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COLIEE 2019 preface

Preface

This volume contains the papers accepted for presentation at COLIEE 2019, the Sixth Compe-
tition on Legal Information Extraction/Entailment, held on June 21, 2019 in Montréal, Canada,
in conjunction with ICAIL 2019, the 17th International Conference on Artificial Intelligence and
Law. Papers for COLIEE are focused on an international legal information processing compe-
tition, which includes competitions on automatically understanding both statute law and case
law. This year there were 18 submissions. Each submission was reviewed by at least 2, and
on the average 2.9, program committee members. The committee decided to accept 3 winnig
papers for each task at the ICAIL main conference and to accept 14 papers for the workshop.

The COLIEE workshop program will also include 1 invited talk. The COLIEE competition
was originally proposed by Ken Satoh from the National Institute of Informatics in Tokyo,
driven by his experience as a computer science professor in law school, and his experience
with the challenge of Japanese Bar examinations. The idea was to formulate a challenging legal
informatics competition that would engage researchers around the world, and build a community
that would consider all manner of computer science and Artificial Intelligence methods to tackle
the problems of legal reasoning.

Now after just completing the sixth year of competitions, Ken’s goal has been achieved. We
have had six competitions, all of whose selected contributions have been peer-reviewed, pub-
lished at ICAIL proceedings or at the Springer Lecture Notes in Artificial Intelligence series,
and – most importantly – developed a community of researchers, lawyers, judges, and related
communities to discuss the impact and future of technology adoption in for legal systems. The
team around Ken now includes Yoshinobu Kano from Shizuoka University, Masaharu Yoshioka
from Hokkaido University, and the team from the Alberta Machine Intelligence Institute in-
cluding Mi-Young Kim, Juliano Rabelo, and Randy Goebel. As our community has developed,
the legal informatics industry has also engaged, and we are most grateful for the support from
Jimoh Ovbiagele and Andrew Arruda from Ross Intelligence Young-Yik Rhim from Intellicon
(Seoul), and Colin LaChance from VLex. As all of know, the Easychair team is constantly
responding to extend their conference management system in ways that helps us accomplish
what would otherwise be an impossible task for all us volunteers.
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ABSTRACT
In this paper, we summarize the evaluation of the 6th Competition
on Legal Information Extraction/Entailment (COLIEE 2019). Four
tasks are promoted in the Competition with a focus on case law
and statute law. The case law component includes an information
retrieval task (Task 1), and the confirmation of an entailment re-
lation between an existing case and an unseen case (Task 2). The
statute law component includes an information retrieval task (Task
3) and an entailment/question answering task (Task 4). Participa-
tion was open to any group based on any approach. 11 different
teams participated in the case law competition tasks, some of them
in more than one task. We received results from 7 teams for Task 1
(15 runs) and 7 teams for Task 2 (18 runs). Regarding the statute law,
there were 8 different teams participating, some in more than one
task. 7 teams submitted a total of 13 runs for Task 3, and 7 teams
submitted a total of 15 runs for Task 4. We describe each team’s
approaches, our official evaluation, and analysis on our data and
submission results.

KEYWORDS
legal documents processing, textual entailment, information re-
trieval, classification, question answering
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1 INTRODUCTION
The Competition on Legal Information Extraction/Entailment (COL-
IEE) is a series of evaluation competitions to develop the state of
the art for information retrieval and entailment using legal texts. It
is usually co-located with JURISIN, the Juris-Informatics workshop
series, which was created to promote community discussion on
both fundamental and practical issues on legal information process-
ing, with the intention to embrace various disciplines, including
law, social sciences, information processing, logic and philosophy,
including the existing conventional “AI and law” area. In COLIEE
editions 2014 to 2017, there were two tasks (information retrieval
(IR) and entailment) using Japanese Statue Law (civil law). Since
COLIEE 2018, two new tasks (IR and entailment) were introduced
which use Canadian case law (Tasks 1 and 2).

Task 1 is a legal case retrieval task, and it involves reading a
new case Q, and extracting supporting cases S1, S2, ..., Sn from the
provided case law corpus, hypothesized to support the decision
for Q. Task 2 is the legal case entailment task, which involves the
identification of a paragraph or paragraphs from existing cases,
which entail a given fragment of a new case. For the information
retrieval task (Task 3), based on the discussion about the analysis of
previous COLIEE IR tasks, we modify the evaluation measure of the
final results and also ask the participants to submit ranked relevant
articles results to discuss the detailed difficulty of the questions. For
the entailment task (Task 4), we performed categorized analyses
to show different issues of the problems and characteristics of the
submissions, in addition to the evaluation accuracy as in previous
COLIEE tasks.

The rest of the paper is organized as follows: Sections 2, 3, 4, 5
decribe each task, presenting their definitions, datasets, list of ap-
proaches submitted by the participants, and results attained. Section
6 presents final some final remarks.
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2 TASK 1 - CASE LAW INFORMATION
RETRIEVAL

2.1 Task Definition
This task consists in finding which cases, in the set of candidate
cases, should be “noticed” with respect to a given query case. “No-
tice” is a legal technical term that denotes a legal case description
that is considered to be relevant to a query case. More formally,
given a query case q and a set of candidate casesC = {c1, c2, ..., cn },
the task is to find the supporting cases S = {s1, s2, ..., sn | si ∈
C∧noticed(si ,q)}wherenoticed(si ,q) denotes a relationship which
is true when si ∈ S is a noticed case with respect to q.

2.2 Dataset
The training dataset consists of 285 base cases, each with 200 can-
didate cases from which the participants must identify those that
should be noticed with respect to the base case. The golden labels
for this dataset were disclosed upfront to this task’s participants.
The official COLIEE test dataset has 61 cases and was initially re-
leased without the golden labels, which were only disclosed after
the competition results were published. Table 1 summarizes the
properties of those datasets.

2.3 Approaches
Seven teams submitted a total of 15 runs for this task. Deep learning
techniques and machine learning based classifiers were commonly
used. More details on the approaches are show below:

• CACJ (one run) [3] applies a machine learning based clas-
sifier using features extracted from the cases header (i.e., it
does not consider any of the case contents).

• CLArg (one run) [17] describes an approach based on vec-
tor representation of cases, in combination with two dif-
ferent classifiers: random forests and k-nearest neighbours.
Additionally, the authors notice the inclusion of a feature
consisting of how many times a particular past case has
appeared in the entire dataset augments their results.

• HUKB (one run) [26] improved their previous system, used
on the 2018 COLIEE edition (which was based on the use of
structural information which considers a case as composed
of three sections: header, facts and footer), by incorporating
the use of case metadata: date, to exclude candidates more
recent than the base case, and topics.

• IITP (three runs) [4] uses a combination of Deep Learn-
ing techniques, such as Doc2Vec, and Information Retrieval
techniques, such as BM25, to tackle the task 1 challenge.

• ILPS (three runs) [21] combines text summarizing and a
generalized language model (BERT) in order to assess pair-
wise relevance. To overcome a limitation of the framework
on handling text fragments longer than 512 tokens, the au-
thors apply summarization techniques over the case contents.
The generated embeddings are then fed to an MLP classifier.

• JNLP (three runs) [23] apply a summarizationmodel which
encodes a document into a continuous vector space which
embeds the summary properties of the document. The au-
thors combine such encoded representation with latent and

lexical features extracted from different parts of a given
query and its candidates.

• UA (three runs) [19] developed an approach based on the
use of the Universal Sentence Encoder to generate a vector
representation of both the base case and each candidate,
and then calculation of a similarity score through the cosine
measure (this approach was used as the baseline for this
task).

2.4 Results
The F1-measure is used to assess performance in this task. We use
a simple baseline model thath uses the Universal Sentence Encoder
to encode each candidate case and base case into a fixed size vector,
and then applies the cosine distance between both vectors. The
baseline result was 0.3560 (precision: 0.3333, recall: 0.3443, for a
threshold of 0.57 minimum similarity). The actual results of the
submitted runs by all participants are shown on table 2, from which
it can be seen that only 1 team could not reach the baseline. The
submissions from the UA team was exactly based on this baseline
method.

