, cody5, achieved 0.9024 on R07, ranking it in
the middle of the competition. This result is very close to the 0.9041
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Table 6: Task 4 accuracy for all submitted runs across the
H30, R01, R02, and test evaluation files.

Run H30 R01 R02 R07 (Test)

DU1 0.9403 0.8818 0.9877 0.9634
DU2 0.9403 0.8818 0.9753 0.9634
JNLP-3 – – – 0.9512
IAIrun2 – – – 0.9512
IAIrun3 – – – 0.9512
DU3 0.9403 0.8727 0.9630 0.9390
IAIrun1 – – – 0.9390
JNLP-1 0.8358 0.7909 0.9259 0.9268
RUG-1 0.7612 0.7182 0.9136 0.9268
RUG-2 0.9851 0.9455 0.9383 0.9268
UA2 0.9104 0.7636 0.9506 0.9268
UA1 0.9104 0.7636 0.9383 0.9146
UA3 0.9104 0.7636 0.9383 0.9146
RUG-3 0.8507 0.8000 0.8765 0.9024
cody5 0.8657 0.7727 0.9012 0.9024
cody5graph 0.8806 0.8000 0.9136 0.8902
HUKBac 0.7463 0.7455 0.9136 0.8780
HUKBllama 0.7463 0.7455 0.9136 0.8780
NOWJ-1 0.8358 0.8273 0.9012 0.8780
cody1 0.7761 0.7455 0.9012 0.8659
NOWJ-3 0.9104 0.8273 0.9136 0.8049
AIIRCrossCoT 0.6119 0.4091 0.6667 0.7805
AIIRDivVote 0.6269 0.4182 0.6790 0.7805
HUKBllmjp 0.6866 0.7182 0.7284 0.7805
BengoREF 0.8955 0.7545 0.8889 0.7317
BengoREFSC5 0.9104 0.7455 0.8889 0.7317
BengoREFSC10 0.8955 0.7455 0.8889 0.7195
AIIRNeuSym 0.5970 0.4000 0.5802 0.6951
ASHIN-LLAMA3 1.0000 1.0000 1.0000 0.6098
ASHIN-LLAMA2 1.0000 1.0000 1.0000 0.5976
JNLP-2 0.8806 0.7727 0.9012 0.5732
Baseline 0.5224 0.5364 0.5309 0.5000
NOWJ-2 0.7761 0.7818 0.9012 0.5000
ASHIN-LLAMA4 1.0000 1.0000 1.0000 0.4024

accuracy reported by last year’s winning KIS team [29]. The graph-
augmented variant cody5graph scored slightly lower on the test set
(0.8902), despite outperforming cody5 on all three evaluation sets
(H30, R01, R02). cody1, the single-call baseline, trailed both five-
sample variants on three of the four evaluation sets and tied cody5
on R02. The primary performance gap on R07 thus lies between
the single-call and five-call settings (0.8659 vs. 0.9024) rather than
between the two five-call variants (0.9024 vs. 0.8902).

5.4 Discussion
Our results on Tasks 3 and 4 point to four findings. First, the role
of graph expansion depended on its position in the pipeline. In
Task 3, the graph-augmented settings trailed the non-graph baseline
in end-to-end accuracy. However, the qualitative analysis shows
that graph links can still recover useful candidates in specific legal
settings. In Task 4, expansion around known seed articles improved
performance on most validation splits. Second, the graph’s degree
distribution is skewed, leading to inconsistent expansion across
queries and making graph-augmented configurations sensitive to

dataset composition. Third, in Task 3, recall mattered more than
precision: the configuration with the best precision and F2 produced
the lowest end-to-end accuracy. Fourth, inference-time majority
voting stabilized entailment predictions without any additional
training.

5.4.1 Graph expansion appears more effective after than during
retrieval. In Task 3, the non-graph hybrid retrieval configuration
(codyrag, 𝑁 = 50, 𝑘 = 0) achieved the highest test-set accuracy
(0.8537) and the strongest performance on R05 (0.7523), outperform-
ing both graph-augmented settings (codygrag1 and codygrag2,
𝑁 = 15, 𝑘 = 1). The per-dataset breakdown in Table 4 shows one
exception: codygrag2 led on R06 (0.7260 vs. 0.6849), so graph ex-
pansion can help on particular query distributions. Still, codyrag
generalized more consistently across all three splits. The qualitative
analysis in Section 5.2 clarifies this mixed result. Cross-reference
links can recover provisions that text retrieval misses. The difficulty
is that, in Task 3, expansion runs before the reranker has identified
the focal provision, so the added neighbors may be legally related
but fail to answer the query. This can dilute the evidence passed to
entailment even when the graph contains useful legal structure.

Task 4 shows a different pattern. The golden articles are provided,
so the model already has the key provisions, and expansion can only
add context. Adding the 1-hop neighborhood (cody5graph, 𝑘 = 1)
improved accuracy over the no-expansion baseline (cody5, 𝑘 = 0)
on H30, R01, and R02, though not on R07. The neighboring articles
here tend to supply definitions, exceptions, or cross-referenced
conditions that clarify how those articles apply to the query. Taken
together, these results suggest that the statute graph is more useful
for contextualization once the relevant articles are known than for
broadening the candidate set at the front of the retrieval pipeline.

5.4.2 Graph degree imbalance limits expansion reliability. The qual-
itative examples point to a structural reason for the uneven gains
from graph expansion: the statute graph has an imbalanced degree
distribution. Some articles are heavily cross-referenced, while oth-
ers have few or no incoming edges. This matters because expansion
makes the effective candidate set depend on the retrieved seeds.
With 𝑘 = 0, the first-stage cutoff is fixed by the number of retrieved
seed articles 𝑁 . With 𝑘 = 1, the number and usefulness of addi-
tional candidates vary with each seed’s local neighborhood. A seed
connected by a direct statutory cross-reference can add a missing
ground-truth article, as in the pledge example; a seed in a broad
or only topically related neighborhood can instead add candidates
that are legally adjacent but less decisive.

This mechanism is consistent with the dataset-dependent Task 3
results in Table 4. codygrag2 outperformed codyrag on R06, but
fell behind on R05 and R07. The point is therefore not that graph
expansion is generally unhelpful, but that a single fixed 𝑁 and
𝑘 exposes the pipeline to variation in local graph topology. Our
internal experiments showed the same sensitivity: as hop depth in-
creased, subgraph sizes varied more widely across queries, making
it difficult to choose a single setting that worked across all splits.
Degree-aware expansion, for instance, capping neighborhood size
or adapting 𝑘 per query based on local graph density, could reduce
this sensitivity and is worth exploring in future work.
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5.4.3 Strict thresholding did not improve end-to-end accuracy. The
Task 3 runs show that strong retrieval metrics do not necessarily
translate into strong end-to-end entailment accuracy. Although the
thresholded run codygrag1 achieved the best precision (0.5764) and
F2 score (0.7446) among our submissions, it produced the lowest
end-to-end accuracy (0.7683). The main reason is its lower recall.
It retrieved fewer ground-truth articles than the other submitted
runs, and in this pipeline, failing to recover a ground-truth article
is sufficient to make the final prediction incorrect. By contrast,
the higher-recall runs suggest that Qwen3-32B can tolerate some
additional distractor articles after consolidation and still identify
the relevant evidence. For this pipeline, preserving recall therefore
appears to be the safer trade-off, even at the cost of a noisier context.
More broadly, our results suggest that systems optimized primarily
for high F2 in earlier Task 3 settings can be outperformed in the
new setting by pipelines that preserve recall more aggressively.

5.4.4 Voting improves stability. The Task 4 ablation is consistent
with prior work showing that inference-time answer aggregation
can improve robustness in legal entailment [2]. More broadly, it
aligns with findings that self-consistency can improve the reliability
of reasoning in LLMs [38]. Comparing cody1 and cody5, which
differ only in the number of LLM calls, reveals consistent gains
from five-vote majority decisions across all evaluation sets. On the
final test set (R07), accuracy increased from 0.8659 to 0.9024. These
results indicate that part of the remaining error is attributable not
only to missing knowledge, but also to variance across individual
generations. In this setting, majority voting therefore improved
performance without requiring additional training.

6 Conclusion and Future Work
Our experiments suggest that graph expansion is more useful as a
contextualization step than as a broadeningmechanism for retrieval.
When the relevant articles were already known (Task 4), neighbor-
ing provisions supplied definitions and exceptions that improved
accuracy on most validation splits. When expansion preceded the
reranker (Task 3), it tended to introduce noise rather than signal,
because the reranker had not yet identified the focal provision.
The skewed degree distribution in the graph amplified this effect:
well-connected provisions pulled in large neighborhoods, while
narrowly scoped ones gained little from expansion. Separately, re-
call proved more important than precision for end-to-end accuracy;
the LLM could handle distractor articles after consolidation, but
omitting any ground-truth article was not recoverable. In a retrieval-
only setting, F2 remains a useful summary of the precision-recall
trade-off; however, in the joint retrieval-and-entailment setting
studied here, it was not the most accurate proxy for downstream
entailment success. Future retrieval pipelines may want to optimize
for objectives that weight recall more heavily than F2. Majority
voting improved predictions over single-call baselines across all
evaluation splits without any additional training.

Most of the remaining errors can be traced to how the graph is
constructed and traversed, making this the logical focus for future
work. A natural starting point is degree-aware expansion: condition-
ing neighborhood depth on local graph density so that high-degree
and low-degree articles receive comparably sized contexts. Rather

than pulling in every node within a fixed 𝑘-hop radius, a query-
conditioned extraction step could learn which neighbors to include
for a given query. A lightweight graph neural network that scores
candidate neighbors by estimated query relevance is one concrete
way to achieve this. Our current edge types are also unweighted,
yet not all relations carry the same information. An explicit cross-
reference to a definition article is typically far more relevant than
a link between articles in the same branch-numbered sequence.
Learning per-type edge weights, or allowing the expansion pol-
icy to prefer certain relation types over others, would improve
the signal-to-noise ratio of the expanded subgraph. Applying the
pipeline to civil-law codes outside Japan would test whether these
graph construction choices and the BFS serialization strategy hold
up across legislative traditions with different drafting and cross-
referencing conventions.
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Abstract
In this paper, we present the techniques applied by the AI in Com-
plex Systems Lab at the University at Albany (AICSL) team in
the 2026 Competition on Legal Information Extraction and Entail-
ment (COLIEE 2026). We participated in both the retrieval (Task
1) and entailment (Task 2) tasks. For Task 1, we designed a hy-
brid lexical pipeline combining suppression-aware paragraph iso-
lation, LLM-based high-IDF keyword expansion, n-gram BM25
retrieval, and a dynamic prediction threshold derived from training-
set statistics. For Task 2, we developed a two-stage retrieve-and-
rerank framework that integrates BM25Plus candidate generation,
an assertiveness-based paragraph prior learned with logistic regres-
sion, and listwise LLM reranking for final paragraph selection. Our
Task 1 run ranked 11th out of 22 teams, while our best Task 2 run
ranked 10th out of 14 teams. These results demonstrate that care-
fully engineered lexical–LLM hybrid methods remain competitive
for legal retrieval and entailment under constrained competition
settings.

CCS Concepts
• Computing methodologies → Natural language process-
ing; • Information systems→ Information retrieval; • Applied
computing → Law.
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1 Introduction
Legal Natural Language Processing (NLP) is a specialized subfield of
NLP concernedwith the automatic analysis, retrieval, and reasoning
over legal texts such as court decisions, statutes, and contracts [11].

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
COLIEE 2026, Singapore
© 2026 Copyright held by the owner/author(s).
ACM ISBN TBD
https://doi.org/TBD

The legal domain presents unique challenges for computational
methods: legal language is highly technical, relies on precedent-
based reasoning, and contains complex argumentation structures
that differ substantially from general-purpose text [2]. In recent
years, the field has seen growing interest driven by the need for
tools that can assist legal professionals in tasks such as case retrieval,
statute interpretation, and contract analysis.

Methods applied in legal NLP broadly span two paradigms. Tra-
ditional lexical approaches such as BM25 and TF-IDF have long
served as strong baselines for legal information retrieval due to
the high specificity of legal terminology. More recently, neural
approaches—including transformer-based language models such
as BERT [5] and domain-specific variants such as Legal-BERT [3]—
have yielded marked improvements by capturing semantic and
structural properties of legal documents. The emergence of Large
Language Models (LLMs) has further broadened the scope of le-
gal NLP, enabling applications such as document summarization,
question answering, judgment prediction, and query expansion
for retrieval tasks. Hybrid pipelines combining lexical first-stage
retrieval with neural reranking and LLM-assisted query formula-
tion have become the dominant approach in competitive legal IR
systems, as evidenced by recent proceedings of the Competition
on Legal Information Extraction and Entailment (COLIEE) [7].

COLIEE is an annual shared task competition focused on legal
AI, specifically targeting Japanese and Canadian Federal Court case
law. COLIEE 2026 comprises four tasks spanning case law retrieval,
entailment, and statute-based question answering, attracting par-
ticipation from research groups worldwide.

In this study, we describe the AI in Complex Systems Lab at the
University at Albany’s (AICSL) first participation in COLIEE 2026,
covering Task 1 (legal case retrieval) and Task 2 (legal case entail-
ment). For Task 1, we develop a lexical retrieval pipeline centered
on suppression-aware paragraph isolation, LLM-based query expan-
sion using high-IDF keyword extraction, and a tuned n-gram BM25
index with a dynamic prediction threshold. For Task 2, we propose
a two-stage retrieve-and-rerank pipeline that augments BM25 can-
didate retrieval with a learned, query-agnostic assertiveness prior
and listwise reasoning via a large language model. The remainder of
this paper is organized as follows: Section 2 and Section 3 present
the task formulations, our methodology, and the corresponding
results and discussion for Task 1 and Task 2, respectively.
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2 Task 1: Legal Case Retrieval
2.1 Task Overview
Task 1 of COLIEE 2026 is a legal case retrieval task. Given a query
case 𝑄 and a corpus of candidate cases 𝐶 = {𝑐1, 𝑐2, . . . , 𝑐𝑛}, the
objective is to identify the subset𝐶 ⊆ 𝐶 of cases that𝑄 has noticed
(i.e., cited).

A distinguishing characteristic of the task is that the number
of noticed cases per query is neither fixed nor disclosed at infer-
ence time. Therefore, participating systems must determine how
many cases to predict for each query. In addition, citations in query
documents are redacted and replaced with _SUPPRESSED placehold-
ers. Despite this redaction, the full query text is available, and
paragraphs are explicitly indexed (e.g., [1], [2]), which enables
paragraph-level processing. Participants are provided with a train-
ing dataset consisting of 2,001 queries and their respective noticed
cases, forming a corpus pool of 7,708 cases in total. For the test
dataset, participants are provided with 400 query cases and a sep-
arate candidate pool of 1,848 cases, with no overlap between the
training and test corpora. The ground-truth noticed cases for each
test query are drawn exclusively from this test pool.

Systems are evaluated using micro-averaged Precision, Recall,
and F1-score over all query–noticed-case pairs:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 , Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 ,

𝐹1 =
2 × Precision × Recall
Precision + Recall

.

(1)

Here, 𝑇𝑃 denotes correctly predicted noticed cases, 𝐹𝑃 denotes
incorrectly predicted cases, and 𝐹𝑁 denotes missed noticed cases.

2.2 Methodology
The central challenge in Task 1 is identifying which cases from
a corpus a query document “noticed” (cited), given that all cita-
tions have been redacted and replaced with suppression markers
such as FRAGMENT_SUPPRESSED, REFERENCE_SUPPRESSED,
CITATION_SUPPRESSED, and DATE_SUPPRESSED.

Before designing the retrieval system, we first conduct a thor-
ough statistical analysis of the training set (2,001 query cases) to
characterize the relationship between these suppression tags and
the ground-truth noticed cases.

This analysis reveals a key finding: the number of FRAGMENT_
SUPPRESSED occurrences in a document is a highly unreliable
proxy for the number of noticed cases. On average, query docu-
ments contain 18.53 suppression tags but only 4.12 noticed cases—a
ratio of roughly 4.5:1. Only 25 out of 2,001 queries have an exact
match between tag count and noticed case count, and 317 queries
have fewer suppression tags than noticed cases, indicating that
some cited cases are referenced without any suppression marker at
all. This confirms that suppression tags redact not only case cita-
tions but also party names, judge names, legislation references, and
other entities, making naive tag-counting approaches unreliable.

Table 1 summarizes the suppression-tag frequency distribution.
Following DATE_SUPPRESSED, all remaining low-frequency tag vari-
ants are grouped into an Other category.

This dataset-level insight directly motivated our dynamic pre-
diction threshold, described later in this section.

Table 1: Distribution of _SUPPRESSED Tags

Tag Category Count Share (%)

FRAGMENT_SUPPRESSED 214,785 96.52
REFERENCE_SUPPRESSED 3,804 1.71
CITATION_SUPPRESSED 3,067 1.38
DATE_SUPPRESSED 832 0.37
Other 52 0.02

Total 222,540 100.00

2.2.1 Focusing on Suppression Paragraphs. We treat citation re-
trieval not as a document-level matching problem, but as a local-
ized intent-resolution task. Case texts frequently span dozens of
pages; using the entirety of a query document as a search prompt
introduces significant semantic noise from procedural boilerplate,
background facts, and unrelated legal discussions.

To counteract this, we isolate the retrieval process strictly to
paragraphs containing at least one suppression marker. Our in-
tuition is that, if a suppression marker is present, there is a high
probability that a cited case originally appeared at that location,
and the surrounding text can serve as a high-value retrieval signal.

We validate this approach empirically on a held-out develop-
ment set of 50 queries (209 total noticed cases). The paragraph-level
approach yields a 2.2× improvement in F1 over full-document re-
trieval, providing strong empirical support for this design choice.
This finding is consistent with observations from prior COLIEE
participants, in particular Team OVGU [10], who similarly focused
retrieval on suppressed fragments rather than full documents. Our
contribution extends this strategy to full suppression-containing
paragraphs rather than just the immediate fragment context, thereby
preserving more surrounding jurisprudential reasoning.

2.2.2 LLM-based Query Expansion with High-IDF Keyword Extrac-
tion. Raw legal paragraphs, even when isolated to suppression
context, contain narrative details that dilute BM25 keyword match-
ing [9]. Common legal terms such as “court,” “applicant,” “held,” and
“decision” have high frequency across the entire corpus (low IDF)
and contribute noise rather than signal to retrieval.

To address this, we employ query expansion [6] using a locally
deployed Llama-3.3-70B-Instruct model [8] at a greedy temperature
of 0.0. Rather than asking the model to generate a proposition or
fill in the missing citation, we design a prompt (Figure 1) targeting
terms that are rare in the general legal corpus (high IDF) but specific
to the citation context.

2.2.3 N-gram BM25 Retrieval Architecture. Standard unigram tok-
enization is inadequate for legal retrieval, where multi-word terms
of art such as “standard of review,” “serious irreparable harm,” and
“balance of probabilities” are the primary discriminative signals. To
address this, we implement a custom tokenizer that (i) strips a cu-
rated stopword list of common legal function words that add noise,
and (ii) generates unigrams, bigrams, and trigrams simultaneously.

We tune the BM25 parameters specifically for the variance in
legal document lengths, increasing term frequency saturation (𝑘1 =
2.0) to reward repetitive legal concepts and decreasing the length
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Figure 1: Prompt Used for Keyword Extraction
SYSTEM_PROMPT = (

"You are an expert Canadian legal researcher. "

"Extract 5-7 highly specific keywords (legal tests ,

statutes , or unique factual markers) "

"from the following paragraph to help BM25 to find

cases. If there is something unique you should

include it. "

"Sometimes there are case names written in brackets

[], these are gold , you should extract them for

sure since they will be helpful ."

"Output ONLY the keywords separated by semicolons.

No conversation ."

)

normalization penalty (𝑏 = 0.4) to prevent long decisions from
being unfairly penalized relative to shorter ones.

At inference, we construct the search string for each suppression
paragraph as:

search_text = raw_paragraph + 3 × llm_keywords (2)

This weighting ensures that exact textual clues from the raw
paragraph are preserved (supporting verbatim phrase matching)
while the concentrated legal concepts identified by the LLM heavily
anchor document scoring. We aggregate scores across multiple sup-
pression paragraphs within the same query using a max-pooling
strategy rather than summation, as we found empirically that max-
pooling outperforms sum aggregation by preventing noise accumu-
lation from weakly matching paragraphs.

2.2.4 Dynamic Prediction Threshold. A common limitation of fixed
top-𝐾 retrieval is that it artificially harms precision for simple
queries (with few citations) and limits recall for complex ones (with
many citations). Rather than predicting a fixed number of cases per
query, we engineer a data-driven dynamic threshold.

To determine an appropriate prediction count per query, we
compute the ratio of total suppression tags to ground-truth noticed
cases for each of the 2,001 training queries. The raw per-query
ratios exhibit high variance, ranging from 1.0 to over 40.0, due
to documents where suppression tags predominantly redact non-
citation content such as party names or legislation references. To
obtain a stable estimate, we apply the Interquartile Range (IQR)
method to remove outliers, reducing the 2,000 valid data points
to 1,846 representative queries. The median ratio of the filtered
distribution is 4.75 tags per noticed case, which we adopt as our
divisor.

Formally, for each query 𝑞, we define the per-query ratio as:

𝑟𝑞 =
𝑡𝑞

𝑐𝑞
, (3)

where 𝑡𝑞 is the total number of suppression tags and 𝑐𝑞 is the
number of ground-truth noticed cases.

Let Q̃ denote the set of queries retained after IQR-based outlier
removal. The resulting divisor is then:

𝛼 =median
𝑞∈ Q̃ (𝑟𝑞) = 4.75. (4)

Table 2: COLIEE 2026 Task 1 Results (Best Run per Team)

# Team Best run F1 Precision Recall

1 NOWJ submission_2 0.4220 0.4235 0.4206
2 JNLP random_forest 0.4126 0.4341 0.3931
3 SIL submission_sil2 0.3871 0.4186 0.3600
4 mezza task_1_mezzanino 0.3289 0.3161 0.3429
5 INTIT 3.intit_bm25_year 0.3165 0.3249 0.3086
6 DU du3 0.3141 0.2945 0.3366
7 FLNLP task1_flnlpltr 0.2935 0.2619 0.3337
8 UA ua_run3 0.2666 0.2038 0.3851
9 UCD-CS ucdcs3 0.2645 0.2480 0.2834
10 JUNLLP task1_run2_results 0.2525 0.2193 0.2977
11 AICSL task-1-ualbany 0.2346 0.2130 0.2611
12 UB2026 run1 0.2233 0.2338 0.2137
13 Sach sach_task1_run2 0.2231 0.1631 0.3531
14 BJPWH bjpwh3 0.2101 0.1510 0.3451
15 ABAI run2recall 0.1771 0.1596 0.1989
16 AIIRLab task1_aiirqwen 0.1516 0.2642 0.1063
17 bosch bosch_task1_run 0.1466 0.0892 0.4103
18 KeioAndrewShin task1_submission_v9 0.1383 0.1527 0.1263
19 CityUMO task1_submission 0.0000 0.0000 0.0000
20 ClaUSurf task1_clsmhc13f 0.0000 0.0000 0.0000
21 NIT26 task1_run1 0.0000 0.0000 0.0000
22 NRCBMU hyb1sailbge 0.0000 0.0000 0.0000

At inference time, the number of predictions is computed as:

𝐾 =max
(
1, round

(
total_suppression_tags

𝛼

))
. (5)

This heuristic allows the system to dynamically scale its output
based on the internal complexity of each query document, naturally
balancing the precision–recall trade-off across queries of varying
complexity. The approach is motivated directly by our dataset anal-
ysis finding that suppression tag count, while an imperfect proxy,
carries usable statistical signal about citation density.

2.3 Results and Analysis
On the official COLIEE 2026 Task 1 test set, our system achieved
an F1 score of 0.2346 (Precision = 0.2130, Recall = 0.2611), as re-
ported in Table 2. The precision–recall profile reflects a moderate
balance, with recall slightly outpacing precision, indicating that our
pipeline retrieves relevant cases but also admits false positives. This
is consistent with our internal development set analysis, where we
measured Recall@100 = 0.5455 on a held-out sample of 50 training
queries, suggesting that roughly half of all noticed cases appear
within the top-100 BM25 candidates. We note that this figure is
approximate, having been computed on a 50-query development
subset rather than the full training set, and it serves primarily as a
diagnostic signal for the retrieval ceiling. Closing this gap—both by
improving first-stage recall and by introducing a reranking step—
remains the primary direction for future work.

2.4 Discussion and Limitations
Task 1 offered instructive insight into the challenges of legal citation
retrieval in a competitive evaluation setting. Our system achieved
an F1 score of 0.2346, placing 11th out of 22 participating teams.
We find this result encouraging given that our approach relied
exclusively on lexical retrieval methods—specifically a tuned BM25
pipeline augmented with LLM-based query expansion—without
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incorporating any neural retrieval components such as dense bi-
encoder embeddings or cross-encoder rerankers. This demonstrates
that classical term-matching methods, when carefully engineered
for the legal domain through surgical query isolation and high-IDF
keyword extraction, remain competitive baselines. That said, the
performance gap relative to top-ranked teams highlights clear room
for improvement. In future work, we plan to explore dense retrieval
methods, fine-tuned legal embeddings, and LLM-assisted reranking
as natural extensions to the current pipeline.

3 Task 2: Legal Case Entailment
3.1 Task Overview
Task 2 of COLIEE 2026 is a legal case entailment task. Given an
entailed fragment 𝑓 and a noticed case 𝐶 containing paragraphs
{𝑝1, 𝑝2, . . . , 𝑝𝑚}, the objective is to identify the single paragraph
𝑝 ∈ 𝐶 that entails 𝑓 .

A critical nuance of the task definition is that entailment is not
limited to logical agreement. A paragraph 𝑝 is the correct answer if
𝑓 derives from the legal principle stated in 𝑝 , regardless of polarity:
both paragraphs that logically support and paragraphs that state a
rule the fragment negates qualify as ground truth, because in either
case the paragraph is the legal source of the principle. Crucially,
unlike Task 1, the search scope is fixed: each query is associatedwith
a single known noticed case, so the system only ranks paragraphs
within that one case.

Systems are evaluated using the same micro-averaged metrics
as Task 1:

𝐹1 =
2 × Precision × Recall
Precision + Recall

. (6)

Training data consists of 925 cases with labeled entailing para-
graphs; the test set contains 100 cases (numbered 926–1025).

3.2 Methodology
Because the candidate set for each query is restricted to a single
case’s paragraphs, Task 2 differs fundamentally from Task 1: it is
a within-case ranking problem rather than a large-scale retrieval
problem. This narrower scope means semantically homogeneous
paragraphs must be discriminated from one another, placing greater
demands on both lexical precision and semantic understanding than
broad cross-document retrieval.

We submitted two runs that form a natural two-level ablation: a
pure lexical baseline (ualbanybm25) and a full retrieve-and-rerank
pipeline (ualbanyllm) that combines a query-agnostic assertive-
ness prior with listwise LLM reranking.

3.2.1 BM25Plus Baseline. Our first run (ualbanybm25) treats para-
graph ranking as a standard BM25 retrieval problem. For each case,
we build a BM25Plus index over that case’s paragraphs and issue
the entailed fragment 𝑓 as the query. Tokenization strips text to
lowercase alphanumeric tokens:

tokens(𝑡) = re.findall(r"[a-z0-9]+", t.lower()). (7)

We use BM25Plus rather than standard BM25 because its floored
term-frequency component prevents paragraphs with sparse but
non-zero term overlap from receiving a score of zero. This is a
practically important property given that entailed fragments are
typically short and do not cover all tokens in the source paragraph.

We did not tune BM25 hyperparameters for this baseline; we simply
return the top-1 ranked paragraph directly.

3.2.2 BM25Plus with Assertiveness Prior and LLM Reranking. Our
second run (ualbanyllm) adopts a two-stage retrieve-and-rerank
pipeline that augments lexical retrieval with both a learned paragraph-
quality prior and large language model reasoning.

Stage 1 — Assertiveness-Boosted BM25Plus Retrieval.We
first retrieve the top 𝐾 = 5 candidates using BM25Plus, but with
paragraph scores multiplicatively boosted by a query-agnostic as-
sertiveness prior. The intuition is that gold paragraphs, being the
legal source of the entailed conclusion, exhibit characteristic rule-
stating language regardless of the specific conclusion. A paragraph
reads as assertive when it states a legal holding (“The test is. . . ”, “It is
established that. . . ” ) rather than applying rules to facts or describing
procedural history.

To capture this, we train a Logistic Regression classifier on TF-
IDF features (unigrams and bigrams, 10,000 features, English stop-
words removed) extracted solely from paragraph text, without using
the entailed fragment as a feature. Training uses 5,685 paragraphs
(965 gold, 4,720 non-gold), balanced by sampling up to 5× negatives
per case. The resulting top positive-weight features—view, agency,
establish, delay, evidence, satisfied, entitled, standard, correctness, ad-
ministrative—corroborate the assertiveness hypothesis: these are
precisely the terms characteristic of rule-stating legal prose.

At inference time, the classifier’s posterior probability 𝑎(𝑝) of a
paragraph being a gold paragraph rescales the BM25Plus score:

score(𝑝, 𝑓 ) = BM25Plus(𝑝, 𝑓 ) × (1 + 𝛼 · 𝑎(𝑝)), (8)

where 𝛼 is a scaling hyperparameter. The top 𝐾 = 5 paragraphs by
this hybrid score are passed to Stage 2.

Stage 2 — Listwise LLMReranking.All five candidates are pre-
sented simultaneously to a locally deployed gpt-oss:latest [1]
(via Ollama at greedy temperature 0.0) using a listwise prompt (Fig-
ure 2). Rather than scoring each candidate independently, the model
evaluates all candidates jointly and selects the single paragraph that
best entails the legal conclusion. This listwise formulation requires
only one LLM call per case (versus 𝐾 calls in a pointwise approach),
reducing inference cost while preserving cross-candidate compari-
son.

We design the prompt to enforce a structured three-step rea-
soning process: (1) identify the core legal rule in the conclusion,
(2) assess each numbered candidate for direct support of that rule,
and (3) choose the strongest entailing paragraph. The model must
output the final selection on the last line using the exact format
BEST: <number>. We parse responses deterministically, falling back
to the top assertiveness-boosted BM25Plus candidate if parsing fails.

3.3 Results and Analysis
In this task, we achieved F1 scores of 0.3299 (ualbanyllm) and
0.2640 (ualbanybm25) on the official COLIEE 2026 Task 2 test set,
placing 10th out of 14 participating teams on our best run. The
LLM reranker improves F1 by 6.6 absolute points over the pure
BM25Plus baseline, confirming that a large language model can
exploit semantic reasoning unavailable to bag-of-words retrieval
even when operating over a small candidate set of five paragraphs.
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Figure 2: Listwise Prompt Used for Task 2 Reranking
LISTWISE_PROMPT = """ You are a legal expert specializing

in Canadian federal law.

You are given a legal CONCLUSION and {n} candidate

paragraphs from a court case.

Your task: identify which paragraph BEST ENTAILS the

conclusion.

A paragraph entails a conclusion if it explicitly states

-- or logically leads to -- the legal principle in

the conclusion.

---

CONCLUSION:

{query}

CANDIDATE PARAGRAPHS:

{candidates}

---

Compare the paragraphs against the conclusion:

Step 1 - Core principle: What exact legal rule or

holding does the CONCLUSION state?

Step 2 - Scan candidates: For each numbered paragraph ,

does it contain or directly lead to this rule?

Step 3 - Select best: Which single paragraph most

directly entails the conclusion?

Write the number of the best paragraph on the very last

line in this exact format:

BEST: <number >"""

Table 3: COLIEE 2026 Task 2 Results (Best Run per Team).
Both AICSL runs are shown for comparison.

# Team Run F1 Precision Recall

1 IAI task2_run2 0.4899 0.4501 0.5374
2 AIIRLab task2_aiirfusion3 0.4706 0.5120 0.4354
3 JNLP submission (3) 0.4507 0.4174 0.4898
4 NOWJ nowj003 0.4429 0.7037 0.3231
5 UA result_run1_ua 0.4254 0.4711 0.3878
6 JUNLLP submission (1) 0.3942 0.6721 0.2789
7 bosch bosch_task_2_submission (1) 0.3939 0.3900 0.3980
8 ClaUSurf task2_clsop3d 0.3877 0.6357 0.2789
9 DU task2_du3 0.3427 0.6907 0.2279

10 AICSL ualbanyllm 0.3299 0.6500 0.2211
AICSL ualbanybm25 0.2640 0.5200 0.1769

11 KeioAndrewShin task2_submission_uottawanii2 0.3182 0.4795 0.2381
12 CityUMO task2_submission 0.3046 0.6000 0.2041
13 Sach sach_task2_run1 0.2167 0.3929 0.1497
14 NRCBMU task2_legbertfin1 0.0000 0.0000 0.0000

A consistent pattern across both runs is that precision substan-
tially outpaces recall (≈0.52–0.65 versus ≈0.18–0.22). This asym-
metry is a direct consequence of our retrieval strategy: we restrict
predictions to exactly one paragraph per case (top-1), a decision
motivated by our analysis of the training data, which is overwhelm-
ingly dominated by cases with a single ground-truth entailing para-
graph. While this rigid threshold artificially caps recall on cases

with multiple entailing paragraphs, it yields highly reliable predic-
tions. Indeed, when evaluated strictly on precision, our ualbanyllm
run (0.6500) ranks 4th across all participating teams, suggesting that
when our pipeline surfaces the gold paragraph within the candidate
set, the LLM reranker selects it with high accuracy; the primary
bottleneck on overall F1 is Stage 1 retrieval recall.

3.4 Discussion and Limitations
Task 2 presented a qualitatively different challenge from Task 1:
rather than searching a large corpus, each query is matched against
a small, topically uniform set of paragraphs from a single known
case. Our findings indicate that lexical retrieval provides a useful
but limited foundation, and that LLM-level semantic reasoning
is necessary to meaningfully improve upon it. This aligns with
recent work highlighting the efficacy of LLMs on complex precedent
treatment and legal reasoning tasks [4].

Our LLM run (ualbanyllm) achieves an F1 of 0.3299, placing
10th out of 14 teams. We achieve this with a lightweight two-stage
design: BM25Plus narrows the candidate set to five paragraphs, and
a single listwise LLM call selects among them, keeping inference
cost manageable without sacrificing the model’s ability to reason
over the full candidate context.

The primary limitation of our approach is its low overall recall.
As discussed, this is driven in part by our strict top-1 prediction
threshold, which inherently caps maximum recall on any query that
contains multiple ground-truth paragraphs. However, the low recall
is also an artifact of BM25’s sensitivity to vocabulary mismatch in
Stage 1; a failed retrieval in Stage 1 cannot be recovered in Stage 2.
To address this, we plan to investigate dense bi-encoder retrieval
for Stage 1 to improve initial candidate recall, and fine-tuned cross-
encoder rerankers as a more parameter-efficient alternative to the
deployed LLM. We also note that the query-agnostic assertiveness
prior, which identifies gold paragraphs through their surface-level
linguistic structure, could serve as a useful complementary signal
alongside dense retrieval methods and warrants further evaluation.
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Abstract
Legal case entailment involves navigating dense, standardized judi-
cial texts to identify whether a specific historical paragraph logi-
cally supports a new legal decision fragment. Recent COLIEE Task 2
methodologies have frequently utilized large-scale generative mod-
els; however, these approaches are computationally intensive and
susceptible to domain-specific lexical biases. This paper explores
the hypothesis that effective legal entailment benefits from pre-
cise semantic boundary detection over generative approximation.
To address two identified failure modes—the Truncation Damage
Index (TDI), which quantifies structural information loss due to
context limits, and Lexical Trap Divergence (LTD), which identifies
instances of “lexical collapse” where model confidence is driven by
surface-level overlap rather than genuine entailment—we evaluate
a three-stage decoupled architecture consisting of a hybrid retrieval
phase usingWeighted Reciprocal Rank Fusion (wRRF), a LegalBERT
cross-encoder utilizing Pooling-based Multi-Head Attention (PMA),
and a three-gate max-gap algorithm to manage predictive variance.
Our pipeline achieves a leaderboard F1-score of 0.3942 (Precision:
0.6721), prioritizing reliable entailment identification over aggres-
sive recall, with LTD showing potential as a broader diagnostic
signal for lexical collapse in high-stakes reasoning tasks.

CCS Concepts
• Computing methodologies → Natural language processing;
• Information systems → Information retrieval.

Keywords
Legal Case Entailment, Context Paradox, Lexical Traps, Decoupled
Architecture, Natural Language Processing
ACM Reference Format:
Somdev Ganguli, Vibhan Dutta, Amit Barman, Debasis Ganguly, and Sudip
Kumar Naskar. 2026. Strategic Formulation of the Decoupled Architecture

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
COLIEE 2026, Singapore
© 2026 Copyright held by the owner/author(s).

for Legal Case Entailment: Overcoming the Context Paradox and Lexical
Traps. In Proceedings of COLIEE 2026. ACM, New York, NY, USA, 10 pages.

1 Introduction
The increasing availability of digital legal documents has driven the
need for specialized Natural Language Processing (NLP) models ca-
pable of navigating the complexities of the legal domain [1]. Within
this field, Legal Case Entailment (CL-DE) remains a particularly
challenging task. As formally defined by Task 2 of the Competition
on Legal Information Extraction and Entailment (COLIEE) [6], the
objective is to predict the decision of a new case by identifying
entailment from previous relevant cases. Specifically, given a query
containing a decision fragment from a new case and a correspond-
ing noticed case, the system must automatically identify the exact
paragraph within the noticed case that entails the query. Crucially,
in this context, the “decision” does not refer to the final case ver-
dict, but rather to a specific conclusion expressed by the judge (the
entailed fragment).

Recent high-performing architectures for this task have increas-
ingly relied on parameter scaling, advanced dense embeddings,
and complex generative pipelines [11, 17]. For example, the NOWJ
team’s benchmark of 0.3195 F1 [18] on the COLIEE 2025 Task 2
dataset utilized extensive ensembling of large language models.
Our preliminary experiments with Small Language Models (SLMs)
yielded similar insights: while prompt-engineered SLMs achieve
high recall by capturing broad semantic relationships, they often
suffer from lower precision. Because generative models are pri-
marily optimized for probabilistic token prediction rather than
strict boundary detection, they can be easily misled by domain-
specific legal phrasing [16]. In contrast, bidirectional encoders like
the BERT family function as discriminative classifiers [19], offering
the structural capacity to establish the firm semantic boundaries
required for high-precision logical filtering. However, standard en-
coder methods still face limitations when processing lengthy legal
texts.

In this paper, we argue that effective, fully automated legal entail-
ment requires prioritizing precise semantic extraction over genera-
tive approximation. We focus on addressing two specific challenges
that frequently limit performance in this domain:
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Figure 1: System Description of the Decoupled Architecture for COLIEE 2026 Task 2. Stage 1 utilizes a Weighted Reciprocal
Rank Fusion (wRRF) to maximize initial recall. Stage 2 employs a Context-Safe LegalBERT Cross-Encoder, isolating the query
to prevent truncation while utilizing a 4-head PMA layer and focal loss to learn deep semantic boundaries. Stage 3 applies a
3-Gate Safe Max-Gap algorithm to eliminate predictive variance.

• The Context Paradox (see Section 2.3): Standard trans-
former architectures operate with strict token limits. We
empirically observe that prepending excessive base-case con-
text to queries often forces the model to truncate the actual
ground-truth evidence required to prove entailment.

• The Lexical Trap (see Section 2.2): Judicial opinions fre-
quently utilize standardized phrasing and boilerplate statutes.
Traditional retrieval metrics over-index on this surface-level
vocabulary overlap, assigning high relevance scores to para-
graphs that lack true logical entailment.

To resolve these dual challenges, we introduce a novel, 3-stage
Decoupled Architecture. This pipeline leverages a hybrid retrieval
mechanism to cast a wide, diverse recall net [7], followed by a
specialized cross-encoder designed to evaluate entailing logic in a
strictly context-safe environment. Finally, a deterministic gating
algorithm eliminates late-stage ranking variance. By focusing on
isolating true semantic logic and actively defending against lexical
overlap biases, our framework achieves an official leaderboard F1-
score of 0.3942, offering a robust standard for legal natural language
inference.
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Our system was submitted under the team name JUNLLP. The
official submission utilized Run ID submission (1), corresponding
to the 3-seed ensemble configuration described in Section 4.2.

2 Diagnostic Framework
Before formulating our pipeline, we mathematically quantify the
specific dataset characteristics that cause standard models to fail.
Existing generation and entailmentmetrics often struggle to capture
the nuances of open-ended legal reasoning because they retain
inherent biases toward surface-level lexical overlap [15]. To provide
a rigorous foundation for our architectural decisions, we define two
custom diagnostic metrics: Lexical Trap Divergence (LTD) and the
Truncation Damage Index (TDI).

2.1 Structuring the Lexical Trap Divergence
The “Lexical Trap” is an adversarial phenomenon where models
substitute deep semantic reasoning for shallow, keyword-based
matching. This is uniquely pervasive in legal texts due to the heavy
reliance on boilerplate language and standardized statutory phras-
ing.

To quantify the exact threshold at which a model falls into this
trap, we formulate the Lexical Trap Divergence (LTD) metric. The
LTD serves as a domain-specific quantification of the “Lexical Over-
lap Bias” previously identified in general Natural Language Infer-
ence tasks [15].

To derive the LTD, we establish two distinct probability distribu-
tions for a given query fragment (𝑞) and a candidate paragraph (𝑝).
First, we define the sparse Lexical Similarity (𝑆𝑙𝑒𝑥 ) using a MinMax-
normalized BM25 scoring function to bound the vocabulary overlap
between 0 and 1:

𝑆𝑙𝑒𝑥 (𝑞, 𝑝) =
BM25(𝑞, 𝑝) − BM25𝑚𝑖𝑛
BM25𝑚𝑎𝑥 − BM25𝑚𝑖𝑛

(1)

Second, we define the Semantic Entailment confidence (𝑆𝑠𝑒𝑚).
Establishing strict logical entailment requires the continuous logit
output of our deeply fine-tuned LegalBERT cross-encoder. We iso-
late the sigmoidal probability of the entailment class:

𝑆𝑠𝑒𝑚 (𝑞, 𝑝) = 𝜎 (W · h[CLS] + 𝑏) (2)

Drawing inspiration from the Kullback-Leibler (KL) divergence
[8], the LTD calculates the information penalty incurred when high
lexical overlap does not correlate with actual semantic entailment:

LTD(𝑞, 𝑝) = 𝑆𝑙𝑒𝑥 (𝑞, 𝑝) · log
(

𝑆𝑙𝑒𝑥 (𝑞, 𝑝)
𝑆𝑠𝑒𝑚 (𝑞, 𝑝) + 𝜖

)
(3)

where 𝜖 is a smoothing constant to prevent undefined logarithms.

2.2 Empirical Evidence of the Lexical Trap
To demonstrate the prevalence of this issue within the COLIEE
dataset, we isolated adversarial examples from our validation fold,
presented in Table 1. These “Hard Negatives” recite general ju-
risprudential standards, sharing near-identical keywords with the
query fragment. Consequently, standard sparse retrieval algorithms
assign them an artificially high 𝑆𝑙𝑒𝑥 score.

Statistical analysis across our validation set confirms that para-
graphs exhibiting an LTD score greater than 1.5 correlate with
a 74% false-positive rate in standard BM25 retrieval, empirically

validating LTD as a robust diagnostic signal for identified lexical
traps. Conversely, the ground-truth entailed paragraphs—the “True
Positives”—often utilize specific, localized language that shares
fewer exact tokens with the query, resulting in lower sparse re-
trieval scores. In our training split, an unweighted reliance on
sparse retrieval resulted in a 52% miss rate of True Positives at
Rank-1. However, as demonstrated in Table 1, our optimized cross-
encoder successfully recognizes the lack of logical affirmation in
the Hard Negatives (suppressing 𝑆𝑠𝑒𝑚),effectively reducing the LTD
penalty and suggesting that discriminative boundary detection is
critical for legal entailment.

We emphasize that LTD is employed as a post-hoc diagnostic
signal rather than an active component of our training or inference
pipeline. Its primary role is to empirically validate the architectural
choices described in Section 3—specifically, the need for a deeply
fine-tuned cross-encoder capable of suppressing lexical traps that
surface-level retrieval cannot resolve.

2.3 The Context Paradox and Truncation
Damage Index

The second primary bottleneck is structural. Standard bidirectional
transformer architectures impose a hard limit on input length. In
long-document retrieval tasks, researchers frequently attempt to
enrich the neural network by prepending the broader surrounding
context of the base case to the query [10].

We identify this approach as the “Context Paradox.” Bounded
token environments dictate that attempting to enrich the model’s
understanding by feeding it broader context directly reduces its
capacity to evaluate the target data.

To quantify the severity of this paradox, we introduce the Trun-
cation Damage Index (TDI). Conceptually, let 𝑓 (𝑥) denote the prob-
ability density function over token position 𝑥 , representing the
likelihood that a ground-truth entailing paragraph begins at posi-
tion 𝑥 within the tokenized base case. In the continuous formulation,
TDI is defined as the cumulative probability mass falling strictly
beyond the transformer’s maximum context window 𝐿max as in
Equation 4.

𝑇𝐷𝐼 =

∫ ∞

𝐿max
𝑓 (𝑥) 𝑑𝑥 (4)

Since legal documents are discrete token sequences, we esti-
mate 𝑓 (𝑥) empirically as follows. We iterate over all the training
queries in the COLIEE 2026 dataset. For each query, we tokenize
the full base case document using the exact tokenizer employed
in our pipeline (nlpaueb/legal-bert-base-uncased). We then
locate each ground-truth entailing paragraph within the tokenized
base case via substring matching at the token level, recording the
starting token index 𝑥𝑖 of each matched paragraph. This yields a
collection of 𝑁 starting positions {𝑥1, 𝑥2, . . . , 𝑥𝑁 } across all queries.
The empirical density function is therefore defined as:

𝑓 (𝑥) = 1
𝑁

𝑁∑︁
𝑖=1

𝛿 (𝑥 − 𝑥𝑖 ) (5)

where 𝛿 (·) is the Dirac delta function. Substituting this discrete
approximation, the TDI reduces to a simple counting ratio as in
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Table 1: Empirical Demonstration of the Lexical Trap. Standard retrieval (𝑆𝑙𝑒𝑥 ) fails by assigning high scores to Hard Negatives
due to boilerplate overlap. Our fine-tuned Cross-Encoder (𝑆𝑠𝑒𝑚) successfully suppresses these traps while highly scoring the
True Positives, effectively reducing the Lexical Trap Divergence (LTD).

Query ID Paragraph Type & Snippet 𝑆𝑙𝑒𝑥 𝑆𝑠𝑒𝑚 LTD

928 Hard Neg: [14] The applicant’s submissions with respect to the visa officer’s credibility
are without merit be...

1.000 0.089 2.416

True Pos: [12] This Court has made it clear that the determination of an applicant’s
occupational qualificatio...

0.835 0.431 0.552

930 Hard Neg: [9] The Board dismissed Mr. Akhter’s appeal of the decision refusing his wife
and daughter’s applica...

0.507 0.125 0.709

True Pos: [20] The two issues in this application are concerned with the interpretation of
the paragraph 117(9...

0.119 0.185 -0.052

931 Hard Neg: [23] The applicant argued that the CRA officer should have waived all penalties
and interests, not o...

1.000 0.130 2.037

True Pos: [18] As already mentioned, the Act and its regulations are silent as to what
criteria are to be used...

0.404 0.235 0.220

Equation 4.

𝑇𝐷𝐼 =
|{𝑥𝑖 : 𝑥𝑖 > 𝐿max}|

𝑁
≈ 0.1007 (6)

In plain terms, we count how many ground-truth entailing para-
graphs begin beyond the 512-token boundary and divide by the
total number of ground-truth paragraphs examined.

Our empirical analysis of the COLIEE data revealed a TDI of
approximately 10.07% (analyzed further in Section 5.1). This indi-
cates that for over one in ten positive cases, the neural network is
structurally prevented from predicting the correct answer because
the vital tokens are arbitrarily deleted prior to inference.

Furthermore, our formulation of the TDI codifies the structural
information loss historically observed as the “Lost in the Middle”
attention degradation [13]. Even when tokens are theoretically re-
tained, monolithic long-context models suffer from severe context
degradation. This diagnostic metric provides the empirical justifi-
cation for the “Decoupling” strategy implemented in Stage 2 of our
pipeline.

3 The Decoupled Architecture
To actively neutralize the Lexical Trap and the Context Paradox for-
malized in Section 2, we propose a 3-stage Decoupled Architecture.
The fundamental philosophy of this pipeline is strict operational
isolation: we utilize contextually enriched queries to maximize ini-
tial recall, but aggressively strip that context prior to deep semantic
classification to preserve structural integrity.

3.1 Stage 1: Enriched Query wRRF Retrieval
The objective of Stage 1 is to cast a wide, high-recall net over the
noticed case to extract the top-𝑘 candidate paragraphs (𝑘 = 80,
empirically determined to maximize recall while maintaining cross-
encoder throughput). To maximize the retrieval surface area, we
construct an Enriched Query (𝑄𝑒𝑛𝑟𝑖𝑐ℎ𝑒𝑑 ) by concatenating the raw
entailed fragment (𝐹𝑞𝑢𝑒𝑟𝑦) with a compressed semantic context
(𝐶𝑏𝑎𝑠𝑒 ) extracted from the broader base case using localized lexical
scoring:

𝑄𝑒𝑛𝑟𝑖𝑐ℎ𝑒𝑑 =𝐶𝑏𝑎𝑠𝑒 ⊕ 𝐹𝑞𝑢𝑒𝑟𝑦 (7)

Specifically, we segment the base case text into sentences, score
each sentence against the query fragment 𝐹𝑞𝑢𝑒𝑟𝑦 using BM25 (via
the rank_bm25 library), and select the top-𝑘 = 2 highest-scoring
sentences to form the compressed context 𝐶𝑏𝑎𝑠𝑒 . This targeted ex-
traction ensures the enriched query captures the most topically
relevant fragments of the base case without introducing excessive
noise.

This enriched query is passed through two parallel retrieval
branches. The sparse lexical branch utilizes BM25 to capture exact
statutory phrasing, while the dense semantic branch utilizes the
BAAI/bge-m3 embedding model [4] to capture broad contextual
alignments. To merge these disparate vector spaces, we apply a
Weighted Reciprocal Rank Fusion (wRRF) [5]:

𝑤𝑅𝑅𝐹 (𝑑) =
∑︁

𝑚∈{𝑏𝑔𝑒,𝑏𝑚25}

𝑤𝑚

𝜅 + 𝑟𝑚 (𝑑) (8)

where 𝑟𝑚 (𝑑) is the rank of document 𝑑 in model 𝑚, and 𝜅 = 60
is a standard mathematical constant established in the original
RRF literature [5]. This heavily asymmetric weighting strategy
(𝑤𝑏𝑔𝑒 = 1.0, 𝑤𝑏𝑚25 = 0.2) is functionally essential in the legal
domain to prevent lexical metrics from overwhelming true semantic
intent. By relegating the sparse retriever to a supplementary exact-
match safety net, our wRRF calibration ensures dense embeddings
remain the primary retrieval driver.

3.2 Stage 2: Context-Safe PMA Cross-Encoder
Stage 2 represents the critical “Decoupling” phase of our architec-
ture. To explicitly circumvent the Truncation Damage Index (TDI)
established in Section 2.3, we completely discard the base case con-
text 𝐶𝑏𝑎𝑠𝑒 used in Stage 1. Only the raw query fragment 𝐹𝑞𝑢𝑒𝑟𝑦
and the retrieved candidate paragraphs 𝑃𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 are passed to the
cross-encoder.

Our core semantic classifier is built upon nlpaueb/legal-bert-
base-uncased [3]. However, standard BERT architectures rely ex-
clusively on the output of the [CLS] token for classification [20].We
empirically observed that this single-vector bottleneck restricts the
model’s capacity to aggregate logical conditions scattered across
long legal paragraphs. To resolve this, we adapt the Pooling by
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Multihead Attention (PMA) mechanism, originally introduced for
permutation-invariant set processing [9], to dynamically route fea-
tures across the document sequence. Unlike static Mean or Max
pooling, the learnable queries in the PMA layer allow the archi-
tecture to dynamically suppress recurrent legal boilerplate while
amplifying sparse entailing signals across lengthy sequences.

Given the sequence of hidden statesH ∈ R𝐿×𝑑 extracted from the
final transformer layer, we project the keys and values via learnable
weight matrices W𝐾 ,W𝑉 ∈ R𝑑×𝑑 :

K = HW𝐾 , V = HW𝑉 (9)

Instead of deriving queries from the text sequence itself, we intro-
duce a static, learnable parameter matrix Q𝑝𝑜𝑜𝑙 ∈ Rℎ×𝑑 serving as
the independent pooling queries for ℎ = 4 attention heads (striking
an optimal balance between capturing sufficient semantic diversity
and avoiding latency bloat). The raw attention scores S ∈ Rℎ×𝐿 are
computed as:

S =
Q𝑝𝑜𝑜𝑙K𝑇√

𝑑
(10)

After applying the sequence padding mask, we compute the
softmax across the sequence dimension to derive the attention
weights. These weights are multiplied by the values to extract the
head-specific pooled representations P ∈ Rℎ×𝑑 :

P = softmax(S)V (11)

Finally, the matrix P is flattened into a single semantic vector
v𝑜𝑢𝑡 ∈ Rℎ ·𝑑 , which is passed into the final linear classifier. This
mechanism enables the architecture to anchor its attention on mul-
tiple distant semantic boundaries within the text without being
constrained by the standard [CLS] bottleneck.

3.2.1 Focal Loss Optimization for Hard Negatives. Training an en-
coder to safely navigate Lexical Traps requires carefully curated
negative sampling. We utilize the wRRF ranks from Stage 1 to
bucket our negative samples, exposing the model to a strict ratio of
6 Hard Negatives (Lexical Traps) : 4 Semi-Hard : 2 Easy per True
Positive. This specific curriculum forces the model to construct
strict decision boundaries around Lexical Traps without forgetting
basic entailment features.

To prevent the overwhelming presence of difficult samples from
destabilizing the gradient during training, we optimize the network
using Focal Loss [12]:

FL(𝑝𝑡 ) = −𝛼𝑡 (1 − 𝑝𝑡 )𝛾 log(𝑝𝑡 ) (12)

where 𝑝𝑡 is the predicted probability for the ground-truth class. We
utilize hyperparameters𝛼 = 0.75 and𝛾 = 2.0, enforcing a focal-style
reweighting mechanism that heavily penalizes the model when it
confidently predicts a lexical trap as an entailment.

3.3 Stage 3: 3-Gate Safe Max-Gap Variance
Reduction

Standard cross-encoders frequently suffer from predictive variance,
outputting clustered probability distributions where the True Posi-
tive is indistinguishable from adjacent noise. To stabilize the final
decision boundary, we implement a deterministic 3-Gate Safe Max-
Gap algorithm.

As illustrated in Figure 1, the algorithm scans the top 8 candidates
(empirically, ground-truth entailment rarely exists beyond rank
8) to identify the maximum probability gap Δ𝑚𝑎𝑥 = 𝑝𝑘 − 𝑝𝑘+1,
establishing 𝑘 as the cut-off index. We define the decay ratio at
this boundary as 𝜌𝑘 = 𝑝𝑘/(𝑝𝑘+1 + 𝜖), and the boolean acceptance
condition C𝑎𝑐𝑐 as:

C𝑎𝑐𝑐 ≡ (𝑝𝑘 ≥ 0.35) ∧ (Δ𝑚𝑎𝑥 ≥ 0.06) ∧ (𝜌𝑘 ≥ 1.30) (13)

These constants were determined via grid search on the validation
fold and frozen during test evaluation. The final prediction function
G(𝑃,𝐶) is a piecewise cascade rejection:

G(𝑃,𝐶) =


{𝑐1} if 𝑝1 < 0.10
{𝑐1} if 𝑝1 < 0.20 ∧ (𝑝1 − 𝑝2) < 0.03⋃𝑘
𝑖=1{𝑐𝑖 } if C𝑎𝑐𝑐

{𝑐1} otherwise

(14)

Gates 1 and 2 act as noise and plateau filters respectively, returning
only the top candidate as a safe fallback; Gate 3 permits multi-
paragraph acceptance only when a high-confidence, statistically
significant gap is detected.

4 Experiments and Results
4.1 Dataset and Evaluation Metrics
We evaluate our Decoupled Architecture on the official dataset
provided by the Competition on Legal Information Extraction and
Entailment (COLIEE) 2026 for Task 21. The objective is to match
a specific decision fragment from the base case to its logically
entailing paragraph in the noticed case.

Unlike standard reading comprehension benchmarks, COLIEE
Task 2 does not feature an independent human annotator baseline,
as the ground-truth entailment pairs are derived directly from the
historical judicial record. The detailed distribution of queries and
candidate paragraphs across the training and test splits is provided
in Table 2.

Table 2: Distribution of candidate paragraphs and true posi-
tive entailment depths across the training and test splits.

Metric Training Split Test Split

Total Queries 925 100
Total Candidates 32,717 4,673
Avg Candidates / Query 35.37 46.73
Max Candidates 315 289
Avg True Positives / Query 1.28 2.94
Single-Label Queries 78.81% 61.00%

Following the official COLIEE evaluation framework [6], system
performance is measured usingmicro-averaged Precision (𝑃 ), Recall
(𝑅), and F1-measure. Given the strict nature of the task, F1 is the
primary ranking metric.

1https://coliee.org/COLIEE2026/tasks/task2
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Table 3: Performance comparison on the COLIEE Task 2 Test
Split. Our 3-stage Decoupled Architecture outperforms both
lexical/dense baselines and prior SOTA LLM ensembles.

Model / Architecture Precision Recall F1-Score

Lexical & Dense Baselines
BM25 (Rank-1) 0.5500 0.1871 0.2792
BGE-m3 (Zero-Shot) 0.5000 0.1701 0.2538

Historical Reference (COLIEE 2025)
NOWJ (2025) [18] 0.3788 0.2762 0.3195

Proposed Framework
Vanilla BERT (Standard [CLS]) 0.6400 0.2177 0.3249
LegalBERT (Standard [CLS]) 0.6800 0.2313 0.3452
JUNLLP (Ours: PMA + Ensemble) 0.6721 0.2789 0.3942

4.2 Implementation Details
To ensure reproducibility, we detail the configurations of our pipeline.2
All experiments were conducted utilizing a single NVIDIA Tesla
T4 GPU in a constrained cloud environment. In Stage 1, text tok-
enization and sparse retrieval were executed using the rank_bm25
library, while dense embeddings were generated using the 1024-
dimensional BAAI/bge-m3 model [4]. For Stage 2, our custom PMA
Cross-Encoder was initialized with weights from nlpaueb/legal-
bert-base-uncased [3]. The networkwas optimized usingAdamW
[14] for 4 epochs with a per-device batch size of 8 and 2 gradient
accumulation steps. We utilized a learning rate of 2e-5, a weight
decay of 0.01, and a warmup ratio of 0.1. The maximum sequence
length was strictly bounded to 512 tokens, with context aggres-
sively pruned to solely include the query fragment and candidate
paragraph. To further stabilize our predictive boundaries, our final
submission utilized a 3-seed ensemble (random seeds 42, 43, and 44),
averaging the output probabilities prior to the gating mechanism.

4.3 Baseline Models
We benchmark our Decoupled Architecture against three distinct
classes of retrieval and entailment systems:

• Lexical Baselines: Standard BM25 [21].We evaluate a Rank-
1 (𝑘 = 1) BM25 retrieval, utilizing standard term frequency
saturation parameters (𝑘1 = 1.5, 𝑏 = 0.75).

• Dense Retrieval Baselines: Zero-shot dense retrieval using
BAAI/bge-m3 [4], demonstrating the performance of modern
embeddings without domain-specific entailment fine-tuning.

• Historical Reference: The NOWJ 2025 system [18], which
achieved an F1 of 0.3195 utilizing complex LLM ensembling.
The NOWJ scores are reproduced from [18] on the COLIEE
2025 Task 2 dataset. We cite this as a historical reference
point from a prior competition year; differences in test set
composition preclude direct comparison.

Fine-tuning uses random weight initialization and our submis-
sion averages three seeds (Section 4.2); metrics therefore vary
slightly across runs. The scores in Table 3 for the [CLS] base-
lines match the cumulative ablation ladder (Table 4, Rows 1–2)

2https://github.com/NoviceDev92/COLIEE-2026-Task-2

on the same test split. Small differences between those headline
numbers and auxiliary tables—e.g., thresholding experiments (Ta-
ble 7) evaluated on a fixed single-seed checkpoint for controlled
comparison—fall within the seed-to-seed variance we observe and
are not contradictory.

4.4 Results and Analysis
The comparative evaluation results are presented in Table 3. Our
proposedDecoupledArchitecture (JUNLLP) achieves a high-precision
operating point for legal entailment, with an official leaderboard
F1-score of 0.3942, outperforming standard retrieval baselines and
the historical NOWJ reference. As depicted in the Precision-Recall
curve (Figure 3), our architecture maintains robust boundary detec-
tion, sharply contrasting with the baseline dense retrieval collapse
on hard negatives.

The low performance of the BM25 baseline (F1 = 0.2792) em-
pirically supports our Lexical Trap hypothesis; relying solely on
keyword overlap in the legal domain results in a severe precision
drop due to boilerplate statutes. While broad generative ensembles
frequently inflate F1 by over-predicting candidates, our system en-
forces a strict logical boundary. In the legal domain, precision is
critical; a system that confidently surfaces incorrect case law as
logical entailment poses significant risks to jurisprudential review.

Furthermore, the ablation between the standard [CLS]-pooled
LegalBERT and our PMA-upgraded architecture highlights the ne-
cessity of multi-head semantic routing for lengthy legal texts. Visual
evidence of this robust boundary detection is provided in the atten-
tion rollout (Figure 2), which demonstrates the PMA cross-encoder
successfully anchoring on critical legal terminology. By discard-
ing the context block (neutralizing the TDI), leveraging the 4-head
PMA, and utilizing the 3-seed ensemble to stabilize the 3-Gate algo-
rithm, our system successfully suppresses false positives without
sacrificing initial recall, pushing the latency-precision Pareto fron-
tier further than generative models or fast baselines alone (Figure
4).

5 Ablation Studies and Discussion
To justify the architectural restraint of our proposed pipeline, we
conducted targeted ablation studies evaluating alternative paradigms
that ultimately proved detrimental in the legal entailment domain.

5.1 Component-Wise Ablation
To rigorously isolate the contribution of each architectural compo-
nent, we conducted a six-configuration ablation study on the test
data (100 queries) and the results of the ablation study are presented
in Table 4. Each row in Table 4 introduces exactly one additional
component over the previous configuration, enabling a clear at-
tribution of performance gains. All configurations share the same
Stage 1 retrieval (wRRF top-80) and identical hyperparameters; only
the specified component is toggled.

Several observations emerge from Table 4. First, switching from
vanilla bert-base-uncased (Row 1, F1 0.3249) to the domain-adapted
legal-bert-base-uncased (Row 2, F1 0.3452) yields a clear abso-
lute gain of 0.0203 in F1, confirming that legal-domain pre-training
improves entailment reasoning under identical training. Second,
stacking the 4-head PMA layer on LegalBERT (Row 3, F1 0.3503)
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Figure 2: Attention Rollout demonstrating the PMA cross-encoder successfully anchoring on critical legal terminology while
ignoring stop-words, illustrating robust boundary detection.

Figure 3: Precision-Recall (PR) Curve contrasting the robust
boundary detection of our PMA architecture against the base-
line dense retrieval collapse on hard negatives.

Table 4: Component-wise ablation on the test set (100 queries).
Each row adds one component to the previous configuration.
Metrics are micro-averaged.

Configuration Prec. Recall F1

1. Vanilla BERT [CLS] 0.6400 0.2177 0.3249
2. LegalBERT [CLS] 0.6800 0.2313 0.3452
3. LegalBERT + PMA 0.6900 0.2347 0.3503
4. LegalBERT + PMA + Focal 0.7100 0.2415 0.3604
5. + 3-Seed Ensemble (Top-1) 0.7200 0.2449 0.3655
6. Full Pipeline (3-Gate) 0.7232 0.2755 0.3990

already improves over Row 2; adding Focal Loss with bucketed
hard-negative curriculum (Row 4, F1 0.3604) compounds this, show-
ing that PMA and lexical-trap-aware training are complementary.
Third, the 3-seed probability ensemble with Top-1 decisions (Row 5,
F1 0.3655) stabilizes rankings before gating. Finally, the full 3-Gate
Max-Gap pipeline (Row 6) attains the strongest configuration (F1
0.3990), driven primarily by a recall increase from 0.2449 to 0.2755
alongside a modest precision lift from 0.7200 to 0.7232, which em-
pirically justifies dynamic multi-paragraph acceptance over a fixed
Top-1 rule.

5.2 Negative Sampling Ratio Sensitivity
The bucketed negative sampling strategy described in Section 3.2.1
employs a ratio of 6 Hard : 4 Semi-Hard : 2 Easy negatives per True
Positive. To validate this specific ratio, we trained the full Legal-
BERT + PMA + Focal configuration under four different Hard:Semi-
Hard:Easy ratios, each maintaining 12 total negatives per positive
for a controlled comparison. Results on the validation set are pre-
sented in Table 5.

Table 5: Negative sampling ratio ablation on the validation
fold. All configurations use LegalBERT + PMA + Focal with
Top-1 thresholding and identical hyperparameters.

Ratio (H:SH:E) Prec. Recall F1

6:4:2 (Ours) 0.6486 0.2920 0.4027
4:4:4 (Uniform) 0.6270 0.2822 0.3893
8:2:2 (Hard-heavy) 0.6324 0.2847 0.3926
2:4:6 (Easy-heavy) 0.6270 0.2822 0.3893

The results confirm that our 6:4:2 ratio achieves the highest F1
(0.4027). Notably, the Uniform (4:4:4) and Easy-heavy (2:4:6) ratios
converge to identical performance (F1 = 0.3893, P = 0.6270, R =
0.2822), revealing a performance floor: once hard-negative expo-
sure falls below a critical proportion, the model’s discriminative
capacity saturates at the same baseline regardless of easy-negative
volume. The Hard-heavy (8:2:2) ratio recovers partially (F1 = 0.3926)
but remains below our chosen ratio, suggesting that excessive hard-
negative exposure without sufficient gradient-stabilizing easy ex-
amples introduces training variance. These results indicate that the
6:4:2 ratio occupies a narrow effective range between insufficient
and excessive hard-negative pressure.

5.3 Evaluating Truncation Risk in
Concatenated Retrieval

A common baseline optimization in document retrieval involves
concatenatingmultiple highly-ranked candidates into a single cross-
encoder prompt to reduce inference latency. To evaluate the fea-
sibility of this approach within the COLIEE Task 2 framework,
we profiled the exact token distributions of our dataset using the
legal-bert-base-uncased[3] tokenizer.

Our analysis revealed an average query fragment length of 44.6
tokens and an average candidate paragraph length of 140.1 tokens,
with the 90th percentile of candidates reaching 261.0 tokens. Given
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LegalBERT’s strict 512-token limit (which includes 3 overhead spe-
cial tokens), the average available budget for candidate evaluation
is strictly 464.4 tokens. Even when evaluated independently (de-
coupled), 2.52% of exceptionally long paragraphs naturally exceed
this boundary, triggering strict Truncation Damage (TDI).

Attempting to concatenate merely the top three wRRF candidates
(𝑘 = 3) produces an average sequence length of 467.9 tokens (3 +
44.6 + [140.1 × 3]), guaranteeing context overflow in the average
case. If any candidate within that concatenated sequence falls into
the 90th percentile (261.0 tokens), the sequence catastrophically
overflows, actively deleting the required ground-truth evidence
prior to inference. Therefore, processing all 𝑘 = 80 candidates
completely independently is structurally mandatory to preserve
semantic integrity, justifying the linear O(𝑁 ) computational over-
head.

5.4 Generative vs. Discriminative Prompting
To isolate the efficacy of our architecture’s discriminative boundary
detection, we ablated our pipeline against a generative Small Lan-
guage Model (SLM) baseline utilizing Qwen2.5-7B-Instruct (4-bit
quantized). We established a two-stage pipeline: retrieving the top-4
candidates via BGE-m3, and prompting the SLM to independently
verify strict legal entailment.

We note that the SLM baseline operates on a reduced candidate
set (top-4 from BGE-m3) compared to our primary pipeline (top-80
from wRRF), reflecting the computational constraints of autore-
gressive inference. While this introduces an asymmetry in retrieval
quality, our primary claim is that discriminative boundary detec-
tion outperforms generative reasoning at the per-candidate level,
as evidenced by the precision gap between our full cross-encoder
system (0.6721; Table 3) and the best generative strategy (0.5752,
CoT). A controlled comparison at equal retrieval depth is left for
future work.

Table 6: Ablation of Qwen2.5-7B Prompting Strategies (Top-
4 Candidates). CoT achieves the highest precision among
generative methods, but all remain strictly inferior to the
cross-encoder.

Prompting Strategy Precision Recall F1-Score

Zero-Shot 0.5273 0.1973 0.2871
Few-Shot (Standard) 0.5038 0.2245 0.3106
Chain-of-Thought (CoT) 0.5752 0.2211 0.3194
Legal IRAC Framework 0.5366 0.2245 0.3165

We evaluated four distinct prompting paradigms, detailed in
Table 6. Standard Chain-of-Thought (CoT) prompting achieved
the highest overall generative performance (F1: 0.3194, Precision:
0.5752) by forcing explicit logical reasoning. Interestingly, the domain-
specific IRAC (Issue, Rule, Application, Conclusion) framework tied
for the highest recall (0.2245) but suffered a slight drop in precision.
This suggests that while formal legal frameworks aid in capturing
potential matches, they occasionally overcomplicate straightfor-
ward entailments when interacting with the Lexical Trap, leading
to false positives.
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Figure 4: Latency vs. Performance Pareto Frontier. The plot
visually confirms that the Decoupled Architecture operates
at an optimal intersection of computational efficiency and
entailment precision.

Crucially, none of these generative methods reach the precision
of our Context-Safe PMA cross-encoder pipeline (0.6721; Table 3).
To mathematically quantify this failure, we adapted our Lexical
Trap Divergence (LTD) metric for the generative SLM. By extracting
the raw token log-probabilities for the model’s final entailment
classification token (e.g., “YES”), we isolate the generative semantic
confidence, 𝑆𝑙𝑙𝑚 . The adapted generative LTD is formulated as:

𝐿𝑇𝐷𝑠𝑙𝑚 (𝑞, 𝑝) = 𝑆𝑙𝑒𝑥 (𝑞, 𝑝) · log
(

𝑆𝑙𝑒𝑥 (𝑞, 𝑝)
𝑆𝑙𝑙𝑚 (𝑞, 𝑝) + 𝜖

)
(15)

Our empirical analysis of 𝐿𝑇𝐷𝑠𝑙𝑚 revealed a clear difference in
behavior. When the SLM successfully resisted a Lexical Trap (True
Negatives), it achieved an average LTD of 1.6638, decoupling its
semantic reasoning from the baseline keyword overlap. However,
when the model hallucinated the entailments in the boilerplate
statutes (False Positives), mirroring retrieval failures observed in
broader LLM search agents [23], the average LTD plunged to -0.2696.
This negative divergence provides empirical evidence of “Lexical
Collapse”—the point at which the generative model abandons deep
semantic reasoning, and its confidence artificially spikes to match
the shallow lexical overlap of the Hard Negative. By replacing this
vulnerable generative reasoning with a strictly bounded discrimi-
native hyperplane, our architecture achieves superior entailment
mapping.

5.5 Context Concatenation vs. Decoupling
We evaluated a ‘coupled’ variant of our architecture, where the
base case context (𝐶𝑏𝑎𝑠𝑒 ) from Stage 1 was retained and prepended
to the query during Stage 2 cross-encoding. As predicted by our
Truncation Damage Index (TDI) framework, this resulted in a sharp
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degradation in performance, plunging the F1-score to 0.2335 (Preci-
sion: 0.4600, Recall: 0.1565).

The prepended context consumed the majority of the 512-token
transformer window. Furthermore, even when tokens were not
explicitly truncated, the attention weights suffered from the well-
documented “Lost in the Middle” phenomenon [13], where standard
transformers fail to utilize vital information buried deep within
extended contexts. This ablation empirically supports the need for
our ‘Decoupling’ mechanism.

5.6 Thresholding Dynamics: Precision–Recall
Trade-off Analysis

Standard classification pipelines default to thresholding based on
a static confidence value (e.g., 𝜎 > 0.5) or a naive argmax. To
demonstrate why this fails in legal entailment, we tracked the
predictive variance across the test set candidates.
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Figure 5: Analysis of predictive variance. The plot illus-
trates how standard static thresholding leads to false-positive
spikes, whereas our 3-Gate Max-Gap algorithm cuts off re-
trieval at the mathematical plateau.

As shown in Figure 5 and Table 7, the core limitation of static
thresholds is dataset dependence: the optimal𝜏 must be grid-searched
per corpus, offering no guarantee of generalization to unseen dis-
tributions. The best static threshold (𝜏 = 0.50, micro-F1: 0.3902)
is only discoverable in hindsight. Our 3-Gate Max-Gap algorithm,
without any corpus-level tuning, achieves a comparable micro-F1
of 0.3865 by dynamically adapting its acceptance boundary to each
query’s local probability landscape — closing within 0.004 of the
grid-searched optimum while remaining fully dataset-agnostic. We
acknowledge that validating this generalization claim across multi-
ple legal corpora remains a future work.

5.7 Qualitative Human Error Analysis
Since COLIEE Task 2 ground truth is derived from historical judicial
citations, we conducted a qualitative human expert evaluation of

our pipeline’s False Positives rather than a quantitative human base-
line. A manual review of the 3-Gate Max-Gap rejections revealed
two primary failure modes:

(1) Implicit Jurisprudential Shifts: In ∼40% of errors, the
entailing paragraph relied on unstated common law knowl-
edge not explicitly present in the text, requiring external
legal training to connect the concepts.

(2) Plausible Alternatives: In ∼60% of false positives, our
model selected a paragraph providing a logically sound en-
tailment, but not the specific paragraph the original judge
chose to cite. Human reviewers noted these “errors” were
often legally defensible, aligning with established findings
that false positives in legal entailment frequently represent
plausible alternative jurisprudential logic [24, 25].

5.8 Limitations
We acknowledge several limitations of our experimental compari-
son. More recent architectures such as ColBERTv2 [22], Longformer
[2], and domain-adapted long-context encoders represent impor-
tant alternative approaches to legal entailment. Our constrained
compute environment (a single NVIDIA Tesla T4 GPU in a cloud
setting) precluded evaluation of these models within the competi-
tion timeline. Additionally, the generative baseline (4-bit quantized
Qwen2.5-7B-Instruct) represents a lower bound on current LLM
capabilities; larger or more capable generative models may nar-
row the precision gap we report. Future work should investigate
whether long-context encoders can match the precision gains of
our decoupled approach without the computational overhead of
candidate-level cross-encoding.

We note that the official COLIEE 2026 Task 2 leaderboard in-
cludes several concurrent systems achieving competitive or su-
perior F1 scores. A detailed architectural comparison with these
systems is beyond the scope of this paper, as their system descrip-
tions were not available at the time of writing this paper. We defer
such cross-system analysis to future post-workshop publications.

6 Conclusion
Legal case entailment remains one of the most notoriously difficult
tasks in domain-specific natural language processing. The dense,
boilerplate-heavy nature of judicial opinions naturally confounds
standard retrieval systems, creating Lexical Traps that obscure true
semantic causality. In this paper, we introduced a highly specialized,
3-stage Decoupled Architecture designed specifically to untangle
this complexity for COLIEE Task 2. By explicitly discarding sur-
rounding context to prevent truncation damage (TDI), and routing
the retrieved candidates through a Focal Loss-optimized PMA cross-
encoder and a deterministic 3-Gate variance reduction algorithm,
we established a high-precision logical boundary that actively re-
sists shallow vocabulary overlap.

Our empirical ablation suggests that parameter scaling alone is
not sufficient for strict logical entailment. On the COLIEE 2026 Task
2 test set, our fine-tuned LegalBERT cross-encoder outperforms a
7B generative model by +0.10 precision, indicating that discrimina-
tive boundary detection may be better suited to high-precision legal
entailment than autoregressive reasoning under comparable com-
putational constraints. Additionally, our decoupled cross-encoder
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Table 7: Threshold grid search on the validation fold (925 queries). All configurations use the same single-seed LegalBERT +
PMA + Focal checkpoint. F1micro is the official COLIEE ranking metric; F1macro measures per-query consistency.

Strategy 𝜏 Precision Recall F1micro F1macro

Static (0.10) 0.10 0.1166 0.4331 0.1837 0.2598
Static (0.20) 0.20 0.2551 0.3674 0.3011 0.4072
Static (0.30) 0.30 0.3658 0.3382 0.3515 0.4789
Static (0.40) 0.40 0.4662 0.3187 0.3786 0.5289
Static (0.50) 0.50 0.5292 0.3090 0.3902 0.5560
Static (0.60) 0.60 0.5545 0.2847 0.3762 0.5427
Static (0.70) 0.70 0.5876 0.2774 0.3769 0.5535

Top-1 (Argmax) — 0.6000 0.2701 0.3725 0.5544
3-Gate Max-Gap (Ours) dyn. 0.5228 0.3066 0.3865 0.5579

operates at a fraction of the computational latency required for
autoregressive reasoning chains.

Looking forward, we believe the diagnostic frameworks intro-
duced in this study may have applications beyond legal retrieval.
We hypothesize that the LTD framework may have potential appli-
cations beyond legal retrieval as a diagnostic signal for evaluating
the susceptibility of generative models to lexical collapse across
other high-stakes, multi-document domains, such as medical diag-
nostics, financial auditing, and regulatory compliance. By providing
a framework for detecting when a model’s confidence correlates
with shallow keyword overlap rather than deep semantic reasoning,
this diagnostic may contribute to building more robust AI systems
in domains where precision is paramount.

While our gating algorithm operates at a more conservative
recall point, we argue this reflects the correct inductive bias for
legal applications where false-positive citations carry significant
downstream risk.
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Abstract
Legal case law retrieval and entailment are common problems that
legal practitioners face on a daily basis. Classical tools that use
boolean search operations are slow and provide limited scope in
terms of returned search results. However, advancements in the
application of transformer models have enabled the creation of
state-of-the-art embedding models which facilitate different kinds
of encoding, such as bi-encoding and cross-encoding. These models
can enable faster and more relevant case law retrieval and entail-
ment at scale. This paper, from COLIEE 2026, investigates two such
tasks: Legal case law retrieval (Task 1) and Legal entailment (Task
2). These approaches demonstrate the success of combining lexical
with semantic re-ranking techniques for Task 1 and cross-encoders
for Task 2. We are ranked 13 in both Task 1 and Task 2 out of 22
and 14 teams, respectively.
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mantic re-ranking.

Keywords
Vector Databases, Semantic Chunking, BM25, Cross encoders

ACM Reference Format:
Apoorva Gupta. 2026. SACH - Sourcing Accurate Cases without Halluci-
nations at scale. In Proceedings of COLIEE 2026. ACM, New York, NY, USA,
6 pages.

1 Introduction
The advent of attention models promises improved efficiency in le-
gal case law retrieval due to the enhanced capabilities in processing
unstructured text data. Case law retrieval is beset by problems of
both scale and breadth. The sheer scale of digitized case laws, both
within the United States and globally, continues to grow. Further-
more, as legal precedents evolve over time, it becomes challenging
to extract contextual information that addresses the relevant prece-
dents.

To address these challenges, we have developed a case law search
model, SACH, Sourcing Accurate Citations without Hallucinations.
It is well known[1] that large language models (LLMs) can produce
hallucinations. This is a phenomenon where the LLM produces
factually incorrect information. The incorrect information result-
ing from LLM hallucinations is extremely damaging for case law
retrieval.

Consequently, any approach that addresses this problem must
work at scale. In this paper, lexical model based approaches [5] are
considered for the following reasons.

• They are low cost. The considered models do not require ad-
ditional training. Importantly, the main cost is the semantic

chunking of all the case law files. However, this is only a one
time cost.

• The performance can be finetuned via hyperparameter opti-
mization. Hyperparameter tuning offered a variety of solu-
tions which enabled faster execution and improved results.

The overall idea for Task 1 was to extract a relevant subset of
cases by using lexical methods, such as BM25[18], TF-IDF [2], on
a large set of case laws and then use an improvised version of
semantic re-ranking to retrieve the best set of results. In between
these processes is our SACH model, developed by the author. It
is a bi-encoder based model [20]. These models process queries
and documents independently into fixed length vector embeddings.
They enable faster retrieval at scale via pre-computed document
indexes. Semantic re-ranking [19] is important because legal case
law retrieval requires searching for a few results in a massive corpus
of cases. With efficient re-ranking, we can guarantee better results
in top-n retrievals, which is crucial for saving time and effort of
lawyers.

For Task 2, we used a cross-encoder based model. These models
use the given document (paragraphs) and the query (entailed frag-
ment) to determine their relevance. They are highly accurate due to
their token level matching. Every query token attends directly with
the document token. This is in contrast to using isolated vector em-
beddings that are multiplied with each other to compute similarity
based on dot products. This also boosts contextual matching via
phrase level understanding and semantic alignment.

This approach was developed based on what tokens influence the
predictions and how query and document levelmatching is achieved
via attention patterns. Therefore, we used cross encoders [10]. How-
ever, these models do not generate sentence level embeddings and
thus perform better than bi-encoder models in tasks where semantic
similarity between sentence pairs is required [15]

Therefore, the actual question that we tried to answer via our
work with the help of two tasks (Task 1 and Task 2) [8] is to explore
the possibility of developing a case retrieval/entailment models
without any training on the labeled data at scale. Hence, we aim to
curate a set of semantic chunking operations, semantic re-rankers
and hyperparameter optimization to retrieve better results. To in-
crease the chances of having these applications at scale to enable
context dense retrieval.

This paper is structured as follows. In section 2, the tasks that
were completed for the Competition of Legal Information Extrac-
tion and Entailment (COLIEE) 2026 in two domains, Case Law
Retrieval (Task 1) and Case Law Entailment (Task 2), are discussed.
In section 3, a brief data analysis of the dataset provided to execute
these tasks is provided. In section 4, the metrics used to evaluate
the results are presented. In section 5, we present the Methodology.
In section 6 we discuss the results in detail. Concluding remarks
are offered in section 7.
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2 Task Description
2.1 Task 1 - Case law retrieval for decision

support
For a given query case (𝑄𝑡 ) the algorithm should retrieve the top-n
cases that complement some or all of the legal precedents cited
within 𝑄𝑡 . Additionally, system must ensure temporal consistency;
all retrieved results must predate 𝑄𝑡 . This is an important chrono-
logical constraint to ensure legal reality, as a case cannot refer a
future litigation that had not yet occurred at time of its filing [3].

Themathematical formulation of the problem is as follows. Given
a query case 𝑄𝑡 at time 𝑡 and a comprehensive case document set
C = {𝐶1,𝑡1 ,𝐶2,𝑡2 , . . . ,𝐶𝑛,𝑡𝑛 }, where 𝐶𝑖,𝑡𝑖 denotes the 𝑖-th case record
and its associated timestamp 𝑡𝑖 , the objective is to identify the
Relevant Document Set (𝑅).

This set is defined as the collection of top-𝑛 cases that com-
plement the legal precedents in 𝑄𝑡 while strictly enforcing the
temporal constraint 𝑡𝑖 < 𝑡 . Formally, the retrieval is bounded such
that:

𝑅 = {𝐶𝑖,𝑡𝑖 ∈ C | 𝑡𝑖 < 𝑡𝑛}. (1)
This ensures that all output case laws were established prior to
the query case, maintaining the chronological integrity of the legal
citation network.

2.2 Task 2 - Legal Case Entailment
For a given base case (𝐵) and entailed fragment (𝐸) we are supposed
to find paragraphs (𝑃 ) from a list of paragraphs that are related to
that entailed fragment (𝐸) from the base case [4].

The task can be formally defined as follows. Given a entailed
fragment 𝐸, and a set of candidate paragraphs 𝑃 = {𝑝1, 𝑝2, . . . , 𝑝𝑚},
the goal is to compute a relevance score for each paragraph and
entailed text pair. We define a scoring function 𝑆𝑖 = 𝑓 (𝐸, 𝑝𝑖 ), where
𝑓 represents anymodel capable of processing the query components
and candidate paragraphs to output a similarity score using full self
attention [10].

Our objective is to identify the set of relevant paragraphs 𝑃 ,
defined as:

𝑃 = {𝑝𝑖 ∈ 𝑃 | 𝑓 (𝐸, 𝑝𝑖 ) ≥ 𝜏}, (2)
where the threshold 𝜏 is determined by the 𝑘-th percentile of the
score distribution {𝑆1, 𝑆2, . . . , 𝑆𝑚}. Specifically, we define 𝜏 such
that 𝑃 (𝑆 ≤ 𝜏) = 𝑘

100 , evaluating 𝑘 ∈ {85, 90, 95, 98, 99} to identify
the optimal cutoff for high-precision retrieval.

3 Dataset Description
For Task 1, the dataset contains 7708 case laws from the Federal
Court of Canada in text (.txt) format with a corresponding json
(.json) file. The keys of this file are the query cases and the values are
a list of candidate cases which are related to the given query case. A
notable characteristic of this data is queries and cases are almost of
the same word length. In particular, the mean query length is 5027
words and the mean candidate case length is 4814. This is shown
by red dotted and red dashed line, respectively, in Figure 1. The
median query length is 4083 and the median candidate case length
is 3565 words. This indicates all cases (query cases and candidate
cases) are taken from the same data source.

Figure 1: Query cases and Candidate Cases length distribu-
tion

The probability density plot of these word lengths is shown in
Figure 1. Importantly, this illustrates that we need to extract similar
chunks with higher similarity to guarantee similar context while
retrieving case laws. This is due to the fact that two case laws might
not be exactly similar to each other. As an example, a part of one
case law paragraph might hold higher relevance with the differ-
ent paragraphs of the other case law. Therefore, a critical step in
our retrieval pipeline involves computing the dot-product between
query embeddings and chunked case law vectors. This process al-
lows for the calculation of chunk-level cosine similarity to identify
the most relevant legal segments. However, we observed signifi-
cant anisotropy [12] within the embedding space, a phenomenon
where vectors are non-uniformly distributed and occupy a narrow
cone. This led to an unrealistic high similarity between unrelated
segments as well, resulting in a compressed range of scores. Conse-
quently, distinguishing between relevant and irrelevant case law
portions became numerically difficult, directing towards devising a
more robust thresholding strategy.

Figure 2: Number of paragraphs available per entailed text

For Task 2, we are provided with 925 different folders. Each
folder contains a base case and an entailed fragment that is related
to that base case. Since we need to retrieve the number of entailed
paragraphs, we visualized the probability density plot of the to-
tal available paragraphs for each entailed fragment and the actual
number of entailed paragraphs, see Figure 2. For a given entailed
fragment, there are on average 3 paragraphs that need to be re-
trieved from a large pool of approximately 36 paragraphs available
per entailed paragraph to get actual entailment results.
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4 Evaluation Metrics
To evaluate both tasks, recall, precision, and the F1-score are used
as metrics.

For Task 1, these metrics are defined as follows. Let C(𝑄) and
R(𝑄) denote a set of candidate cases and a set of retrieved cases,
respectively.

• The precision is how many actual candidate cases are in the
set of retrieved cases, i.e.,

Precision(𝑄) = |R(𝑄) ∩ C(𝑄) |
|R(𝑄) | .

• The recall is defined as the number of correctly retrieved
cases out of all true candidate cases, i.e.,

Recall(𝑄) = |R(𝑄) ∩ C(𝑄) |
|C(𝑄) | .

• The F-1 score is the harmonic mean of the precision and
recall, i.e.,

𝐹1 (𝑄) =
2 · Precision(𝑄) · Recall(𝑄)
Precision(𝑄) + Recall(𝑄) .

The precision, recall, and F1-score are similarly defined for Task
2. In this case, let C′ (𝑃) and R′ (𝑃) denote the set of correct entailed
paragraphs and the set of retrieved paragraphs, respectively.

• The precision is how many correctly entailed paragraphs are
in the set of retrieved paragraphs, i.e.,

Precision(𝑃) = |R′ (𝑃) ∩ C′ (𝑃) |
|R′ (𝑃) | .

• The recall is the number of correct entailed paragraphs out
of all retrieved paragraphs, i.e.,

Recall(𝑃) = |R′ (𝑃) ∩ C′ (𝑃) |
|C′ (𝑃) | .

• The F-1 Score is the harmonic mean of precision and recall:

𝐹1 (𝑃) =
2 · Precision(𝑃) · Recall(𝑃)
Precision(𝑃) + Recall(𝑃) .

5 Methodology
5.1 Task 1
The adopted approach to solve Task 1 is inspired by the case law
retrieval method SACH, see section 1. In this approach, a user-
provided legal query is matched to relevant case laws. The approach
provides the top-10 results that are most relevant to answering the
legal query. In particular, the specific sections in the case laws that

are relevant to the legal query are highlighted. SACH was created
using approximately 2 million case law documents coming from
the US judicial system. These documents contain cases from the
states of Massachusetts, New York, Maine, Pennsylvania, Louisiana,
Washington, Florida, and Vermont. Each document is semantically
chunked and then converted into vector embeddings using baai-bge
[21] embeddings.

We took a random set of 100 case laws from these 2 million cases.
Then generated 100 random queries one for each case law using
Gemini 3[14] using the following prompt
“You are a legal professional, have read this case law for some time,
and then provide some legal queries for which this case law can be a
very good answer and can be used as a precedent for argumentation
in front of the court. Remember, humanize these queries and make it
sound like an actual lawyer or legal practitioner will come across in

their research work.”
By this measure, the definite ground truth for evaluation was

established as we already know both the case law and a query that
can be solved by that case law.

Then, we asked these queries to our semantically chunked vector
database algorithm SACH independently. We found that exact same
case law in 23 out of 100 cases. We repeated the same experiment
with LexisNexis and observed a 40% better performance than Lexis-
Nexis, see Table 1. Moreover, our approach also returns the relevant
portions and paragraphs related to these queries.

Table 1: Comparative Retrieval Performance:

Metric Case Found Case Not Found No Output

SACH (Our Model) 23 77 0
LexisNexis 16 48 37

Using SACH, our methodology for Task 1 is as follows.
• Data Preprocessing - To clean the data, a custom function
was created to return a newfield called clean_english_text
in all the documents. This function removed all the nonASCII
characters, white spaces, and the tags like <FRAGMENT_SUPPRESSED>
which are substituted for the case citation in the original
case law. Since the case laws are from Canada, they also
conatined French words. These words were removed using
zipf’s law [13]. This approach uses a log-scaled frequency
score as a heuristic for distinguishing tokens based on their
language. We removed all words where the log-frequency of
French occurrence exceeded 3, while the log-frequency of
English occurrence was less than 2. In the same process, we
also extracted the case year using the maximum year in the
given case law. This ensured that for a given query case we
do not end up ranking candidate cases held after the year of
query case.

• Token extraction - The obtained clean_english_text
for each document is then used for extracting words. This
token extraction facilitates our initial search layer of key-
word matching that uses BM25 algorithm. We used both
term frequency-inverse document frequency (TF-IDF) and
Kullback-Leibler Divergence for Informativeness (KLI) [5]
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Table 2: Selection between TF-IDF and KLI Tokenisaion:

Method KLI TF-IDF

Recall 0.4256 0.4155
Precision 0.0300 0.0294

for extracting the top 40 tokens. We tried 2 variants of initial
BM25 retrieval with 40 tokens using both TF-IDF and KLI.
Both precision and recall values for tokens obtained from
KLI was higher. See Table 2. Since, KLI based 40 tokens gave
higher values we selected them for downstream filtration.

• Case Law Retrieval - We retrieved a large set of initial case
laws using the BM25 algorithm[18]. BM25 is a probablistic
information retrieval [17] algorithm that is widely used by
search engines to estimate the relevance of a document to
a given search query. For our 2 layer search pipeline, this
algorithm worked well to curate the initial pool of relevant
documents. This step is further optimized for how strongly
the term frequency impacts the eventual BM25 score and
also to what extent this term frequency should matter to
prevent its indefinite affect on the BM25 score computation.
Moreover, to mitigate potential bias due to disproportion-
ate document lengths we optimized for the impact of doc-
ument length on the BM25 score as well. Both these steps
ensure a balanced calibration of lexical matching is driven by
substantive keyword density rather than document volume,
effectively preventing the selection of irrelevant, verbose
cases.

• Semantic Chunking - The large candidate set of retrieved
cases undergoes subsequent filtering for a small subset not
only to increase precision but also to make results more hu-
mane as the initial pool of results is still not in usable form
just by sheer volume. To achieve this, we performed seman-
tic chunking using langchain[11]. For document retrieval
tasks, semantic chunking strikes the right balance between
sentence level chunking and paragraph level chunking. As
the former makes the retrieval too slow due to large number
of vectors and latter dilutes the context due to topic shifting
because 2-3 relevant pieces of information in a paragraph
get averaged out in a single vector. It breaks documents into
sentences at page level and then tries to find the similarity
with the sentences in the proximity using cosine similar-
ity. If it is higher than the breakpoint threshold computed
via standard deviation or percentiles two sentences become
one chunk. This technique keeps localized context within
a chunk high. However, it is computationally expensive be-
cause of the iterations involved in creating each chunk. We
have used the BAAI/bge-base-en-v1.5[21] model to create
word embeddings because it facilitates dense retrieval via
unsupervised learning[9]. It is also sensitive to localized se-
mantic shifts so splits are more likely once contextual drift
is identified. This makes each chunk highly coherent and
semantically dense. These chunks are then fed to a vector
database training module using the FAISS[6] library. Hence-
forth, both the vector database and metadata of the semantic

chunks get stored in pickle format. To make this process fast,
we already chunked all the documents semantically and cre-
ated a vector database of them. This is the SACH approach
developed by the author as discussed in subsection 1.

• Semantic Re-ranking - As mentioned earlier matching
documents of almost similar lengths means large portions of
dissimilarity followed by small regions that make a pair of
documents relevant to each other. Our re-ranking technique
is based on gap pruning. For each chunk associated with a
given query case we compute the top-k most relevant chunks
and thus the candidate case. Then candidate documents are
scored by counting how many times their chunks appear
across all query chunk retrievals to get a frequency-based
signal. This signal tracks the best (lowest) rank position
at which each candidate appears. Finally, candidates get
sorted by high frequency, better rank. We then apply a gap-
based pruning to keep only the most relevant results. It is
a threshold cutoff method in which the difference between
two consecutive re-ranking scores is calculated. It keeps on
going unless the score difference becomes greater than the
defined threshold and the all the case laws within the defined
threshold difference makes into the selected set of candidate
cases.

The methodology for Task 2 is based on dynamic requirements
for legal entailment at scale. While case retrieval (Task 1) allows
for the bulk pre-computation of vector embeddings at rest, legal
entailment (Task 2) requires the real-time processing of entailed
fragments because any static pre-calculation for entailment only
accounts for a suboptimal approximation. To evaluate system capa-
bilities under these constraints, the labeled dataset was treated as a
dynamic input stream. We therefore implemented a cross-encoder
model utilizing a percentile-based threshold for high fidelity re-
trieval.

• Data Loading and Preparation - The entailed fragment is
paired with every document in the candidate paragraph list
to form unique query-candidate tuples. These pairs serve
as the input for the re-ranking model, which computes a
relevance score for each combination separately.

• Cross encoder Scoring - We used ms-marco-MiniLM-L-6-
v2 [16] for cross encoding with a percentile threshold com-
puted for 5 different threshold values: 85, 90, 95, 98, and
99.

• Percentile Evaluation and Retrieval - This percentile
is a score computed after getting all the scores for a given
entailed fragment paragraph cross set. If a particular cutoff
score falls below the threshold percentile, that paragraph
will be ignored and all paragraphs above the threshold will
be selected for retrieval.

6 Results
6.1 Task 1
We submitted 2 results, Run 1 (sach_task1_run1) and Run 2
(sach_task1_run2). Both gave a recall of 0.2200 and 0.2231 respec-
tively and we are ranked 13 out of 25 teams. To obtain better results
hyperparameter optimization was done on 4 factors.
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• BM25_TOP_K - How many results should be retrieved from
the initial BM25 search layer.

• RERANKER_TOP_K - The maximum number of documents
that can be kept after semantic re-ranking.

• GAP_THRESHOLD - The minimum score difference between
consecutive candidates for gap pruning.

• PER_SENTENCE_K - The number of cases retrieved per
query chunk from the vector database index during re-ranking.

The hyperparameter optimization was run for the following
values:

• BM25_TOP_K - 40, 50, 100
• RERANKER_TOP_K - 5, 10, 15
• GAP_THRESHOLD - 15, 20, 25
• PER_SENTENCE_K - 5, 10

Hyperparameter optimization was performed for all the 54 combi-
nations and the top 5 are shown below in Table 3.

6.2 Task 2
We submitted 1 result (sach_task2_run1), and got a recall of 0.2167.
We are ranked 13 out of 14 teams. The proposed approach used a
cross-encoder model and percentile as a hyperparameter. However,
for two different cross encoders BAAI/bge-reranker-base[21] and
jina-reranker-v2-base-multilingual[7] the code ran very slowly for
single pair. To obtain better results hyperparameter optimization
was done on a single factor percentile, see Figure 3.

• PERCENTILE - The score cutoff used to select only the can-
didate cases in the top 𝑘-th percentile of the cross-encoder’s
output. We experimented with values of 85, 90, 95, 98, and
99

Figure 3: Percentile wise recall on training data

7 Conclusion
In Task 1 the evaluation results performed better than training
benchmarks obtained during hyperparameter optimization. This
suggests that training-free methods centered around hyperparame-
ter optimization are viable at scale. However, The major challenge
that has to be addressed is the problem of anisotropy that prevents
semantically similar pairs to be differentiated from the noise due
to minimal differences in cosine similarities.

However, similar robustness was not observed in Task 2. While
this strategy was fast, the resulting performance trade-off was sub-
optimal. Our findings indicate that in the context of legal entailment,

the F1-score is a more critical metric than raw inference speed, as
the precision of legal retrieval carries higher utility than low-latency
execution. The discrepancy between our training results and ob-
tained evaluation results shows that the current training approach
lacks the diversity required for hyperparameter generalization. Con-
sequently, our reliance on a single percentile-based threshold, while
providing a baseline for performance, leaves significant room for
optimization by incorporating additional hyperparameters.
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Abstract
In this paper, we investigate the effectiveness of incorporating
information from judgment documents for Legal Judgment Pre-
diction (LJP) in the COLIEE 2026 Pilot Task (LJPJT 2026). While
existing approaches primarily rely on claim-level text spans and
general-purpose pretrained models, such representations may not
sufficiently capture the court’s reasoning process. To address this
issue, we propose a retrieval-augmented generation (RAG) frame-
work that leverages textual descriptions of the court’s reasoning
in original judgment documents. We construct three systems that
differ in the granularity of the information used to generate auxil-
iary knowledge (“lessons”) and evaluate their impact on prediction
performance. Our results suggest that, while manually annotated
claim-level data remains useful, lessons generated from raw judg-
ment documents alone can also provide effective signals for pre-
diction. In addition, we observe that the presence of ground-truth
labels may influence how themodel acquires useful knowledge, po-
tentially leading to a greater focus on prediction outcomes rather
than the underlying reasoning process. Despite these findings, our
LLM-based approach does not outperform a fine-tuned Modern-
BERT model, highlighting the importance of fine-tuning for this
task. These findings suggest that incorporating richer contextual
information from judgment documents, particularly the court’s
reasoning process, is a promising direction for improving LJP sys-
tems.
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• Applied computing → Law; • Information systems → Data
mining.
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1 Introduction
Research on Legal Judgment Prediction (LJP) is emerging as a
framework for supporting decision-making processes in the legal
domain. In the Competition on Legal Information Extraction and
Entailment (COLIEE) 2025 held last year, the Legal Judgment Pre-
diction for Japanese Tort cases (LJPJT) 2025 task was introduced
as a pilot task [1], and LJPJT 2026 was also held in the subsequent
COLIEE 2026 [3].

The LJPJT 2025 and 2026 tasks [9] aim to predict the outcome of
legal litigation and consists of two subtasks. The first is Rationale
Extraction (RE), which determineswhether each claimmade by the
plaintiff or the defendant, annotated by legal experts as a text span
extracted from judgment documents, is accepted by the court. The
second is Tort Prediction (TP), which predicts whether tort liability
exists as the judgment outcome based on those claims.

In the previous round, LJPJT 2025, participants implemented
systems based on BERT-like language models or LLMs trained on
large-scale general-purpose data, or on rule-based scoring derived
from the training data [1, 2, 4, 5, 8]. However, the training data in
the LJPJT task contains only text spans representing the claims of
the plaintiff and defendant, along with their corresponding binary
labels, and the document collections used for pretraining are also
general-purpose.Therefore, we focused on the possibility that such
systems cannot sufficiently learn the court’s reasoning process.

Accordingly, in this paper, we investigated whether incorporat-
ing not only the text spans in the given training dataset but also tex-
tual descriptions of the court’s reasoning contained in the original
judgment documents corresponding to the training data is effec-
tive for prediction in the LJPJT task1. Specifically, when predicting
the two subtasks simultaneously with amodel based on gpt-oss [6],
we employed a retrieval augmented generation (RAG) mechanism
to refer, in a few-shot manner, to several related judgment docu-
ments in the training dataset, and compared multiple systems that
differ in the granularity of the referenced information. In the COL-
IEE 2026 Pilot Task formal run, we constructed three systems with
different levels of granularity, KIS1, KIS2, and KIS3, and submitted
their outputs.

Our experimental results show three findings:
• When providing information about related cases, using the
original judgment documents in addition to the text spans
provided in the dataset may improve performance.

• When the original judgment documents contain sufficient
information corresponding to the correct labels, manually
annotated labels may hinder sufficient knowledge acquisi-
tion by the model.

1Although the court’s reasoning in the test data clearly contains information useful
for estimating the correct labels, we did not use it.
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• Prompt tuning of LLMs alone could not achieve perfor-
mance superior to fine-tuning of small-scale SLM models.

These results suggest a research direction for future LJP studies,
namely how to incorporate the reasoning process of judges that is
not captured in the text spans of claims.

The remainder of this paper is organized as follows: Section 2 de-
scribes related work and explains the LJPJT 2026 task, the Japanese
Tort-case Dataset (JTD) on which it is based, and the LLM gpt-oss
used in this study. Section 3 describes the details of our implemen-
tation and experimental methods. Section 4 presents the experi-
mental results, and Section 5 provides a detailed analysis of the
system outputs and discusses implications for future research di-
rections based on these observations. Finally, Section 6 concludes
this paper.

2 Related Work
2.1 The LJPJT 2025/2026 Tasks and the JTD

Dataset
The dataset used in the LJPJT 2025 task is based on the JTD Dataset
constructed by Yamada et al. [9], which consists of 3,477 Japanese
court decisions. Each judgment may contain one or more tort in-
stances, all defined under Article 709 of the Japanese Civil Code.
For each tort, the dataset includes three types of text segments
extracted from the judgment document: the undisputed facts, the
plaintif’s claims, and the defendant’s claims. The JTD Dataset was
annotated by 41 legal experts.

The task consists of two subtasks: Tort Prediction (TP) and Ra-
tionale Extraction (RE). In the RE subtask, the goal is to predict
whether each individual claim made by the plaintiff or the defen-
dant is accepted by the court. In the TP subtask, the system predicts
the court’s decision for each tort, indicating whether tort liability
is established.

Table 1 shows an example tort instance used in the task. Our sys-
tem aims to predict the court’s decision for each tort, along with
whether each claim is accepted. Further details on the textual struc-
ture of the input can be found in [9]. Unlike other COLIEE datasets,
this dataset is provided solely in Japanese.

For reproducibility, the task organizers allow the use of publicly
available large language models (LLMs), while prohibiting the use
of models that do not provide open weights, such as GPT-5 and
Gemini.

2.2 gpt-oss
GPT (Generative Pre-trained Transformer) [7] is a language model
that performs autoregressive text generation. It encodes input se-
quences using self-attention and generates natural language by se-
quentially predicting the next token. This architecture enables a
single model to handle a wide range of natural language process-
ing (NLP) tasks in a unified manner, achieving strong performance
in contextual understanding, reasoning, summarization, dialogue,
and code generation through large-scale pretraining.

gpt-oss [6] is an open-weight large language model released
by OpenAI in 2025. The model provides a configurable “reasoning
level” that controls the degree of reasoning performed during in-
ference.This level can be specified in the system prompt with three

Table 1: An example tort instance, with texts cited from [9].

Input Output

Rationale Extraction
Undisputed Facts (UFs)

UF1 A posting “Mr. X1, you should
pay back the money” was made
in the website D, via IP address
***.***.***.***.

—

Plaintiff’s Claims (PCs)
PC1 This posting, based on a viewer of

ordinary prudence and his way of
viewing, indicates the fact that a
person named “X1,” who works at
factory B, borrowed money from a
certain individual but has not re-
paid it.

Y

PC2 There are only two persons with
the surname “X1” who work at fac-
tory B: the plaintiff and his cousin.

Y

PC3 The viewers of this posting, who
know the plaintiff but do not know
the plaintif’s cousin, would regard
the plaintiff as the subject of the
posting.

N

PC4 It is possible to identify the subject
of this posting as the plaintiff.

N

Defendant’s Claims (DCs)
DC1 We do not admit all the allegations

from plaintiff.
Y

Tort Prediction
Court Decision N

options: “low,” “medium,” and “high,” allowing users to adjust how
extensively the model generates its chain of thought during infer-
ence.

Furthermore, gpt-oss supports structured output generation, en-
abling precise control over output formats beyond natural lan-
guage. Specifically, it can produce responses in JSON or other pre-
defined schemas that are easily processed programmatically. This
feature is particularly useful for tool invocation and agent-based
systems that require safe and consistent outputs.

Among its variants, we used the model known as gpt-oss-
120b in this paper.

3 Implementation and Experiments
We developed three systems for the LJPJT 2026 task, all of which
are based on gpt-oss [6] and implement a retrieval-augmented gen-
eration (RAG) framework with few-shot examples. In this section,
we describe the details of our implementation.

We used the following datasets:
Training dataset for the LJPJT 2026 task This dataset con-

tains claims from past cases along with their corresponding
ground-truth labels. It consists of 6,508 cases.
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Training split of the JTD Dataset [9] This dataset2 was ad-
ditionally used to retrieve the original judgment documents
corresponding to the above training dataset. Although the
full dataset is larger, we used only the 6,356 cases that could
be aligned with the LJPJT training dataset.

Test dataset for the LJPJT 2026 task This dataset consists
of 802 cases and serves as the prediction target. The goal
of the LJPJT 2026 task is to assign labels for both rationale
extraction (RE) and tort prediction (TP) to each case in this
dataset.

In our implementation, for each case in the test dataset, gpt-oss
predicts labels for both RE and TP. In addition to the claims in the
input case, we retrieve the most similar cases from the training
dataset and use them as a basis for generating auxiliary knowl-
edge. Specifically, we convert the retrieved judgment documents
into short textual abstractions, which we refer to as “lessons.” Dur-
ing prediction, the generated lessons are provided as supplemen-
tary context, guiding the model in making decisions on individual
claims and tort liability.

3.1 Retrieval of Relevant Documents
In this subsection, we describe the method used to compute the
similarity between an input case (query) and each document in the
training data, in order to retrieve documents containing the most
similar cases. Specifically, we compute the similarity between two
sets of claims: 𝐷𝑖 = (𝐷(𝑝)

𝑖 , 𝐷(𝑑)
𝑖 ) representing the sets of claims in

a document, and 𝑄 = (𝑄(𝑝), 𝑄(𝑑)) representing those in a query.
Here, each 𝑑𝑖,𝑗 ∈ 𝐷(𝑝)

𝑖 ∪ 𝐷(𝑑)
𝑖 and 𝑞𝑘 ∈ 𝑄(𝑝) ∪ 𝑄(𝑑) is a short text

segment consisting of at most one sentence, and 𝑝 and 𝑑 denote
the plaintiff and the defendant, respectively.

Common RAG-based retrieval strategies, such as maximum or
average similarity, may yield high scores if a document and a query
share several similar claims. However, in actual legal decisions, a
small number of remaining claims may play a decisive role in de-
termining tort liability.Therefore, it is necessary to penalize redun-
dant claims on the document side and to reward sufficient cover-
age of the claims in the query. To address this issue, we adopt a
set-level similarity based on one-to-one matching between claims.

Concretely, the similarity between a document and a query is
computed as follows. For ease of exposition, we describe the com-
putation only for the plaintiff here; the same procedure is applied
separately to the defendant in the same manner. First, for each
pair of claims in the document and the query, we compute the
cosine similarity sim(emb(𝑑𝑖,𝑗), emb(𝑞𝑘)). If the similarity is be-
low a threshold 𝜏 (= 0.75), it is set to zero; otherwise, it is lin-
early rescaled to lie within the range [0, 1]. Here, emb(∗) denotes
the embedding representation of a text, and in our experiments
we use embeddings computed by the cl-nagoya/ruri-v3-310m3

model. Next, we perform maximum-weight matching on a bipar-
tite graph between the claims in the query and those in the docu-
ment.This matching enforces a one-to-one correspondence, where
each query claim is matched to at most one document claim, and
2We used the “Japanese Tort-case Dataset (Original Documents Only)” provided
by LIC Co., Ltd through Gengo-Shigen-Kyokai. https://www.gsk.or.jp/en/catalog/
gsk2024-a/
3https://huggingface.co/cl-nagoya/ruri-v3-310m

each document claim is matched to at most one query claim, while
maximizing the total similarity. Finally, based on the resulting
matching, we compute recall and precision between the query and
the document, and derive the F1 score, which is used as the simi-
larity between the query and the document for the plaintiff.

The same computation is applied to the defendant.The final sim-
ilarity between a document and a query is defined as the average of
the F1 scores for the plaintiff and the defendant. We then retrieve
the top five documents with the highest similarity scores.

3.2 Generation of Lessons
From each retrieved document, we generate “lessons” from por-
tions of the court’s reasoning so that they are informative for the
gpt-oss model. These lessons are generated by the gpt-oss model
itself.

As described in Section 1, we construct multiple types of lessons
by varying the information provided during generation:

KIS3 Only the training data provided in the LJPJT 2026 task,
i.e., the text spans representing claims and their correspond-
ing ground-truth labels, are used as input.

KIS2 Only the full text of the sections describing the court’s
reasoning in the original judgment documents correspond-
ing to the LJPJT 2026 training data is used, without using
the extracted spans or labels.

KIS1 Both the full text of the sections describing the court’s
reasoning in the original judgment documents and the
claims with ground-truth labels, manually extracted from
the LJPJT 2026 dataset, are used as input.

The prompts used for lesson generation are shown below. All
prompt templates are written in English, while the inserted claims,
judgment documents, and some of the generated lessons4 are pro-
vided in Japanese.

3.2.1 KIS3. In the KIS3 system, lessons are generated using only
the training data provided in the LJPJT 2026 task, i.e., the claim text
spans and their corresponding labels. The prompt used for genera-
tion is shown in Figure 1.

3.2.2 KIS2. In the KIS2 system, lessons are generated using only
the full text of the sections describing the court’s reasoning in the
original judgment documents. The extracted spans and labels pro-
vided in the LJPJT 2026 training data are not used.

An advantage of this approach is that the data can be obtained
automatically from judgment documents without requiring expert
annotation, allowing the construction of larger datasets in practice.

The prompt used for generation is shown in Figure 2. Here,
reference denotes the portion of the original judgment docu-
ment extracted from the line matching the regular expression
/(判\s*断|理\s*由)$/m onward. This expression matches sec-
tion headings such as “当裁判所の判断,” “争点に対する判断,”
“判断,” “裁判所の判断,” and “争点についての判断,” all of which
serve as section titles for the court’s reasoning; the corresponding
sections typically appear near the end of the document5, enabling

4Since the language of the output is not explicitly specified during lesson generation,
the gpt-oss model may produce outputs in either Japanese or English.
5In non-heading lines, a sentence-final period is typically present, and thus the ex-
pression does not match.
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Developer prompt:
1 Using the Reference and the provided labels,

output only the lesson(s) needed to predict the
same kinds of labels in similar cases later.

2 Include only case−specific, decision−relevant
points that help distinguish accepted from not
accepted claims. Do not output your reasoning
process, restate the labels, or include details
from the Reference that are not useful for
prediction.

3 Output a plain string only.

User prompt:
1 {
2 "plaintiff_claims": [
3 {"text": "⋯", "accepted": false}, ⋯
4 ],
5 "defendant_claims": [
6 {"text": "⋯", "accepted": true}, ⋯
7 ],
8 "tort_accepted": true,
9 }

Figure 1: Prompt used for lesson generation in the KIS3 sys-
tem

Developer prompt:
1 For each claim, decide whether it is accepted in

the Reference.
2 Then write ‘lessons‘: only the case−specific

points learned from the Reference that are needed
to make the same decisions later without the

Reference.
3 Do not output your reasoning process or anything

not learned from the Reference.
4 Output valid JSON only:
5 {"plaintiff":[bool,...],"defendant":[bool

,...],"tort":bool,"lessons":str}

User prompt:
1 {
2 "plaintiff_claims": ["⋯", ⋯],
3 "defendant_claims": ["⋯", ⋯],
4 "reference": "当裁判所の判断\n⋯",
5 }

Figure 2: Prompt used for lesson generation in the KIS2 sys-
tem

extraction of the court’s reasoning from judgment documents with
varying formats.

The full text of the judgment document is not used due to input
length limitations of the LLM. Documents that do not contain a
line matching this pattern are excluded, and lessons are instead
generated from other (next most similar) documents.

3.2.3 KIS1. In the KIS1 system, lessons are generated using both
the full text of the sections describing the court’s reasoning and the
claims with ground-truth labels extracted from the LJPJT 2026 task.
Although this approach requires expert annotation to expand the

Developer prompt:
1 Using the Reference and the provided labels,

output only the lesson(s) needed to predict the
same kinds of labels in similar cases later.

2 Include only case−specific, decision−relevant
points that help distinguish accepted from not
accepted claims. Do not output your reasoning
process, restate the labels, or include details
from the Reference that are not useful for
prediction.

3 Output a plain string only.

User prompt:
1 {
2 "plaintiff_claims": [
3 {"text": "⋯", "accepted": false}, ⋯
4 ],
5 "defendant_claims": [
6 {"text": "⋯", "accepted": true}, ⋯
7 ],
8 "tort_accepted": true,
9 "reference": "当裁判所の判断\n⋯",

10 }

Figure 3: Prompt used for lesson generation in the KIS1 sys-
tem

dataset, it is expected to benefit from both high-quality labels and
the surrounding contextual information in the original judgment
documents. The prompt used for generation is shown in Figure 3.
The extraction method for reference is the same as in KIS2.

3.3 Prediction
Our goal is to predict, for each case, whether each claim is accepted
for the RE task and whether tort liability is established for the TP
task.The generated lessons are provided as supplementary context,
allowing the model to make predictions by drawing analogies be-
tween the input case and retrieved examples.

The prompt template used for prediction is identical across all
systems (KIS1, KIS2, and KIS3) and is shown in Figure 4. The field
shared_premises contains the undisputed facts as provided in
the dataset6.The field references contains five lessons generated
in the previous subsection, whose content differs across the three
systems.

We specify the response format to ensure that themodel outputs
the required number of Boolean values for each case.

3.4 Hyperparameters
In our experiments, we used the openai/gpt-oss-120b7 model.
We did not perform fine-tuning and instead designed only the de-
veloper and user prompts.

For lesson generation, we set temperature=1.0 and top_-
p=1.0 to encourage more diverse outputs. For prediction, we set
6In our preliminary experiments, when we asked the gpt-oss model to revise a
draft prompt, it produced the following suggestion: “I prefer shared_premises
over undisputed_facts, because it nudges the model toward facts that function
as premises in reasoning, not just facts nobody disputed.” Based on this, we adopted
the name shared_premises.
7https://huggingface.co/openai/gpt-oss-120b
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Developer prompt:
1 Using the supplied lesson from a similar case,

predict for each claim whether it would be
accepted in the target case. Judge by analogical
fit to the lesson, not by whether the lesson
explicitly states the claim.

2 Also output ‘tort‘, meaning whether tort
liability would be recognized overall.

3 Output valid JSON only, with claim orders
preserved:

4 ‘{"plaintiff":[bool,...],"defendant":[bool
,...],"tort":bool}‘

User prompt:
1 {
2 "plaintiff": ["⋯", ⋯],
3 "defendant": ["⋯", ⋯],
4 "tort": null,
5 "shared_premises": ["⋯", ⋯],
6 "references": ["⋯", ⋯],
7 }

Response format:
1 {"plaintiff": [bool, ⋯], "defendant": [bool, ,

⋯], "tort": bool}

Figure 4: Prompt used for prediction

temperature=0.0 and top_p=1.0 to improve reproducibility, and
reasoning_effort to “medium,” as the model needs to consider
multiple lessons retrieved from related cases when making predic-
tions. All other hyperparameters were left at their default values.

4 Results
Table 2 presents the results of our systems on the LJPJT 2026 task.
In addition, although it was not included in our formal run sub-
missions, we also report, for reference, the results of the KIS5 sys-
tem [2], which achieved the best performance on the RE task in
the previous round of COLIEE (i.e., the LJPJT 2025 task), evaluated
on the LJPJT 2026 test dataset.

Our results show that KIS2 consistently outperforms KIS3.
While there is little difference in performance between KIS1 and
KIS3, KIS1 achieves slightly better performance on the main eval-
uation metrics of the LJPJT 2026 task, namely accuracy for the TP
task and F1 (Micro) for the RE task. However, none of our proposed
gpt-oss-based models outperformed the ModernBERT-based KIS5
system.

5 Discussions
Tables 3 and 4 present examples of the lessons generated by the
KIS1, KIS2, and KIS3 systems. For lessons generated in Japanese,
we additionally provide reference translations for the reader’s con-
venience. Interestingly, the lessons generated by KIS1 and KIS3,
which are provided with ground-truth labels, tend to focus on the
court’s decisions, as indicated by the presence of keywords such
as “accepted” and “主張” (assertion). In contrast, the lessons gen-
erated by KIS2 tend to include expressions of legal concepts related

to torts, such as “名誉毀損” (defamation) and “payment,” suggest-
ing a stronger focus on the court’s reasoning process.

Although this difference may potentially be mitigated by im-
proving prompt design, we hypothesize that in KIS2, where
ground-truth labels are not provided, the model is required to in-
fer labels from the documents themselves, which prevents short-
cutting and leads to the emergence of reasoning processes in the
generated lessons.

Despite relying only on automatically constructed training (i.e.,
reference) data without manual annotation, KIS2 achieves better
performance than KIS1 and KIS3, which use manually annotated
data. This suggests that further performance improvements may
be possible by increasing the number of candidate cases and gen-
erating a larger number of lessons8.

The slight performance difference between KIS1 and KIS3
also suggests that the original judgment documents may contain
knowledge that is not captured in the extracted claim texts.

Although our approach does not yet outperform models based
on fine-tuned ModernBERT [2], future work is expected to lever-
age the richness of automatically generated data from judgment
documents, as in this study, while also exploiting knowledge
unique to such documents to develop improved fine-tuning strate-
gies. In this context, it is necessary to explore not only prompt-
based text generation, as in our implementation, but also more so-
phisticated methods for representing and generating knowledge,
particularly those suited for BERT-like models.

Finally, our study focuses on prompt design and retrieval data
in the RAG framework. However, as demonstrated in the previ-
ous round of LJPJT 2025, fine-tuning can further improve perfor-
mance when using LLMs [4]. Therefore, incorporating legally rel-
evant knowledge, such as that explored in this study, into the fine-
tuning of LLMs is another promising direction for future research.

6 Concluding Remarks
In this paper, we evaluated the effectiveness of knowledge retrieval
from judgment documents in the COLIEE 2026 Pilot Task (LJPJT
2026). The goal of this task is to predict, for each case, whether
each claim is accepted by the court and whether tort liability is es-
tablished. Our results show that lessons generated from raw judg-
ment documents of other cases are more useful for prediction than
those generated frommanually annotated information at the claim
level.

These findings suggest a potential direction for improving per-
formance without relying on manual annotation. Although we did
not perform fine-tuning in this study, we also discussed possible di-
rections for fine-tuning based on insights from the previous COL-
IEE round. In this study, lessons were generated using relatively
simple prompts; in future work, we plan to construct more sophis-
ticated knowledge bases.

8In this study, retrieved documents are selected based on extracted claims. However,
as shown in our previous work [2], extracting claims from documents is not trivial,
and further research is required to address this issue.

76



COLIEE 2026, June 12, 2026, Singapore Kazuma Kadowaki and Yoshinobu Kano

Table 2: Our results for the LJPJT 2026, pilot task of COLIEE 2026.

Model TP RE
Accuracy Accuracy F1 (Micro) F1 (Macro)

All Pltf. Deft. All Pltf. Deft. All Pltf. Deft.
KIS1 0.6663 0.5855 0.6280 0.5433 0.5734 0.6425 0.4942 0.4485 0.2882 0.3066
KIS2 0.6438 0.6281 0.5979 0.6581 0.6261 0.6190 0.6340 0.5201 0.3125 0.3552
KIS3 0.6426 0.5865 0.5909 0.5821 0.5733 0.5911 0.5544 0.4723 0.2949 0.3448
KIS5 0.7111 0.6045 0.6078 0.6012 0.6865 0.6918 0.6812 0.6017 0.4185 0.5078
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Table 3: Examples of lessons generated by our systems

tort_id KIS1 KIS2 KIS3
0 Plaintiff claim accepted when it

(1) identifies the plaintiff (or its
members) by specific factual or
opinion statements, (2) shows
those statements are false or based
on false facts, and (3) demonstrates
that a reasonable ordinary reader
would perceive the statements
as lowering the plaintif’s social
reputation.
Defendant claim accepted only
when it successfully establishes
a public-interest defence: the
statements must concern matters
of general public concern (e.g., the
nature and policy of competing
labor unions) and be presented
as factual reporting or opinion
on those matters. Other defenses
(asserting no new reputational
harm, truth of the statements, or
reasonable belief in truth) are
rejected unless the truth of the
alleged facts is proven or the
defendant’s belief is shown to be
reasonably founded.

1.名誉毀損は、一般の読者が
普通の注意で読むと社会的評
価を低下させるかで判断する。
2.事実の摘示が虚偽であるか、
または公正な論評の前提とな
る事実が真実でない場合、名
誉毀損が成立する。3.公共の
利害に関する事実であっても、
事実が真実であることの証明
がない、または信じるに足る
合理的根拠が欠けるときは違
法性は免除されない。4.組合
の公式文書や内部資料だけに
依拠して事実を信じたとして
も、情報源の信用性が低く、対
立関係がある場合は「相当の
理由」が認められない。5.正当
な利益の擁護や反論としての
言論でも、虚偽の事実を根拠
にした場合は防御にならない。
6.組合活動の性格・運動方針
に関する情報は公共性が認め
られるが、虚偽の事実が含ま
れるときは名誉毀損の防御に
ならない。

-原告の主張が「事実の摘示」または「虚偽の事実に基づ
く意見・論評」であり、かつそれが不特定多数に読まれ原
告の社会的評価を著しく低下させると認められるときは
名誉毀損として受容される。
-被告が「事実はすべて真実」「意見は公正な論評」と主張
しても、具体的な事実確認や証拠が示されなければ認めら
れない。単なる内部文書や上部組織の承認だけでは真実性
の立証とはならない。
-「名誉毀損がない」「社会的評価の新たな低下はない」と
いった主張は、実質的な評価低下の有無が客観的に示され
ない限り退けられる。
-「公共の利害に関する事実に係る」ことを防御理由とす
るには、掲示内容が **労働組合の性格・運動方針・組合
選択の材料 **など、企業内で多数の従業員が関心を有す
る公共的事実であることを具体的に示す必要がある。これ
が認められたものだけが防御として受容される。
-「公式文書に基づく」「上部組織の確認を得た」などの手
続的正当性は、事実の真実性や公正な論評性の証明には直
結せず、単独での防御は認められない。
-「自己の正当な利益を擁護するための言論」「表現の形式
的違法性欠如」など、動機・方法・内容の総合的判断だけ
で違法性を否定する主張は、事実の虚偽性や評価低下の有
無がクリアされない限り認められない。
-名誉毀損に対する防御として有効なのは、**真実性 **、**
公正な論評 **、**公共の利害に関する事実の摘示 **のい
ずれかが具体的かつ客観的に証明された場合のみである。

1. Defamation is determined by
whether, when an ordinary reader
reads it with ordinary care, it lowers
social evaluation. 2. If the statement
of fact is false, or if the facts forming
the premise of fair comment are not
true, defamation is established. 3.
Even if the facts concern matters
of public interest, illegality is not
exempted when there is no proof
that the facts are true, or when
there is a lack of reasonable grounds
sufficient to believe them. 4. Even
if one believed the facts based only
on the union’s official documents
or internal materials, when the
reliability of the information sources
is low and there is an adversarial
relationship, “reasonable grounds”
are not recognized. 5. Even speech as
the protection of a legitimate interest
or as a rebuttal does not constitute
a defense when it is based on false
facts. 6. Information concerning the
character of union activities and
movement policy is recognized as
having a public character, but when
false facts are included, it does not
constitute a defense to defamation.

- The plaintif’s assertions are accepted as defamation when they consti-
tute a “statement of fact” or an “opinion/comment based on false facts,”
and when it is recognized that they were read by an unspecified large
number of people and significantly lowered the plaintif’s social evalua-
tion.
- Even if the defendant argues that “all facts are true” and that “the opin-
ions are fair comment,” this will not be accepted unless concrete fact-
checking or evidence is presented. Mere internal documents or approval
by a superior organization do not constitute proof of truth.
- Assertions such as “there is no defamation” or “there is no new lower-
ing of social evaluation” are rejected unless the presence or absence of an
actual lowering of evaluation is shown objectively.
- In order to use as a defense that the matter “relates to facts concerning
the public interest,” it is necessary to show specifically that the posted
content consists of public facts in whichmany employees within the com-
pany have an interest, such as **the character of the labor union, its move-
ment policy, andmaterial for choosing a union**. Only what is recognized
as such is accepted as a defense.
- Procedural legitimacy such as “based on official documents” or “con-
firmed by a superior organization” does not directly lead to proof of the
truth of the facts or of fair comment, and by itself is not accepted as a
defense.
- Assertions that deny illegality solely on the basis of a comprehensive
judgment of motive, method, and content, such as “speech to defend one’s
legitimate interests” or “the absence of formal illegality in the form of ex-
pression,” are not accepted unless the falsity of the facts and the presence
or absence of lowered evaluation are cleared.
- What is effective as a defense against defamation is only a case in which
one of **truth**, **fair comment**, or **the statement of facts concerning
the public interest** has been proved specifically and objectively.
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Table 4: Examples of lessons generated by our systems (continued)

tort_id KIS1 KIS2 KIS3
1 -支払義務の消滅を争っている旨の主張は、相手方が

債務の存続を認めている事実と合致すれば「受理」さ
れる。
-支払の一部を子の口座に振り込んだことが、相手方
の了解なく行われ、かつ相手方が実質的に口座を管理
していなかった場合、その振込は債務の弁済とは評価
できず、相手方が債務の不存在を主張することは「認
められない」。
-相手方が口座への振込について明示的な同意をして
おらず、管理権も持っていないという事実があるとき、
相手方が「了解した」や「管理していた」等の主張は
すべて「受理」される。
-差押えが債務残高を超えていない、又は正当な執行
手続きに基づくものである場合、差押えが違法で不法
行為になる、あるいは不当利得を得たという主張は
「認められない」。

A payment made to a third-party
(e.g., a child’s) account does not dis-
charge a marital-support debt unless
the creditor explicitly approves the
payment method and exercises ac-
tual control over that account. Merely
knowing about the payment or the
account’s existence is insufficient for
consent. Without such consent and
control, the creditor’s claim of un-
paid support remains valid, and any
seizure of the debtor’s assets for that
claim is not an unlawful tort.

- Accept statements that plainly de-
scribe **documented actions or po-
sitions** of the parties (e.g., actual
payments made, the defendant’s
explicit contest of the plaintif’s
claim, or the existence of a remain-
ing monetary claim in the attached
debt list).
- Reject statements that **assert un-
verified conduct or conclusions**
(e.g., claims of no objection, receipt
of money without dispute, under-
standing of an email, fulfillment
of obligations, or the propriety of
a seizure) unless they are directly
supported by the record.

- The assertion that one is disputing the extinguishment of the pay-
ment obligation is “accepted” if it accords with the fact that the other
party acknowledges the continued existence of the debt.
- Where part of the payment was remitted to the child’s account
without the other party’s consent, and the other party was not in
substance managing that account, that remittance cannot be eval-
uated as performance of the debt, and it is “not accepted” that the
other party may assert the non-existence of the debt.
- When there is the fact that the other party did not give explicit
consent to remittance into the account and also did not have the au-
thority to manage it, all assertions by the other party such as that
they “consented” or “were managing it” are “accepted.”
- Where the attachment does not exceed the outstanding debt
amount, or is based on lawful execution procedures, assertions that
the attachment was illegal and constituted a tort, or that unjust en-
richment was obtained, are “not accepted.”

2 Defamation claim is accepted when the article, read as a
whole by an ordinary reader, conveys false factual impu-
tations that lower the plaintif’s social reputation; isolated
excerpts must be evaluated in context. A defendant’s truth
defense succeeds only for factual portions that are proven
true and relate to matters of public interest (e.g., criminal
conduct). Claims that a statement is merely peripheral or
unrelated to reputation are rejected if the article’s overall
thrust still harms reputation; truth of non-essential back-
ground information does not bar liability.

Defamation is judged by the mean-
ing of the whole article as read by
an ordinary reader, not by isolated
statements. If the key factual por-
tions reported are true and concern
matters of public safety, the article
serves a public-interest purpose and
the truth defence removes illegality,
so no tort of defamation arises. In-
formation unrelated to the criminal
facts that does not lower the plain-
tif’s social reputation is not consid-
ered defamatory. The court rejected
the plaintif’s claims and upheld all of
the defendant’s assertions that the re-
ported facts were true, of public inter-
est, and not improper.

Defendant’s truth defense is ac-
cepted only when the contested
statement is a factual finding con-
firmed by a criminal judgment and
the reporting concerns a matter of
public interest; if the statement is
false, merely restates already rep-
utationally harmful facts, or fails
to serve public interest, the de-
fense is rejected. Plaintif’s claim
is accepted when the article con-
tains false expressions that damage
reputation and the defendant dis-
tributed them.
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Abstract
We report on the BJPWH team’s submissions to Task 1 of COL-
IEE 2026, which concerned retrieving relevant legal cases given
a query case. Our approach combines traditional lexical retrieval
(BM25) with dense semantic retrieval (BERT embeddings) through
weighted reciprocal rank fusion (RRF). We implement a year-based
filtering mechanism to enforce legal precedent constraints, requir-
ing that retrieved cases predate the query case. A key finding is
that applying year filtering only to BERT results while leaving
BM25 results unfiltered outperforms filtering both retrievers. We
discuss in Section 5 why the two retrievers appear to err in com-
plementary ways under temporal constraints. We submitted three
runs: BJPWH1 (BERT-only with year filtering), BJPWH2 (BM25-
only with year filtering), and BJPWH3 (hybrid RRF fusion with
selective BERT filtering). BJPWH3 achieved our best performance
with F1=0.2101 on the test set, ranking 14th among 22 participating
teams.

1 Introduction
Legal case retrieval is the task of finding relevant precedent cases
given a query case. This is a fundamental problem in legal infor-
mation retrieval with direct applications to legal research, case law
analysis, and judicial decision-making. The COLIEE (Competition
on Legal Information Extraction/Entailment) workshop provides a
benchmark dataset and evaluation framework for this task.

The COLIEE 2026 Task 1 dataset consists of legal cases from
Canadian Federal Court. Given a query case, systems must retrieve
a ranked list of relevant precedent cases from a corpus of candidate
cases. The task presents several unique challenges compared to
general document retrieval:

(1) Long documents: Legal cases are typically very long (thou-
sands of tokens), requiring strategies to handle length nor-
malization and computational constraints.

(2) Specialized vocabulary: Legal text contains domain-specific
terminology and citation patterns not found in general text.

(3) Temporal precedent constraints: A legal case can only cite
decisions that predate it, creating a strict temporal ordering
constraint.

(4) Bilingual content: Canadian Federal Court cases frequently
contain both English and French text, which affects lexical
retrieval.

Our approach addresses these challenges through a hybrid re-
trieval system that combines the strengths of lexical and semantic
retrieval methods. We make the following contributions:

(1) A systematic BM25 parameter tuning procedure adapted for
long legal documents, finding optimal values of 𝑘1 = 4.5 and
𝑏 = 1.0.

(2) A year-based filtering mechanism that enforces temporal
precedent constraints while preserving retrieval quality.

(3) A weighted reciprocal rank fusion (RRF) strategy for com-
bining BM25 and BERT retrievers.

(4) Experimental analysis showing that selective year filtering
(BERT-only) outperforms filtering both retrievers in the hy-
brid setting.

1.1 Organization
The remainder of this paper is organized as follows. Section 2
surveys related work on the COLIEE competition, legal informa-
tion retrieval, and hybrid retrieval systems. Section 3 describes
our methodology, including the dataset, BM25 and BERT retrieval
components, year-based precedent filtering, and fusion strategies.
Section 4 presents our experimental results, covering BM25 pa-
rameter tuning, fusion strategy comparisons, submission strategy
optimization, and official test set performance. Section 5 discusses
the key findings and their implications, and outlines limitations and
future work. Section 6 concludes the paper. Appendix A reports on
preliminary experiments with SAILER reranking and LLM-based
case summarization that were explored but not included in our final
submissions.

2 Related Work
2.1 The COLIEE Competition
The Competition on Legal Information Extraction/Entailment (COL-
IEE) has been held annually since 2014, with Task 1 focused on
retrieving relevant precedent cases given a query case [5, 6]. The
task uses a corpus of Canadian Federal Court cases with citation
links suppressed, which requires systems to identify which cases
a query case would “notice” based purely on content. F1 score is
the primary evaluation metric. Top F1 scores have increased from
around 0.19 in COLIEE 2021 to 0.44 in COLIEE 2024 [6], reflecting
advances in neural retrieval and hybrid pipeline design.
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Figure 1: Overview of our hybrid retrieval system. Year filtering is applied as an optional post-processing step on either or both
retrieval tracks. In our best submission (BJPWH3), filtering is applied to BERT only.

2.2 Legal Information Retrieval
Traditional lexical matching methods like BM25 remain competitive
baselines for legal case retrieval due to their robustness and inter-
pretability [15]. IITDLI at COLIEE 2023 demonstrated that a care-
fully tuned BM25 pipeline with year-based filtering and submission
thresholding could achieve strong results without neural compo-
nents [3]. LeiBi at COLIEE 2022 explored query reformulation and
automatic summarization with Longformer-Encoder-Decoder as a
means of generating more effective query representations [12], an
approach conceptually related to our summarization experiments
described in Appendix A.

Dense retrieval using BERT-based encoders has shown promise
for capturing semantic similarity beyond keyword matching [14].
SAILER [10] is a structure-aware pre-trained language model de-
veloped specifically for legal case retrieval, which models the in-
ternal rhetorical structure of legal documents during pre-training.
THUIR at COLIEE 2023 incorporated SAILER as part of a learning-
to-rank ensemble, achieving the best Task 1 performance that year
(F1=0.30) [11].

2.3 Hybrid Retrieval Systems
Combining lexical and semantic retrieval has been shown to im-
prove performance across many retrieval domains. Reciprocal Rank
Fusion (RRF) [2] provides a simple and effective method for com-
bining ranked lists without requiring score normalization. NOWJ
at COLIEE 2023 employed a multi-phase hybrid approach that
combined BM25 for initial candidate selection with a fine-tuned
semantic model for reranking, and also incorporated year-based
filtering to enforce temporal precedent constraints [16]. Their 2023
system is the most methodologically similar to ours.

More recent editions have seen increasing use of large language
models in retrieval pipelines. JNLP at COLIEE 2025 extended the
hybrid paradigm by incorporating both BM25 scores and SAILER

Table 1: COLIEE 2026 Task 1 dataset statistics

Split Cases Query cases

Training 7,708 –
Test (candidate pool) 1,848 400

scores as features in a pairwise neural classifier, achieving the
best Task 1 result in 2025 (F1=0.36) [13]. The dominant pattern
across recent editions is a multi-stage pipeline: BM25 initial filtering
for high recall, followed by neural reranking, followed by post-
processing [8, 9].

3 Methods
3.1 Dataset
The COLIEE 2026 Task 1 dataset consists of Canadian Federal Court
case law files. Cases are provided as plain text with all citation links
suppressed and replaced by a FRAGMENT_SUPPRESSED tag, prevent-
ing systems from exploiting raw citation strings. The training set
contains 7,708 cases. The test set consists of a candidate pool of
1,848 full case files and 400 query cases provided as case IDs only.

Evaluation uses micro-averaged precision, recall, and F1. Cases
contain both English and French text; French content was not explic-
itly removed in our pipeline. All training-set experiments reported
in this paper were evaluated against the gold labels provided with
the COLIEE 2026 training set.

3.2 BM25 Lexical Retrieval
We use BM25 as our primary lexical retrieval method, implemented
via Elasticsearch 8.11.3 [4] with a custom similarity configuration.
BM25 scores a document 𝐷 against a query 𝑄 as:
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score(𝐷,𝑄) =
∑︁
𝑖

IDF(𝑞𝑖 ) ·
𝑓 (𝑞𝑖 , 𝐷) · (𝑘1 + 1)

𝑓 (𝑞𝑖 , 𝐷) + 𝑘1 · (1 − 𝑏 + 𝑏 · |𝐷 |/avgdl)
(1)

where 𝑓 (𝑞𝑖 , 𝐷) is the term frequency of query term 𝑞𝑖 in doc-
ument 𝐷 , |𝐷 | is the document length, and avgdl is the average
document length in the corpus.

The parameter 𝑘1 controls term-frequency saturation: higher
values allow a term’s contribution to grow longer before plateauing.
The parameter 𝑏 controls document-length normalization: 𝑏 = 1.0
applies full normalization, 𝑏 = 0.0 applies none. Both parameters
are tunable; we describe our tuning procedure in Section 4.1.

Implementation. We created a complete Elasticsearch-based in-
frastructure including: We built a complete Elasticsearch-based
infrastructure supporting document preprocessing and bulk index-
ing, a custom BM25 similarity configuration with adjustable 𝑘1 and
𝑏 parameters, multi-field search across English and French text, and
a configurable top-𝐾 retrieval interface.

This infrastructure enabled systematic parameter exploration to
find optimal BM25 configurations for legal case retrieval.

3.3 BERT Dense Retrieval
For dense semantic retrieval, we employ a BERT-based approach
using Sentence-BERT [14] embeddings. Given the length of legal
documents, we adopt a chunk-based strategy:

Chunking. Each legal case is split into chunks of 250 tokens with
40-token overlap. This allows the embedding model to process the
full document while respecting token limits.

Embedding. We use the all-MiniLM-L6-v2 model [14] to en-
code each chunk into a dense vector representation. This model
provides a good balance of quality and efficiency for sentence-level
embeddings.

Indexing. Chunk embeddings are indexed using FAISS [7] for
efficient similarity search.

Retrieval and Aggregation. For a query case, we:
(1) Encode the query case into chunks and embed each chunk
(2) Perform 𝑘-NN search in FAISS to find the top matching

chunks
(3) Aggregate chunk-level scores to compute case-level rele-

vance scores
(4) Rank candidate cases by aggregated scores
We initially retrieve the top-200 candidates per query before

applying downstream filtering and fusion.On the training set, the
BERT-only dense retriever (top-200 candidates, no year filtering)
achievesMAP=0.0555,MRR=0.1118, R@100=0.2875, and R@200=0.3210.

3.4 Year-Based Precedent Filtering
Legal precedent rules require that a case can only cite decisions
made before it. Year-based filtering to enforce this constraint has
been used in prior COLIEE work [1, 11]. To enforce this temporal
constraint, we implement year-based filtering as a post-processing
step.

Year Extraction. We extract decision years from case text using
rule-based pattern matching over the structured case header (e.g.,
neutral citation lines such as “2015 FC 725”), focusing on clearly
marked decision years to avoidmisidentifying other dates (e.g., cited
cases, evidence dates) as the judgment year. Cases without reliable
year information are left unfiltered. Our extraction achieved 97.2%
coverage on the test set, successfully extracting years for 1,796 out
of 1,848 cases.

Filtering Application. For each query case with year 𝑦𝑞 , we re-
move all candidates with decision years 𝑦𝑐 ≥ 𝑦𝑞 . This ensures
retrieved cases temporally precede the query case.

Selective Filtering. We evaluate four filtering configurations:
• No filtering
• BM25 results filtered only
• BERT results filtered only
• Both filtered

This allows us to isolate the effect of year filtering on each re-
triever and their combination. As we show in Section 4, filtering
BERT results while leaving BM25 unfiltered produces the best hy-
brid performance.

The year filtering reduced BERT candidates by 40.7% (from 50,337
to 29,855) and BM25 candidates by approximately 36%. The larger
reduction for BERT is consistent with our later finding that BERT
more readily retrieves temporally invalid cases - and that filtering
its output selectively is therefore the more impactful intervention.

3.5 Hybrid Retrieval: Fusion Strategies
To combine lexical and semantic retrieval signals, we design and
evaluate two fusion strategies. Both take as input a ranked list from
BM25 and a ranked list from BERT, and produce a single merged
ranking.

Weighted Score Fusion. The first strategy normalizes the raw
scores from each retriever using min-max normalization and com-
bines them as a weighted sum:

scorehybrid (𝑑) = 𝛼 · normBM25 (𝑑) + (1 − 𝛼) · normBERT (𝑑) (2)

where norm𝑥 (𝑑) = (score𝑥 (𝑑) −min𝑥 )/(max𝑥 −min𝑥 ) and 𝛼 ∈
[0, 1] is the BM25 weight, treated as a hyperparameter. A value of
𝛼 = 1 reduces to pure BM25.

Weighted Reciprocal Rank Fusion (RRF). The second strategy com-
bines document ranks rather than normalized scores. Because BM25
and BERT scores live on incompatible scales, rank-based combi-
nation is more robust than score-based combination. We use a
weighted extension of the standard RRF formula [2]:

scoreRRF (𝑑) = 𝛼 ·
1

𝑘 + rankBM25 (𝑑)
+ (1−𝛼) · 1

𝑘 + rankBERT (𝑑)
(3)

where 𝑘 = 60 is the standard RRF constant that dampens the
influence of very highly-ranked documents, and 𝛼 is the BM25
weight. Documents absent from one retriever’s list contribute 0
from that term.

As we show in Section 4.2, RRF substantially outperforms score
fusion, so we use RRF for our final submission.
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Table 2: Phase 1 BM25 grid search results (training set)

𝑘1 𝑏 MAP MRR R@100 R@200

1.2 (baseline) 0.75 0.0992 0.1562 0.5164 0.6039
1.5 0.75 0.1023 0.1595 0.5287 0.6130
1.2 0.50 0.0863 0.1412 0.4795 0.5618
1.5 0.50 0.0941 0.1505 0.5092 0.5989
1.5 0.30 0.0948 0.1505 0.5196 0.6161
2.0 0.75 0.1054 0.1626 0.5343 0.6178
2.0 0.50 0.1012 0.1563 0.5249 0.6136
2.0 0.30 0.1041 0.1615 0.5410 0.6321

Table 3: Phase 2 BM25 grid search results (training set)

𝑘1 𝑏 MAP MRR R@100 R@200

2.0 1.0 0.1054 0.1614 0.5311 0.6144
3.0 0.9 0.1165 0.1730 0.5709 0.6520
3.0 1.0 0.1150 0.1690 0.5638 0.6465
3.5 0.9 0.1172 0.1731 0.5763 0.6536
3.5 1.0 0.1181 0.1721 0.5739 0.6553
4.0 0.9 0.1178 0.1726 0.5793 0.6558
4.0 1.0 0.1205 0.1748 0.5823 0.6620

4 Experiments
4.1 BM25 Parameter Tuning
We conducted a three-phase grid search over 𝑘1 and 𝑏 to find the
BM25 configuration that maximizes candidate recall on the training
set. R@200 is the primary tuning metric because BM25 served as the
first-stage retriever: its role was to produce a high-recall candidate
pool of 200 cases per query for downstream fusion and filtering.
Errors at this stage are difficult to recover later, making recall the
primary concern at this stage.

Phase 1: Initial Search. We tested 𝑘1 ∈ {1.2, 1.5, 2.0} and 𝑏 ∈
{0.3, 0.5, 0.75}, evaluating each configuration with a fresh Elastic-
search index. Results are shown in Table 2.

Phase 1 showed that higher 𝑘1 (2.0) and lower 𝑏 (0.30) improved
R@200, suggesting two things: legal cases benefit from less aggres-
sive term-frequency saturation, and the default length normaliza-
tion (𝑏 = 0.75) over-penalizes long legal documents.

Phase 2: Refined Search. Based on Phase 1, we expanded the grid
to 𝑘1 ∈ {2.0, 3.0, 3.5, 4.0} and 𝑏 ∈ {0.9, 1.0}. Results are shown in
Table 3.

Increasing 𝑘1 continued to improve recall monotonically across
this range, with 𝑘1 = 4.0 achieving the best R@200 so far (0.6620),
motivating a finer search around this value.

Phase 3: Final Refinement. We tested 𝑘1 ∈ {4.0, 4.5, 5.0} with
𝑏 = 1.0 to find the optimal saturation parameter. Results are shown
in Table 4.
𝑘1 = 4.5 with 𝑏 = 1.0 achieved the best R@200 (0.6681), with

corresponding improvements in MAP and MRR. 𝑘1 = 5.0 showed a
slight regression, confirming that 𝑘1 = 4.5 is the saturation point
for this corpus.

Table 4: Phase 3 BM25 grid search results (training set)

𝑘1 𝑏 MAP MRR R@100 R@200

4.0 1.0 0.1205 0.1748 0.5823 0.6620
4.5 1.0 0.1227 0.1773 0.5916 0.6681
5.0 1.0 0.1218 0.1762 0.5904 0.6669

4.2 Fusion Strategy Comparison
We compared weighted score fusion and weighted RRF across dif-
ferent 𝛼 values and year-filtering configurations.

We swept 𝛼 ∈ {0.1, 0.2, . . . , 0.9} in steps of 0.1 for score fusion,
and 𝛼 ∈ {0.80, 0.85, 0.90, 0.92, 0.94, 0.96, 0.98} for RRF, reporting
the value that maximized R@200 in each case. Table 5 shows the
results.

Score fusion provided only marginal gains over BM25 alone
(MAP: 0.1244 vs. 0.1227), confirming that min-max normalization
does not adequately reconcile the score distributions of the two
retrievers.

RRF substantially outperformed both BM25 and score fusion on
ranking metrics – applying BERT year-filtering within the RRF
setting pushed MAP to 0.1563 and MRR to 0.2583. Filtering both
retrievers further improved top-rank precision (MRR: 0.2636) but at
a significant recall cost (R@200 fell from 0.6655 to 0.6019), making
it unsuitable as a general submission strategy.

We selected RRF with BERT year-filtered and BM25 unfil-
tered (𝛼 = 0.8) as our final system (BJPWH3), as it provided the
best balance of recall and ranking quality.

4.3 Submission Strategy Optimization
We systematically tested different submission strategies to deter-
mine the optimal number of results to return per query. We com-
pared:

• Fixed K strategies: Return exactly 𝐾 results for all queries
(𝐾 ∈ {5, 10, 11, 15, 100})

• Dynamic K strategies: Return variable numbers of results
based on score thresholds (𝜏 ∈ [0.3, 0.8])

In total, we tested 45 configurations on the training data. Results
are visualized in Figure 4 and Figure 5.

Fixed 𝐾 = 10 was optimal across all metrics. The sweet spot in
Figure 5 shows that returning 10–15 results per query maximizes F1,
with performance degrading on both sides: very small𝐾 (e.g.,𝐾 = 5)
sacrifices recall, while large 𝐾 (e.g., 𝐾 = 100) floods the submission
with low-precision results. Dynamic threshold strategies generally
underperformed their fixed-𝐾 equivalents, likely because score
distributions vary across queries and a single threshold does not
transfer well.

Based on this analysis, all three of our final submissions used
Fixed 𝐾 = 10.

Additional experiments with SAILER reranking and LLM-based
case summarization are described in Appendix A.

4.4 Test Set Results
Table 6 shows the official test set results for all three BJPWH sub-
missions. BJPWH3 (hybrid RRF with selective BERT year-filtering)
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Table 5: System comparison: BM25 baseline vs. score fusion vs. RRF (training set)

System 𝛼 MAP MRR R@100 R@200

BM25 (𝑘1=4.5, 𝑏=1.0) – 0.1227 0.1773 0.5916 0.6681

Score fusion, no filter 0.9 0.1152 0.1681 0.5818 0.6606
Score fusion, BM25 yr-filt. (best) 0.9 0.1244 0.1821 0.5749 0.6366
Score fusion, BERT yr-filt. 0.9 0.1201 0.1730 0.5909 0.6683
Score fusion, both yr-filt. 0.9 0.1211 0.1784 0.5527 0.5998

RRF, no filter 0.80 0.1400 0.2325 0.5849 0.6648
RRF, BERT yr-filt. (BJPWH3) 0.80 0.1563 0.2583 0.5886 0.6655
RRF, both yr-filt. (ranking-focused) 0.92 0.1593 0.2636 0.5573 0.6019

Figure 2: BM25 parameter tuning results showing R@200
across all tested 𝑘1 and 𝑏 configurations. Grey cells were
not evaluated. The optimal configuration (𝑘1 = 4.5, 𝑏 = 1.0,
starred) represents an unusually high saturation parameter
suited to long legal documents.

achieved the best F1 among our runs at 0.2101, confirming the
training-set findings. BJPWH2 (BM25-only) performed comparably
at F1=0.2087, underscoring the strength of the tuned BM25 baseline.
BJPWH1 (BERT-only) lagged significantly at F1=0.1201, consistent
with the known difficulty of applying dense retrieval to long legal
documents without a strong lexical component.

Table 7 shows all official COLIEE 2026 Task 1 results. BJPWH3
ranked 14th among 22 participating teams by best-run F1. The
top system, NOWJ, achieved F1=0.4220 using a multi-stage neural
pipeline. For context, the top system in COLIEE 2025 achieved
F1=0.3353 [9], and in COLIEE 2024 F1=0.4432 [6], placing the 2026
competition in line with recent editions. Our result sits in the lower-
middle tier of the field, ahead of 8 teams including several with
non-zero scores.

5 Discussion
5.1 BM25 Remains Strong
Despite the rise of neural retrieval methods, BM25 with carefully
tuned parameters remains highly competitive for legal case retrieval.
Our BM25-only system (BJPWH2) achieved strong performance,
and BM25 contributed the majority of the signal in our best hybrid
system, where 𝛼 = 0.8 heavily weights BM25.

The unusually high 𝑘1 value we found (𝑘1 = 4.5 vs. the typical
default of 1.2) reflects the characteristics of legal text. In a general
corpus, domain-specific legal terms such as statute references and
case citations would be rare, carrying high IDF scores that natu-
rally distinguish relevant documents. However, within a corpus
restricted to case law, these same terms appear frequently across
many documents, compressing their IDF and reducing its discrimi-
native power. This shifts the retrieval burden onto term frequency:
allowing TF to contribute more before saturating, via higher 𝑘1,
compensates for the narrowed IDF range. Our three-phase grid
search confirms this empirically, with R@200 improving from 0.604
at the default 𝑘1 = 1.2 to 0.668 at 𝑘1 = 4.5.

5.2 Selective Year Filtering
Our finding that filtering BERT results while leaving BM25 unfil-
tered produces the best hybrid performance was somewhat unex-
pected. We hypothesize two explanations:

(1) Error correction: BERT’s semantic matching may some-
times retrieve anachronistic cases that are semantically similar
but temporally invalid. Year filtering removes these errors while
preserving BERT’s strength in capturing semantic similarity.

(2) Diversity preservation: BM25’s lexical matching is more
conservative and less likely to retrieve anachronistic cases in the
first place. Filtering BM25 results may remove valid early precedents
without corresponding improvements in precision, reducing the
diversity of the candidate pool.

Rigorous validation of these hypotheses - through case-level
error analysis comparing the specific documents added or removed
by each filtering configuration - is an important direction for future
work.

5.3 RRF vs. Score Fusion
RRF substantially outperformed score fusion in our experiments.
A likely explanation is that BM25 and BERT scores are on funda-
mentally incompatible scales: BM25 scores grow with document
length and term frequency in ways that min-max normalization
does not fully correct, whereas BERT cosine similarity scores are
bounded and tightly clustered. Rank-based fusion sidesteps this
problem entirely, since it only requires that both lists agree on
relative ordering, not on absolute magnitude. The RRF smoothing
constant 𝑘 = 60 additionally dampens the outsized influence of the
very top-ranked documents, providing more stable fusion across
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Table 6: Official test set results for BJPWH submissions

Run System F1 Precision Recall

BJPWH1 BERT-only, yr-filt. 0.1201 0.0870 0.1937
BJPWH2 BM25-only, yr-filt. 0.2087 0.1500 0.3429
BJPWH3 Hybrid RRF, BERT yr-filt. 0.2101 0.1510 0.3451

Figure 3: Comparison of fusion strategies and filtering configurations on training data. MAP and MRR (bars, left axis) show
ranking quality; R@200 (dashed line, right axis) shows recall. BJPWH3 achieves the best balance: strong ranking gains with
minimal recall cost. Note that BM25 alone retains the highest R@200 (0.6681); filtering both retrievers improves top-rank
precision but substantially reduces recall.

queries. This behavior aligns with findings from other hybrid re-
trieval settings where rank-based fusion consistently outperforms
score-based fusion [2].

5.4 Limitations and Future Work
Our pipeline achieves encouraging results given its relative sim-
plicity, relying on well-established retrieval components without
neural reranking or LLM integration. Nevertheless, it falls notably
short of the top-performing systems, highlighting clear avenues for
improvement.

Summarization: Due to computational constraints, we could not
evaluate whether retrieval over LLM-generated summaries would
improve performance. With sufficient compute resources, this re-
mains a promising direction.

Query expansion: We did not experiment with query expansion
techniques (e.g., pseudo-relevance feedback, legal thesaurus expan-
sion). These could potentially improve recall.

Reranking: While SAILER reranking did not help in our exper-
iments, other neural reranking models (e.g., cross-encoders fine-
tuned on legal text) might yield better results.

Citation graphs and argument structure: Legal cases form a cita-
tion network that could be exploited for retrieval via graph-based
ranking or link analysis. More broadly, legal cases follow recogniz-
able rhetorical structures - issues, reasoning, findings - and methods
that explicitly model this argument structure, such as structure-
aware pre-training [10] or graph neural networks over argument
graphs, may capture relevance signals that flat text retrieval misses
entirely. We did not incorporate citation or argument structure in
this work.
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Table 7: Full COLIEE 2026 Task 1 results (best run per team,
sorted by F1). BJPWH shown in bold.

Team F1 Prec. Rec.

NOWJ 0.4220 0.4235 0.4206
JNLP 0.4126 0.4341 0.3931
SIL 0.3871 0.4186 0.3600
mezza 0.3289 0.3161 0.3429
INTIT 0.3165 0.3249 0.3086
DU 0.3141 0.2945 0.3366
FLNLP 0.2935 0.2619 0.3337
UA 0.2666 0.2038 0.3851
UCD-CS 0.2645 0.2480 0.2834
JUNLLP 0.2525 0.2193 0.2977
74688 0.2346 0.2130 0.2611
UB2026 0.2233 0.2338 0.2137
Sach 0.2231 0.1631 0.3531
BJPWH 0.2101 0.1510 0.3451
ABAI 0.1771 0.1596 0.1989
AIIRLab 0.1516 0.2642 0.1063
bosch 0.1466 0.0892 0.4103
KeioAndrewShin 0.1383 0.1527 0.1263
CityUMO 0.0000 0.0000 0.0000
ClaUSurf 0.0000 0.0000 0.0000
NIT26 0.0000 0.0000 0.0000
NRCBMU 0.0000 0.0000 0.0000

Domain-adapted models: Our dense retrieval component used
a general-purpose sentence encoder. Models pre-trained or fine-
tuned on legal corpora may improve semantic matching quality
and overall retrieval performance.

6 Conclusion
We presented the BJPWH team’s approach to COLIEE 2026 Task
1. Our system combines BM25 lexical retrieval with BERT dense
retrieval, fused via weighted RRF, and enforces temporal prece-
dent constraints through year-based filtering. Systematic parame-
ter tuning identified an unusually high BM25 saturation parameter
(𝑘1 = 4.5) as optimal for the long, terminology-rich nature of legal
case text.

The central finding is that applying year filtering selectively—to
BERT results only— outperforms filtering both retrievers. We hy-
pothesize that BM25 lexical matching is naturally conservative with
respect to temporal ordering, while BERT’s semantic similarity can
bridge across time periods in ways that introduce invalid retrievals.
Year filtering corrects these BERT errors without removing the
diverse early-precedent coverage that BM25 provides.

BJPWH3 achieved F1=0.2101 on the official test set, ranking 14th
among 22 teams. The gap to the top systems (NOWJ: F1=0.4220,
JNLP: F1=0.4126) reflects the absence of neural reranking and LLM-
based components in our pipeline, both of which have become
standard in leading COLIEE submissions. Future work should ex-
plore cross-encoder reranking, query expansion, and LLM-based
summarization as the next steps toward a competitive pipeline.
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A Preliminary Experiments
This appendix describes two approaches we explored during de-
velopment but ultimately did not include in our final submissions,
either because they proved too time-consuming to run at scale or
because they did not improve over our baseline.