Table 2 shows JNLP attained the best result for the F1-score, the
official metric used in this task. CLArg had the best score when only
precision is considered, whereas CACJ had the best recall score.
The F1-score for CLArg and CACJ, however, were not among the
best ones for this task, which shows the difficulty of finding the
right balance in the system to achieve a good overall performance
in this kind of problem.

3 TASK 2 - CASE LAW ENTAILMENT
3.1 Task Definition
Given a base case and a specific fragment from it, and a second case
which is relevant in respect to the base case, this task consists in
determining which paragraphs of the second case entail that frag-
ment of the base case. More formally, given a base case b and its en-
tailed fragment f , and another case r represented by its paragraphs
P = {p1,p2, ...,pn } such that noticed(b, r ) as defined in section 2 is
true, the task consists in finding the set E = {p1,p2, ...,pm | pi ∈ P}
where entails(pi , f ) denotes a relationship which is true when
pi ∈ P entails the fragment f .

3.2 Dataset
The training dataset has 181 base cases, each with its respective
entailed fragment in a separate file. For each base case, a related
case represented by a list of paragraphs is given, from which the
paragraph(s) that entail the base-case-entailed fragment must be
identified. The golden labels for this dataset were disclosed upfront
to this task’s participants. The official COLIEE test dataset has 44
cases and was initially released without the golden labels, which
were only disclosed after the competition results were published.
Table 3 summarizes the properties of those datasets.

3.3 Approaches
Seven teams submitted a total of 18 runs to this task. The most
used techniques were those based on transformer methods, such as

2
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Table 1: Summary for the Case Law Retrieval Task Datasets

Property Training Testing

Number of base cases 285 61
Total number of candidate cases 57,000 12,200
Total number of noticed cases 1486 (2.60%) 330 (2.70%)

Table 2: Results attained by all teams on the test dataset of task 1.

Team Submission File Precision Recall F1-score

JNLP JNLP.task_1.pl.txt 0.6000 0.5545 0.5764
JNLP JNLP.task_1.ple.txt 0.6000 0.5545 0.5764
JNLP JNLP.task_1.p.txt 0.5934 0.5485 0.5701
ILPS BERT_Score_0.946.txt 0.6810 0.4333 0.5296
HUKB task1.HUKB 0.7021 0.4000 0.5097
ILPS BM25_Rank_6.txt 0.4672 0.5182 0.4914
ILPS BERT_Score_0.96.txt 0.8188 0.3424 0.4829
IITP task1.IITPdocBM.txt 0.6368 0.3879 0.4821
IITP task1.IITPBM25.txt 0.6256 0.3848 0.4765
CLArg CLarg.txt 0.9266 0.3061 0.4601
IITP task1.IITPd2v.txt 0.4653 0.3455 0.3965
UA UA_0.57.txt 0.3560 0.3333 0.3443
UA UA_0.52.txt 0.3513 0.3364 0.3437
UA UA_0.54.txt 0.3639 0.3242 0.3429
CACJ submit_task1_CACJ01.csv 0.2119 0.5848 0.3110

Table 3: Summary for the Case Law Entailment Task Datasets

Property Training Testing

Number of base cases 181 44
Total paragraphs in the related cases 5,814 1,448
Total true entailing paragraphs 202 (3.47%) 45 (3.10%)

BERT [2] or ELMo [18]. More details on the approaches are show
below.

• IeLab 1 (three runs)] used an IR-based technique which se-
lects terms from the entailed fragments and the candidates
using inverse document frequency and part of speech infor-
mation.

• IITP (three runs) [4] describes an approach which uses
BM25, an Information Retrieval technique, and Doc2Vec, a
Deep Learning based technique, for this task.

• JNLP (three runs) has not submitted a paper describing the
details of their approach for task 2, but they devised deep
learning based methods for other tasks of COLIEE 2019 (e.g.,
[16]).

• TRCase (one run) [13] applies a ranking algorithm which
uses word embeddings and textual similarity features to de-
termine entailment relationships between a candidate para-
graph and an entailed fragment. The authors observe that the

1This is an interesting approachworth further investigation, however the paper describ-
ing the method lacks important information and thus was not accepted for publication
on the COLIEE proceedings

set of selected features provide better results when applied
to a ranking approach, rather than a supervised classifier.

• TTCL (three runs) presents an approach based on a gener-
alized language model using BERT for the case law entail-
ment task, comparing that approach with an SVM baseline
approach. To overcome the framework limitation of 512 to-
kens, the authors apply BERT at a sentence level, considering
a paragraph to be an entailing example when one or more
sentences are classified as entailing one or more sentences
from the entailed fragment.

• UA (three runs) [19] proposes an approach which relies
the extraction of similarity measures between the candi-
date paragraph and the entailed fragment; the application of
BERT on those two pieces of text; use of a threshold-based
classifier; and post-processing the results considering the a
priori probability determined by the data distribution on the
training samples.

• UBLTM (two runs) has not submitted a paper describing
the details of their approach.

3
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3.4 Results
The F1-measure is used to assess performance in this task. The
score attained by a simple baseline model which uses the Universal
Sentence Encoder to encode each candidate paragraph and the
entailed fragment into a fixed size vector and applies the cosine
distance between both vectors was 0.1760 (precision: 0.1375, recall:
0.2444, for a threshold of 0.75 minimum similarity). The actual
results of the submitted runs by all participants are shown on table
4, from which it can be seen that only 2 runs had a performance
worse than the baseline score (however, the teams which sent those
submissions also got better results on other runs).

From Table 4, one can see UA attained the best result for the
F1-score, the official metric used in this task. However, IITP and
TRCase achieved comparable results for the F1-score. It is also
worth noting that IITP attained the best score considering only
precision, and TTCL got the best recall score.

4 TASK 3 - STATUTE LAW INFORMATION
RETRIEVAL

4.1 Task Definition
This task involves reading a legal bar exam questionQ , and identifi-
cation of a subset of Japanese Civil Code Articles S1, S2,..., Sn from
the entire Civil Code which are those appropriate for answering
the question such that

Entails(S1, S2, ..., Sn ,Q) or Entails(S1, S2, ..., Sn ,notQ).

Given a question Q and the all Civil Code Articles, the partici-
pants are required to retrieve the set of “S1, S2, ..., Sn” as the answer
of this track.

4.2 Dataset
For task 3, questions related to Japanese civil law were selected
from the Japanese bar exam. The organizers provided a data set
used for previous bar law exams, translated to English [8–10, 25]
as training data (717 questions), with new questions selected from
the 2018 bar exam as test data (98 questions).

The number of questions classified by the number of relevant
articles is listed in Table 5.

4.3 Approaches
The following seven teams submitted their results (13 runs in total).
Four teams (HUKB, JNLP, KIS and UA) had experience in submit-
ting results in the previous competition, and three teams (DBSE,
EVORA and IITP) were new competitors. Common techniques used
in the system were well known IR engine mechanisms such as
elasticsearch 2, Terrier [12], Indri [22], gensim 3, scikit-learn 4 with
various scoring function such as TF-IDF, BM25. For the indexing,
the most common method was ordinal word base indexing with
stemming. Several teams use N-gram, word sequence, Word2Vec
[15] and Doc2Vec[11].

2https://www.elastic.co/
3https://radimrehurek.com/gensim/
4https://scikit-learn.org

• DBSE (one run) [24] used BM25 scoring of elasticsearch
and Word2Vec [15] based similarity scoring. They finally
select the one or more results from them.

• EVORA (three runs) [20] uses Terrier IR platform with
different scoring function with two query sets (original and
keyword selection) and two article database (original articles
and keyword selected articles).