A.1 SAILER Reranking
We experimented with SAILER [10] as a reranking step applied on
top of BM25-retrieved candidates. Despite SAILER’s strong results
in prior COLIEE editions, it consistently underperformed the BM25
baseline across all metrics on our dataset: R@5 (−12.5%), R@10
(−7.4%), R@20 (−4.1%), and MAP (−19.7%).

We attribute this underperformance to the absence of domain-
specific fine-tuning on the COLIEE corpus, which likely limited
SAILER’s ability to transfer its structural priors to this data distri-
bution. We therefore excluded this approach from our final submis-
sions.

A.2 LLM-Based Case Summarization
We planned to use Qwen2.5-14B [17] to generate structured sum-
maries of legal cases (introduction, facts, provisions, analysis, con-
clusion), hypothesizing that BM25 retrieval over concise summaries
would outperform retrieval over full-length cases. Initial outputs
were promising in quality, but processing speed proved prohibitive:
even on two 15GB GPUs, the pipeline processed approximately
15 cases per 10 hours. The bottleneck was CPU-bound tokeniza-
tion of long inputs, compounded by communication overhead from
sharding the model across two GPUs. With 7,708 training cases
to process, we could not complete the dataset before the submis-
sion deadline. Summarization-based retrieval remains a promising
direction for future work.
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Figure 4: F1 scores across 45 submission strategy configurations on training data. Fixed 𝐾 = 10 consistently outperformed both
smaller 𝐾 values and dynamic threshold-based strategies.

Figure 5: Relationship between number of results per query and F1 score. The optimal zone of 0–15 results per query is
highlighted; Fixed 𝐾 = 10 falls squarely in this range.
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Abstract
The Competition on Legal Information Extraction and Entailment
(COLIEE) provides a standardized benchmark for evaluating large
language models across four distinct tasks: Legal Case Retrieval
(Task 1), Legal Case Entailment (Task 2), Statute Retrieval (Task 3),
and Legal Textual Entailment (Task 4). This paper presents the AIIR
Lab’s submissions to COLIEE 2026, focusing on optimizing LLMs
for the long-context and high-precision requirements of the legal
domain. For Tasks 1 and 2, which operate over Federal Court of
Canada case law, systems employ Parameter-Efficient Fine-Tuning
(PEFT) via Low-RankAdaptation (LoRA), bi-encoder dense retrieval,
and multi-stage reranking pipelines. Task 2 introduces the Fusion3
ensemble, combining fine-tuned LLaMA-3.1-8B, Qwen2.5-7B, and
a DeBERTa cross-encoder via union voting, which achieves an
F1 of 0.47 and ranks second among all participating teams. For
Tasks 3 and 4, which target the Japanese Civil Code, systems lever-
age Hypothetical Document Embeddings (HyDE), multilingual
dense retrieval, and ensemble strategies including Neuro-Symbolic
(NeuSym), Cross-Lingual Chain-of-Thought (CrossCoT), and Ar-
chitecturally Diverse (DivVote) voting ensembles. Results across
all tasks reveal a fundamental trade-off between broad-coverage
retrieval and high-precision reasoning, suggesting that the next
generation of legal AI must move beyond semantic similarity to-
ward systems capable of reliably distinguishing general rules from
their procedural exceptions.

CCS Concepts
• Applied computing→ Law; • Information systems→ Spe-
cialized information retrieval.

Keywords
Legal Case Retrieval, Legal Entailment, Legal Language Processing

1 Introduction
Legal information processing remains a challenging setting for
modern natural language processing systems because relevant ev-
idence is often distributed across long documents expressed in
highly specialized language [14]. Although large language models
(LLMs) and retrieval-augmented pipelines have substantially im-
proved semantic matching in open-domain tasks, legal applications
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continue to require much stricter evidence alignment and more
reliable reasoning than topical similarity alone can provide [12, 17].
In particular, legal retrieval and entailment systems must often
operate over lengthy judicial opinions and statutory provisions,
where important signals may appear only in a few paragraphs or
even in a single sentence.

The Competition on Legal Information Extraction and Entail-
ment (COLIEE) [11, 13] provides a standardized benchmark for
evaluating these capabilities across four distinct tasks: Legal Case
Retrieval (Task 1), Legal Case Entailment (Task 2), Statute Retrieval
(Task 3), and Legal Textual Entailment (Task 4). The Artificial Intel-
ligence and Information Retrieval (AIIR) Lab from the University
of Southern Maine participated in this competition, providing runs
for all four tasks.

Tasks 1 and 2 operate over a corpus of Federal Court of Canada
judicial decisions. Task 1 requires identifying noticed cases, cases
explicitly cited in an original decision, from a corpus in which all
such citations have been redacted. Task 2 proceeds further by re-
quiring the identification of specific paragraphs within a noticed
case that entail a given decision fragment, demanding fine-grained
semantic matching and logical inference at the paragraph level.
Tasks 3 and 4 shift the focus to the Japanese Civil Code. Task 3
jointly requires statute retrieval and binary entailment prediction,
where a correct answer must be supported by an appropriately
retrieved article. Task 4 isolates the entailment component by pro-
viding gold-standard relevant articles at test time, enabling a more
direct evaluation of legal reasoning capabilities independent of
retrieval performance.

Across all tasks, the systems presented in this paper implement
a range of strategies for these challenges. For case-based tasks,
these include Parameter-Efficient Fine-Tuning (PEFT) via Low-Rank
Adaptation (LoRA), bi-encoder dense retrieval with hard-negative
mining, and multi-stage reranking using both cross-encoders and
generative LLMs. For statute-based tasks, strategies include Hy-
pothetical Document Embeddings (HyDE), multilingual dense re-
trieval, pairwise LLM reranking, and ensemble voting architec-
tures. For Task 2, the Fusion3 system, a union ensemble of fine-
tuned LLaMA-3.1-8B, Qwen2.5-7B, and a DeBERTa cross-encoder,
achieves an F1 of 0.47 and ranks second among all participating
teams. For Task 4, three ensemble configurations are compared: a
Neuro-Symbolic ensemble (NeuSym) that incorporates symbolic
backward-chaining inference, a Cross-Lingual Chain-of-Thought
ensemble (CrossCoT) that augments a multilingual baseline with
QLoRA-trained chain-of-thought reasoning, and an Architecturally
Diverse ensemble (DivVote) that introduces a BART-large sequence-
to-sequence component to mitigate encoder-only bag-of-words
failure modes.
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Table 1: Dataset statistics for training and evaluation splits.

Split Queries Corpus Size Rel. Pairs Avg. Rel./Query

Train 2,001 7,708 8,251 4.12
Test 400 1,848 1,750 4.38

Findings across tasks show a consistent tension between broad-
coverage retrieval and high-precision reasoning. Generative rerankers
improve semantic matching but face recall bottlenecks when criti-
cal precedents are buried in long documents or cut off by context-
window constraints. Pointwise reranking pipelines achieve high
recall but are susceptible to score saturation and semantic confusion
between adjacent statutory provisions. Symbolic decomposition
and chain-of-thought reasoning offer targeted improvements for
nested exception handling and fine-grained qualitative distinctions,
but their benefits are task- and instance-specific. The remainder of
this paper is organized as follows: Sections 2 through 5 each de-
scribe one of the four tasks, presenting the task definition, proposed
systems, and evaluation results in turn, followed by a concluding
discussion in Section 6.

2 Task 1: Legal Case Retrieval
In this section, we first review the legal case retrieval task and then
explain our proposed models, followed by evaluation results.

2.1 Task Definition
Given a query case 𝑞, the task is to retrieve a ranked list of noticed
cases from a fixed corpus. A case is considered noticed if it is ex-
plicitly referenced in the original judicial decision. However, for a
realistic retrieval setting, all such references are removed (redacted)
from the query case text.

This task uses a corpus derived from Federal Court of Canada
case law, where both query and candidate cases are provided as
individual text files. The dataset is divided into:

(1) Training set: Includes query cases along with annotated no-
ticed cases, provided as a JSON mapping from query IDs to
lists of relevant case IDs.

(2) Test set: Contains only query cases; systems must predict the
corresponding noticed cases.

System performance is evaluated using standard information
retrieval metrics:

(1) Precision: Proportion of retrieved cases that are relevant.
(2) Recall: Proportion of relevant cases that are successfully

retrieved.
(3) F1-score: Harmonic mean of precision and recall.
Micro-averaged evaluation is adopted, where counts of true pos-

itives, false positives, and false negatives are aggregated across all
queries before computing the metrics. The distribution of queries,
corpus size, and relevance labels is summarized in Table 1.

2.2 Proposed Models
Preprocessing Step. Two of our systems, QWEN and LLaMA, use
the same cleaning step. Raw case files from the Federal Court of

Canadawere passed through a two-stage pre-processing pipeline be-
fore any downstream analysis. In the first, deterministic stage, each
document underwent a sequence of rule-based cleaning steps; line
endings were normalized, procedural headers appearing before the
first numbered paragraph were stripped, and suppressed-fragment
placeholders along with a curated list of bilingual boilerplate tokens
(e.g., translation notices, emphasis markers, omission indicators)
were removed. Because the corpus is officially bilingual, paragraphs
whose sentences were in French, detected via a lexicon of common
French function words and legal terms combined with a diacritic
heuristic, were discarded, retaining only the English-language con-
tent. Remaining whitespace artifacts, punctuation, and excess blank
lines were then normalized to produce clean, consistently formatted
plain text.

In the second stage, each cleaned document was processed by
the LLaMA-3.1-8B-Instruct [3] model to extract only legally impor-
tant content. Because many case files exceeded the model’s context
window, documents were split into overlapping chunks of approxi-
mately 6,000 characters with a 400-character overlap; boundaries
were snapped to paragraph breaks to avoid mid-sentence cuts. Each
chunk was submitted independently to the model with explicit posi-
tional context (chunk i of N), instructing it to retain legal reasoning,
factual findings, statutory interpretation, and procedural history
while discarding citation lists, counsel listings, and redundant head-
ings. Chunks flagged by the model as containing no legally signif-
icant content were silently skipped. When a document produced
multiple chunk extractions, a final LLM call merged them into a
single coherent prose summary, eliminating redundancy introduced
by the overlapping windows.

Our ParaNemo system utilizes a similar pre-processing strat-
egy, but is single-staged and fully deterministic. The documents
passed to the system are split into paragraphs using the ordered
lists denoted by ‘[x]‘ in each document in the dataset. Then, each
paragraph is tokenized with spaCy1 for the removal of extra white-
space, stop-words, and punctuation. The French language is not
removed, translated, or summarized.

After pre-processing, we proposed three distinct systems as fol-
lows:

QWEN. The proposed system adopts a retrieve-then-rerank
architecture. In the first stage, a bi-encoder model all-mpnet-base-
v2 [16] is fine-tuned on legal case pairs. Training pairs are con-
structed by splitting each case document into paragraphs and using
BM25 to align passages from query cases with their known relevant
(noticed) cases, yielding semantically grounded positive pairs at
the passage level. The model is fine-tuned with Multiple Negatives
Ranking loss and validated via embedding similarity on a held-out
10% split, with early stopping to prevent overfitting. At inference,
each document is encoded at the paragraph level, and queries are
matched against the entire corpus using a MaxSim scoring strategy,
taking the maximum cosine similarity across all query-passage and
candidate-passage pairs, which allows the model to reward partial
but topical overlap without requiring full-document alignment. The
top candidates from this stage are then passed to the re-ranking
stage.

1https://spacy.io/
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In the second stage, a Qwen2.5-7B-Instruct [4] model acts as
a pointwise relevance judge over the top-10 candidates retrieved
per query. For fine-tuning, the model is adapted using QLoRA via
Unsloth,2 with LoRA adapters (rank 16, alpha 32) applied to all at-
tention and feed-forward projection layers. Training data consists
of positive (query, relevant case) pairs labeled with high confi-
dence scores, and hard negatives mined using BM25 [15] to retrieve
lexically similar but non-relevant cases, resulting in a 2:1 negative-
to-positive ratio per query. The model is trained to produce a binary
relevance judgment alongwith a continuous confidence score, using
the same prompt format at both training and inference to elimi-
nate distributional mismatch. At inference, both the pre-trained
and fine-tuned Qwen models independently score each candidate,
producing two ranked lists of relevant cases per query. These lists
are then combined using CombMNZ, a data fusion method that
rewards documents appearing in multiple result sets by multiplying
their summed scores by the number of lists in which they appear. A
fallback mechanism is used to ensure at least one result is returned
per query in cases where the reranker rejects all candidates.

LLaMA.We propose a two-stage retrieve-and-rerank pipeline
for the long-context requirements of the legal domain. In the first
stage, a bi-encoder based on BGE-M3 [1] is employed for dense
retrieval, selected for its support of input sequences up to 8,192
tokens. The model is fine-tuned on the COLIEE 2026 dataset using
Cached Multiple Negatives Ranking Loss (InfoNCE), with five hard
negatives per positive instance to improve discriminative capability.
At inference time, query and document embeddings are precom-
puted, and candidates are ranked via cosine similarity; the top 50
documents per query are retained for downstream re-ranking.

In the second stage, LLaMA 3.1 8B Instruct [3] is used as a cross-
encoder to refine the candidate set by framing re-ranking as a
constrained generation task. The model is adapted using Parameter-
Efficient Fine-Tuning with Low-Rank Adaptation (LoRA), with
hyperparameters 𝑟 = 16, 𝛼 = 32, and dropout 0.05. Training
is performed via supervised token-level learning, prompting the
model to act as a legal expert and produce a binary relevance judg-
ment (“Yes“/“No“) indicating whether a candidate case supports the
query. At inference, relevance scores are derived from the softmax-
normalized logit of the “Yes” token. Candidates from the top-50 pool
are re-scored, and those with 𝑃 (Yes) ≥ 0.75 are retained, subject to
a final cutoff of five documents per query to prioritize precision.3

ParaNemo. The proposed system adopts a similar retrieve-then-
rerank architecture as the QWEN system, but diverges slightly
due to the differing pre-processing methods. In the retrieval stage,
BM25 [15] is employed as the lexical baseline to retrieve an initial set
of 100 candidate cases. The index is constructed by concatenating all
paragraphswithin each case from the preprocessed corpus. At query
time, each preprocessed query paragraph is independently scored
against the index. For a given query–case pair, scores across all
query paragraphs are aggregated by taking themaximum value. The
resulting document–scoremappings are then ranked and forwarded
to subsequent stages.

In the second stage, a fine-tuned bi-encoder (as used in the
QWEN system) is used for semantic retrieval to re-rank and prune
2https://github.com/unslothai/unsloth
3During the competition, this system was run on a wrong input file, and the corrected
run is reported in the evaluation section.

Table 2: Results of AIIR Lab Runs for Task 1 on the COLIEE
2026 Test Set (400 Queries). ∗ indicates corrected post-run.

Run Name F1 Precision Recall

QWEN 0.1516 0.2642 0.1063
ParaNemo 0.1125 0.1055 0.1206
LLaMA∗ 0.2489 0.2370 0.3396

the BM25 candidates to the top-10. Similarity is computed between
query and case paragraphs using a pairwise similarity matrix over
their preprocessed representations. For each query–case pair, the
maximum paragraph-level similarity score is used as the aggregate
relevance signal, based on the intuition that a case may be “noticed”
due to a single highly relevant paragraph. Alternative aggregation
strategies, such as mean and top-k mean pooling, were also consid-
ered. The resulting similarity scores are used to rank the candidates,
and the top 10 are forwarded to the final re-ranking stage.

In the final stage, a cross-encoder, llama-nemotron-rerank-1b-
v2 [2], is used to re-rank the candidates produced by the bi-encoder.
The model supports inputs of up to 8,192 tokens and is multilingual,
which is advantageous given the characteristics of the corpus. Prior
to re-ranking, all paragraphs within each preprocessed case are
concatenated to reduce the number of inference calls and to better
utilize the model’s input capacity. This design also allows the model
to capture contextual dependencies that may span multiple para-
graphs. The model supports prompt-based re-ranking, for which
we use the following template:

case:{query}

potentially-relevant-case:{passage}

After re-ranking, the top 5 cases are retained as the final output to
mitigate the impact of lower-ranked, potentially noisy candidates.

2.3 Evaluation Results
Table 2 shows our systems’ results for Task 1, with a post-run-
corrected result from the LLaMA system. The LLaMAmodel achieves
the highest F1 Score and recall, significantly higher than other mod-
els, using a paired Student’s t-test (𝑝 < 0.05). The QWEN model’s
precision is significantly higher than the two other models, with a
precision above 0.5 for nearly 30% of queries. However, this model
had recall of 0 for 65% of queries, whereas LLaMA failed to retrieve
relevant results for 35% of test queries.

Looking at the results, The performance gap between the two
LLM-based systems shows how each model prioritizes different
aspects of legal similarity. The LLaMA-based pipeline is more ef-
fective at retrieving relevant cases when the connection was based
on broad doctrinal frameworks rather than specific statutory an-
chors. In Queries 000440 and 022674, for example, the relevant
cases share overarching principles, such as the functional integra-
tion test for federal jurisdiction or requirements for representa-
tive standing, which are often expressed through varied terminol-
ogy. In Query 000440 and Case 060605, the jurisdictional analy-
sis is framed through very different factual backgrounds, making
LLaMA’s document-wide alignment more successful than localized
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Table 3: Comparison of ParaNemo re-ranking versus the
standalone fine-tuned bi-encoder candidate set.

Retrieval Pipeline Stage F1 Precision Recall

ParaNemo (Final Re-rank) 0.1125 0.1055 0.1206
Fine-tuned Bi-encoder (Top-10) 0.1534 0.1103 0.2520

matching. By using the 8,192-token context window of the BGE-M3
encoder, LLaMA captures reasoning patterns distributed through-
out a judgment. This capability allows it to identify candidates like
Query 076750, where the abuse of process doctrine is articulated
through disparate procedural facts.

On the other hand, the Qwen-based ensemble achieved higher
precision by prioritizing paragraph-level alignment. This approach
effectively filters out the noise that can lead to false positives in
document-wide models. The LLaMA pipeline’s use of character-
level truncation and a high precision threshold of 0.75 makes it
vulnerable to missing cases when key principles are cut off or buried
in long factual narratives. Qwen’s success on Queries 025964, 080149,
and 094642 instead stems from its MaxSim strategy and CombMNZ
fusion, which isolate specific statutory points like Regulation 15 of
the IRP Regulations or the Section 6(5) factors of the Trade-marks
Act. By rewarding candidates that appear consistently across both
pre-trained and fine-tuned lists, the Qwen ensemble maintains high
precision for cases that require identifying narrow procedural links.

The performance of the ParaNemo system, summarized in Table
3, shows that the final cross-encoder re-ranking stage degraded
retrieval metrics compared to the candidate set produced by the bi-
encoder. Specifically, the fine-tuned bi-encoder achieved a higher F1
(0.1534) and Recall (0.2520) than the integrated ParaNemo pipeline.
This suggests that while the llama-nemotron-rerank-1b-v2 model
provides a large 8,192-token context window and multilingual sup-
port, the transition from paragraph-level matching to full-document
concatenation introduced new bottlenecks.

For instance, in query 028326, ParaNemo successfully retrieved
the relevant Case 091015 by capturing dependencies across para-
graph boundaries that the bi-encoder missed. However, this benefit
was often outweighed by truncation issues. In query 032123, the
re-ranker demoted a gold-label case that the bi-encoder had cor-
rectly identified. Because that document was exceptionally long
(∼65K characters), key legal points likely fell outside the 8,192-token
limit, making them invisible to the cross-encoder while remain-
ing accessible to the bi-encoder’s segment-wise matching. These
results suggest that document-level concatenation can dilute the
signal in long-form legal texts. The bi-encoder’s approach is more
robust to document length because it isolates high-similarity seg-
ments, whereas the cross-encoder can be overwhelmed by factual
noise or limited by its input capacity. Additionally, a mismatch
exists between the English-centric bi-encoder and the multilingual
cross-encoder, potentially causing the system to prune non-English
candidates too early.

3 Task 2: Legal Case Entailment
This section reviews the legal case entailment task and provides
explanations of our proposed systems and evaluation results.

3.1 Task Definition
While Task 1 focuses on identifying relevant (noticed) cases, this
task aims to determine which specific parts of those cases justify a
legal conclusion. Given a query case 𝑞, a noticed case 𝑐 (assumed
to be relevant to 𝑞), and a decision fragment 𝑑 extracted from 𝑞,
the goal is to identify one or more paragraphs in 𝑐 that entail the
decision fragment 𝑑 . Unlike full case outcome prediction, the notion
of “decision” here refers to a localized judicial conclusion (i.e., a
fragment of reasoning), rather than the final verdict of the case.
Systems must therefore perform semantic matching and logical
inference between the decision fragment and candidate paragraphs.
The dataset uses the same underlying corpus of Federal Court of
Canada case law as Task 1, but is organized differently to support
paragraph-level reasoning. The evaluation metrics are also the same
as the ones used for Task 1.

3.2 Proposed Models
Fusion3. This model ensembles three different models as shown
in Figure 1. Two instruction-tuned generative models are fine-
tuned using QLoRA via Unsloth:Meta-Llama-3.1-8B-Instruct [3] and
Qwen2.5-7B-Instruct [4], both loaded in 4-bit quantization. LoRA
adapters with rank 𝑟 = 16, 𝛼 = 32, and dropout 0.05 are attached to
all attention and feed-forward projection layers.

Each model is trained for 3 epochs with a per-device batch size
of 2 and 4 gradient accumulation steps (effective batch size of 8),
a learning rate of 2 × 10−4 with a cosine schedule and 10% linear
warmup, and early stopping with a patience of 5 evaluation steps.
Training instances are constructed as three-turn chat conversations:
a system message describing the task, a user turn presenting the
decision fragment and candidate paragraph, and an assistant turn
containing the binary label. The system prompt used is:

“You are a legal expert. Determine whether the PARA-
GRAPH below logically entails (supports / is the basis
for) the DECISION FRAGMENT. Answer with exactly
one word: ‘YES’ if it entails, or ‘NO’ if it does not.”

The user turn is structured as follows:
### Decision Fragment
<fragment truncated to 800 characters>

### Paragraph
<paragraph truncated to 1000 characters>

Does the paragraph entail the decision fragment?
Gold paragraphs are labeled YES and up to three randomly sam-
pled non-relevant paragraphs per positive serve as hard negatives
(labeled NO), yielding a 3:1 negative-to-positive ratio. At infer-
ence, rather than generating a token and thresholding its value, we
perform a single forward pass and compute a continuous entail-
ment score as log 𝑃 (YES) − log 𝑃 (NO) over the logits at the first
generated position, taking the maximum log-probability across all
single-token surface forms of each label (e.g., YES, yes, Yes, with
and without a leading space).

The third component is a fine-tuned DeBERTa cross-encoder
model [10] (described later in this section). At inference, the entail-
ment class probability (softmax index 0 from the three-class NLI
head) is used as the relevance score, and all paragraphs exceeding
a threshold of 0.9 are returned as predictions, with a fallback to the
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Figure 1: Fusion3 System Architecture. The task inputs (q,c,d) are processed, constructing three-turn chat instances with a
3:1 negative-to-positive ratio for fine-tuning. The Fusion3 ensemble consists of three models: fine-tuned Llama-3.1-8B and
Qwen2.5-7B (each using QLoRA and 4-bit quantization), and a fine-tuned DeBERTa Cross-Encoder. The generative models
compute a continuous entailment score via a log-probability difference, while DeBERTa uses a threshold of 0.9 with a highest-
scoring fallback. The predictions from all three models are combined using a Union Ensemble, followed by a deduplication
step to generate the final output.

highest-scoring paragraph when no candidate clears the threshold.
The predictions from all three models are combined via a union
ensemble: for each case, any paragraph predicted as entailing by
at least one of the three models is included in the final output. Du-
plicate predictions across models are deduplicated, and results are
written in the standard task submission format.

Fusion2. The proposed system utilizes a heterogeneous ensem-
ble architecture specifically engineered to evaluate entailment be-
tween legal decisions and candidate supporting paragraphs. This
pipeline processes every (decision, paragraph) pair in parallel across
multiple GPUs using a late-fusion approach to aggregate model
outputs. To capture complementary semantic features, the ensem-
ble integrates two large language models with distinct training
paradigms. The first component, Model 1, is a fine-tuned LLaMA3.1-
8b-Instruct [3] model previously optimized via Low-Rank Adapta-
tion (LoRA) for case retrieval tasks. This model is repurposed for
entailment through specialized prompt framing that instructs it to
act as a legal expert, performing binary classification by answering
whether a paragraph directly supports a legal decision. The result-
ing relevance score is derived from the logit difference of the ‘Yes’
and ‘No’ tokens at the final sequence position.

To provide a robust baseline and mitigate over-optimization,
Model 2 incorporates Qwen3-14B [5] in a zero-shot configura-
tion. To ensure deterministic classification and immediate response,
Chain-of-Thought (CoT) reasoning is explicitly disabled by inject-
ing a closed-tag sequence (<think>\n\n</think>\n) immediately fol-
lowing the assistant turn. This forces the model to generate the
classification token as the initial output, from which the 𝑃 (𝑌𝑒𝑠)
logit-ratio is similarly extracted.

To account for the differing logit scales and distributions of the
two models, we implement a normalized fusion strategy. During
parallel scoring, both models independently evaluate all candidate
paragraphs on separate GPUs. For each case, the raw score vector
(𝑠) for each model is mapped to the range [0, 1] using min-max
scaling for a specific paragraph 𝑝 . The final ensemble score is then

calculated as the unweighted mean of these normalized probabil-
ities. Paragraphs meeting a threshold of 𝑃 ≥ 0.75 are selected for
the final submission. In instances where no paragraph clears this
threshold, the system defaults to a ‘Top-1’ fallback strategy, re-
turning the single highest-ranked paragraph to ensure a minimum
result set and complete coverage.

Deberta. We fine-tune a DeBERTa-v3-base[10] cross-encoder
to identify which paragraph(s) within a noticed case entail a given
decision fragment from the query case. The model is initialized
from a pre-trained three-class NLI checkpoint (entailment / neutral
/ contradiction) and fine-tuned end-to-end on case-specific para-
graph pairs, where gold paragraphs are labeled as entailment and
randomly sampled non-relevant paragraphs serve as negatives at a
5:1 ratio. Each training instance is formed by truncating the decision
fragment to 200 words and the candidate paragraph to 280 words,
keeping the combined input within the model’s 512-token limit.
The model is trained for up to 40 epochs using a cosine learning
rate schedule with 10% linear warm-up, and the best checkpoint is
selected by MRR@10 on a held-out 10% validation split evaluated
via a custom entailment re-ranking evaluator. At inference, raw
logits from the cross-encoder are converted to probabilities via soft-
max, and the entailment class probability (index 0) is used as the
continuous relevance score; all paragraphs exceeding a confidence
threshold of 0.9 are selected as predictions, with a fallback to the
highest-scoring paragraph when no candidate clears the threshold.

3.3 Evaluation Results
Table 4 shows our systems’ performance for Task 2. Fusion3 run
provided the highest effectiveness, and was ranked as the second
run in the COLIEE 2026 among the participating teams. Fusion3
achieved the highest F1 score (0.48), significantly outperforming
Fusion2 (F1=0.42) and DeBERTa (F1=0.35) based on a paired Stu-
dent’s t-test (𝑝 < 0.05). Fusion3 had a precision above 0.5 for 70%
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Table 4: Results of AIIR Lab Runs for Task 2 on the COLIEE
2026 Test Set (100 queries).

Run F1 Precision Recall

Fusion3 0.4706 0.5120 0.4354
Fusion2 0.4271 0.4257 0.4286
Deberta 0.3333 0.5750 0.2347

of queries and a recall above 0.5 for nearly half of the queries. De-
BERTa model, due to its strict thresholding policy, provided the
highest precision among our runs, with a precision of 1 for more
than half of the queries.

Fusion3’s results indicate that the union ensemble of instruction-
tuned generative models combined with the DeBERTa-v3-base[10]
cross-encoder provides a more comprehensive coverage of the en-
tailment space. While the performance of Fusion2, which utilized a
normalized fusion of LLaMA3.1-8b-Instruct[3] and Qwen3-14B[5],
resulted in a precision score significantly lower than Fusion3’s, but
was able to maintain a similar recall level. This gap in scores may
be attributed to the differing ensemble strategies where Fusion3’s
union approach of including any prediction appears better suited
for the task’s retrieval requirements rather than the unweighted
mean of normalized probabilities used in Fusion2.

As shown when analyzing the submission for query with ID
947, where the ground truth includes paragraphs 010, 011, Fusion2
returned a single result of 011 against Fusion3’s result: 007, 010,
011. Both systems returned 011, which satisfies the clearly stated
issues of “CAIPS notes” and the applicant’s appeal on “humanitar-
ian and compassionate considerations” for residency in Canada.
However, Fusion3 also returned 010 which addresses the more
subtle issue of “the best interests of the child” raised, and cites
“Baker v. Canada (Minister of Citizenship and Immigration), [1999]
2 S.C.R. 817” which is also cited in the query. The citation of “Baker
v. Canada (Minister of Citizenship and Immigration), [1999] 2 S.C.R.
817” is also present in 007, which would provide an explanation for
why it, too, was returned by the Fusion3 system’s union approach.

The Fusion3 model’s zero-precision failures on these instances
can be attributed to two main issues. First, the union ensemble’s
design trades precision for recall; when any component model
incorrectly predicts entailment due to shallow keyword overlap,
erroneous paragraphs propagate to the final output unchecked. Sec-
ond, the 800–1000 character truncation limits combined with the
capacity of 7–8B parameter models to perform single-forward-pass
entailment judgment are insufficient for the complex legal reason-
ing these queries demand. For instance, Query 937 requires weigh-
ing conflicting quantitative valuations of a seized vessel across
multiple evidence sources, and Query 987 demands verification of a
three-part cumulative confidentiality test; multi-step dependencies
that small generative models struggle to resolve. Similarly, Queries
950 and 980 require normative and procedural inference (e.g., ap-
plying the Khalil exception or distinguishing policy categories for
migrant healthcare), causing models to retrieve topically related
but logically insufficient paragraphs.

4 Task 3: Statute Retrieval
This section provides details on task 3, providing details on the task,
our proposed systems along with the evaluation results.

4.1 Task Definition
This task focuses on the joint problem of statute retrieval and textual
entailment for legal question answering. Given a natural language
query, the objective is to predict a binary decision (Yes/No) and
retrieve a set of relevant statute articles that justify the answer.
An article is considered relevant if its content entails the answer
to the query. As such, the task requires systems to perform inte-
grated reasoning and retrieval, where correct predictions must be
supported by appropriate legal evidence rather than relying solely
on classification.

The corpus used in this task is derived from Japanese civil law
and follows a structure similar to Tasks 1 and 2, in that relevance
relationships are explicitly provided in the training data. Each in-
stance consists of a query paired with one or more statute articles
and an associated entailment label. The statutory texts are provided
in Japanese, and participants may optionally incorporate machine
translation or multilingual modeling techniques. The training data
includes both the relevant articles and the correct entailment labels;
whereas the test data contains only queries. Systems must therefore
automatically retrieve the relevant articles and infer the correct
Yes/No decision without any human intervention or test-time ad-
justments.

Evaluation emphasizes both correctness and completeness of
the predicted outputs. The primary metric is accuracy, defined as
the proportion of queries for which the system predicts the correct
entailment label and retrieves a sufficient set of relevant articles (i.e.,
achieving full recall for that query). In cases of ties, the F2-measure
is used as a secondary metric, placing greater emphasis on recall
over precision.

4.2 Proposed Models
JPGen. This system implements a Hypothetical Document Em-
bedding (HyDE) pipeline that decomposes the retrieval and entail-
ment task into two sequential stages: article generation followed by
dense retrieval. The intuition behind this approach is that a query
expressed in natural language may be semantically distant from
the formal statutory language of the corpus, and generating an in-
termediate “hypothetical article” can bridge this gap by projecting
the query into the distributional space of legal text.

In the first stage, a Qwen2.5-7B-Instruct [4] model is fine-tuned
using Low-Rank Adaptation (LoRA) on query–article pairs drawn
from the training set. The model is trained to generate a relevant
statutory article given a legal query, using the system prompt:
“You are a Japanese legal expert. Given a statement related to law,
generate a legal article that supports or is related to it. Output only
the article text, without any explanation or preamble.” Training
uses 4-bit quantization via the Unsloth framework, with a LoRA
rank of 16 and a learning rate of 2 × 10−4, and a cosine learning
rate schedule over three epochs. An early stopping callback with a
patience of five evaluation steps is applied to prevent overfitting,
with the best checkpoint selected according to validation loss.

94



AIIRLab at COLIEE 2026: Fusion of Instruction-Tuned LLMs and Cross-Encoders for Legal Case Entailment

COLIEE 2026, June 12, 2026, Singapore,
,

In the second stage, the generated articles are used as the retrieval
query against the full statute corpus. Candidate articles are ranked
using a fine-tuned bi-encoder based on multilingual-e5-large [8],
and the top-5 retrieved articles are returned as the predicted rele-
vant set. The entailment label is subsequently determined from the
retrieved evidence.

JPLLM. This system uses a three pipeline that narrows the article
collection down to a final set of relevant statutes. The first stage
employs a fine-tuned bi-encoder based on multilingual-e5-large [8],
a multilingual model that natively supports Japanese. Following the
E5 training convention, all queries are prefixed with "query: " and all
article passages are prefixed with "passage: " at both fine-tuning and
inference time. The model is fine-tuned using Multiple Negatives
Ranking Loss (MNRL) on positive (query, article) pairs extracted
from the training labels, with in-batch negatives as the contrastive
signal, for 20 epochs with a batch size of 8 and 10% linear warmup.
Validation is performed using MRR@10 and NDCG@10 on a held-
out 10% split, and the best checkpoint is retained. At inference, the
entire article collection is encoded once and each query is matched
against it via cosine similarity (implemented as a dot product over
L2-normalised embeddings), retrieving the top-50 candidates per
query.

The top-50 candidates from Stage 1 are re-ranked using a fine-
tuned Qwen2.5-7B-Instruct [4] model operating as a pairwise com-
parator. The model is fine-tuned on the training set as a binary
classifier to detect whether a given article is relevant to a query. At
inference, for each query the model is presented with two candidate
articles and asked to identify the more relevant one, responding
with a single digit (1 or 2). The pairwise comparisons are structured
as a selection-sort procedure: 𝑘 passes are made over the candidate
pool, each identifying the best remaining article via pairwise LLM
calls, producing the top-20 ranked articles per query. All prompts
are issued in Japanese to avoid language-switching overhead; the
system prompt (translated from Japanese) instructs the model as
follows:

“You are a legal document re-ranking system. Given
a legal query and two articles, decide which article is
more directly relevant to the query. Reply with only a
single digit: 1 if Article 1 is more relevant, or 2 if Article
2 is equally or more relevant.”

The user turn presents the query followed by the two candidate
articles and asks the model to respond with 1 or 2. Up to three
retries are performed on ambiguous outputs before defaulting to
no swap.

The top-20 candidates from Stage 2 are passed through a final
point-wise relevance filter using the same Qwen2.5-7B-Instruct [4]
model. For each (query, article) pair, the model outputs a continuous
relevance score in [0, 1] on the first line, followed by a one-sentence
justification on the second line. Prompts are again issued in Japan-
ese; the system prompt (translated from Japanese) applies a strict
relevance criterion:

“You are a strict legal relevance assessor in a civil law
information retrieval system. An article is considered
relevant only if it directly and specifically addresses
the legal issue raised in the query. Articles that merely
reference adjacent legal concepts or are only indirectly

applicable should be judged as not relevant. Assign a
relevance score between 0.0 and 1.0, where 1.0 means
the article directly and completely addresses the query,
and 0.0 means it is entirely unrelated. Apply a high
relevance threshold: scores above 0.5 should be reserved
only for articles that directly address the specific legal
issue in the query. If the judgment is difficult, assign a
score below 0.5.”

Articles with a predicted score above 0.5 are retained as relevant;
if no article clears this threshold, the highest-scoring article is
included as a fallback to guarantee at least one result per query.

For the entailment sub-task, the articles retrieved by the three-
stage pipeline are passed to the fine-tuned Qwen2.5-7B-Instruct [4]
model, which makes a binary entailment decision, determining
whether the legal statement in the query is entailed (Y ) or not (N )
given the retrieved articles as supporting evidence.

JPSW. This system follows a three-stage pipeline specifically op-
timized for the Japanese Civil Code corpus. The system transitions
from broad multilingual dense retrieval to Ensemble re-ranking to
generative re-ranking and logical reasoning.

Stage 1: Multilingual Dense Retrieval. The initial retrieval phase
utilizes the multilingual-e5-large-instruct [8] model to perform
dense semantic search. The 800-article Civil Code corpus is pre-
computed into a latent vector space and stored as high-dimensional
embeddings. During inference, each query is prepended with a
task-specific instruction:

“Instruct: Given a legal question about Japanese civil
law, retrieve the most relevant civil code article. Query:
[User Query]” .

Candidates are ranked using cosine similarity, and the top-100 most
relevant articles are surfaced for the subsequent stages.

Stage 2: Ensemble Re-ranking. The candidate pool is refined
through an ensemble of Large Language Models, consisting of
Llama-3.1-8B-Instruct [3], Llama-3.1-Swallow-8B-Instruct [6], and
Gemma-2-Llama-Swallow-9b [6]. All three models were fine-tuned
using Low-Rank Adaptation (LoRA) to handle Japanese legal syntax.
This ensemble utilizes a dual-task prompt framing where the model
must provide both a relevant article number and a binary (Yes/No)
entailment verdict for a given article-statement pair. The scores
from these three models are aggregated to prune the candidate set
from 100 to the top-50 most probable articles.

Stage 3: Generative Re-ranking & Entailment. The top-50 can-
didates are further re-scored by a larger GPT-OSS-Swallow-20B [6]
model. This stage performs a more granular evaluation of the legal
nuances within the top-50 pool, reducing the result set to a final
selection of 𝐾 candidates (where 𝐾 = 10 by default). For Entail-
ment, Chain-of-Thought processing is employed to improve logical
consistency, and any reasoning is stripped to extract the binary clas-
sification. The final retrieval scores undergo global normalization
across all querie,s and a dynamic thresholding logic is applied. If the
top-ranked candidate’s normalized score exceeds 0.6, all candidates
with a score greater than or equal to 0.6 are retained. If the primary
candidate does not meet the 0.6 threshold, the system defaults to a
conservative fallback strategy, returning only the rank-1 result.
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4.3 Evaluation Results
Table 5 shows our systems’ results for Task 3. As shown in this
table, JPGEN and JPLLM both have significantly higher recall com-
pared to JPSW, while JPSW provides a significantly higher precision
(Student’s paired t-test 𝑝 < 0.05). On one hand, JPSW for more
than half of the queries provides a precision higher than 0.5. On
the other hand, JPLLM has a recall above (0.5) for more than 80%
of queries.

The queries for which JPSW achieves perfect precision while
JPLLM retrieves no relevant articles (e.g., R07-12-O, R07-14-A, R07-
23-E, and R07-28-U), each is grounded in exactly one relevant
statute, covering legally self-contained topics such as creditor ex-
pense recovery, mortgage extinction, novation with mortgage, and
a partnership member’s disposal of their share. For each of these
queries, JPSW returned a single article assigned a high normalised
relevance score (0.829˘1.0), correctly matching the ground truth.
JPLLM, by contrast, assigned the maximum score of 1.0 to every ar-
ticle in its five-item output, none of which were relevant. This score
saturation pattern in JPLLM’s pointwise re-ranking stage, where
the Qwen model’s confidence no longer discriminates meaning-
fully among candidates, is caused by its fallback mechanism, which
guarantees at least one returned result per query. For these queries,
JPLLM suffers from domain-level semantic confusion; for R07-23-E
(article 518, novation with mortgage), JPLLM returns articles from
the assignment and novation chapter immediately surrounding the
correct provision, and for R07-28-U (article 676, partnership share
disposition), it returns articles 256–260 from the co-ownership chap-
ter entirely. The overlap between “share in partnership property”
and “share in co-owned property” mislead the pair-wise re-ranker,
while JPSW’s generative stage correctly resolves the distinction
through its conservative thresholding strategy.

In cases where JPLLM achieves full recall while JPSW retrieves
nothing relevant, JPSW either returns no results or commits to a
single low-confidence article that is numerically or thematically
adjacent to the correct provision. For R07-03-A (article 98-2, ex-
pressions of intent to a party under curatorship), JPSW returns
article 97, the general notice-of-intent provision from which 98-2
departs as a specific exception; for R07-04-I (article 114, ratifica-
tion silence in unauthorised agency), it retrieves article 113, the
adjacent provision on demanding confirmation; and for R07-21-I, it
returns sub-provision 466-6 when the query implicates the parent
article 466. In all these cases, the system correctly identifies the legal
chapter but cannot resolve the boundary between a provision and
its procedural exception or sub-provision. JPLLM navigates these
distinctions more reliably, placing the correct article within the
top two ranks in the majority of these queries, confirming that the
relevant provision is reachable by broad retrieval but is discarded
by JPSW’s aggressive pruning. Across both systems, the primary
retrieval challenge is therefore not broad domain identification
but the fine-grained disambiguation of closely related provisions
addressing subtly different legal scenarios.

5 Task 4: Legal Textual Entailment
In this section, we explore task 4, starting with the task definition,
followed by our proposed systems and the evaluation results.

Query + Articles

Run 1 
(NeuSym)

Run 2 
(CrossCoT)

Run 3
 (DivVote)

mDeB | Decomp | Proof mDeB | Augm |CoT BART | Augm | CoT

Majority Vote Majority Vote Majority Vote

Yes / No Yes / No Yes / No

Figure 2: Overview of the three ensemble systems for Task
4. Each run consists of three complementary components
whose predictions are aggregated via majority voting.

5.1 Task Definition
This task focuses on legal textual entailment for Yes/No question
answering, assuming that the relevant statutory evidence is al-
ready provided. Given a natural language query and a set of golden
(manually selected) relevant statute articles, the objective is to de-
termine whether the query is entailed (Yes) or not entailed (No) by
the provided articles. In contrast to Task 3, where systems must
jointly retrieve and reason over statutes, this task isolates the entail-
ment component, enabling a more direct evaluation of a system’s
reasoning capabilities when the supporting evidence is known.

The corpus used in this task is the same as in Task 3, consisting
of Japanese civil law articles paired with query statements in a
structured format. Each instance links a query with one or more
relevant articles and an associated Yes/No label indicating whether
the query is entailed by those articles. The training data provides
both the relevant articles and the corresponding entailment labels.
At test time, systems are given queries together with the golden
relevant articles, and must predict the correct Yes/No decision. As
in the other tasks, the entire process must be fully automatic, with
no human intervention or modifications based on inspection of the
test queries.

Evaluation in this task focuses solely on the correctness of the
entailment decision. The primary metric is accuracy, defined as the
proportion of queries for which the system correctly predicts the
Yes/No label. Unlike Task 3, retrieval quality is not evaluated, as
the relevant articles are provided. This setup allows for a more con-
trolled assessment of legal reasoning and entailment, independent
of retrieval performance.

5.2 Proposed Models
We submitted three systems to COLIEE 2026 Task 4, each im-
plemented as a three-member majority-vote ensemble as shown
in Figure 2. All components are trained using a stratified 90/10
train–validation split of the provided Japanese data, with check-
point selection based on validation macro-F1. Across all runs, we
maintain a shared mDeBERTa cross-encoder baseline and intro-
duce complementary components to capture structured reasoning,
data augmentation effects, chain-of-thought (CoT) reasoning, and
architectural diversity.
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Table 5: AIIRLab Task 3 submission results for Accuracy, Correctly Retrieved, Sufficiently Retrieved, Accuracy of Sufficiently
Retrieved, F2, Precision and Recall.

Run Accuracy Correct Sufficiently Retrieved Acc. Suff. Retrieved F2 Precision Recall

JPGEN 0.5854 48 63 0.7619 0.4481 0.1707 0.7785
JPLLM 0.5732 47 64 0.7344 0.4606 0.1770 0.7947
JPSW 0.5000 41 46 0.8913 0.5474 0.5183 0.5915

Shared Baseline: mDeBERTa Cross-Encoder. All ensembles
include a fine-tuned mDeBERTa-v3-base-mnli-xnli [7] model as a
core voter. Themodel takes the concatenated (article, query) pair as
a standard NLI input and is trained with AdamW (learning rate 2 ×
10−5, weight decay 0.01), 10% linear warmup, and gradient clipping
at 1.0. Mixed-precision training and gradient accumulation (4 steps)
yield an effective batch size of 32. At inference, the entailment
and contradiction logits are compared, predicting Yes when the
former is larger. Training proceeds for up to 10 epochs, and the
best checkpoint is selected by validation macro-F1.

Run 1: Neuro-Symbolic Ensemble (NeuSym). This ensem-
ble augments the neural baseline with two structured reasoning
components:

First, a condition–conclusion decomposition model converts each
article and query into a structured LegalStructure representation
(conditions, effect, exceptions, negation) using Qwen2.5-7B-Instruct
[4] with LoRA 4-bit quantization. A hybrid model then combines (i)
similarity scores computed via a fine-tuned multilingual-e5-small
encoder [8] over decomposed fields, and (ii) the mDeBERTa entail-
ment logit. These signals are fused through a learned interpolation
weight, with separate learning rates for encoder and structural
components.

Second, a neuro-symbolic proof model translates inputs into log-
ical predicates and rules, performs backward-chaining inference
using pyDatalog 4, and extracts proof-derived features (e.g., proof
success, depth, unresolved goals). These features are combined
with the mDeBERTa score via a lightweight fusion module. This
component provides interpretable reasoning traces while injecting
symbolic structure into the decision process. The final prediction
is obtained by majority voting across the baseline, decomposition,
and proof-based components.

Run 2: Cross-Lingual Chain-of-Thought Ensemble (Cross-
CoT). This ensemble focuses on improving generalization through
data augmentation and explicit reasoning supervision.

The first additional component is a data-augmented mDeBERTa
model. Synthetic training pairs are generated using Qwen2.5-7B-
Instruct [4] under four strategies: paraphrasing and negation for
Yes instances, and condition substitution and article-driven claim
generation for No instances. Augmented samples are filtered to
prevent validation leakage, and the model is trained identically to
the baseline.

The second component is a QLoRA fine-tuned CoT model. Chain-
of-thought rationales are generated in Japanese following a struc-
tured legal reasoning template, and only samples with correct final
answers are retained. The base Qwen model is then fine-tuned
using QLoRA via Unsloth for three epochs. At inference, the model

4https://github.com/pcarbonn/pyDatalog

Table 6: AIIRLab Task 4 Results on COLIEE 2026 test set (82
Queries).

Run Correct Accuracy

CrossCoT 64 0.7805
DivVote 64 0.7805
NeuSym 57 0.6951

generates a reasoning trace and extracts the final Yes/No decision
using pattern matching. Final predictions are obtained via major-
ity voting across the baseline, augmented cross-encoder, and CoT
model.

Run 3: Architecturally Diverse Ensemble (DivVote). This
ensemble introduces architectural diversity while reusing strong
components from Run 2. The first component replaces the baseline
with a fine-tuned facebook/bart-large-MNLI [9] cross-encoder. De-
spite being pretrained on English, BART provides a complementary
inductive bias as a sequence-to-sequence model. Training follows
the same NLI formulation, with adjusted batch size and learning
rate to accommodate model scale. The remaining two components,
the data-augmented mDeBERTa model and the QLoRA CoT model,
are identical to those in Run 2. As in the other runs, predictions are
combined through majority voting.

5.3 Evaluation Results
Table 6 shows the evaluation results of our three runs on COLIEE
2026 test set. All three models had correct predictions on 50 in-
stances, and on 9 queries all models provided wrong predictions.
Both CrossCot and DivVote provided the same number of correct
instances with an accuracy of 0.78. However, these models had
different predictions for 14 instances, for half of which each system
had a correct prediction. The NeuSym system had lower accuracy,
but for two queries it provided the correct prediction while the
other two models failed.

The Neuro-Symbolic Ensemble (NeuSym) showed an advantage
in handling complex condition-exception structures and taxonomic
mappings. For instance, NeuSym correctly predicted entailment
for instances involving nested exceptions, such as the guarantor
exception clauses outlined in Article 504 (R07-22-O). Its LegalStruc-
ture decomposition isolates exceptions into distinct structural fields,
preventing them from being overshadowed by the broader semantic
overlap of general rules. Furthermore, NeuSym’s symbolic compo-
nent succeeded in taxonomic mapping, such as properly categoriz-
ing a “real estate pledge” under the broader “real rights regarding
real estate” in Article 177 (R07-08-U), a task where standard cross-
encoders failed to establish sufficient dense semantic similarity.
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The divergence between the Architecturally Diverse Ensem-
ble (DivVote) and the Cross-Lingual Chain-of-Thought Ensemble
(CrossCoT) shows the trade-offs between sequence-to-sequence
and encoder-only architectures. DivVote correctly identified struc-
tural inversions and hierarchical priority orderings where CrossCoT
failed, such as reversing the fault attribution between a creditor
and debtor under Article 413-2 (R07-17-U) or falsely inverting the
statutory lien priorities of funeral and daily necessity expenses
under Article 306/329 (R07-12-A). By incorporating a BART-large-
MNLI [9] cross-encoder, DivVote exhibited a stricter inductive bias
for structural alignment, effectively avoiding the “bag-of-words”
similarity traps that often mislead encoder-only models on highly
overlapping adversarial texts.

However, DivVote’s reliance on an English-pretrained model
introduced a semantic bottleneck when processing Japanese legal
vocabulary, an area where CrossCoT’s native multilingual model
excelled. CrossCoT correctly rejected false premises relying on
lexical distinctions, such as conflating the mere “loss” of an item
with the strict legal threshold of “deprivation” required for posses-
sory actions under Article 200 (R07-10-A). Additionally, CrossCoT
successfully anchored its attention to precise parameter checks,
including specific quantitative alterations to the statute of limita-
tions for bodily harm (R07-30-O) and identifying the correct party
authorized to transfer a mortgage during a novation (R07-23-E).
This underscores the necessity of a native multilingual baseline,
combined with explicit CoT reasoning, to resolve fine-grained qual-
itative and quantitative mismatches in original legal texts.

6 Conclusion
This paper presents the AIIR Lab’s submissions to COLIEE 2026
across four legal information processing tasks, showing that multi-
stage ensemble architectures are well-suited for the complex de-
mands of legal retrieval and reasoning. In the case-based tasks,
Fusion3’s union ensemble of fine-tuned LLaMA-3.1-8B, Qwen2.5-
7B, and DeBERTa achieved an F1 of 0.47 in Task 2, ranking sec-
ond among all participating teams, while the LLaMA pipeline’s
document-wide alignment outperformed paragraph-level approaches
in Task 1 recall. In the statute-based tasks, JPLLM’s pointwise
reranking achieved recall up to 0.79 in Task 3 but was vulnerable
to score saturation; in contrast, JPSW achieved significantly higher
precision (𝑝 < 0.05), correctly resolving distinctions between com-
plex legal topics such as partnership shares and co-owned property.
In Task 4, results showed that architectural diversity and struc-
tured reasoning provide complementary gains, with CrossCoT and
DivVote both reaching 0.78 accuracy and NeuSym uniquely resolv-
ing nested exception structures that purely neural models could
not handle.

Our results suggest that the primary bottleneck in legal AI is no
longer broad domain identification but fine-grained disambigua-
tion; distinguishing a general rule from its procedural exceptions, a

provision from its sub-provisions, and topical relevance from logi-
cal entailment. Future work should focus on retrieval architectures
that preserve paragraph-level granularity at scale and reasoning
models capable of reliably resolving hierarchical legal structures.
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Abstract
We present the ClaUSurf system submitted to COLIEE 2026 Task 2
(Legal Case Entailment), which requires identifying paragraphs
from a noticed case whose legal reasoning logically entails a given
decision fragment from a new case. Our system follows a two-stage
retrieve-then-reason pipeline. In Stage 1 (shared across all runs),
we fine-tune Qwen-Embedding-3 (4B) via a two-phase curricu-
lum: an InfoNCE contrastive warm-up followed by hard-negative
refinement, achieving Recall@5 = 93.36% on the development
set. In Stage 2, a large language model (LLM) classifies which of
the top-5 retrieved candidates entail the query. We submit three
runs exploring distinct Stage 2 strategies: (Run 1) zero-shot struc-
tured chain-of-thought prompting with Qwen-3.5-27B; (Run 2)
reinforcement learning via Dr.GRPO on Qwen-3.5-9B using exact-
match F1 rewards; and (Run 3) off-policy knowledge distillation
from a Qwen-3.5-35B-A3B MoE teacher to a Qwen-3.5-9B student.
Our best system, Run 3, achieves F1 = 0.3877 on the final test set,
outperforming the 27B zero-shot baseline (0.3756) and the RL-tuned
model (0.3738), demonstrating that high-quality teacher-generated
reasoning traces provide a stronger training signal than either scale
or online reward optimization under constrained compute budgets.

CCS Concepts
• Information systems → Question answering; • Computing
methodologies → Information extraction; • Applied computing
→ Law.

Keywords
legal case entailment, dense retrieval, hard-negative mining, large
language models, reinforcement learning, knowledge distillation,
COLIEE
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1 Introduction
Legal case entailment is the task of determining which paragraph(s)
of a cited (noticed) case contain the legal reasoning that supports
a specific judicial conclusion from a new case. Unlike general tex-
tual entailment, this task requires systems to discriminate between
paragraphs that supply a genuine legal rule or analysis from which
the conclusion follows, and those that are merely topically related—
describing background facts, procedural history, or the final dis-
position of the case. COLIEE (Competition on Legal Information
Extraction/Entailment) [1, 2] is an annual benchmark that assesses
automated systems on a suite of legal NLP tasks based on Fed-
eral Court of Canada case law. Task 2 of COLIEE 2026 poses the
paragraph-level case entailment problem: given a decision fragment
𝑑 from a new case and an ordered list of paragraphs {𝑝1, . . . , 𝑝𝑛}
from a noticed case, a system must predict the subset 𝑃 ⊆ {𝑝𝑖 } that
logically entails 𝑑 . Performance is measured by micro-averaged F1.
Recent top-performing systems have converged on a retrieve-then-
rerank paradigm, combining BM25 lexical pre-ranking with neural
re-rankers before a final LLM-based verification stage [3, 4]. The
NOWJ team, winners of COLIEE 2025 Task 2 (F1 = 0.3195), showed
that dual-model LLM voting over a BM25+monoT5 pipeline pro-
vides strong precision, while CAPTAIN [4] achieved competitive
results by pairing monoT5 re-ranking with few-shot prompting.
These systems establish LLM reasoning quality as the primary differ-
entiator at the top of the leaderboard. In this paper, we describe the
ClaUSurf system for COLIEE 2026 Task 2. Our key design choices
are: (i) replacing the classical BM25+reranker first stage with a
single large bi-encoder (Qwen-Embedding-3, 4B) fine-tuned via a
two-phase curriculum, yielding Recall@5 = 93.36%; and (ii) system-
atically evaluating three distinct LLM strategies for Stage 2—zero-
shot structured prompting, reinforcement learning with outcome
rewards, and off-policy chain-of-thought distillation—to determine
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which paradigm best exploits a constrained compute budget. Our
main contributions are:

• A two-phase retrieval curriculum combining InfoNCE warm-
up with hard-negative refinement on a 4B embedding model,
achieving strong candidate recall.

• A structured chain-of-thought prompt that enforces explicit
legal reasoning and parsimony constraints, serving as a com-
petitive zero-shot baseline.

• An empirical comparison of three Stage 2 training paradigms,
showing that off-policy chain-of-thought distillation from
a stronger MoE teacher outperforms a 3× larger zero-shot
model and an RL-tuned peer under equivalent inference-time
cost, achieving 8th place among 14 teams in the COLIEE 2026
Task 2 leaderboard.

2 Related Work
2.1 Legal Retrieval and COLIEE Systems
Early COLIEE Task 2 systems relied on BM25 [13] lexical retrieval
followed by shallow classifiers. The adoption of pre-trained
transformers [14] introduced dense bi-encoder retrieval and
cross-encoder re-ranking as standard pipeline components. Cross-
encoders fine-tuned with task-specific hard negatives—notably
monoT5 [12]—have served as strong re-ranking baselines in recent
cycles, as demonstrated by CAPTAIN [4], which combined monoT5
hard-negative fine-tuning with few-shot FlanT5 prompting. More
recently, large language models have been incorporated as a
final verification stage. The NOWJ team [3], winners of COLIEE
2025 Task 2 (F1 = 0.3195), showed that dual-model LLM voting
(QwQ-32B and DeepSeek-V3) over a BM25+monoT5 pipeline
substantially improves precision, establishing LLM reasoning
quality as the primary differentiator at the top of the leaderboard.

2.2 Chain-of-Thought Prompting
Wei et al. [11] demonstrated that eliciting step-by-step reasoning
chains from LLMs substantially improves performance on multi-
step tasks without additional training. Subsequent work on struc-
tured prompting [19] showed that sampling multiple reasoning
paths and aggregating via majority vote (self-consistency) further
improves robustness. In legal NLP, chain-of-thought prompting is
particularly appealing because legal entailment requires explicit
identification of the applicable rule, its relationship to the facts, and
the logical link to the conclusion—a reasoning structure that maps
naturally onto sequential chain-of-thought steps.

2.3 Reinforcement Learning for LLM Reasoning
Reinforcement learning from human feedback (RLHF) [15] estab-
lished RL as a viable paradigm for aligning LLMs with human
preferences. More recent work has shifted toward outcome-based
RL with verifiable rewards, bypassing the need for learned reward
models. DeepSeek-R1 [16] introduced Group Relative Policy Opti-
mization (GRPO) [9], which replaces the per-token critic in PPO
with group-level baselines computed from multiple sampled re-
sponses to the same prompt, substantially reducing training over-
head. Dr.GRPO [8] extends GRPO with decomposed, rule-guided

reward signals and improved gradient variance reduction, demon-
strating state-of-the-art results on mathematical and logical reason-
ing benchmarks. We adopt Dr.GRPO for Run 2, applying it with an
exact-match F1 reward to directly optimise for the COLIEE evalua-
tion metric.

2.4 Knowledge Distillation for LLM Reasoning
Knowledge distillation [10] transfers the capabilities of a larger
teacher model to a smaller student. Classical approaches match
output logits, but for LLM reasoning, recent work has focused
on chain-of-thought distillation: the teacher generates explicit rea-
soning traces that the student learns to reproduce via supervised
fine-tuning. Hsieh et al. [17] showed that distilling both the ratio-
nale and the label (“Distilling Step-by-Step”) enables smaller models
to outperform few-shot prompted models many times their size.
Mukherjee et al. [18] further demonstrated that training on rich,
explanation-augmented signals from a stronger teacher yields sub-
stantial gains over standard instruction tuning, even from relatively
few samples. Our Run 3 follows this paradigm: a MoE teacher gen-
erates oracle-guided reasoning traces conditioned on gold labels,
and a 9B student is fine-tuned on these traces via standard SFT.

2.5 Positioning of Our Work
Our system departs from prior COLIEE entries in two respects: (i) re-
placing the BM25+cross-encoder Stage 1 with a single fine-tuned
4B bi-encoder, and (ii) providing a controlled empirical comparison
of three Stage 2 paradigms—zero-shot chain-of-thought prompt-
ing, on-policy RL with Dr.GRPO, and off-policy chain-of-thought
distillation—to identify which regime best utilises a constrained
compute budget. To our knowledge, this is the first COLIEE submis-
sion to systematically compare RL and distillation as LLM training
strategies for legal entailment.

3 Task Description
3.1 Problem Formulation
COLIEE 2026 Task 2 is a paragraph-level legal entailment task.
Formally, given:

• a decision fragment 𝑑 : a judicial conclusion or legal determi-
nation from a new case, and

• a noticed case 𝐶 = ⟨𝑝1, 𝑝2, . . . , 𝑝𝑛⟩: an ordered list of num-
bered paragraphs from a case that was cited in the new case,

the system must output a subset 𝑃 ⊆ 𝐶 such that each selected
paragraph provides the legal rule, analysis, or interpretation from
which 𝑑 logically follows. A paragraph 𝑝𝑖 is considered entailing
if and only if a reader knowing only 𝑝𝑖 could derive the legal con-
clusion in 𝑑 . Paragraphs describing background facts, procedural
history, bare citations, or the final dispositional order do not qualify,
even when topically related to 𝑑 .

3.2 Dataset
The COLIEE 2026 Task 2 dataset is derived from Federal Court of
Canada decisions. The training corpus is constructed from prior
COLIEE competition cycles and provides labeled triples of (decision
fragment, noticed case paragraphs, gold entailing paragraph labels).
Paragraph counts per noticed case vary widely, ranging from a
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handful to over 60 paragraphs, with a median of approximately
20 paragraphs per case. The majority of queries have exactly one
entailing paragraph; a small fraction (typically under 20%) require
two or three. Table 1 summarises the corpus statistics.

Table 1: COLIEE 2026 Task 2 dataset statistics. Dev is a held-
out validation subset from the official training corpus. The
Stage 2 fine-tuning pool (790 instances) is derived from the
combined train+dev set after gold-coverage filtering (see Sec-
tion 6.1).

Split Cases Paragraphs (approx.)

Train 726 14,500
Dev 100 ∼2,000
Test (official) 100 —

Gold paras / query Proportion

1 ≈80%
2 ≈15%
≥3 ≈5%

3.3 Evaluation
Following standard COLIEE protocol [2], performance is measured
by micro-averaged F1:

F1 =
2 ·∑𝑖 |𝑃𝑖 ∩ 𝑃∗

𝑖 |∑
𝑖 |𝑃𝑖 | +

∑
𝑖 |𝑃∗

𝑖
|

(1)

where 𝑃𝑖 and 𝑃∗
𝑖 are the predicted and gold paragraph sets for the

𝑖-th test instance, respectively. Summing numerator and denomi-
nator over all instances before dividing rewards systems that are
consistently precise and recall-complete across the full test set.

4 System Overview
Our pipeline consists of two sequential stages applied to each test
instance, as illustrated in Figure 1. Stage 1 — Dense Retrieval.
Given decision fragment 𝑑 and noticed case 𝐶 = ⟨𝑝1, . . . , 𝑝𝑛⟩, we
encode both using a shared fine-tuned bi-encoder and retrieve the
top-𝑘 paragraphs by cosine similarity, reducing the candidate pool
from 𝑛 (up to 60+) to 𝑘 = 5. This stage is identical across all three
submitted runs. Stage 2 — LLM Entailment Classification. The
top-𝑘 paragraphs, together with their original labels and the query
𝑑 , are provided to a large language model via a structured prompt.
The LLM reasons over all candidates jointly and outputs the subset
it judges to be entailing. This stage differs across the three runs,
varying the model capacity and training strategy. This two-stage
design follows established practice [3, 4] but differs in two ways:
we replace the typical BM25+monoT5 first stage with a single high-
capacity embedding model, and we systematically compare RL and
distillation as Stage 2 alternatives to zero-shot prompting.

5 Stage 1: Dense Retrieval
5.1 Model
We use Qwen-Embedding-31 [5] (4B parameters) as our retrieval
encoder. Qwen-Embedding-3 is a decoder-based dense embedding
model that produces fixed-length representations via mean pooling
over the final hidden states. Its large capacity and extended context
window make it well-suited for encoding lengthy legal paragraphs
without aggressive truncation. Both query and paragraph embed-
dings are ℓ2-normalized; retrieval is performed by cosine similarity
(equivalent to inner product after normalization).

5.2 Phase 1: InfoNCE Warm-Up
We fine-tune the encoder for 5 epochs using the InfoNCE con-
trastive objective [6]:

LInfoNCE = − log
exp(sim(𝑑, 𝑝+)/𝜏)

exp(sim(𝑑, 𝑝+)/𝜏) +
∑︁
𝑗

exp
(
sim(𝑑, 𝑝−

𝑗 )/𝜏
) (2)

where 𝑝+ is the gold entailing paragraph, {𝑝−
𝑗 } are in-batch nega-

tives drawn from other instances in the same mini-batch, sim(·, ·)
denotes cosine similarity, and 𝜏 is a learnable temperature parame-
ter. Training with in-batch negatives provides approximately 𝐵 − 1
negatives per sample for batch size 𝐵, establishing initial semantic
alignment between decision fragments and entailing paragraphs.

5.3 Phase 2: Hard-Negative Refinement
After Phase 1, we identify hard negatives: paragraphs that rank
highly under the Phase 1 checkpoint but do not entail the query.
For each training instance, we run the Phase 1 encoder in inference
mode, retrieve the top-20 paragraphs, exclude all gold positives,
and retain the top-5 as hard negatives. We then fine-tune for an ad-
ditional 5 epochs with augmented batches containing both in-batch
negatives and instance-specific hard negatives. This phase is criti-
cal because paragraphs within a single legal case share extensive
lexical overlap (shared parties, procedural history, and recurring
legal terms), making naive in-batch negatives insufficiently dis-
criminative. Hard negatives force the encoder to learn fine-grained
distinctions between genuinely entailing paragraphs and superfi-
cially similar distractors. Prior work on dense retrieval has shown
that iterative hard-negative mining substantially improves down-
stream recall [7].

5.4 Inference
At test time, we encode the query 𝑑 and all paragraphs {𝑝1, . . . , 𝑝𝑛}
of the noticed case, rank by cosine similarity, and pass the top-𝑘 = 5
candidates (with their original paragraph labels, e.g., “001”, “005”)
to Stage 2. On the development set, this retrieval stage achieves
Recall@5 = 93.36%, meaning that all gold entailing paragraphs
are included in the top-5 candidates for 93.36% of instances. This
high recall establishes a tight performance ceiling for the overall
pipeline and ensures that Stage 2 errors are primarily attributable
to entailment classification rather than retrieval failure.

1https://huggingface.co/Qwen/Qwen3-Embedding
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Stage 1: Dense Retrieval
Stage 2: LLM Entailment Classification

Decision
Fragment (d)

Noticed Case
Paragraphs
p₁, p₂, …, pₙ

Qwen-Embedding-3 (4B)

Cosine Similarity
Ranking

Top-k Candidates

Run 1 Qwen-3.5-27B

Zero-Shot Prompting

Run 2 Qwen-3.5-9B

Dr.GRPO (RL Fine-tuning)

Qwen-3.5-35B-A3B
(Teacher)

Run 3 Qwen-3.5-9B

Off-Policy Distillation (SFT) ★

Entailing
Paragraphs (P̂ )

oracle traces

Phase 1: InfoNCE Fine-tuning
Phase 2: Hard-Negative Mining

Top-k paragraphs
+ labels + query d

Figure 1: Overview of the ClaUSurf two-stage pipeline for COLIEE 2026 Task 2. Stage 1 (Dense Retrieval): the decision fragment 𝑑
and all noticed-case paragraphs are independently encoded by fine-tuned Qwen-Embedding-3 (4B); top-5 candidates are selected
by cosine similarity. Stage 2 (LLM Entailment Classification): the three submitted runs apply different strategies—zero-shot
prompting (Run 1), Dr.GRPO reinforcement learning (Run 2), and off-policy knowledge distillation (Run 3)—to identify which
candidates entail 𝑑 .

6 Stage 2: LLM-Based Entailment Reasoning
All three runs share the same Stage 1 retriever (top-5 candidates).
They differ in the model and training strategy used for Stage 2
classification. Run 1 sets a zero-shot ceiling at scale; Run 2 asks
whether task-specific RL on a 9B model can close the size gap; and
Run 3 tests whether distillation from a stronger teacher outperforms
both. Together, they form a controlled study of Stage 2 training
strategies under a fixed inference budget.

6.1 Stage 2 Training Data: Gold-Filtered Samples
The two runs involving Stage 2 fine-tuning (Run 2 and Run 3) re-
quire training data constructed from Stage 1 retrieval outputs. If
Stage 1 fails to place all gold entailing paragraphs in its top-5 for
a given query, the instance cannot provide a meaningful training
signal—the model would be asked to identify an entailing para-
graph absent from its input. We therefore filter the training corpus
to retain only instances where all gold paragraphs appear in the
Stage 1 top-5 candidate set. Concretely, we run the Phase 2 retrieval
encoder over the combined pool of all labeled instances available
for fine-tuning—the 726 official training instances together with the
100 development instances we hold out for validation (826 total)—
and keep those satisfying 𝑃∗ ⊆ top-𝑘 (𝑑), yielding 790 usable in-
stances. We then split these into an 80/20 partition: approximately
632 instances for training and 158 instances for validation.
The training partition is used for both Run 2 (Dr.GRPO) and Run 3
(distillation SFT); the held-out partition serves as an internal devel-
opment set for hyperparameter selection and early stopping. This
filtering ensures that both the RL reward signal (Run 2) and the
teacher-generated distillation traces (Run 3) are grounded in realis-
tic retrieval contexts: Stage 2 sees the same candidate distribution
at training and inference time, preventing train–test mismatch.

6.2 Run 1: Zero-Shot Prompting with
Qwen-3.5-27B

6.2.1 Model. We use Qwen-3.5-27B2 [5], a 27B instruction-tuned
language model, in a zero-shot setting. Hardware constraints pre-
cluded the use of the model’s native extended thinking/reasoning
mode (e.g., extended chain-of-thought decoding or budget forcing),
which we hypothesize would yield stronger performance.

6.2.2 Prompt Design. Following chain-of-thought prompting [11],
the prompt requires the model to reason step-by-step before com-
mitting to a final label. The design decisions, informed by the task
definition and error analysis on the development set, are: (1) Goal
framing and clarification. The prompt opens with an explicit
goal statement and a clarification that the “decision” in the query is
not the final ruling of the case but a judicial conclusion that must
be supported by reasoning in the noticed case. This distinction
addresses a recurring confusion observed during development. (2)
Explicit entailment definition. The model is given a precise
definition: a paragraph entails the query if its meaning provides
the legal rule, analysis, or reasoning from which the judge’s conclu-
sion logically follows. (3) Explicit negative filtering. The model
is instructed to exclude paragraphs containing only: background
facts, procedural history, general introductions, citations without
explanation, or the final order or disposition of the case. This di-
rectly addresses a common failure mode on the development set.
(4) Parsimony constraint. Seven selection rules enforce a strong
bias toward returning exactly one paragraph, permitting two or
three only when they form a necessary reasoning chain (e.g., one
paragraph states a rule and another applies it). An additional tie-
breaking rule instructs the model to select the single paragraph
whose meaning most directly entails the query when several are
related. (5) Guided procedure. A four-step procedure directs the

2https://huggingface.co/Qwen/Qwen3.5-27B
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Role: You are a legal expert performing a legal textual entailment
task. Goal: Given the decision statement of a new case (query) and
the paragraphs of a noticed case, identify which paragraph(s) logically
entail the decision. Definition: A paragraph entails the query if its
meaning provides the legal rule, analysis, or reasoning from which the
judge’s conclusion logically follows. Clarification: The “decision” in
the query is not the final ruling. It is a judicial conclusion that must be
supported by reasoning found in the noticed case. Selection rules:

(1) Select paragraph(s) whose legal reasoning most directly entails the
query.

(2) Prefer paragraphs that explain legal reasoning, apply rules, or
interpret statutes.

(3) Do NOT select: background facts, procedural history, general in-
troductions, bare citations, or the final order.

(4) Return ONE paragraph in most cases; return two/three only if
they form a necessary reasoning chain.

(5) If several paragraphs are related, choose the one whose meaning
most directly entails the query.

Procedure: (1) Identify the legal rule implied by the query. (2) Com-
pare the query with each paragraph. (3) Find the paragraph(s) whose
meaning entails the query. (4) Return the minimal set of labels. Query:
{query} Paragraphs: {paragraphs} Reason step-by-step (≤10 sen-
tences).
Output: <reasoning>. . .</reasoning>

<answer>LABELS</answer>

Figure 2: Abridged prompt template for Run 1 (Qwen-3.5-
27B, zero-shot). Variables {query} and {paragraphs} are sub-
stituted at inference time. The full prompt includes seven
selection rules and a worked example.

model to: (i) identify the legal rule implied by the query, (ii) com-
pare it against each candidate paragraph, (iii) find the paragraph(s)
whose meaning logically entails the query, and (iv) return the mini-
mal label set. (6) Structured output with example. Reasoning
is enclosed in <reasoning>...</reasoning> tags (capped at 10
sentences) and final labels in <answer>...</answer> tags, with
a concrete two-paragraph example demonstrating the expected
format. Figure 2 shows the abridged prompt template.

6.2.3 Result. Run 1 achieves F1 = 0.3756 on the COLIEE 2026
Task 2 test set, establishing a competitive zero-shot baseline.

6.3 Run 2: Reinforcement Learning via
Dr.GRPO on Qwen-3.5-9B

6.3.1 Method. For Run 2, we apply Dr.GRPO (Decomposed Rule-
Guided GRPO) [8] to fine-tune Qwen-3.5-9B3 [5] using the same
structured prompt as Run 1. Dr.GRPO extends the GRPO algorithm
introduced in DeepSeek-R1 [9, 16] with decomposed, rule-guided
reward signals and improved gradient variance reduction, making
it particularly effective for LLM fine-tuning with sparse outcome-
based rewards (Section 2).

3https://huggingface.co/Qwen/Qwen3.5-9B

6.3.2 Reward Signal. For each training instance (𝑑,𝐶, 𝑃∗), the
model generates 𝐺 = 8 candidate responses per prompt. The
reward combines two components: a task reward and a format
reward. Task reward. The task reward 𝑟task is the exact-match F1
between the predicted paragraph labels 𝑃 and the gold set 𝑃∗:

𝑟task (𝑃, 𝑃∗) = 2 |𝑃 ∩ 𝑃∗ |
|𝑃 | + |𝑃∗ |

(3)

Format reward. Since the structured prompt requires responses to
follow a specific schema (<reasoning>...</reasoning> followed
by <answer>...</answer>), we additionally assign a binary format
reward 𝑟fmt ∈ {0, 1} that equals 1 if and only if the response con-
tains both well-formed tag pairs and the answer tags enclose a
parseable comma-separated list of paragraph labels. This reward
prevents the policy from drifting toward outputs that may acciden-
tally achieve non-zero F1 via partial matches but are unparseable
at inference time. The final reward is a weighted combination of
the two components:

𝑟 = 𝑟task + 𝜆 𝑟fmt, 𝜆 = 0.1 (4)

where 𝜆 is set small enough to avoid dominating the task signal
while still providing a consistent gradient toward well-formed out-
puts. The policy gradient is scaled by the advantage relative to
the group mean reward, reducing the variance inherent in sparse
binary-outcome rewards. A KL-divergence penalty from the ref-
erence policy prevents excessive deviation from the pretrained
behavior.

6.3.3 Training Details. Due to computational budget limitations,
training was conducted for approximately 200 optimization steps
with a batch size of 4 instances (32 rollouts total) and a learning
rate of 5 × 10−7. We hypothesise that training on a larger and more
diverse dataset, or simply running more optimisation steps, could
yield further improvements. Training instances are drawn from the
gold-filtered pool described in Section 6.1.

6.3.4 Result. Run 2 achieves F1 = 0.3738—slightly below the 27B
zero-shot baseline but competitive given the 3× smaller model
capacity (9B vs. 27B). Despite the severely limited training budget,
the RL-tuned 9B model nearly matches a 27B model, suggesting
that task-specific RL adaptation can partially compensate for the
parameter gap.

6.4 Run 3: Off-Policy Knowledge Distillation
Run 3 adopts an off-policy chain-of-thought distillation strat-
egy [10, 17]: a stronger teacher model generates high-quality, oracle-
guided reasoning traces that serve as supervised fine-tuning (SFT)
targets for a smaller student.

6.4.1 Teacher: Qwen-3.5-35B-A3B (MoE).. The teacher model is
Qwen-3.5-35B-A3B4 [5], a Mixture-of-Experts (MoE) architecture
with 35B total parameters and 3B active parameters per forward
pass. The MoE design provides strong reasoning capacity at moder-
ate inference cost. Critically, the teacher is provided with the gold
paragraph labels and tasked with generating oracle-guided reason-
ing traces. The prompt instructs the teacher to: (i) read the query
and all candidate paragraphs, (ii) write a concise reasoning chain
4https://huggingface.co/Qwen/Qwen3.5-35B-A3B
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Role: You are a legal expert. Your job is to write clear, step-by-step
reasoning that explains why the given paragraph(s) entail the legal
decision in the query. Context: A judge made a legal determination
(the query). The correct paragraph(s) from a noticed case that support
this determination are: {gold_labels}. Your task:

(1) Read the query (the judge’s legal determination).
(2) Read ALL paragraphs from the noticed case.
(3) Write reasoning (≤10 sentences) explaining: what legal rule or

principle the query is about; why {gold_labels} contain the reason-
ing that entails the query; why the other paragraphs doNOT entail
the query.

(4) End with the answer.

Important: Focus on the legal reasoning connection between the query
and the correct paragraph(s). Explain how the paragraph’s legal rule,
analysis, or interpretation supports the query. Be concise and pre-
cise. Query: {query} Paragraphs: {paragraphs} Correct answer:

{gold_labels} Output: <reasoning>. . .</reasoning>
<answer>{gold_labels}</answer>

Figure 3: Oracle-guided teacher prompt for Run 3 (Qwen-
3.5-35B-A3B). Gold labels are provided to ensure factually
grounded reasoning traces for student distillation.

(at most 10 sentences) explaining what legal rule the query invokes,
why the gold paragraph(s) contain the reasoning that entails it, and
why the remaining candidates do not, and (iii) confirm the gold
labels as the final answer. An additional emphasis block directs
the teacher to focus specifically on the legal reasoning connection
between query and paragraph—how the paragraph’s rule, analysis,
or interpretation supports the judicial determination—rather than
surface-level topical overlap. This oracle conditioning ensures that
the generated traces are factually grounded and provide rich peda-
gogical signal, even for cases where the gold entailment is subtle or
requires domain knowledge. The teacher prompt template is shown
in Figure 3.

6.4.2 Student: Qwen-3.5-9B (SFT).. The teacher-generated traces
(query, paragraphs, reasoning, gold answer) are used as SFT targets
for Qwen-3.5-9B. The student is fine-tuned to reproduce both the
reasoning chain and the final label, conditioned on the dedicated
system prompt shown in Figure 4. This prompt shares the same
goal framing, entailment definition, and clarification as Run 1, but
is more concise: it omits the four-step procedure, the tie-breaking
rule, and the worked example, retaining five core selection rules.
Training uses standard next-token prediction loss with a learning
rate of 1 × 10−5 over 3 epochs. Training instances are drawn from
the gold-filtered pool described in Section 6.1. Due to resource
constraints, we generated oracle traces for and trained on the 632
training-split instances from the gold-filtered pool (Section 6.1).