• HUKB (one run) [26] uses sentence structure analysis to
extract condition part and argument part of the query and
articles and compare the similarity using Indri IR system.
Final results are calculated by SVMRank using those features.

• KIS (two runs) [5] uses Doc2Vec [11] for generating doc-
ument embedding vector and calculate similarity among
query and articles. They also use TF-IDF to select important
keywords for generating document embedding. Final results
are selected by considering the score difference between the
top ranked and candidate documents.

• IITP (two runs) [4] uses BM25 module of gensim and tfidf
module of scikit learn.

• JNLP (two runs) [1] proposed to use different indexing
method for TF-IDF calculation (N-gram, verb-phrase, noun-
phrase) and calculate similarity using cosine similarity. Final
results are selected by considering the score difference be-
tween the i-th ranked document and i + 1-th ranked one.

• UA (two runs) [14] uses the TF-IDF model and language
model as an IR module.

The teams which participated in the previous COLIEE proposed
an extension or equivalent system for Task 3, and new teams pro-
posed methods that were different from those previous.

4.4 Results
Table 6 shows the evaluation results of submitted runs. The official
evaluation measures used in this task were macro average (average
of evaluation measure values for each query over all queries) of F2
measure, precision (Prec.), and recall (Rec.). The terms “ret.”, and
“rel” represent the number of returned articles and the number of
returned relevant articles, respectively.

precision =
number o f retrieved relevant articles

number o f returned articles
(1)

recall =
number o f retrieved relevant articles

number o f relevant articles
(2)

f 2 =
5 × precision × recall

4 × precision + recall
(3)

We also calculate the mean average precision (MAP), recall at
k (Rk : recall calculated by using the top k ranked documents as
returned documents) by using the long ranking list (100 articles).
Table 6 shows

From the official evaluation measure F2, UA-TFIDF is the best
run among all submitted runs. Since KIS_2 returns large numbers of
candidate articles, recall of KIS_2 is the best. For the longer ranked
list, EVORA is better than others.

Figure 1,2,3 shows average of evaluation measure for all sub-
mission runs. As we can see from Figure 1, there are many easy
questions that almost all system can retrieve the relevant article.

4
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Table 4: Results attained by all teams on the test dataset of task 2.

Team Submission File Precision Recall F1-score

UA UA_0.400000.txt 0.6538 0.7556 0.7010
UA UA_0.250000.txt 0.6364 0.7778 0.7000
IITP task2.iitpBM25.txt 0.7045 0.6889 0.6966
UA UA_0.300000.txt 0.6296 0.7556 0.6869
TRCase TRCase_colie_test_submission_task2 0.6818 0.6667 0.6742
IITP task2.iitp2docBM.txt 0.6591 0.6444 0.6517
JNLP JNLP.task_2.lex.txt 0.5909 0.5778 0.5843
TTCL uncased758256.txt 0.4000 0.8000 0.5333
TTCL uncased758voted.txt 0.3882 0.7333 0.5077
TTCL uncased758512.txt 0.3780 0.6889 0.4882
ielab ielabsen.txt 0.4545 0.4444 0.4494
ielab ielabphrase.txt 0.3409 0.3333 0.3371
ielab ielabterm.txt 0.2273 0.2222 0.2247
UBLTM UBLTM_T2_2.txt 0.1273 0.6222 0.2113
UBLTM UBLTM_T2_1.txt 0.1182 0.5778 0.1962
JNLP JNLP.task_2.cls-elmo.txt 0.1364 0.1333 0.1348
JNLP JNLP.task_2.cls-elmobert.txt 0.0682 0.0667 0.0674
IITP task2.iitp2D2v.txt 0.0455 0.0444 0.0449

Table 5: Number of questions classified by number of relevant articles

number of relevant article(s) 1 2 3 5 total
number of questions 80 15 2 1 98

Table 6: Evaluation results of submitted runs (Task 3) and the corresponding organizers’ run

runid lang ret. rel. F2 Prec. Rec. MAP R5 R10 R30
DBSE E 172 54 0.466 0.454 0.493 0.512 0.512 0.620 0.669

EVORA1 E 98 56 0.533 0.571 0.529 0.628 0.669 0.744 0.851
EVORA2 E 98 56 0.533 0.571 0.529 0.617 0.653 0.744 0.835
EVORA3 E 98 56 0.529 0.571 0.524 0.624 0.653 0.752 0.835
iitpBM25 E 98 48 0.447 0.490 0.442 0.541 0.620 0.669 0.760
iitptfidf E 98 43 0.401 0.439 0.396 0.506 0.570 0.628 0.752
JNLP-tf E 165 64 0.534 0.459 0.582 0.598 0.653 0.686 0.769

JNLP-tfnv E 171 61 0.505 0.403 0.562 0.575 0.595 0.653 0.769
UA-LM E 98 48 0.452 0.490 0.447 0.541 0.554 0.636 0.727

UA-TFIDF E 98 58 0.549 0.592 0.544 0.618 0.620 0.694 0.760
HUKB J 98 44 0.414 0.449 0.410 0.494 0.488 0.612 0.727
KIS J 404 69 0.503 0.423 0.613 0.562 0.628 0.711 0.835
KIS_2 J 408 72 0.503 0.427 0.637 0.540 0.653 0.744 0.835

However, there are also many queries for which none of the system
can retrieve the relevant articles.

One of the example of this question is H30-1-A: “An unborn child
may not be given a gift on the donor’s death.” and relevant article
is Article 3 “The enjoyment of private rights shall commence at
birth.” There is no common words between the query and a relevant
article and it requires knowledge about relationship between “com-
mence at birth” and “unborn” for understanding the relationship.
In order to analyze the improvement of the system for such difficult

questions, it is necessary to compare the retrieval performance for
such difficult queries.

5 TASK 4 - STATUTE LAW ENTAILMENT
5.1 Task Definition
Task 4 is a task to determine entailment relationships between a
given problem sentences and article sentences. Competitor systems
should answer “yes” or “no” regarding the given problem sentences
and given article sentences. Until COLIEE 2016, the competition
had pure entailment tasks, where t1 (relevant article sentences)
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Figure 1: Averages of precision, recall, F2, MAP, R_5, and R_30 for easy questions with a single relevant article
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Figure 2: Averages of precision, recall, F2, MAP, R_5, and R_30 for noneasy questions with a single relevant article

!

!"#

!"$

!"%

!"&

!"'

!"(

!")

!"*

!"+

#

,
%
!
-#
+
-1

,
%
!
-%
%
-/

,
%
!
-#
%
-/

,
%
!
-%
$
-0

,
%
!
-%
$
-.

,
%
!
-$
!
-.

,
%
!
-%
#
-1

,
%
!
-&
-0

,
%
!
-$
$
-1

,
%
!
-#
-1

,
%
!
-%
!
-1

,
%
!
-$
!
-2

,
%
!
-%
%
-1

,
%
!
-$
&
-.

,
%
!
-$
*
-1

,
%
!
-$
&
-/

,
%
!
-)
-.

,
%
!
-#
#
-2

3456 456788 9$ :.; <=' <=#! <=%!

Figure 3: Averages of precision, recall, F2, MAP, R_5, R_10, and R_30 for noneasy questions with a single relevant article
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and t2 (problem sentence) were given. Due to the limited number
of available problems, COLIEE 2017 and 2018 did not retain this
style of task. In the Task 4 of COLIEE 2019, we returned to the pure
textual entailment task to attract more participants, allowing more
focused analyses.

5.2 Dataset
Our training dataset and test dataset are the same as Task 3. Ques-
tions related to Japanese civil law were selected from the Japanese
bar exam. The organizers provided a data set used for previous cam-
paigns as training data (717 questions) and new questions selected
from the 2018 bar exam as test data (98 questions).

5.3 Approaches
The following seven teams submitted their results (15 runs in total).
Two teams (KIS and UA) had experience in submitting results in
the previous campaign. We describe each system’s overview below.