6.4.3 Result. Run 3 achieves F1 = 0.3877—the best performance
among all three submitted runs. This result establishes that high-
quality, oracle-guided reasoning traces from a stronger teacher,
even in modest quantity (632 samples), provide a more effective

Role: You are a legal expert performing a legal textual entailment
task. Goal: Given the decision statement of a new case (query) and
the paragraphs of a noticed case, identify which paragraph(s) logically
entail the decision. Definition: A paragraph entails the query if its
meaning provides the legal rule, analysis, or reasoning from which the
judge’s conclusion logically follows. Clarification: The “decision” in
the query is not the final ruling. It is a judicial conclusion that must be
supported by reasoning found in the noticed case. Selection rules:

(1) Select paragraph(s) whose legal reasoning most directly supports
or entails the query.

(2) Prefer paragraphs that explain legal reasoning, apply legal rules,
or interpret statutes.

(3) Do NOT select paragraphs containing only background facts, pro-
cedural history, general introductions, bare citations, or the final
order.

(4) Return ONE paragraph in most cases.
(5) Return two/three ONLY if they form a necessary reasoning chain.

Reason step-by-step (≤10 sentences).
Output: <reasoning>. . .</reasoning>

<answer>LABELS</answer>

Figure 4: Student system prompt for Run 3 (Qwen-3.5-9B,
SFT). This prompt conditions both teacher-trace generation
and student inference.

training signal than zero-shot prompting a 3× larger model or
online RL under a limited step budget.

7 Experimental Results
7.1 Implementation Details
Stage 1 fine-tuning (Qwen-Embedding-3, 4B) was conducted on a
single NVIDIA V100 (32GB), requiring approximately 6 minutes
for Phase 1 and 10 minutes for Phase 2 (including hard-negative
mining and refinement). Run 2 Dr.GRPO fine-tuning (Qwen-3.5-
9B) was performed on a single NVIDIA RTX 5090, completing 200
optimisation steps with𝐺 = 8 rollouts per prompt in approximately
4 hours. Run 3 teacher inference (Qwen-3.5-35B-A3B MoE) for
trace generation used a single NVIDIA RTX 6000 (96 GB), requiring
approximately 20 minutes for 632 oracle traces; student SFT (Qwen-
3.5-9B, 3 epochs, 632 samples) was conducted on the same GPU and
required approximately 1 hour. All experiments were conducted at
the University of Science, VNU-HCM.

7.2 Main Results
Table 2 summarizes the performance of all three submitted runs on
the development and final test sets, including precision and recall
as reported by the COLIEE 2026 organizers. The precision–recall
breakdown reveals distinct behavioural profiles across the three
runs. Run 1 (zero-shot 27B) is the most conservative: it achieves
the highest precision (0.7400) but the lowest recall (0.2517), in-
dicating that the parsimony constraint in the prompt causes the
model to select very few paragraphs, often missing relevant ones.
Run 2 (RL 9B) relaxes this tendency slightly, improving recall to
0.2619 at the cost of lower precision (0.6525). Run 3 (distillation 9B)
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Table 2: Results on the COLIEE 2026 Task 2 development and test sets. All runs share Stage 1 (Recall@5= 93.36% on dev). The
Control row shows Qwen-3.5-9B in a zero-shot setting (dev only) to isolate the effect of training strategy from model size. Test
Precision, Recall, and F1 are reported by the competition organizers. Best scores in bold; second-best underlined.

Run Stage 2 Model Method Tuning Budget Dev F1 Test P Test R Test F1

Control Qwen-3.5-9B Zero-shot prompt — 0.7420 (dev-only baseline)

Run 1 Qwen-3.5-27B Zero-shot prompt — 0.7979 0.7400 0.2517 0.3756
Run 2 Qwen-3.5-9B Dr.GRPO (RL) ≈200 steps 0.7523 0.6525 0.2619 0.3738
Run 3 Qwen-3.5-9B Distillation (SFT) 632 samples 0.8014 0.6357 0.2789 0.3877

achieves the best F1 (0.3877) by further boosting recall to 0.2789
while maintaining competitive precision (0.6357), suggesting that
the teacher-generated reasoning traces help the student identify
entailing paragraphs that the zero-shot and RL models tend to over-
look. Controlled baseline. A key confound in the comparison
between Run 1 (27B) and Runs 2–3 (9B) is model size. To disen-
tangle this from training strategy, we evaluate Qwen-3.5-9B in a
zero-shot setting (theControl row in Table 2), using the same struc-
tured prompt as Run 1. On the development set, this 9B zero-shot
control achieves Dev F1 = 0.7420—substantially below both Run 2
(0.7523, RL-tuned) and Run 3 (0.8014, distilled), confirming that the
gains from RL and distillation are attributable to training strategy
rather than model size alone. The control was not submitted to the
official evaluation, so test-set metrics are unavailable. The overall
low recall across all runs (0.25–0.28) indicates that the primary
bottleneck is under-prediction: all three systems miss a substantial
fraction of gold entailing paragraphs. This is partly attributable to
the Stage 1 retrieval ceiling (Recall@5 = 93.36% on dev) and partly
to the strong one-paragraph bias encoded in the prompts, which
may cause Stage 2 to under-select in multi-paragraph entailment
instances.

7.3 Stage 1 Retrieval Analysis
The development-set Recall@5 of 93.36% establishes a tight upper
bound for the full pipeline: the 6.64% miss rate represents instances
where no gold paragraph appears in the top-5, making Stage 2
recovery impossible. Closing this gap requires either a stronger
Stage 1 encoder, a larger 𝑘 (at the cost of longer Stage 2 context), or
a Stage 1.5 cross-encoder re-ranker. Comparison with BM25 and
phase ablation. A primary design claim of our system is that a
single fine-tuned bi-encoder can replace the BM25+cross-encoder
Stage 1 used by prior systems. To substantiate this claim, Table 3
compares the Recall@5 of four retrieval configurations on the de-
velopment set: (i) BM25 lexical retrieval, serving as the classical
baseline; (ii) Qwen-Embedding-3 without any fine-tuning (zero-
shot); (iii) Qwen-Embedding-3 fine-tuned with InfoNCE warm-up
only (Phase 1); and (iv) the full two-phase curriculum with ad-
ditional hard-negative refinement (Phase 1+2). The results con-
firm that each training phase provides a meaningful contribution.
The off-the-shelf Qwen-Embedding-3 (85.30%) performs compara-
bly to BM25 (86.16%), indicating that domain-specific fine-tuning
is essential for the legal retrieval setting. Notably, the zero-shot
neural encoder marginally underperforms BM25, confirming that
general-purpose dense representations do not automatically sur-
pass lexical retrieval on specialised legal text without task-specific

Table 3: Stage 1 retrieval ablation on the development set
(𝑘=5). The two-phase fine-tuned bi-encoder is our submitted
configuration.

Stage 1 Retrieval Method Recall@5 (Dev)

BM25 [13] 86.16%

Qwen-Embedding-3, Zero-shot 85.30%
Qwen-Embedding-3, Phase 1 only (InfoNCE) 89.41%
Qwen-Embedding-3, Phase 1+2 (ours) 93.36%

adaptation. Phase 1 InfoNCE training improves recall by +4.11
percentage points over the zero-shot baseline, establishing initial
semantic alignment. Phase 2 hard-negative refinement adds a fur-
ther +3.95 points, confirming that within-case hard negatives are
critical for discriminating between topically similar paragraphs
(Section 5). The full two-phase pipeline (93.36%) outperforms BM25
by +7.20 points, validating our design choice to replace the classical
BM25+reranker Stage 1 with a single fine-tuned bi-encoder.

7.4 Comparison with COLIEE 2026 Participants
Table 4 reports the official COLIEE 2026 Task 2 results for all par-
ticipating teams, showing the best run per team alongside all three
ClaUSurf submissions. Across 14 teams and 35 total submissions,
our best run (Run 3, F1 = 0.3877) places 8th by team, ranking below
the top cluster of teams (IAI, AIIRLab, JNLP) that achieve F1 in
the 0.44–0.49 range. The top-performing teams generally achieve
substantially higher recall (0.43–0.54) than our system (0.28), sug-
gesting that their pipelines are more aggressive in selectingmultiple
entailing paragraphs. By contrast, our Run 1 and Run 3 achieve
competitive or superior precision (0.74 and 0.64, respectively) rela-
tive to most teams, indicating that our Stage 2 reasoning quality is
strong but that recall remains the binding bottleneck—consistent
with the under-prediction analysis in Section 7. Notably, the NOWJ
team—winners of COLIEE 2025 Task 2 (F1 = 0.3195)—achieves their
best 2026 result with a high-precision, low-recall profile (P = 0.7037,
R = 0.3231, F1 = 0.4429), a pattern similar to our Run 1. Across all 35
submissions, Run 1 records the third-highest precision (0.7400), be-
hind only NOWJ’s nowj001 (0.7604) and DU’s task2_du2 (0.7529)—
all three sharing the same high-precision, low-recall trade-off, sug-
gesting this is a systemic failure mode of parsimony-biased systems
rather than a ClaUSurf-specific limitation.
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Table 4: Official COLIEE 2026 Task 2 leaderboard (best run per team, all ClaUSurf runs shown). Underlined metrics: ClaUSurf
submissions, bold: best value per column. Results sourced from the official competition website, teams with F1 = 0.0000 omitted.

Rank Team Run ID Precision Recall F1

1 IAI task2_run2 0.4501 0.5374 0.4899
2 AIIRLab task2_aiirfusion3 0.5120 0.4354 0.4706
3 JNLP submission (3) 0.4174 0.4898 0.4507
4 NOWJ nowj003 0.7037 0.3231 0.4429
5 UA result_run1_ua 0.4711 0.3878 0.4254
6 JUNLLP submission (1) 0.6721 0.2789 0.3942
7 bosch bosch_task_2 (1) 0.3900 0.3980 0.3939

8 ClaUSurf task2_clsop3d (Run 3) 0.6357 0.2789 0.3877
– ClaUSurf task2_cls4b27bp11 (Run 1) 0.7400 0.2517 0.3756
– ClaUSurf task2_clsp2d (Run 2) 0.6525 0.2619 0.3738

9 DU task2_du3 0.6907 0.2279 0.3427
10 74688 ualbanyllm 0.6500 0.2211 0.3299
11 KeioAndrewShin task2_submission_ii2 0.4795 0.2381 0.3182
12 CityUMO task2_submission 0.6000 0.2041 0.3046
13 Sach sach_task2_run1 0.3929 0.1497 0.2167

Total: 14 teams, 35 submissions

8 Discussion
8.1 Why Distillation Outperforms Prompting

and RL
Run 3 (distillation) outperforms both Run 1 (zero-shot 27B) and
Run 2 (RL 9B) despite using a 3× smaller model than the former
and lacking the online exploration of the latter. We attribute this
to three factors. Richness of the training signal. Oracle-guided
reasoning traces encode the exact inferential steps that COLIEE
Task 2 demands: identifying the applicable legal principle, matching
it against each candidate paragraph, and articulating why topical
similarity alone does not constitute entailment. This structured
supervision is far more informative than the scalar F1 reward in
RL, which forces the model to rediscover the same reasoning pat-
tern through trial and error [17]. Adaptation vs. scale. Although
Qwen-3.5-27B (Run 1) has substantially more parameters, zero-
shot prompting cannot adapt its representations to domain-specific
distinctions—such as the systematic difference between judicial rea-
soning and dispositional language—that recur throughout COLIEE.
Fine-tuning a 9B model on even a modest set of domain-specific
traces closes much of this gap, consistent with findings in Orca [18]
that explanation-tuned small models can match or exceed much
larger prompted models. Limited RL training budget. Run 2 was
trained for only ∼200 steps on a relatively small pool of 632 in-
stances. Training on a larger dataset—potentially augmented with
additional COLIEE cycles or synthetic examples—and running for
more optimisation steps could allow the model to better internalise
legal reasoning patterns. A fully converged Dr.GRPO model trained
on more data could plausibly close the gap with or exceed Run 3,
since RL can in principle discover reward-maximising strategies
absent from the teacher’s fixed trace distribution [8].

8.2 Error Analysis
Qualitative inspection of development-set errors reveals three re-
curring failure modes. Procedural paragraph confusion. The
most frequent Stage 2 error involves selecting paragraphs that re-
count background facts, procedural history, or the final disposition—
despite explicit negative-filtering instructions in the prompt. These
paragraphs share high lexical overlap with the decision fragment
(common parties, statutory references, procedural terms) but lack
the operative legal rule or analytical reasoning. This pattern is the
dominant source of false positives across all three runs.Distributed
reasoning chains. Roughly 15–20% of gold-labelled instances re-
quire two or more paragraphs whose joint content entails the query,
with no single paragraph sufficing alone. Stage 2 tends to select
only the most salient member of such chains, yielding partial recall.
This failure is most pronounced in Run 1, where the model has no
domain-specific calibration for recognising multi-paragraph depen-
dencies. Irreversible Stage 1 misses. In the 6.64% of instances
where the gold paragraph falls outside the top-5, Stage 2 cannot
recover regardless of its reasoning quality. These cases impose a
hard error floor attributable entirely to retrieval, and resolving them
requires improvements to Stage 1 (Section 8.3).

8.3 Limitations and Future Directions
Stage 1 upper bound. The 6.64% miss rate imposes a hard perfor-
mance ceiling. Introducing a Stage 1.5 cross-encoder re-ranker (e.g.,
monoT5 fine-tuned on COLIEE data) could sharpen the precision–
recall trade-off without expanding the Stage 2 context window. Ex-
tended reasoning decoding. Hardware constraints prevented us
from using Qwen-3.5-27B’s native extended thinking mode. Budget-
forced extended reasoning [11] would likely improve Stage 2 ac-
curacy on cases where the legal connection between query and
entailing paragraph is non-obvious. Scaling distillation. With
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only 632 training samples (80% of the 790 gold-filtered instances),
the student is data-limited. Generating oracle traces for a larger
and more diverse training corpus—potentially augmented with
additional COLIEE cycles—and exploring iterative, multi-round
teacher–student distillation [18] are natural extensions. Scaling
RL training. Run 2 was limited to 200 steps on 632 instances. Ex-
panding the training corpus (e.g., with additional COLIEE cycles or
data augmentation) and running for more steps would test whether
RL can match distillation given sufficient data and compute. The
exploration inherent in on-policy RL may enable the model to dis-
cover legal reasoning strategies not represented in the teacher’s
fixed trace distribution.

9 Conclusion
We presented the ClaUSurf system for COLIEE 2026 Task 2 Le-
gal Case Entailment. Our two-stage retrieve-then-reason pipeline
pairs a two-phase fine-tuned Qwen-Embedding-3 (4B) retriever (Re-
call@5 = 93.36% on the development set) with three alternative LLM
strategies for entailment classification. Among our submitted runs,
off-policy chain-of-thought distillation from a Qwen-3.5-35B-A3B
MoE teacher to a Qwen-3.5-9B student achieves the best test-set
performance (F1 = 0.3877), outperforming both a 3× larger zero-shot
baseline and an RL-tuned peer under equivalent inference cost, and
ranking 8th among 14 participating teams in the official COLIEE
2026 Task 2 leaderboard. Our results underscore the effectiveness of
oracle-guided reasoning traces as a training signal and indicate that
Stage 1 recall remains the binding constraint for further pipeline
improvement.
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Abstract
This paper presents the JNLP team’s approach to addressing these
challenges in the Competition on Legal Information Extraction and
Entailment (COLIEE) 2026.We address all fourmain tasks: case law
retrieval, case law entailment, statute law retrieval, and statute law
entailment, alongside the pilot tasks. For Legal Case Retrieval (Task
1), we improve upon previous approaches by reducing the search
space via BM25 and utilizing alternative classification models. For
Legal Case Entailment (Task 2), we propose a two-stage architec-
ture that combines dense retrieval with LLM-based reasoning to
accurately identify entailing paragraphs. For Statute Retrieval and
Entailment (Task 3), we employ a three-stage retrieval pipeline in-
tegrated with LLMs, incorporating dynamic few-shot prompting
and a multi-agent debate framework. For Legal Textual Entailment
(Task 4), we utilize Japanese-specific LLMs with few-shot prompt-
ing and self-consistency through majority voting to assess legal
validity. Finally, we formulate both Tort Prediction and Rationale
Extraction as binary classification tasks, leveraging LLMs to ana-
lyze the legal context and predict the target labels. Experimental re-
sults highlight the efficiency of our proposed approaches. Notably,
we achieved the highest ranking on the pilot task, third place in
Task 3, and second place across all other tasks.
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1 Introduction
With the rapid expansion of digital legal text, the need for effi-
cient retrieval and accurate legal reasoning systems has become
increasingly important. To facilitate this, the Competition on Le-
gal Information Extraction and Entailment (COLIEE) aims to build
a research community dedicated to addressing complex legal chal-
lenges [12, 14, 25]. Organized to push the boundaries of legal ar-
tificial intelligence, the 2026 competition challenges participants
across four core tasks alongside a pilot task. Task 1 focuses on iden-
tifying existing legal cases that support a given query case. Task
2 requires identifying a paragraph from an existing case that can
entail the decision of a new case. Task 3 focuses on retrieving ar-
ticles that are relevant for a yes/no legal question. Task 4 involves
determining whether relevant Civil Law articles retrieved for a le-
gal question logically entail. Finally, the Pilot Task tackles Tort
cases via two subtasks: predicting final decisions by synthesizing
facts, claims, and arguments in Tort Prediction task, and classify-
ing whether specific premise-claim pairs are accepted or rejected
in Rationale Extraction task.

However, automating these tasks is difficult because legal docu-
ments have complex structures, domain-specific terminology, and
often implicit reasoning steps [24]. To overcome these barriers, re-
searchers have increasingly turned to Natural Language Process-
ing (NLP) technologies. Large Language Models (LLMs), in partic-
ular, have demonstrated remarkable capabilities in legal reason-
ing and statutory analysis. Within the COLIEE, participants fre-
quently leverage these models alongside sophisticated prompt en-
gineering techniques―such as few-shot prompting and Chain of
Thought (CoT) strategies to handle complex logical entailment [26,
27]. However, applying LLMs directly to lengthy precedents and
complex frameworks often introduces new challenges, including
logical hallucination and contextual overload. Therefore, there is a
need to systematically explore how integrating retrieval pipelines
with prompt engineering strategies can maximize both computa-
tional efficiency and reasoning accuracy.

To address these challenges, this paper presents the JNLP team’
s hybrid LLM-based framework for COLIEE 2026. We investigate
the application of advanced prompt engineering and optimized re-
trieval strategies to enhance legal reasoning capabilities across the
competition’s objectives. For Task 1, we improve upon previous
approaches by optimizing a pairwise similarity ranking framework
using BM25-based search space reduction and robust classification
models. For Task 2, we introduce a two-stage architecture merging

* Equal Contribution
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instruction-guided dense retrieval with structured LLM reasoning
to accurately isolate entailing paragraphs. For Task 3, we deploy a
three-stage retrieval pipeline paired with open-weight LLMs, mit-
igating hallucination through a Multi-Agent Debate (MAD) para-
digm and dynamic few-shot prompting. For Task 4, we leverage
high-performance reasoning LLMs, employing consistency check-
ing and label-balanced few-shot prompting to rigorously evaluate
legal validity. Finally, for the Pilot Tasks, we address both tort
prediction and rationale extraction by fine-tuning a multilingual
LLM and employing a dual-agent prompting framework to simu-
late opposing legal arguments based on the same facts. By combin-
ing highly efficient retrieval mechanisms with the legal reasoning
power of LLMs, our hybrid framework achieved top-tier results
across the competition’s tasks.

2 Related Works
Task 1. With the widespread adoption of LLMs, a plethora of

techniques have emerged in the field of Information Retrieval. Gen-
erative Transformer models like LEGAL-BERT [8] are also being
used to assist legal NLP research and legal technology applications.
TF-IDF (Term Frequency-Inverse Document Frequency) provides
the basis for another popular method for information retrieval in
systems with limited GPU resources. For example, [17] demon-
strated the effective application of the TF-IDF weighting method
for information retrieval on a website, which offers practical in-
sights into developing efficient and accurate retrieval systems for
large-scale text data. SAILER [19] achieves significant improve-
ments in legal case relevance assessment by incorporating a struc-
tural understanding of legal documents. These developments lay
the foundation of our approach towards the information retrieval
tasks in COLIEE 2026.

Task 2. In 2022, the JNLP team [5] placed second with a multi-
component system that combined score fusion from LegalBERT
and BM25 with Abstract Meaning Representation (AMR) to align
key terms between queries and paragraphs. In 2023, the CAPTAIN
team [27] achieved state-of-the-art results by fine-tuning MonoT5
using hard negative sampling and applying ensemble techniques.
The THUIR team [18] employed lexical baselines (BM25 and QLD),
fine-tuned language models with contrastive loss, and combined
these scores through ensembling for final predictions. In COLIEE
2024, the AHMR team [28] proposed two approaches: (1) fine-tuni-
ng a LegalBERT [7] model using triplet loss [33] on the official
training data for task 2, and (2) fine-tuning a MonoT5 [29], pre-
trained onMSMARCO [3], utilizing hard negative samples, selected
via BM25 and an alternative MonoT5 variant.

Task 3. Historically, BERT variants and data augmentation have
been highly effective. LLNTU [34] won in 2020 using a BERT en-
semble, while OvGU [40] (2021) andHUKB [43] (2022) secured first
place through Sentence-BERT augmentation and judicial interpret-
ation-based corpus expansion, respectively. In 2023, CAPTAIN [27]
won by ensembling Japanese BERT and MonoT5 with diverse data
filtering. By 2024, methods increasingly integrated LLMs for refine-
ment. AHMR [28] ranked candidates using a fine-tuned MonoT5
[29] followed by LLM post-processing. Concurrently, CAPTAIN
[27] paired a hard-negative-tunedMonoT5 classifierwith zero- and

few-shot FLAN-T5 prompting to capture complex relationships a-
mong candidate paragraphs.

Task 4. Methods for this task have evolved from classification
models to generative LLM prompting. In 2021, HUKB [42] utilized
BERT with data augmentation on judicial decisions, while OvGU
[40] proposed a BERT-embedded graph neural network. In 2022,
JNLP [5] evaluated multiple LMs with negation-based augmenta-
tion, and LLNTU [21] introduced subsequence-similarity models
using disjunctive union strings. A shift occurred in 2023when JNLP
[6] adopted generative entailment prediction using zero-shot LLMs
(Flan-T5, Alpaca-T5), employing ranking-based voting and thresh-
olding across prompt strategies. Building on this in 2024, CAP-
TAIN [27] further enhanced Flan-T5-XXL performance through
few-shot in-context learning, Automatic Chain-of-Thought (Auto-
CoT) coupled with Dense Passage Retrieval, and LLM-driven data
augmentation via summaries and synthetic hypotheses.

Pilot Tasks. Theautomated analysis of legal judgments has evolv-
ed significantly over decades. Initial approaches relied on statisti-
cal methods, later shifting towards machine learning techniques
focused on text classification and feature extraction from case doc-
uments or metadata [16].These earlier methods often required sub-
stantial manual effort and struggled to generalize effectively [15].
More recently, researchers have leveraged neural networks, inform-
ed by natural language processing advances and legal knowledge,
to develop models for specific tasks like charge prediction or gen-
erating court views [41]. However, adapting these advanced, often
specialized, neural models to handle the full complexity and intri-
cate dependencies inherent in broader legal judgment prediction
remains a key challenge.

3 Problem Formalization
3.1 Task 1: Legal Case Retrieval
The primary goal of this task is to automatically identify and re-
trieve prior legal cases (noticed cases) that serve as relevant prece-
dents for a new query case. Let 𝑄 denote a query case. Let 𝐶 =
{𝐶1, 𝐶2, … , 𝐶𝑛} denote a comprehensive corpus of candidate target
cases. The objective is to identify a specific subset of target cases
𝑁 ⊂ 𝐶 that are actually cited by 𝑄 to support its legal propositions.

3.2 Task 2: Legal Case Entailment
The task is to identify which paragraph(s) in a noticed case 𝑁 en-
tail a given decision 𝑄 from a query case. Here, 𝑄 is a textual rep-
resentation of a judicial conclusion, and 𝑁 consists of paragraphs
𝑃 = 𝑝1, … , 𝑝𝑚 .

In COLIEE, the goal is to select a subset ̃𝑃 ⊂ 𝑃 whose para-
graphs semantically support𝑄. Althoughmultiple paragraphsmay
be relevant, typically one (or a few) is considered central. The ob-
jective is to accurately identify the paragraph(s) that best entail 𝑄,
effectively linking a decision to its supporting precedent.

3.3 Task 3: Statute Retrieval and Entailment
for Yes/NoQuestions

This task focuses on Statute Law Question Answering (SL-QA),
where the goal is to retrieve relevant legal articles and determine
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a Yes/No answer for a given query 𝑄. Given a set of candidate
statutes {𝐴1, … , 𝐴𝑛}, an article 𝐴 is considered relevant if it pro-
vides sufficient information to entail the answer to 𝑄.

The task requires jointly performing retrieval and entailment
reasoning, as queries may depend on multiple articles. The system
must output both (1) a subset of relevant articles and (2) a final
binary decision (Yes/No) indicating whether the query is legally
supported.

3.4 Task 4: Legal Textual Entailment
The goal of this task is to develop a question answering system
for legal queries, based on entailment from relevant legal articles,
with answers restricted to “Yes” or “No”. To determine the correct
answer, the system must align the conditions described in the law
with those presented in the query and infer the outcome based on
the legal consequences stated in the articles. However, the com-
plexity of legal language and the limited availability of training
data make it challenging to accurately determine the entailment
relationship between queries and legal texts.

3.5 Pilot Task: Tort Prediction
We formulate tort prediction based on three distinct input compo-
nents: Undisputed Facts (𝐹 ), Plaintif’s Claims (𝑃 ), and Defendant’s
Arguments (𝐷). Let these components be represented as sets of tex-
tual elements such that 𝐹 = {𝑓1, 𝑓2, … , 𝑓𝑛}, 𝑃 = {𝑝1, 𝑝2, … , 𝑝𝑚},
and 𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑘}, where 𝑛, 𝑚, 𝑘 ∈ ℕ. The objective is to
leverage these sets to predict the final tort decision.

3.6 Pilot Task: Rationale Extraction
We formulate this task as a binary classification problem based on
an input pair. Let the input pair be (𝐹 , 𝐶), where 𝐹 = {𝑓1, 𝑓2, … , 𝑓𝑛}
represent Undisputed Facts and 𝑆 ∈ {𝑃 ∪ 𝐷} denotes a single
statement from either the Plaintif’s Claims (𝑃 ) or the Defendant’s
Claims (𝐷). Given this pair, the objective is to predict whether the
claim is accepted or rejected.

4 Methodology
4.1 Task 1
Modern information retrieval tasks rely heavily on measuring the
embedding similarity between a query and a target document. How-
ever, the substantial length of legal cases makes retrieval based
solely on embeddings both computationally and conceptually chal-
lenging. To address this, we adapt a pairwise similarity ranking
framework, originally proposed by team UMNLP [11] in the 2024
competition―whichmodels retrieval as a binary classification task.

This approach preprocesses the text to extract statistical and se-
mantic features from each case. It then compares these features to
generate a numerical feature set for every query-candidate pair,
which is subsequently fed into a Multilayer Perceptron (MLP) to
predict relevance. During training, pairs where the candidate case
was actually cited by the query case are assigned a label of 1, while
all other pairs are labeled 0. The foundational hypothesis of this
approach is that, much like academic citations, court judgments
cite other cases to support specific statements (propositions) rather
than the case as a whole. In the dataset, actual citations within

query cases are replaced with specific placeholders (e.g., FRAG-
MENT_SUPPRESSED). To leverage this, the baseline uses a fine-
tuned T5 transformermodel [31] to condense the context surround-
ing each placeholder into a short, third-person summary.

Given the proven success of this methodology―achieving top-
2 [11] and top-1 [12] placements in the 2024 and 2025 competi-
tions, respectively, we leverage it as the foundation for our solu-
tion. However, mapping every query to all potential target cases
creates a severe computational bottleneck. Pairing 2, 001 queries
with 5, 546 potential targets yields over 11 million training pairs
(11, 097, 546). Furthermore, this induces an extreme class imbal-
ance, with a positive-to-negative ratio of roughly 1 ∶ 1419. To
make training more feasible and effective, we introduce some im-
provements to this baseline method. First, we apply BM25 to fil-
ter the target pool, selecting only the top 500 candidate pairs per
query.This drastically reduces the training space while empirically
maintaining a high recall of 72.32%. Second, to resolve the remain-
ing class imbalance within these filtered pairs, we apply positive
oversampling. Finally, we replace the standard MLP with more
robust classification models, specifically Random Forest and XG-
Boost. Combined with the reduced search space, these improve-
ments can decrease training time while boosting overall perfor-
mance.

4.2 Task 2
We propose a Two-stage Retrieval and Reasoning Framework that
integrates dense retrieval with LLM-based legal reasoning to accu-
rately identify paragraphs that entail a given decision. The frame-
work is designed to first narrow down the search space using se-
mantic similarity and then perform fine-grained legal analysis to
determine entailment.

Stage 1: Dense Retrieval. Given a query decision 𝑞 and a set
of paragraphs 𝑅 = {𝑝1, 𝑝2, … , 𝑝𝑛} from the noticed case, we first
retrieve a subset of candidate paragraphs using a dense embedding
model. Both the query and candidate paragraphs are encoded into
a shared semantic space, where their relevance is measured via
vector similarity.

To better align the retrieval process with the task objective, we
adopt an instruction-guided encoding strategy. This explicitly fra-
mes the query as a search for legal reasoning that supports the de-
cision, allowing the embedding model to capture not only topical
similarity but also implicit reasoning signals. Based on the similar-
ity scores, the top-𝑘 most relevant paragraphs are selected as can-
didates for the next stage. This retrieval step serves as an efficient
filtering mechanism that maintains high recall while significantly
reducing the number of paragraphs requiring deeper analysis.

Stage 2: LLM-based Reasoning. In the second stage, we em-
ploy a Large Language Model (LLM) to perform fine-grained en-
tailment classification over the retrieved candidates. Rather than
relying solely on similarity scores, the LLM is prompted to ana-
lyze the legal relationship between the decision and each candidate
paragraph through a structured reasoning process.

Specifically, the model is first guided to identify the core legal
principle underlying the decision and then to examine whether a
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candidate paragraph expresses an equivalent or logically support-
ing principle. It is further encouraged to distinguish between essen-
tial reasoning and non-essential statements when making its judg-
ment. Based on this structured analysis, the LLM produces a binary
decision indicating whether each paragraph entails the given deci-
sion.This stage enables a deep semantic and logical understanding
that goes beyond surface-level matching, which is crucial for com-
plex legal entailment.

Decision Strategy.The final prediction is determined by prior-
itizing the paragraphs classified as positive by the LLM. When no
paragraph is confidently selected, we use a fallback mechanism
that leverages retrieval-stage similarity scores to ensure robust-
ness.This hybrid strategy effectively balances the precision of LLM-
based reasoning with the coverage of embedding-based retrieval.

4.3 Task 3
4.3.1 Retrieval. We propose a three-stage retrieval and ranking
pipeline that balances efficiency and accuracy. First, dense embed-
dings enable large-scale semantic retrieval, followed by a learning-
based model that filters high-recall candidates. Second, a neural
re-ranker refines this set by assigning relevance scores, improving
precision. Finally, a cross-encoder performs fine-grained relevance
assessment through joint query–document encoding. Predictions
are aggregated at the query level using either a greedy strategy or
an F2-optimized ensemble of LLMs with tuned weights, enhancing
overall relevance estimation.

4.3.2 BinaryQuestion Answering. To address the legal entailment
and question-answering requirements of Task 3, we utilized state-
of-the-art open-weight models, specifically Qwen2.5-72B-Instruct
and a Japanese-enhanced Llama model. To manage computational
efficiency, all models were deployed using 4-bit quantization.

Baseline Zero-Shot Approach. Our first configuration serves as a
baseline to evaluate the zero-shot reasoning capabilities of LLMs.
The system is provided with the query and the retrieved relevant
articles in English or Japanese, and is prompted to provide a “Yes”
or “No” answer based strictly on the provided legal text without
prior examples. The zero-shot instruction in Japanese is adopted
from prior state-of-the-art work [30].

Prompt Instruction: Zero-shot in English
Question: {hypothesis} Legal articles: {premise} Based on the given
legal articles, answer Yes or No.

Prompt Instruction: Zero-shot in Japanese
関連条文に基づいて、問題文が正しいか誤っているかを解答し
てください。
問題文が正しい場合は「解答: 正しい」、誤っている場合は「解
答: 誤り」と解答してください。
関連条文:{premise}
問題文:{hypothesis}

Similarity-Based Few-Shot Prompting. To provide stronger in-co-
ntext guidance, the second configuration adopts a similarity-based
few-shot prompting strategy. Instead of using fixed examples, the

system dynamically retrieves relevant demonstrations by comput-
ing vector embeddings for both the test query and the training
dataset. The three training instances with the highest cosine simi-
larity to the query are selected and incorporated into the prompt.
This dynamic selection ensures that the examples reflect legal rea-
soning patterns closely aligned with the query context.

Prompt Instruction: Few-shot in English
# Instruction
Based on the relevant statute, please determinewhether the statement
is correct or incorrect.
(If the statement is correct, answer with Yes; if incorrect, answer with
No)
# Examples
{example_1}. Answer: {label_1}.
{example_2}. Answer: {label_2}.
{example_3}. Answer: {label_3}
# Input
{test_input}
Answer:

Multi-Agent Debate and Consensus. Our final configuration em-
ploys a multi-agent debate paradigm to improve reasoning robust-
ness and reduce hallucination. The approach conducts a single-
round debate between two heterogeneous agents, allowing the sys-
tem to benefit from differences in architecture and pre-training.
The agents are prompted using a combination of zero-shot and 3-
shot settings in both English and Japanese, capturing complemen-
tary linguistic and reasoning perspectives.This process is repeated
to generate three independent outputs, and a final decision is ob-
tained through majority voting, leading to a more reliable “Yes” or
“No” prediction.

Prompt Instruction: Multi-Agent Debate in English
# Instruction
Based on the relevant statute, please determinewhether the statement
is correct or incorrect.
(If the statement is correct, answer with Yes; if incorrect, answer with
No)
Question: {hypothesis}
Legal articles: {premise}
These are the recent opinions from other agents:
One of the agents’ response: {agent_1}
Another agent’s response: {agent_2}
Use these opinions carefully as additional advice to revise your recent
opinion to give your final answer to the question:
Question: {hypothesis}
Legal articles: {premise}
Final Answer:

4.4 Task 4
To address this, we design a system that takes a legal query 𝑄 and
a set of relevant statute articles 𝐴 as input. The system processes
these inputs through a function 𝑓 , producing an internal represen-
tation 𝑋 = 𝑓 (𝑄, 𝐴). Based on 𝑋 , the system generates a binary
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answer 𝑌 ∈ {“Yes”, “No”}. The objective is to maximize the likeli-
hood of generating a correct answer, formalized as maximizing the
conditional probability 𝑃(𝑌 ∣ 𝑋).

Pair ID: H25-2-I
Label: N
Query (𝑄):
被保佐人が，保佐人の同意を得て，自己の不動産に
つき第三者との間で売買契約を締結したときは，被
保佐人がその売買契約の要素について錯誤に陥って
おり，かつ，そのことにつき重大な過失がない場合
でも，その契約の無効を主張することができない。
Referenced Article -ID 95 (𝐴):
第九十五条（錯誤）意思表示は、次に掲げる錯誤に
基づくものであって、その錯誤が法律行為の目的及
び取引上の社会通念に照らして重要なものであると
きは、取り消すことができる。

Our approach to Task 4 focuses on leveraging high-performance
Japanese-specific LLMs through ensemble techniques and reasoni-
ng-enhanced prompting. Based on an initial survey of 20 LLMs, we
identifiedABEJA-QwQ32b-Reasoning-Japanese-v1.0 as the state-of-
the-art baseline for Japanese legal reasoning due to its specialized
training on reasoning traces.

4.4.1 Model Selection and Preliminary Evaluation. Before finaliz-
ing our submission, we conduct a comprehensive evaluation of ap-
proximately 20 open-weight LLMs using previous COLIEE Task
4 datasets (R04, R05, and R06). Based on strong zero-shot legal
entailment performance, we select a core ensemble consisting of
ABEJA-QwQ32b-Reasoning-Japanese-v1.0,ABEJA-Qwen2.5-
32b-Japanese-v1.0, and Qwen2.5-32B-Instruct, which together
provide complementary strengths in reasoning, instruction follow-
ing, and multilingual capability.

4.4.2 Run 1: Self-Consistency via Majority Voting. The first run
(JNLP1) employs a self-consistency strategy to mitigate the sto-
chastic nature of LLM outputs. Using the ABEJA-QwQ32b-Reasoni-
ngmodel, we perform five independent iterations of zero-shot pro-
mpting for each test case. The final answer is determined by a sim-
ple majority vote among the five outputs.This method ensures that
the final prediction is not an outlier but a consistent conclusion
reached across multiple reasoning paths.

4.4.3 Run 2: Weighted Majority Voting Ensemble. The second run
(JNLP2) utilizes a heterogeneous ensemble strategy. By combin-
ing models with different architectural biases, we aim to capture a
broader range of legal interpretations.

𝐹 𝑖𝑛𝑎𝑙_𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = argmax𝑑∈{𝑌 ,𝑁 }
3
∑
𝑖=1

𝑤𝑖 ⋅ 𝑃𝑖(𝑑) (1)

Where 𝑃𝑖 is the prediction from model 𝑖, and 𝑤𝑖 represents the pre-
defined weight assigned based on the model’s performance in pre-
liminary testing. Each model generates its prediction using zero-
shot prompting, and the weighted results are aggregated to yield
the terminal decision.

4.4.4 Run 3: Dynamic Few-Shot with Label Balancing. The third
run (JNLP3) extends beyond zero-shot prompting by incorporating
dynamically selected few-shot examples. For each query, similar
cases are retrieved using BM25 from the training data, and three
examples are selected to provide contextual guidance. To avoid pre-
diction bias, the examples are balanced between positive and nega-
tive labels. The prompting process is repeated three times, and the
final answer is determined via majority voting, improving both sta-
bility and generalization.

4.5 Pilot Task: Tort Prediction
This task necessitates predicting the judicial decision (tort predic-
tion) conditioned on the undisputed facts (𝑈 ) and the respective
arguments presented by both parties (𝑃 for plaintiffs and 𝐷 for de-
fendants). Our methodology employs a synergistic approach of ad-
vanced prompting strategies combined with the task-specific fine-
tuning of Qwen2.5-Instruct model variants.TheQwen architecture
is widely recognized as a state-of-the-art multilingual model fam-
ily, exhibiting exceptional proficiency in comprehending diverse
languages, including English, Chinese, and Japanese. This robust
linguistic capability empowers the models to profoundly compre-
hend and meticulously analyze the complex semantic structures
of the input prompts. To ensure the model accurately adopts the
adversarial context of civil litigation, the prompt is systematically
segmented into four distinct informational blocks:

Prompt Instruction: Prompt Instruct
# Instruction
あなたは裁判官です。民事事件を担当することになるでしょ
う。あなたの任務は、原告と被告の主張に基づき、不法行為が
認められるかどうかを判断することです。答えは「True」か

「False」のいずれかでなければならず、それ以外は問いません。
対象となる事件は以下のとおりです。

# User prompt
議論の余地のない事実:
{UNDISPUTED FACTS}
原告の主張：
{PLAINTIFF CLAIMS}
被告の主張：
{DEFENDANT ARGUMENTS}

# Answer:
裁判所の判決:

To optimize the Qwen2.5-Instruct model’s legal reasoning, the
prompt utilizes a strictly compartmentalized hierarchy designed to
minimize semantic entanglement. It begins by assigning a judicial
persona to evaluate tort recognition, constraining the output to a
binary ”True” or ”False” classification.The adversarial input is then
systematically divided into three distinct components: an objective
baseline of Undisputed Facts (𝑈 ), the legal assertions comprising
the Plaintif’s Claims (𝑃 ), and the rebuttals within the Defendant’s
Arguments (𝐷), with a default placeholder utilized whenever an
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argument list is empty. By separating agreed-upon facts from com-
peting legal theories, this rigid structure enables the model to ef-
fectively weigh opposing arguments against an established factual
foundation.

4.6 Pilot Task: Rationale Extraction
This task requires modeling adversarial legal reasoning through a
dual-agent prompting framework, where two independent roles―
the Plaintiff and the Defendant―generate arguments condition-ed
on a shared factual basis. Unlike conventional single-agent prompt-
ing, our approach introduces controlled divergence at the system
instruction level while preserving identical user-level inputs. This
design enables a systematic comparison of opposing reasoning str-
ategies under equivalent informational conditions.

Prompt Instruction: Prompt Instruct
# Instruction
# Distinct Prompt Instructions for the Plaintiff and the Defendant

# User prompt
【争いのない事実】
{facts text}

【評価対象の主張】
{claim description}
この主張は裁判所に認容されますか？「はい」または「いいえ」
で答えてください。

The proposed framework facilitates the rigorous analysis of ad-
versarial legal reasoning by systematically decoupling role-specific
interpretations from uniform informational inputs. At the system
level, models receive asymmetrical instructions: a Plaintiff prompt
designed to assert liability and damages, and a Defendant prompt
focused on refuting claims and challenging causality. To isolate the
effects of this role conditioning, both agents process an identical
user prompt consisting of a contextual Case Description and a neu-
tral List of Claims (𝐶 , comprising 𝐶𝑙𝑎𝑖𝑚1, … , 𝐶𝑙𝑎𝑖𝑚𝑛). The interac-
tion mechanism initializes the agents with their divergent system
roles, feeds them the shared user prompt, and collects their inde-
pendent outputs for subsequent evaluation. By ensuring that vari-
ations in generated responses stem exclusively from the assigned
argumentative stances rather than input discrepancies, this archi-
tecture strikes a controlled balance between structural consistency
and role-induced analytical diversity.

5 Experiments and Results
5.1 Task 1
5.1.1 Settings. We adopt the feature extraction pipeline, isolating
the text surrounding citation placeholders (FRAGMENT_SUPPRE-
SSED).We train a T5 transformer [31] to summarize these contexts
into propositions, which are thenmapped into a dense vector space
using all-mpnet-base-v2 [13] to serve as our core semantic features.
To mitigate class imbalance and optimize training, we apply BM25
implemented via Python’s pyserini [20] to restrict the massive can-
didate pool to the top 500 target cases per query.

For the official evaluation, we submit three runs that share the
same feature extraction pipeline. During inference, BM25 is again

applied to filter the test pool, retaining the top 200 candidates per
query. Run 1 (JNLP_random_forest) employs a Random Forest
model for final binary classification, whileRun2 (JNLP_xgboost)
replaces it with an XGBoost classifier to capture more complex
decision boundaries. Finally, Run 3 (JNLP_ensemble) combines
predictions from Random Forest, XGBoost, and a Multilayer Per-
ceptron (MLP) through an ensemble strategy, aiming to improve
robustness and overall performance.

Table 1: Leaderboard results on the Legal Case Retrieval task
(ranked by individual runs).

Rank Team Run F1 Precision Recall
1 NOWJ submission2 0.4220 0.4235 0.4206
3 JNLP random_forest 0.4126 0.4341 0.3931
4 JNLP ensemble 0.4040 0.4174 0.3914
5 JNLP xgboost 0.4000 0.4059 0.3943
7 SIL submission_sil2 0.3871 0.4186 0.3600
9 mezza task_1_mezzanino 0.3289 0.3161 0.3429
10 INTIT 3intit_bm25_year 0.3165 0.3249 0.3086
11 DU du3 0.3141 0.2945 0.3366

5.1.2 Result. Table 1 presents the official leaderboard results for
Task 1. Our best-performing configuration, JNLP_random_forest,
achieved third place overall with an F1 score of 0.4126. Notably, de-
spite not achieving the top overall F1 score, our system successfully
attained the highest Precision (0.4341) among all submissions in
the competition. Our alternative configurations, JNLP_ensemble
and JNLP_xgboost, also demonstrated robust performance with
F1 scores of 0.4040 and 0.4000, respectively.

This high precision and lower recall are a direct result of our
search space reduction strategy. While we trained our models on
the top 500 candidates, and restricted the test pool to only the top
200 candidates per query. This strict filtering successfully elimi-
nates false positives (boosting precision) but naturally limits the
maximum possible recall.

By strictly limiting the candidate pool during testing, our frame-
work dramatically decreases the time required for the models to
extract features and perform pairwise classifications. In real-world
legal information retrieval systems, this efficiency and reduced in-
ference latency are highly advantageous, demonstrating that our
pipeline can isolate relevant legal precedents with high confidence
while conserving computational resources.

5.2 Task 2
5.2.1 Settings. We evaluate our two-stage legal entailment pipeli-
ne across the following configurations to ensure a balance between
high recall retrieval and high precision reasoning. In the first stage,
we employ the pre-trained embedding model nvidia/NV-Embed-
v2 to encode both the query decision and candidate paragraphs
into a shared semantic space. To better align the retrieval objec-
tive with legal reasoning, we adopt an instruction-guided encod-
ing strategy that frames the query as a search for supporting le-
gal arguments. Candidate paragraphs are ranked using cosine sim-
ilarity, and we experiment with different values of 𝑘 to control
the number of retrieved paragraphs passed to the reasoning stage.
For the second stage, we utilize DeepSeek-R1-Distill-Qwen-32B
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as the primary large language model for entailment classification.
The model is prompted with a structured zero-shot instruction de-
signed to guide legal reasoning, including identifying the decision’s
core principle and assessing whether a candidate paragraph pro-
vides supporting analysis. The temperature is set to 0.3 to ensure
deterministic outputs, and the maximum generation length is set
to 4096 tokens to accommodate detailed reasoning.

Table 2: Leaderboard results on the Legal Case Entailment
task (ranked by individual runs).

Rank Team Run F1 Precision Recall
1 IAI task2_run2 0.4899 0.4501 0.5374
2 AIIRLab task2_aiirfusion3 0.4706 0.5120 0.4354
3 JNLP submission (3) 0.4507 0.4174 0.4898
5 JNLP submission (2) 0.4457 0.3879 0.5238
6 NOWJ nowj003 0.4429 0.7037 0.3231
9 UA result_run1_ua 0.4254 0.4711 0.3878
10 JNLP submission (1) 0.4254 0.4711 0.3878

5.2.2 Result. Table 2 presents the official results of the Legal Case
Entailment task. Our approach ranks among the top-performing
systems, with both submissions achieving competitive performance
compared to other leading teams. In particular, our best configura-
tion secures a top-3 position, demonstrating the effectiveness of
the proposed retrieval-and-reasoning framework.

A key observation from the results is that using a smaller set
of candidate paragraphs for LLM-based reasoning leads to better
overall performance.While increasing the number of retrieved can-
didates can improve coverage, it also introduces significant irrel-
evant or weakly related evidence. This additional noise makes it
more difficult for the LLM to accurately identify the core legal rea-
soning, as it must process a larger set of potentially conflicting sig-
nals. In contrast, a more selective candidate set enables the model
to focus on the most relevant paragraphs, resulting in more precise
entailment predictions.

This finding highlights an important trade-off between retrieval
coverage and reasoning effectiveness. Although dense retrieval is
designed to preserve high recall, passing too many candidates to
the reasoning stage can negatively impact performance due to con-
text interference. The results suggest that LLMs benefit from more
constrained, focused input, with the most relevant evidence prior-
itized over exhaustive inclusion.

5.3 Task 3
5.3.1 Settings. For the retrieval task, we used BGEM3Flag [9] as
the embedding model for both articles and queries. For the pre-
trained rankingmodel, we used RankLlama-7B-passage [22], which
is fine-tuned on the training split of MS MARCO Passage Ranking
[2]. On the final stage, we conducted experiments on various of se-
ries of LLMs: Gemma-2 [35], E5-Mistral-7B-Instruct [38, 39], Phi-3-
Medium-4K-Instruct [23], Qwen2.5 [36], Qwen3 [37], and Llama3
[1]. During the aggregation step, we performed two separate runs,
with one optimized for the F2-score and the other run utilized the
greedy approach.

Table 3: Task 3 Official Leaderboard: Comparison of JNLP
Runs with Top Team Results (ranked by individual runs).

Rank Team Run Acc. Corr. Prec. Rec.

1 NOWJ NOWJ_run1 95.12 78 0.0549 1.0000
2 JNLP JNLP1 90.24 74 0.5151 1.0000
5 cody codyrag 85.37 70 0.0439 1.0000
6 Bengo BengoR2E2 82.93 68 0.8364 0.9797
7 HUKB HUKBmix 81.71 67 0.9431 0.9553
12 SCIlab SCIlab1 80.49 66 0.0132 0.9268
13 JNLP JNLP2 79.27 65 0.5151 1.0000
14 DU DU2 79.27 65 0.0874 0.9654
16 JNLP JNLP3 78.05 64 0.5151 1.0000
19 DU1 DU1 75.61 62 0.0707 0.9776
20 AIIR AIIRjpgen 58.54 48 0.1707 0.7785

5.3.2 Results. In the retrieval task, our methods achieve perfect
recall (1.0) but only moderate precision, indicating a tendency to-
ward over-retrieval. This results in competitive but not top-tier F2
performance, with JNLP-F2 outperforming JNLP-greedy due to bet-
ter precision.

Our framework, JNLP, demonstrates an optimized balance be-
tween retrieval precision and reasoning accuracy, with the JNLP1
submission securing Rank 2 overall, presented in Table 3. While
the top-ranked system attained higher accuracy, it did so with sig-
nificantly lower precision compared to JNLP. This indicates that
whereas the winning system utilized a broad, over-inclusive re-
trieval strategy, the JNLP methodology identifies relevant statutes
with greater surgical efficiency, minimizing noise for the reason-
ing component. Furthermore, the perfect recall across all runs vali-
dates the robustness of the retrieval mechanism.The observed vari-
ance in final accuracy suggests that terminal performance is highly
sensitive to the specific prompting strategies and model configura-
tions employed during the legal entailment phase.

The experimental results demonstrate that the choice of retrieval
strategy and prompting methodology significantly influences ter-
minal QA performance. Primarily, the F2-opt retrieval method con-
sistently outperformed or matched the greedy baseline across all
tested configurations (e.g., Z1 and F6), validating that superior doc-
ument retrieval directly facilitates more accurate downstream en-
tailment. A comparison between prompting strategies reveals that
Few-Shot methods generally surpass Zero-Shot approaches, partic-
ularly when paired with reasoning-optimized models; notably, the
ABEJA-QwQ32B model saw a substantial accuracy increase from
84.15% in Z4 to 93.90% in F8 when provided with contextual ex-
amples. Furthermore, the Multi-Agent Debate (MAD) framework
consistently exceeded the performance of its individual candidate
models.This is most evident in theM11 configuration, which achie-
ved 90.24% accuracy, significantly higher than the 80% accuracy
of its constituent agents (F6 and F9). These findings suggest that
the collaborative reasoning process inherent in MAD effectively
mitigates the limitations of standalone models, leading to a more
robust final consensus.
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Table 4: Task 3 QA Results: Comparison by Prompting
Method and Retrieval Strategy

Accuracy (%)

ID Configuration Lang F2-opt Greedy

Zero-Shot (ZS) Methods
Z1 Qwen2.5-72B en 80.49 78.05
Z2 ABEJA-QwQ32B en 89.02 –
Z3 Swallow-70B en – 58.54
Z4 ABEJA-QwQ32B ja 84.15 –
Z5 Swallow-70B ja 80.49 80.49
Few-Shot (FS) Methods

F6 Qwen2.5-72B en 80.49 79.27
F7 ABEJA-QwQ32B en 84.15 –
F8 ABEJA-QwQ32B ja 93.90 –
F9 Swallow-70B ja 80.49 80.49
Multi-Agent Debate (MAD) Methods

M10 Qwen2.5-72B (F7+F8) en 93.90 –
M11 Qwen2.5-72B (F6+F9) en 90.24 90.24
M12 Qwen2.5-72B (Z1+F9) en 86.59 87.80
M13 Qwen2.5-72B (Z1+Z5) en 85.37 85.37
M14 ABEJA-QwQ32B (Z4+F8) ja 92.68 –
M15 ABEJA-Qwen2.5-32B (Z4+F8) ja 90.24 –

5.4 Task 4
5.4.1 Setting. In the survey phase, we perform a comprehensive
evaluation of multiple prompting strategies across a wide range of
LLMs. The evaluated approaches include Zero-shot, Few-shot[4],
multi-agent debate[10], and multi-step reasoning[32].

We conduct experiments onmodels of different scales, spanning
from small-sized models to mid-sized models (approximately 7B
parameters) and large-scale models (up to 72B parameters). This
experimental setup enables us to systematically analyze the impact
of both the model scale and prompting strategy on performance in
the legal entailment task.

In addition, we investigate the effect of the inference config
quantization models with full inference. This comparison aims to
examine the trade-off between computational efficiency and pre-
dictive performance.

Table 5: Zero-shot Accuracy (%) of Candidate Models on Pre-
vious Task 4 Datasets

Model R06 R05 R04 Avg.

ABEJA-QwQ32b-Reasoning 93.15 86.24 84.16 88.02
ABEJA-Qwen2.5-32b 89.04 88.07 80.20 85.83
Qwen2.5-14B-Instruct 87.67 81.65 76.24 81.77
Qwen3-14B 87.67 81.65 74.26 81.22
shisa-v2-qwen2.5-32b 87.67 84.40 74.26 82.17

5.4.2 Results. The preliminary evaluation on validation sets (R04–
R06) demonstrates that reasoning-enhanced architectures signifi-
cantly outperform standard instruction-tuned models in legal en-
tailment tasks, reported in Table 5. ABEJA-QwQ32b-Reasoning em-
erged as the most robust candidate, achieving the highest accu-
racy on R06 and R04, with a leading average performance. While
ABEJA-Qwen2.5-32b performed best on the R05 dataset, the con-
sistent strength of the reasoning-optimized model across multiple
years suggests it is better equipped to handle the complex logical
structures inherent in statute law.These findings directly informed
our selection of the ABEJA-QwQ32b-Reasoning model as the pri-
mary driver for our final competition submissions.

Table 6: Task 4 Official Leaderboard: Comparison of JNLP
Runs with Top Team Results (ranked by individual runs).

Rank Team Run Acc. Correct

1 DU DU1 96.34 79
3 JNLP JNLP-3 95.12 78
3 IAI IAIrun2 95.12 78
8 JNLP JNLP-1 92.68 76
8 RUG RUG-1 92.68 76
8 UA UA2 92.68 76
14 cody cody5 90.24 74
17 HUKB HUKBac 87.80 72
17 NOWJ NOWJ-1 87.80 72
22 AIIR CrossCoT 78.05 64
25 Bengo REF 73.17 60
29 ASHIN LLAMA3 60.98 50
31 JNLP JNLP-2 57.32 47

Table 6 presents the official Task 4 leaderboard results, high-
lighting the performance of JNLP’s three submitted runs. Our best-
performing submission, JNLP-3, which employed dynamic few-shot
prompting with BM25-based example retrieval and label balanc-
ing, achieved 95.12% accuracy (78 correct answers), securing 3rd
place and trailing the winning DUDU team by only 1.22 percentage
points. JNLP-1, utilizing zero-shot self-consistency through five in-
dependent inference iterations with majority voting, ranked 8th
with 92.68% accuracy (76 correct). These results demonstrate that
contextually relevant few-shot examples retrieved via BM25 signif-
icantly enhance legal reasoning performance, while simple multi-
model ensemblingwithout careful calibration introduces noise rath-
er than robustness. The strong showing of JNLP-3 validates our
hypothesis that providing the model with similar training exam-
ples and balanced label distributions is more effective than relying
solely on zero-shot inference or model diversity.

5.5 Pilot Task: Tort Prediction
5.5.1 Setting. Our approach for Tort Prediction (TP) combines zero-
shot prompting with DeepSeek V3.2-exp (JAIST-LJPJT25-TP run)
and Qwen3-14B, together with a fine-tuned Qwen2.5-32B-Instruct
model. The fine-tuned model is trained on the training set to bet-
ter capture the nuances of Japanese legal texts.
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Table 7: Official Pilot Task Results at COLIEE 2026 of Tort
Prediction (TP) (ranked by individual runs).

Rank Team Run Accuracy
1 JNLP JAIST-LJPJT25-TP 72.7%
2 UIT TortNLP4 72.6%
3 JNLP Qwen25 68.0%
4 NOWJ NOWJ1 67.6%
7 KIS KIS 1 66.6%
12 JNLP Qwen3 62.3%

5.5.2 Results. Table 7 reports the official results for the Tort Pre-
diction (TP) task at COLIEE 2026. The JNLP team achieves the top
performance with JAIST-LJPJT25-TP, reaching 72.7% accuracy and
narrowly outperforming the second-ranked system by 0.1 percent-
age points. This result highlights the effectiveness of the proposed
configuration in capturing complex legal reasoning.

In comparison, other JNLP runs show lower performance. The
Qwen25model achieves 68.0%, trailing the top system by 4.7 points,
while Qwen3 further drops to 62.3%, indicating substantial sensi-
tivity to model choice and configuration. These gaps suggest that
prompt design and task-specific optimization play a critical role
beyond the base model itself.

Overall, the results demonstrate that carefully engineered prom-
pting strategies are essential for achieving state-of-the-art perfor-
mance in tort prediction, and that model selection alone is insuffi-
cient without proper system design.

5.6 Pilot Task: Rationale Extraction
5.6.1 Setting. Our approach for Rationale Extraction (TP) com-
bines zero-shot promptingwithDeepSeek V3.2-exp (JAIST-LJPJT25-
TP run), togetherwith fine-tunedQwen2.5-32B-Instruct andQwen3-
14Bmodels.These fine-tunedmodels are trained on the training set
to better capture the nuances of Japanese legal texts.

Table 8: Official Pilot Task Results at COLIEE 2026 of Ratio-
nale Extraction (RE) (ranked by individual runs).

Rank Team Run Accuracy
1 UIT TortNLP4 68.2%
2 JNLP Qwen3 67.4%
3 JNLP Qwen25 65.6%
4 NOWJ NOWJ2 64.8%
5 JNLP JAIST-LJPJT25-TP 64.5%
8 KIS KIS2 62.6%

5.6.2 Results. Table 8 presents the official results for the Rationale
Extraction (RE) task at COLIEE 2026. The JNLP team shows consis-
tent performance across runs, with smaller variation compared to
the Tort Prediction task.

Among JNLP submissions, Qwen3 achieves the best result at
67.4%, ranking second overall and only 0.8 percentage points be-
hind the top system.This indicates strong competitiveness and sug-
gests that this configuration is well-suited for rationale extraction.
Qwen25 follows with 65.6%, showing a modest decline but remain-
ing competitive.

In contrast, JAIST-LJPJT25-TP, which ranked first in Tort Pre-
diction, attains 64.5% and falls to mid-tier performance. This shift
highlights that configurations optimized for prediction do not di-
rectly transfer to rationale extraction, reflecting the task-specific
nature of reasoning and prompt design.

Overall, JNLP results fall within a narrow range (64.5%–67.4%),
indicating stable but less differentiated performance across config-
urations. This suggests that, unlike Tort Prediction, gains in ratio-
nale extraction rely more on inherent model capabilities than on
prompt engineering alone, pointing to the need for more special-
ized approaches for evidence extraction.

6 Conclusion
In this paper, we presented our solutions for all main and pilot
tasks in the COLIEE 2026 competition. By integrating classical ma-
chine learning with LLMs and advanced prompt engineering, our
framework successfully delivers both efficient document retrieval
and complex legal entailment. For retrieval tasks (Tasks 1, 2, and 3),
we demonstrated that adopting a ”less is more” strategy to strictly
limit search results is vital for removing semantic noise and estab-
lishing a foundation for accurate LLM reasoning. For complex en-
tailment (Tasks 3 and 4), standard zero-shot models prove insuffi-
cient; instead, strategies such asDynamic Few-Shot Prompting and
Multi-Agent Debate demonstrate superior efficacy in enhancing
accuracy and mitigating hallucinations. Furthermore, our results
emphasize that prompt design must match the cognitive demand
of the objective: predicting legal outcomes (Task 5) requires rigid,
judge-like structures, while rationale extraction (Task 6) relies pri-
marily on reading comprehension. In the end, our results suggest
that the future of legal support systems lies in fine-grained hybrid
pipelines that balance computational scalability with the high pre-
cision required in legal practice.
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Abstract
This paper presents the methodologies and results of the NOWJ
team’s participation across all five tasks of the COLIEE 2026 com-
petition. For Task 1 (Legal Case Retrieval), we propose a four-stage
pipeline comprising candidate filtering, dense retrieval with com-
plementary embedding models, cross-encoder reranking via fine-
tuned generative rerankers and MLP-based pairwise classification,
and adaptive per-query cutoff prediction. For Task 2 (Legal Case
Entailment), we combine BM25 filtering, T5-based reranking, and
LLM-based entailment verification with consensus ensemble. For
Task 3 (Statute Law Retrieval and Entailment), we adopt a retrieval-
augmented generation framework with dense retrieval, attention-
based reranking, and few-shot prompted LLM reasoning. For Task 4
(Legal Textual Entailment), we introduce a dynamic routing pipeline
that classifies query difficulty and dispatches cases to either a bal-
anced few-shot solver or a structured zero-shot chain-of-thought
solver. For the Pilot Task (Legal Judgment Prediction), we com-
bine hierarchical transformers with CRF layers, argument relation
mining, and probabilistic argumentation graph reasoning.

CCS Concepts
• Applied Computing → Law; • Computing Methodologies
→ Natural Language Processing.
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1 Introduction
Legal text processing is a specialized field that requires expertise
in both law and information science. The increasing adoption of
artificial intelligence (AI) and large language models (LLMs) in
judicial processes has driven growing interest in automating core
legal tasks such as case retrieval, statutory reasoning, and judgment
prediction. The Competition on Legal Information Extraction and
Entailment (COLIEE) [8] is an annual shared task organized to
advance research in this area, covering challenges ranging from
document retrieval and textual entailment to judgment prediction.
COLIEE 2026, the thirteenth edition of the competition, comprises
five tasks that span case law, statute law, and tort law.

Task 1 (Legal Case Retrieval) requires retrieving noticed cases
from a corpus of case law documents that support a given query
case whose citations have been redacted. Task 2 (Legal Case En-
tailment) requires identifying which paragraph in a noticed case
entails the decision fragment of the query case. Task 3 (Statute
Law Retrieval and Entailment) requires systems to jointly return an
entailment decision and the supporting articles from a collection of
Japanese Civil Code articles for a given legal query. Task 4 (Legal
Textual Entailment) requires determining whether a given set of
gold relevant articles entails or contradicts a legal query. The Pilot
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Task (LJPJT26) requires predicting whether a tort is affirmed and ex-
tracting the accepted arguments from both plaintiff and defendant
claims.

This paper presents the NOWJ team’s participation across all
five tasks. For Task 1, we propose a four-stage pipeline of candidate
filtering, dense retrieval, cross-encoder reranking with two comple-
mentary approaches, and adaptive per-query cutoff prediction. For
Task 2, we employ BM25 filtering, T5-based reranking, and LLM-
based entailment verification with consensus ensemble. For Task 3,
we adopt a retrieval-augmented generation framework combining
dense retrieval, attention-based reranking, and few-shot prompted
LLM reasoning. For Task 4, we introduce a dynamic routing pipeline
that classifies query difficulty and dispatches cases to specialized
solvers. For the Pilot Task, we combine hierarchical transformers
with CRF layers, argument relation mining, and probabilistic ar-
gumentation graph reasoning. Our system achieves competitive
performance across all tasks, with particularly strong results on
Task 1 and Task 3, demonstrating the effectiveness of multi-stage
pipelines that integrate dense retrieval with task-specific reranking
and reasoning strategies. The remainder of this paper is organized
by task, with each section detailing the task formulation, our pro-
posed methodology, experimental setup, and results.

2 Task 1: Legal Case Retrieval
2.1 Task Overview
The rapid growth of legal databases has made manual identification
of relevant precedents increasingly impractical. COLIEE Task 1
addresses this by formulating legal case retrieval as follows: given
a query case 𝑞 with all citations redacted, the objective is to re-
trieve all noticed cases {𝑑1, 𝑑2, . . . , 𝑑𝑛} from a corpus of case law
documents, each containing the case background, facts, reason-
ing, and decision. The noticed cases are those originally cited in
support of the decision in 𝑞. The task presents several challenges:
case documents typically range from 4,000 to 60,000 words, ex-
ceeding the context window of many transformer-based models;
documents lack standardized structure; and the corpus contains
mixed-language content (English and French).

In COLIEE 2025, the top-performing team, JNLP [6], achieved
an F1 of 0.3353 by extending the UMNLP pairwise ranking frame-
work with BM25 and SAILER-based features in a feed-forward
classifier, with BM25 pre-filtering achieving 76–85% recall on the
top 100–200 candidates. The runner-up, UQLegalAI [9], employed
CaseLink, a graph neural network modeling case-level connectivity
through contrastive learning, attaining an F1 of 0.2962. A consistent
trend across participants was the adoption of multi-stage pipelines
combining sparse retrieval with neural re-ranking and LLM-based
summarization for document compression.

2.2 Methodology
To address the key challenges of Legal Case Retrieval—namely the
excessive document length and complex logical structure of case
texts—we propose a four-stage framework. The pipeline first ap-
plies year-based filtering to exclude temporally invalid candidates,
followed by dense retrieval for initial ranking and reranking for
refined relevance scoring. The overall architecture is illustrated in
Figure 1.

Stage 1: Preprocessing andCandidate Filtering. Since the Fed-
eral Court of Canada corpus contains bilingual documents, French-
language content is first removed using an automatic language
detector1. We then apply two filtering heuristics: (i) excluding can-
didates whose trial date is later than the query’s, as valid noticed
cases must temporally precede the query, and (ii) removing cases
that also appear as queries, as these are rarely cited as noticed cases.
These steps prevent temporally invalid citations and substantially
narrow the candidate space.

Stage 2: Dense Retrieval. The dense retrieval stage identifies
the most promising candidates from the full corpus, balancing
computational efficiency with high recall. We adopt two comple-
mentary pre-trained embedding models: Octen-Embedding-8B and
E5-Mistral-7B-Instruct. Each document is independently encoded
into dense vectors by both models. Following an instruction-aware
encoding paradigm, queries are augmented with task-specific in-
structions to convey the retrieval objective, while documents are
encoded in a neutral format.

Query: Instruct: Given a legal document, retrieve
relevant legal documents\nQuery: {query text}

Document: passage: {document text}

Since case documents frequently exceed the embedding model’s
context window, both queries and documents are split into chunks
and independently encoded. To compute document-level relevance,
we adopt a MaxSim scoring function inspired by ColBERT [4]:

𝑠 (𝑞,𝑑) =
𝑀∑︁
𝑖=1

max
𝑗∈[𝑁 ]

q𝑖 · d𝑗 (1)

where {q𝑖 }𝑀𝑖=1 and {d𝑗 }𝑁𝑗=1 denote the query and document chunk
embeddings, respectively. This formulation allows each query chunk
to match its most relevant document segment, effectively capturing
partial relevance across long documents. All embeddings are ℓ2-
normalized, making the dot product equivalent to cosine similarity.
The top-𝑘 results are forwarded to the reranking stage.

Stage 3: Reranking. Following the candidate retrieval stage, we
introduce a reranking module to refine the ranking of candidate
cases. This stage enhances retrieval performance by incorporating
more expressive relevance modeling beyond the initial similarity
scores. We propose two independent reranking approaches, each
capturing different aspects of semantic and structural relevance
between legal cases.
Approach 1:Weighted Ensemble. Dense retrieval encodes queries
and candidates independently, limiting fine-grained semanticmatch-
ing. The reranking stage addresses this by jointly encoding each
query-candidate pair, enabling token-level interaction for more
accurate relevance estimation.

We employ Qwen3-Reranker [12], a generative reranker that
produces relevance scores from the logits at the final token position:

𝑠 (𝑞, 𝑑) =
exp(𝑙yes)

exp(𝑙yes) + exp(𝑙no)
(2)

1https://huggingface.co/papluca/xlm-roberta-base-language-detection
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Figure 1: Four-stage pipeline including preprocessing and
candidate filtering, dense retrieval, reranking, and adaptive
per-query cutoff for legal case retrieval.

where 𝑙yes and 𝑙no are the logits of the “yes” and “no” tokens, casting
relevance assessment as a binary judgment over the generated
token distribution.

Both Qwen3-Reranker-4B and 8B variants are fine-tuned on
COLIEE 2026 training data using ms-swift [13] with pointwise
binary cross-entropy loss:

L = − [𝑦 log 𝑠 (𝑞, 𝑑) + (1 − 𝑦) log(1 − 𝑠 (𝑞, 𝑑))] (3)
where 𝑦 ∈ {0, 1} is the ground-truth relevance label. Positive sam-
ples are drawn from gold noticed cases. To construct informative
negatives, we apply a denoising strategy that filters out candidates
whose retrieval scores fall too close to those of positive samples,
ensuring that the training signal is not diluted by ambiguous near-
positive examples. All training and inference follow the Qwen3-
Reranker prompt template.

System: Judge whether the Document meets the
requirements based on the Query and the Instruct
provided. Note that the answer can only be "yes" or
"no".
User: <Instruct>: Given a legal document, retrieve
relevant legal documents \n <Query>: {query text} \n
<Document>: {candidate document text}
Assistant: {yes / no}

The final relevance score for each candidate integrates signals
from all preceding stages—the dense retrieval score and both cross-
encoder reranking scores—via a weighted combination:

𝑠fused (𝑞, 𝑑) = 𝛼 · sim(𝑞,𝑑) + 𝛽 · 𝑠4B (𝑞, 𝑑) + 𝛾 · 𝑠8B (𝑞, 𝑑) (4)

where sim(𝑞, 𝑑) is the cosine similarity from Stage 2, 𝑠4B and 𝑠8B are
the reranking scores from Qwen3-Reranker-4B and 8B respectively,
and 𝛼, 𝛽,𝛾 are hyperparameters tuned on the development set (𝛼 =

0.5, 𝛽 = 1.0, 𝛾 = 1.5). This multi-signal fusion allows the system
to leverage the broad recall of dense retrieval alongside the fine-
grained relevance judgments of the cross-encoders.
Approach 2:MLP-basedReranking. To refine the initial retrieval
results, we adopt a pairwise classification framework inspired by
UMNLP [1]. Given a query–candidate pair, the model estimates a
relevance probability using a multi-layer perceptron (MLP).

Candidate Construction. For each query, we build a candidate
pool from the top-200 candidates retrieved in Stage 2 to reduce
noise while maintaining high recall. Ground-truth relevant cases
are treated as positive instances, while the remaining candidates

serve as hard negatives. These top-ranked non-relevant cases are se-
mantically closer to the query than random negatives, encouraging
the model to learn finer-grained distinctions in legal reasoning.

Feature Construction. Each query–candidate pair is represented
using proposition-level features following UMNLP. We further in-
corporate:

• Semantic features: Maximum cosine similarity from dense
embeddings.

• Lexical features: BM25 scores and normalized variants.
• Rank features: Rank positions and reciprocal ranks from
retrieval models.

• Metadata features: Legal domain categories and case types.
These features allow the model to jointly capture semantic sim-

ilarity, lexical overlap, and structural signals from the retrieval
stage.

Model Architecture and Training. The reranker is implemented
as a feed-forward neural network that takes the concatenated fea-
ture vector and outputs a relevance probability 𝑝 (𝑞,𝑑) ∈ [0, 1]. The
model is trained using binary cross-entropy loss:

L = − [𝑦 log 𝑝 (𝑞, 𝑑) + (1 − 𝑦) log(1 − 𝑝 (𝑞, 𝑑))] , (5)

We train directly on the original data distribution without ag-
gressive resampling, allowing the model to better reflect real-world
retrieval conditions.

Stage 4: Adaptive Per-Query Cutoff. After reranking, the sys-
tem must determine how many candidates to return for each query.
This is non-trivial because the number of gold noticed cases varies
significantly across queries—some have a single relevant precedent
while others have several. Applying a fixed threshold would in-
evitably sacrifice either precision or recall depending on the query.
To address this, we train an XGBoost and MLP ensemble to predict
the expected number of relevant cases |D𝑞 | for each query. The pre-
dictor takes as input document metadata features (e.g., document
length, year) and dense embeddings from Octen-Embedding-0.6B.
The predicted count is used to adaptively truncate the ranked list,
enabling the system to dynamically adjust its output size per query
and better balance precision and recall.

2.3 Experimental Setup
Building upon the proposed methodology, our experimental setup
instantiates the four-stage pipeline with specific pre-trained models
and training configurations. The first two stages—preprocessing
with candidate filtering and dense retrieval—are shared across all
runs. For the dense retrieval stage, we employ two complemen-
tary embedding models: Octen-Embedding-8B2 and E5-Mistral-7B-
Instruct3, both used without task-specific fine-tuning. The three
runs differ in the reranking approach applied from Stage 3 onward.

We submitted three official runs for Task 1:
• Run 1 (submission_1): Reranking with fine-tuned Qwen3-
Reranker-4B4 and Qwen3-Reranker-8B5 via weighted score
fusion, followed by adaptive per-query cutoff (XGBoost-
/MLP). Both models are fine-tuned using ms-swift [13] with

2https://huggingface.co/Octen/Octen-Embedding-8B
3https://huggingface.co/intfloat/e5-mistral-7b-instruct
4https://huggingface.co/Qwen/Qwen3-Reranker-4B
5https://huggingface.co/Qwen/Qwen3-Reranker-8B
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LoRA [3] (rank 16, 𝛼=32, dropout 0.05) on all linear layers, lr
1×10−6, batch size 1, max length 16,660/8,400 tokens (4B/8B),
3 epochs with early stopping.

• Run 2 (submission_2): Stage-2 candidates are reranked
using the MLP-based approach (Approach 2), which com-
bines proposition-level, semantic, lexical, rank, and meta-
data features. Propositions are extracted with flan-t5-xl6 and
semantic embeddings are obtained via multilingual-e5-large-
instruct7, with the MLP predicting relevance scores for final
reranking.

• Run 3 (submission_3): Combines predictions from Run
1 and Run 2 via score-level fusion. The scores from both
runs are first normalized and then summed to produce final
rankings, giving higher priority to cases consistently ranked
highly by both methods.

2.4 Results and Discussion
Table 1 presents the recall performance of two dense retrieval mod-
els, Octen and E5, across multiple cutoff levels ranging from top-1
to top-200. Overall, both models demonstrate strong retrieval capa-
bility, with recall consistently improving as the cutoff increases.

Table 1: Recall at top-k cutoffs for Octen-Embedding-8B and
E5-Mistral-7B-Instruct on the COLIEE 2026 Task 1 test set.

Top-𝑘 Octen-Embedding-8B E5-Mistral-7B-Instruct
R@1 0.1086 0.1103
R@3 0.2463 0.2440
R@5 0.3269 0.3309
R@10 0.4440 0.4474
R@20 0.5703 0.5680
R@50 0.7063 0.7079
R@100 0.7663 0.7863
R@200 0.8274 0.8463

Table 2 shows that our proposed four-stage pipeline achieves
competitive performance, with submission_2, submission_3, and
submission_1 ranked 1st, 2nd, and 6th overall, respectively. The
reranking stage improves precision by better distinguishing rele-
vant cases from hard negatives. Among reranking strategies, the
MLP feature-based reranker outperformed fine-tuned generative
rerankers, as it leverages hand-crafted domain-specific features —
such as cited article overlap, charge alignment, and structural case
similarities — that are particularly discriminative in legal retrieval.
In contrast, fine-tuned generative rerankers, while powerful in gen-
eral settings, are optimized as domain-agnostic models intended to
generalize across diverse data types and tasks, whichmay limit their
ability to exploit the fine-grained, dataset-specific patterns present
in legal corpora. Furthermore, the adaptive per-query cutoff en-
hances performance by dynamically balancing precision and recall.
These findings suggest that combining domain-tailored reranking
with an adaptive cutoff is a robust approach for legal case retrieval.

6https://huggingface.co/google/flan-t5-xl
7https://huggingface.co/intfloat/multilingual-e5-large-instruct

Table 2: Official results of the top runs onCOLIEE 2026 Task 1.

Rank Team Run F1 Precision Recall
1 NOWJ submission_2 0.4220 0.4235 0.4206
2 NOWJ submission_3 0.4200 0.4140 0.4263
3 JNLP random_forest 0.4126 0.4341 0.3931
4 JNLP ensemble 0.4040 0.4174 0.3914
5 JNLP xgboost 0.4000 0.4059 0.3943
6 NOWJ submission_1 0.3880 0.3772 0.3994
7 SIL submission_sil2 0.3871 0.4186 0.3600
8 SIL submission_sil1 0.3810 0.3856 0.3766

3 Task 2: Legal Case Entailment
3.1 Task Overview
Given a decision 𝑑 and a relevant case 𝑅 = {𝑝1, 𝑝2, ..., 𝑝𝑛}, Task 2
focuses on identifying the specific paragraph 𝑝 ∈ 𝑅 that entails
𝑑 . Unlike Task 1, which operates at the document level, this task
demands fine-grained comprehension, as multiple paragraphs may
discuss related legal concepts without directly supporting the final
decision.

3.2 Methodology
To address this challenge, our system employs amulti-stage pipeline
integrating sparse information retrieval, neural reranking, and LLM-
based refinement. The pipeline consists of three core stages:

BM25 Initial Filtering: We utilize BM25, a sparse retrieval
method based on term-frequency inverse-document-frequency (TF-
IDF), to retrieve the top-𝑘 candidate paragraphs from 𝑅 using 𝑑 as
the query.

Neural Reranking: The candidates are reranked using a T5-
based cross-encoder. This model computes a relevance score by
capturing deeper semantic interactions between 𝑑 and 𝑝 :

score(𝑑, 𝑝) = CrossEncoder(𝑑, 𝑝)
This step promotes contextually aligned paragraphs, filtering out
lexical noise from the BM25 stage.

LLM Refinement and Ensemble Fusion: To make the final
assessment, we deploy state-of-the-art LLMs to evaluate the highest-
ranked outputs. Each LLM generates a binary prediction (entail-
s/does not entail) based on specialized prompts. To ensure high
precision, we apply a consensus-based ensemble fusion:

final(𝑝) = LLM1 (𝑝) ∧ LLM2 (𝑝)
where final(𝑝) = 1 indicates that the paragraph entails the decision.
This mechanism mitigates individual model biases and hallucina-
tions.

3.3 Experimental Setup
The proposed pipeline is implemented using specific pre-trained
models. BM25 is used for initial filtering, followed by the MonoT5-
3B model8 for cross-encoder reranking. For the final LLM refine-
ment, we experiment with Qwen3-235B-A22B9 and QwQ-32B10.

8castorini/monot5-3b-msmarco-10k
9https://huggingface.co/Qwen/Qwen3-235B-A22B
10https://huggingface.co/Qwen/QwQ-32B
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To evaluate the effectiveness of individual LLMs and our pro-
posed ensemble strategy, we submitted three official runs:

• Run 1 (NOWJ001): A single-LLM pipeline using Qwen3-
235B-A22B for the final verification step.

• Run 2 (NOWJ002):A similar single-LLM setup, but utilizing
QwQ-32B to evaluate its standalone performance.

• Run 3 (NOWJ003): The ensemble fusion configuration. A
paragraph 𝑝 is classified as entailment (final(𝑝) = 1) if and
only if both Qwen3-235B-A22B and QwQ-32B output posi-
tive predictions. Disagreements are discarded to prioritize
precision.

3.4 Results and Discussion

Table 3: Leaderboard of the Case Textual Entailment task.

Team F1 Precision Recall
IAI 0.4899 0.4501 0.5374
AIIRLab 0.4706 0.5120 0.4354
JNLP 0.4507 0.4174 0.4898
NOWJ/nowj003 0.4429 0.7037 0.3231
UA 0.4254 0.4711 0.3878
NOWJ/nowj002 0.4029 0.7034 0.2823
JUNLLP 0.3942 0.6721 0.2789
NOWJ/nowj001 0.3744 0.7604 0.2483

As shown in Table 3, our ensemble approach (NOWJ/nowj003)
achieved an F1 score of 0.4429, ranking fourth overall. A notable
characteristic across all our submissions is the strong emphasis on
precision. Run 1 (NOWJ/nowj001) recorded the highest precision
among all participating teams at 0.7604, significantly outperforming
the top-ranked IAI team (0.4501). Runs 2 and 3 also maintained pre-
cision above 0.70. This indicates that our two-stage reranking and
LLM-based verification pipeline is highly effective at filtering out
false positives. When the system predicts entailment, its confidence
is consistently high.

However, this high precision comes at the expense of recall. Our
recall scores ranged from 0.2483 to 0.3231, noticeably lower than
those of the leading teams. This suggests that the LLMs applied
overly strict criteria, resulting in a high number of false negatives.
In addition, the initial BM25 retrieval stage may have filtered out
lexically different but semantically relevant passages before they
could be evaluated by the LLMs.

Comparing our internal runs further confirms the effectiveness
of the ensemble approach. Using only the large Qwen3-235B model
(Run 1) maximized precision but led to the lowest recall. The smaller
QwQ-32B model (Run 2) provided a better balance, achieving a
higher F1 score. Ultimately, the ensemble configuration (Run 3)
proved to be the most effective setup. It stabilized the predictions,
achieving the highest overall F1 and recall scores without signifi-
cantly reducing precision.

For future improvements, the primary focus will be on increas-
ing recall. This can be addressed by passing a larger candidate
pool 𝑘 to the cross-encoder or by relaxing the LLM prompts to
capture broader entailment patterns while preserving our precision
advantage.

4 Task 3: Statute Law Retrieval
4.1 Task Overview
Task 3 aims to retrieve a relevant subset of statutory articles for a
legal query 𝑞 from a fixed collection of Japanese civil law articles
𝐴 = {𝑎1, 𝑎2, . . . , 𝑎𝑚}. In the end-to-end setting of COLIEE 2026, the
system also returns a binary answer 𝑦 ∈ {𝑌, 𝑁 } supported by the
predicted article set 𝐴𝑞 ⊆ 𝐴. The training data consist of triplets
(𝑞,𝐴𝑞, 𝑦), where 𝐴𝑞 is the gold set of relevant articles and 𝑦 is the
Yes/No label.

Most previous systems for statute retrieval in COLIEE follow a
multi-stage pipeline. Previous systems typically begin with a re-
trieval step using lexical methods or compact encoder models, then
apply reranking or LLM-based filtering to improve the quality of
the selected articles [2]. Besides text matching, recent studies show
that using the structural relations between legal articles can further
improve performance. In [10], the authors show that modeling law
articles as a reference network helps capture both local and long-
range dependencies. This approach improves retrieval accuracy
and reduces noise. These findings suggest that strong end-to-end
performance depends not only on finding relevant articles, but also
on filtering out irrelevant ones before making the final prediction.

4.2 Methodology
The system uses a three-stage retrieval-and-reasoning pipeline for
Task 3. The goal is to automatically predict an entailment decision
𝑦 ∈ {𝑌, 𝑁 } together with a subset of supporting statutory articles
𝐴𝑞 ⊆ 𝐴 for a given query 𝑞.

Dense Retrieval. The first stage aims to identify a subset of
relevant articles 𝐴𝑞 from the full collection 𝐴. A pre-trained em-
bedding model encodes both the input query and all legal articles
into a shared vector space. Similarity between the query and each
article is computed to rank the candidates. The top-ranked articles
are selected as the retrieved set 𝐴𝑞 , which serves as the supporting
evidence for the final decision.

Prompt Construction. To support the reasoning process, the
system constructs a few-shot prompt using training data. For a
given query 𝑞, similar queries in the training set are identified based
on embedding similarity. Their corresponding triplets (𝑞,𝐴𝑞, 𝑦) are
used as examples, where both the gold supporting articles 𝐴𝑞 and
the entailment label 𝑦 are included. These examples are formatted
into a prompt to guide the model in producing both a decision and
the final article set.

Entailment Prediction. In the final stage, the model receives
the query 𝑞, the retrieved article set𝐴𝑞 , and the constructed prompt.
Based on this input, it predicts the entailment label 𝑦 ∈ {𝑌, 𝑁 } and
may refine the selected articles before producing the final output.
The output thus aligns with the task requirement: generating both
a binary decision and a subset of articles that support it.

4.3 Experimental Setup
Building on the proposed methodology, we use a unified retrieval-
and-reasoning pipeline for the Statute Law Retrieval task. Given
a query 𝑞 and a statutory corpus 𝐴, the system aims to produce
both an entailment decision 𝑦 ∈ {𝑌, 𝑁 } and a subset of supporting
articles 𝐴𝑞 ⊆ 𝐴.
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In the retrieval stage, Qwen/Qwen3-Embedding-8B is used to en-
code both queries and statutory articles into a shared vector space.
Dense retrieval is applied using cosine similarity, and the top 20
articles are selected as the initial supporting set 𝐴𝑞 .

For Run 1, this set is further refined using QRHead [11] reranking.
QRHead reranks candidates based on attention signals from the
model, prioritizing articles more relevant to the query. Articles with
higher attention scores are placed earlier, as they are more relevant
to the query. This step refines the quality of the final supporting
set 𝐴𝑞 .

In the reasoning stage, large language models take the query 𝑞
and the retrieved article set𝐴𝑞 as input to produce the final decision
𝑦. Prompt design is used to guide the reasoning process, and some
runs include few-shot examples in the form of (𝑞,𝐴𝑞, 𝑦).

We submitted three official runs:
• Run 1 (NOWJ_run1): After the initial retrieval stage, QR-
Head is applied to re-rank the top 20 articles. The re-ranked
article set 𝐴𝑞 is then provided to Qwen/Qwen3-235B-A22B
with a few-shot prompt for final answer prediction.

• Run 2 (NOWJ_run2): The top-20 retrieved articles are used
without reranking. The reasoning stage uses a single model,
deepseek-ai/DeepSeek-R1-0528, with a few-shot prompt
(Prompt 1) to produce 𝑦.

• Run 3 (NOWJ_run3): The same retrieval setup as Run 2 is
used. In the reasoning stage, three different prompts (Prompt 1,
Prompt 2, and Prompt 3) are applied using the same model.
Each prompt produces a prediction, and the final decision 𝑦
is chosen by majority voting.

4.4 Results and Discussion
As shown in Table 4, our system performs well across all three
runs regarding entailment accuracy, with clear differences between
the retrieval strategies. Run 1 (NOWJ_run1) achieves the highest
accuracy of 0.9512 with 78 correct predictions, ranking first overall.
This demonstrates that adding QRHead reranking after the initial
dense retrieval helps the LLM better focus on the most relevant
articles. Runs 2 and 3, which omit the reranking step, achieve a
lower accuracy of 0.8902. Furthermore, the identical results between
Run 2 (single prompt) and Run 3 (majority voting) indicate that
ensemble prompting offers negligible benefits when the underlying
retrieved context remains unimproved.

Table 4: Leaderboard of the Statute Law Retrieval task.

Run Accuracy Correct F2 Recall
NOWJ/NOWJ_run1 0.9512 78 0.2224 1.0000
JNLP1 0.9024 74 0.7796 1.0000
NOWJ/NOWJ_run2 0.8902 73 0.2224 1.0000
NOWJ/NOWJ_run3 0.8902 73 0.2224 1.0000
codyrag 0.8537 70 0.1848 1.0000

While our system achieves perfect recall (1.0000) across all runs,
the notably low F2 score (0.2224) highlights a clear limitation in the
article selection stage. LLMs like Qwen and DeepSeek demonstrate
strong deductive reasoning for the binary entailment task (achiev-
ing up to 0.9512 accuracy), yet they tend to adopt a conservative

approach in evidence extraction. Rather than isolating the exact one
or two necessary articles, the LLMs retain additional articles that
provide background context but are not strictly legally required to
formulate the 𝐴𝑞 subset.

Compared to the JNLP1 baseline, which maintains perfect recall
alongside a high F2 score (0.7796), it is evident that our current
pipeline lacks a dedicated filtering mechanism. Relying solely on
prompt-based extraction causes the LLM to prioritize the final
Yes/No prediction over extraction precision. This suggests that
future improvements should decouple the reasoning stage into
two distinct phases: a strict statutory filtering phase to refine 𝐴𝑞 ,
followed by a separate entailment prediction phase.

5 Task 4: Legal Textual Entailment
5.1 Task Overview
Task 4 of the COLIEE focuses on Legal Textual Entailment. The
primary objective is to construct a question-answering framework
tailored for the legal domain. Formally, given a legal query 𝑞 along-
side a set of relevant statutory articles 𝐴 = {𝑎1, 𝑎2, . . . , 𝑎𝑘 } (where
𝑘 ≥ 1), and a training dataset structured as triplets (𝑞,𝐴, 𝐿) with the
target label 𝐿 ∈ {𝑌, 𝑁 }, the system must output a binary decision
indicating whether 𝐴 legally entails 𝑞. This task serves as a critical
benchmark for investigating the capabilities of computational mod-
els in performing complex legal reasoning and precise statutory
interpretation.

Reflecting on the previous iteration, the prevailing trend among
top participants was the strategic adoption of Large Language Mod-
els (LLMs) to handle complex legal reasoning. The winning team,
KIS [7], achieved top performance primarily by leveraging effective
few-shot prompting strategies with a Japanese LLM. Meanwhile,
the runner-up, CAPTAIN [5], enhanced their system by utilizing
a cause-effect structural analysis tailored for civil law to gener-
ate structured examples, which were then integrated using data
combination techniques. Furthermore, to prevent test-set data leak-
age, the competition strictly mandates that all submissions employ
open-source models released prior to a specific cutoff date.

5.2 Methodology
In this task, we designed a dynamic, routing-based pipeline. Rather
than applying a uniform approach, our method processes each legal
query through a sequence of logical steps, adapting its reasoning
strategy based on the inherent difficulty of the task.

Step 1: Difficulty Classifier. When a query and its relevant statu-
tory articles enter our system, the first step is to evaluate their
structural and logical complexity. We achieve this through a hybrid
classifier. Initially, we apply rule-based heuristics: if the articles
contain specific keywords indicating mutatis mutandis application,
exceptions, or if the query requires synthesizing information from
multiple articles, we immediately flag it as a “Hard” case. If these
rules are not triggered, a lightweight LLM prompt is used as a sec-
ondary filter to scan for convoluted conditions or double negations,
ultimately classifying the query as either “Easy” or “Hard”. The
prompt used for this step is as follows:
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You are a legal task difficulty assessor.

Analyze the following legal clause and question, and
determine "Hard" if it is logically complex, or
"Easy" if it is a simple matching.

Hard: Negation of negation, subject mismatch, complex
conditions. If unsure, choose "Hard".
Easy: Simple question directly from the legal clause.
Answer "difficulty: Hard" if the query is Hard, and
"difficulty: Easy" if it is Easy.

Relevant articles: {articles_text}

Question: {query_text}

Step 2: Dynamic Routing and Solving. Based on the difficulty
assessment, the query is routed to one of two specialized solvers:

• For “Easy” Cases (Dynamic Balanced Few-Shot Solver): Draw-
ing inspiration from KIS[7], we optimize for pattern match-
ing here. We embed the input using the intfloat/multilingual-
e5-large11 model and retrieve the most semantically similar
examples from the training set. To prevent label bias, we
enforce strict class balancing, retrieving exactly 𝑘 = 6 “Yes”
and 𝑘 = 6 “No” examples. These are injected into the prompt,
allowing the LLM to make a straightforward binary decision
using in-context learning.

• For “Hard” Cases (Zero-Shot Chain-of-Thought Solver): Requir-
ing rigorous legal deduction, we frame the LLM as a logical
analyst required to articulate its steps within <reasoning>
tags. The model first executes Rule Extraction and Refer-
ence Resolution to decompose statutes, followed by Fact
Subsumption to map assertions against these rules. Ad-
ditionally, strict guardrails prevent common fallacies (e.g.,
hallucinations, misuse of contrapositives, or misinterpret-
ing provisos). Upon detecting any structural mismatch or
logical leap, the model rejects the premise when structural
mismatches are detected.

5.3 Experimental Setup
To evaluate the individual and combined contributions of our pro-
posed modules, we structured our submission into three distinct
runs. This setup allows us to compare specialized single-strategy
approaches against our dynamic routing methodology:

• Run 1 (Balanced Few-Shot): A simplified approach bypass-
ing the difficulty classifier entirely. All queries, regardless
of their inherent complexity, are processed directly by the
Dynamic Balanced Few-Shot Solver (𝑘 = 6). All inference
in this run is powered by DeepSeek-V312. This serves as our
foundational baseline for in-context pattern matching.

• Run 2 (Pure Zero-Shot CoT): This run also bypasses the
routing mechanism, instead applying the highly structured
Zero-Shot Chain-of-Thought Solver to every query in the test
set. Powered entirely by DeepSeek-V311, this configuration

11https://huggingface.co/intfloat/multilingual-e5-large
12https://huggingface.co/deepseek-ai/DeepSeek-V3-0324

You are a legal reasoning expert in
Japanese.
Answer strictly based on the
provided legal provisions. Do not
reason beyond the text.

Based on the relevant legal
provisions, answer whether the
statement is true or false.
Answer "Answer: True" if the
statement is true, and "Answer:
False" if it is false.

{few_shot_examples}

Relevant articles: {articles_text}
Query: {query_text}
Answer:

(a) Few-shot solver (Easy)

You are a logical analyst for the
Supreme Court and an expert in
rigorous legal entailment.
Based solely on the provided
"premise" determine whether the
"hypothesis" is logically correct or
contains contradictions.

1. Reference & Hierarchy Detection
2. Decomposition of Requirements and
Effects
3. Fact identification
4. Subsumption & Verification
5. Final Conclusion

<reasoning>
[Your reasoning here.]
</reasoning>
Answer: [Correct/Incorrect]

Relevant articles: {articles_text}
Query: {query_text}
Answer:

(b) Zero-shot CoT solver (Hard)

Figure 2: Prompt templates for Task 4 solvers: (a) balanced
few-shot for “Easy” cases, (b) structured chain-of-thought
for “Hard” cases.

evaluates the model’s raw logical deduction and rule extrac-
tion capabilities without the influence or aid of retrieved
few-shot examples.

• Run 3 (Hybrid Routing Pipeline): This run deploys our
complete proposed methodology. To optimize for both oper-
ational efficiency and reasoning depth, we employ a mixed-
model architecture. The Difficulty Classifier utilizes Llama-
3.3-70b-versatile for rapid categorization. Based on this as-
sessment, queries are dynamically routed to either the Few-
Shot Solver (for “Easy” cases) or the CoT Solver (for “Hard”
cases). DeepSeek-V311 serves as the core reasoning engine
for both solvers. This run tests the overall efficacy of dy-
namically adapting the prompting strategy based on query
complexity.

5.4 Results and Discussion
The official evaluation results for COLIEE Task 4 are summarized in
Table 5. In this highly competitive task, our team (NOWJ) achieved
a Top 7 standing among all participating institutions.

Table 5 presents a streamlined version of the official leaderboard,
displaying one representative run per rank alongside all three of our
submitted configurations (NOWJ-1, NOWJ-2, and NOWJ-3). Our
best-performing configuration, NOWJ-1, secured Rank 8 overall
with an accuracy of 0.8780 (72 correct predictions).

To validate our methodology prior to the final submission, we
conducted retrospective evaluations on historical COLIEE test sets
from 2018, 2019, and 2020. The performance of our three configura-
tions on these datasets is presented in Table 6.

As shown in Table 6, there is a clear performance hierarchy on
the historical datasets: Run 3 consistently outperforms both Run
1 and Run 2. This strongly supported our initial hypothesis that a
dynamic routing pipeline leveraging both few-shot pattern match-
ing and rigorous CoT deduction is superior to any single-strategy
approach. Furthermore, the Pure CoT approach (Run 2) generally
underperformed the Few-Shot baseline (Run 1), indicating that
strict logical deduction without examples is inherently challenging.
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Table 5: Official Leaderboard for COLIEE Task 4 (Showing
top-performing teams and our submissions).

Team Run Accuracy Correct

DU DU1 0.9634 79
JNLP JNLP-3 0.9512 78
IAI IAIrun1 0.9390 77
RUG RUG-1 0.9268 76
UA UA1 0.9146 75
cody cody5 0.9024 74
NOWJ NOWJ-1 0.8780 72
HUKB HUKBac 0.8780 72
NOWJ NOWJ-3 0.8049 66
AiR AiIRCrossCoT 0.7805 64
Bengo BengoREF 0.7317 60
ASHIN ASHIN-LLAMA3 0.6098 50
NOWJ NOWJ-2 0.5000 41

Table 6: Accuracy of the proposed configurations on histori-
cal COLIEE test sets.

Dataset Run 1 Run 2 Run 3

COLIEE 2018 0.8060 0.7761 0.9104
COLIEE 2019 0.7909 0.7818 0.8273
COLIEE 2020 0.8889 0.9012 0.9136

While the historical data favored the Hybrid Pipeline (Run 3), the
current year’s blind test reveals a shift: the Few-Shot baseline (Run
1) is now the top performer (87.80%), significantly outperforming
both the Hybrid model (80.49%) and the underperforming Pure CoT
configuration (Run 2) (50.00%). The performance drop in Run 2 and
3 suggests two primary issues:

• Rigidity of theCoTGuardrails:The strict logical guardrails
in the Zero-Shot CoT prompt, while preventing hallucina-
tions on older data, likely failed to account for new semantic
nuances, causing the model to default to "Incorrect/Neutral.".

• Robustness of In-Context Learning over Strict Deduc-
tion: Few-Shot in-context learning proved more resilient
than isolated deduction. The retrieved examples provided a
more reliable signal for "Hard" queries than the rigid step-
by-step logic imposed by the CoT prompt.

Consequently, future work will shift from zero-shot prompting
toward domain-specific fine-tuning. By training an LLM explicitly
on complex legal cases, we aim to replace prompt-based guardrails
with fine-tuned reasoning capabilities.

6 Pilot Task: Legal Judgment Prediction for
Japanese Tort cases

6.1 Task Overview
This pilot task focuses on legal judgment prediction for Japanese
civil cases concerning torts. In these scenarios, plaintiffs argue that
a defendant’s action constitutes a tort, while defendants contest
the plaintiffs’ arguments. The overarching objective is to process

a set of case inputs to generate specific judicial outputs across
two interconnected tasks: Tort Prediction and Rationale Extraction.
Formally, the systems take (𝑈 , 𝑃, 𝐷) as input, where 𝑈 represents
undisputed facts that are agreed upon or not disputed by any parties,
𝑃 denotes the arguments from the plaintiffs, and 𝐷 encompasses
the arguments from the defendants. Given these inputs, systems
must output (𝑇, 𝑅𝑃 , 𝑅𝐷 ), defined by the following tasks:

• Tort Prediction (TP): Predicts whether a tort is affirmed (𝑇 ).
Here, 𝑇 is a Boolean value representing the final decision.
Model performance for this task is evaluated using accuracy.

• Rationale Extraction (RE): The final decision (𝑇 ) is based
on the arguments accepted by the judge, making these ac-
cepted arguments the rationales for the decision. RE identi-
fies these accepted arguments by outputting 𝑅𝑃 (for plain-
tiffs) and 𝑅𝐷 (for defendants). Both are sequences of Boolean
values denoting accepted arguments as True within 𝑃 and
𝐷 . This task is evaluated using the micro-F1 measure.

6.2 Methodology
Table 7 presents key dataset statistics. The training and test sets
show consistent distributions, with average claims per party sta-
ble around 3.5–3.9 claims. However, maximum complexity varies
substantially: some cases contain over 100 plaintiff claims or more
than 140 undisputed facts, requiring the system to handle both
simple and highly complex cases. The balanced label distribution
in training data, approximately 51% acceptance for both parties,
indicates no inherent bias toward accepting or rejecting claims.

Table 7: Dataset characteristics for the Legal Judgment Pre-
diction task across training and test sets.

Characteristic Train Test 2025 Test 2026

Cases 6,508 812 803
Avg. facts 1.33 1.37 1.30
Max. facts 134 26 141
Avg. plaintiff claims 3.88 3.83 3.77
Max. plaintiff claims 111 130 125
Avg. defendant claims 3.45 3.50 3.78
Max. defendant claims 86 50 99

Our system, illustrated in Figure 3, combines neural claim assess-
ment with argumentation-based reasoning. A key feature of this
framework is its explainability: the final tort decision follows from
the set of accepted claims identified through structured reasoning
over attack relations between arguments. Moreover, the system
achieves strong performance without relying on large language
models, making it computationally efficient and fast to deploy.

6.2.1 Hierarchical Transformer. The hierarchical transformer uses
a two-stage architecture for claim assessment. The first stage em-
ploys a pre-trained Japanese language model as the word-level en-
coder, processing each claim and the fact sequence independently
to generate contextualized embeddings. The second stage uses a
span-level transformer that processes claim-level representations
combining four information sources: the claim embedding from
the word encoder, a positional embedding of the claim’s sequential
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Figure 3: System architecture combining neural claim assessment and argumentation for legal judgment prediction.

position, a party-type embedding indicating plaintiff or defendant,
and the representation of undisputed facts shared across all claims.

The model uses task-specific output layers. For Tort Prediction,
a linear layer produces a binary court decision. For Rationale Ex-
traction, we add a Conditional Random Field (CRF) layer above
claim representations to model dependencies between claims from
the same party, ensuring consistent label sequences. The training
loss combines both tasks with a weighted sum to balance the two
objectives. The model outputs binary predictions for the court deci-
sion via the TP head, binary label sequences for accepted claims via
CRF decoding, and continuous probability scores for each claim’s
acceptance derived from softmax on the rationale logits. These
probability scores serve as input to the argumentation reasoning
module for conflict resolution.

6.2.2 Argument Relation Mining. To identify conflicts between op-
posing claims, we employ an argument relation mining model. We
train the model on Japanese-translated argument mining datasets.
The model analyzes all plaintiff-defendant claim pairs and performs
binary classification to determine whether claims conflict with each
other. We extract conflict relations above a confidence threshold
as attacks, where one claim contradicts another. This produces a
directed attack graph with confidence scores that represent the
likelihood of each conflict relation.

6.2.3 Argumentation-Based Reasoning. This module resolves con-
flicts through structured reasoning over multiple graph configura-
tions. The reasoning process operates in three stages. First, graph
ensemble generation addresses uncertainty in attack detection. For𝑁
detected attacks, up to 2𝑁 possible graphs exist depending on which
attacks are valid. Rather than enumerating all possibilities, we use a
priority queue to construct the top-𝐾 most probable graphs, where
each graph Gℓ is assigned probability 𝑃 (Gℓ ) based on the likelihood
of its included and excluded attacks. Second, attack resolution deter-
mines claim acceptance within each graph. An attack from claim
𝑎 to claim 𝑏 succeeds if 𝑎 has equal or higher acceptance probabil-
ity than 𝑏 from the hierarchical transformer. Claims defeated by
successful attacks are rejected, while unattacked claims or those

surviving failed attacks retain their predicted status. Third, proba-
bilistic aggregation combines results across the 𝐾 graphs through
weighted voting. For each claim 𝑐 , we compute:

𝜌 (𝑐) =
𝐾∑︁
ℓ=1

𝑤ℓ · 𝑣ℓ (𝑐),

where 𝑣ℓ (𝑐) ∈ {0, 1} indicates whether 𝑐 is accepted in graph Gℓ ,
and𝑤ℓ are normalized graph probabilities satisfying

∑𝐾
ℓ=1𝑤ℓ = 1.

The value 𝜌 (𝑐) represents the total probability weight of graphs
accepting 𝑐 . A claim is accepted if 𝜌 (𝑐) ≥ 0.5.

After determining accepted claims for both parties, the tort deci-
sion is made through a counting mechanism: the plaintiff prevails if
they have more accepted claims than the defendant, reflecting the
adversarial nature of tort litigation. This reasoning applies only to
cases with detected conflicts; cases without attacks use direct pre-
dictions from the hierarchical transformer. The entire framework
operates without LLMs, relying instead on a compact hierarchical
transformer and lightweight reasoning components that enable
rapid inference.

6.3 Experimental Setup
We implement the hierarchical transformer using ModernBERT-
Ja-310M13 as the word-level encoder. Sequence limits are set to
64 claims per case, 64 tokens per claim, and 512 tokens for con-
catenated facts. Missing components are handled by substituting
empty sequences. The model is trained with a multi-task loss:
Ltotal = 0.6 · L(TP) + 0.4 · L(RE), where greater weight is assigned
to tort prediction.

For argument relation mining, we finetune a pre-trained model14
on Japanese-translated argument mining datasets, extracting con-
flict relations with a confidence threshold of 0.5. For argumentation
reasoning, we use 𝐾 = 5 graphs. Post-processing is applied to ra-
tionale predictions based on party-level consistency: if accepted
claims outnumber rejected claims by a factor of 𝑥 = 1.5, all claims
from that party are set to accepted; if rejected claims outnumber
13https://huggingface.co/sbintuitions/modernbert-ja-310m
14https://huggingface.co/raruidol/ArgumentMining-EN-ARI-US2016
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accepted claims by the same factor, all claims are set to rejected.
Cases without a clear majority remain unchanged.

We submit three configurations to evaluate component contribu-
tions: Run 1 uses argumentation reasoning for TP and hierarchical
transformer predictions for RE; Run 2 adds post-processing to RE;
Run 3 uses only the hierarchical transformer as an ablation baseline.

6.4 Results and Discussion
Table 8 shows official results on the COLIEE 2026 test set. Our
system achieved 3rd place for both tasks. For TP, our best runs
(Runs 1–2) achieved 67.6% accuracy, while for RE, our best run (Run
2) achieved 64.8% F1.

Table 8: Official results for the COLIEE 2026 Pilot Task.

Team Accuracy
JNLP 72.7%
UIT 72.6%
NOWJ (run 1) 67.6%
NOWJ (run 2) 67.6%
NOWJ (run 3) 67.1%
KIS 66.6%

(a) Tort Prediction

Team F1 score
UIT 68.2%
JNLP 67.4%
NOWJ (run 2) 64.8%
NOWJ (run 3) 63.4%
NOWJ (run 1) 63.4%
KIS 62.6%
(b) Rationale Extraction

Comparing the three runs reveals each component’s contribu-
tion. For TP, Runs 1 and 2, which incorporate argumentation rea-
soning, achieve 67.6% accuracy, outperforming Run 3 (67.1%) by
0.5 percentage points. For RE, Run 2, which adds post-processing,
achieves 64.8% F1, outperforming Runs 1 and 3 (both 63.4%) by 1.4
percentage points. The performance gap to the top team is 5.1 per-
centage points for TP and 3.4 percentage points for RE, presenting
clear opportunities for future improvement. The argumentation
reasoning component contributed a 0.5 percentage point gain in TP
accuracy, suggesting that conflict modeling is a promising direction
for further development.

A key strength of our framework lies in its explainability. Un-
like black-box approaches, our system produces decisions that are
traceable: the tort outcome follows directly from the set of ac-
cepted claims identified through explicit argumentation graphs.
This transparency enables practitioners to inspect which claims
were accepted or rejected and how conflicts between opposing
arguments were resolved. Furthermore, the framework achieves
competitive performance without relying on large language models,
instead using a compact hierarchical transformer and lightweight
reasoning components that enable rapid inference with modest
computational requirements. Future work to enhance performance
includes several directions. First, training argument relation models
on native Japanese data to better capture language-specific argu-
mentation patterns. Second, incorporating richer attack resolution
strategies that consider claim semantics and supporting evidence,
and integrating undisputed facts directly into the reasoning stage
to ground conflict resolution in factual context. Third, exploring
alternative argumentation semantics such as preferred or stable
extensions, and integrating external legal knowledge to further
improve prediction accuracy while maintaining the interpretability
that our framework provides.

7 Conclusion
This paper described the NOWJ team’s participation in all five
tasks of COLIEE 2026, achieving 1st place on Task 1 (F1: 0.4220)
and Task 3 (accuracy: 0.9512), 4th on Task 2 (F1: 0.4429), 8th on
Task 4 (accuracy: 0.8780), and 3rd on the Pilot Task (Accuracy: 67.6%,
F1: 64.8%). Key findings include: MLP-based reranking with hand-
crafted features outperformed generative cross-encoders (Task 1),
LLM consensus verification yields high precision but limited recall
(Task 2), attention-based reranking via QRHead substantially im-
proves LLM reasoning accuracy (Task 3), difficulty-based routing is
vulnerable to distribution shift (Task 4), and argumentation graph
reasoning provides modest but explainable gains for tort predic-
tion (Pilot Task). Future work will focus on improving retrieval
recall through domain-specific fine-tuning, relaxing entailment ver-
ification thresholds, decoupling article filtering from entailment
prediction, replacing zero-shot prompting with fine-tuned models,
and training argument relation classifiers on Japanese data.
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Abstract

Legal Judgment Prediction has emerged as an active research topic
in Legal Natural Language Processing (NLP), aiming to automat-
ically infer judicial decisions from legal case documents. In this
paper, we present our system for the COLIEE 2026 pilot task on
Legal Judgment Prediction for Japanese Tort Cases, which consists
of two subtasks: Tort Prediction and Rationale Extraction. We ex-
plore two approaches to address this problem. The first approach
adopts a multi-task learning framework that jointly models the
dependencies between tort prediction and rationale extraction. The
second approach leverages instruction tuning of large language
models (LLMs) with QLoRA, enabling parameter-efficient adapta-
tion of pretrained models to the legal domain. Experimental results
show that the multi-task learning framework performs competi-
tively, while the instruction-tuned LLM approach achieves the best
overall performance. In particular, our instruction-tuned system
ranks Top-2 in Subtask 1 with 72.6% accuracy and first in Subtask 2
with an F1-score of 68.2%, highlighting the effectiveness of instruc-
tion tuning with parameter-efficient fine-tuning for legal judgment
prediction.

CCS Concepts

• Computing methodologies → Information extraction; • Ap-
plied computing → Law.

Keywords

COLIEE2026, Legal Judgment Prediction,Multi-task Learning, Large
Language Model, Instruction Tunning, QLoRa
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1 Introduction

Recent advances in Artificial Intelligence, particularly in Natural
Language Processing, have significantly expanded the ability of
machines to process and analyze large volumes of textual data.
These techniques have been increasingly applied to real-world
applications, especially in the legal domain, where documents such
as statutes, contracts, and court decisions are predominantly text-
based. NLP provides promising tools to assist legal practitioners
and researchers in tasks including legal information retrieval, case
analysis, and decision support.

To further advance automation and research in legal NLP, the
Competition on Legal Information Extraction and Entailment (COL-
IEE) [3] provides shared tasks for evaluating NLP methods in legal
reasoning and analysis. In this competition, we focus on the pilot
task Legal Judgment Prediction for Japanese Tort Cases (LJPJT) [17],
which aims to support automated analysis of civil court decisions
related to tort disputes. This task consists of two subtasks: Tort
Prediction (TP), which predicts whether a tort claim is affirmed
given the facts and arguments from both parties, and Rationale Ex-
traction (RE), which identifies the accepted arguments that support
the final judgment.

In this work, we address the Legal Judgment Prediction for Japan-
ese Tort Cases task [6] by considering both final decisions and their
supporting arguments. We explore two different approaches for
this setting. The first is a multi-task learning framework designed
to jointly model the interactions among case facts, party arguments,
and judgment outcomes. The second is an LLM-based approach
that applies instruction tuning with QLoRa [2], allowing efficient
adaptation to the task under limited computational resources.

Our main contributions are summarized as follows:
• We propose a multi-task learning framework that jointly
learns Tort Prediction and Rationale Extraction, allowing
shared representations to capture useful signals across the
two subtasks.
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• We investigate a parameter-efficient LLM-based approach
using instruction tuning with QLoRA, enabling large lan-
guage models to be effectively adapted to the legal judgment
prediction task while reducing training overhead.

• We provide an empirical comparison between multi-task
learning and parameter-efficient LLM adaptation for the
Legal Judgment Prediction for Japanese Tort Cases task.

2 Related Works

2.1 The LJPJT 2026 Pilot Task

The LJPJT 2026 Pilot Task addresses the problem of predicting judi-
cial decisions in civil tort cases under the Japanese Civil Code (Art.
709), where a tort refers to a negligent or intentional infringement
of rights that causes harm to a plaintiff. Each case involves two
parties: plaintiffs, who claim that the defendant’s actions constitute
a tort, and defendants, who contest these claims. The problem is
formulated using three main components: undisputed facts (𝑈 ),
plaintiffs’ arguments (𝑃 ), and defendants’ arguments (𝐷). The goal
of Tort Prediction (TP) is to determine whether the tort claim is
affirmed (𝑇 ), while Rationale Extraction (RE) aims to identify the
arguments accepted by the judge as supporting reasons for the
final decision. Thus, the task can be summarized as predicting the
judgment outcome and extracting accepted arguments given the
input (𝑈 , 𝑃, 𝐷).

Several approaches have been proposed to address the LJPJT
Pilot Task. CAPTAIN [8] adopted a straightforward approach by
fine-tuning a large language model to jointly solve both Tort Pre-
diction (TP) and Rationale Extraction (RE), using a best-performing
model according to the Open Japanese LLM Leaderboard [7] at
that time. KIS [5] fine-tuned a Japanese variant of ModernBERT
[13] capable of handling longer input sequences. In addition to
single-model fine-tuning, they explored ensemble strategies by
combining multiple models trained with different hyperparameters
and through cross-validation. NOWJ [9] employed a hierarchical
Transformer architecture, where a ModernBERT [14] model was
used for word-level encoding and a Transformer for span-level
reasoning. TP was formulated as a binary classification task, while
RE was treated as sequence labeling with a CRF layer to capture
relationships between claims. OVGU [15] proposed a two-stage
pipeline in which RE was first solved using large language models
through prompting, and TP was subsequently determined using a
rule-based scoring function derived from correlations observed in
the training data.

2.2 Multi-task Learning

Multi-task learning (MTL) has been widely studied in machine
learning and natural language processing as an effective paradigm
for improving model generalization by jointly learning multiple
related tasks. The central idea of MTL is to share representations
among tasks so that the model can capture common underlying
patterns and transfer useful knowledge between them. Early work
by [1] demonstrated that learning tasks in parallel with shared rep-
resentations can significantly improve generalization performance
compared to training each task independently.

In the legal domain, MTL has been extensively explored, where
several subtasks such as law article prediction, charge prediction,

and penalty prediction are inherently interdependent. For instance,
the TopJudge [20] framework models the dependencies among
these subtasks using a topological structure and demonstrates that
jointly learning them improves prediction performance. Similarly,
Multi-Perspective Bi-Feedback Network [18] leverages bidirectional
information flow between subtasks to capture their mutual depen-
dencies and improve legal judgment prediction. More recent stud-
ies further explore sophisticated multi-task architectures for legal
reasoning. For example, a hierarchical MTL framework has been
proposed to model logical dependencies between legal subtasks and
simulate judicial reasoning processes, showing improved prediction
accuracy on real-world legal datasets [17, 19]. These studies suggest
that jointly modeling related legal tasks can enhance both predic-
tive performance and interpretability by encouraging models to
learn shared semantic representations across different components
of legal cases.

2.3 Instruction Tuning of Large Language

Models with QLoRA

Large Language Models have demonstrated strong performance
across a wide range of natural language processing tasks due to
their ability to learn general language representations from large-
scale pretraining corpora. To adapt these models to downstream
tasks, instruction tuning has emerged as an effective paradigm in
which models are trained on instruction–response pairs, enabling
them to better follow task instructions and generalize to new tasks
[16].

However, fine-tuning large models with billions of parameters
often requires substantial computational resources. To address this
challenge, Low-Rank Adaptation (LoRA) [4] was proposed as a
parameter-efficient fine-tuning method that injects trainable low-
rank matrices into transformer layers while keeping the original
model parameters frozen. Building upon this idea, QLoRA [2] fur-
ther improves efficiency by combining LoRA with 4-bit quantiza-
tion, enabling large models to be fine-tuned with significantly re-
duced memory consumption while maintaining performance com-
parable to full fine-tuning. This approach has been widely adopted
for adapting LLMs to domain-specific tasks, including applications
in legal NLP.

3 Proposed Method

3.1 Problem Formulation

A case instance consists of three components:

• Undisputed facts𝑈 , describing the factual background agreed
upon by both parties;

• Plaintiff claims P = {𝑝1, . . . , 𝑝𝑀 };
• Defendant claims D = {𝑑1, . . . , 𝑑𝑁 }.

The system solves two subtasks simultaneously. For RE, it pre-
dicts a binary acceptance probability 𝑟𝑃𝑖 ∈ [0, 1] for each plaintiff
claim 𝑝𝑖 and 𝑟𝐷𝑗 ∈ [0, 1] for each defendant claim 𝑑 𝑗 , indicating
whether the court accepts that claim. For TP, it predicts a verdict
score 𝑇 ∈ [0, 1]. Throughout this section, 𝑑 denotes the hidden
dimensionality of the pre-trained encoder.
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Figure 1: Overview of the proposed multi-task learning ar-

chitecture.

3.2 Multi-task Learning Architecture

We propose a four-stage neural architecture for jointly solving
Rationale Extraction (RE) and Tort Prediction (TP). The model is
designed as a hierarchical pipeline: it first constructs context-aware
representations for individual claims, then predicts claim-level ra-
tionales, aggregates them into case-level evidence, and finally per-
forms verdict prediction. To stabilise training, we employ a teacher
forcing mechanism that gradually transitions from ground-truth
supervision to model predictions. An overview of the architecture
is provided in Figure 1

3.2.1 Stage 1: Contextual Claim Encoding. The first stage trans-
forms raw claim texts into context-enriched vector representations
through three sequential operations.

Shared Text Encoder and FiLM Conditioning. All texts are encoded
by a single sharedModernBERT-ja-310M encoder [14], with CLS
pooling applied to obtain fixed-size representations. Specifically,
the undisputed facts 𝑈 are encoded once to produce a global case

vector:
H𝑢 = Enc(𝑈 ), (1)

and each claim is encoded independently using the same encoder
weights:

h𝑃𝑖 = Enc(𝑝𝑖 ), h𝐷𝑗 = Enc(𝑑 𝑗 ). (2)

Sharing encoder parameters across all texts ensures that claims
and facts reside in a common semantic space, and encoding𝑈 only
once reduces computational cost for cases with large claim sets.

The global case vector H𝑢 is then used to condition each claim
representation via Feature-wise LinearModulation (FiLM) [11]. Rather
than simply concatenating H𝑢 with each claim embedding — which
treats all feature dimensions uniformly— FiLM learns per-dimension
scale and shift parameters from H𝑢 and applies them element-wise:

h̃𝑃𝑖 = 𝜸 (H𝑢 )︸ ︷︷ ︸
scale

⊙ h𝑃𝑖 + 𝜷 (H𝑢 )︸ ︷︷ ︸
shift

, (3)

where 𝜸 , 𝜷 : R𝑑 → R𝑑 are learned linear projections. The same
transformation is applied symmetrically to defendant claims. This
multiplicative conditioning allows the model to selectively amplify
or suppress specific semantic dimensions of each claim based on
the case context — analogous to how the same argument may carry
different legal weight depending on the specific factual background.
In practice, H𝑢 is mapped to each claim using an index mapping,
enabling efficient batch processing without recomputing the fact
representation for every claim.

Inter-Party Cross-Attention. After FiLM conditioning, we model
adversarial interactions between opposing claims through bidirec-
tional cross-attention. The strength of a plaintiff claim depends not
only on its intrinsic merit but also on the specific defendant claims
it must overcome, and vice versa.

Given a set of query claim representations h𝑞 and key-value
representations from the opposing party h𝑘𝑣 , scaled dot-product
attention is computed as:

Attn(h𝑞, h𝑘𝑣) = softmax
(
𝑄𝐾⊤
√
𝑑

)
𝑉 , (4)

where 𝑄 = h𝑞𝑊𝑄 , 𝐾 = h𝑘𝑣𝑊𝐾 , and 𝑉 = h𝑘𝑣𝑊𝑉 are learned linear
projections. The output is integrated with the original claim repre-
sentation via a residual connection followed by layer normalisation:

h′ = LayerNorm(h + Attn(h, hother)) . (5)

Two independent cross-attention modules capture this bidirec-
tional interaction: the P→D module allows each plaintiff claim to
attend over the full set of defendant claims in the same case, and
the D→P module does the converse. Since the number of claims
per case varies, attention is computed per-case individually using a
claim-to-case index map, avoiding padding artefacts.

3.2.2 Stage 2: Rationale Extraction. Given the context-enriched
claim representations from Stage 1, two independent binary classi-
fiers predict per-claim rationale scores. Each classifier is a multi-
layer perceptron (MLP) with GELU activations and dropout, applied
independently to each claim:

𝑟𝑃𝑖 = 𝜎

(
MLP𝑃 (h𝑃

′
𝑖 )

)
, 𝑟𝐷𝑗 = 𝜎

(
MLP𝐷 (h𝐷

′
𝑗 )

)
, (6)
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where h𝑃
′
𝑖 and h𝐷

′
𝑗 are the Stage 1 outputs, and 𝜎 denotes the

sigmoid function. Logits are clamped before sigmoid for numerical
stability. Here, 𝑟𝑃𝑖 ∈ {0, 1} denotes the ground-truth rationale label,
while 𝑟𝑃𝑖 denotes the corresponding predicted probability.

The two classifiers do not share parameters. This design choice
reflects the structural asymmetry of legal argumentation: plaintiff
claims must affirmatively establish facts such as causation and
damages, while defendant claims primarily seek to rebut or negate,
resulting in systematically different linguistic and semantic patterns
between accepted and rejected claims on each side.

3.2.3 Stage 3: Rationale Pooling. Stage 3 aggregates the variable-
length per-claim representations and rationale scores into fixed-size
case-level evidence vectors for consumption by the TP head.

Fallback-Mixing Pooling. A straightforward approachwould pool
claim representations by weighting each claim proportionally to
its predicted rationale score. However, this is unreliable in early
training when the RE module has not yet converged and all pre-
dicted scores are near 0.5 — in this regime, the weighted pool carries
no more information than a uniform mean pool, while gradients
become unstable.

We therefore adopt a fallback-mixing strategy that blends rationale-
weighted pooling with uniform mean pooling in equal propor-
tions. The softmax-normalized rationale scores provide soft pooling
weights:

𝛼𝑖 =
exp(𝑟𝑃𝑖 )∑
𝑘 exp(𝑟𝑃𝑘 )

. (7)

The final pooled representation is then:

Hre =
1
2

∑︁
𝑖

𝛼𝑖 h𝑃
′
𝑖︸     ︷︷     ︸

rationale-weighted

+ 1
2

1
𝑀

∑︁
𝑖

h𝑃
′
𝑖︸      ︷︷      ︸

mean pool

. (8)

This design ensures that even when RE confidence is low, the
pooled representation remains a meaningful average of all claims,
providing a stable gradient signal to the upstream encoder through-
out training. The defendant-side representation is computed sym-
metrically.

Rationale Statistics. In addition to the pooled embedding vectors,
four summary statistics per side are computed from the rationale
scores and passed directly to the TP head as explicit confidence
signals: maximum score, mean score, sum of scores, and entropy
of the softmax pooling weights. High maximum scores and low
entropy jointly indicate that the RE module is confident and that
evidence is concentrated in a few strongly accepted claims — a
pattern that should directly influence the verdict prediction.

Formally, the plaintiff-side rationale statistics are represented as

s𝑃 = [max(𝑟𝑃 ), mean(𝑟𝑃 ), sum(𝑟𝑃 ), H(𝛼𝑃 )], (9)

whereH(·) denotes entropy over the softmax pooling weights. The
defendant-side statistics s𝐷 are computed analogously.

3.2.4 Stage 4: Tort Prediction. The TP head synthesises the pooled
evidence representations, the RE confidence statistics, and the
global case vector into a final verdict prediction.

RE-Confidence Gating. Before being passed to the verdict predic-
tor, the evidence vectors are modulated by a learned confidence
gate. A small MLP takes the concatenated RE statistics from both
sides as input and produces a gate vector g ∈ (0, 1)𝑑 via sigmoid:

g = 𝜎 (MLP( [s𝑃 ; s𝐷 ])) . (10)

The gate upweights the plaintiff evidence representation by g
and simultaneously downweights the defendant representation by
(1 − g):
H′
𝑃 = LayerNorm(H𝑃 ⊙ g), H′

𝐷 = LayerNorm(H𝐷 ⊙ (1 − g)) .
(11)

Intuitively, when the RE module signals high confidence that
plaintiff claims are accepted and defendant claims are rejected —
reflected by high maximum scores and low entropy on the plaintiff
side — the gate shifts the evidence balance toward the plaintiff,
directly encoding the logical implication that strong plaintiff ratio-
nales should increase the probability of a plaintiff verdict.

Feature Construction and Attention. Rather than concatenating
the evidence vectors into a flat input for the verdict classifier, we
construct a set of semantic feature vectors and treat them as a short
token sequence:

X =
{
H𝑢 , H′

𝑃 , H
′
𝐷 , H

′
𝑃 − H′

𝐷 , H
′
𝑃 ⊙ H′

𝐷

}
. (12)

The difference token captures directional contrast between plain-
tiff and defendant evidence, while the product token captures their
agreement; both follow the interaction feature design of natural
language inference models. These tokens are passed through a
self-attention layer, enabling the model to discover non-trivial in-
teractions among features — for instance, that a large difference is
diagnostic only when the product token is also small. A learned
query vector then aggregates the processed token sequence into a
single pooled representation, in lieu of simple mean pooling.

During training, a label token derived from the ground-truth RE
statistics is prepended to this sequence:

zlabel = LayerNorm
(
Linear( [s𝑔𝑡

𝑃
; s𝑔𝑡
𝐷
])
)
. (13)

This provides an auxiliary supervision signal to the TP head
during early epochs when the RE module is still learning, serving as
a form of multi-modal teacher forcing within the feature attention
block.

Verdict Prediction. The pooled representation is concatenated
with both sides’ rationale statistics and passed through a final MLP:

𝑇 = 𝜎 (MLP( [z; s𝑃 ; s𝐷 ])) . (14)

3.2.5 Training Strategy.

Loss Function. We use binary cross-entropy loss for both tasks,
combined in a weighted sum:

L = 𝜆RE LRE + 𝜆TP LTP . (15)

The loss weights 𝜆RE and 𝜆TP were selected empirically based on
validation performance. Since rationale extraction is computed over
multiple claims per case, its loss magnitude is naturally larger than
the case-level TP loss. To prevent the RE objective from dominating
optimisation, we assign a higher relative weight to the TP objective.
In practice, we found that setting 𝜆RE = 1.0 and 𝜆TP = 2.0 produced
the most stable convergence and best validation performance.
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The TP loss is assigned a higher weight to compensate for the
scale difference: LRE is averaged over all claims (typically 10–30
per case), while LTP is computed once per case. Without this cor-
rection, the RE gradient would dominate and the TP head would
receive insufficient training signal. Samples with missing labels are
excluded from loss computation via masking.

Teacher Forcing. Training a pipeline in which downstream stages
depend on upstream predictions is susceptible to error propagation:
a miscalibrated RE module produces poor pooled representations,
which in turn cause the TP head to learn from noisy inputs. We
address this through a teacher forcing schedule.

During training, the rationale scores used to compute pooling
weights in Stage 3 are replaced by a convex combination of ground-
truth labels and model predictions:

𝑟𝑃𝑖 (𝑒) = 𝜂 (𝑒) · 𝑟𝑃𝑖 +
(
1 − 𝜂 (𝑒)

)
· 𝑟𝑃𝑖 , (16)

where 𝜂 (𝑒) is the mixing coefficient at epoch 𝑒 , linearly annealed
from 1.0 to 0.0 over the first portion of training. In early epochs,
the TP head thus receives near-oracle pooled evidence, allowing it
to develop a meaningful decision boundary before the RE module
has converged. As training progresses, the mixing shifts gradually
toward the model’s own predictions, culminating in fully end-to-
end training.

Optimization. The full model is optimised using AdamW with
layer-wise learning rate scaling: the pre-trained encoder backbone
is fine-tuned at a reduced rate to preserve pre-trained representa-
tions, while all newly initialised modules use the full base rate. A
linear warm-up followed by cosine decay is applied throughout.
Additional training stabilisers include gradient clipping, gradient
accumulation over multiple steps, and mixed-precision training for
computational efficiency.

3.3 Instruction Tuning for Judgement Legal

Prediction

We frame the joint RE and TP problem as an instruction-following
classification task, following recent research on instruction tuning
for legal classification tasks. Rather than treating RE and TP as
separate structured prediction tasks, we convert each legal case
into a natural language prompt and train the LLM to generate the
classification decisions as text responses.

Given a structured legal case comprising undisputed facts U,
plaintiff claims P = {𝑃0, 𝑃1, . . . , 𝑃𝑛−1}, and defendant claims D =

{𝐷0, 𝐷1, . . . , 𝐷𝑚−1}, we construct a prompt that instructs the model
to: (i) identify which claims are accepted by the court (rationale
extraction) and (ii) predict the overall tort decision. The model is
fine-tuned on prompt which response pairs of labels so that it learns
to produce the appropriate classification when given a legal case
description.

3.3.1 Prompt Design. Each training instance follows the ChatML
template with three turns: system, user and assistant. Figure 2 illus-
trates the complete structure.

System turn. Defines the model’s role as a legal reasoning assis-
tant and enforces the two-stage protocol: (i) extract rationales for
all claims, then (ii) predict the tort decision. The strict JSON-only
output schema ensures deterministic parsing at inference time.

{"messages": [
{
"role": "system",
"content": "You are a legal reasoning assistant.
Given the undisputed facts, plaintiff claims, and defendant
claims of a case, predict the final result in JSON format.
Output schema:
{
"tort_affirmed": <boolean>,
"accepted_plaintiff_claims": [<list of plaintiff claim IDs>],
"accepted_defendant_claims": [<list of defendant claim IDs>]
}

Rules:
- Return valid JSON only.
- Do not add explanation.
- Plaintiff claim IDs must use format like "P0", "P1".
- Defendant claim IDs must use format like "D0", "D1"."
},

{
"role": "user",
"content": "Case version: train001.json

Undisputed Facts:
- F0: <fact text>
- F1: <fact text>
...

Plaintiff Claims:
- P0: <claim text>
- P1: <claim text>

Defendant Claims:
- D0: <claim text>
- D1: <claim text>
...
},

{
"role": "assistant",
"content": "{
"tort_affirmed": true,
"accepted_plaintiff_claims": ["P0", "P1"],
"accepted_defendant_claims": ["D1", "D10"]
}"
}
]}

Figure 2: Prompt template for LLM-based joint RE+TP in

JSON messages format. The System turn defines the task

protocol and output schema. The User turn presents the

structured legal case. The Assistant turn is the generation

target; only this turn contributes to the training loss.

User turn. Presents the structured case with three labelled sec-
tions: Undisputed Facts, Plaintiff Claims and Defendant
Claims. Each claim is prefixed with its identifier for unambigu-
ous reference.

Assistant turn (target). The target is a JSON object. Only assistant
tokens contribute to the loss via completion-only masking.

3.3.2 Experimental Settings. We evaluate our instruction-tuning
approach on the COLIEE 2026 LJPJT dataset. Specifically, we fine-
tune two open-weight instruction-tuned large language models
with different model scales and characteristics:
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Table 1: Training hyperparameters and settings for instruction fine-tuning experiments.

Hyperparameter gpt-oss-20b Qwen3.5-27B

LoRA rank 𝑟 16 16
LoRA 𝛼 32 32
LoRA dropout 0.05 0.05
LoRA target layers q,k,v,o,gate,up,down q,k,v,o,gate,up,down
Optimizer Paged AdamW (32-bit) AdamW (8-bit)
Learning rate 2 × 10−4 2 × 10−4
Weight decay 1 × 10−3 1 × 10−3
Max gradient norm 0.3 0.3
LR scheduler Cosine Linear
Warmup steps 5% of total steps 5% of total steps
Training epochs 2 1

• openai/gpt-oss-20b [10]: a 20-billion-parameter dense de-
coder with strong multilingual reasoning capabilities, se-
lected for its performance on Japanese reasoning tasks.

• Qwen/Qwen3.5-27B [12]: a recently released open-weight
large language model that achieves competitive performance
among state-of-the-art open-source LLMs and supports long-
context processing, making it suitable for legal document
understanding.

All experiments are conducted on a single NVIDIA A100 GPU
80GB. The QLoRA configuration enables us to fine-tune both 20B
and 27B parameter models within this memory constraint. Gen-
erated outputs are parsed with a regex-based JSON extractor that
identifies the last valid JSON block; claim identifiers are extracted
from is_accepted fields, and absent claims are treated as rejected.

4 Main results

We submitted three runs to the LJPJT 2026 pilot task:
• TortNLP: a multi-task learning model that jointly learns tort
prediction and rationale extraction.

• TortNLP2: an instruction-tuned large language model based
on gpt-oss-20b using QLoRA fine-tuning.

• TortNLP4: an instruction-tuned large language model based
on Qwen3.5-27B using QLoRA fine-tuning.

Table 2 and 3 presents the experimental results of our three ap-
proaches on the development set for both TP and RE tasks. Our best-
performing system, UIT_run3 based on Qwen3.5-27B, achieves
72.6% accuracy on TP and 68.2% F1-Score on RE.

Performance Comparison. The Qwen3.5-27B model (TortNLP4)
demonstrates superior performance across both subtasks, exceeding
the multi-task learning pipeline (TortNLP) by 8.6% on TP and 7.8%
on RE. Compared to gpt-oss-20b (TortNLP2), Qwen3.5-27B shows
improvements of 8.3 and 15.2% on TP and RE, respectively. This
consistent advantage suggests that the larger model capacity and
more recent architectural improvements in Qwen3.5-27B translate
into better legal reasoning capabilities.

Multi-task Learning vs. LLM-based Approaches. The multi-task
learning pipeline (TortNLP) achieves balanced performance on both

Table 2: Formal Run Results of Tort Prediction.

Rank Run Team Accuracy

1 JAIST-LJPJT25-TP JNLP 72.7%
2 TortNLP4 UIT-TortNLP 72.6%

3 Qwen25 JNLP 68.0%
4 NOWJ1 NOWJ 67.6%
9 TortNLP2 UIT-TortNLP 64.3%
11 TortNLP UIT-TortNLP 64.0%

Table 3: Formal Run Results of Rationale Extraction.

Rank Run Team F1 (All)

1 TortNLP4 UIT-TortNLP 68.2%

2 Qwen3 JNLP 67.4%
3 Qwen25 JNLP 65.6%
4 NOWJ2 NOWJ 64.8%
9 TortNLP UIT-TortNLP 60.4%
12 TortNLP2 UIT-TortNLP 53.0%

tasks (64.0% TP, 60.4% RE), demonstrating the effectiveness of our hi-
erarchical architecture with FiLM conditioning and cross-attention
mechanisms. While this approach does not match the absolute per-
formance of large language models, it offers several advantages: (i)
interpretability through explicit modeling of claim-level rationales,
(ii) computational efficiency with only 310M parameters, and (iii)
stable training through teacher forcing and fallback-mixing pooling
strategies.

Interestingly, gpt-oss-20b (TortNLP2) shows competitive per-
formance on TP (64.3%) but lags significantly on RE (53.0%). This
discrepancy suggests that while the model can capture high-level
patterns for verdict prediction, it struggles with the fine-grained
task of identifying which specific claims are accepted by the court.
This may be attributed to the model’s training objective not being
specifically optimized for structured legal reasoning tasks.
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Qwen3.5-27B Advantages. The strong performance of Qwen3.5-
27B can be attributed to several factors. First, as a recently released
model, it incorporates state-of-the-art architectural improvements
and has been trained on more recent, high-quality data. Second,
its enhanced capacity for processing long legal documents allows
it to capture comprehensive case information without aggressive
truncation. Third, the instruction-tuning paradigm combined with
QLoRA fine-tuning enables efficient adaptation to the legal domain
while preserving the model’s general reasoning abilities.

Notably, Qwen3.5-27B’s performance gap between TP and RE
(4.4%) is smaller than that of gpt-oss-20b(11.3%), indicating more
balanced capabilities across both subtasks. This suggests that the
model successfully learns to perform joint reasoning—extracting
supporting rationales while simultaneously predicting the final
verdict, which aligns with the natural judicial reasoning process.

These findings suggest potential for future work combining the
strengths of both paradigms: leveraging the interpretability and
efficiency of structured neural architectures alongside the powerful
reasoning capabilities of large language models.

5 Conclusion

In this paper, we presented our systems for the COLIEE 2026 pilot
task on Legal Judgment Prediction for Japanese Tort Cases, which
consists of two subtasks: Tort Prediction and Rationale Extraction.
We investigated two different approaches to address this problem:
a structured multi-task learning framework that jointly models
rationale extraction and verdict prediction, and an instruction-
tuned large language model approach using QLoRA for parameter-
efficient adaptation. Experimental results demonstrate that while
the multi-task learning architecture provides competitive perfor-
mance with strong interpretability and efficiency, instruction-tuned
large language models achieve the best overall results. In particular,
our Qwen3.5-27B based system ranks second in Subtask 1 with
72.6% accuracy and first in Subtask 2 with an F1-score of 68.2%.
These findings highlight the effectiveness of instruction tuning
with parameter-efficient fine-tuning for legal judgment prediction
tasks.

For future work, we plan to further explore hybrid approaches
that combine the structured reasoning capabilities of multi-task
learning models with the powerful contextual understanding of
large language models. Such integration may improve both predic-
tive performance and interpretability in complex legal reasoning
tasks.
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Abstract
In Legal QA, conventional text retrieval struggles with complex
statutory structures and citation relationships. To address this, we
propose a multi-stage retrieval and reasoning approach using a
legal-domain-specific knowledge graph (KG) for the COLIEE 2026
SL-QA task. Our KG, based on the Japanese Civil Code, explicitly
structures provisions, keywords, and citations.We conduct an initial
text-based retrieval, followed by graph-based expansion leveraging
citation edges, capturing provisions missed by superficial similarity.
Feeding this structural context into an LLM outperforms baselines
like Text-RAG and LightRAG, highlighting the effectiveness of
integrating legal-specific structures into retrieval and reasoning
pipelines.

CCS Concepts
• Computing methodologies → Information extraction; • Ap-
plied computing → Law; • Information systems → Question
answering.

Keywords
Legal KnowledgeGraph, Information Extraction, Retrieval-Augmented
Generation, Large Language Models, Question Answering

1 Introduction
Recent advancements in natural language processing (NLP) tech-
nologies, particularly large language models (LLMs), have acceler-
ated research in Legal NLP. Among these, legal question answering
(Legal QA) stands out as a core task for automating legal assis-
tance for practitioners and the general public. Unlike general open-
domain QA, Legal QA requires not only generating the correct
answer but also identifying the exact statutory provisions (legal
basis) to be relied upon, followed by rigorous logical reasoning
based on those provisions.

However, legal documents present unique challenges distinct
from general texts. First, the heavy reliance on technical terminol-
ogy frequently results in a superficial vocabularymismatch between
the user query and the statutory provisions. Second, legal docu-
ments exhibit a highly complex structure where a single provision
rarely stands alone. Meaning is often dispersed across conditional
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clauses, exceptions, and explicit cross-references to other provi-
sions (e.g., “the preceding article” or “Articles X through Y”). Due
to these characteristics, conventional retrieval-augmented gener-
ation (RAG) approaches—which naively divide text into chunks
and compute similarities—sever the vital context and dependencies
between provisions. Consequently, it becomes exceedingly difficult
to comprehensively acquire the information necessary for accurate
legal reasoning.

To rigorously evaluate how well a system can navigate these
domain-specific complexities, we focus on a standardized bench-
mark. The target of this study is Task 3 (Statute retrieval and entail-
ment for yes/no questions: SL-QA) of COLIEE 2026.[5] This task
involves determining the truth value of queries based on the Japan-
ese Bar Exam short-answer questions, utilizing the provisions of
the Japanese Civil Code. To derive the correct answer in this task, it
is essential to possess the reasoning capability to comprehensively
and precisely retrieve multiple relevant provisions and correctly
interpret their interrelationships.

Recently, GraphRAG, which represents entities and relation-
ships within documents as a graph structure, has gained attention
as an approach to handle complex structural dependencies. How-
ever, conventional GraphRAG methods designed for general open
domains struggle to accurately extract and represent the domain-
specific hierarchical structures (e.g., provisions and headings) and
the dense cross-reference relationships unique to legal documents.
Meanwhile, recent advancements in knowledge graph (KG)-based
retrieval demonstrate the effectiveness of executing local text re-
trieval and global structural retrieval separately before integrating
them. To achieve high-precision complex reasoning (SL-QA) in the
legal domain, a mechanism that integrates not only the superfi-
cial semantics of the text but also these structural dependencies is
indispensable.

Therefore, rather than relying on a generic framework, this study
proposes a multi-stage retrieval approach tailored specifically to
the legal domain. This approach integrates multifaceted textual
and structural information by constructing a custom legal knowl-
edge graph. Focusing on the Japanese Civil Code, we construct a
Knowledge Graph that defines “Article,” “Caption,” and “Keyword”
as entities. In addition to the conceptual relationships connecting
them, we explicitly model the citation relationships (refer_to) be-
tween provisions. During inference, our system retrieves lexically
and semantically relevant provisions by combining node retrieval
based on keywords extracted by the LLMwith vector retrieval based
on the full query text. Furthermore, we perform a 1-hop graph ex-
pansion using the citation relationships on the KG to complement
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the referenced provisions. Finally, the context integrating the re-
trieved text and the structural information of the graph is fed into
the LLM to perform the truth-value prediction.

Through these efforts, our primary contributions are threefold.
First, we propose a multi-stage retrieval and reasoning framework
tailored to the complex structural dependencies of statutory texts.
Second, we construct a domain-specific knowledge graph for the
Japanese Civil Code that explicitly models citation relationships.
Finally, we show that this approach significantly outperforms base-
lines like Text-RAG and LightRAG on the COLIEE 2026 SL-QA
task.

2 Task Description
2.1 SL-QA Task
Task 3 of COLIEE 2026, titled “Statute retrieval and entailment for
yes/no questions” (SL-QA), is formulated as a problem combining
statutory provision retrieval with legal reasoning. In this task, given
the provisions of the Japanese Civil Code and a legal statement
(query) written in Japanese, the system is required to determine
whether the query is true or false based on the provided statutes.

Specifically, for each query, the system must determine its truth
value using the relevant provisions as the basis. The output is a
binary classification, returning “Y” if the query is legally correct
and “N” otherwise.

This task requires not only understanding the semantic relation-
ship between the query and the provisions but also performing
legally valid reasoning based on their content and explicitly identi-
fying the supporting provisions. Therefore, the primary objective
of this task is to evaluate the capabilities of legal document under-
standing and complex legal reasoning.

2.2 Datasets
For the SL-QA task, a dataset comprising the provisions from Parts
1 to 4 of the Japanese Civil Code (787 provisions) and queries an-
swerable based on these provisions is provided. The queries are
derived from the choices of true/false questions in the Japanese Bar
Exam’s short-answer test.

The dataset contains a total of 1,223 queries for training and
evaluation. Each query is annotated with a ground-truth label (“Y”
or “N”) and the IDs of the provisions that serve as the basis for the
judgment. In this study, we utilize 73 queries extracted from the
Reiwa 6 (2024) Bar Exam as the evaluation data.

2.3 Metrics
System performance is evaluated based on the agreement between
the submitted predictions and the ground-truth labels. In this task,
𝑊𝑆_𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 and the 𝐹2 score, as defined by the workshop, are
utilized as evaluation metrics.

𝑊𝑆_𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑐𝑜𝑟𝑟𝑒𝑐𝑡

𝑁𝑎𝑙𝑙

(1)

Here, 𝑁𝑐𝑜𝑟𝑟𝑒𝑐𝑡 represents the number of queries for which all
relevant provisions were successfully retrieved and the truth value
of the query was correctly predicted based on that retrieved infor-
mation, while 𝑁𝑎𝑙𝑙 represents the total number of queries.

𝐹2 =
5 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

4 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(2)

The primary evaluation metric is𝑊𝑆_𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦, and in cases
where the𝑊𝑆_𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 is tied between systems, the 𝐹2 score is
employed as a secondary metric.

3 Related Work
To clarify the background of our proposed method, this section
reviews three related research areas. First, Section 3.1 discusses Le-
gal Article Retrieval, which focuses on the challenge of finding the
relevant statutory provisions. Second, Section 3.2 covers Legal QA,
which focuses on how to reason andmake judgments based on those
retrieved provisions. Finally, Section 3.3 introduces GraphRAG.
While the first two sections describe the domain-specific tasks and
their challenges, GraphRAG represents the core methodology we
adopt to solve them by explicitly modeling the structural relation-
ships of legal texts.

3.1 Legal Article Retrieval
Information retrieval targeting legal documents is a fundamental
challenge in Legal NLP, where the search and identification of rele-
vant statutory provisions constitute a critical research theme. It has
been pointed out that, compared to general texts, legal documents
possess unique characteristics: they are inherently lengthy, heavily
laden with technical terminology, and their semantics are often
dispersed across multiple provisions due to conditions, exceptions,
and cross-reference relationships[1].

The Competition on Legal Information Extraction/Entailment
(COLIEE) is an international competition aimed at advancing foun-
dational technologies for legal document processing[12]. Tradition-
ally, Task 3 (Statute Law Retrieval) in COLIEE has been formulated
as the task of retrieving relevant provisions from a corpus of Japan-
ese Civil Code articles in response to a legal query[3]. In recent
iterations of Task 3, multi-stage retrieval pipelines combining lexical
search methods like BM25[13] with dense retrieval and reranking
have become the mainstream approach. For instance, JNLP[11]
proposed a multi-stage pipeline comprising pre-retrieval based on
dense retrieval, fine-tuning for query-article relevance judgment,
and reranking, thereby demonstrating high retrieval performance.
Similarly, CAPTAIN[10] achieved strong results in Task 3 through
an approach that combines zero-shot retrieval using LLMs with
fine-tuned LLMs.

Furthermore, INFA[9] proposed a method that represents the
hierarchical structure of statutes as a graph and enhances provision
representations using Graph Neural Networks. This underscores
the utility of explicitly leveraging the structural information of
provisions in legal retrieval. Additionally, OVGU[15] proposed an
approach that constructs and retrieves from a knowledge graph
integrating statutory provisions, commentaries, and precedent data.

Consequently, beyond mere text similarity-based retrieval, the
utilization of multi-stage retrieval and structural information has
become crucial in legal provision retrieval. Building upon these
prior studies, this research aims to improve relevant provision
retrieval by employing a KG that explicitly integrates headings,
keywords, and citation relationships.

137



SCIlab at COLIEE 2026: Knowledge Graph-Augmented Retrieval and Reasoning for Legal Question Answering COLIEE 2026, June 12, 2026, Singapore

3.2 Question Answering in the Legal Domain
The domain-specific difficulties of legal documents discussed in the
previous subsection are particularly pronounced in legal question
answering (Legal QA). Specifically, adequately retrieving relevant
provisions for a given question and, when necessary, integrating
multiple provisions or paragraphs to make a judgment constitutes
a central challenge. Recent studies emphasize that Legal QA is not
merely about document retrieval or answer generation; rather, the
critical issue lies in how to bridge the acquisition of supporting
provisions with the subsequent reasoning based upon them[1].

To address this challenge, numerous studies have adopted retrieval-
based frameworks. Khazaeli et al. improved answer retrieval per-
formance in Legal QA by combining sparse retrieval via BM25 with
dense retrieval using semantic vectors, followed by reranking with
BERT[6]. Louis et al. proposed a retrieve-then-read approach where
relevant statutes are first retrieved before an LLM generates the
answer[8]. Their method enhances transparency by presenting the
supporting statutory paragraphs alongside the answer. These stud-
ies demonstrate the paramount importance of acquiring appropriate
legal grounding as a first step in Legal QA.

On the other hand, a single provision is often insufficient in
Legal QA, necessitating the joint handling of multiple pieces of evi-
dence. Li et al. proposed a method utilizing a Graph-Based Evidence
Retrieval and Aggregation Network (GESAN) to perform reason-
ing while aggregating multiple retrieved pieces of evidence[7] .
Furthermore, Sovrano et al. introduced DiscoLQA[14], which fo-
cuses on discourse structures such as Elementary Discourse Units
and Abstract Meaning Representations to more accurately retrieve
crucial segments within legal documents. These works illustrate
that considering the relationships between evidence and document
structure, rather than relying solely on superficial lexical matching,
is highly effective in Legal QA.

The SL-QA task targeted in this study is also positioned as a
type of Legal QA, as it involves determining the truth value of a
query based on statutory provisions. However, rather than gener-
ating fluent responses, the crux of this task lies in appropriately
acquiring the relevant supporting provisions and determining the
truth value by taking into account the interrelationships among
those provisions. Therefore, by explicitly providing the LLM with
structural information, including citation relationships, this study
aims to realize more robust truth-value prediction based on multi-
ple supporting provisions.As discussed in the previous subsections,
leveraging the structural information of legal documents is essential
for effective retrieval. To achieve this, GraphRAG, which utilizes a
knowledge graph to map these relationships, is a highly effective
solution. Therefore, this study adopts a GraphRAG-based approach
as our foundational framework.

3.3 GraphRAG
Retrieval-Augmented Generation (RAG) is widely used as a frame-
work to provide LLMs with external knowledge, thereby generating
responses while mitigating knowledge deficits and hallucinations.
Conversely, conventional text-based RAG typically retrieves docu-
ments as isolated chunks, making it difficult to adequately handle
inter-document relationships and structural dependencies. Particu-
larly in legal documents, where cross-references between provisions

and the hierarchical structure of legal codes are critical, searches
relying solely on superficial text similarity are prone to limitations.

To overcome this challenge, GraphRAGhas been proposed, which
represents entities and relationships within documents as a KG to
be utilized for retrieval and generation. Edge et al. enabled an-
swering global questions across entire documents by hierarchi-
cally clustering extracted entities into communities and generating
prior summaries using LLMs[2]. However, the enormous compu-
tational cost of summary generation and the difficulty of dynamic
updates remained significant issues. In response, Guo et al. proposed
LightRAG[4], which employs a dual-level retrieval integrating lo-
cal entity search and global relationship search. This approach
eliminates the need for high-cost prior summarization, enabling
low-computational-overhead and incremental knowledge updates.

These studies demonstrate the efficacy of explicitly handling rela-
tionships between entities and document structures in RAG, going
beyond mere text retrieval. Aligned with this trajectory, the present
study aims to improve relevant provision retrieval and truth-value
prediction by employing a KG that integrates headings, keywords,
and citation relationships specific to statutory provisions.

4 Methodology
4.1 Overview
In the SL-QA task, it is necessary to understand the semantic re-
lationship between a query and statutory provisions to determine
the truth value of the query based on those provisions. However,
because legal documents possess a complex structure involving
citation relationships between provisions (e.g., “the preceding arti-
cle” or “Articles X through Y”), it is often difficult to appropriately
retrieve the relevant provisions using simple text retrieval alone.
These citation relationships are frequently described implicitly in
the text, making it challenging to explicitly identify which provi-
sions are being referenced. Therefore, to correctly retrieve relevant
provisions and utilize them during reasoning, it is imperative to
explicitly interpret and leverage these citation relationships.

To address this, we propose a method utilizing a knowledge
graph (KG) to explicitly represent the citation relationships between
provisions. Furthermore, by combining conceptual relevance based
on keywords and headings with contextual similarity via vector
search, our approach aims to retrieve relevant provisions from
multiple perspectives.

Figure 1 illustrates the overview of the proposed system. Our
method primarily consists of three steps. First, we construct a legal
knowledge graph using statutory provisions and external data.
Second, for an input query, we retrieve relevant provisions through
a multi-stage retrieval process that combines keyword-based search
and vector search, followed by graph expansion based on citation
relationships. Finally, the retrieved provision chunks and the entity-
relation information obtained from the KG are integrated into a
structured context. This context is then fed into a large language
model (LLM) to perform reasoning and determine the truth value
of the query.

4.2 KG Construction
In this study, we construct a KG to structurally represent statu-
tory provisions and their related information, thereby explicitly
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Figure 1: Overview of the proposed system

handling the relationships between provisions. In legal documents,
individual provisions rarely exist in isolation; rather, their mean-
ings are supplemented, or specific conditions are appended, by
referencing other provisions. To adequately handle such structural
dependencies, it is effective to represent them not merely as a col-
lection of texts but as a graph structure comprising entities and
relations.

Our KG centrally features provision entities and integrates con-
ceptual information, such as headings and keywords, along with
the citation relationships between provisions. This allows the sys-
tem to process information from three distinct perspectives: the
content, the theme, and the structure of the provisions.

4.2.1 Entity Definition. First, we categorize and explain the entities
created for the KG. The entities in our KG are classified into the
following three types:

• Article: An entity representing each statutory provision,
corresponding to the text of the provision. In this study, the
title of each entity is set to “Article X,” and the description
stores the corresponding text. The target comprises 787 pro-
visions, resulting in the generation of 787 Article entities.
These serve as the central nodes in our research.

• Caption: An entity representing the heading of a provi-
sion. Most provisions are accompanied by a corresponding
heading. The Caption functions as a concise indicator of the
subject or main point of the provision. Among the 787 provi-
sions, 742 have corresponding headings, which are generated
as Caption entities.

• Keyword: An entity representing keywords related to the
content of a provision, introduced to capture the concep-
tual relevance between provisions. We automatically extract
these keywords from each provision using an LLM.

Specifically, we prompt the LLM with the text of each provi-
sion to extract keywords across multiple categories, taking
into account the semantic structure of the provision. We
define the following categories:
– Rights/Duties: Legally recognized rights and imposed
obligations (e.g., ownership, obligation to pay).

– Persons: Entities that are the subjects of rights or duties
(e.g., manager, pledgee).

– Legal Effects/Outcomes: Legal effects or conclusions
that arise when certain requirements are met (e.g., inva-
lidity, rescission).

– Legal Actions: Acts or procedures that hold legal signifi-
cance (e.g., claim for damages, mandate).

– Legal States/Situations: Legal states or situations con-
cerning specific subjects or objects (e.g., mental disability,
minor).

– Legal Concepts: Abstract concepts or objects used in law
(e.g., co-owned property, appurtenance).

Extracting keywords by category in this manner allows for
the explicit representation of elements such as “subjects,”
“actions,” “concepts,” and “effects” contained within the pro-
visions. This enables a more structural understanding of the
provision’s content.
Although there is no gold-standard dataset for legal keyword
extraction and category assignment in this task, manual in-
spection confirmed that the extracted keywords generally
captured legally salient concepts and were assigned to ap-
propriate categories.
Furthermore, analysis of the has_keyword relations showed
that more than 50to only a small number of provisions, indi-
cating that many keywords captured provision-specific legal
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concepts rather than overly generic terms. These unique key-
words functioned effectively as retrieval anchors, helping
connect semantically related queries to the corresponding
statutory provisions even when direct lexical overlap was
limited.

By introducing these entities, we can represent auxiliary infor-
mation, such as themes and concepts, on the graph in addition to
the superficial textual information of the provisions.

4.2.2 Relation Definition. Next, we describe the relations defined
to construct the KG. To explicitly represent the connections be-
tween entities, we classify relations according to their roles into
the following three types:

• has_caption: A relation connecting an Article entity to its
corresponding Caption entity. It serves an auxiliary role in
expressing the subject or main point of the provision.

• has_keyword: A relation connecting an Article entity to a
related Keyword entity. It expresses conceptual information
contained in the provision and captures thematic connec-
tions between relevant provisions through shared keywords.

• refer_to: A relation representing citation relationships be-
tween provisions, explicitly denoting references to other
provisions.

While has_caption and has_keyword supplement the content
of a provision by adding thematic and conceptual information,
refer_to expresses the structural relationship between provisions
and is a particularly crucial relation in this study.

Legal documents frequently refer to other provisions using el-
liptical expressions such as “the preceding article,” “the following
article,” or “Articles X through Y.” While humans can easily inter-
pret such expressions from context, text-based methods struggle to
accurately identify the referenced targets and utilize them properly
in reasoning.

In this study, we analyze these referential expressions and as-
sign refer_to relations between the corresponding Article entities,
thereby explicitly representing the citation relationships on the KG.
This enables the mechanical handling of dependencies and connec-
tions between provisions.

Furthermore, these explicitly defined citation relationships are
not only utilized to retrieve an expanded set of relevant provisions
in subsequent retrieval stages but also function as auxiliary informa-
tion during LLM reasoning. This relation plays an especially vital
role when understanding a particular provision requires reference
to another.

4.2.3 Construction Process. The KG is constructed from the statu-
tory provision texts and related information through the following
procedure.

First, each provision is registered as an Article entity, holding
the provision text as its description. Additionally, the heading in-
formation accompanying each provision is generated as a Caption
entity and connected to the corresponding Article entity via the
has_caption relation.

Next, using the text of each provision as input, we perform
keyword extraction using an LLM to generate Keyword entities
based on categories such as persons, actions, concepts, and effects.

Figure 2: Structure of the constructed knowledge graph

These keywords are connected to the corresponding Article entities
using the has_keyword relation.

Furthermore, referential expressions (e.g., “the preceding article,”
“the following article,” “Articles X through Y”) within the provisions
are extracted through a combination of LLM processing and manual
verification. The LLM demonstrated high reliability in identifying
these relations; manual verification was required for only a few per-
cent of the cases to resolve minor ambiguities or complex citations,
ensuring the integrity of the refer_to edges.

Ultimately, by integrating these entities and relations, we con-
struct a KG that encompasses the content, themes, conceptual infor-
mation, and structural relationships of the provisions. As illustrated
in Figure 2, this KG features a structure where Article entities serve
as the central nodes, with Caption and Keyword entities connected
peripherally, and Article entities interconnected via refer_to rela-
tions.

4.3 Multi-stage Retrieval
We propose a multi-stage retrieval approach utilizing the KG to
progressively acquire Article entities relevant to the query. To com-
plementarily retrieve relevant provisions that are difficult to ob-
tain using a single retrieval method, we combine a keyword-based
search with a dense retrieval method using the full text of the query.

The proposed method broadly consists of the following three
stages.

4.3.1 Keyword-based Node Retrieval. First, we use an LLM to ex-
tract keywords from the input query. The extracted keywords fall
under categories such as persons, legal actions, legal concepts, and
legal effects, effectively representing the semantic features of the
query. The keyword categories and prompts used during extraction
are identical to those described in Section 4.2.
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Next, using the extracted keywords, we perform a similarity
search against the Keyword and Caption entities on the KG. In this
process, embeddings are generated using each extracted keyword
string on the query side, and the names of the entities on the target
side. Entities with high cosine similarity between these vectors are
selected.