• UA[14] uses condition/conclusion/exception detection rules,
and negation dictionaries created manually. They translated
original Japanese texts into Korean by machine translation,
employed their own Korean parser and Korean resources.
UA_Ex uses Excite machine translation service, UA_Go
uses Google machine translation service. Their system is
same as in the previous COLIEE task.

• KIS [6] parses sentences into predicate-argument struc-
tures to compare t1/t2 pairs, detecting negations and condi-
tions. They use an ensemble of different comparison criteria
(KIS_3module), then adding their own synonym dictionary
(KIS_dic) or using FrameNet (KIS_frame).

• IITP [4] uses BERT with a BERT-base model.
• DBSE [24] uses an ensemble of stacked LSTMs.
• JNLP [16] indirectly solves the original problem with a de-
rived problem with more abundant data. They trained using
a stacked GRU.

• TR [7] uses BERT large model with decomposable attention
(TRAttn), and similarity features (TRSimFeat).

• EVORA [20] used deep neural networks based methods,
such as embedding by FastText (EVORA1), LSTM (EVORA2)
and CNN (EVORA3).

5.4 Results
Evaluation was performed by accuracy. Table 7 shows evaluation
results of Task 4 for each submitted run.

Because an entailment task is essentially a complex composition
of different subtasks, we manually categorized our test data into
categories, depending on what sort of technical issues are required
to be resolved. Tables 8 and 9 show our categorization results. As
this is a composition task, overlap is allowed between categories.
Our categorization is based on the original Japanese version of the
legal bar exam.

Although some cells show better results than others, none of
the current systems could have solved problem types of higher
semantics, e.g. anaphora resolutions. We need more precise survey
what made the difference between the systems, especially which
part is firmly solved to output stable correct results.

6 FINAL REMARKS
We have summarized the results of the COLIEE 2019 edition. On
case law, Task 1 deals with the retrieval of noticed cases, and Task
2 poses the problem of identifying which paragraphs of a relevant
case entail a given fragment of a new case. On statute law, Task 3 is
about retrieving articles to decide the appropriateness of the legal
question, and Task 4 is a task to entail whether the legal question
is correct or not. 11 different teams participated in the case law
competition (some of them in both tasks). We received results from
7 teams for Task 1 (a total of 15 runs), and 7 teams for Task 2 (a total
of 18 runs). Regarding the statute law tasks, there were 8 different
teams participating, some in both tasks. 7 teams submitted 13 runs
for Task 3, and 7 teams submitted 15 runs for Task 4.

A variety of methods were used for Task 1: classification using
only features extracted from the case header, random forest and k-
NN classifiers, exploitation of the case structure information, deep
learning based techniques (such as transformer methods and tools
such as the Universal Sentence Encoder), lexical and latent features,
embedding summary properties, and information retrieval tech-
niques were themain ones. For Task 2, transformer-based tools such
as BERT and ELMo were prevalent, but IR techniques and textual
similarity features have also been applied. The results attained were
satisfactory, but there is much room for improvement, especially if
one considers the related issue of explaining the predictions made;
deep learning methods, which showed promising results this year,
would not be so appropriate in a scenario where explainability is
key. For future editions of COLIEE, we plan on continuing expand-
ing the data sets in order to improve the robustness of results, as
well as evaluating ways of introducing explainability-aware tasks
or requirements into the competition.

For Task 3, we found there are three types of questions in the test
data (easy questions, difficult questions with vocabulary mismatch,
and questions with multiple answers). Most of the submission sys-
tems are good at retrieving relevant answers for easy questions,
but it is still difficult to retrieve relevant articles for other question
types. It may be necessary to focus on such question types to im-
prove the overall performance of the IR system. For Task 4, overall
performance of the submissions is still not sufficient to use their
systems in real applications, mainly due to lack of coverage for
some classes of problems, such as anaphora resolution. We found
this task is still a challenging one to discuss and develop deep se-
mantic analysis issues in the real application and natural language
processing in general.
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1 INTRODUCTION
It is important for lawyers to access and search for case law in order
to find relevant cases to their work. A manual search for support-
ing cases is a time-consuming process given the large amounts of
available case law, hence the need for computer applications which
accelerate this process. There has been important progress in in-
formation extraction (IE) and information retrieval (IR) techniques
for general domain documents and also specific domain documents
such as legal documents. There exist commercial systems that allow
lawyers to retrieve similar legal cases to a query case. However,
there is still big progress to be made to develop software systems
that output lawyer-like answers. As mentioned in [3], a lawyer
“rarely looks for, or even expects, clear answers. More often than
not, he searches his database treatises, articles, statutes, cases, and
other materials in order to construct legally acceptable arguments
in the pursuit of one or more objective”. Therefore a system that out-
puts lawyer like answers would output legal arguments extracted
from relevant legal cases that the lawyer could use to support a
new case at hand.

The Legal Case Retrieval task of the COLIEE competition could
be considered as a component of the system mentioned above. The
task aims at retrieving supporting cases for a base case from a cor-
pus of case law. A supporting case is called noticed case in the rest of
the paper. There have been many works to extract information from
legal documents. Since the 1960s the main approach was Boolean
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on the first page. Copyrights for third-party components of this work must be honored.
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searches using “and”, “or”, and “not” for matching strings [2]. Alter-
native approaches were later proposed to alleviate the limitations of
string search, such as conceptual search and indexation of case law
[9] known as conceptual IR. Rissland, et al. [16] proposed to com-
bine both IR and case-based reasoning (CBR) in order to retrieve
relevant legal cases. In recent work, they adapt general methods to
specific legal domains. For example, [8] they extract information
from legal documents related to commercial law using the layout
information of documents. [5] extracts relevant information from
Philippine Supreme Court decisions such as the crime, the plaintiff
and the penalty in order to structure unstructured legal cases . They
modify an existing generic information extraction system by using
NLP techniques: named entity recognition, co-reference resolution,
POS-tagging... Most of the works about legal information retrieval
and information extraction develop systems that are going to be
used by legal experts. The BEST project [17] is amongst the few
works that study legal IR for the general public. They propose a
system which allows searching in case law using laymen terms and
also representing results in a comprehensible way.

In this work, we model the Legal Case Retrieval task as a binary
classification problem. Since it is an imbalanced class classification
problem, we used a variant of bagging classifier that re-samples
each subset of the data before training each base estimator. We
constructed a feature matrix by extracting relevant information
from cases.

In the rest of the paper, we describe our approach and results on
the test dataset.

2 EXPERIMENTS
In this section, we describe the pre-processing, the feature extrac-
tion steps and the machine learning algorithms that were applied
to the legal case retrieval task.

2.1 Dataset
The challenge dataset is a corpus containing Federal Court of
Canada case laws. The training dataset has 285 query case. A query
case will be called a base case in the rest of the document. Each
base case in the training dataset has its own pool of candidate cases
and a list of noticed cases from the pool. The test dataset has 61
base case, such that each base case has its pool of 200 candidate
cases without a mention of the noticed cases.

We carried a preliminary analysis of the structure of Canada
case law in order to know how to extract information that could be
relevant to the task of extracting noticed cases. Here we describe
the main findings of this analysis [1]. At the top of each case we
find the legal citation for the case:
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Figure 1: Example of legal citation [1]

The first part of the legal citation is the “style of cause” which is
composed of the plaintiff’s name and then the defendant’s name.
The theme of the case could be inferred from the defendant name if
the defendant is a public department. For example, if the defendant
is The Minister of Citizenship and Immigration we could expect
that the case would be about immigration issues and that a case is
more likely to cite past cases with the same defendant.
The judgment date and the date of the volume are useful since a
case can only be cited by a future judgment.
The abbreviationW.W.R stands for the name of the volume in which
the case was cited, and we assume that similar cases are published
in the same volume.
A legal citation appears also in the text of the case, in which case it
is called an in-text citation. In-text citations are interesting because
they come after a sentence that summarizes the legal rule of the
case and therefore indicates why a case was cited in another case.
The name of the judge that decided the case is found just before
the text of the decision in the following manner:

Figure 2: Example of a judge name as mentioned in a case

Another important section at the beginning of the case is the
section containing legal topics. A legal topic is a specific legal
subject meaningful to legal researchers. Furthermore, legal topics
are arranged into a tree hierarchy. Legal topics are used by legal
researchers to find similar cases, so it is likely that a noticed case
share some legal topics with the base case.

Figure 3: Examples of legal topics as mentioned in a case

Each topic has [12]:

• An id of 4 digits
• The title of the area of law to which it belongs, for example:
Administrative Law or Prisons

• A list of keywords defining the legal topic

2.2 Dataset Pre-processing
The pre-processing step prepares the text of cases for the learning
step. Cases are first segmented into phrases using regular expres-
sions. Some cases contain the French translation of the case, so
we had to remove french sentences using langdetect 1 tool. As
mentioned before, the feature matrix is constructed by extracting
information from both the base case and the candidate case. The
results of the preliminary analysis, described in the section before,
helped in defining the regular expressions to extract some meta-
data from cases. Here is the list of the features that were extracted
for both type of cases:

• The jurisdiction of the case
• The date of the case
• The respondent of the case
• A boolean value indicating whether the respondent is a gov-
ernment department

• The reporter name
• The reporter volume
• The name of the case judge
• The IDs of legal topics
• The titles of legal topics
• The titles of statutes mentioned in the case
• The reference letters of the applicant
• A boolean value indicating if the case is unedited
• A boolean value indicating if the case is being edited

All these features are categorical features, except for the year and
the Boolean values, so all categorical features were one hot-encoded.

Table 1: Number of unique values for each categorical fea-
ture

Topic Judge Jurisdiction Respondent name Reporter volume Reporter name Reference letters Statutes titles

1111 155 3 416 449 21 8 267

To reduce the dimensionality of the feature matrix we kept only:
• Topics that occurred in at least 3 cases
• Respondents that appeared in at least 6 cases

Therefore the resulting feature matrix has 4860 columns and
57000 = 285 ∗ 200 training samples since we have 285 base case and
200 candidates per case.

2.3 Machine learning model
We model the legal case retrieval problem as a binary classification
problem. Base cases are paired with each one of their candidate
cases. If the candidate case of the pair is a noticed case for the
base case then the pair is assigned a positive label, otherwise, it is
assigned a negative label. This classification dataset suffers from
imbalanced classes, such that the positive class is only 2.6% of the
entire training dataset.

1https://github.com/Mimino666/langdetect

11



COLIEE Case Law Competition Task 1: The Legal Case Retrieval Task COLIEE 2019, June 21, 2019, Montreal, Quebec

In this section, we describe the models we tested. Each model
is evaluated using grouped K-fold cross-validation to ensure that
the training dataset and the test dataset do not have common base
cases since we expect the model to generalize well on unseen base
cases. The hyperparameters search is carried out with a random
search such that the best hyperparameters values are the ones with
the best F1-score. The importance of recall vs precision depends
on the context of the information retrieval task. Most users of web
search engines want to have relevant documents on the first page
of the search results, therefore high precision is important and low
recall is tolerated. However, professionals such as paralegals are
interested in getting almost all the relevant documents and they
tolerate a reasonable number of returned irrelevant documents,
therefore the recall is more important than the precision in that
case. We chose to select hyperparameters and models according to
the F1-score since the COLIEE challenge uses precision, recall and
F1-score as evaluation metrics and does not give any instruction
about the importance of each metric.

Most of the classification algorithms give poor performance
when applied to this type of datasets because the formulation of the
objective function does not give specific attention to the minimal
class [4]. We first reduce the imbalance by removing training pairs
where the candidate case is posterior to the base case since noticed
cases are always anterior to the base case. With this method, the
positive class ration increases to 3.3% but the dataset is still highly
imbalanced.

There are two main techniques to handle imbalanced datasets:

• Cost sensitive learning
• Sampling techniques:
– Under-sampling of the majority class
– Over-sampling of the minority class
– Combining under-sampling and over-sampling

Under-sampling proved its efficiency for imbalanced class clas-
sification problems [7], but this technique ignores an important
number of the majority class examples. To deal with this limitation,
we chose to test some ensemble learning algorithms that are built
for imbalanced datasets and we compared them with an ensemble
learning technique without under-sampling:

2.3.1 Balanced Bagging classifier. Bagging classifier is a bootstrap
ensemble method. Each base classifier is trained on a random subset
of the original dataset which is generated with or without replace-
ment and has the same size as the original dataset. These randomly
drawn subsets of data are not balanced and therefore the base es-
timator will have difficulty learning the minority class. Balanced
bagging classifier is a modified version where each random subset
is balanced by under-sampling the majority class so it has the same
size as the minority class. We tested this approach using a ran-
dom under-sampling strategy: first, a random subset is generated
with replacement, then samples of the majority class are removed
randomly until the two classes are equal. Three different base clas-
sifiers were tested: decision trees, random forest, and extremely
randomized trees.

2.3.2 Balanced random forest. Random forest classifier has poor
performance on imbalanced class classification problems. In [10]

they propose two variants of random forest in order to improve its
performance on imbalanced datasets.

• Weighted random forest
• Balanced random forest

Weighted random forest is a cost-sensitive learning algorithmwhere
the miss-classification of minority class is penalized by introducing
class weights. Class weights are introduced into the algorithm by
two means. First, splits are found by using a weighted version of
the Gini criterion. Second, the predictions are made by a weighted
majority vote such that the vote for a giving class is multiplied by
its weight.

Balanced random forest trains each tree on a balanced random
subset. Each subset is created by randomly drawing a sample from
the minority class and randomly drawing the same number from
the majority class. For this work, we used the balanced random
forest variant since it uses an under-sampling technique.

2.3.3 Easy Ensemble classifier. Easy Ensemble classifier was first
introduced in [13]. Easy Ensemble classifier trains T separate base
classifiers Hi (1 ≤ i ≤ T ), each on a randomly sampled subset. Each
subset is generated by keeping all the samples from the minority
class and randomly sampling from the majority class such that the
size of the sampled majority class is equal to the size of the original
size of theminority class. AdaBoost learns theT base classifiers with
si weak classifiers, corresponding weights αi, j , and the ensemble’s
threshold θi . The formula of the learnt base classifier Hi is:

Hi (x) = sдn(

si∑
j=1

αi, jhi, j (x) − θi )

. Easy Ensemble treats each weak classifier hi, j as a feature ex-
tracted from the training subset. The final classifier is constructed
by combining all these features:

H (x) = sдn(
T∑
i=1

si∑
j=1

αi, jhi, j (x) −
T∑
i=1

θi )

By combining features hi, j extracted from different random subsets
of the majority class, Easy Ensemble makes sure to incorporate
information from different samples of the majority class.

2.3.4 Experimental details. As mentioned above, random search
is used to tune the hyperparameters of each model. We used the
following hyperparameters’ distributions:

• Balanced Bagging classifier:
– Base estimators: random forest, decision trees, and ex-
tremely randomized trees

– Number of base estimators: a uniform discrete random
variable in the interval [10, 200]

– The maximum fraction of features to train each base es-
timator : a uniform continuous random variable in the
interval [0.3, 1]

• Bagging classifier without an under-sampling strategy: the
same distribution of hyperparameters as for the Balanced
Bagging classifier.

• Balanced random forest classifier:
– Number of estimators: a uniform discrete random variable
in the interval [10, 200]
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– The maximum depth of the tree: a uniform discrete ran-
dom variable in the interval [1, 30]

– The minimum fraction of samples required to split an
internal node: a uniform continuous random variable in
the interval [0.1, 1]

– The minimum fraction of samples required to be at a leaf
node: a uniform continuous random variable in the inter-
val [0.1, 0.5]

– The number of features to consider when looking for the
best split: the total number of features, or 1000, or the
square root of the total number of features, or the binary
logarithm of the total number of features

• Easy Ensemble classifier:
– Number of base estimators: a uniform discrete random
variable in the interval [10, 200]

The implementation of tested models comes either from scikit-learn
[15] or imbalanced-learn package [11].