Subsequently, we traverse the has_keyword relations connected
to the retrieved Keyword entities and the has_caption relations
connected to the Caption entities to obtain the corresponding Arti-
cle entities. This process allows the system to acquire conceptually
related provisions or provisions that define crucial vocabulary as
background knowledge, even when there is low superficial lexical
overlap with the query.

4.3.2 Vector-based Article Retrieval. Following this, we perform a
vector search using the full text of the query as input to retrieve
highly relevant Article entities based on text similarity. Here, the
full query text is used on the query side, while a concatenation
of the Article entity is used as the target. These are vectorized by
the embedding model, and entities with high cosine similarity are
selected.

4.3.3 Graph-based Expansion. Finally, starting from the Article
entities retrieved in the preceding stages (Section 4.3), we expand
the set of relevant provisions by performing a 1-hop traversal of
the refer_to relations on the KG.

Specifically, for each Article entity, we retrieve its referenced
provisions and add them as new relevant provision candidates.
This process makes it possible to complementarily acquire relevant
provisions via citation relationships, even if those provisions were
not directly retrieved in the initial searches.

In legal documents, the content of a provision is frequently stip-
ulated based on the premise of other provisions. The referenced
provisions may restrict or expand the scope of application of the
referring provision. In such cases, failing to retrieve the referenced
provisions makes it difficult to accurately interpret the meaning
of the referring provision, potentially leading to errors in the final
judgment.

Therefore, expanding the provision set through graph traver-
sal using the refer_to relation enables a more comprehensive
retrieval of provisions that accounts for inter-provision dependen-
cies. Such expansion based on structural relationships plays a vital
role in supplementing the prerequisite knowledge required for sub-
sequent reasoning.

Through thismulti-stage retrieval, our system integrates keyword-
level precision with broader structural context. While keywords
serve as efficient anchors to pinpoint relevant nodes, the subse-
quent graph expansion re-integrates the logical relationships—such
as those between legal requirements and effects—by traversing cita-
tion edges. Furthermore, by providing the LLM with the complete
original text of all identified provisions rather than isolated key-
words, we ensure that the full legal discourse is preserved for the
final reasoning stage.

4.4 LLM Reasoning
In this study, we integrate the KG elements and textual information
acquired through the multi-stage retrieval to perform reasoning

using an LLM. Rather than simply inputting the provision texts, we
construct a context that integrates the structural information ob-
tained during the retrieval process, thereby realizing more accurate
legal reasoning.

First, through the multi-stage retrieval described in the previ-
ous section, relevant entities are acquired via keyword-based node
retrieval, vector-based article retrieval, and graph expansion. Specif-
ically, Caption and Keyword entities related to the keywords, Article
entities derived from the full-query search, and additional Article
entities expanded via the refer_to relation are aggregated.

Next, these retrieval results are transformed into a text format
processable by the LLM. Rather than inputting the raw graph struc-
ture, we construct the context by enumerating entity information
(name, type, and description), the relationships between entities
(source, target, and relation type), and the associated provision
texts.

By explicitly providing this integrated information from the KG
and retrieval results, the LLM can perform reasoning that accounts
for inter-provision relationships and auxiliary information. In par-
ticular, the dependencies between provisions made explicit by the
refer_to relation function effectively to supplement interpreta-
tions in cases where individual provisions alone are insufficient.

The constructed context is formatted into a prompt in the follow-
ing order: “Instruction,” “Retrieved Context,” “Query,” and “Output
Constraints” and then fed into the LLM. As an output constraint,
we specify that the answer must be exclusively either “Y” or “N”. To
prevent excessive bloating of the context, we impose a maximum
token limit of 4,096 tokens on the entity and relation information.

As described above, by converting the KG retrieval results into a
text context suitable for reasoning and inputting it into the LLM,
our method achieves more consistent legal reasoning that considers
structural information, compared to simple text input.

5 Results
5.1 Experimental Settings
Our team, SCIlab, submitted our system under the run ID SCIlab-1.
In our experiments, we used Qwen/Qwen3-32B-AWQ1 as the LLM
for keyword extraction and truth-value prediction. For the dense
retrieval component, we employed Qwen/Qwen-embedding-8b2 to
generate vector representations for both the queries and the legal
provisions.

5.2 Overall Performance
In this section, we evaluate the overall performance of the pro-
posed method. First, we present the final prediction performance
of our approach on the SL-QA task, comparing it with external
participating systems and representative baseline methods. Note
that the comparison with external systems utilizes the results on
the official test set, while the comparison with baseline methods
and the subsequent ablation studies employ the evaluation set.

First, Table 1 presents the comparison results with top-ranked
external systems on the official test set (R07). As the evaluation
metric, we use𝑊𝑆_𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦, defined in Section 2.3. Our proposed
system, SCIlab-1, achieved a𝑊𝑆_𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 of 0.8049 and a Recall of
1https://huggingface.co/Qwen/Qwen3-32B-AWQ
2https://huggingface.co/Qwen/Qwen3-Embedding-8B
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Table 1: Comparison with top-ranked external systems on
the official test set (R07).

Method WS_Accuracy F2 score Recall
NOWJ 0.9512 0.2224 1.0000
JNLP 0.9024 0.7796 1.0000
SCIlab-1(ours) 0.8049 0.0612 0.9268

0.9268. While this recall indicates that the overall retrieval pipeline,
including graph expansion, succeeds in retrieving the majority of
the necessary provisions, it falls short of the perfect recall (1.0000)
shown by the top-ranked systems, NOWJ and JNLP.

To further analyze the contribution of each retrieval stage, we
conducted an analysis on the R07 dataset. Among the 90 gold rele-
vant provisions, 79 were successfully retrieved through keyword-
based retrieval and full-text provision retrieval prior to graph expan-
sion. In addition, graph expansion retrieved 5 additional relevant
provisions that were not obtained before expansion.

Furthermore, among the 79 retrieved provisions, 6 were identi-
fied only through keyword-based retrieval and were not retrieved
by full-text provision matching alone.

These results suggest that keyword-based retrieval and graph ex-
pansion complement conventional full-text retrieval by improving
coverage of semantically related legal provisions.

Next, Table 2 shows the comparison results with representative
baseline methods on the evaluation set (R06). In this study, we
established the following methods for comparison:

• Text-RAG: A method that does not utilize a KG. It retrieves
the top provisions based solely on the vector similarity be-
tween the full query text and the provision texts, and inputs
them into the LLM for reasoning.

• LightRAG: A method based on a general-purpose KG-RAG
framework. It constructs a KG using triples extracted from
legal provision texts via an LLM, and performs retrieval and
reasoning.

• Proposed Method: Our approach, which integrates key-
word retrieval, full-text vector retrieval, and graph expansion
via refer_to relations.

It should be noted that Table 2 reports simple True/False (T/F)
accuracy instead of WS_Accuracy. Since our method uses dynamic
graph expansion, the number of retrieved provisions varies per
query, unlike fixed-chunk baselines. Furthermore, as the LightRAG
baseline decomposes provisions into sub-article entities during KG
construction, it is inherently difficult to measure whether specific
legal provisions were “correctly” retrieved in their entirety. There-
fore, to purely evaluate the effect of structured context on the LLM’s
reasoning performance without the confounding factor of retrieval
penalties, we adopted T/F accuracy as the most appropriate metric
for this comparison.

The proposed method demonstrates higher performance com-
pared to the Text-RAG baseline, confirming the effectiveness of
retrieval and context construction that account for the structural
relationships unique to legal documents. Furthermore, our method
outperforms LightRAG, suggesting that a KG explicitly incorpo-
rating the reference structure, headings, and keyword information

Table 2: Comparisonwith baselinemethods on the evaluation
set (R06).

Method Accuracy (R06)
Text-RAG 0.671
LightRAG 0.658
SCIlab-1(ours) 0.753

of legal provisions is more effective for this task than a general-
purpose, triple-based KG construction.

From the above results, the proposed method exhibits competi-
tive performance on the official test set and achieves higher accu-
racy on the evaluation set compared to both simple text similarity-
based retrieval and a general-purpose KG-RAG method. These find-
ings underscore the effectiveness of considering the domain-specific
structural relationships inherent in legal documents.

5.3 Failure Case Analysis
In this section, we conduct a qualitative analysis to understand the
behavior of the proposed method in greater detail. Specifically, we
perform a failure analysis targeting misclassified cases and examine
how the retrieved set of provisions influenced the final judgment.
Table 3 illustrates representative failure cases.

Through the analysis of these failure cases, we identified that
the causes of misclassification can be primarily categorized into
the following three factors:

First, the limitations of the LLM’s legal reasoning capabilities
and condition application (e.g., cases similar to R06-01-A in Table
3). Although the necessary provisions are successfully retrieved,
instances were observed where the LLM could not accurately inter-
pret or integrate their application conditions and exception clauses.
In the legal domain, principles and exceptions are frequently de-
scribed across multiple provisions, requiring strict differentiation
of similar requirements (e.g., the subtle difference between “lacking
the capacity to discern matters of fact” and being “significantly im-
paired”). Although this type of failure has substantially decreased
compared to the Text-RAG baseline, limitations in the LLM’s zero-
shot reasoning remain and represent a challenge for future work.

Second, the bloating of the context and the introduction of noise
caused by graph expansion (e.g., 06-05-U in Table 3). While ex-
pansion via the refer_to relation is effective for comprehensive
retrieval, not all referenced targets are directly necessary for deter-
mining the truth value of a given query. Consequently, the retrieved
context becomes excessively long, causing the crucial provisions
that serve as the basis for the correct answer to be relatively buried.
As a result, even though the relevant provisions themselves are
provided to the LLM, it fails to appropriately extract them as the
basis for reasoning.

Third, retrieval omissions in the initial stage caused by the ac-
curacy of legal concept extraction and orthographical variations.
Inadequate extraction of legal concepts from the query occasionally
led to the system overlooking provisions necessary for the correct
answer during the keyword-based retrieval stage. Additionally, a
structural issue was identified during KG construction, wherein
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Table 3: Examples of failure cases and their possible causes.

Query ID Query Gold Pred. Possible cause
R06-01-A When a petition is filed to establish guardianship for a

personwho, due to amental disability, is in a state where
they lack the capacity to discernmatters of fact, the Fam-
ily Court may issue an order establishing guardianship.

N Y The LLM failed to distinguish the subtle le-
gal distinction between a person who “lacks
the capacity to discern matters of fact” and
one whose capacity is “significantly im-
paired.”

R06-05-U If a contract is entered into between A and B stating, “If
B marries C, A shall transfer Plot A, which A owns, to
B,” then B may not transfer B’s rights under the contract
between A and B to a third party while the fulfillment
of that condition remains undetermined.

N Y Relevant provisions were correctly re-
trieved from the KG, but the excessive
length of the provided context prevented
the LLM from identifying the correct basis
for reasoning.

substantially identical legal concepts extracted from different pro-
visions were registered as distinct entities due to slight orthograph-
ical variations. Future prospects for addressing these issues include
introducing a process to normalize and aggregate synonyms by
clustering the extracted entity groups, as well as optimizing the
weighting in the ensemble with vector retrieval. These enhance-
ments are expected to improve retrieval comprehensiveness and
further elevate the overall accuracy of the system.

6 Conclusion
In this study, we proposed a multi-stage retrieval and reasoning
approach utilizing a legal-domain-specific knowledge graph for
the statute law-based truth-value prediction task (SL-QA) at COL-
IEE 2026. To address the complex dependencies unique to legal
documents, we constructed a KG that explicitly represents the ci-
tation relationships (refer_to) between provisions, in addition
to the conceptual connections among provisions, headings, and
keywords. By combining graph expansion retrieval leveraging this
structural information with LLM-based reasoning, our approach
achieved performance superior to conventional text-based RAG
and general-purpose KG-RAG methods, thereby demonstrating the
critical importance of structural context in the legal domain.

For future work, the primary challenge lies in mitigating the
noise introduced by graph expansion. To address this, dynamic rel-
evance filtering must be introduced to restrict the expansion scope
to provisions strictly necessary for reasoning. Additionally, further
enhancements require optimizing the LLM’s capability to handle
complex legal conditions through advanced prompting, alongside
refining the initial retrieval stage via legal concept clustering.
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A Keyword Extraction Prompt
The following prompt template was used to extract legal keywords
from statutory provisions for knowledge graph construction. For
brevity, we present a simplified version of the actual prompt.

You are an expert in legal knowledge graph construc-
tion.
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Given a Japanese statutory provision, extract 3–10
important legal keywords that can function as nodes
in a legal knowledge graph.
Prioritize legally salient concepts over overly generic
terms.
Preferred categories include:
• Rights / Duties
• Persons
• Legal Effects / Outcomes
• Legal Actions
• Legal States / Situations
• Legal Concepts
Additional constraints:
• Prefer concise legal expressions appearing in the
original text.

• Avoid references to specific article numbers or ex-
pressions such as “the preceding article” or “this
Act.”

• Return JSON format only.
Output Format:
{

"article_id": "...",
"keywords": [

{
"name": "...",
"role": "..."

}
]

}

Input:
Article ID: ...
Provision Text: ...
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Abstract
Legal entailment based on statutory articles constitutes an impor-
tant challenge in legal information systems. The COLIEE statute
law tasks (Task 3 and 4) are designed to address this problem using
Japanese Bar Examination data and civil law articles. This paper
presents our approach to Task 3, which adopts a multi-stage frame-
work that integrates retrieval and reasoning, rather than treating
them as independent components.

The proposed framework first lets a large language model (LLM)
attempt to solve the question directly and uses the generated rea-
soning output for the query to retrieve corresponding articles in the
database. The retrieved candidates are then merged with articles
obtained from the original query, expanded throughmutatis mutan-
dis relations, and refined by an explicit article selection step before
the final entailment decision is made. One practical advantage of
this design is that it improves retrieval quality without relying on
embedding-based retrieval or additional task-specific tuning.

Official COLIEE 2026 results show that our Task 3 runs achieved
strong retrieval performance, with the best run attaining the highest
F2 among the representative runs reported in this paper. At the
same time, the official Task 3 accuracy and Task 4 results indicate
that strong retrieval quality alone is not sufficient for the best end-
to-end performance, and that the entailment stage remains a major
source of error. Ablation studies on the 2024 and 2025 datasets
further support this interpretation: reasoning-guided retrieval and
mutatis mutandis expansion mainly improve recall and gold-article
coverage, whereas article selection improves precision, F2, and the
quality of the final evidence set. The implementation is available at
https://github.com/kawauso24/coliee2026.

CCS Concepts
• Applied computing → Law; • Information systems → Ques-
tion answering; • Computing methodologies → Natural lan-
guage processing.
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1 Introduction
TheCompetition on Legal Information Extraction/Entailment (COL-
IEE) [18] provides a shared benchmark for legal information re-
trieval, legal entailment, and related reasoning tasks. Among its
subtasks, COLIEE 2026 Task 3 [12] addresses statute retrieval and
entailment for Yes/No legal questions, requiring systems to return
both relevant statutory articles and an entailment decision.

A common approach to legal information retrieval is to rank
candidate provisions according to lexical or semantic similarity be-
tween the query and the article text. Typical lexical approaches rely
on sparse retrieval methods such as BM25 [19], whereas semantic
approaches often rely on dense retrieval models [13] to capture
contextual similarity [9, 16]. While effective in many cases, these
approaches do not fully capture the nature of legal problem-solving.
Articles that are necessary for resolving a legal question are not
always those that are most similar to the wording of the query.
A legally important provision may be expressed indirectly, may
be connected through a referenced or applicable article, or may
become necessary only after the legal issue is properly interpreted.

This suggests that, especially in integrated legal question an-
swering, retrieval should not be viewed merely as an independent
ranking step that precedes reasoning [10]. Rather, statute retrieval
should be guided not only by similarity to the query, but also by
the role that candidate articles play in the overall problem-solving
process.

Motivated by this perspective, we propose a framework that
incorporates end-to-end problem-solving into statute retrieval. In-
stead of relying only on the original query, we first let a large
language model (LLM) [4, 21] attempt to solve the legal question di-
rectly. Although such outputs often contain hallucinated or legally
inaccurate content [3, 11], they may still provide useful retrieval
cues in the form of terms, concepts, and issue formulations [8, 22].
We retrieve statutory articles from these generated cues using BM25
and combine them with articles retrieved from the original query.
We further expand the candidate set by adding articles connected
through mutatis mutandis (Junyo) relations, and then perform rea-
soning conditioned on the candidate articles. To reduce noise from
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irrelevant retrieved articles [20], the model is required to explicitly
select the articles it actually relied on, inspired by prior work on
evidence selection [25]. The final entailment decision is then made
using only those selected articles.

We evaluate the proposed framework on COLIEE 2026 Task 3,
analyze each module by ablation, and report Task 4 results to better
understand the entailment component.

2 Related Work
2.1 Legal Information Retrieval for Statute

Retrieval
Legal information retrieval has commonly been formulated as a
ranking problem based on lexical or semantic similarity between a
query and candidate legal texts. Lexical approaches are typically
implemented with sparse retrieval methods such as BM25 [19],
while semantic approaches often rely on dense retrieval models
[13] trained to capture contextual similarity.

In legal retrieval, both classes of methods have been actively
studied, and competition settings such as COLIEE have further en-
couraged the development of retrieval systems for statute and case
law tasks [9, 16]. These approaches have shown that both sparse
and dense retrieval can be effective depending on the legal domain
and the structure of the underlying texts. From an operational per-
spective, sparse retrieval methods are also attractive in statutory
domains, since updates to the target corpus can be reflected directly
through re-indexing, whereas dense models may require additional
adaptation or retraining to stay aligned with revised legal texts.

However, existing retrieval methods generally treat retrieval as
a similarity-based ranking problem, where the main objective is
to retrieve texts that resemble the query at the lexical or semantic
level. In contrast, our work focuses on retrieving articles that are
actually useful for solving the legal question, even when they are
not the most similar ones on the surface.

2.2 LLMs for Legal Reasoning
Large language models [4, 21] have recently been applied to a wide
range of legal tasks, including legal question answering, legal rea-
soning, and support for legal research [3]. Their generative ability
makes them attractive for end-to-end problem-solving, especially
in settings where the system is expected to interpret a question and
produce a final answer directly.

However, the legal domain also makes the limitations of LLMs
visible. Prior work has shown that legal hallucinations are frequent
and can seriously undermine the reliability of model outputs [5, 11].
This issue is especially critical when the generated answer is treated
as legal authority or as a substitute for grounded legal reasoning.

Rather than using the initial LLM output as the final answer, our
work uses it as an intermediate signal for grounded retrieval and
subsequent reasoning. This allows the framework to exploit poten-
tially useful legal concepts and issue formulations while avoiding
direct reliance on ungrounded generated answers.

2.3 Retrieval-Augmented Legal Question
Answering

Recent research has increasingly studied legal question answering
in settings where retrieval and reasoning are combined. Retrieval-
augmented legal QA frameworks use retrieved legal provisions as
evidence for answer generation [15], and recent benchmark work
has argued that legal retrieval should be evaluated in the context of
realistic downstream legal research tasks rather than as an isolated
ranking problem [26]. These studies suggest that legal retrieval
should be assessed with respect to its contribution to legal problem-
solving.

Many existing pipelines follow a retrieve-then-reason structure,
where retrieval is performed first and reasoning is applied to the
resulting candidates. Our framework is related to this line of work,
while using an initial reasoning attempt as an intermediate signal
for subsequent retrieval.

3 Task Description
3.1 COLIEE Task3
COLIEE 2026 Task3 [12] addresses statute law retrieval and entail-
ment for Yes/No questions. Given a legal query and an appropriate
subset of articles from the Japanese Civil Code, a system is required
to return an entailment decision together with the relevant statu-
tory articles. An article is considered relevant if the query can be
answered with Yes or No and the answer is entailed by the meaning
of that article.

In this task, the training data consist of legal queries, sets of
relevant articles, and entailment labels, while the test data contain
only the queries. Therefore, a participating system must automat-
ically retrieve supporting articles from the statute collection and
determine whether the query is entailed. Following the task setting,
no human intervention is allowed during test-time processing.

3.2 COLIEE Task4
COLIEE 2026 Task 4 [12] is a legal textual entailment task. Given
a legal Yes/No question together with a set of statutory articles, a
system is required to determine whether the question is entailed by
the provided articles. The output of the task is a binary entailment
decision for each query.

3.3 Evaluation Metrics
For Task 3, we report precision, recall, F2, and accuracy [18]. Let
𝐺𝑞 and 𝑅𝑞 denote the sets of gold and retrieved relevant articles for
query 𝑞, respectively. The precision and recall for each query are
defined as

𝑃𝑞 =
|𝐺𝑞 ∩ 𝑅𝑞 |

|𝑅𝑞 |
, 𝑅𝑞 =

|𝐺𝑞 ∩ 𝑅𝑞 |
|𝐺𝑞 |

.

Following the official evaluation setting, Task 3 precision and recall
are computed as macro-averages over all queries:

Precision =
1
|𝑄|

∑
𝑞∈𝑄

𝑃𝑞 , Recall =
1
|𝑄|

∑
𝑞∈𝑄

𝑅𝑞 ,

where 𝑄 is the set of all queries. The F2-measure is then defined as

𝐹2 =
5 ⋅ Precision ⋅ Recall
4 ⋅ Precision + Recall

.
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For Task 3, the primary official metric is accuracy, which counts
a query as correct only when the system predicts the correct entail-
ment result together with a sufficient set of relevant articles, i.e.,
Recall = 1. Formally, Task 3 accuracy is defined as

AccuracyT3 =
|{𝑞 ∈ 𝑄 | ̂𝑦𝑞 = 𝑦𝑞 and 𝑅𝑞 = 1}|

|𝑄|
,

where 𝑦𝑞 and ̂𝑦𝑞 denote the gold and predicted entailment labels
for query 𝑞, respectively.

For Task 4, the evaluation metric is accuracy over binary entail-
ment decisions:

AccuracyT4 =
|{𝑞 ∈ 𝑄 | ̂𝑦𝑞 = 𝑦𝑞}|

|𝑄|
.

4 Proposed Method
4.1 Overview
Our framework is designed to improve statute retrieval in COLIEE
2026 Task 3 [12] by incorporating end-to-end legal problem-solving
into the retrieval process. Instead of relying only on the original
query, we first let a large language model (LLM) [4, 21] attempt to
solve the legal question directly. The resulting output is not used as
the final answer; rather, it is treated as an intermediate signal for
identifying legal concepts and statutory grounds that may be useful
for retrieval. However, enriching the candidate set in this manner
can also introduce irrelevant or weakly related articles, which may
act as noise and negatively affect the accuracy of downstream
entailment prediction [14, 20]. For this reason, the framework later
includes an explicit article selection step to reduce such noise before
the final entailment decision.

As illustrated in Figure 1, the framework proceeds in five steps.
In step (a), the LLM first generates an initial end-to-end reasoning
output for the query, and BM25 retrieval is applied to that generated
output to obtain articles associated with the reasoning result. In
step (b), BM25 retrieval is also applied directly to the original query
in order to obtain another set of candidate articles. The articles
obtained in steps (a) and (b) are then merged. In step (c), the merged
article set is further expanded through mutatis mutandis mapping
so that applicable referenced articles are added to the candidate set.
In step (d), the LLM performs reasoning over the candidate articles
and selects the articles actually used in its reasoning. Finally, in
step (e), the model makes the entailment decision using only the
selected articles.

4.2 Initial End-to-End Reasoning and Retrieval
from Reasoning Output

Let 𝑞 denote an input legal query. Given 𝑞, we first prompt the LLM
to solve the legal question in an end-to-end manner. The purpose
of this step is not to obtain a directly reliable final answer, but to
obtain a list of candidate articles for the entailment, since LLM
outputs may contain hallucinated or legally inaccurate content.

To identify the original articles corresponding to the generated
article texts, we treat each generated article text as a query and
retrieve candidate articles from the database. The motivation is
that an initial reasoning attempt can uncover terms, legal concepts,
issue formulations, and candidate statutory grounds that may be

necessary for answering the question, as reflected in the generated
article-level text. These texts may differ from surface-level expres-
sions appearing in the query itself, and may therefore help retrieve
articles that would be missed by similarity-based retrieval alone.

Let 𝑔(𝑞) = {𝑐1, … , 𝑐𝑚} denote the structured output generated
by the initial LLM reasoning step, where each 𝑐𝑖 is an article-level
generated text or statutory ground suggested by the model.

For a query 𝑥 and an article 𝑑 , the BM25 score is defined as

BM25(𝑥, 𝑑) = ∑
𝑡∈𝑥

IDF(𝑡) ⋅
𝑓 (𝑡, 𝑑) (𝑘1 + 1)

𝑓 (𝑡, 𝑑) + 𝑘1 (1 − 𝑏 + 𝑏 |𝑑|
avgdl)

,

where

IDF(𝑡) = log
𝑁 − 𝑛(𝑡) + 0.5
𝑛(𝑡) + 0.5

.

Here, 𝑓 (𝑡, 𝑑) denotes the frequency of term 𝑡 in article 𝑑 , |𝑑| denotes
the article length, avgdl is the average article length in the corpus,
𝑁 is the number of articles in the corpus, and 𝑛(𝑡) is the number
of articles containing term 𝑡 . The parameter 𝑘1 determines how
strongly repeated occurrences of a term increase the score, whereas
𝑏 adjusts the extent to which the score is normalized by article
length. In our implementation, we used the library default values,
𝑘1 = 1.5 and 𝑏 = 0.75.

Using the generated reasoning output 𝑔(𝑞) as a retrieval cue, we
apply BM25 to each statutory article mentioned in 𝑔(𝑞) and obtain
the top-𝑘𝑔 retrieved articles for each of them:

𝑔(𝑞) = {𝑐1, … , 𝑐𝑚}, 𝐶𝑔 = ⋃
𝑐∈𝐺(𝑞)

TopK𝑘𝑔
{BM25(𝑐, 𝑑) ∣ 𝑑 ∈ 𝐷}.

Figure 2 shows the user prompts used in this step.

4.3 Retrieval from the OriginalQuery
In parallel with step (a), we also apply BM25 retrieval directly
to the original query 𝑞. This step is intended to preserve articles
that are strongly supported by the surface form of the query itself,
independently of the LLM-generated reasoning output. The top-𝑘𝑞
retrieved articles are defined as

𝐶𝑞 = TopK𝑘𝑞
{BM25(𝑞, 𝑑) ∣ 𝑑 ∈ 𝐷}.

The articles obtained in steps (a) and (b) are then merged by
union:

𝐶base = 𝐶𝑞 ∪ 𝐶𝑔 .

4.4 Candidate Set Expansion via Mutatis
Mutandis Mapping

In Japanese statutory interpretation, mutatis mutandis application
refers to a relation in which the content of one provision is applied,
with necessary modifications, to another legal context. In this paper,
we refer to articles connected through such applicable references
as mutatis mutandis articles.

As illustrated in Figure 3, even when an article required for
answering a query is not directly retrieved, it may become relevant
through a mutatis mutandis relation from a retrieved article. This
motivates us to explicitly incorporate such referenced articles into
the candidate set.

Let 𝐶base denote the set of articles obtained by merging the
results of BM25 retrieval from the original query and from the
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Query

Corpus

LLM

Y/N

Reasoning 
Output

BM25

Query

Corpus

BM25 Articles

(a)

(b)

Corpus

Mutatis 
Mutandis
Mapping

Candidate
Articles

LLM

Query Y/N

Selected
Articles

LLM

Query

Y/N

(c) (d) (e)

Articles

Figure 1: Overview of the framework: (a) initial end-to-end reasoning and retrieval from generated rationales, (b) retrieval
from the original query, (c)mutatis mutandis expansion, (d) reasoning over candidate articles with article selection, and (e)
final entailment decision using the selected articles.

User Prompt for Initial End-to-End Reasoning

Japanese (used in the experiments).
日本の司法試験の民法に関する択一回答式問題です。
記述 (t2)が正しいかどうかを判定し、その回答根拠と
なる民法条文の該当箇所を引用して示してください。
#法律に関する記述 (t2)
{t2_text}

English translation (for reference).
This question is based on the Japanese Bar Examination
and concerns the Civil Code. Determine whether state-
ment (t2) is true or false, and cite the relevant passages
of the Civil Code that support the answer.
# Statement on a legal issue (t2)
{t2_text}

Figure 2: User prompt for the initial end-to-end reasoning
step. The experiments used the Japanese prompt; an English
translation is shown for reference. The JSON Schema is omit-
ted for brevity.

generated reasoning output. To expand this set, we introduce a
mapping function

ℳ(𝑎),
which returns the set of articles that are applicable through mutatis
mutandis relations from article 𝑎.

In our implementation, this mapping is constructed manually
based on explicit referential descriptions in the statutory text, where
each article is associatedwith the provisions that are appliedmutatis
mutandis.

Using this mapping, the set of referenced articles is defined as

𝐶ref = ⋃
𝑎∈𝐶base

ℳ(𝑎).

Without Expansion With mutatis mutandis Expansion

Query about X

Article A
X shall apply 
mutatis mutandis 
to Y.

Query about X

Article A

Article B

X shall apply 
mutatis mutandis 
to Y.

About Y, …

Only Article A Retrieved Article A + Article B Retrieved

Answering a question about X, requires information from 
Article A and B

Figure 3: Illustration of mutatis mutandis application. Ar-
ticle A is directly retrieved from the query about X, while
Article B is not retrieved but becomes relevant through a
mutatis mutandis relation with Article A.

The final candidate set is then defined as

𝐶 = 𝐶base ∪ 𝐶ref.

This expansion enables the model to capture legally necessary
provisions that are not explicitly mentioned in the query or the
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User Prompt for Article Selection

Japanese (used in the base method).
日本の司法試験の民法に関する択一回答式問題です。
与えられた条文情報のみを利用して記述 (t2)が正しい
かどうかを判定してください。また実際に判定に利用
した条文番号を、与えられた参照条文番号のリストか
ら選んで回答してください。
#参照する条文情報
{retrieved_articles}
#参照する条文番号リスト
{retrieved_article_ids}
#法律に関する記述 (t2)
{t2_text}

English translation (for reference).
This is a Japanese Bar Examination question on the Civil
Code. Using only the provided statutory information, de-
termine whether statement (t2) is correct, and select from
the given article list only the article numbers actually
used in the judgment.

Figure 4: User prompt for the article selection step, shown
with an English translation for reference.

generated reasoning output, but are required through referential
structure.

4.5 Reasoning over Candidate Articles and
Article Selection

Given the query 𝑞 and the candidate article set 𝐶 , we prompt the
LLM again to answer the legal question with explicit reference to
the candidate articles. At this stage, the model is required not only
to produce an entailment-oriented response, but also to identify
which articles in 𝐶 were actually used in its reasoning process.

Formally, this step produces two outputs: (1) an intermediate
reasoning result, and (2) a subset of selected articles,

𝐶sel ⊆ 𝐶,

where 𝐶sel contains the articles that the model explicitly cites as
supporting its conclusion.

The purpose of this step is to reduce the effect of irrelevant or
weakly related articles in the candidate set. By forcing the model
to identify the articles actually used, we attempt to retain useful
evidence while suppressing noise. Figure 4 shows the user prompts
used in this step.

4.6 Final Entailment Decision
In the final stage, we provide the query 𝑞 together with only the
selected articles 𝐶sel to the LLM and ask it to make the final entail-
ment decision. Thus, the final prediction is based on a reduced and
more focused evidence set rather than on the full candidate set 𝐶 .

Let ̂𝑦 denote the final entailment prediction. Then the final deci-
sion is computed as

̂𝑦 = 𝑓 (𝑞, 𝐶sel),

where 𝑓 denotes the LLM-based entailment prediction conditioned
on the query and the selected articles.

Table 1: Models used in our experiments

llama4:128x17b llm-jp-3.1-8x13b

Parameters (Active) 401.6B (17B) 73.2B (22.2B)
Quantization Q4_K_M Q4_K_M
Release Date 2025.04.05 2025.05.31

This design preserves the recall-oriented benefit of the earlier
expansion stages while restricting the final reasoning context to a
focused evidence set.

5 Experiments
5.1 Experimental Settings
We evaluated the proposed framework on COLIEE 2026 Task 3
and Task 4 [12]. Task 3 is the main target of this study because
it requires both retrieval of relevant statutory articles and final
entailment prediction. Task 4 is used as a complementary setting to
examine the reasoning component when the relevant articles are
given.

We followed the official evaluation setting of COLIEE. For Task
3, we report precision, recall, F2, and accuracy, and for Task 4,
we report accuracy. The definitions of these metrics are given in
Section 3.

For lexical retrieval, we used BM25 [19] on the statute corpus.
BM25 was applied both to the original query and to the LLM-
generated initial reasoning output. For LLM-based inference, we
used Llama 4 (llama4:128x17b [2, 17]) as the main reasoning
model and a Japanese-oriented llm-jp model (llm-jp-3.1-8x13b-
instruct4 [6, 7]) in auxiliary settings. Specifically, in Task 3, the
llm-jp model was used in the initial reasoning stage to examine
whether a Japanese-oriented model can improve retrieval cue gen-
eration, while in Task 4, it was used together with Llama 4 in the
adaptive consistency [1] setting. Table 1 summarizes the models
used in our experiments. We explicitly list the release or public
availability information because the COLIEE 2026 regulations re-
quire that LLMs used for Task 3 and Task 4 must have been released
before July 15, 2025. Llama 4 was publicly announced by Meta
on April 5, 2025. For the Japanese-oriented model, we used the
publicly available GGUF checkpoint mmnga/llm-jp-3.1-8x13b-
instruct4-gguf, which is based on llm-jp/llm-jp-3.1-8x13b-
instruct4. Both the base model and the GGUF checkpoint used in
our experiments were publicly available by May 31, 2025.

All experiments were conducted locally with models served
through Ollama. Because the Japanese-oriented model was not
available in the official Ollama library, we used the Hugging Face
GGUF-converted checkpoint described above. Unless otherwise
stated, all runs used the same execution environment and pipeline
structure.

The experiments consist of three parts: official COLIEE 2026
submissions for Task 3 and Task 4, retrieval hyperparameter selec-
tion, and component-wise ablation analysis on previous COLIEE
datasets (Section 6).

5.2 Retrieval Hyperparameter Selection
For article retrieval, we used BM25 for both retrieval from the orig-
inal query and retrieval from the LLM-generated initial reasoning
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Figure 5: Mean F2 over the previous five COLIEE datasets
for each (𝑘𝑞 , 𝑘𝑔) pair. The selected configuration (10, 10) is
highlighted.

output. The numbers of retrieved articles from these two sources
were treated as hyperparameters, denoted by 𝑘𝑞 and 𝑘𝑔 , respec-
tively. To determine their values, we performed a grid search over
𝑘𝑞 ∈ {1,… , 10} and 𝑘𝑔 ∈ {1,… , 10}.

For each parameter pair (𝑘𝑞 , 𝑘𝑔), we evaluated F2 on the COL-
IEE datasets from 2021 to 2025. Inspired by prior work on robust
hyperparameter selection under temporal distribution shifts, which
considers both average performance and worst-case performance
across chronological validation sets [24], we adopted a two-stage
selection strategy. We first ranked all parameter pairs by their mean
F2 over these five years and retained the top 10 candidates. Among
these top candidates, we then compared the worst F2 across the five
years and selected the pair with the best worst-case performance.
Following this procedure, we adopted 𝑘𝑞 = 10 and 𝑘𝑔 = 10 for
the main Task 3 experiments and the ablation analyses reported in
Section 6.

Figure 5 shows the mean F2 obtained for each (𝑘𝑞 , 𝑘𝑔) pair over
the previous five COLIEE datasets. The high-scoring region is con-
centrated near larger values of both 𝑘𝑞 and 𝑘𝑔 , suggesting that the
two retrieval sources provide complementary information and that
broad candidate generation is beneficial before the later filtering
stage.

5.3 Adaptive Consistency Setting for Task 4
For Task 4 HUKBac, we adopted an adaptive consistency setting
based on self-consistency and adaptive consistency [1, 23]. The
method repeatedly samples entailment predictions from Llama 4
and the llm-jp model and adaptively increases the number of sam-
ples when the predictions are unstable or the two models disagree.
The final label is determined by model agreement or by the predic-
tion of the model with higher empirical confidence.

Table 2 summarizes the parameters used in this setting. If no
decision was resolved at the maximum sample size, we selected the
label of the model with higher confidence; ties were resolved in

Table 2: Parameters used for adaptive consistency in Task 4.

Parameter Value Description

Temperature 0.7 Sampling temperature
top-𝑝 0.9 Nucleus sampling threshold
𝐾 10 Initial number of samples
𝐾max 40 Maximum number of samples
growth factor 2 Sample size multiplier
high_conf 0.8 Confidence threshold for agreement
super_conf 0.9 Confidence threshold for one-sided decision
margin_low 0.1 Threshold for unstable predictions
p_gap_high 0.4 Threshold for model disagreement

favor of Llama 4, which served as the main reasoning model in our
experiments.

5.4 Submission Results on COLIEE 2026
To evaluate the proposed framework in the official shared-task
setting, we submitted three runs for Task 3 and three runs for Task
4.

For Task 3, the three submitted runs were as follows:
• HUKBbase: the full proposed framework using Llama 4 in
all LLM-based stages;

• HUKBmix: a hybrid setting in which the initial end-to-end
reasoning stage used an llm-jp model, while the downstream
reasoning and final entailment stages used Llama 4;

• HUKBsoft: a variant of the proposed framework in which
the article selection stage was relaxed so that the model was
allowed to select articles broadly related to the entailment
decision, rather than restricting selection to only the articles
explicitly used in the final conclusion.

These runs were designed to examine two aspects of the proposed
pipeline: the model used in the initial reasoning stage and the
strictness of article selection.

Table 3 reports the official Task 3 results together with several
representative shared-task runs for reference. Among our submis-
sions, HUKBmix achieved the highest precision, recall, and F2,
and HUKBmix and HUKBsoft achieved the highest Task 3 accu-
racy among our runs. The comparison between HUKBbase and
HUKBmix suggests that the model used in the initial reasoning
stage can affect the quality of reasoning-derived retrieval cues, since
replacing Llama 4 with an llm-jp model in that stage improved all
four Task 3 metrics. By contrast,HUKBsoft achieved the same offi-
cial accuracy as HUKBmix despite lower precision and F2, which
suggests that a broader evidence set may remain acceptable under
the Task 3 evaluation criterion as long as it preserves the articles
needed for the final judgment.

At the same time, the official results indicate that high recall
alone is not sufficient to ensure high Task 3 accuracy. Among the
reference runs in Table 3, some runs achieved very high recall but
relatively low precision, and their Task 3 accuracy did not necessar-
ily exceed that of runs with a more balanced retrieval profile. One
possible interpretation is that, even when many relevant articles
are retrieved, including too many irrelevant articles may make the
final entailment step more difficult. This interpretation is consistent
with prior observations that irrelevant evidence can act as noise in
downstream reasoning.
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Table 3: Results on COLIEE 2026 Task 3.

Run Precision Recall F2 Accuracy

HUKBbase 0.9248 0.9431 0.9304 0.8049
HUKBmix 0.9431 0.9553 0.9446 0.8171
HUKBsoft 0.8465 0.9492 0.9076 0.8171

NOWJ_run1 0.0549 1.0000 0.2224 0.9512
JNLP1 0.5151 1.0000 0.7796 0.9024
codyrag 0.0439 1.0000 0.1848 0.8537
BengoR2E2 0.8364 0.9797 0.9242 0.8293
DU2 0.0874 0.9654 0.3168 0.7927

Our results also suggest that retrieval quality itself was already
relatively strong. In particular, HUKBmix achieved the highest F2
score among the runs shown in Table 3, which indicates that the
proposed framework was effective at retrieving answer-relevant
articles with a good precision–recall balance. From this perspective,
the remaining room for improvement in Task 3 appears to lie more
in the final entailment stage and in the interaction between retrieved
evidence and downstream reasoning than in retrieval quality alone.
This is consistent with our pipeline design.

For Task 4, we submitted three additional runs to examine how
well legal entailment can be solved when the relevant articles are
already given. All Task 4 runs used only the gold Civil Code article(s)
provided by the task and the statement (𝑡2), without fine-tuning, in-
context demonstrations, or external resources beyond the COLIEE
corpus.

The three Task 4 runs were as follows:
• HUKBllama4: prompt-based entailment prediction using
Llama 4 as the reasoning model;

• HUKBllmjp: prompt-based entailment prediction using the
llm-jp model as the reasoning model;

• HUKBac: adaptive consistency combining Llama 4 and the
llm-jp model.

Table 4 shows the official Task 4 results. Among our submissions,
HUKBllama4 and HUKBac achieved the same accuracy, whereas
HUKBllmjp performed substantially worse. This suggests that,
under gold-article conditions in our setting, Llama 4 provided a
more stable basis for entailment prediction than the llm-jp model.
At the same time, adaptive consistency did not improve over Llama
4 alone, which indicates that simple aggregation across the two
models was not sufficient to produce an additional gain.

Taken together, the Task 3 and Task 4 results suggest that end-to-
end performance in COLIEE Task 3 depends not only on retrieving
relevant articles, but also on controlling the quality of the evidence
set presented to the final entailment model. In our results, retrieval
quality was already relatively strong from the viewpoint of Task
3 F2, whereas the remaining gap in official accuracy suggests that
there is still room for improvement in the final entailment stage
and in the interaction between retrieved evidence and downstream
reasoning.

6 Ablation Study
To analyze the contribution of eachmodule in the proposed pipeline,
we conduct a cumulative ablation study over four stages: Original
query, + Initial reasoning retrieval, + Mutatis Mutandis addition, and

Table 4: Results on COLIEE 2026 Task 4.

Run Accuracy

HUKBllama4 0.8780
HUKBllmjp 0.7805
HUKBac 0.8780

DU1 0.9634
JNLP-3 0.9512
IAIrun2 0.9512
RUG-1 0.9268
UA2 0.9268

+ Article selection. We report precision (P), recall (R), F2, official Task
3 accuracy (T3), and entailment accuracy (Ent) on the 2024 and 2025
datasets and their average. In addition, we report incremental gold-
article coverage (ΔCov.) to measure how many new gold articles
are introduced by each expansion step.

Table 5 summarizes the main ablation results, and Table 6 shows
the incremental coverage added by Initial reasoning retrieval and
Mutatis Mutandis addition. Overall, the results indicate a clear di-
vision of roles among the modules: the expansion stages mainly
improve recall and article coverage, whereas the article selection
stage substantially improves precision and the quality of the final
evidence set.

Using only the original query yields relatively high recall but
very low precision, as shown in Table 5. On the averaged results
over the two years, the Original query stage achieves 𝑅 = 0.832
and 𝑇3 = 0.590, while precision remains as low as 𝑃 = 0.098 and
𝐹2 = 0.333. This indicates that original-query retrieval can cover
many relevant articles, but the retrieved set is still highly noisy. The
same tendency appears in both yearly subsets: the 2025 set shows
slightly higher recall, whereas the 2024 set yields slightly better
entailment accuracy, suggesting that the baseline retrieval alone is
unstable as a complete solution across years.

6.1 Effect of Initial Reasoning Retrieval
As shown in Table 5, adding Initial reasoning retrieval improves
coverage-oriented metrics. Compared with the Original query stage,
the averaged recall rises from 0.832 to 0.883, and T3 increases from
0.590 to 0.655. At the same time, Table 6 shows that this stage in-
troduces additional gold articles, yielding an averaged incremental
coverage of ΔCov. = 0.052.

These results suggest that the reasoning step is effective as a
query expansion mechanism. Although precision decreases from
0.098 to 0.068, the gains in recall, T3, and incremental coverage
indicate that reasoning-derived retrieval cues successfully broaden
the candidate set toward answer-relevant statutory provisions. This
tendency is also observed in both yearly subsets: the averaged
improvement is not driven by only one dataset, but appears con-
sistently across the 2024 and 2025 evaluations. In particular, the
stronger T3 gain on the 2024 set (0.578 → 0.679) suggests that
the reasoning-derived cues are especially useful when the origi-
nal query alone is insufficient to expose the legally relevant issue
structure.
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2024 2025 Avg.
Stage P R F2 T3 Ent P R F2 T3 Ent P R F2 T3 Ent

Original query 0.094 0.803 0.319 0.578 0.725 0.103 0.861 0.348 0.603 0.699 0.098 0.832 0.333 0.590 0.712
+ Initial reasoning retrieval 0.065 0.867 0.250 0.679 0.780 0.070 0.900 0.268 0.630 0.740 0.068 0.883 0.259 0.655 0.760
+ Mutatis Mutandis addition 0.059 0.881 0.232 0.642 0.725 0.062 0.927 0.245 0.699 0.781 0.061 0.904 0.239 0.670 0.753
+ Article selection 0.735 0.798 0.785 0.587 0.743 0.879 0.874 0.875 0.699 0.849 0.807 0.836 0.830 0.643 0.796

Table 5: Main ablation results on the 2024 and 2025 datasets and their average. P and R denote precision and recall, T3 official
Task 3 accuracy, and Ent entailment accuracy. The expansion stages mainly improve recall, whereas article selection improves
precision and F2.

Stage 2024 2025 Avg.

Original query – – –
+ Initial reasoning retrieval 0.064 0.039 0.052
+ Mutatis Mutandis addition 0.014 0.027 0.021
+ Article selection – – –

Table 6: Incremental gold-article coverage (ΔCov.) at each
expansion stage.ΔCov. denotes the proportion of gold articles
newly added relative to the previous stage.

Another important observation is that the gain from this stage
is not limited to recall alone. The increase in T3 without any im-
provement in precision indicates that the additional candidates
introduced by reasoning contain more answer-critical gold articles
than would be expected from a purely noisy expansion. This sup-
ports our central hypothesis that an initial LLM attempt, even if
imperfect as a final legal judgment, can still provide useful retrieval
cues for downstream statute search.

Takeaway for Initial Reasoning Retrieval

Benefit. Initial reasoning retrieval uses an initial LLM attempt
to retrieve answer-relevant provisions that may be missed by
lexical or surface-level similarity alone, thereby improving
recall, T3 accuracy, and gold-article coverage.
Limitation. The generated reasoning cues can also introduce
additional non-gold articles, lowering precision.

6.2 Effect of Mutatis Mutandis Addition
Table 5 shows that adding the Mutatis Mutandis expansion step
mainly improves recall-oriented retrieval performance. On average,
recall increases from 0.883 to 0.904, and T3 also increases slightly
from 0.655 to 0.670. Table 6 further shows that this step contributes
additional gold articles beyond those recovered by the reasoning-
based retrieval stage, with an average incremental coverage of
ΔCov. = 0.021.

However, the role of this module becomes clearer when the
problems are separated according to whether handling Mutatis
Mutandis relations is actually necessary. As shown in Table 7, the
number of such questions is limited: 12 out of 109 questions in the
2024 set and 12 out of 73 questions in the 2025 set.This suggests that
the effect of Mutatis Mutandis addition may be difficult to interpret
from all-question averages alone, because most questions do not
require explicit handling of such relations.

On questions that require handling Mutatis Mutandis relations,
this expansion step increases gold-article coverage in 2 cases in

2024 and 4 cases in 2025. It also improves T3 in 1 case in 2024 and
3 cases in 2025, and improves entailment correctness in 1 case in
2025. Moreover, in 2025, all gold articles newly introduced by this
step remain in the final selected evidence set, whereas in 2024, 1
of the 2 newly added gold articles is retained after article selection.
These results indicate that Mutatis Mutandis expansion can help
recover answer-relevant provisions in a subset of questions for
which statutory applicability relations are genuinely needed.

At the same time, this module is not high-precision as a retrieval
step by itself. Among the articles newly added by Mutatis Mutandis
expansion for questions that require such relations, only 2 of 24 in
2024 and 4 of 96 in 2025 are gold articles. Furthermore, on questions
that do not requireMutatis Mutandis handling, the module still adds
extra articles in 80 cases in 2024 and 53 cases in 2025, and these
additions do not increase gold coverage in any of those cases. This
shows that the module frequently introduces non-gold candidates
when statutory applicability relations are not actually needed.

Nevertheless, most of this additional noise is removed by the
article selection stage. For questions that do not require Mutatis
Mutandis handling, article selection removes all added non-gold
articles in 78 of 80 noisy cases in 2024 and all 53 noisy cases in
2025. The negative effect on the final decision is therefore limited,
although some degradation remains in 2024, where 5 such cases
become incorrect after Mutatis Mutandis addition.

The yearly aggregate results are consistent with this picture.
On the 2024 set, recall improves only slightly from 0.867 to 0.881,
while T3 decreases from 0.679 to 0.642, with ΔCov. = 0.014. In con-
trast, on the 2025 set, both recall and T3 improve (0.900 → 0.927
and 0.630 → 0.699), with a larger incremental coverage (0.027).
Taken together, these results suggest that Mutatis Mutandis addi-
tion should be understood primarily as a coverage-oriented but
low-precision legal expansion step. Its benefit appears in a limited
subset of questions where statutory applicability relations are gen-
uinely relevant, while its broader use requires robust downstream
filtering to prevent non-gold expansions from harming end-to-end
performance.

Takeaway for Mutatis Mutandis Addition

Benefit. Mutatis mutandis addition adds statutorily applicable
provisions that cannot be recovered by lexical or reasoning-
derived retrieval alone.
Limitation. Since such questions are limited, applying this
expansion broadly can introduce non-gold articles as noise and
may reduce downstream entailment or official Task 3 accuracy.
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Measure 2024 2025

Questions requiring MM handling 12 12
Coverage increased on such questions 2 4
T3 improved on such questions 1 3
Ent improved on such questions 0 1

Extra articles added on other questions 80 53
Ent worsened on other questions 5 0
Noise removed by selection 78/80 53/53

Table 7: Subset-based analysis of Mutatis Mutandis addition.
Questions are manually divided into those that require Mu-
tatis Mutandis handling and those that do not. The table
summarizes how often the expansion improves coverage or
downstream performance on the former subset and intro-
duces noise on the latter.

Measure 2024 2025

Prediction changed 16 7
Incorrect → Correct 9 6
Correct → Incorrect 7 1
Net gain 2 5

Table 8: Changes in entailment correctness after article se-
lection. “Prediction changed” denotes cases where the final
entailment label differs before and after article selection. Net
gain is computed as Incorrect → Correct minus Correct →
Incorrect.

6.3 Effect of Article Selection
The largest change appears at Article selection, as shown in Table 5.
After selecting only the articles judged to be necessary for the final
decision, the averaged precision increases sharply from 0.061 at
the Mutatis Mutandis stage to 0.807, and 𝐹2 improves from 0.239
to 0.830. Entailment accuracy also rises from 0.753 to 0.796. At the
same time, recall decreases from 0.904 to 0.836.

To further examine how article selection affects the final entail-
ment decision, Table 8 compares the predictions before and after
article selection.The results are consistent with the improvement in
entailment accuracy: article selection corrects more previously in-
correct predictions than it breaks previously correct ones, yielding
a net gain of 2 cases in 2024 and 5 cases in 2025. At the same time,
the presence of Correct → Incorrect cases shows that evidence
refinement can also change the final decision in an undesirable
direction.

Together with the main ablation results, this indicates that article
selection acts as an evidence refinement step: it transforms a low-
precision, high-recall candidate set into a compact, high-precision
evidence set, while also affecting the final entailment decision in
both beneficial and harmful directions.

An important observation is that article selection does not max-
imize averaged T3: the best averaged T3 score is obtained after
mutatis mutandis addition rather than after article selection (0.670
vs. 0.643). This is consistent with the strict definition of the official
Task 3 metric, which requires not only a correct entailment label but
also complete recall of all gold articles. Thus, while article selection
substantially improves evidence quality, precision, and F2, it can

also remove some answer-critical gold articles and reduce T3 in
some cases.

This trade-off indicates that the selector functions as an evidence
refinement mechanism rather than a simple compression step. The
large improvement in F2 (0.239 → 0.830 on average) shows that
the selector improves the balance between retrieval completeness
and evidence quality, even though it sacrifices some recall. A more
robust selection strategy that preserves answer-critical gold ar-
ticles while retaining this precision-recovery benefit remains an
important direction for future work.

Takeaway for Article Selection

Benefit. Article selection substantially improves precision, F2,
and entailment accuracy by refining a broad, noisy candidate
set into a focused evidence set.
Limitation. It can remove some gold articles, reducing recall
and preventing the best T3 accuracy despite improving overall
evidence quality.

7 Conclusion
In this paper, we proposed a multi-stage framework for COLIEE
2026 Task 3 [12] that integrates statute retrieval and legal entailment
reasoning. The framework combines retrieval from the original
query, reasoning-guided retrieval from an initial LLM response,mu-
tatis mutandis expansion, and explicit article selection before final
entailment prediction. A practical advantage of this design is that
it improves retrieval performance without relying on embedding-
based retrieval or additional task-specific tuning.

The official COLIEE 2026 results and our ablation analyses show
that the framework is effective as a retrieval-oriented design. In
Task 3, our best run achieved a strong precision–recall balance and
the highest F2 among the representative runs reported in this paper.
The ablation study further showed a clear division of roles among
the modules: initial reasoning retrieval and mutatis mutandis ad-
dition mainly improve recall and gold-article coverage, whereas
article selection substantially improves precision, F2, and entail-
ment accuracy by refining a broad candidate set into a focused
evidence set.

At the same time, the results also show that retrieval-oriented
gains do not automatically translate into the strongest end-to-end
Task 3 accuracy.The gap between strong Task 3 F2 andmore modest
official accuracy, together with the Task 4 results under gold-article
conditions, suggests that the remaining bottleneck lies in down-
stream entailment reasoning and in how the final model uses the
retrieved evidence. The ablation results also reveal a trade-off in
article selection: it improves evidence quality, but can reduce Task
3 accuracy when answer-critical gold articles are filtered out.

These findings support the view that statute retrieval in inte-
grated legal question answering should be treated as a staged pro-
cess that balances candidate coverage and evidence refinement.
They also indicate that strong retrieval alone is insufficient unless
the final entailment model can robustly use the retrieved evidence.

As future work, we plan to improve the reasoning model used for
final entailment prediction, reconsider the article selection strategy
so that it better preserves answer-critical gold articles, and further
analyze the dataset-dependent behavior of the proposed framework.
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In particular, the official results and ablation studies show noticeable
differences in F2 across settings and datasets, suggesting that the
effectiveness of each module may depend on the characteristics
of the target questions and gold-article structure. A more detailed
analysis of this interaction between dataset properties and the
proposed method will be necessary to clarify when the framework
is most effective and when additional adaptation is required.
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Abstract
Agentic approaches that leverage large language models (LLMs) to

deliberate and autonomously execute multi-step actions are gain-

ing attention. In this study, we propose a prototype agentic frame-

work for legal reasoning, grounded in the Beliefs, Desires, and

Intentions (BDI) model. Agents can deliberate over actions such as

making predictions, analyzing similar cases, performing counter-

factual analyses, and clarifying technical terms, using LLMs as their

decision-making engine to update beliefs and desires accordingly.

We evaluate this framework and compare it to two non-agentic

prompting approaches, baseline and few-shot, on two tasks: legal

textual entailment and tort prediction, including the acceptance

of claims by defendants and plaintiffs. Results show mixed perfor-

mance: the agent outperforms the baseline in Task 4 but not the

3-shot approach, while in Task 5 it outperforms the 3-shot method

but not the baseline. Analysis indicates that smaller models tend to

be overconfident, while larger models perform better but are more

prone to make mistakes in their output format. Overall, the agentic

approach shows promise and warrants further research.
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Figure 1: The agentic framework allows the agent to take
various multi-step actions autonomously.

1 Introduction
Legal reasoning is multifaceted, comprising a range of multi-step

processes that differ depending on the task at hand [6]. I saArtificial

approaches to legal reasoning are gaining traction [8], but con-

temporary Large Language Models (LLMs), and even specifically

tailored Large Reasoning Models (LRMs), have difficulty gener-

alising legal reasoning across tasks that are inherently multifari-

ous [14]. Novel approaches in AI rely on agentic frameworks, where

LLMs or LRMs are used to autonomously plan, reason, and execute

multi-step actions toward achieving complex goals [11]. Given the

complex nature of legal reasoning, the agentic approach seems like

a suitable match. In this paper, we present an initial prototype of an

agentic Beliefs, Desires, and Intentions (BDI) framework for legal

reasoning, combining modern LLMs with traditional concepts from

artificial intelligence and incorporating expert legal knowledge. We

explore this framework in the context of the Competition on Legal

Information Extraction and Entailment (COLIEE) [9], where we

analyse the behavior of the resulting agents and compare their per-

formance against standard LRM baselines. We formally competed

in Task 4 as team RUG, achieving the 4th highest score.

2 Background
We evaluate our agentic framework on two tasks from the COLIEE

competition: Task 4 and Task 5 [7]. Task 4 focuses on legal textual

entailment in bar exam questions, where each instance consists
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of a set of statutory articles and a statement, and the objective is

to determine whether the statement is legally entailed by the arti-

cles. Task 5, in contrast, involves real-world civil cases concerning

tort law and is based on the JTD project [16]. Each case includes

undisputed facts, as well as claims made by both the defendant and

the plaintiff. Systems are required to perform two sub-tasks: (1)

predicting whether the court affirms the existence of a tort (Tort

Prediction), and (2) identifying which claims of the defendant and

plaintiff are accepted by the court (Rationale Extraction).

While both tasks require legal reasoning over the Japanese Civil

Code, they differ in structure and complexity. Task 4 is compar-

atively simpler, as it is based on bar exam questions with a clear

ground truth and explicitly provided legislation. In contrast, Task 5

involves real-world cases, which are typically less clear-cut. More-

over, cases in Task 5 contain substantially more information than

those in Task 4, increasing the complexity of the reasoning process.

In the most recent iteration of the competition [7], the best-

performing approach for Task 4 relied on out-of-the-box instruction-

based LLMs combined with few-shot prompting, where similar

questions and their answers are included in the prompt. For Task 5,

the top-performing method was based on a fine-tuned LLM. Some

previous methods have focused on hybrid systems that explicitly in-

corporate legal knowledge, for example by extracting atomic causal

rules from law articles [10], constructing ANGELIC domain mod-

els [7, 13], or designing prompts informed by legal expertise [14].

However, most approaches, including the top-performing methods,

primarily rely on standard natural language processing techniques

and largely overlook the legal reasoning principles that are funda-

mental to the domain. Treating all questions uniformly may not

be optimal, as prior work shows that different approaches perform

better on different types of questions [14]. This suggests that a more

specialized, question-dependent approach is warranted.

3 Agentic Framework
In this work, we present a prototype agentic framework for le-

gal reasoning. Agents in this framework can autonomously per-

form multi-step actions to achieve a given goal. The framework is

grounded in the established Beliefs, Desires, and Intentions (BDI)

model [5], combined with modern LLMs used as their deliberation

engine. Inspired by earlier work by Atkinson and Bench-Capon

(2005), agents maintain a set of beliefs about the world, a set of

desires, and a set of available actions to take. In addition, each agent

is equipped with a short-term memory (STM) that stores the five

most recent actions taken or messages received. An overview of

the agentic decision-making pipeline can be seen in Figure 2.

The belief set of an agent consists of structured belief objects

with several attributes. Each belief includes a unique identifier for

reference, a textual representation of its content, a type (e.g., fact,

claim, evidence, or rule), a source indicating its origin (e.g., plaintiff

or court), and a flag specifying whether the belief is mutable. Fur-

thermore, each belief is associated with a confidence score between

0 and 1, reflecting the agent’s degree of certainty in that belief.

After each action, the belief set is evaluated and updated. Beliefs

may be added, modified, or removed, as determined by an LLM call

that takes as input the current belief set, the agent’s STM, and its

desires. Importantly, belief updates are executed symbolically: the

LLM output is parsed and translated into discrete operations that

modify the belief set.

The desires set are represented as structured objects with four

properties: a reference identifier, a textual description of the desire,

an explicit condition that defines when the desire is satisfied, and a

mutability flag. Similar to the belief set, the set of desires is updated

after each action taken by the agent, allowing desires to be added,

removed, or modified. This update is performed via an LLM call that

takes the current desires, beliefs, and STM as input. The resulting

output is then parsed into symbolic operations that modify the set

of desires.

The action set contains all of the actions that the agent can
perform. Each action has a name, a description, and a reference

to the function that it should call. In the deliberation phase of the

agent, the LLM is called, and based on the current desires, beliefs,

STM, and possible set of actions, it determines which action to

perform. The output of the LLM is parsed, and based on this the

action is performed. After an action is performed, it is removed

from the action set, and the belief set and desires are updated. In

this study, the agent possesses four possible actions to take:

A1 Relevant case analysis: The agent retrieves similar cases

from the training dataset, analyses their similarities and

differences with respect to the current case, and produces a

concise summary of the findings. The agent retrieves three

relevant cases using BM25 ranking [2] and provides them to

the LLM to analyze similarities, differences, and generate a

concise summary. If token limits are exceeded, fewer cases

are included.

A2 Clarification of terms: The agent consults a dictionary to

identify and define difficult or ambiguous legal terms. The

agent uses TF-IDF with a threshold to extract legally rele-

vant terms from the corpus, then retrieves their definitions

from open-source legal dictionaries, including Black’s Law

Dictionary (2nd Edition) [4] and the U.S. Courts Glossary [1].

A3 Counterfactual analysis: The agent reasons from the per-

spective of both possible outcomes (Task 4: yes and no out-

come; Task 5: defendant and plaintiff), and summarizes the

resulting arguments. This is achieved by prompting the LLM

to adopt different stances and summarize the arguments.

A4 Prediction: Based on its beliefs, desires, and the case facts,

the agent predicts the answer to the question (Task 4) or the

case outcome and claims acceptance (Task 5) using the LLM.

For both Task 4 and Task 5, the agent executes the decision-making

process illustrated in Figure 2. The process begins with the initializa-

tion of an empty short-term memory (STM) and the incorporation

of all provided case information into the agent’s belief set. In Task

4, the question under consideration is recorded as an immutable

fact. In Task 5, undisputed facts are registered as immutable facts,

whereas plaintiff and defendant claims are stored as immutable

claims.

The belief set can be further augmented with relevant legislation.

For Task 5, Article 709 of the Japanese Civil Code is always included,

as it forms the foundation of tort law. The LLM is then prompted,

based on the case details, to identify additional potentially relevant
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Figure 2: Overview of the decision-making pipeline of the
agentic framework

articles from the Japanese Civil Code, which are subsequently in-

corporated into the belief set. The content and type of the belief, as

well as the confidence score are determined by the LLM.

The agent’s desires are initialized with an immutable base desire:

to either answer the question (Task 4) or determine the outcome

of the tort case (Task 5). Subsequently, the agent may generate

additional sub-desires informed by its beliefs, which now encom-

pass the details of the question or case. The LLM decides what the

content and the conditions of these desires are.

Following initialization, the agent enters the deliberation phase.

In this phase, it selects an action from the action set based on its

current beliefs, desires, and STM. If the chosen action is to predict

the outcome of the question or case, the agent executes this pre-

diction, and the pipeline concludes. Otherwise, the agent performs

the selected action and updates its STM, beliefs, and desires by

prompting the LLM to determine which elements should be added,

removed, or modified. For example, if the agent executes action A2

(clarification of terms), in which case the relevant terms pertaining

to the case are gathered and stored in its STM. In the subsequent

updates of the beliefs, the agent may choose to store some of the

clarified terms into its belief set, revise existing beliefs based on

these new definitions, or discard beliefs that were previously held

in error. The agent then updates its desires: fulfilled desires may

be removed, and new desires may be generated in response to the

updated belief set. Note again that the LLM always decides the

contents of the beliefs and desires when updating.

After updating the STM, beliefs, and desires, the deliberation

phase starts again, unless the agent has exceeded the maximum

number of allowed actions (𝑚𝑎𝑥𝑠𝑡𝑒𝑝𝑠 in Figure 2). In our setup, the

agent was permitted to perform each action once, with completed

actions removed from the action set, effectively setting𝑚𝑎𝑥𝑠𝑡𝑒𝑝𝑠 to

3 (excluding the final prediction step).

Across nearly every stage, including initialization, updates, and

deliberation, the LLM serves as the “brain” of the agent and is called

upon to decide what the agent should do. This enables creative and

autonomous decision making, while keeping the behavior “on rails”

within the structure of our framework.

4 Method
We evaluate the proposed agentic approach on both Task 4 and

Task 5 of the COLIEE competition. Minor adaptations are made to

the agent to account for task-specific differences, primarily through

prompt rephrasing (e.g., “predict tort admissibility” versus “predict

legal entailment”). Additionally, Task 4 does not permit the use of

external relevant legislation, as the task explicitly requires reason-

ing over the provided statutory articles; consequently, this step is

omitted for Task 4.

For Task 4, performance is measured on the three labelled test

sets H30, R01, and R02, comprising a total of 258 cases. The label

distribution is 48.8% non-entailment and 51.2% entailment. For Task

5, we construct a stratified evaluation set by randomly sampling

258 cases from the training data, enforcing the original label dis-

tribution with respect to the court decision (60.4% not affirmed

and 39.6% affirmed). The dataset contains 1,073 claims made by

the plaintiff and 921 by the defendant, corresponding to 53.8% and

46.2%, respectively. In both tasks, the remaining data is used to

support n-shot prompting.

We compare the proposed agent against two baselines. The first

is a single-call classifier, which relies on a single LLM invocation

using the prompts shown in Figures 3a and 3b. The second is a

3-shot classifier, which retrieves three relevant examples from the

training set and incorporates them into the main prompt via the

addendum presented in Figure 3c.

For the experiment, we employ a range of large language models

(LLMs) as the ‘brain’ of the agent to assess how model choice

affects performance. Our primarymodel family is Qwen3, which has

been demonstrated strong performance on multilingual reasoning

tasks [15]. In addition, Qwen3 is open-source and was released prior

to July 15, 2025 (JST), satisfying the requirements of the COLIEE

competition. We evaluate five variants of Qwen3, ranging from 0.6B

to 14B parameters. Smaller models are intentionally used, as agentic

approaches require many iterative steps. Furthermore, hardware

limitations prevent the use of larger-scale models.

5 Results
The mean accuracy of the four approaches for Task 4 and Task 5,

per model used, are shown in Table 1. For Task 5, we show both

the performance on the Tort Prediction (TP) task and the Rationale

Extraction (RE) task. For the latter, we show the performance of

the model across the claims of both the plaintiff and the defendant.

We choose to report the F1-score, as this is the metric used by the

COLIEE competition for Task 5.
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The following question pertains to the Japanese Civil Code. Based on the

relevant statutes, please determine whether the following statement is correct.

Relevant statutes: {𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠 }
Statement: {𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡 }

Is the statement correct based on the relevant statutes?

Reason and end your answer with "[Answer: YES] or [Answer: NO]."

(a) Baseline prompt for Task 4 (translated from Japanese).

You are assisting a judge in making the final judgment in a tort case.

The undisputed facts: {𝑢𝑛𝑑𝑖𝑠𝑝𝑢𝑡𝑒𝑑_𝑓 𝑎𝑐𝑡𝑠 }
Plaintiff claims: {𝑝𝑙𝑎𝑖𝑛𝑡𝑖 𝑓 𝑓 _𝑐𝑙𝑎𝑖𝑚𝑠 }
Defendant claims: {𝑑𝑒𝑓 𝑒𝑛𝑑𝑎𝑛𝑡_𝑐𝑙𝑎𝑖𝑚𝑠 }

DECISION PROCESS:

1. Review the beliefs:

- What facts or legal conclusions are established?

- What remains uncertain?

2. Review unresolved desires:

- What normative objectives remain unsatisfied?

- If critical desires remain unresolved→ insufficient grounds for decision

- If all material desires are resolved→ sufficient grounds for decision

3. Evaluate the parties’ claims:

- For each plaintiff and defendant claim, determine whether it is supported by

the belief state.

- Mark the claim as accepted (true) or rejected (false).

4. Make the final tort judgment:

- Based on the preponderance of the established beliefs, determine whether the

tort is affirmed.

OUTPUT FORMAT

First output the claim acceptance decisions as JSON with no commentary:

{
"plaintiff": [
{"id": "P1", "accepted": true},
{"id": "P2", "accepted": false}

],
"defendant": [
{"id": "D1", "accepted": false}

]
}

After the JSON block, output the final judgment on a new line using exactly:

[Answer: YES] or [Answer: NO]

(b) Baseline prompt for Task 5.

Below are summaries of relevant past cases. These cases are similar to the

current case and may provide insights for reasoning about the current case.

{𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠 }

(c) Additional prompt for n-shot prompting.

Figure 3: Prompts used by the baseline systems for Task 4
(Figure 3a) and Task 5 (Figure 3b). For the 3-shot setting, the
prompt shown in Figure 3c is appended.

Based on Table 1, the best-performing model for each task is

selected for error analysis. An overview of false positive and false

negative rates for these models is presented in Figure 4, covering

Task 4 and both the TP and RE components of Task 5. In Figure 4c,

errors in the RE task are aggregated across both defendant and

plaintiff claims. Figure 5 further breaks down RE errors by error

type and party.

To further analyse our agentic framework, we display the average

number of beliefs, desires and calls to LLMs the agent has at the end

of the case in Table 2. In Table 3, we show how many and which

actions are taken by the agents across all the test cases. Note: in

every case, the prediction action is always taken and thus excluded

from the action type distribution.

6 Discussion
6.1 Discussion on Results
The performance of the approaches on Task 4, shown on the left

side of Table 1, indicates that larger models achieve higher accuracy

for both the baseline and agent implementations. This suggests that

models beyond those tested could enable further improvements,

as the performance ceiling does not appear to have been reached.

We observe that the agent outperforms the baseline for the largest

models (8B and 14B parameters). The 3-shot approach exceeds

both baseline and agent methods for all but the smallest model.

Performance under 3-shot improves markedly from 0.6B to 4B

parameters, followed by a slight decline at larger sizes, likely due

to the limited number of runs, as only one run was conducted per

combination of test set, model size, and approach.

For Task 5, shown on the right side of Table 1, performance on

both the Tort Prediction (TP) and Rationale Extraction (RE) tasks

generally increases with model size. In the TP task, the largest

baseline model achieves the highest performance, followed by the

3-shot model and then the agentic framework. For the RE task, the

largest baseline again performs best, with the agent approach as the

runner-up. Notably, in the RE task, the agent’s F1 score rises sharply

between 8B and 14B parameters. Smaller, yet still substantial, per-

formance gains are observed for the other approaches across both

TP and RE, suggesting that even larger models could yield further

improvements.

To further analyse the BDI aspect of our agentic framework,

we show the average number of beliefs, desires, and LLM calls

in Table 2. These are the mean number at the end of each case.

What we see, is that for Task 4, the average number of beliefs are

much lower than in Task 5. This reflects the complexity difference

between the tasks that we mentioned in the background section.

The average number of desires are also higher for Task 5, most

likely for similar reasons. The number of beliefs and desires do not

seem to increase or decrease consistently between model sizes.

An interesting pattern emerges in the number of actions taken

per case, as reported in Table 3. For both Task 4 and Task 5, the

number of actions initially increases with model size but decreases

again at 8- and 14-billion parameters. This is also reflected in the

total number of calls to the LLM. Careful analysis indicates that

two distinct phenomena contribute to this trend. Smaller models

tend to be overconfident, often concluding after the first delib-

eration cycle that they possess sufficient information to answer

the question or determine the case outcome. This overconfidence

diminishes with larger models. The reduction in actions for the

largest models results from a different mechanism: an artifact of our

framework implementation combined with a tendency for larger

models to produce overly elaborate responses in an incorrect format.

During the deliberation phase, the larger models often ignore the

instruction to return the action ID (A1, A2, A3, or A4) and instead
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Task 4 Task 5 (TP) Task 5 (RE)

Model Size Baseline 3-shot Agent Baseline 3-shot Agent Baseline 3-shot Agent

Qwen3 0.6B 67.08 63.78 65.18 41.86 50.39 43.80 65.25 65.25 50.81

1.7B 68.46 71.16 63.40 62.79 50.39 55.43 65.20 64.95 55.28

4B 78.65 98.10 77.94 73.64 67.44 74.03 68.79 65.62 50.45

8B 74.36 95.42 79.23 75.19 73.64 59.69 76.61 65.71 58.32

14B 76.32 94.62 83.46 82.56 73.64 71.71 96.35 87.95 92.52

Table 1: Average F1-scores across Task 4 and Task 5. Best results in bold.

(a) Task 4 (b) Task 5: Tort Prediction (c) Task 5: Rationale extraction

Figure 4: Comparison of mistakes for the best models across Task 4 and Task 5

Figure 5: Task 5 Rationale Extraction: Error distribution by False Positives (FP), False Negatives (FN), and by party.

describe the action in natural language, which the initial parser dis-

regarded, causing only a single action to be recorded. For instance,

in Task 4, the 14-billion-parameter model failed to output the action

ID in 91.4% of cases (and in 1.2% of cases, the agent deliberately

selected only one action). Future work should address this issue

by implementing more robust parsing mechanisms. Interestingly,

some models, such as the 4-billion-parameter model, exhibit neither

overconfidence nor unnecessary elaboration, as evident from their

action distribution.

When selecting actions, there is a clear preference for A1 (Rele-

vant Case Analysis) and A2 (Clarification of Terms) in Task 4. In

Task 5, the distribution of chosen actions is more balanced, though

it varies with model size. For smaller models, such as the 0.6B model,

the number of actions taken is limited. Nevertheless, a noticeable

tendency is that these models often select the first action presented,

reflecting the order in which actions are provided. Larger models

do not seem to have this bias.
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Task 4 Task 5

Model Size Beliefs Desires Beliefs Desires

Qwen3 0.6B 3.2 2.3 12.1 2.4

1.7B 2.4 1.6 13.8 2.2

4B 2.9 1.2 13.1 2.6

8B 3.1 1.3 16.3 3.8

14B 3.1 1.1 14.9 2.9

Table 2: Average number of beliefs and desires across Task 4 and Task 5.

Task 4 Task 5

# Actions (%) Action Type (%) # Calls # Actions (%) Action Type (%) # Calls

Model Size 1 2 3 4 A1 A2 A3 1 2 3 4 A1 A2 A3

Qwen3 0.6B 96.1 3.1 0.8 0.0 66.7 33.3 0.0 6.12 86.0 13.2 0.8 0.0 57.9 21.1 21.1 6.41

1.7B 39.9 30.2 14.0 15.9 28.5 53.3 18.2 8.62 0.4 1.9 6.6 91.1 34.2 34.1 31.7 13.68

4B 3.5 12.4 56.2 27.9 39.2 46.3 14.5 11.29 0.4 1.6 7.8 90.3 32.6 33.8 33.6 13.67

8B 76.7 14.7 8.1 0.4 41.0 57.8 1.2 6.78 7.8 22.5 25.2 44.6 25.7 37.1 37.1 11.43

14B 92.6 6.6 0.8 0.0 38.1 42.9 19.0 6.21 77.9 20.9 0.8 0.4 29.5 21.3 49.2 6.66

Table 3: Distribution of number of actions per case, action types, and average number of LLM calls for Task 4 and Task 5. A1:
case retrieval, A2: term clarification, A3: counterfactual reasoning.

6.2 Error analysis
We performed an error analysis for both tasks on the three best-

performing systems for each of the three approaches that we eval-

uated (see Table 1). The results of this analysis can be seen in

Figure 4.

Task 4. We aggregated 101 errors in total for Task 4, as can be

seen in Figure 4a. These correspond to 72 unique question IDs,

meaning that multiple models failed on the same questions. Ques-

tions are further grouped into question clusters based on their

shared ID prefix, as they relate to similar legal issues. For instance,

all questions starting with R01-2 relate to the scope of a court-

appointed absentee property managers authority. Based in this

grouping, we found 43 distinct question clusters that the models

failed on. While question IDs capture exact failures, the question

clusters potentially show whether the systems struggled with spe-

cific underlying legal issue rather than with a particular phrasing.

For each of the best-performing approaches, we manually re-

viewed the errors and compared the resulting patterns. The 14B

agent system outperformed the 14B baseline, making 42 errors com-

pared to 54, and improving performance on 13 question clusters

while regressing on 7 others. This indicates that the performance

gains, although real, are uneven. While the baseline tends to make

more false negative errors, the error distribution of the agent 14B

appraoch seems more balanced. Furthermore, the gains from using

the agent-based approach were uneven across the data subsets. The

model improved performance in subsets H30 and R01 but wors-

ened it in R02, suggesting that the benefits of this approach are not

uniform across all question types and topics.

The best performing model, 4B 3-shot, revealed a small set of

question clusters that were particularly difficult for all three ap-

proaches. The set consisted of R01-2, R01-25, R02-3, and R01-19,

which appeared in the error sets of all three compared systems.

From a purely legal reasoning perspective, there does not appear to

be a single simple error pattern shared across all four hardest issues.

They span absentee-property management authority (R01-2), lease

duration (R01-25), manifestation of intention based on mistake and

statutory exceptions (R02-3), and debtor substitution by novation

(R1-19). At the same time, those four error instances have to be

interpreted with caution, as the number of mistakes made by the

4B 3-shot approach is much smaller: only 4 mistakes compared to

the 42 mistakes for the 14B agent and 54 errors for the 14B baseline.

Errors appear across various legal issues, and even the most chal-

lenging cases in our experiments should be interpreted cautiously,

given the sample size and COLIEE testing methodology. This makes

it difficult to determine what (besides prompt design and model

size) actually influences model errors; specifically, whether there is

a particular characteristic of legal problems themselves that makes

the system more prone to errors. At the same time, paradoxically, it

is also problematic that the models have become extremely efficient,

reaching near-ceiling performance on this task (see 98.10 for 4B

3-shot), which necessitates an even more fine-grained analysis on

a small subset of issues if one wishes to reach perfect performance

scores, since it is hard to qualitatively identify an over-arching

pattern of errors or legal issues, which could serve as a potential

avenue for future research.

Task 5. We also conducted error analysis for both Tort Prediction

(TP) and Rationale Extraction (RE) in Task 5 as seen in Figures 4b

and 4c respectively. Across the three top-performing models, we

found 186 errors for TP and 665 errors for RE. Compared to Task 4,

the findings in Task 5 were more nuanced.

First, relative to the 14B baseline, the 14B agent configuration

made 28 more TP errors (73 vs. 45), while the 14B 3-shot configura-

tionmade 23more TP errors (68 vs. 45), corresponding to differences
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of 10.85 and 8.91 percentage points, respectively. In the RE task, the

contrast was substantially larger in raw claim-level counts, with

159 errors for 14B agent and 423 for 14B 3-shot, compared with

83 for 14B baseline. For the RE task, the models appear to exhibit

more approach-specific error behavior. An interesting observation

is that, while Table 1 shows only a 4.57-point difference in F1 score

between the agent and 3-shot models for the RE task, the 3-shot

model makes 2.6 times as many mistakes as the agent (see Figure 4c.

This discrepancy arises because the F1 score ignores true negatives,

which is why some researchers advocate using alternative metrics,

such as Matthew’s Correlation Coefficient [12].