2.4 Results
The model that gave the best performance on the training dataset,
using grouped K-fold cross-validation, is the Balanced Bagging
classifier with extremely randomized trees as the base classifier.
Table 2 shows the results of tested models using a grouped 5-fold
cross-validation. The reported scores are the average of scores
obtained for each fold.

Table 2: Results of the compared methods using cross-
validation

Model Precision Recall F1-score

Balanced Bagging-Decision trees 0.1867 0.7269 0.2960

Balanced Bagging-Random forest 0.2142 0.6933 0.3250

Balanced Bagging-Extremely randomized trees 0.3335 0.9492 0.4925

Balanced random forest 0.0668 0.7285 0.1221

Easy Ensemble 0.1320 0.7870 0.2248

Bagging-Random forest 0.9619 0.1737 0.2932

Bagging-Extremely randomized trees 0.9714 0.2237 0.3676

Balanced Bagging, with extremely randomized trees as a base
classifier, has the best F1-score. Therefore, we selected it to compute
predictions on the test dataset. The following table shows the results
of the selected model on the submitted test runs:

Table 3: Results on the test dataset

Precision Recall F-score

0.2119 0.5848 0.3110

As we can see in table 2, all the models have a low performance
on this task. A second observation is that all the models that used
under-sampling have an approximately high recall at the expense
of low precision, while models without under-sampling (Bagging-
Random Forest and Bagging-Extremely Randomized Trees) have
high precision and low recall. An explanation for this observation

is that under-sampling has a warping effect over the posterior dis-
tribution for each of the class probabilities. This effect was studied
in [6], where they demonstrated that the posterior probability of
belonging to the minority classes increases when under-sampling
increases according to the following formula:

ps =
p

p + β(1 − p)

where ps is the posterior probability of belonging to the minority
class after under-sampling, p is the true probability of belonging
to the probability class in the original dataset, and β is the prob-
ability of selecting a negative instance with under-sampling. You
can see in figure 4 the relationship between ps and p. As shown

Figure 4: Relationship between ps and p for different values
of β . The under-sampling effect is inversely proportional to
β .

in figure 4, a strong under-sampling of the dataset increases the
posterior probability ps of belonging to the minority class. This
observation may explain the obtained results. In all the models that
use under-sampling to balance the dataset, the under-sampling is
strong because the dataset is highly imbalanced. Therefore, the
warping effect is strong which is coherent with the high recall and
low precision of these models.

2.4.1 Analysis of feature importance. In our approach we only
used meta-data about cases as features, so we would like to know
what features the model learned as important. The selected model
can be seen as an ensemble of decision trees and therefore feature
importance could be computed by averaging the feature importance
of each tree [14]. Figure 3 is a plot of the importance of the 50
first important features. The first most important feature is the
year of the judgment of the candidate case. Figure 6 compares the
distribution of the difference between the base case year and the
candidate case year for the two classes on the training dataset.
We can see from the figure that for noticed candidate cases the
years’ difference are much smaller than for candidate cases which
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Figure 5: Feature importance of the 50 first important fea-
tures

are unnoticed, such that for a difference larger than 17 years the
candidate cases aren’t noticed. This behavior could be explained by
the fact that the law changes with time, and that the importance of
cases decreases with time such that a case impacts future cases in a
limited time frame.

3 CONCLUSION
We proposed an approach that models the Legal Case Retrieval
Task as a binary text classification task. We used features that were
only extracted from the header of the decision, and which do not
include any description of the case facts. The classification dataset
is highly imbalanced, so we used machine learning models that
leverage both under-sampling techniques and ensemble techniques
to deal with limitations of classical classification models when
applied to extremely imbalanced datasets. Our approach shows that
there is some correlation between meta-data features and whether
a candidate case is a noticed case. For example, the release year of
the candidate case is a strong indicator of whether it is a noticed
case. An explanation is that the generated pool of candidate cases
does not take into account the temporal relationship between the
base case and its noticed cases. A suggestion is to only include in
the pool candidate cases with a release year anterior to the base
case within a likely time frame, in order to encourage retrieval
models to rely more on feature related to the legal merit of the case.
Under-sampling techniques have a warping effect on the posterior
probabilitywhich results in a high recall. Therefore, under-sampling
methods might be interesting if the recall has more importance
than precision.

REFERENCES
[1] Courthouse Libraries BC. 2015. How Do I Find Case Law? https://wiki.clicklaw.

bc.ca/index.php?title=How_Do_I_Find_Case_Law?
[2] Trevor Bench-Capon, Michał Araszkiewicz, Kevin Ashley, Katie Atkinson, Floris

Bex, Filipe Borges, Daniele Bourcier, Paul Bourgine, Jack G Conrad, Enrico
Francesconi, et al. 2012. A history of AI and Law in 50 papers: 25 years of

Figure 6: Distribution of the difference between the year of
the base case and the year of the candidate case

the international conference on AI and Law. Artificial Intelligence and Law 20, 3
(2012), 215–319.

[3] Bruce G Buchanan and Thomas E Headrick. 1970. Some speculation about
artificial intelligence and legal reasoning. Stan. L. Rev. 23 (1970), 40.

[4] Nitesh V Chawla, Nathalie Japkowicz, and Aleksander Kotcz. 2004. Special issue
on learning from imbalanced data sets. ACM Sigkdd Explorations Newsletter 6, 1
(2004), 1–6.

[5] Tin Tin Cheng, Jeffrey Leonard Cua, Mark Davies Tan, Kenneth Gerard Yao, and
Rachel Edita Roxas. 2009. Information extraction from legal documents. In 2009
Eighth International Symposium on Natural Language Processing. IEEE, 157–162.

[6] Andrea Dal Pozzolo, Olivier Caelen, and Gianluca Bontempi. 2015. When is
undersampling effective in unbalanced classification tasks?. In Joint European

14

https://wiki.clicklaw.bc.ca/index.php?title=How_Do_I_Find_Case_Law?
https://wiki.clicklaw.bc.ca/index.php?title=How_Do_I_Find_Case_Law?


COLIEE 2019, June 21, 2019, Montreal, Quebec EL HAMDANI, et al.

Conference on Machine Learning and Knowledge Discovery in Databases. Springer,
200–215.

[7] Chris Drummond, Robert C Holte, et al. 2003. C4. 5, class imbalance, and cost
sensitivity: why under-sampling beats over-sampling. InWorkshop on learning
from imbalanced datasets II, Vol. 11. Citeseer, 1–8.

[8] Matías García-Constantino, Katie Atkinson, Danushka Bollegala, Karl Chapman,
Frans Coenen, Claire Roberts, and Katy Robson. 2017. CLIEL: context-based
information extraction from commercial law documents. In Proceedings of the
16th edition of the International Conference on Articial Intelligence and Law. ACM,
79–87.

[9] Carole D Hafner. 1987. Conceptual organization of case law knowledge bases. In
Proceedings of the 1st international conference on Artificial intelligence and law.
ACM, 35–42.

[10] Taghi M Khoshgoftaar, Moiz Golawala, and Jason Van Hulse. 2007. An empirical
study of learning from imbalanced data using random forest. In 19th IEEE Inter-
national Conference on Tools with Artificial Intelligence (ICTAI 2007), Vol. 2. IEEE,
310–317.

[11] Guillaume Lemaître, Fernando Nogueira, and Christos K. Aridas. 2017.
Imbalanced-learn: A Python Toolbox to Tackle the Curse of Imbalanced Datasets
in Machine Learning. Journal of Machine Learning Research 18, 17 (2017), 1–5.

http://jmlr.org/papers/v18/16-365.html
[12] LexisNexis. 2019. Legal Topics Feature. https://www.lexisnexis.com/help/global/

CA/en_CA/addtopicstips.asp
[13] Xu-Ying Liu, Jianxin Wu, and Zhi-Hua Zhou. 2009. Exploratory undersampling

for class-imbalance learning. IEEE Transactions on Systems, Man, and Cybernetics,
Part B (Cybernetics) 39, 2 (2009), 539–550.

[14] Gilles Louppe. 2014. Understanding random forests: From theory to practice.
arXiv preprint arXiv:1407.7502 (2014).

[15] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M.
Blondel, P. Prettenhofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, D. Cour-
napeau, M. Brucher, M. Perrot, and E. Duchesnay. 2011. Scikit-learn: Machine
Learning in Python. Journal of Machine Learning Research 12 (2011), 2825–2830.

[16] Edwina L Rissland and Jody J Daniels. 1995. A hybrid cbr-ir approach to legal
information retrieval. In Proceedings of the 5th international conference on Artificial
intelligence and law. ACM, 52–61.

[17] Elisabeth M Uijttenbroek, Arno R Lodder, Michel CA Klein, Gwen R Wildeboer,
Wouter Van Steenbergen, Rory LL Sie, Paul EMHuygen, and Frank Van Harmelen.
2008. Retrieval of case law to provide layman with information about liability:
Preliminary results of the best-project. In Computable models of the law. Springer,
291–311.

15

http://jmlr.org/papers/v18/16-365.html
https://www.lexisnexis.com/help/global/CA/en_CA/addtopicstips.asp
https://www.lexisnexis.com/help/global/CA/en_CA/addtopicstips.asp


Legal Information Retrieval with Generalized Language Models
ILPS Participation to COLIEE 2019

Julien Rossi
j.rossi@uva.nl

University of Amsterdam
Amsterdam, Netherlands

Evangelos Kanoulas
e.kanoulas@uva.nl

University of Amsterdam
Amsterdam, Netherlands

ABSTRACT
This paper describes a new method to identify text pairwise rele-
vance, in the context of the Case Law retrieval task from COLIEE
2019. This method combines text summarizing and a generalized
language model in order to assess pairwise relevance. With still
lots of possibilities for improvement and optimization, it achieves
a competitive performance in the setting of the Retrieval for the
Noticed Cases.
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1 INTRODUCTION
We focus on the Task 1 of the COLIEE 2019 competition: the Legal
Case Retrieval Task. In this task, a given court case is considered
as a query to retrieve supporting cases (also named ’noticed cases’)
for the query case. A noticed case supports the decision taken in
the query case, although the final decision itself is irrelevant in our
retrieval. What matters is the proximity of the legal themes that
are tackled by the query case and the noticed cases. Each query
case is given a collection of potential supporting cases (also named
’candidate cases’), these collections are provided labeled for the
training dataset, and unlabelled for the unknown test dataset.

We translate this retrieval task into a ranking problem, which
we formulate as a pairwise relevance classification problem, given
the binary labels "Noticed" or "Not noticed". We form a pairwise
semantic latent representation of the query case and the candidate
case, that we submit to a Multi-Layer Perceptron. The ranking of
documents is based on the score for the positive class. We study as
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well how to use these scores to produce the optimum search result
with regards to Precision, Recall and F1-Measure.

In very recent years, Generalized Language Models have pro-
vided State of the Art performances in many tasks related to Natural
Language Processing, by providing general pre-trained systems on
top of which practitioners could build classifiers for specific tasks.
This approach is the opposite of ad-hoc specific systems designed
for specific tasks.

The central problem is the projection of words and documents
into a latent vector space in which usual vector operations, such
as the cosine similarity, would mirror semantic proximity as ob-
served by a human reader. Word2Vec[9] could generate a fixed
representation per word, given a corpus, but it could not account
for the different context any word might be used in. Contextual
embeddings, such as CoVE[8] and ELMo[10] solved for that weak-
ness, and introduced a collection of task-specific models. While
ULMFit[5] was the first to introduce the idea of having two separate
training phases: namely a pre-training phase, where a Language
Model is being learnt, followed by a fine-tuning phase, where a
system built on top of the feature generation is trained on a task.
OpenAI GPT[11] continued that idea based on the concepts behind
Transformers[14] for feature generation, and unsupervised pre-
training[3] as a pre-training phase. BERT[4] added a bidirectional
context for word features, while adhering to the two-step principle
of pre-training and fine-tuning. Even more recently, OpenAI GPT
2[12] and MT-DNN[7] continued to improve on most of the NLP
tasks.

In this paper, we formulate our pairwise relevance task as a
downstream task for which a pre-trained BERT system is getting
fine-tuned.

2 METHODOLOGY
2.1 Text Preprocessing
We consider the corpus as the complete collection of query cases,
and unique candidate cases from the training dataset, with an esti-
mated size of around 10000 unique documents, a total of 26 million
tokens from a vocabulary of 370000 unique terms.

BERT uses WordPiece[15] tokens as inputs. Existing pre-trained
BERT models accept inputs up to 512 WordPiece tokens. By design,
WordPiece will subdivide each token into multiple tokens, we con-
sider in our preparation that this will double the number of tokens
observed under a standard Punkt[6] tokenizer as implemented in
NLTK[2]. Our observation of the training dataset, in Figure 1, shows
that we have to consider that all documents will be longer than 512
tokens, even by a factor of up to 2 0.

For this reason, we introduce a summarization of the texts in
the corpus, as implemented in gensim[13] using TextRank[1]. We
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Figure 1: Distribution of the number of tokens per docu-
ment.

choose to limit the size of the summary to 180 words, so a concate-
nated pair of texts will not be longer than 512 WordPiece tokens.

2.2 Documents Pairwise Embeddings
We instantiate a pre-trained BERT model (namely "Bert Base Un-
cased"), and use the hidden state of the ’CLS’ token as the pairwise
embedding for a pair of summarized query case and candidate case.

In this paper, we did not pre-train any further the BERT model
with specific legal texts.

2.3 Relevance Assessment
We translate our pairwise relevance classification problem to the
BERT fine-tuning for a downstream task of pairwise binary clas-
sification, by adding a Multi-Layer Perceptron that receives the
pairwise embedding, and performs a binary classification.

We observe the distribution of the positive class over the dataset,
we see that each query case has on average 4.8 noticed cases, and
90% of query cases have less than 10 noticed cases. The positive class
is here the minority class, we balance the dataset by oversampling
the positive class until a equal ratio is obtained for both classes.

We opted for a Mean Squared Error loss, and fine-tuned our
model for 10 epochs. On our platform with one nVidia Tesla P40,
with 24GB onboard RAM, the fine-tuning took 8 hours. For the
binary classification task, we obtain an evaluation accuracy (on
cases unseen during training) of 0.98, although we rely on the
confusion matrix to assess the performance of the model, having in
perspective that we will use the pairwise score for ranking purpose.

3 EXPERIMENTAL SETUP
The provided labeled dataset is split 75%/25% between training data
and evaluation data. The dataset is split according to the cases,
so that the cases in the evaluation dataset are not in the training
dataset, so that it reflects properly the capacity of the system to
generalize to unseen data. To be noted that, due to the setting of
the task, both the case and the collection of candidates are unseen
data1.

After the fine-tuning step is finalized, the trained model com-
putes the pairwise relevance score for each pair of query case and
candidate case in the evaluation dataset, the score for the positive
class is used to rank the candidate cases of each query case.

We proceed then to study the scores distribution, and evaluate
optimum parameters for the selection of the candidate cases the
system will return in response to the query case.

We observe the distribution of pairwise scores, with regards to
the true class, in Figures 2 and 3. The distribution of the scores
of the negative class is satisfactorily limited to the left, and we
observe that the distribution of scores for the positive class has a
more widespread mass. We expect this to have a negative impact
on the recall of our system.