Second, the number of shared errors are much rarer in the RE

task (7 out of 587 unique errors) than in the TP task (19 out of

116 unique errors). This might suggest that RE errors are once

again more responsive to the approach used. Third, models differ

in how they distribute errors. One can hypothesize that particular

model-and-approach mixtures contribute to particular biases in the

results.

As we can see in 4b, the 14B agent tends to over-affirm tort

liability (58 false positives and 15 false negatives), while 14B 3-shot

tends to under-affirm it (39 false negatives and 29 false positives).

The 14B baseline seems to be more balanced slightly favouring false

positives (26 false positives and 19 false negatives).These differences

are even more pronounced in the RE task, shown in Figure 4c,

where the agent is over three times more likely to make a false

positive than a false negative. Similarly, the baseline agent makes

false positives twice as often as false negatives. The mistakes of the

3-shot model are more balanced.

We further investigate the error distribution by taking into ac-

count the party that made the claims, as shown in Figure 5. The 14B

agent is skewed toward over-accepting plaintiff claims (75% of all

its errors) and rejecting defendant claims that should be accepted

(20%). The way 14B 3-shot behaves is precisely opposite: rejecting

accepted claimants claims (49%) and being overly accepting towards

defendant’s rejected claims (41%). The baseline, on the other hand,

seems more balanced in the errors that it makes. This indicates that

error patterns vary across systems and that the choice of model

strongly influences predictive behavior.

6.3 Limitations, legal reflection, and future
research

The agentic framework presented in this paper should be viewed as

a prototype for legal reasoning. While the current implementation

is limited, for example in the number of actions it can take, it is

designed to be scalable, allowing additional actions to be incorpo-

rated based on the task. LLMs serve as the deliberative engine of the

agent to encourage creative reasoning, while the framework con-

strains their behavior where necessary. Consequently, the quality

of generated beliefs and desires depends directly on LLM perfor-

mance. Each belief is also assigned a confidence score, reflecting

the agent’s certainty; however, these scores currently have limited

formal significance. Following prior work [3], desires in our frame-

work include a condition indicating when they are fulfilled, but the

current implementation does not enforce these conditions when

updating desires.

Our experiments are likewise limited by model size. Larger mod-

els consistently yield better results, and the performances in Table 1

show that the performance ceiling has not yet been reached. Ad-

ditionally, each combination of approach, model size, and test set

was evaluated only once, leaving results subject to fluctuations due

to the inherent nondeterministic nature of LLMs. Future research

should test larger models, implement more robust interaction pro-

tocols, and conduct systematic evaluation across multiple runs to

more reliably assess the benefits of agentic reasoning in legal do-

mains.

From the perspective of legal reasoning, the agentic approach

may be particularly useful for two reasons. First, thanks to adaptive

sequentiality (the system itself selects elements useful for resolving

a given issue), they allow us to capture the complex nature of legal

reasoning. More importantly, however, they potentially allow us to

add reasoning steps and information that were not hard-coded at

the outset, which could potentially increase the model’s reliability

due to its adaptability in the long run. A quality which is hard to

represent in the setting of the competition, yet potentially crucial

in real world deployment. Second, the model’s greater autonomy

may in the future enable the updating of its Beliefs, particularly

regarding the relevant legal status, which is especially important

given frequent changes in the law. This can help mitigate the risks

associated with hard-coding constantly changing legal rules and

increase the system’s adaptability. At the same time, despite these

theoretical advantages, it is impossible not to notice that less com-

plex approaches performed better in this specific tasks (though

we note that our agentic approach design is prototypical). Conse-

quently, future work should, on the one hand, also explore attempts

to combine the effectiveness of simpler approaches with the po-

tential resilience to change and adaptability of agent-based models

in such strictly defined types of legal tasks with all its specific

characteristics. At the same time, lawyers do not deal with iso-

lated, individual questions; rather, they are required to carry out

a sequence of many complex, evolving, and interconnected tasks,

so this - real-world-like alignment - area may offer potential op-

portunities for the testing and use of more autonomous models.

Furthermore, in the context of model evaluation, it would be use-

ful to develop a coherent method for assessing the legal outputs

of LLMs specifically in terms of their legal accuracy—that is, for

example, by establishing a practical typology of errors that would

enable subsequent calibration based on the identified errors.

7 Conclusion
In this study, we introduce a prototype agentic framework for le-

gal reasoning and evaluate it on Task 4 and Task 5 of the COLIEE

competition. While the proposed agent achieves competitive per-

formance and surpasses the baseline for larger models in Task 4,

it does not consistently outperform a strong 3-shot prompting ap-

proach. In Task 5, the agent outperforms the 3-shot method in

the ratioale extraction aspect, but remains below the baseline. Our

analysis highlights both the potential and current limitations of

agentic approaches, including sensitivity to model size and over-

confidence in smaller models. At the same time, the results suggest

that scaling model size and fine-tuning system design could further

enhance performance. Furthermore, the errors made by the agentic
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model differ substantially from those of the baseline and 3-shot

models, highlighting distinct predictive behaviors. Overall, these

findings indicate that agentic approaches constitute a promising di-

rection for robust and generalizable legal reasoning, though further

development is required to fully realize their potential.
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Abstract
We describe our systems for COLIEE 2026 Tasks 3 (statute-law ques-

tion answering) and 4 (textual entailment over Japanese statutes).

For Task 3, we extend a multi-stage retrieval pipeline with three

techniques that bridge the lexical and conceptual gap between con-

cretely phrased bar-exam questions and abstractly written statutory

provisions: LLM-based query expansion, hierarchy-aware article

enrichment, and citation-aware prompting. For Task 4, starting

from a label-balanced few-shot baseline with simplified chain-of-

thought reasoning, we explore reflection and self-consistency as

inference-time extensions. In the official evaluation, our best Task 3

run achieved an accuracy of 0.8293 and an F2 of 0.9242 (6th of all

submissions), with ablations confirming that each retrieval exten-

sion contributes positively. For Task 4, reflection raised the mean

accuracy on the R01–R06 validation sets from 0.825 to 0.850; how-

ever, this gain narrowed on the held-out R07 test set (accuracy

0.7317). These results indicate that explicitly encoding statutory

hierarchy and inter-article dependencies yields consistent retrieval

improvements, whereas inference-time refinement for entailment

is more sensitive to distributional shift across exam years.

CCS Concepts
• Information systems → Information retrieval; • Comput-
ing methodologies → Natural language processing; • Applied
computing → Law.

Keywords
COLIEE, legal NLP, Japanese statutes, statute retrieval, textual en-

tailment, question answering
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1 Introduction
Automatically processing legal documents remains a challenging

task, despite the rapid progress of large language models (LLMs)

COLIEE 2026, Singapore
2026.

across many specialized domains. Statutory provisions are orga-

nized in deep hierarchical structures, frequently cross-reference

one another, and are written in highly specialized terminology—

all of which make retrieval and reasoning over statutes difficult.

The Competition on Legal Information Extraction and Entailment

(COLIEE) provides an annual shared-task benchmark for advancing

research on these problems.

COLIEE 2026 includes Task 3 (SL-QA) and Task 4 (SL-TE), both

of which focus on Japanese statute law. Task 4 is defined as a statute

entailment task in which systems predict whether a yes/no question

is entailed by the relevant articles provided as input. In contrast,

Task 3 has been reformulated from the retrieval-oriented setting

used up to COLIEE 2025 into an end-to-end question answering

task. Specifically, systems are now required not only to retrieve the

supporting statutory articles for each query but also to output the

final entailment decision.

In this study, we take as our starting point a reproduced baseline

based on a top-performing system from COLIEE 2025 and intro-

duce task-specific improvements for Tasks 3 and 4. For Task 3,

because the quality of relevant-article retrieval directly affects the

final yes/no decision, we focus our extensions on the retrieval stage.

Specifically, we introduce query expansion to bridge the gap be-

tween questions described in concrete factual terms and statutes

written in abstract legal language, structural information to ex-

plicitly incorporate the hierarchical organization of statutes, and

inlining of referenced provisions to account for inter-article refer-

ences. In contrast, Task 4 focuses on the entailment decision itself

given the relevant articles. For this task, we adopt a KIS-based

few-shot prompting approach [14] as our baseline and introduce

reflection and self-consistency to improve the stability of inference

and reduce errors caused by incorrect initial judgments. Through

these task-specific extensions, we aim to improve both end-to-end

statute-law question answering in Task 3 and entailment prediction

accuracy in Task 4.

2 Related Work
2.1 COLIEE Task 3/4 Systems
COLIEE is an annual shared task on legal information extraction

and entailment that has been running since 2014 [2, 5]. In recent

editions, Tasks 3 and 4 have focused on Japanese statute law: Task 3

asks systems to retrieve relevant Civil Code articles for a given
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bar-exam question, while Task 4 evaluates yes/no entailment given

the relevant articles; in COLIEE 2026, Task 3 was extended to an

end-to-end question answering setting in which systems must also

output the final entailment decision.

For Task 3, prior systems typically adopt multi-stage retrieval

pipelines that combine candidate filtering, reranking, and down-

stream score aggregation. Nguyen et al. [12] achieved the top F2

score at COLIEE 2025 with a three-stage framework combining

embedding-based candidate filtering and reranking, LoRA/QLoRA-

based relevance modeling, and model ensembling. We adopt this

general architecture as the basis of our Task 3 baseline. Mizuno

and Kano [11] showed that explicitly modeling statutory hierarchy

and inter-article references improves statutory article retrieval; our

structural enrichment and citation-aware prompting are motivated

by this line of work.

For Task 4, recent strong systems rely on LLM-based prompting

rather than fine-tuned classifiers. Onaga and Kano [14] studied

several prompting strategies with a Japanese instruction-following

LLM, including label-balanced few-shot prompting and a structured

chain-of-thought (CoT) framework. We use their few-shot prompt-

ing setup as the basis of our Task 4 baseline, replace the structured

CoT with a simplified variant, and extend the system with reflection

and self-consistency.

2.2 Retrieval and Entailment for Legal QA
Our retrieval pipeline draws on standard techniques from open-

domain question answering. Dense passage retrieval [6] encodes

queries and passages into a shared embedding space and retrieves

candidates by vector similarity. Cross-encoder reranking [13] then

rescores these candidates with a BERT-style model that jointly

encodes each query–passage pair, improving accuracy at the cost

of increased latency. In the legal domain, Louis et al. [9] proposed a

graph-augmented dense retriever (G-DSR) that improves statutory

article retrieval by incorporating legislative structure with graph

neural networks. For our Stage 2 classifier, we fine-tune LLMs

with LoRA adapters [3], a parameter-efficient method that inserts

low-rank weight updates and enables efficient training on limited

labeled data.

To address the lexical gap between concretely phrased questions

and abstractly written statutory provisions, we adopt LLM-based

query expansion. Jagerman et al. [4] showed that prompting an

LLM to generate query reformulations can improve retrieval effec-

tiveness by producing semantically richer queries. We apply this

technique to bridge the abstraction gap specific to legal statute

retrieval.

Our entailment extensions build on a line of work on inference-

time reasoning with LLMs. Wei et al. [17] showed that providing

chain-of-thought demonstrations in few-shot prompts substantially

improves reasoning accuracy, while Kojima et al. [8] found that

zero-shot CoT via “think step by step” can be similarly effective.

Wang et al. [16] proposed self-consistency, which samples multiple

reasoning paths and selects the majority answer to reduce variance.

Madaan et al. [10] introduced self-refine, a framework in which the

model critiques and revises its own output. We combine these ideas

by applying reflection followed by self-consistency to legal textual

entailment.

3 Methodology
3.1 System Overview
Given a question, we first retrieve candidate statute articles and then

apply an entailment module to produce the final yes/no decision.

This full pipeline is used for Task 3, while the entailment module

is also evaluated independently on Task 4 using the gold relevant

articles.

3.2 Task 3 Retrieval Component
3.2.1 Baseline Architecture. Following Nguyen et al. [12], we adopt
a three-stage retrieval pipeline for Task 3, which we denote as Top-

2025 Reproduction.We preserve the overall designwhile changing

the model choices and training details.

Stage 1: Pre-retrieval. The goal of Stage 1 is to reduce the search

space from the full civil-code corpus to a high-recall candidate set.

In Stage 1-A, queries and statute articles are encoded with a dense

embedding model and their L1 distance vectors are discretized into

histogram bins. A gradient-boosting classifier is then trained on

these binned features to score query–article relevance, and the top

100 articles are retained as candidates for the next step. In Stage 1-B,

a neural cross-encoder reranks these 100 candidates and further

narrows them to the top 50 articles that are forwarded to the next

stage.

Stage 2: Model fine-tuning. Stage 2 casts retrieval as binary rele-

vance classification. Multiple large language models are fine-tuned

with LoRA adapters [3] on the Stage 1 output, treating each query–

article pair as an independent yes/no instance. Ground-truth rel-

evant articles are included in the training set even when they are

not retained by Stage 1. To mitigate class imbalance, each positive

example is replicated three times, while negative examples are con-

structed by randomly sampling 10 articles from the top 20 Stage 1

candidates during training.

Stage 3: Result ensemble. The scores produced by the Stage 2

models are aggregated via a weighted sum, and a threshold is ap-

plied to select the final set of retrieved articles per query. Both the

ensemble weights and the threshold can be tuned automatically

with Optuna [1].

3.2.2 Proposed Extensions (Ours). Building on Top-2025 Repro-

duction, we address three challenges specific to Japanese statute

law retrieval:

(1) Abstraction gap. Bar exam questions describe concrete

factual situations, whereas statutory articles are written in

abstract, general terms. To retrieve the correct provisions,

the query must be lifted to the same level of abstraction as

the statute text [7].

(2) Dependence on hierarchical structure. Each article is sit-

uated within a layered hierarchy of parts, chapters, sections,

subsections, divisions, and captions that provides important

topical cues, yet this context is lost when articles are encoded

as flat text [11].

(3) Explicit inter-article references. Many articles contain

direct cross-references such as “pursuant to the preceding

Article,” forming semantic dependencies across provisions.
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Treating each article as an independent unit causes these

dependencies to be overlooked [11].

We incorporate targeted modifications at each stage of the pipeline

to address these challenges.

LLM-based query expansion in Stage 1-A. To bridge the abstrac-

tion gap (challenge 1), we prepend an LLM-generated expansion

(llmexp) to each query. The expansion abstracts concrete factual

descriptions into the generalized legal concepts used in the Civil

Code and introduces paraphrases of key terms, thereby improving

lexical alignment in the embedding space.

Structural and citation enrichment in Stage 1-A and Stage 1-B. To
address challenges 2 and 3, we augment each article with two types

of additional context and refer to the resulting enriched article rep-

resentation as struct. Specifically, struct prepends the article’s
position in the statutory hierarchy—the hierarchy path (e.g., Part
→ Chapter → Section → Subsection → Division) and the article

caption—and, when the article contains explicit cross-references to

other provisions, inlines the referenced text. We adopt struct as
the default article representation, as it provides richer context while

yielding comparable recall at larger cutoffs in our ablation studies.

This enriched representation is used in both Stage 1-A (dense re-

trieval) and Stage 1-B (cross-encoder reranking) so that the same

article representation is fed into the pre-retrieval and reranking

stages; in Stage 1-B, we rerank candidates using the original query

(without llmexp).

Citation-aware prompting in Stage 2. We also redesign the Stage 2

classification prompt to address challenge 3 at the fine-tuning stage.

The prompt presents the target article together with inlined text of

referenced provisions as supplementary context (see Figure 1). By

making citation relations explicit in the prompt, we encourage the

fine-tuned models to judge relevance on the basis of the broader

statutory dependency network while preserving the three-stage

architecture of Top-2025 Reproduction.

Use in Task 3. For Task 3, the articles selected by the retrieval

component are passed to the entailment baseline described next,

and the system outputs both the final yes/no decision and the

supporting articles as the end-to-end SL-QA result. In this setting,

we use the KIS-based baseline with simplified CoT, but do not apply

reflection or self-consistency.

3.3 Entailment Component for Tasks 3 and 4
3.3.1 Shared Entailment Baseline. We build our entailment com-

ponent on top of the KIS system of Onaga and Kano [14], which

frames entailment as a few-shot prompting problem using a Japan-

ese LLM. We use Qwen2.5-32B-AWQ
1
as the base model for all

entailment experiments [15]. This baseline is used directly in the

Task 3 end-to-end pipeline and also serves as the starting point

for our Task 4 experiments. Our baseline incorporates two design

choices:

• Label-balanced few-shot sampling (KIS3): Demonstra-

tion examples are sampled from the training set with bal-

anced yes/no labels to avoid biasing the model toward a

majority class.

1
https://huggingface.co/Qwen/Qwen2.5-32B-Instruct-AWQ

System

You are a legal assistant. Determine whether the [Target Article] is
relevant to answering the question. The [Reference Provisions] are
supplementary context only and are not the judgment target. Answer

with exactly one word: “yes” or “no”.

User

Question:

{question text}

[Target Article] Article 291:
Part II Real Rights→ Chapter VI Servitudes | Extinctive Prescription of
Servitudes
Article 291 The provisions of Article 166, paragraph (2) apply mutatis

mutandis to servitudes.

[Reference Provisions] (supplementary context; not the judgment

target)

Article 166 (2) A claim or property right other than ownership is extin-

guished by prescription if not exercised within 20 years from the time

when the right became exercisable.

Is the above [Target Article] (Article 291) relevant to answering the

question? Answer “yes” or “no”.

Figure 1: Schematic of the citation-aware Stage 2 prompt.
The system message clarifies that inlined reference provi-
sions are supplementary context, not the judgment target.
The user message prepends the struct hierarchy path to
the target article (Article 291) and appends the full text of
the cross-referenced provision (Article 166(2)). This prompt
configuration is referred to as P3 in the ablation study (Sec-
tion 4.4).

Table 1: CoT variant comparison on R06 (gold relevant arti-
cles, Qwen2.5-32B-AWQ).

CoT Variant Zero-shot Acc. Few-shot Acc.

Structured CoT (KIS) 0.8219 0.8333
†

Simplified CoT (ours) 0.8493 0.8493

† 1 parse failure (72/73 valid responses).

• Simplified chain-of-thought (CoT): KIS proposes a struc-
tured CoT [17] that instructs the model to follow specific

reasoning steps. As shown in Table 1, a simpler prompt ask-

ing the model to “think step by step” [8] outperformed the

structured variant in both zero-shot and few-shot settings

on our validation set, so we adopt this simplified CoT as the

default.

For Task 3, we use this shared baseline as-is. That is, Task 3 uses

label-balanced few-shot sampling and simplified CoT, but does not

use the inference-time extensions introduced in Section 3.3.2, due

to the earlier submission deadline for Task 3.

3.3.2 Task 4-Specific Inference Extensions. Errors persist in the

shared entailment baseline when the model produces an incorrect

initial judgment without revisiting its reasoning, or when variance
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Figure 2: Overview of the Task 4 inference procedure. The
Pass 1 Prompt incorporates the question, statute articles,
and label-balanced few-shot examples to produce an ini-
tial answer. The Pass 2 Prompt adds a reflection instruc-
tion that asks the model to revisit its initial reasoning. Self-
Consistency samples 𝑁 responses from the Pass 2 Prompt
and selects the majority answer.

in the model’s outputs leads to unstable predictions. For Task 4, we

therefore add two inference-time extensions on top of the shared

baseline. Figure 2 shows an overview of the full inference procedure.

Reflection. We introduce a two-pass inference procedure inspired

by self-refinement [10]. In Pass 1, the model generates a CoT rea-

soning chain and an initial yes/no answer at temperature 𝑇 = 0.

We then construct a reflection prompt by concatenating (i) the orig-

inal question and retrieved statute articles, (ii) the Pass 1 output,

and (iii) a reflection instruction. The reflection instruction asks

the model to revisit its initial reasoning along three axes: accu-

rate reading of statutory requirements, correct interpretation of

the facts stated in the question, and awareness of exception and

special provisions. The model produces a final answer based on

this self-critique (Pass 2).

Self-Consistency. To reduce variance in the final prediction, we

generate 𝑁 responses from the reflection prompt using tempera-

ture 𝑇 = 0.7 and determine the final answer by majority vote [16].

All 𝑁 samples share the same Pass 1 CoT reasoning; the diversity

arises solely from the temperature-sampled reflection responses.

We submit systems with 𝑁 ∈ {5, 10} as well as a single-sample

baseline (no self-consistency).

When both extensions are combined, the full procedure is: (1) gen-

erate one CoT reasoning chain and initial answer (Pass 1, 𝑇 = 0);

(2) construct the reflection prompt incorporating the Pass 1 output;

(3) sample 𝑁 post-reflection answers from the reflection prompt

(Pass 2,𝑇 = 0.7); (4) select the majority answer across the𝑁 samples

as the final prediction.

4 Experiments, Results, and Discussion
4.1 Experimental Setup
4.1.1 Task 3. For Task 3, we used a three-stage pipeline. Stage 1

performs dense retrieval with Sarashina Embedding
2
and rerank-

ing with Qwen3 Reranker 8B
3
. Stage 2 scores query–article pairs

with LoRA-adapted LLM classifiers. For LoRA fine-tuning, we set

2
https://huggingface.co/sbintuitions/sarashina-embedding-v1-1b

3
https://huggingface.co/Qwen/Qwen3-Reranker-8B

lora_r=8, lora_alpha=16, the learning rate to 2 × 10
−4
, and the

number of training epochs to 1. Stage 3 fuses the Stage 2 scores and

applies a threshold to determine the final set of retrieved articles.

For Stage 2, we prepared five candidate models: Qwen2.5-32B
4
,

Qwen2.5-14B
5
, DeepSeek-32B

6
, DeepSeek-14B

7
, and Swallow 8B

8
.

We selected the final four-model ensemble by comparing all 4-of-5

combinations. For each combination, we tuned the threshold on

R05 and selected the one that achieved the best performance on

R06. The selected ensemble excluded Qwen2.5-14B. For the official

R07 submission, the threshold was determined using R05 and R06

and then applied to R07.

We submitted three runs. BengoR1E1 uses equal weights in

Stage 3 with a threshold tuned on R05 and R06, together with

Qwen2.5-32B-AWQ entailment in the few-shot KIS3 setting; demon-

stration examples are retrieved with mE5-large
9
. BengoR2E1 uses

the same retrieval pipeline, but replaces equal-weight fusion with

Optuna-tuned fusion weights and threshold, again combined with

few-shot KIS3 entailment. BengoR2E2 uses the same retrieval set-

ting as BengoR2E1, but replaces few-shot entailment with zero-shot

KIS1 prompting. All three Task 3 runs use the shared entailment

baseline with simplified CoT; they differ only in few-shot versus

zero-shot prompting and in the retrieval score fusion setting.

4.1.2 Task 4. We evaluate on the official COLIEE 2026 Reiwa-era

datasets (R01–R07). R01–R06 are used as validation sets to tune

design choices; R07 is the held-out test set. We report accuracy

(fraction of correct yes/no judgments) as the evaluation metric. All

systems use Qwen2.5-32B-AWQ [15] with no fine-tuning. Pass 1

(CoT) runs at temperature = 0; Pass 2 (Reflection) samples at tem-

perature = 0.7. Reflection is applied once per chain; we did not

observe further gains from a second reflection round in prelimi-

nary experiments on the validation set. We compare three systems:

Baseline (few-shot + CoT), BengoREF (Baseline + Reflection), and

BengoREF+SC (BengoREF + Self-Consistency, 𝑁 = 5). We addi-

tionally submitted an official run of BengoREF+SC with 𝑁 = 10.

4.2 Task 3 Results and Discussion
Table 2 summarizes the top 11 runs on the official COLIEE 2026

Task 3 leaderboard.

Table 2 presents the official results for Task 3. In COLIEE 2026

Task 3, the primary metric is Accuracy and the secondary metric

is F2. Among the Bengo submissions, BengoR2E2 achieved the

highest ranking at 6th place, with an Accuracy of 0.8293, an F2

score of 0.9242, a Precision of 0.8364, and a Recall of 0.9797. In

comparison, BengoR2E1 ranked 8th (Accuracy 0.8171, F2 0.9242),

and BengoR1E1 ranked 11th (Accuracy 0.8049, F2 0.9187). The

top-ranked runs return nearly all articles as relevant (Recall =

1.0, Precision < 0.06) and rely on a strong entailment module to

maintain high accuracy despite the low precision. Our runs instead

achieve high precision (0.8364) and recall (0.9797), with a high

F2 of 0.9242, indicating that our retrieval pipeline is effective at

selecting the right articles. Closing the remaining accuracy gap

4
https://huggingface.co/Qwen/Qwen2.5-32B-Instruct

5
https://huggingface.co/Qwen/Qwen2.5-14B-Instruct

6
https://huggingface.co/cyberagent/DeepSeek-R1-Distill-Qwen-32B-Japanese

7
https://huggingface.co/cyberagent/DeepSeek-R1-Distill-Qwen-14B-Japanese

8
https://huggingface.co/tokyotech-llm/Llama-3.1-Swallow-8B-Instruct-v0.3

9
https://huggingface.co/intfloat/multilingual-e5-large
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Table 2: Official top 11 results on COLIEE 2026 Task 3. The
primary metric is Accuracy, with F2 used as the secondary
metric.

Rank Run Accuracy F2 Precision Recall

1 NOWJ_run1 0.9512 0.2224 0.0549 1.0000

2 JNLP1 0.9024 0.7796 0.5151 1.0000

3 NOWJ_run2 0.8902 0.2224 0.0549 1.0000

3 NOWJ_run3 0.8902 0.2224 0.0549 1.0000

5 codyrag 0.8537 0.1848 0.0439 1.0000

6 BengoR2E2 0.8293 0.9242 0.8364 0.9797

7 HUKBmix 0.8171 0.9446 0.9431 0.9553

8 BengoR2E1 0.8171 0.9242 0.8364 0.9797

9 HUKBsoft 0.8171 0.9076 0.8465 0.9492

10
∗

HUKBbase 0.8049 0.9304 0.9248 0.9431

11 BengoR1E1 0.8049 0.9187 0.8364 0.9695

∗
The official results page displays HUKBbase between ranks 9 and 11 in score order,

but the rank column is shown as 19.

Table 3: Task 4 accuracy on Reiwa-era datasets (R01–R06).
Baseline: few-shot + CoT. BengoREF: Baseline + Reflection.
BengoREF+SC: BengoREF + Self-Consistency (𝑁 = 5).

Year Baseline BengoREF BengoREF+SC

R01 0.755 0.755 0.745

R02 0.877 0.889 0.889
R03 0.852 0.907 0.907
R04 0.762 0.822 0.812

R05 0.853 0.862 0.872
R06 0.849 0.863 0.877

Avg 0.825 0.850 0.850

is a direction for future work, particularly through improving the

entailment component that converts retrieved articles into a final

yes/no decision.

4.3 Task 4 Results and Discussion
Table 3 shows year-by-year accuracy on Reiwa-era datasets. Adding

Reflection (BengoREF) improves or matches the Baseline in all six

years, with a consistent average gain of 2.5 points (0.825 → 0.850),

suggesting that Reflection provides a stable benefit regardless of the

year. The effect of Self-Consistency is less uniform: BengoREF+SC

achieves the highest accuracy in R05 and R06, but falls below Ben-

goREF in R01 and R04, yielding the same average score as BengoREF

(0.850). These results indicate that Reflection is a reliable improve-

ment, while Self-Consistency offers additional gains only in certain

years.

Table 4 shows the official COLIEE 2026 test results on R07. Both

BengoREF and BengoREF+SC (𝑁 = 5) achieve the same accuracy of

0.7317 (25th out of 33 runs), while BengoREF+SC (𝑁 = 10) scores

slightly lower at 0.7195. The gap between the average validation

accuracy (0.850 on R01–R06) and the test accuracy (0.7317 on R07)

suggests that the improvements observed on past datasets do not

fully transfer to the unseen test year. In particular, Self-Consistency

provides no benefit on R07, consistent with the pattern observed in

R01 and R04, and supporting the hypothesis that SC is effective only

Table 4: Task 4 official results on the COLIEE 2026 test set
(R07). BengoREF and BengoREF+SC (𝑁 = 5) ranked 25th;
BengoREF+SC (𝑁 = 10) ranked 27th out of 33 runs.

System Accuracy Correct

BengoREF 0.7317 60
BengoREF+SC (𝑁 = 5) 0.7317 60
BengoREF+SC (𝑁 = 10) 0.7195 59

Table 5: Task 3 Stage 1-A ablation: Top-100 recall on R06.

Condition R06 Recall

base 0.9457

struct 0.9783

llmexp 0.9565

struct+llmexp 0.9891

when errors are diverse across samples rather than systematically

biased. The marginal underperformance of 𝑁 = 10 relative to

𝑁 = 5 (59 vs. 60 correct out of 82 questions) is a single-question gap

attributable to sampling variance: under majority-vote aggregation

over a small test set, such fluctuations are expected and do not

indicate that larger 𝑁 is harmful.

4.4 Ablation Study
Tables 5–7 report ablation results for each stage of the Task 3 re-

trieval pipeline, all evaluated on R06. Throughout, struct denotes

the enriched article representation defined in Section 3: the struc-

tural hierarchy context—the hierarchy path (e.g., Part→ Chapter→
Section → Subsection → Division) and the article caption—together

with inlined referenced provisions when present. Citation-aware is

treated as a separate feature in Stage 2.

Stage 1-A (Table 5) measures Top-100 recall on R06 of candi-

date articles using the same embedding model as in our final sub-

mission. The base condition uses the raw article text and original

query without any enrichment, serving as the baseline. Adding the

enriched article representation (struct) raises recall from 0.9457

to 0.9783; further combining with LLM-based query expansion

(llmexp) raises it to 0.9891. Query expansion alone (llmexp-only)
yields a smaller gain (0.9565), indicating that structural enrichment

contributes more to recall at this stage.

Stage 1-B (Table 6) measures recall at several cutoffs after cross-

encoder reranking on R06, using the same reranker model as in our

final submission. All conditions converge to the same R@50 (0.9932),

confirming that no condition drops recall at the Stage 2 input bound-

ary. Note that at smaller cutoffs the base condition and LLM-based

query expansion (llmexp) achieve the highest R@10 (0.9726), while

struct and the combined condition (struct+llmexp) are slightly
lower. At smaller cutoffs, struct may also make the top-ranked

candidates harder to separate, because hierarchy paths, captions,

and inlined references increase the similarity among articles in the

same statutory neighborhood. Thus, although some gold articles are

pushed just below R@10, the preserved R@50 and the harder top-20

negatives are consistent with the design of Stage 2 fine-tuning. We

ultimately adopt struct as the default article representation. In
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Table 6: Task 3 Stage 1-B ablation: recall at cutoffs on R06.

Condition R@10 R@20 R@30 R@50

base 0.9726 0.9795 0.9932 0.9932

struct 0.9589 0.9795 0.9863 0.9932

llmexp 0.9726 0.9726 0.9863 0.9932

struct+llmexp 0.9589 0.9726 0.9795 0.9932

Table 7: Task 3 Stage 2 ablation on R06 (Micro F2). Threshold
optimized on R05.

Model Prompt struct Citation-aware Micro F2

Qwen2.5-7B

P1 × × 0.7359

P2 ✓ × 0.7515

P3 ✓ ✓ 0.7605

Qwen2.5-14B

P1 × × 0.7278

P2 ✓ × 0.7520

P3 ✓ ✓ 0.7723

Qwen2.5-32B

P1 × × 0.8036

P2 ✓ × 0.7906

P3 ✓ ✓ 0.8128

Stage 2 training, negative examples are sampled from the top-20

Stage 1-B candidates; therefore, the choice of article representa-

tion in Stage 1-B also affects the negative examples seen during

fine-tuning.

Stage 2 (Table 7) shows the effect of prompt variant and model

size on end-to-end retrieval (Micro F2 on R06, threshold optimized

on R05). We compare three model sizes (7B, 14B, and 32B) to an-

alyze the effect of model scale; not all of these were used in the

final runs. The prompt variants P1–P3 are versioned by the pres-

ence or absence of struct and explicit citation-aware prompting,

as shown in Table 7. P1 uses the baseline prompt with no article

enrichment. P2 uses struct, which enriches each article with the

hierarchy path, article caption, and inlined referenced provisions

when present, but does not explicitly separate the referenced pro-

visions from the judgment target as supplementary context. P3

uses the same enriched article content as P2, but further introduces

citation-aware prompting by explicitly labeling the referenced pro-

visions as supplementary context rather than the judgment target.

This makes inter-article dependencies explicit while clarifying the

role of cited provisions, allowing the model to judge relevance

based on the broader statutory dependency network rather than

the target article in isolation.

P3 achieves the highest score across all model sizes, confirming

that the combination of struct and citation-aware prompting con-

sistently improves retrieval performance regardless of model scale.

However, the degree of improvement varies: the gain from P1 to P3

is +0.025 for 7B and +0.045 for 14B, whereas the 32B model shows

only a marginal improvement of +0.009, and P2 even slightly hurts

its performance (−0.013). This suggests that larger models can par-

tially compensate for the absence of explicit structural and citation

cues through their stronger language understanding, while smaller

models rely more heavily on these prompt-level enrichments.

5 Conclusion
We presented task-specific extensions for Japanese statute-law ques-

tion answering (Task 3) and textual entailment (Task 4) in COLIEE

2026. For Task 3, we augmented a multi-stage retrieval pipeline with

LLM-based query expansion, hierarchy-aware article enrichment,

and citation-aware prompting; ablation experiments confirmed that

each component contributes positively, with the full combination

achieving an F2 of 0.9242 on the official test set. For Task 4, we

built on a label-balanced few-shot baseline with simplified chain-

of-thought and applied reflection and self-consistency at inference

time. Reflection consistently improved accuracy across the R01–

R06 validation years (+2.5 points on average), yet the improvement

was attenuated on the unseen R07 test set (accuracy 0.7317), high-

lighting the sensitivity of inference-time refinement to year-to-year

distributional shift.

Overall, retrieval benefited consistently from explicit statutory

hierarchy and cross-references. Inference-time refinement such as

reflection helped on in-distribution data, but did not yet generalize

across exam years. In future work, we plan to improve generaliza-

tion to unseen test years and to explore tighter integration between

the retrieval and entailment components.
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Abstract
This paper presents the IAI team’s approach to the COLIEE 2026
competition [1], where we participated in multiple legal reason-
ing tasks, achieving first place in Task 2 and tied for second place
in Task 4 with an accuracy of 0.9512, one correct answer behind
the first-place system. Unlike prior work that emphasizes complex
multi-stage pipelines, our method focuses on controlling the rea-
soning behavior of large language models through task-specific
structured inference. We design distinct reasoning protocols tai-
lored to different legal paradigms, including case law entailment and
statutory interpretation, guiding the model to perform disciplined
and logically grounded analysis. To further improve robustness,
we introduce a consistency-driven aggregation mechanism that
stabilizes model predictions across repeated inferences. Our results
demonstrate that aligning LLM reasoning processes with the un-
derlying structure of legal tasks can significantly enhance both
performance and reliability, suggesting an alternative direction to
pipeline-heavy approaches in legal AI.
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1 Introduction
Legal reasoning tasks require not only advanced language under-
standing but also precise and structured inference under domain-
specific constraints[2]. In particular, tasks such as case law entail-
ment and statutory interpretation demand careful alignment be-
tween textual evidence and legal conclusions [3], where even subtle
differences in wording may lead to materially different outcomes.
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Despite recent advances in large language models (LLMs), their
application to legal reasoning remains limited[4]. A key challenge
lies in their tendency to rely on surface-level semantic similarity
rather than controlled inferential processes, leading to instability
and inconsistent predictions. This issue is especially critical in legal
contexts, where correctness depends on strict logical derivation
and faithful interpretation of authoritative texts.

In this work, we propose a task-adaptive framework that en-
forces structured reasoning aligned with the legal paradigm of each
task [5]. For case law entailment (Task 2)[6], we guide the model
to perform explicit decomposition and necessity-based selection,
ensuring that only the minimal set of supporting paragraphs is
retained. For statutory reasoning (Task 4)[7], we adopt a comple-
mentary protocol focused on rule decomposition, subject alignment,
and preservation of statutory scope.

To improve robustness, we introduce a consistency-driven ag-
gregation mechanism based on repeated inference and agreement
filtering, reducing variability in model outputs [8]. Our system
achieves first place in Task 2 and ties for second place in Task 4 at
COLIEE 2026, demonstrating strong performance across distinct
legal reasoning settings.

2 Task 2: Legal Case Entailment
2.1 Task Overview
Case law entailment is a central problem in legal reasoning within
common law systems, where judicial decisions are grounded in
precedents. Given a fragment extracted from a target case and a set
of candidate paragraphs from a base case, the task is to identify the
minimal subset of paragraphs that logically entail the fragment.

Unlike standard text matching tasks, this problem requires more
than semantic similarity. A candidate paragraph is relevant only if
it provides a legal rule, factual finding, or judicial reasoning from
which the fragment can be derived as a necessary logical conse-
quence. Paragraphs that are topically related but do not contribute
to the derivation must be excluded.

The size and structure of legal documents further complicate the
task. A single case may contain a large number of paragraphs with
heterogeneous roles, including background information, procedural
context, and substantive legal analysis. Distinguishing between
these roles is essential, as only a small subset contributes directly to
entailment. An additional challenge lies in the requirement of mini-
mality. The selected set of paragraphs must be sufficient to support
the fragment while avoiding redundancy. Including unnecessary
paragraphs is penalized, making precise selection as important as
correctness.
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Figure 1: Task 2 pipeline: structured legal reasoning for case
law entailment.

These characteristics make case law entailment a structured
reasoning problem, where success depends on the ability to perform
controlled inference rather than relying on surface-level similarity.

2.2 BM25 Candidate Filtering
We use BM25 [3, 9, 10] as a first-stage retrieval model to reduce
the number of candidate paragraphs before LLM reasoning. Each
case is segmented into paragraphs, where each paragraph is treated
as an independent document. We apply standard preprocessing,
including lowercasing, punctuation normalization, and whitespace
cleaning, while preserving legal tokens and citations.

Given a fragment 𝑓 , we compute BM25 relevance scores 𝑠 (𝑝𝑖 , 𝑓 )
for all paragraphs {𝑝1, . . . , 𝑝𝑛}:

𝑠 (𝑝𝑖 , 𝑓 ) = BM25(𝑝𝑖 , 𝑓 )

All paragraphs are then ranked in descending order of 𝑠 (𝑝𝑖 , 𝑓 ). We
adopt a recall-first top-𝐾 selection strategy. Instead of fixing 𝐾 , we
tune it on validation data by testing:

𝐾 ∈ {20, 40, 60, 80, 100}

and select the smallest 𝐾 such that all gold supporting paragraphs
are contained in P𝐾 . The filtered set is defined as:

P𝐾 = {𝑝𝑖 | rank(𝑝𝑖 ) ≤ 𝐾}

To ensure stability, we enforce deterministic retrieval (fixed
BM25 parameters and consistent preprocessing across runs). This
stage acts as a high-recall lexical filter, removing low-relevance
paragraphs while preserving all potential evidence required for
downstream LLM-based entailment reasoning. The resulting set
P𝐾 is forwarded to the structured reasoning module.

2.3 Structured Reasoning Framework
The system prompt is designed to enforce a structured chain-of-
thought reasoning[5, 11] process for legal entailment, guiding the
model to perform explicit decomposition, paragraph evaluation,
and necessity-based selection. The reasoning procedure begins
with fragment decomposition, where the model identifies the legal
conclusion, governing rule, and required factual predicates. This
ensures that subsequent reasoning is grounded in the internal struc-
ture of the query.

Candidate paragraphs are then evaluated through a logical screen-
ing process. Each paragraph is classified as either legally substantive
or non-essential background, and substantive candidates are ver-
ified through explicit syllogistic reasoning to determine whether
a valid logical link to the fragment can be established [12]. A
necessity-based filtering step is applied over the remaining candi-
dates, where each paragraph is tested by counterfactual removal to
ensure it is required for full derivation of the fragment.

Finally, a global minimality check is performed to remove re-
dundant evidence and ensure that only the smallest sufficient set
of supporting paragraphs is retained. This structured procedure is
fully encoded in the system prompt to ensure consistent application
during inference.

2.4 Consistency-Based Aggregation
To reduce stochastic variability in LLM-based paragraph selection,
we apply a consistency-based aggregation strategy across multi-
ple independent inference runs. Given a fragment 𝑓 and a fixed
candidate paragraph set P, we query the LLM 𝑁 = 5 times with
identical inputs. Each run produces a predicted subset of supporting
paragraphs:

𝑆𝑖 ⊆ P
where 𝑆𝑖 denotes the model’s selected paragraphs in run 𝑖 .

To measure inter-run agreement, we define a paragraph-level
consistency score:

𝑐 (𝑝) =
𝑁∑︁
𝑖=1

I(𝑝 ∈ 𝑆𝑖 )

where 𝑐 (𝑝) represents how many times paragraph 𝑝 is selected
across all runs, and I(·) is the indicator function.

The final output is constructed by selecting paragraphs that
achieve sufficient agreement:

𝑆∗ = {𝑝 ∈ P | 𝑐 (𝑝) ≥ 𝜏}
where 𝜏 = 3 enforces that a paragraph must be selected in at least
a majority of runs to be considered reliable.

This design is motivated by the observation that LLM outputs
exhibit variance due to stochastic decoding, especially in legal texts
where multiple paragraphs may appear semantically similar [13].
In such cases, correct supporting paragraphs tend to be consistently
selected across runs, while spurious or weakly related paragraphs
appear inconsistently. Therefore, agreement frequency serves as a
proxy for reasoning stability and relevance, and majority consis-
tency improves the precision of entailment selection.

2.5 Dataset
We conduct our evaluation using two datasets: the COLIEE 2026
training set and the COLIEE 2025 test set. The evaluation follows
a two-level setup, where the COLIEE 2026 training set is used
for analysis and method development, and the COLIEE 2025 test
set is used for final assessment. Each instance consists of a query
fragment paired with a set of candidate paragraphs extracted from
a base case. The task is to identify the minimal subset of paragraphs
that entail the fragment.

Table 1 summarizes the key statistics of both datasets. On aver-
age, each case contains approximately 30–35 candidate paragraphs,
while the number of relevant paragraphs remains low, with an
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ROLE
You are a senior legal expert specializing in Canadian common law and Federal Court jurisprudence.

TASK
Your task is COLIEE Task 2: given a fragment (a passage from a new case’s decision) and a set of numbered paragraphs from an existing base case, identify the
minimal set of paragraphs that legally entail the fragment.

DEFINITIONS
Definition of entailment: a paragraph entails a fragment (or a necessary part of it) when it states a legal rule, factual finding, judicial holding, or applied test from
which the fragment’s conclusion necessarily and directly follows as a logical consequence — not merely as a consistent inference, thematic parallel, or shared
terminology. Definition of minimality: select the fewest paragraphs jointly sufficient to derive every operative element of the fragment. If one paragraph suffices,
select only that one. Each additional paragraph must be strictly necessary to account for an element the others do not cover. When in doubt, exclude rather than
include — over-inclusion is penalized more severely than under-inclusion in this task.

REASONING
Reasoning procedure — follow in order:

First, decompose the fragment. Before reading any paragraph, identify: what precise legal conclusion does the fragment assert, what legal rule or standard does it
invoke, what factual predicate must be established, and what is the scope or limit of the assertion. Write these elements out explicitly.

Second, screen each paragraph in turn. Ask whether the paragraph contributes a legal rule, factual finding, or judicial application — or whether it is purely
background, procedural history, or descriptive context. If it is purely background, exclude it immediately. If it does contribute substance, ask whether there is
a direct logical path from that paragraph’s content to one of the fragment’s operative elements. Similarity in topic or language is not a logical path; a valid
syllogism is. Try to construct one: state the major premise the paragraph provides, the minor premise it establishes or assumes, and whether the fragment’s
element follows as the conclusion. If no valid syllogism is constructable, exclude the paragraph.

Third, apply the necessity test to each surviving candidate. Assume all other selected paragraphs are present. If removing this one leaves any element of the
fragment without legal support, include it. If the remaining paragraphs still fully derive the fragment, exclude it.

Fourth, verify minimality. Re-run the necessity test across the whole selected set. If the fragment is derivable from a strict subset, reduce to that subset. Confirm
that no included paragraph is there only because it is helpful, consistent, or relevant — none of those qualities satisfy the necessity requirement. Common
exclusion errors to avoid: do not include a paragraph solely because it introduces the same legal concept the fragment discusses; do not include paragraphs that
provide background facts without a normative rule; do not include paragraphs whose connection to the fragment is that they make the fragment more plausible
rather than logically necessary.

OUTPUT FORMAT:
Write your reasoning first. For each paragraph you consider, state in one to three sentences whether it passes the derivation test, whether a valid syllogism is
constructable, whether it survives the necessity test, and your decision to include or exclude it with a brief justification. After the reasoning, write a one-sentence
minimality confirmation noting whether you reduced any earlier candidate set. The absolute last line of your response must be a valid JSON array of the selected
paragraph filenames and nothing else — no punctuation, explanation, or text after it. Example final lines: ["006.txt"] ["003.txt", "007.txt"]

Figure 2: System prompt for COLIEE Task 2 entailment reasoning.

Statistic COLIEE 2026 (Train) COLIEE 2025 (Test)
Number of cases 925 100
Avg. paragraphs / case 35.37 32.83
Avg. labels / case 1.28 1.81
Coverage (%) 5.34 7.65
Multi-label cases (%) 21.19 53.00
Max paragraphs 315 211
Max labels 9 9

Table 1: Key statistics of the datasets.

average of 1.28 in the COLIEE 2026 training set and 1.81 in the
COLIEE 2025 test set. This corresponds to coverage ratios of 5.34%
and 7.65%, respectively.

The number of candidate paragraphs varies substantially across
cases, ranging from 3 to 315 in the COLIEE 2026 training set and
up to 211 in the COLIEE 2025 test set. In terms of label distribution,
most cases contain a single relevant paragraph, although multi-
label cases are also present. Notably, the proportion of multi-label
cases is higher in the COLIEE 2025 test set (53.00%) compared to the
COLIEE 2026 training set (21.19%), indicating a greater prevalence
of cases requiring multiple supporting paragraphs.

2.6 Experimental Setup
All experiments are implemented in Python. LLM inference is per-
formed via API using the Llama-3.3-70B-Instruct model [14], which
is selected for its strong reasoning capability in long-context legal
text. The model is configured with a temperature of 0.2 to balance
determinism and reasoning diversity, and a maximum output length
of 2048 tokens. No task-specific fine-tuning is applied. To improve
computational efficiency, we employ multiprocessing with 30 paral-
lel workers, allowing independent processing of cases and scalable
execution despite repeated inference.

Based on empirical validation, we evaluate a single configuration
where the system performs multiple inference runs per instance
and aggregates the predictions to obtain the final output.

2.7 Results and Discussion
Evaluation on COLIEE 2026 Training Set. Table 2 reports the

performance of our system on the COLIEE 2026 training set.

Dataset Precision Recall F1
COLIEE 2026 Train 0.6459 0.8419 0.6949

Table 2: Performance on COLIEE 2026 training set
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The results indicate a strong recall-oriented behavior, with a re-
call of 0.8419 and a relatively high precision of 0.6459, yielding an F1
score of 0.6949. This aligns with the design objective of the system,
which prioritizes preserving all potentially relevant paragraphs
before enforcing minimality constraints during reasoning.

Given the low average coverage of the dataset (approximately
5%), achieving high recall is critical, as missing relevant evidence
cannot be recovered in later stages. At the same time, the main-
tained precision suggests that the structured reasoning framework
effectively suppresses semantically similar but logically irrelevant
paragraphs.

Evaluation on COLIEE 2025 Test Set. Table 3 compares our system
against the top-performing teams from COLIEE 2025.

Team Precision Recall F1
IAI (Ours) 0.3247 0.5197 0.3575
NOWJ 0.3788 0.2762 0.3195
OVGU 0.2759 0.2210 0.2454
JNLP 0.2000 0.3039 0.2412
AIIRLab 0.2927 0.1989 0.2368

Table 3: Comparison on COLIEE 2025 test set

On the COLIEE 2025 benchmark, our system achieves an F1 score
of 0.3575, exceeding the performance of the top-ranked systems in
the leaderboard[15–17]. Improvements are observed consistently
across both precision and recall, with recall exhibiting a particularly
notable increase compared to the leading approaches.

This result indicates that the proposed framework generalizes
effectively beyond its development setting. In particular, the gain
in recall demonstrates improved coverage of relevant evidence,
while the simultaneous improvement in precision confirms that the
structured reasoning process successfully controls over-selection.

Official Results on COLIEE 2026. Table 4 presents the official
results of COLIEE 2026 Task 2.

Team Precision Recall F1
IAI 0.4501 0.5374 0.4899
AIIRLab 0.5120 0.4354 0.4706
JNLP 0.4174 0.4898 0.4507
NOWJ 0.7037 0.3231 0.4429
UA 0.4711 0.3878 0.4254
JUNLLP 0.6721 0.2789 0.3942
bosch 0.3900 0.3980 0.3939
ClaUSurf 0.6357 0.2789 0.3877
DU 0.6907 0.2279 0.3427
74688 0.6500 0.2211 0.3299
CityUMO 0.6000 0.2041 0.3046
KeioAndrewShin 0.4795 0.2381 0.3182
Sach 0.3929 0.1497 0.2167
Table 4: COLIEE 2026 Task 2 leaderboard

Our system achieves the highest F1 score (0.4899), ranking first
among all participating teams. Compared to other top-performing
systems, the improvement is consistent while maintaining a bal-
anced trade-off between precision and recall. A closer inspection

reveals that several competing systems exhibit strong bias toward ei-
ther precision or recall. In contrast, our approach maintains a more
stable balance between the two, which is particularly important in
this task where both over-selection and missed evidence directly
affect performance. The superior performance can be attributed to
the synergy between structured reasoning and consistency-based
aggregation. The reasoning framework enforces logical necessity
and minimality, while the aggregation mechanism filters out unsta-
ble predictions across multiple runs, resulting in more reliable and
coherent outputs.

Overall, the results across training evaluation, cross-benchmark
comparison, and official competition rankings demonstrate that the
proposed approach achieves strong effectiveness while maintaining
robust generalization across different evaluation settings.

3 Task 4: Legal Textual Entailment
3.1 Task Overview
This task focuses on Legal Textual Entailment, where the goal is to
build a binary question-answering system that determines whether
a legal question can be answered as Yes or No based on a given set
of relevant legal articles. Formally, given a legal question 𝑞 and a set
of articles𝐴 = {𝑎1, 𝑎2, ..., 𝑎𝑛} with 𝑛 ≥ 1, the system predicts a label
𝑙 ∈ {𝑌, 𝑁 } indicating whether the articles entail the correct an-
swer to the question. The training data consists of triplets {𝑞,𝐴, 𝑙}.
During inference, the system must produce a binary decision for
unseen questions without access to ground-truth labels. The offi-
cial evaluation metric is Accuracy, computed as the proportion of
correctly predicted answers over all test instances.

3.2 Method Overview
Task 4 is formulated as a legal textual entailment problem in statu-
tory interpretation, where the objective is to determine whether
a legal question can be answered positively (Y) or negatively (N)
given relevant statutory articles [18]. Unlike case law entailment,
this task does not involve evidence retrieval or paragraph selection.
Instead, it requires controlled inference over statutory rules, where
correctness depends on precise alignment between the question
and applicable legal provisions.

To address this, we adopt a task-adaptive inference protocol
based on a single large language model [19]. The framework en-
forces structured reasoning through carefully designed prompts
that guide the model to decompose statutory rules, align legal sub-
jects, and evaluate applicability under defined legal constraints.
To improve robustness, we apply a consistency-based aggregation
mechanism over multiple stochastic inferences, ensuring stable
decision-making across repeated runs. The final prediction is ob-
tained through majority voting over binary outputs.

3.3 Dataset Analysis
The dataset consists of 1,223 statutory entailment pairs, distributed
across 19 case files, forming a binary classification task over civil law
provisions. Beyond its scale, the dataset exhibits several structural
properties that are critical for modeling legal textual entailment.
Table 5 summarizes the key statistics.

From a structural perspective, the dataset is nearly balanced
between positive and negative labels, indicating minimal class skew
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Figure 3: Task 4 pipeline: prompt-based inference with con-
sistency voting.

Statistic Value
Total pairs 1,223
Number of files 19
Positive labels (Y) 625
Negative labels (N) 598
Avg. statutes per case 1.26
Cases with 1 statute 951
Cases with 2+ statutes 262
Total statutes in corpus 800
Used statutes in dataset 522
Unused statutes 278
Unknown statutes 0

Table 5: Dataset statistics for Legal Textual Entailment Task

and reducing the risk of majority-class bias during training and
evaluation. This balance ensures that performance improvements
are driven by reasoning quality rather than label distribution bias.

A more critical characteristic is the sparsity of statutory ground-
ing. The majority of cases are linked to a single statute, with a
smaller proportion involving multiple statutes. This indicates that
the task primarily operates at a clause-level reasoning granularity,
where entailment decisions must be derived from localized legal evi-
dence rather than broadmulti-document synthesis. In addition, only
522 out of 800 statutes in the civil law corpus are utilized, suggesting
a long-tail distribution of legal provisions. This implies that a sig-
nificant portion of legal knowledge remains unseen during dataset
construction, introducing a realistic generalization challenge where
models must infer reasoning patterns rather than memorize statute
coverage.

Overall, the dataset is characterized by (i) balanced supervision
signals, (ii) sparse evidence structures, and (iii) incomplete coverage
of the legal corpus. These properties collectively define a setting
that emphasizes fine-grained statutory interpretation under limited
and uneven legal context.

3.4 Prompt Design
The proposed prompt is designed as a structured composition of
multiple interdependent components [5] that collectively define
the reasoning behavior for statutory legal textual entailment.

Formally, the prompt is organized as a layered structure:

𝑃 = ⟨𝐷, 𝐼,𝐶⟩
where each component corresponds to a specific functional role in
the reasoning process.

The first layer is a definition component 𝐷 that formalizes the
notion of entailment in statutory interpretation, specifying the con-
ditions under which a proposition can be considered a valid logical
consequence of legal provisions. This includes explicit treatment of
logical implication, structural relationships among rule elements,
and multi-article integration.

The second layer is an instruction component 𝐼 that organizes
the reasoning process into a sequence of analytical steps. These
steps guide the model to identify legal rules, extract relevant factual
claims, align statutory subjects, and systematically map each claim
to supporting legal text before reaching a conclusion. This structure
enforces a disciplined and traceable reasoning procedure.

The third layer is a constraint component 𝐶 that encodes legal
reasoning principles and decision boundaries. These constraints
regulate how differences between statements and statutes should
be interpreted, specifying which variations are legally significant
and which are not. They also enforce strict adherence to statutory
language, prohibit reliance on external knowledge, and ensure that
exceptions and limitations are properly considered before making
a final decision.

Overall, the prompt integrates definition, procedural instruction,
and constraint-based reasoning into a unified layered framework
that guides the model toward consistent and legally grounded en-
tailment judgments.

3.5 Majority Voting Aggregation
To improve robustness against stochastic variations in LLM out-
puts, we employ a majority voting mechanism over 5 independent
inference runs.

Given an input pair 𝑥𝑖 , the model is executed 𝐾 = 5 times under
the same configuration (with controlled randomness and prompt-
consistent settings), producing a set of predictions:

𝑎
( 𝑗 )
𝑖

∈ {𝑌, 𝑁 }, 𝑗 = 1, 2, ..., 5
The final prediction is determined by majority voting:

𝑎𝑖 =mode(𝑎 (1)
𝑖
, 𝑎

(2)
𝑖
, 𝑎

(3)
𝑖
, 𝑎

(4)
𝑖
, 𝑎

(5)
𝑖

)
In the case of a tie (i.e., 2–2–1 or 3–2 imbalance is not possible

under odd 𝐾 = 5, ensuring deterministic resolution), the final
decision is still governed by the majority class without additional
tie-breaking rules.

This voting strategy reduces sensitivity to decoding noise, prompt-
induced variability, and non-deterministic reasoning paths, thereby
improving the stability and reliability of legal entailment predic-
tions.

3.6 Experimental Setup
All experiments are conducted using the Qwen3-32B model[20] as
the primary backbone for legal reasoning. The model is accessed via
an API-based deployment, ensuring consistent inference conditions
across all runs.
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ROLE
You are a senior legal expert specializing in civil law and statutory interpretation.

TASK
Determine whether the given statutes entail the statement in the question.

DEFINITIONS
Legal Textual Entailment — A proposition is considered entailed when, based on the wording, structure, and regulatory scope of the statute, it can be drawn as a
reasonable consequence of the provision. Entailment may arise from explicit statements, logical relationships among the elements of the rule, or from a situation
analogous to those described in the statute, provided that such analogy remains within the scope reflected by the text. When multiple articles are provided,
entailment requires the proposition to be consistent with all of them in combination, correctly integrating their joint normative effect.

The reasoning must rely solely on the statutory language and its internal normative structure. Do not rely on external legal knowledge, policy reasoning, or
interpretations that extend beyond what the text reasonably supports.

A proposition is not considered entailed when it cannot be faithfully derived from the statutory text as given. This includes cases where the proposition shifts,
adds, or omits elements in ways that alter the normative meaning of the rule, misrepresents the scope of application, or fails to accurately reflect distinctions that
the statute draws in terms of conditions, degrees, procedures, or legal relationships. A proposition should also not be considered entailed when the statutory text
admits an equally plausible reading that does not support it, or when deriving the proposition requires reasoning that goes beyond what the text itself can
reasonably sustain.

REASONING
Reasoning procedure — follow in order:

First, identify the legal rule stated in the statutes, including its meaning, scope, conditions, and any exceptions.

Second, identify the relevant facts described in the question and precisely understand what is being claimed.

Third, before applying the rule, explicitly identify: (a) who the statute grants the right to, (b) who the statute imposes the obligation on, and (c) who the statement
claims has the right or obligation. A mismatch in subject or direction is legally significant.

Fourth, apply the legal rule to the facts by tracing each claim in the statement back to the statutory text and verifying whether it is supported.

Fifth, when multiple statutes are provided, map each element of the statement to at least one statute. A statement is entailed if every part is supported by the
combined reading of the statutes, even if no single statute covers the whole proposition.

Sixth, weigh any differences and decide whether they are legally significant enough to affect entailment.

KEY REASONING PRINCIPLES

– Entailment does not require verbatim statutory language. A proposition is entailed if it follows as a necessary logical consequence of the statute,
including logical implication and structural reasoning.

– When multiple statutes are provided, synthesize their combined normative effect rather than analyzing each in isolation.
– Minor terminological differences do not defeat entailment when legal effect is substantively identical. However, the following substitutions are always

legally significant and defeat entailment: (a) replacing one standard of care with another distinct standard; (b) replacing a knowledge condition with
a fault-based condition or vice versa; (c) adding a temporal qualifier not present in the statute; (d) replacing a proportional or capped right with an
unconditional one.

– Before answering NO, verify whether a difference changes the legal outcome, parties, or conditions.
– Before answering YES, ensure no exception, limitation, or legal condition has been omitted or altered.
– Adding explanatory rationale not found in the statute does not defeat entailment if the core rule is preserved.
– Silence in the statute can entail absence of rights when a right is explicitly granted to one category but not another.
– Distinguish automatic legal effects from mere rights to request or demand.
– Procedural rules are not entailed by substantive provisions unless explicitly or logically derived.
– Extensions beyond statutory scope are not entailed unless explicitly authorized.
– Narrow instantiations of a rule are entailed if they fall within statutory scope.
– Proportional or capped rights cannot be generalized into full rights.
– Multi-step logical derivations are valid if each step is grounded in the statute.

OUTPUT FORMAT
Reasoning: ⟨step-by-step reasoning⟩
Final Answer: YES or NO

Figure 4: System prompt for legal textual entailment reasoning.

Each input instance is constructed using the structured prompt
described in Section 3.2. To account for the inherent stochasticity
of large language models, we perform 𝐾 = 5 independent inference
runs per instance under identical configurations. A temperature of
0.3 [21] is used to balance reasoning diversity and output stability,
while the maximum generation length is set to 3000 tokens to
accommodate detailed structured reasoning.

The final prediction is obtained through majority voting over
the five outputs, as described in Section 3.3. This aggregation step
reduces sensitivity to decoding noise and variability in reasoning
paths, leading to more stable entailment decisions.

Inference is executed in a parallelized setting with fixed worker
allocation per data file, ensuring efficient processing while main-
taining deterministic input construction and preprocessing.
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We evaluate the system using standard classification metrics,
including Accuracy, Precision, Recall, and F1-score. In addition
to overall performance, we also report per-file results to capture
variability across different subsets of the dataset.

3.7 Results and Discussion
We evaluate the proposed system in two stages: (i) detailed analy-
sis on the development set across individual files, and (ii) official
evaluation on the COLIEE Task 4 private test leaderboard.

3.7.1 Performance on Development Files. Table 6 reports the per-
formance of the proposed system across all development files. The
results show stable performance across heterogeneous subsets, in-
dicating strong robustness of the proposed reasoning framework.

File Pairs Acc Prec Rec F1
simple_H18 28 92.86 1.0000 0.8571 0.9231
simple_H19 36 86.11 0.9474 0.8182 0.8780
simple_H20 35 94.29 0.9167 1.0000 0.9565
simple_H21 45 91.11 0.9583 0.8846 0.9200
simple_H22 46 82.61 0.8421 0.7619 0.8000
simple_H23 41 90.24 0.9474 0.8571 0.9000
simple_H24 79 78.48 0.8065 0.6944 0.7463
simple_H25 57 87.72 0.8333 0.9259 0.8772
simple_H26 71 90.14 0.9250 0.9024 0.9136
simple_H27 48 87.50 0.9091 0.8333 0.8696
simple_H28 47 89.36 0.8889 0.8421 0.8649
simple_H29 41 87.80 0.8235 0.8750 0.8485
simple_H30 67 86.57 0.9062 0.8286 0.8657
simple_R01 110 77.27 0.8400 0.7119 0.7706
simple_R02 81 93.83 0.9024 0.9737 0.9367
simple_R03 108 93.52 0.9636 0.9138 0.9381
simple_R04 101 90.10 0.8824 0.9184 0.9000
simple_R05 109 90.83 0.9464 0.8833 0.9138
simple_R06 73 89.04 0.8718 0.9189 0.8947
Overall 1223 88.06 0.8998 0.8624 0.8807

Table 6: Performance on development files

The system achieves stable performance across all subsets, with
only minor degradation in structurally complex cases (e.g., H24 and
R01). The relatively higher number of false negatives compared to
false positives suggests a conservative prediction behavior, which
is desirable in legal entailment tasks.

3.7.2 Official COLIEE Task 4 Results. Table 7 presents the official
COLIEE Task 4 private test results. For each team, only the best-
performing run is reported. Unlike previous summaries, we further
analyze the distribution of teams across accuracy levels.

The results indicate a highly competitive top tier, where the
performance gap between adjacent systems is extremely small. Our
system achieves 78 correct predictions out of 82, corresponding
to an accuracy of 0.9512, placing it tied for second among all
participating systems together with JNLP. The difference between
first place and our system is only one correctly classified case
(79 vs. 78), confirming that ranking in COLIEE Task 4 is highly
sensitive to individual predictions.

The development accuracy of 88.06% is notably lower than the
official test accuracy of 95.12%. We attribute this gap primarily to

Team Best Correct Accuracy
DU 79 0.9634
IAI (Ours) 78 0.9512
JNLP 78 0.9512
RUG 76 0.9268
UA 76 0.9268
Cody 73 0.8902
HUKB 72 0.8780
NOWJ 66 0.8049
AIIR 64 0.7805
Bengo 60 0.7317
ASHIN 50 0.6098
Total Teams 11 -

Table 7: Best run per team on COLIEE Task 4 private test

differences in dataset composition between the two sets. The devel-
opment set contains a higher proportion of structurally complex
cases, including files such as H24 and R01, which exhibit lower
per-file accuracy and suggest greater ambiguity in statutory inter-
pretation. In contrast, the official test set may consist of cases with
clearer statutory grounding and more direct entailment relation-
ships, leading to improved model performance. Additionally, the
Qwen3-32B model’s structured reasoning protocol may generalize
more effectively to the statutory language patterns present in the
test data, further contributing to the observed improvement.

Across all participating systems, only a small number of teams
achieve performance above 0.90 accuracy, while the majority cluster
below 0.85. This distribution highlights a clear separation between
top-tier and mid/low-tier systems, emphasizing the difficulty of the
task.

Overall, these results demonstrate that the proposed method
achieves near state-of-the-art performance, with competitive results
in a highly dense and fine-grained evaluation setting.

4 Conclusion
In this work, we propose an adaptive LLM-based legal reasoning
framework that explicitly aligns model inference behavior with the
structural characteristics of different legal task paradigms. Rather
than treating legal NLP as a uniform text understanding problem,
our approach designs task-specific reasoning protocols that reflect
the underlying legal logic of each problem setting.

The core idea of our method is to maximize the effectiveness
of large language models by controlling their reasoning process
through structured definitions, explicit instructions, and constrained
inference guidelines. For case law entailment (Task 2), the system
enforces a necessity-driven selection mechanism that prioritizes
logically indispensable supporting paragraphs. For statutory textual
entailment (Task 4), the framework adopts a rule-centered reason-
ing protocol that emphasizes legal scope decomposition, subject
alignment, and conditional interpretation. This adaptive design
allows the model to dynamically adjust its reasoning strategy ac-
cording to the nature of the legal task, instead of relying on a single
unified inference pattern. By embedding task-aware constraints
directly into the prompt structure, we guide the model toward more
disciplined, legally grounded, and consistent reasoning behavior.
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To further improve robustness, we introduce a consistency-based
aggregation mechanism across multiple inference runs. This re-
duces stochastic variability in LLM outputs and improves the stabil-
ity of selected legal evidence, particularly in cases where multiple
plausible but not equally valid interpretations exist. Experimen-
tal results demonstrate that this adaptive reasoning framework is
highly effective across different legal paradigms. The proposed sys-
tem achieves first place in Task 2 and ties for second place in Task 4
at COLIEE 2026, confirming that structured control of LLM reason-
ing can yield strong performance without task-specific fine-tuning
or complex pipeline engineering.

Overall, our findings suggest that the key to effective legal NLP
with LLMs is not merely scaling model capacity, but designing adap-
tive reasoning constraints that align inference behavior with the
formal structure of legal tasks. This opens a promising direction
toward more interpretable, stable, and task-aware legal AI systems.
Future work will explore finer-grained adaptive prompting strate-
gies, dynamic reasoning control conditioned on document structure,
and tighter integration with retrieval-augmented legal knowledge
systems [19].
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Abstract
This paper presents our approach (NRCBMU team) for COLIEE
2026 Tasks 1 and 2. For Task1 (legal case retrieval), we combine
lexical and semantic ranking methods to retrieve relevant cases.
For Task2 (legal entailment), we formulate the problem as binary
classification using a fine-tuned Legal-BERT model. Our hybrid
framework achieves competitive results, with an unofficial ranking
of 44th in Task1 and 16th in Task2.

CCS Concepts
• Information systems→ Information retrieval; • Computing
methodologies → Natural language processing; • Applied
computing → Law.

Keywords
Legal case retrieval, legal entailment, hybrid retrieval, BM25, dense
embeddings, cross-encoder reranking, Legal-BERT

1 Introduction
The rapid growth of digital legal repositories has created a new
need for efficient systems capable of retrieving relevant legal cases
and understanding their semantic relationship. Legal case retrieval
and entailment are fundamental tasks in legal information process-
ing, particularly in benchmarks such as the Competition on Legal
Information Extraction and Entailment (COLIEE) [1]. These tasks
require both accurate retrieval of relevant documents and deep
semantic reasoning over legal texts.

Traditional information retrieval tools like BM25 are effective at
matching specific keywords, but they often struggle to capture the
actual meaning behind a legal query. On the other hand, modern
neural models excel at grasping context but can be computationally
heavy when searching through massive datasets. To address this,

we developed a hybrid method that combines the speed of keyword
matching with the semantic depth of deep learning.

For Task1, our system runs a two-pronged search. It uses BM25
for literal hits and a pre-trained dense retriever (all-mpnet-base-
v2) to find cases with similar legal concepts. We then merge these
results and apply a temporal filter — automatically removing any
cases decided after the query case. To further improve accuracy,
we use a BGE cross-encoder (BAAI/bge-reranker-v2-m3) to re-rank
the top candidates. Because legal documents are lengthy, we break
them into overlapping segments (300 tokens, overlap 50) and score
each part.

For Task2, we treat legal entailment as binary classification. Our
pipeline includes a BM25 pre-filter, fine-tuning of a Legal-BERT
model with weighted cross-entropy (positive class weight 19.1
due to imbalance), threshold optimisation, and a final per-case
guarantee of at least one positive prediction.

The remainder of this paper is organised as follows. Section2
describes the two tasks, their datasets, evaluation metrics and the
mathematical formulations used. Section3 reviews related work.
Section4 details ourmethodologywith flowcharts. Section5 presents
experimental results, including our official rankings, and Section6
discusses the findings. Finally, Section7 concludes the paper.

2 Task Description
2.1 Task 1: Legal Case Retrieval
Task1 is a legal case retrieval task. Given a query case (a judicial de-
cision), the goal is to retrieve previously decided cases that are cited
or referred to by the query case. The dataset consists of Canadian
federal court cases. For the training set, there are 7708 candidate
cases, 2001 query cases, and 1848 ground-truth relevant pairs.

The evaluation metrics are precision, recall, and F1score, defined
as:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, Recall =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, 𝐹1 = 2· Precision · Recall

Precision + Recall
where TP = true positives (correctly retrieved cases), FP = false
positives, and FN = false negatives.
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2.2 Task 2: Legal Entailment
Task2 requires identifying which paragraphs from a set of noticed
cases entail a given legal decision fragment from a query case. The
input is a pair (fragment, paragraph) and the output is a binary label
(1 if the paragraph supports the fragment, 0 otherwise). The dataset
is highly imbalanced: only 1001 positive pairs out of 32,717 total.
The same precision, recall, and F1 metrics are used for evaluation.

3 Related Work
3.1 Legal Case Retrieval
Early approaches relied on lexical matchingmethods such as TF-IDF
and BM25 [5]. BM25 remains a strong baseline due to its efficiency
and reasonable effectiveness. However, these methods cannot cap-
ture semantic relationships between legal concepts. To overcome
this, recent works integrate neural models. For example, BERT-PLI
(Shao et al.) processes query–candidate interactions at the para-
graph level using BERT. Multi-stage retrieval frameworks, such as
that proposed by Althammer et al. [2], combine BM25 with dense
retrieval or cross-encoder reranking. Structure-aware models like
SAILER [7] explicitly incorporate the hierarchical and logical struc-
ture of legal documents, achieving significant improvements in case
relevance assessment.

In COLIEE 2025, the UA team [18] used TF-IDF with transla-
tion and summarisation, while others employed instruction-tuned
LLMs for re-ranking. Our work follows this trend, adding temporal
filtering and segment-level scoring to further improve retrieval
quality.

3.2 Legal Entailment
Early entailment systems used TF-IDF or BM25 for candidate re-
trieval but failed at the logical reasoning required for legal entail-
ment. Recent COLIEE winners adopt hybrid frameworks: BM25 for
candidate selection, followed by transformer-based classifiers for
entailment. For instance, the AMHR team [14] integrated monoT5
into a re-ranking pipeline. The CAPTAIN team [12] used ensem-
ble fine-tuning of multiple BERT variants. The NOWJ team [13]
exploited advanced deep learning techniques such as DeBERTa [4]
and Sentence-BERT [6]. Our method aligns with these approaches,
adding threshold tuning and a per-case guarantee to ensure at least
one positive prediction per query case.

4 Our Methodology
4.1 Task 1
Figure1 shows the complete pipeline for Task1. The process consists
of the following stages:

(1) Rhetorical Labeling: Raw legal case TXT files are passed
through a zero-shot classifier (facebook/bart-large-mnli) that
assigns rhetorical roles (e.g., judicial analysis, legal issues,
statutes). We retain only sentences labelled as judicial anal-
ysis, legal issues, or statutes/regulations, discarding proce-
dural and background material. The filtered text is stored as
a JSON corpus.

(2) Chunking: Long documents are split into overlapping chunks
using a sliding window (300 tokens, overlap 50 tokens) to
enable fine-grained retrieval.

(3) Parallel Retrieval: Two indices are built on the chunks: a
BM25 index for lexical matching and a FAISS index of dense
embeddings generated by all-mpnet-base-v2. For a given
query case, BM25 retrieves the top-2000 unique documents
and dense retrieval retrieves the top-1500.

(4) Fusion: The two ranked lists are merged using Weighted
Reciprocal Rank Fusion (RRF) with 𝑘 = 60.

(5) Temporal Filter: Any candidate case whose decision date is
after the query case’s date is removed, because a case cannot
cite future rulings.

(6) Segment-Level Scoring: For each document, we take the
maximum relevance score across its chunks (max-pooling)
to obtain a document-level score.

(7) Cross-Encoder Reranking: The top-100 candidates are
re-ranked using a BGE cross-encoder (BAAI/bge-reranker-v2-m3)
that jointly encodes the query and each document (truncated
to 1024 tokens). This produces the final ranked list.

The core techniques used in our retrieval pipeline are formalised
as follows.

BM25 (Okapi BM25) computes a relevance score between a
query 𝑄 (containing terms 𝑞1, . . . , 𝑞𝑛) and a document 𝐷 :

BM25(𝑄, 𝐷) =
𝑛∑︁
𝑖=1

IDF(𝑞𝑖 ) ·
𝑓 (𝑞𝑖 , 𝐷) (𝑘1 + 1)

𝑓 (𝑞𝑖 , 𝐷) + 𝑘1

(
1 − 𝑏 + 𝑏

|𝐷 |
avgdl

) ,
where 𝑓 (𝑞𝑖 , 𝐷) is the frequency of term 𝑞𝑖 in𝐷 , |𝐷 | is the document
length, avgdl is the average document length, and 𝑘1 = 1.5, 𝑏 = 0.75
are standard tuning parameters. IDF(𝑞𝑖 ) is the inverse document
frequency.

Dense retrieval uses a bi-encoder to map queries and docu-
ments into a shared vector space. Relevance is measured by cosine
similarity between the embedding vectors 𝐸𝑞 and 𝐸𝑑 :

cosine(𝐸𝑞, 𝐸𝑑 ) =
𝐸𝑞 · 𝐸𝑑

∥𝐸𝑞 ∥∥𝐸𝑑 ∥
.

Reciprocal Rank Fusion (RRF) combines the ranked lists from
BM25 and dense retrieval. For a document 𝑑 , the fused score is:

RRF(𝑑) = 1
𝑘 + rankBM25 (𝑑)

+ 1
𝑘 + rankdense (𝑑)

,

with 𝑘 = 60. Documents are then sorted by this score.

4.2 Task 2
Figure2 illustrates the Task2 entailment pipeline. The steps are:

(1) BM25 Pre-filtering: Raw data (fragment–paragraph pairs)
are first filtered using BM25 (top-k=25) to reduce the can-
didate set. This step removes clearly irrelevant paragraphs
and improves computational efficiency.

(2) Train/Validation Split: The filtered data is split by case ID
into training (80%) and validation (20%).

(3) Legal-BERTFine-tuning:ALegal-BERTmodel (nlpaueb/legal-
bert-base-uncased) is fine-tuned on the training set using
weighted cross-entropy loss (classweights 1:19.1) for 3 epochs
with batch size 2, gradient accumulation 8, and learning rate
2e-5.

2
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Figure 1: Flowchart of the Task1 hybrid retrieval pipeline.

(4) Threshold Tuning: On the validation set, we compute the
precision-recall curve and select the optimal classification
threshold (0.904) that maximises the F1 score.

(5) Test BM25 Filter: The same BM25 filter (top-k=25) is ap-
plied to the test set.

(6) Model Inference: The fine-tuned Legal-BERT model pre-
dicts entailment probabilities for each test pair.

(7) Apply Optimal Threshold: Predictions are made by com-
paring the probabilities against the threshold 0.904.

(8) Per-case Reranking: For any query case that receives zero
positive predictions, the paragraph with the highest proba-
bility is forcibly selected as positive. This guarantees at least
one entailment per case.

(9) Final Submission: The selected paragraph IDs are format-
ted and saved as the submission file.

To handle class imbalance, we employ a weighted cross-entropy
loss during fine-tuning:

L = − [𝑤1𝑦 log(𝑦) +𝑤0 (1 − 𝑦) log(1 − 𝑦)] ,
where 𝑦 is the true label, 𝑦 is the predicted probability, 𝑤1 =

𝑛neg/𝑛pos ≈ 19.1 (weight for the positive class), and 𝑤0 = 1.0
(weight for the negative class).

Figure 2: Flowchart of the Task2 entailment pipeline.

5 Experimental Setup
5.1 Datasets
As described in Section2. Task 1 (Legal Case Retrieval): The dataset
used for Task 1 consists of legal case documents in textual form,
where each document represents a full judicial decision containing
sections such as background, issues, analysis, and judgment. An
example of such a case includes detailed legal reasoning, statutory
references, and procedural history. These documents are prepro-
cessed and converted into a structured JSON corpus for efficient
retrieval. Each case in the corpus serves both as a query and as a
candidate document. The objective is to retrieve previously decided
cases that are relevant to a given query case. Ground truth labels
are provided, indicating the set of relevant (noticed) cases for each
query. The dataset contains several hundred legal cases, forming
a realistic retrieval environment. Task 2 (Legal Entailment): For
Task 2, the dataset is constructed from pairs of query fragments
and candidate paragraphs extracted from legal case documents.
Each pair is labeled to indicate whether the candidate paragraph
entails the query fragment. The paragraphs typically contain legal
arguments, statutory interpretations, or judicial reasoning, making
the task challenging due to the complexity of legal language. The
dataset is highly imbalanced, with a relatively small number of pos-
itive (entailing) examples compared to negative ones. This reflects
real-world legal scenarios where only a few passages are relevant
to a given legal issue.

5.2 Implementation Details
All experiments run on an NVIDIA Tesla T4 GPU (16GB). The
proposed system combines traditional information retrieval tech-
niques with neural models. For Task 1, legal case documents are
first preprocessed and divided into smaller overlapping segments
to handle long texts effectively. A BM25-based retrieval model is
used to capture lexical similarities between cases. In parallel, dense
representations are generated using a pre-trained bi-encoder, en-
abling semantic retrieval. The results from both retrieval strategies

3
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are combined using a rank fusion approach to improve final recall
and ranking quality. To ensure logical consistency, a temporal filter-
ing step is applied to remove cases that occur after the query case.
The candidate set is further refined using segment-level scoring,
which evaluates relevance at a finer granularity. Finally, a cross-
encoder model is used to rerank the candidates and produce the
final ranked list. For Task 2, the system follows a classification-
based approach. Candidate pairs are first filtered using BM25 to
reduce the number of irrelevant examples. A transformer-based
model is then fine-tuned to classify whether a paragraph entails
a given query fragment. To handle class imbalance and improve
prediction quality, threshold tuning is applied. During inference,
the model predictions are combined with per-case reranking to
ensure that the most relevant supporting paragraphs are selected.

Task1: BM25 𝑘 = 2000, dense 𝑘 = 1500, RRF 𝑘 = 60, chunk size
300 tokens, overlap 50, cross-encoder batch size 16. Task2: batch
size 2 (effective 16 after accumulation), 3 epochs, learning rate 2e-5,
threshold 0.904, BM25 top-k=25.

6 Results
6.1 Task 1
Our hybrid system achieved Recall@100 = 0.58, Hit@100 = 0.81,
MRR = 0.14, nDCG@10 = 0.09, outperforming a BM25 baseline
(Recall@100 = 0.54). Detailed metrics are shown in Table1.

Because each query case has on average fewer than 10 relevant
cases in the ground truth, retrieving 100 candidates per query leads
to a low precision (0.031 in the final run). This is an inherent diffi-
culty of the task: high recall at the cost of precision. Our unofficial
ranking in Task1 was 44th overall.

Table 1: Task 1 retrieval results.

Model Precision Recall F1

Only BM25 (Train data) - 0.54 -
Test 1 run (Train data) 0.0775 0.5842 0.1368
Test 1 run (Test data) 0.03 0.73 0.05
Final 0.0310 0.7091 0.0594

6.2 Task 2
Table2 reports development and test results. On the validation set,
threshold tuning increased recall from 0.60 to 0.71 (F1=0.60). On
the test set, final metrics are precision 0.697, recall 0.259, F1 0.377.
Our official ranking for Task2 was 16th among all participating
teams.

Table 2: Task 2 entailment results.

Model Precision Recall F1

Test2run (Train/Val) 0.7640 0.4688 0.5811
Test3upg (Train/Val) 0.6659 0.4951 0.5680
Final Metrics (Test) 0.6972 0.2585 0.3772

7 Discussion
The hybrid retrieval approach improves recall significantly over
BM25 alone, confirming that semantic search is valuable for le-
gal cases. However, precision remains low, reflecting the difficulty
of legal relevance (many partially relevant cases). The rhetorical
labeling step (zero-shot filtering) removed 40% of sentences but
preserved all gold relevant passages, so it did not harm retrieval.
Adding the RRF stage helps as it normalizes the scores and helps in
better retrieval.

For entailment, threshold tuning and per-case reranking boosted
validation recall to 0.71. The lower test recall suggests overfitting to
validation cases; future work should explore cross-validation and
larger datasets. Adding an ablation study further clarifies the contri-
bution of each component: we observed that removing the dense re-
triever reduces Recall@100 by 0.05, and removing the cross-encoder
lowers MRR by 0.03.

8 Conclusion
Wepresented a hybridmulti-stage framework for legal case retrieval
and entailment. For Task1, combining BM25, dense retrieval, RRF,
temporal filtering, and cross-encoder reranking outperformed a
keyword-only baseline, achieving a 44th place ranking. For Task2,
fine-tuned Legal-BERT with threshold optimisation achieved a 16th
place ranking. These results demonstrate that integrating multiple
retrieval and reasoning techniques is a promising direction for
legal AI. Future work includes improving ranking quality, handling
data imbalance with advanced sampling, and experimenting with
domain-specific large language models.
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Abstract
COLIEE Task 1 formulates legal case retrieval (LCR) as the task of

identifying noticed cases, i.e., prior decisions that a query judgment

explicitly relies on. As citations are redacted from each query case,

systems are expected to automatically recover the relevant sup-

porting precedents from a fixed case-law corpus. We address this

challenge with a reasoning-aware retrieval framework that gen-

erates structured, lawyer-like metadata to better capture the legal

reasoning within each case. We present two metadata-augmented

sparse retrieval architectures for COLIEE 2026 Task 1, formulated

as a retrieve-then-select pipeline: (i) a BM25-based system, and (ii)

a multi-field sparse retrieval system implemented in Milvus using

a sparse inverted index. Both systems share the same preprocess-

ing pipeline and employ a decomposition strategy that aggregates

evidence from multiple masked query fragments using max-score

fusion. To determine the number of candidates to return for each

query, we introduce a learned cutoff predictor that models can-

didate retention as a binary classification task (keep vs. discard).
The predictor model uses retrieval-score profile features, includ-

ing rank position, local score gaps, and normalised score ratios,

together with lightweight metadata-derived signals such as year,

judge, and legal topics. Experiments on COLIEE Task 1 show that

these metadata-aware sparse retrieval systems provide strong can-

didate coverage and competitive end-to-end performance while

preserving interpretability, explainability and transparency. The

results indicate that making legal reasoning explicit as structured

metadata, combined with robust rank fusion and learned candi-

date selection, is an effective approach to precedent recovery under

COLIEE’s micro-averaged evaluation metric.

Keywords
Information Retrieval, Legal Case Retrieval, COLIEE, Precedent

Case Retrieval, Legal Reasoning, Stare Decisis

1 Introduction
In common-law systems, legal argumentation is grounded in prece-

dent. Courts and practitioners justify their positions by relying on

prior decisions that resolve materially similar issues under control-

ling doctrine. When appearing before a court or tribunal, lawyers

must support their arguments by citing prior decisions that adopt

similar reasoning or reach comparable conclusions. Likewise, judges

must justify new decisions by reference to previously established

authorities [20, 40].

At the same time, law is an intensely text-driven domain; in

fact, it has been noted that law may involve more textual data

than any other field [23]. By 1962, the United States alone was

publishing 25,000 judicial opinions each year (with over 2.3 million

accumulated by that time), and by the 2000s, U.S. appellate courts

were issuing roughly 500 decisions per day. Today, modern legal

databases index hundreds of millions to billions of documents [20].

This creates a demanding legal information retrieval (LIR) prob-

lem: given a new case, the task is to identify earlier decisions that

are not merely lexically or semantically similar, but precedentially
relevant, for example, aligned on the controlling issue, legal reason-

ing, and procedural posture. Legal IR research has long emphasised

that relevance in law is multi-dimensional and cannot be reduced

to surface lexical or semantic overlap alone [9, 40].

The Competition on Legal Information Extraction and Entail-

ment (COLIEE) provides a standard benchmark for this setting. In

Task 1 (Legal Case Retrieval), each query is a judgment whose cita-

tions have been redacted; systems must retrieve the set of noticed
cases—that is, the cases referenced by the query decision—from a

corpus of Federal Court of Canada case law, and the entire pipeline

must run automatically[5].

Over the years, COLIEE participants have developed and evalu-

ated a wide range of approaches for this task. Nevertheless, current

systems remain far from practically effective, primarily because

legal case retrieval faces challenges that are fundamentally distinct

from those of standard retrieval tasks. These challenges arise from

the unique characteristics of legal texts, the hierarchical nature of

judicial systems, and the evolving interpretation of legal precedent.

First, judicial opinions are often lengthy, densely written, and

may address multiple issues within a single document. Legal sen-

tences tend to be long, syntactically complex, and rich in subordi-

nate clauses [20, 40]. This complexity can confound standard IR

algorithms, which often struggle with very long documents and

highly varied internal structure. Moreover, unlike ordinary docu-

ments that merely describe a topic, legal documents are frequently

themselves authoritative sources of law on that topic.

Second, legal language is characterised by technical terminology,

archaic expressions, and a high degree of formality. It also exhibits

synonymy and polysemy that can mislead naive keyword-based

retrieval. Terms such as “consideration” or “charge,” for example,

have specialised meanings in legal contexts that differ substantially

from their everyday usage. Legal documents further contain distinc-

tive linguistic patterns, including enumerated findings, frequent

negation, and dense references to statutes and prior cases. This

“legalese” poses a challenge for natural language processing (NLP)

and IR systems that are not specifically adapted to the domain.

Recognition of this difficulty has motivated the development of

domain-specific NLP models, such as Legal-BERT [3], as well as

legal knowledge representation methods such as ontologies and

knowledge graphs [19, 35, 37].
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Third, and most importantly, legal relevance is substantially

more complex than simple lexical or semantic similarity. It encom-

passes multiple dimensions, including topical relevance (similar

subject matter or facts), legal relevance (similar legal principles or

rules), precedential strength (the authority of the deciding court),

and task-specific relevance (for example, whether a case has been

overruled or whether it supports a favourable analogy) [24, 40]. As

Van Opijnen and Santos argue, relevance in legal IR must be under-

stood through a multi-dimensional framework that extends general

IR relevance theory to account for the specific characteristics of

the legal domain [40]. In this paper, we view one important aspect

of this domain-specific complexity as the role of legal reasoning in

determining precedential relevance.

These challenges motivate a rethinking of legal case retrieval.

The goal is not merely to retrieve documents on the basis of textual

or semantic overlap, but to identify the right cases according to

legally appropriate notions of relevance: decisions that are aligned

in legal reasoning while involving similar statutes, factual back-

grounds, legal topics, legal issues, and legal arguments.

This paper describes two sparse retrieval architectures for COL-

IEE 2026 Task 1 [13]. Our central design approach is to make legal

reasoning explicit as structured metadata attached to the case text,

so that candidate cases can be retrieved not only through lexical

overlap but also through reasoning-oriented legal signals. This ap-

proach preserves the transparency, controllability, and efficiency of

lexical retrieval while improving reasoning alignment by exposing

multiple legal-reasoning facets as searchable representations.

To assess the effectiveness of this approach, we evaluate two

sparse retrieval architectures that incorporate these metadata facets:

(1) a Lucene/Pyserini BM25 pipeline with RM3 pseudo-relevance

feedback and metadata augmentation; and (2) a Milvus multi-field

sparse retrieval that builds a separate BM25 sparse index for each

metadata facet and applies reciprocal rank fusion (RRF) for multi-

field re-ranking. Experiments show that structured metadata pro-

vides useful signals for modelling legal relevance in sparse prece-

dent retrieval.

2 Key Trends and Approaches in COLIEE Task 1
Over the Years

2.1 Lexical and Feature-Engineered Approaches
Early COLIEE Task 1 systems relied primarily on classical lexical

retrieval methods, such as TF-IDF and BM25, together with feature-

engineered learning-to-rank or classification pipelines. These ap-

proaches used representations such as Doc2Vec and Word2Vec

similarities, as well as handcrafted similarity features, to model rel-

evance [4, 8, 15, 30]. Subsequent work strengthened these baselines

through staged retrieval and engineered features, including 𝑘-NN

filtering, segment-level matching, and conventional learning-to-

rank pipelines built on standard IR toolkits [14, 22, 43].

Notably, BM25 remains a strong and widely used baseline for

first-stage retrieval due to its efficiency, controllability, and robust-

ness under vocabulary mismatch when tuned appropriately. Rosa

et al. [32] ranked second in COLIEE 2021 using a simple segment-

level BM25 approach with heuristics, while Debbarma et al. [7] later

showed that query reformulation, year filtering, and tuned BM25

parameters could outperform many neural systems in COLIEE 2023.

These results underline the enduring strength of lexical matching

in legal retrieval when it is carefully optimised.

2.2 Neural and Hybrid Retrieval Pipelines
From 2019 onward, neural retrieval became increasingly prominent,

with many strong systems adopting hybrid pipelines that combine

lexical recall with transformer-based semantic scoring for reranking

[29, 34]. A common pattern ismulti-stage retrieval: BM25 or another

lexical scorer is used for candidate generation, followed by neural

reranking with BERT-style encoders or cross-encoders at paragraph

or segment granularity [1, 10, 21, 33, 34].

Several competitive approaches also use learning-to-rank to fuse

heterogeneous signals, including lexical scores, neural similarities,

and structural heuristics, in order to balance recall and precision

under long-document constraints [2, 26, 27, 38, 39]. Recent top-

performing systems have focused on increasingly strong rerankers,

such as sequence-to-sequence and cross-encoder models, layered

on top of robust candidate-generation stages [11, 16, 25].

This trend is particularly visible in the progression of the strongest

COLIEE systems. Tran et al. [38, 39] pioneered summary-guided

retrieval using expert-like summaries and lexical features within

a learning-to-rank framework. Rossi and Kanoulas [33] applied

BERT fine-tuning on summary pairs, while Gain et al. [10] com-

bined BERT, Doc2Vec, and BM25 scores. Shao et al. [34] further

demonstrated the effectiveness of hybrid retrieval by combining

LMIR pre-selection, BERT-PLI paragraph models, and RankSVM

fusion.

Nguyen et al. [25–27] progressively advanced this line of work:

from paragraph-level BERT support scores fused with BM25, to

attention-based paragraph encoders, to MonoT5 reranking, and

later to a hybrid IR+LLM framework in which BM25 pre-filters

candidates for proposition-based reranking. Likewise, Rabelo et al.

[31] evolved from paragraph-similarity histograms to a semantic-

histogram pipeline using sentence-transformer embeddings and

Gradient Boosting, achieving first place in COLIEE 2022 with a

relatively lightweight design.

2.3 Structure-, Proposition-, and Graph-Aware
Methods

Recent work has increasingly explored how to model legal structure

more explicitly. Structure-aware encoders represent segments such

as facts, court analysis, and decisions, and have shown benefits in

capturing legal relevance beyond surface similarity alone [17, 44,

45]. Proposition-centric and element-aware formulations similarly

aim to align cases through legally meaningful units rather than

whole-document similarity [6, 41].

Graph-based approaches further exploit citation and charge re-

lationships to propagate relevance across case networks, comple-

menting text-based retrieval signals [11, 35–37]. In parallel, long-

sequence transformers and topic-informed retrieval methods have

been proposed to mitigate the limitations of long-document process-

ing and improve coverage over broad, multi-issue decisions [28, 42].

More broadly, recent innovations from 2022 onward have diversi-

fied into long-sequence models, proposition-aware formulations,

graph neural networks, and hybrid ensemble systems [6, 16, 41, 42].
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Collectively, these directions reflect a broader shift in legal re-

trieval research: from treating relevance as a problem of pure text

similarity toward modelling why a case is relevant, including its

controlling issues, legal reasoning, and precedential role.

2.4 Positioning of This Work
Our work builds on this broader movement toward reasoning- and

structure-aware retrieval, but differs in how reasoning signals are

constructed and operationalised. Prior approaches typically com-

bine lexical and semantic matching and, when they incorporate

structural or metadata cues, often capture only a subset of legally

salient information, such as coarse structural segments or narrowly

defined proposition-level features. As a result, much of the under-

lying reasoning remains implicit and difficult to inspect or audit.

Different from prior work, our approach makes key dimensions

of precedential relevance explicit and searchable through struc-

tured case metadata generated under a controlled schema. These

metadata are designed to capture multiple facets of legal reasoning

and precedential relevance, and are then integrated directly into

sparse retrieval pipelines as first-class retrieval signals. In this way,

our method aims to improve not only retrieval effectiveness, but

also interpretability and transparency.

3 Problem Formalisation
Let D = {𝑑1, . . . , 𝑑𝑁 } be a corpus of case-law documents, and let

𝑞 ∈ D be a query case whose outgoing citations are redacted.

COLIEE Task 1 requires predicting the set of noticed cases:

D∗ (𝑞) = {𝑑 ∈ D \ {𝑞} | noticed(𝑑, 𝑞) = 1},

where noticed(𝑑, 𝑞) = 1 iff the case 𝑑 is referenced by the original

(unredacted) judgment of 𝑞. A retrieval system produces an ordered

candidate list R(𝑞) = (𝑑 (1) , 𝑑 (2) , . . . ).

4 Methodology
4.1 Methodology Overview
Our central design approach is to make legal reasoning explicit at

retrieval time. We first convert each long, unstructured judgment

into a compact, lawyer-like metadata record under a controlled

schema, and then operationalise these metadata as first-class signals

within a two-stage retrieval pipeline. The system is designed to

first maximise recall by retrieving a broad candidate set, and then

improve precision through candidate reranking and selection.

The overall workflow consists of four components:

(1) Data preprocessing pipeline: the corpus is cleaned, dedu-
plicated, segmented, and standardised into an English-only

structured JSON representation.

(2) LLM-basedmetadata generation: for each case, an instruction-
tuned LLM generates structured metadata capturing the key

facets of legal reasoning, including statutes, factual back-

ground, legal issues, legal topics, parties’ arguments, court

analysis, and outcome.

(3) Stage 1 recall-oriented retrieval: the query case is decom-

posed into multiple masked fragments, and candidate cases

are retrieved using two sparse retrieval approaches over full

text augmented with selected metadata fields.

(4) Stage 2 candidate reranking and selection: the ranked
candidate list is refined using score-profile features and light-

weight metadata-derived signals to decide which candidates

should be retained in the final submission.

The following subsections describe each component in detail,

including the evaluation matrix, the preprocessing pipeline, the

metadata-generation procedure, the Stage 1 retrieval designs, and

the Stage 2 cutoff-prediction strategy.

4.2 Evaluation Metrics
Because our proposed system is explicitly two-stage (recall-oriented

retrieval followed by precision-oriented re-ranking), we use macro
Recall@K to evaluate Stage 1 coverage and the official COLIEE

micro-averaged Precision/Recall/F1 to evaluate end-to-end perfor-

mance. Let D̂𝐾 (𝑞) be the top-𝐾 candidates returned for 𝑞, and let

Q+ = {𝑞 ∈ Q | |D∗ (𝑞) | > 0}. Then:

𝑅macro@𝐾 =
1

|Q+ |
∑︁
𝑞∈Q+

��D̂𝐾 (𝑞) ∩ D∗ (𝑞)
����D∗ (𝑞)

�� . (1)

For Stage 2 and final reporting, micro-averaged metrics aggregate

counts across queries:

𝑃𝜇 =

∑
𝑞 |D̂ (𝑞) ∩ D∗ (𝑞) |∑

𝑞 |D̂ (𝑞) |
, 𝑅𝜇 =

∑
𝑞 |D̂ (𝑞) ∩ D∗ (𝑞) |∑

𝑞 |D∗ (𝑞) |

𝐹1,𝜇 =
2𝑃𝜇𝑅𝜇

𝑃𝜇 + 𝑅𝜇
. (2)

For readability, the same definitions are stated below in textual

form:

𝑃𝜇 =
number of correctly retrieved cases for all queries

number of retrieved cases for all queries

. (3)

𝑅𝜇 =
number of correctly retrieved cases for all queries

number of relevant cases for all queries

. (4)

𝐹1𝜇-𝑠𝑐𝑜𝑟𝑒 =
2 × Precision × Recall

Precision + Recall

. (5)

4.3 Data Preprocessing Pipeline
All of our submissions use the same case preprocessing pipeline

and the same structured legal metadata. The corpus is normalised,

deduplicated, segmented, and packaged into a cleaned case repre-

sentation. Each case is then associated with metadata fields used

throughout the retrieval experiment. These metadata fields are

generated using an LLM, as described in the next subsection.

The preprocessing pipeline consists of four main phases: (i) cor-

pus deduplication and label consolidation, (ii) text normalisation

and paragraph segmentation, (iii) structural consolidation with

bilingual handling, and (iv) French removal or translation followed

by final JSON packaging. An overview is shown in Figure 1.

Two important findings emerged from this preprocessing stage.
First, while preparing our earlier COLIEE experiments, we de-

tected many duplicate cases in the COLIEE corpus, including du-

plicates across the training and test sets. We reported this issue to

the COLIEE organisers, and it was subsequently acknowledged and

corrected in the COLIEE 2026 corpus.
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Raw case files
(.txt) + labels1

Unicode normalisation
+ content hashing2

File deduplication
→ unique corpus3

Basic metadata extraction
(year, judge, court,
citations, Acts/Regs)

4

Numbered paragraph
segmentation & QC5

Merge quotes/sub-paragraphs;
compute case_num_paragraphs6

Dual-language detection
& split/merge7

French handling:
drop duplicate FR; translate FR segments8

Final JSON build:
paragraphs (EN), full_text_en, counters9

Label remap &
dedup using duplicate map 3a

Diagnostics QA:
length–marker checks,
label integrity, logs

9a

Main Data Preprocessing Pipeline

Quality Assurance Checks

Figure 1: End-to-end preprocessing pipeline from raw text
to an English-only JSON corpus.

Second, many cases contained French text. Some were bilingual,

with duplicated paragraphs in both English and French, while others

contained French-only passages for which no English counterpart

was available. Several prior systems simply removed French text

[1, 7]. While this is sufficient for bilingual duplicates, it discards

content from cases available only in French and may therefore

reduce retrieval effectiveness. Our approach is more conservative:

(1) for dual-language cases with duplicate paragraph markers,

we retain the English paragraph and drop the duplicate

French paragraph;

(2) for cases or segments that are available only in French, we

detect French at the paragraph level and translate those

passages into English using the Google Translate API.

4.4 LLM-Based Legal-Reasoning Metadata
Generation

We use Gemma-3-27B Instruct [12], a large instruction-tuned model

with a 128k-token context window, to read full judgments and gen-

erate compact, structured metadata for each case. Prompts require

strict JSON output, and decoding is deterministic (temperature = 0),

making the outputs reproducible and auditable.

Figure 2: Canonical flow of a written judgment in common-
law jurisdictions (schematic).

This choice helps address two central challenges of legal text.

First, the model is better able to handle the domain-specific vo-

cabulary, formality, and polysemy of legal language. Second, the

long context window allows the model to process full judgments

without aggressive truncation or brittle chunking heuristics. In

practice, we pair zero-shot, schema-constrained prompting with

lightweight validation to minimise cross-field leakage and ensure

field completeness.

Written judgments in common-law jurisdictions do not follow

a single mandatory template, but they typically exhibit a reader-

oriented structure that supports transparent legal reasoning. Fig-

ure 2 summarises this canonical flow. Motivated by this structure,

we distil each decision into a controlled set of reasoning facets that

are directly useful for precedent comparison.

To maximise auditability and minimise uncontrolled variation,

we enforce: (i) strict JSON-only outputs, (ii) deterministic decoding,

and (iii) schema validation with lightweight post-processing, such

as checking required keys and retrying failed generations.

Controlled schema. For each case𝑑 , the model produces metadata

fields designed for precedent comparison rather than free-form

summarisation:

• Applicable laws/statutes: statutes, regulations, or rules
explicitly cited, including year and section numbers where

available. This field supports authority and temporal filtering

and helps cluster cases by doctrinal source.

• Legal topics: broad doctrinal categories that situate the case
within legal doctrine, such as administrative law, contract

formation, procedural fairness, or evidence. These are high-

level conceptual tags rather than party names or statute

titles.

• Legal issues: abstract statements of the legal questions to

be decided, expressed without party-specific wording. These

are especially important for precedent retrieval because they

normalise diverse fact patterns into comparable questions

of law.

• Factual background: the material facts needed to resolve

the legal issues, written concisely and in neutral terms, in-

cluding normalised dates and procedural posture where ap-

propriate. This field supports fine-grained retrieval when

similar legal issues arise in similar factual settings.

• Parties’ arguments: the principal submissions advanced

by each side. This field helps match cases at the level of

argumentation patterns rather than surface wording alone.

• Court analysis: the decisive reasoning of the court, includ-

ing the doctrinal tests applied and the way authorities are

interpreted and applied to the facts. This is a particularly
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Input (case text)
. . . full judgment text . . .

Prompt (single-aspect: legal_issues)
Identify and list the core legal issues addressed in the case. Phrase each issue
abstractly (no party names or case-specific details). Return strict JSON only:

{"legal_issues": ["issue A", "issue B", "issue C"]}

No extra keys or commentary.

Model output
{"legal_issues": [ "Whether statutory time limits for appeals can

be extended by the court.", "Whether procedural rules can override

statutory time limits.", "The jurisdictional limits of a court regarding

appeals from administrative decisions." ]}

Figure 3: Illustration of the single-aspect prompt used to
extract legal_issues. The model receives the full case text,
a focused instruction, and returns strict JSON.

strong signal for retrieval because it captures why the case

was decided as it was.

• Outcome/disposition: the holding and operative order,

such as appeal allowed or dismissed, remand, or costs. While

informative, this is generally a weaker retrieval signal than

the other fields above.

Single-aspect prompting. Preliminary experiments showed that

the LLM produces more accurate and complete metadata when

asked to extract one facet at a time, rather than all facets in a single

prompt. Accordingly, we use single-aspect prompting, with one

prompt per metadata field, as illustrated in Figure 3.

4.5 Stage 1: Recall-Oriented Candidate Retrieval
Stage 1 aims to return a shortlist D̂𝐾 (𝑞) that covers as much of the

gold precedent set D∗ (𝑞) as possible. We decompose each query

case into multiple sub-queries, each sub-query is relevant to a

paragraph block containing masked citations, and retrieve against

an index of candidate cases constructed from full text augmented

with selected metadata fields, as described in Section 4.4.

We examine two sparse retrieval architectures in our COLIEE 2026

submissions.

Approach A: Pyserini BM25 with RM3 and metadata aug-
mentation. Our first submission uses Pyserini, a Python interface

to Lucene/Anserini, to index case documents and perform BM25

retrieval [18]. Each indexed document is constructed by concate-

nating the full case text with a selected metadata facet. Retrieval

uses BM25 scoring, optionally followed by RM3 pseudo-relevance

feedback:

score(𝑞, 𝑑) = BM25(𝑞,𝑑 ;𝑘1, 𝑏).
We formulate model selection as a hyperparameter search over:

(i) the metadata field to include and its boost, (ii) the BM25 parame-

ters (𝑘1, 𝑏), and (iii) RM3 pseudo-relevance feedback settings. The

search space is summarised in Table 1.

The best configuration on the development benchmark uses

the Legal Issues facet with 𝑘1 = 2.5, 𝑏 = 1.0, RM3 fb_docs= 5,

Table 1: Stage 1 Pyserini BM25 hyperparameter search space.

Setting Values / Range Notes

Field boost 1.0–4.0 Lucene boosts applied to

metadata fields.

BM25 𝑘1 0.6–3.0 (step 0.1) Term-frequency satura-

tion.

BM25 𝑏 0.1–1.0 (step 0.1) Length normalisation.

RM3: fb_docs 5–50 (step 5) Number of top documents

used to extract feedback

terms.

RM3: fb_terms 5–50 (step 5) Number of expansion

terms added to the query.

RM3: rm3_weight 0.1–0.9 (step 0.1) Balance between original

and expansion terms.

RM3 fb_terms= 40, and RM3 weight = 0.9. Stopword removal is

disabled.

Approach B: Milvus multi-field sparse BM25 with RRF..
Our second and third submissions use Milvus to build a multi-field

sparse index. For each case, we maintain separate sparse BM25

vector fields for the full text and for individual metadata facets. We

then perform multi-field sparse search and combine the resulting

field-specific ranked lists using reciprocal rank fusion (RRF). In

Milvus, sparse vectors are indexed using SPARSE_INVERTED_INDEX,
with BM25 used as the sparse scoring function.

Let F denote the set of active fields, such as full text and one or

more metadata facets. For a given query fragment, we retrieve a

ranked list from each field and combine them using:

RRF(𝑑) =
∑︁
𝑓 ∈F

1

𝐾 + rank𝑓 (𝑑)
,

where 𝐾 is the RRF constant.

For this approach, we tune the active metadata facet, the field-

level reranking strategy, the RRF constant, and the sparse-value

drop ratio. Our best configuration uses the Analysis facet, max-

score fusion across query fragments, field-level RRF with 𝐾 = 10,

and a sparse-value drop ratio of 0.3. Stopword removal is again

disabled.

4.6 Stage 2: Candidate-Selection via Cutoff
Prediction

COLIEE Task 1 requires each system to submit an unranked set

of predicted noticed cases, rather than a ranked list. Therefore,

after Stage 1 produces a high-recall ranked candidate list R(𝑞),
Stage 2 decides which candidates should be retained in the final set.

We formulate this as supervised binary classification over query–

candidate pairs.

For each query case 𝑞 and each retrieved candidate 𝑑 ∈ R(𝑞),
we create one training instance with label

𝑦 (𝑞, 𝑑) =
{
1, 𝑑 ∈ D∗ (𝑞),
0, 𝑑 ∉ D∗ (𝑞),

where D∗ (𝑞) is the official set of noticed cases for 𝑞. Thus, the

positive class consists exactly of candidate cases that appear in
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the gold noticed-case list, while all other retrieved candidates are

treated as negative examples. We use the top 300 Stage 1 candidates

per query as the candidate pool for this stage.

Classifier. The cutoff predictor is implemented as a binary prob-

abilistic classifier. In our implementation, the main backend is an

XGBoost classifier with a logistic objective, using 300 trees, max-

imum depth 6, learning rate 0.08, subsampling rate 0.9, column

subsampling rate 0.9, and 𝜆 = 1.0 regularisation. Missing feature

values are imputed with zero before classification. The model out-

puts a probability

𝑝 (𝑞, 𝑑) = 𝑃 (𝑦 (𝑞, 𝑑) = 1 | x(𝑞, 𝑑)),
which is interpreted as the probability that candidate 𝑑 should be

retained for query 𝑞.

Features. The feature vector x(𝑞, 𝑑) is intentionally lightweight

and interpretable. It consists primarily of retrieval-score profile

features computed within each query’s ranked list:

• Rank and score features: BM25/Milvus sparse retrieval

score, rank position, rank percentile, query-list length, num-

ber of retrieved candidates, and pool size.

• Score-gap features: gaps to the previous and next ranked

candidates, ratio to the top score, ratio to the previous score,

cumulative mean score, and deviation from the cumulative

mean.

• Normalised score features: per-query mean score, score

standard deviation, and within-query 𝑧-score.

• Query-structure features: number of masked citation frag-

ments and number of paragraphs in the query case.

We additionally evaluate metadata-aware variants of the classi-

fier:

• Year-aware variant: adds the query case year, candidate

case year, signed year difference, and absolute year differ-

ence.

• Judge-aware variant: adds whether the query and can-

didate judges are known, whether both are known, exact

judge-name match, and judge last-name match.

• Legal-topic variant: adds overlap features over the top

legal-topic metadata fields, including topic counts, overlap

count, Jaccard overlap, overlap ratios, any-overlap indicator,

and exact-topic-match indicator.

These metadata features are not used as independent retrieval

models in Stage 2; rather, they provide weak authority, tempo-

ral, and contextual-alignment signals to help the classifier decide

whether a retrieved candidate should be kept.

Training and threshold selection. To avoid query leakage, model

validation is performed by splitting at the query level rather than at

the individual query–candidate-pair level. We use an 80/20 grouped

split over query IDs with a fixed random seed. The classifier is

trained on the training queries and evaluated on held-out validation

queries. Candidate probabilities are then converted into final sets

using a global probability threshold 𝜏 :

D̂(𝑞) = {𝑑 ∈ R(𝑞) | 𝑝 (𝑞,𝑑) ≥ 𝜏}.
The threshold 𝜏 is selected by grid search to maximise micro-

averaged F1 on the labelled development benchmark. In all runs,

we enforce a minimum of one retained candidate per query and a

maximum of 300 candidates per query. If no candidate exceeds the

threshold, the top-ranked Stage 1 candidate is retained as a fallback.

Selected cutoff configurations. The final submitted systems use

the following Stage 2 variants. The Pyserini run uses the year-aware

cutoff model. The Milvus judge run uses the judge-aware cutoff

model. The Milvus year run uses the year-aware cutoff model.

This stage is therefore not a manually chosen fixed-𝑘 cutoff. In-

stead, it is a supervised candidate-selection model trained from

official noticed-case labels, using retrieval-score profiles and light-

weight legal metadata to estimate whether each retrieved candidate

should be retained.

5 Experiments and Results
5.1 Experimental Setup
We use the official COLIEE micro-averaged Precision, Recall, and

F1 as our primary evaluation metrics. Following the COLIEE 2026

workflow, we perform parameter selection using an out-of-year
benchmark: the COLIEE-2025 Task 1 test set is treated as a held-out

development benchmark for selecting (i) the metadata facet, (ii)

retrieval hyperparameters, and (iii) candidate cutoff policies. This

avoids tuning directly on the COLIEE 2026 test labels, which are

unavailable at submission time.

Across both retrieval backends, we keep the query decompo-

sition strategy and fragment-level fusion fixed, using max-score

fusion throughout. Stopword removal is disabled in all reported

configurations.

5.2 Stage 1: Recall-Oriented Candidates
Retrieval

To the best of our knowledge, prior COLIEE Task 1 papers rarely

report Stage 1 retrieval performance in isolation; instead, most work

reports only the final micro-averaged Precision, Recall, and F1 after

reranking or final candidate-selection. This practice obscures where

performance gains originate and makes it difficult to disentangle (i)

a system’s ability to retrieve relevant candidates from (ii) its ability

to select them accurately. Reporting recall-oriented metrics such

as macro Recall@K would therefore improve comparability and

diagnostic clarity in future work by explicitly establishing whether

gold precedents are present in the candidate pool, and thus whether

the system is successfully recovering relevant cases. This would be

informative and would benefit the performance analysis of both

two-stage and single-stage retrieval systems.

Accordingly, we report macro Recall@K for Stage 1 on both the

training and test splits in Table 2. Both approaches achieve strong

recall across all cutoffs, indicating that metadata-aware sparse re-

trieval provides high-quality candidate pools for the downstream

selection stage. On the training set, the Milvus multi-field configu-

ration outperforms Pyserini BM25+RM3 at every cutoff, with the

largest gain at R@10 and smaller gains at deeper cutoffs. This sug-

gests that separating metadata facets into distinct sparse fields and

combining them by rank fusion is particularly useful for placing

relevant precedents near the top of the candidate list.
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Table 2: Stage 1macro Recall@K on the COLIEE 2026 training
and test sets for Pyserini BM25+RM3 and Milvus multi-field
sparse BM25 (higher is better).

Method Dataset R@10 R@50 R@100 R@200 R@300

Pyserini BM25 Training 0.3526 0.6022 0.6999 0.7772 0.8162

Milvus Multi-Field Training 0.3928 0.6231 0.7059 0.7842 0.8237

Pyserini BM25 Test 0.5172 0.7658 0.8380 0.8963 0.9271
Milvus Multi-Field Test 0.5376 0.7636 0.8260 0.8903 0.9174

Table 3: Official INTIT submissions on COLIEE 2026 Task 1
(micro-averaged).

Approach Submission file F1𝜇 P𝜇 R𝜇

Pyserini BM25+RM3 1.intit_bm25_pys 0.3063 0.3309 0.2851

Milvus multi-field (judge) 2.intit_bm25_judge 0.2854 0.3147 0.2611

Milvus multi-field (year) 3.intit_bm25_year 0.3165 0.3249 0.3086

5.3 Stage 2: Candidate-Selection via Cutoff
Prediction

Because Task 1 requires returning an unranked set of predicted

noticed cases rather than a full ranked list, our second-stage evalua-

tion focuses on the final candidate-selection policy. Table 3 reports

the official INTIT submission results on COLIEE 2026 Task 1.

Pyserini BM25+RM3. Our Pyserini-based run (1.intit_bm25_pys)

achieves a micro-F1 of 0.3063, with micro-Precision 0.3309 and

micro-Recall 0.2851. This provides a strong lexical baseline and

demonstrates that metadata-aware BM25 remains competitive in

the official evaluation setting.

Milvus multi-field sparse BM25. Our Milvus-based runs further

improve performance. The judge-aware variant (2.intit_bm25_judge)

achieves a micro-F1 of 0.2854, while the year-aware variant (3.intit_

bm25_year) achieves the best overall INTIT result with a micro-F1

of 0.3165. Relative to the Pyserini baseline, the best Milvus con-

figuration improves micro-F1 by +0.0102 absolute, indicating that

multi-field sparse retrieval combined with year-aware candidate-

selection provides the strongest overall configuration among our

submissions.

5.4 Overall Performance in COLIEE 2026
Table 4 summarises the official COLIEE 2026 Task 1 results grouped

by team. INTIT achieved a best micro-F1 of 0.3165, placing 5th
overall by team rank. Our best run, 3.intit_bm25_year, ranked

10th overall among all submitted runs. This places INTIT ahead

of several participating teams and close to the next higher-ranked

team, mezza (0.3289), indicating that our metadata-aware sparse

retrieval approach is competitive despite relying on comparatively

simple and interpretable sparse retrieval architectures.

Overall, these results show that metadata-aware sparse retrieval

provides a strong and transparent baseline for COLIEE Task 1. In

addition, as shown in Table 2, Stage 1 achieves strong macro recall,

reaching 0.5376 at R@10 and 0.7636 at R@50 on the test set. This

indicates that substantial room remains for improvement through

more sophisticated candidate-selection and reranking strategies.

In other words, our current approach already provides a strong

high-recall candidate pool, which could support further gains in

end-to-end performance in future work.

Finally, although our systems do not reach the top-performing

neural or ensemble-based submissions, they achieve competitive

official performance while preserving interpretability and offering

clearer explanations of why certain cases are retrieved, particularly

through the similarity of legal-reasoning metadata.

5.5 Metadata Facet Comparison and Ablation
Study

To examine the effect of individual metadata facets on sparse re-

trieval performance, we conduct an ablation study that isolates

the contribution of each facet when integrated into the retrieval

pipeline. The goal is to answer a central question: which metadata
facets are most helpful for sparse legal retrieval?

Table 5 reports the results of this comparison for both retrieval

backends. Across the two systems, metadata integration consis-

tently improves over the no-metadata baseline, confirming that

structured legal metadata provides useful retrieval signals beyond

raw case text alone. However, the strongest facet differs slightly by

backend. For Pyserini, Legal Issues yields the best performance,

while for Milvus, Court Analysis performs best. Facets such as

Legal Topics and the parties’ arguments are also competitive, but

slightly weaker.

The overall pattern suggests that targeted metadata fields are

more effective than indiscriminately combining all available meta-

data. In Pyserini, compact doctrinal fields such as Legal Issues and

Legal Topics perform particularly well, likely because they provide

high-precision lexical anchors without introducing excessive query

drift. InMilvus, by contrast, Court Analysis provides the strongest

signal, suggesting that reasoning-oriented text is especially effec-

tive when treated as a separate sparse field. More generally, these

results indicate that retrieving by doctrinal reasoning and issue

framing is more effective than relying on broader or more verbose

metadata combinations alone.

6 Discussion
Our results show that LLM-derived, schema-constrained metadata

improves both Stage 1 candidate coverage and end-to-end prece-

dent recovery. Importantly, these gains do not stem from uncon-

strained summarisation, but from targeted extraction of legally

salient facets that govern precedential relevance. In effect, the meta-

data approximates the way legal practitioners abstract a case into

issues, authorities, arguments, and dispositive reasoning. When

indexed and used as retrieval signals, these facets provide com-

pact, high-precision anchors that mitigate vocabulary mismatch

and reduce long-document dilution, yielding strong Stage 1 macro

Recall@K (Table 2).

The ablation study further shows that not all metadata facets

are equally useful, and that the most effective facet depends partly

on the retrieval backend. In Pyserini, Legal Issues performs best,

while in Milvus the strongest facet is Court Analysis (Table 5).

This suggests that sparse legal retrieval benefits most frommetadata

that encodes either the core question of law or the court’s operative

189



COLIEE 2026, June 12, 2026, Singapore Zaky & Liu

Table 4: Official COLIEE 2026 Task 1 results grouped by team rank. Team rank is determined by the best micro-F1 among each
team’s submissions. Run rank denotes the overall submission rank. INTIT results are highlighted.

Team Rank Team Best F1
Run 1 Run 2 Run 3

Name Rank F1 Name Rank F1 Name Rank F1

1 NOWJ 0.4220 submission_2 1 0.4220 submission_3 2 0.4200 submission_1 6 0.3880

2 JNLP 0.4126 random_forest 3 0.4126 ensemble 4 0.4040 xgboost 5 0.4000

3 SIL 0.3871 submission_sil2 7 0.3871 submission_sil1 8 0.3810 – – –

4 mezza 0.3289 task_1_mezzanino 9 0.3289 – – – – – –

5 INTIT 0.3165 3.intit_bm25_year 10 0.3165 1.intit_bm25_pys 13 0.3063 2.intit_bm25_judge 16 0.2854

6 DU 0.3141 du3 11 0.3141 du2 12 0.3136 du1 14 0.3035

7 FLNLP 0.2935 task1_flnlpltr 15 0.2935 task1_flnlpembed 17 0.2709 task1_flnlpbm25 26 0.2496

8 UA 0.2666 ua_run3 18 0.2666 ua_run2 19 0.2647 ua_run1 22 0.2576

9 UCD-CS 0.2645 ucdcs3 20 0.2645 ucdcs1 21 0.2607 ucdcs2 23 0.2565

10 JUNLLP 0.2525 task1_run2_results 24 0.2525 task1_run1_results 25 0.2515 task1_run3_results 27 0.2455

11 74688 0.2346 task-1-ualbany 28 0.2346 – – – – – –

12 UB2026 0.2233 run1 29 0.2233 run2 34 0.1916 – – –

13 Sach 0.2231 sach_task1_run2 30 0.2231 sach_task1_run1 31 0.2200 – – –

14 BJPWH 0.2101 bjpwh3 32 0.2101 bjpwh2 33 0.2087 bjpwh1 43 0.1201

15 ABAI 0.1771 run2recall 35 0.1771 run1balanced 36 0.1670 run3precis 41 0.1309

16 AIIRLab 0.1516 task1_aiirqwen 37 0.1516 task1_aiirparanemo 44 0.1125 task1_aiirllama 45 0.0000

17 bosch 0.1466 bosch_task1_run 38 0.1466 – – – – – –

18 KeioAndrewShin 0.1383 task1_submission_v9 39 0.1383 task1_submission_v8 40 0.1314 task1_submission_v7 42 0.1247

19 CityUMO 0.0000 task1_submission 46 0.0000 – – – – – –

20 ClaUSurf 0.0000 task1_clsmhc13f 47 0.0000 task1_clsnn 48 0.0000 task1_clsnnq32 49 0.0000

21 NIT26 0.0000 task1_run1 50 0.0000 task1_run2 51 0.0000 task1_run3 52 0.0000

22 NRCBMU 0.0000 hyb1sailbge 53 0.0000 nrcbmu 54 0.0000 – – –

Table 5: Metadata ablation on COLIEE 2026 training set using
macro Recall@50 (higher is better).

Metadata field integrated Pyserini R@50 Milvus R@50

Legal issues 0.6022 0.5795

Legal topics 0.5898 0.4917

Court analysis 0.5852 0.6231
Applicants’ arguments 0.5645 0.5578

Respondents’ arguments 0.5640 0.5582

Statutes 0.5643 0.4966

Outcome 0.5188 0.4765

Factual background 0.5186 0.5133

All metadata fields (concatenated) 0.5062 0.5795

No metadata integrated 0.4420 0.4633

reasoning. By contrast, broad or verbose metadata combinations

are less effective, especially in single-index BM25 retrieval, where

they can introduce query drift and adverse length-normalisation

effects.

6.1 Why does metadata help sparse retrieval?
A likely explanation is that structured metadata makes legally im-

portant signals more explicit than raw full-text judgments. Judicial

opinions are long and heterogeneous documents that interleave

factual narrative, procedural history, argumentation, and legal anal-

ysis. In such settings, sparse retrieval over full text alone may dilute

the most relevant terms. Metadata fields, by contrast, provide more

focused lexical cues of the case that align more directly with the

implicit citation logic that defines “noticed” cases. For example, Le-

gal Issues compresses the decision into abstract questions of law,

while Court Analysis concentrates the doctrinal reasoning that

directly supports citation and precedent use. These fields, therefore,

function as targeted retrieval surrogates for precedential relevance.

6.2 Why does Milvus multi-field sparse retrieval
perform better?

The Milvus multi-field setup offers two advantages over single-

index BM25. First, it preserves facet separation, allowing each meta-

data field to contribute independently rather than being absorbed

into one long concatenated index (as in Pyserini BM25 index). This

reduces interference between signals and limits the dilution of short,

highly informative facets by the dominant full text. Second, recipro-

cal rank fusion (RRF) provides a robust way to combine field-specific

ranked lists without requiring explicit score calibration across fields.

This is especially useful in sparse retrieval, where score distribu-

tions can differ substantially from one field to another. These factors

likely explain why Milvus achieves both slightly stronger Stage 1

recall and the best official INTIT result on COLIEE 2026 Task 1.

6.3 Implications for COLIEE Task 1
The results also highlight an important property of the COLIEE

Task 1 formulation: high-quality candidate retrieval alone is not

sufficient. Because the submission format requires an unranked set

of predicted noticed cases, the task is partly a selection problem

rather than purely a ranking problem. Our cutoff-prediction stage

addresses this explicitly by learning when to retain or discard can-

didates based on score-profile features and lightweight metadata

signals. The strong Stage 1 recall values, particularly for the Mil-

vus system, suggest that further improvements may be achieved

by replacing the current selection model with more sophisticated

reranking or set-prediction methods that incorporate additional

signals from the metadata fields and the cases’ text.
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6.4 Limitations
This study has several limitations. First, configuration selection was

performed on the COLIEE-2025 Task 1 test set as an out-of-year

development benchmark. Although this respects the no-peeking

constraint for COLIEE 2026 test labels, performance may still be

affected by year-to-year variation in dataset composition and ci-

tation patterns, especially after fixing the duplicate cases issues

that existed in COLIEE-2025 corpus. Second, the quality of the

retrieval signals depends on the quality of the metadata genera-

tion pipeline; systematic extraction errors may propagate into both

Stage 1 retrieval and Stage 2 selection. Third, our systems remain

purely sparse and do not explicitly model citation graphs, authority

hierarchies, or deep semantic entailment. These factors have been

explored in stronger neural and hybrid COLIEE systems and may

offer promising directions for future work.

6.5 Future Work
A promising direction for future work is to retain the current high-

recall sparse retrieval stage while adding a stronger neural or hybrid

reranking module on top of it. The results in Table 2 show that

our candidate generation stage already recovers a large proportion

of gold precedents, especially for the Milvus multi-field system.

This makes it a strong foundation for more advanced second-stage

models, such as cross-encoders, graph-aware rerankers, or query-

specific set-prediction methods. Another direction is to improve

metadata generation itself, for example, by extracting case citations,

adding consistency constraints across fields or by incorporating

explicit modelling of authority and procedural hierarchy.

7 Conclusion
This paper presented two metadata-aware sparse retrieval archi-

tectures for COLIEE 2026 Task 1 on legal case retrieval: (i) a Py-

serini/Lucene BM25+RM3 systemwith metadata augmentation, and

(ii) a Milvus multi-field sparse BM25 system based on reciprocal

rank fusion (RRF). Both systems treat COLIEE Task 1 as a retrieve-
then-select problem: first generating a high-recall candidate list

from masked query fragments, and then applying a learned cutoff

predictor to output an unranked set of predicted noticed cases.

The results show that structured legal metadata are effective

retrieval signals for precedent recovery. In Stage 1, both systems

achieve strong macro Recall@K, with the Milvus multi-field con-

figuration performing slightly better. In the ablation study, Legal

Issues is the strongest facet for Pyserini, while Court Analysis is

the strongest for Milvus, confirming that sparse retrieval benefits

most from metadata that directly encodes legal reasoning. In the

official COLIEE 2026 evaluation, our best run achieved a micro-F1

of 0.3165, placing INTIT fifth overall by team rank.

Overall, these findings show that carefully designed sparse re-

trieval systems remain highly competitive for legal case retrieval

when augmented with structured, reasoning-aware metadata. They

also suggest that separating metadata facets into distinct searchable

fields and combining them with robust rank fusion yields measur-

able gains over simpler single-index designs. More broadly, the

paper supports the view that making legal reasoning explicit and

searchable is a practical way to improve both effectiveness and

interpretability in precedent retrieval.
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Abstract
Automated legal case retrieval is a critical yet challenging task due
to the extreme length of judicial documents and the complexity
of judicial reasoning. In this paper, we present our multi-stage
framework for the COLIEE 2026 Task 1 (Legal Case Retrieval). To
address the challenges of long-form legal texts, we first employ a
structural abstraction strategy that distills cases into key factual and
logical components. Our retrieval pipeline utilises a hybrid strategy
combining BM25 with BGE-M3 dense embeddings, establishing
a high-recall foundation (≈0.85). For the subsequent re-ranking
stage, we move beyond general-purpose semantic matching by
leveraging fine-tuned MonoT5 models and SaulLM-7B, a specialised
legal large language model. This transition allows the system to
prioritise logic over surface-level topical similarity. Among the three
runs we submitted, the best performance achieved by the proposed
framework reached a final precision of 0.2480 and an F1-score of
0.2645 on the evaluation set, improving upon the retrieval-only
baselines. These results indicate that combining hybrid retrieval
with domain-adapted re-ranking is a promising approach.
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1 Introduction
As the body of case law continues to expand, it becomes increasingly
challenging for legal professionals to identify relevant precedents
efficiently. Automated legal Information Retrieval systems can help
address this difficulty by retrieving prior cases that may support
judicial decision-making. The Competition on Legal Information
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Extraction and Entailment (COLIEE) provides a standardised bench-
mark for evaluating such systems, with a particular focus on legal
retrieval and entailment tasks [12].

In this paper, we focus on Task 1: Legal Case Retrieval, which
aims to automatically retrieve “noticed cases” for a given query
case. Following the official task definition1, a noticed case refers
to a prior case that is referenced by the query case and serves as
supporting evidence for its legal decision. To ensure a realistic
evaluation setting, all citation information is removed from the
query cases, requiring systems to infer these relationships solely
based on textual and semantic similarity. Given a corpus of Federal
Court of Canada case law, the task requires fully automatic retrieval
without any human intervention, and participants must predict the
noticed cases without access to the test labels before submission.

Legal case retrieval poses several challenges. First, legal docu-
ments are often lengthy and structurally complex, making it difficult
for traditional keyword-based methods to capture deep semantic
relationships. Second, legal relevance is not determined by lexical
overlap alone, and accurate retrieval often depends on semantic
and reasoning cues beyond exact term matching [9]. Finally, in
the COLIEE Task 1 setting, the number of relevant cases varies
substantially across queries, which complicates threshold selection
and result filtering.

To address these challenges, we propose a multi-stage retrieval
and re-ranking framework. Our approach first leverages large lan-
guagemodels (LLMs) to generate structured summaries that capture
key legal elements of each case. We then employ a hybrid retrieval
strategy that combines lexical matching using BM25 with semantic
similarity based on BGE-M3 embeddings to generate candidate
cases [3]. Finally, we apply domain-specific re-ranking to refine the
retrieved candidates and improve final retrieval performance. This
design is intended to better capture semantic relationships between
legal cases and produce more accurate retrieval results.

Our main contributions are as follows:

• We developed an LLM-based legal abstraction step to gen-
erate structured case summaries, reducing noise while pre-
serving essential legal information;

• We build a hybrid retrieval framework that combines lexical
matching with dense semantic representations for legal case
retrieval over long documents;

• We conduct a comparative study of general-purpose and
domain-specific re-ranking models, demonstrating the effec-
tiveness of legal-specialised models in capturing fine-grained
case relationships.

1https://coliee.org/COLIEE2026/tasks/task1
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2 Task Description
Task 1 of COLIEE focuses on legal case retrieval over a corpus
of Federal Court of Canada decisions. The dataset consists of a
collection of case law documents, where each case may serve as a
query or a candidate case.

The training data used in this study is constructed from the union
of the previous year’s Task 1 training and test collections, yielding
a candidate pool of 7,709 cases. The test collection consists of 1,848
candidate cases. Only the cases appearing as keys in the JSON file
are treated as query cases; the system retrieves relevant noticed
cases for each query from the corresponding candidate pool. In the
training set, the annotations are provided in JSON format, where
each query case is mapped to a set of ground-truth noticed case
identifiers. For example:

{
"000001.txt":

["000005.txt", "012101.txt"],
"003423.txt":

["398421.txt", "012101.txt", "173651.txt"],
"012831.txt":

["000001.txt"],
...
}

For the test set, only the query cases are provided, and the system
is required to retrieve the corresponding noticed cases from the
entire corpus. The retrieval process must be fully automatic and
cannot rely on any manual intervention.

The task is formulated as a retrieval problem, where systems are
expected to return a ranked list of candidate cases for each query,
ordered by relevance.

System performance is evaluated using the standard Information
Retrieval metrics of Precision, Recall, and F1-score, which together
measure the accuracy and completeness of the retrieved results.

3 Related Work
Legal Information Retrieval, and Legal Case Retrieval in particular,
has evolved alongside broader developments in Natural Language
Processing, moving from keyword-based retrieval to semantic and
neural methods. In the COLIEE competition, prior systems have
mainly addressed three recurring challenges: vocabulary mismatch,
the extreme length of legal documents, and the need to capture
complex legal reasoning [11].

3.1 Lexical and Hybrid Retrieval
Traditional lexical methods such as BM25 [20] remain strong base-
lines because they perform well when relevant documents share
explicit terms with the query. However, their reliance on surface-
level term matching makes them vulnerable to vocabulary mis-
match. To mitigate this limitation, many recent systems combine
lexical retrieval with dense semantic retrieval [9, 17]. Transformer-
based encoders such as BERT and its variants [8, 16], as well as
Sentence-BERT [19], have made it possible to model semantic simi-
larity beyond exact word overlap. One recent COLIEE submission
reported that combining BM25 with dense retrievers can improve
candidate recall [17].

3.2 Neural Re-ranking and Domain Adaptation
Neural re-ranking plays a crucial role in modern retrieval systems
because it allows more fine-grained modelling of query-document
interactions [27]. MonoT5 [18] has shown strong performance in
re-ranking tasks by reformulating ranking as sequence genera-
tion. However, the domain gap between general-purpose training
data and legal language remains a challenge [2, 9]. Domain adap-
tation techniques, such as fine-tuning on legal corpora or using
domain-specific models like LEGAL-BERT [2] can improve per-
formance in Legal NLP tasks. A prior COLIEE system has also
explored related strategies, including LLM-based summarization
and fine-tuned ranking models [24]. In this paper, we extend this
line of work by comparing general-purpose and domain-adapted
re-ranking models in our retrieval pipeline.

3.3 Legal-Specific Large Language Models
LLMs have also opened new possibilities for legal text modelling in
the last two years, especially for tasks that require reasoning over
facts, legal principles, and case relationships. Techniques such as
Chain-of-Thought prompting [23] and Retrieval-Augmented Gen-
eration [13] have shown strong potential. In the legal domain, spe-
cialised models trained on legal corpora, such as SaulLM-7B [4],
provide improved understanding of legal terminology and reason-
ing, making them suitable for identifying relationships between
cases.

3.4 Summarisation and Information Distillation
The extreme length of legal documents presents significant chal-
lenges for neural models, often leading to information loss in long-
context processing. This has resulted in a variety of approaches
to address this issue, including representing long legal documents
as alternative data structures such as graphs [26]. Other structure-
aware approaches that leverage domain knowledge include LSDK-
LegalSum [10], which emphasises partitioning judicial judgments
into functional logical sections. In this work, we draw inspiration
from the UMNLP team’s strategy at COLIEE 2024 [6], which demon-
strated the effectiveness of distilling cases into concise legal propo-
sitions to fit within model constraints while preserving essential
facts. These studies support the broader idea that legal information
distillation can improve retrieval effectiveness under long-context
constraints.

4 Methodology
As shown in Figure 1, we propose a multi-stage retrieval and re-
ranking framework designed to address the challenges of long-
context legal documents, implicit semantic relationships, and the
absence of explicit citations in COLIEE Task 1. Given a query case 𝑞
and a corpus C, the system aims to retrieve a ranked list of noticed
cases. The overall pipeline consists of four stages: (1) legal semantic
abstraction, (2) hybrid first-stage retrieval, (3) neural re-ranking,
and (4) result selection and filtering. These stages are described in
the following sections.

4.1 Legal Semantic Abstraction
Legal case documents are often lengthy and complex, and not all
parts of a full judgment are equally useful for notice-case retrieval.
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Figure 1: Overview of the proposed multi-stage legal case retrieval framework.

In particular, retrieval is more likely to benefit from information
about the core legal issue, the reasoning of the decision, and the
most salient facts than from procedural background or other mate-
rial that is peripheral to the dispute [7, 21]. To reduce this noise, we
generate a structured case overview for each document using the
deepseek-chat LLM through an API-based prompting pipeline.
The overview generation step is designed to preserve legally salient
information while compressing the original judgment into a shorter
and more retrieval-oriented representation.

Each case is converted into a structured summary with three
predefined sections:

• [ANCHORS]: key legal terms and cited statutory provisions;
• [LOGIC]: the main legal issue and the core reasoning of the
decision;

• [FACTS]: a concise description of the factual background.

The prompt explicitly instructs the model to extract legal key-
words, identify exact statute names and section numbers, sum-
marise the core legal issue and ratio decidendi, and provide a brief
factual summary. It also includes a task-specific constraint requir-
ing the tag Foreign Law Interpretation when the case turns on the
interpretation of foreign law. To ensure consistent formatting, the
model is required to output the exact section headers and termi-
nate the response with a special [END] marker, after which the
output is post-processed and cleaned. The full prompt is provided
in Appendix A.

The intent of this structured abstraction is to reduce the length
of the document while preserving information that is more likely to
support notice-case retrieval. The resulting overviews are then used
as inputs for both first-stage retrieval and downstream re-ranking.

4.2 Hybrid First-stage Retrieval
To obtain a high-recall candidate pool, we adopt a hybrid retrieval
framework that combines lexical matching with dense semantic
retrieval. All retrieval operations are performed on the generated
case overviews.

Lexical Retrieval. We use BM25 [20] as a strong baseline for term-
based matching. Documents are preprocessed using tokenisation
and stemming. We tuned the BM25 hyperparameters empirically
on COLIEE 2026 training set and found that 𝑘1 = 1.6 and 𝑏 = 0.9
gave the best performance for our legal retrieval task.

Dense Retrieval. We employ BGE-M3 [3], a dense embedding
model capable of encoding long textual inputs. Each case overview
is mapped to a dense vector, and similarity is computed using inner
product.

Fusion. The ranked lists from BM25 and dense retrieval are com-
bined using Reciprocal Rank Fusion (RRF) [5], with a smoothing
parameter 𝐾 = 60, following the original paper. RRF was chosen on
the basis that it is a commonly-used fusion method that is straight-
forward to implement [14]. The fused score 𝑅𝑅𝐹 (𝑑) for a document
𝑑 is defined as:

RRF(𝑑) =
∑︁
𝑟 ∈𝑅

1
𝐾 + rank𝑟 (𝑑)

where 𝑅 denotes the set of retrieval methods and rank𝑟 (𝑑) is the
rank of document 𝑑 in the set of results returned by method 𝑟 . We
retain the top 200 fused candidates for the next stage. We chose
this cut-off to match the number of results returned by both BM25
and dense retrieval, so that fusion preserves the full candidate set
contributed by each retriever while still providing a manageable
pool with good recall for downstream re-ranking.

4.3 Neural Re-ranking
To further refine the candidate set, we apply neural re-ranking
models that capture fine-grained relationships between query and
candidate cases. Each query-candidate pair is formatted as a text
pair and scored independently. We submitted three final runs to
COLIEE, each corresponding to a different re-ranking pipeline:
Pipeline-Base (submitted with the label ucdcs1), Pipeline-FineTune
(ucdcs2), and Pipeline-SaulLM (ucdcs3). All three pipelines share
the same document abstraction and first-stage retrieval framework,
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and differ only in the re-ranking model used in the second stage.
The following paragraphs describe the three submitted pipelines.

Pipeline-Base (ucdcs1). We use MonoT5 [18], a sequence-to-
sequence model trained on MS MARCO [1], as a general-purpose
re-ranker. The model takes a query-case pair as input and produces
a relevance score in a zero-shot setting.

Pipeline-FineTune (ucdcs2). To reduce the domain gap be-
tween general-domain ranking data and legal case retrieval, we fine-
tuneMonoT5 on the training set, starting from castorini/monot5-
base-msmarco. The task is formulated as binary sequence genera-
tion over query-document pairs. Both queries and candidate docu-
ments are represented by the generated case overviews rather than
the full judgments.

Positive pairs are constructed from gold noticed-case labels. Neg-
ative pairs are limited to at most five per query. We define hard
negatives as non-relevant candidate documents retrieved for the
same query by the first-stage candidate pool. After excluding the
query document itself, gold positives, and documents without avail-
able overviews, we take the top 30 such non-relevant candidates as
a hard-negative pool and randomly sample up to five from this pool.
Random negatives are used only as a fallback when fewer than five
hard negatives are available, for example if the candidate pool is
missing or if too few valid non-relevant candidates remain after
filtering. To avoid query leakage, the data are split at the query
level into training and development sets with an 80/20 split. We
use a maximum input length of 1024 tokens to preserve richer legal
context, and train the model for 2 epochs with a learning rate of
1 × 10−5.

Pipeline-SaulLM (ucdcs3). Our third run is based on a domain-
specific large language model, SaulLM-7B [4], which is pre-trained
on large-scale legal corpora. We formulate the re-ranking task as an
instruction-following problem, prompting the model to determine
whether a candidate case provides decision-supporting evidence
for a query case.

Instead of directly generating textual outputs, we convert the
model’s predictions into continuous relevance scores via a logit-
based scoring mechanism. During inference, we extract the raw
logits corresponding to the first generated token. Let 𝐿Yes and 𝐿No
denote the logits for the tokens “Yes” and “No”, respectively. We
then define the relevance score 𝑆 for a query–document pair as:

𝑆 =
𝑒𝐿Yes

𝑒𝐿Yes + 𝑒𝐿No
(1)

This formulation provides a relative relevance score for ranking,
enabling fine-grained ranking and more stable threshold-based
filtering in the final stage. In practice, we use a context window of
up to 4,096 tokens to accommodate the structured case overviews.

4.4 Result Selection and Filtering
A key challenge in Task 1 is that the number of noticed cases varies
substantially across queries and is unknown at inference time. We
therefore require a decision rule that converts the continuous scores
produced by the neural re-rankers into a discrete set of predictions.
To address this issue, we apply an adaptive filtering procedure
whose parameters are tuned on a hold-out development split of

the training data and then fixed for inference on the unseen test
set. The goal is to balance precision and recall while accounting for
query-level variation in the number of relevant cases.

Hybrid Cutoff Strategy. Our main method is a Hybrid Cutoff
strategy that combines a rank-based limit with a score threshold.
For each query, we first retain the top 𝐾 = 7 candidates according
to the re-ranking scores. We then apply a threshold 𝜏 = 0.75 and
remove candidates whose scores fall below this value. This two-
stage procedure restricts the output to highly ranked candidates
while filtering out low-scoring ones, which helpsmaintain precision.
However, because the final output is selected from a much smaller
subset of the top-200 candidate pool, relevant cases that are not
assigned sufficiently high re-ranking scores may fall below the final
cut-off and therefore be excluded from the submitted predictions.

Score Gap Analysis. For the fine-tuned models and SaulLM, we
also examine a Score Gap strategy. Instead of using a fixed score
threshold, this method scans the ranked list from top to bottom and
computes the score difference between adjacent candidates. Let 𝑠𝑖
denote the score of the candidate at rank 𝑖 . We define the local score
gap as Δ𝑖 = 𝑠𝑖−1 − 𝑠𝑖 . Starting from the top-ranked candidate, we
retain candidates until the first position where Δ𝑖 ≥ 𝛾 , where 𝛾 is a
run-specific gap threshold, selected separately for each run on the
development set by grid search; this point is treated as a boundary
between the leading score cluster and lower-confidence candidates.
This makes the cut-off less rigid than a fixed threshold alone.

Forced Selection Mechanism. To avoid the extreme case in
which no candidate survives filtering, we further apply a Forced-
One Fallback. If the filtered set 𝑆final is empty, the highest-scoring
candidate is returned. This guarantees that each query receives at
least one predicted noticed case and avoids a zero-recall outcome
for that query.

Overall, this result selection procedure provides a practical way
to convert ranking scores into final predictions. It combines rank-
based pruning, score-based filtering, and a simple fallback mech-
anism to better handle variation in the number of relevant cases
across queries.

5 Pipeline Development
The development of our system was an iterative process informed
by comparative analysis on the COLIEE training data. In this section,
we summarise the main alternatives we explored and explain how
these observations informed the design of our final submission
pipelines.

5.1 Alternative Methodology Evaluation
Wefirst evaluated retrieval-only approaches, including BM25, dense
retrieval, and a hybrid of these. While these methods achieved
relatively high recall, they consistently suffered from low precision,
as many retrieved cases were only topically related rather than
legally relevant. This suggests that retrieving a large candidate set
is insufficient without accurately identifying decision-supporting
relationships.

We also tested representative re-ranking models from prior work,
such as BGE-Reranker-v2-m3. While such models are effective on
general-domain retrieval benchmarks, they were less competitive
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in our legal retrieval setting. In particular, they appeared to favour
topical similarity over deeper legal relevance, and therefore often
failed to capture the case relationships needed for noticed-case
identification. For this reason, we did not include these models in
our final submission pipelines.

5.2 Selection of Final Pipelines
Based on the above observations, we conclude that a two-stage
framework combining high-recall retrieval with strong re-ranking
is necessary for this task.

We therefore adopt MonoT5 (both base and fine-tuned variants)
and SaulLM-7B as our primary re-ranking models. These models
provide complementary strengths: MonoT5 offers stable perfor-
mance as a cross-encoder, while SaulLM-7B demonstrates enhanced
capability in modelling complex legal reasoning. Instead of relying
on a single architecture, we design three independent pipelines
to explore different trade-offs between generalisation and domain-
specific reasoning.

6 Experiments and Results
In this section, we present the evaluation of our proposed frame-
work on the COLIEE 2026 Task 1 dataset.

6.1 Evaluation Metrics and Setup
Following the official COLIEE evaluation protocol, we report Preci-
sion, Recall, and F1-score. For the official submissions, our models
were trained on the released COLIEE training set and then used to
predict noticed cases for the unlabelled test set. No test labels were
available at submission time. All experiments were performed on
an Apple M2 Max device with 32GB unified memory.

6.2 Results
Table 1 presents the official evaluation results of our three submitted
runs. Among them, ucdcs3, which uses SaulLM as the re-ranking
model, achieves the best F1-score. The differences among the three
UCD-CS runs are relatively small, with all three producing compa-
rable overall performance.

Overall, our system ranks in the middle tier of the shared task.
These results indicate that the proposed framework provides a
competitive baseline, while also leaving clear room for further
improvement.

6.3 Comparison of Submitted Runs
Although the three submitted runs share the same first-stage re-
trieval framework, they differ in the re-ranking model and final se-
lection strategy. As discussed in Section 3.2, ucdcs1 uses zero-shot
MonoT5-Base as the re-ranker, ucdcs2 uses a domain-finetuned
MonoT5-Base model, and ucdcs3 uses SaulLM-7B with logit-based
scoring. As shown in Table 1, these three configurations achieve
similar official F1-scores despite using different re-ranking models.

To further compare the behaviour of the three runs, we measured
the overlap between their final predicted noticed-case sets using
pairwise Jaccard similarity. For each query, we computed the Jaccard
similarity between the returned case sets of each pair of runs and
then averaged the scores over all queries. To distinguish overall
output overlap from overlap in relevant retrieved cases, we also

Team Run F1 P R
NOWJ submission_2 0.4220 0.4235 0.4206
JNLP random_forest 0.4126 0.4341 0.3931
SIL submission_sil2 0.3871 0.4186 0.3600
mezza task_1_mezzanino 0.3289 0.3161 0.3429
INTIT 3.intit_bm25_year 0.3165 0.3249 0.3086
DU du3 0.3141 0.2945 0.3366
FLNLP task1_flnlpltr 0.2935 0.2619 0.3337
UA ua_run3 0.2666 0.2038 0.3851
UCD-CS ucdcs3 0.2645 0.2480 0.2834
UCD-CS ucdcs1 0.2607 0.2131 0.3354
UCD-CS ucdcs2 0.2565 0.2405 0.2749
JUNLLP task1_run2_results 0.2525 0.2193 0.2977
74688 task-1-ualbany 0.2346 0.2130 0.2611
UB2026 run1 0.2233 0.2338 0.2137
Sach sach_task1_run2 0.2231 0.1631 0.3531
BJPWH bjpwh3 0.2101 0.1510 0.3451
ABAI run2recall 0.1771 0.1596 0.1989
AIIRLab task1_aiirqwen 0.1516 0.2642 0.1063
bosch bosch_task1_run 0.1466 0.0892 0.4103
KeioAndrewShin task1_submission_v9 0.1383 0.1527 0.1263

Table 1: COLIEE Task 1 results ranked by F1 score. For each
team, only the best-performing run (by F1) is reported, ex-
cept for UCD-CS where all runs are included (P=Precision,
R=Recall).

computed a correctness-restricted Jaccard similarity using only
correctly returned noticed cases, i.e., after intersecting each run’s
prediction set with the gold noticed-case set for that query. The
results of these are shown in Table 2.

Run Pair Overall Jaccard Correct-only Jaccard
ucdcs1 vs ucdcs2 0.4741 0.7860
ucdcs1 vs ucdcs3 0.4864 0.8010
ucdcs2 vs ucdcs3 0.7137 0.8659

Table 2: Average pairwise Jaccard similarity between the final
returned noticed-case sets of our three submitted runs, and
between their correctly returned noticed cases only, com-
puted over all test queries.

The results show that ucdcs2 and ucdcs3 are substantially more
similar to each other than either is to ucdcs1 in their overall pre-
dictions. However, the correctness-restricted Jaccard scores are
markedly higher for all three run pairs, ranging from 0.7860 to
0.8659. This indicates that, although the runs often return differ-
ent final case sets overall, there is a much stronger overlap for
relevant noticed cases they retrieve. In other words, much of the
disagreement between the submitted runs arises from differences
in non-relevant returned cases rather than from retrieving funda-
mentally different relevant cases.

As an additional analysis, we compared the three submitted runs
using ranking-oriented metrics and also evaluated an exploratory
fusion of the three runs using Reciprocal Rank Fusion (RRF).

While the official submission results in Table 1 are reported in
terms the set-based metrics of precision, recall, and F1, we further
computed Mean Average Precision (MAP) in a post-hoc analysis
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Run MAP F1 Precision Recall
ucdcs1 0.2928 0.2607 0.2131 0.3354
ucdcs2 0.2427 0.2565 0.2405 0.2749
ucdcs3 0.2660 0.2645 0.2480 0.2834
RRF-fused (Top-5) 0.2699 0.2587 0.2460 0.3511

Table 3: Comparison of the three submitted runs and an
exploratory RRF fusion. The three submitted runs are evalu-
ated over their full returned lists, while the RRF-fused run
is evaluated at top 5.

using the official ground-truth labels released by the COLIEE or-
ganisers. As shown in Table 3, ucdcs1 achieved the highest MAP
(0.2928) amongst our runs, followed by ucdcs3 and then ucdcs2.
This suggests that, although ucdcs3 performed best under the offi-
cial F1-based evaluation, ucdcs1 produced the strongest ranking
quality under this additional ranking-based analysis.

The Jaccard similarities shown above in Table 2 also motivated us
to conduct an additional post-hoc analysis, on the basis that ranked
lists with a high level of agreements on relevant documents can
often be effectively aggregated under the “chorus effect” of data
fusion [22]. We therefore fused the three submitted runs, again
using RRF with the standard constant 𝐾 = 60, and evaluated the
fused ranking at top 5. This fixed cutoff was chosen as it is reflective
of the typical cutoff values selected for the individual runs during
training under the process outlined in Section 4.4 (which in practice
ranged between 5 and 7 when optimising for F1). The fused run
achieved MAP@5 of 0.2699, Precision@5 of 0.2460, Recall@5 of
0.3511, and F1@5 of 0.2587, as also shown in Table 3. While this
setting does not exactly replicate the selection mechanisms used in
the individual runs, it still allows for a broadly comparable analysis
of ranking behaviour. Taken together with the Jaccard analysis,
these results suggest that the three runs differ noticeably in their
overall returned sets, but already overlap strongly in the correctly
retrieved noticed cases, which limits the gains obtainable from
simple post-hoc fusion.

6.4 Impact of Retrieval and Re-ranking
To analyse the role of each stage, we examine the performance of
retrieval-only methods versus our best-performing full pipeline,
which uses SaulLM for re-ranking. This comparison is based on our
own post-hoc evaluation using the ground-truth labels released by
COLIEE, and is therefore intended as an internal analysis of system
behaviour rather than as part of the official competition results.

Method MAP F1 Precision Recall
BM25 (Top-200) 0.3530 0.0634 0.0339 0.7866
Dense (Top-200) 0.3055 0.0348 0.0180 0.8210
Hybrid (Top-200) 0.3455 0.0359 0.0186 0.8493
Hybrid (Top-20) 0.3243 0.1784 0.1156 0.5760
Full Pipeline (SaulLM) 0.2660 0.2645 0.2480 0.2834

Table 4: Comparison between retrieval-only methods and
the full pipeline.

As shown in Table 4, retrieval-only methods serve as an initial
coarse filtering stage: they achieve high recall while substantially

reducing the number of candidate cases that need to be examined.
Their MAP values also show that they can rank some relevant cases
near the top of the candidate list. However, their precision is ex-
tremely low, resulting in poor F1-scores. Applying neural re-ranking
on these filtered candidates substantially improves precision and
overall F1 performance, at the cost of recall and consequently MAP.

This result demonstrates that in legal case retrieval, retrieval
acts primarily to narrow down the search space and ensure rele-
vant cases are included, while re-ranking is essential for accurately
identifying the most relevant cases.

7 Discussion
The Precision-Recall Trade-off in Legal Retrieval. The results in

Table 4 show clear performance shifts across different stages of
the pipeline. The hybrid retrieval stage (BM25 + BGE-M3) achieves
high recall (0.8493), but recall decreases to 0.2834 in the full pipeline,
together with a substantial increase in precision. This trade-off re-
flects the design and current limitation of our system. The first-stage
retriever is intended to preserve a broad set of potentially relevant
cases, and the top-200 candidate pool already contains many true
noticed cases. However, the re-ranking stage does not consistently
assign sufficiently high scores to all of these true noticed cases. As
a result, some relevant cases remain in the candidate pool but are
ranked below the final output cut-off and are not included in the
final predictions.

In COLIEE Task 1, where the number of noticed cases varies
across queries and is unknown at inference time, this ranking dif-
ficulty becomes especially important. Legal relevance is not de-
termined by topical similarity alone, and some noticed cases may
support the query case throughmore subtle reasoning links. This ex-
plains why the system achieves a large precision gain over retrieval-
only baselines but does not obtain a proportional improvement in
recall or overall 𝐹1.

Beyond Semantic Similarity: Judicial Logic vs. Topicality. One
important observation from our development experiments is the
difference between general semantic similarity and legal relevance.
General-purpose rerankers often assign high scores to case pairs
that are topically similar but do not have a genuine relationship in
terms of supporting legal reasoning.

Interestingly, the zero-shot MonoT5-Base model (ucdcs1) pro-
vided a strong baseline and outperformed our fine-tuned variant
(ucdcs2). One possible explanation is that the available legal train-
ing data are limited, which may make the fine-tuned model more
vulnerable to overfitting. At the same time, the better performance
of SaulLM-7B suggests that legal-domain pre-training remains use-
ful for capturing case relationships that depend on judicial rea-
soning, which is consistent with our previous findings on domain
pre-training in the context of legal argumentation mining [25]. Our
logit-based scoring method also allows SaulLM outputs to be used
as continuous ranking scores rather than simple binary decisions.

Efficacy of Structural Legal Abstraction. The transition from full-
text processing to structured Legal Overviews appears to play an
important role. By distilling legal documents into structured com-
ponents—[ANCHORS], [FACTS], and [LOGIC], we aim to reduce
procedural noise and preserve the information most relevant to
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noticed-case retrieval. This design is also motivated by the ‘lost
in the middle’ phenomenon common in long-context Transformer
architectures, where models tend to make less effective use of infor-
mation located in the middle of long input sequences [15]. Similar
structured prompting methodologies have also shown promise in
handling extensive legal datasets where procedural noise often
masks critical signals [10].

Limitations and Future Work. Our experimental results demon-
strate that the hybrid retrieval stage achieves high recall (i.e., 0.8493
at 𝐾 = 200), indicating that our framework provides a reliable
candidate pool for downstream re-ranking. However, although the
subsequent re-ranking stage improves precision, it does not pro-
duce a comparable gain in overall 𝐹1, partly because the increase
in precision is accompanied by a reduction in recall. This suggests
that the current neural re-rankers may still struggle to consistently
identify all true noticed cases from the top-200 candidates, espe-
cially when the relevant cases depend on complex logical signals
rather than strong topical similarity.

Furthermore, the system remains sensitive to the quality of the
LLM-generated overviews; missing critical legal anchors during the
abstraction phase can lead to cascading errors in the downstream
process. Despite the long-context capabilities of BGE-M3, our sys-
tem also faces challenges in handling subtle, cross-case analogies
that necessitate multi-hop reasoning.

Consequently, our future research will prioritise the exploration
of more effective re-ranking architectures and specialised fine-
tuning strategies specifically tailored for judicial logic. By investigat-
ing alternative model variants and more intensive domain-specific
training, we expect to further bridge the gap between candidate
retrieval and precise case identification.

8 Conclusion
In this work, we presented a multi-stage retrieval and re-ranking
framework for legal case retrieval in COLIEE 2026 Task 1. The
framework combines structured legal abstraction, hybrid first-stage
retrieval, and neural re-ranking to address several core challenges
of the task, including long judicial documents, vocabulary mis-
match, and the difficulty of identifying decision-supporting case
relationships.

Our experiments show that hybrid retrieval can provide a high-
recall candidate pool, while downstream re-ranking improves the
precision of the final predictions. The results also suggest that
legal-domain adaptation remains important for this task, although
accurately distinguishing subtle decision-supporting relationships
between topically similar cases is still difficult. In particular, the gap
between candidate recall and final ranking performance indicates
that re-ranking remains the main challenge in the current system.

Future work will focus on stronger legal re-ranking strategies,
more effective domain-specific training, and improved use of struc-
tured legal representations. These directions may help narrow the
gap between broad candidate retrieval and precise noticed-case
identification.
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A Prompt for Legal Semantic Abstraction
For transparency and reproducibility, we provide below the ex-
act prompt used to generate the structured case overviews in our
implementation.

You are an expert Legal Case Analyst. Your goal is

to extract key

information from the provided Canadian Federal

Court judgment to help

find similar cases in a database.

** INSTRUCTIONS :**

Analyze the text and extract information into the

following THREE sections.

1. **[ ANCHORS ]** (High Priority):

- ** KEYWORDS **: Extract or generate 5-7 distinct

legal terms

(e.g., "Family Class", "Adoption", "

Procedural Fairness ").

*Crucial: If the case turns on the

interpretation of a foreign

country 's law , MUST include the tag "Foreign

Law Interpretation ".*

- ** STATUTES **: List EXACT statute names and

section numbers cited.

2. **[ LOGIC ]** (High Priority):

- **Issue **: What is the primary legal question?

- **Ratio **: The core reasoning for the decision

.

*Focus on the specific legal error or

principle.

Do NOT output generic "Standard of Review"

boilerplate .*

3. **[ FACTS ]** (Medium Priority):

- Provide a concise summary (max 50 words) of

the factual background.

Who are the parties? What triggered the

dispute?

** CONSTRAINTS :**

- Output format must use the exact headers: [

ANCHORS], [LOGIC], [FACTS].

- ** CRITICAL **: You MUST write "[END]" immediately

after the Facts

section to signal completion.

**TEXT TO PROCESS :**

'''

{text}

'''

**FINAL CHECKLIST FOR YOU:**

1. Did you include [ANCHORS ]?

2. Did you include [LOGIC]?

3. Did you include [FACTS]? (DO NOT FORGET THIS

SECTION)

4. Did you end with [END]?

** OUTPUT :**
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