Figure 2: Distribution of Pairwise Relevance Score, for the
Evaluation dataset. Negative class is highlighted

We consider two policies for building a list of returned candidate
cases:

• Rank based: we will choose to return only the Top-N results,
N being determined empirically from the observations made
on the hold-out evaluation dataset

• Score based: we will choose to return all results with a score
higher than a threshold value, determined empirically from
the observations on the hold-out evaluation dataset

1although not all candidate cases are unique to only one query case, but we expect the
statement to hold overall
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Figure 3: Distribution of Pairwise Relevance Score, for the
Evaluation dataset. Positive class is highlighted

We opted for a Score-Based parameter for the BERT system,
while our baseline is BM25 with a Rank-Based parameter. These
parameters were usedwhen predicting for the unseen and unlabeled
test dataset. For BERT, we retained a value that was maximizing
F1-score, and another value that was maximizing Precision.

4 RESULTS AND ANALYSIS
Our results are given in Table 1.

System Evaluation Dataset Test Dataset
Name Cut P R F1 P R F1
BM25 6 0.47 0.55 0.51 0.47 0.52 0.49
BERT F1 0.946 0.72 0.47 0.57 0.68 0.43 0.53
BERT P 0.96 0.82 0.38 0.52 0.82 0.34 0.48

Table 1: Precision, Recall and F1-score.

The performance for the test set is the submitted result for the
competition.

We observe that, for the selected metrics, the results on the
unknown data (test dataset), based on parameters devised on a small
portion of labeled data (evaluation dataset), are in line with the
results on the evaluation dataset, which indicates a good capacity
to generalize for our system.

As expected from the pairwise relevance score distribution, recall
is negatively impacted by the widespread distribution of scores for
the positive class, while precision suffers from the small proportion
of pairs with a high score belonging to the negative class. The recall
for both BERT systems is also lower than the BM25 baseline.

We consider the limitations of reducing a ranking problem to
a pairwise relevance classification problem. The system learns to

have a score on the right side of the decision threshold (0.5 in
the binary classification setting), instead of learning that the score
of any sample from the negative class should be lower than the
score of any sample from the positive class. While this limitation is
addressed by systems from the Learning to Rank family, this paper
did not use the associated techniques.

We analyze further the submitted results, based on the disclosed
golden labels. The unlabeled test dataset had, on average, 5.4 noticed
cases per query case, which is slightly higher than 4.8 as observed
for the labeled training dataset. We also plot the distribution of
scores with regards to the True class in Figures 4 and 5, which we
find almost identical to the distribution observed for the evaluation
dataset. We conclude to the proper generalization of our system.

Figure 4: Distribution of Pairwise Relevance Score, for the
Test dataset. Negative class is highlighted

5 CONCLUSION
We have demonstrated in this paper the ability of Generalized Lan-
guage Models to perform properly, out of the box, in this particular
setting of legal information retrieval. We did not establish a new
State of the Art for this task, but we assume there are multiple
opportunities for refinement and improvements.

We introduced the usage of summarization in order to keep the
size of the input within the bounds imposed by BERT. We intro-
duced the usage of BERT for the production of pairwise embeddings
that are meaningful for a downstream task of relevance classifica-
tion. Our policy for tuning the returned list of results have been
introduced and has shown consistent results across two distinct
datasets.

In our future work, we will certainly focus on refining and im-
proving on the underlying BERTmodel, diversifying to other Gener-
alized Language Models, as well as introducing advanced methods
of ranking and training, such as Learning to Rank.
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Figure 5: Distribution of Pairwise Relevance Score, for the
Test dataset. Positive class is highlighted
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ABSTRACT
The worldwide Legal professionals are currently trying to get up-
to-pace with the explosive growth in legal document availability
through digital means. This drives a need for high-efficiency Legal
Information Retrieval (IR) and Question Answering (QA) methods.
The IR task, in particular, has a set of unique challenges that invite
the use of semantic motivated NLP techniques. In this work, we
propose a simple straight forward keyword-based method using
algorithms like BM25, DLH13, LGD, Hiemstra_LM, TF_IDF and,
DFRee for Legal Information Retrieval. The TF_IDF & LGD based
model for Legal Information Retrieval was able to achieve the accu-
racy of 0.5334. For Recognizing Entailment, we proposed an end to
end machine learning methods like Fasttext, CNN and, LSTM. The
LSTM based model for Entailment Recognizing was able to achieve
the accuracy of 0.6122.
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• Information systems → Relevance assessment; Retrieval
efficiency.
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1 INTRODUCTION
The ability to answer questions is a long-sought goal in the field of
Natural Language Processing (NLP). Legal questions, in particular,
pose a big challenge to current NLP techniques, due to their often
complex syntactical structure and domain dependent terminology.
As we experience explosive growth in legal document availabil-
ity through digital means, the need for higher efficiency Legal
Information Retrieval (LIR) and Question Answering (QA) methods
becomes critical for the practice of the legal profession. The current
increase in information analysis capabilities is not keeping up with
such intense growth, leading to under-utilization of available legal
resources and to the potential for information quality issues. This
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also brings up the matter of professional ethics and liability on law
practice, due to the fundamental importance of relevant and correct
information in legal practice.

Legal Information Retrieval (LIR) has always been a research
topic within Artificial Intelligence & Law (’AI & Law’): in ’A History
of AI & Law in 50 papers’ [3] seven of those 50 papers have a relation
to LIR. For the legal user though much research seems to be only
remotely relevant for solving their daily problems in information
seeking. The underrepresentation of legal practitioners within the
AI & Law community might offer an explanation: "A lawyer has
always the huge text body and his degree of mastery of a special
topic in mind. For a computer scientist, a high-level formalization
with many ways of using and reformulating it is the aim." [18]

Meanwhile, due to the advancements of the information era and
the Open Data movement, the number of legal documents published
online is growing exponentially, but accessibility and searchability
have not kept pace with this growth rate. Poorly written or rela-
tively unimportant court decisions are available at the click of the
mouse, exposing the comforting myth that all results with the same
juristic status are equal. An overload of information (particularly
if of low-quality) carries the risk of undermining knowledge ac-
quisition possibilities and even access to justice. Not surprisingly,
LIR has been approached within AI & Law primarily with a focus
on the conceptualization of legal information, while for daily legal
work that might not always be the most effective approach.

A basic step into answering a legal question is retrieving the
relevant legal information. For example, laws, facts and previous
verdicts, and following their contents in order to decide their appli-
cability to the given question. On a research point of view, it is a
challenging problem considering laws are written with abstraction
in mind, to cover most possible scenarios of any predicted situation.
A semantically motivated NLP framework is then needed to allow
abstraction and realization of the written law. With this understand-
ing, approaches for both abstraction [2] and realization [4] have
been proposed, with Machine Learning (ML) techniques taking an
increasingly important role in language analysis [5, 8]. ML-based
distributional semantics approaches have recently shown promising
results in general domain IR [7, 16, 24]. However, they still perform
poorly in the legal domain, due to the difficulty of training under
datasets of relatively small size and a wide variety of topics with
different vocabulary and semantics. For this reason, an approach
combining lexical statistics and distributional semantics would be
appropriate to leverage both accuracies in literal matching and
the possibility of limited abstraction in the form of word/sentence
embeddings. However, exploration of such combination has been
limited, to the best knowledge of the authors.
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With the above understanding, we participated in COLIEE 2019
- Statute Law Competition. In particular, task 3 was regarding Legal
Information Retrieval. The aim here is retrieving articles to decide
on the appropriateness of the legal question. For this, the training
and test data of the legal questions were collected from the Japanese
bar exam by the organizing committee. All the questions and the
Japanese civil law articles (1056 articles in total) were provided in
two languages, Japanese and English. The English version of the
law articles and questions was provided by the organizers. The aim
of the task was to submit relevant articles for the questions using
Japanese or English data. The maximum of three runs could be
submitted.

On the other hand, task 4 was about Recognizing Entailment.
Here, task 4 is to determine entailment relationships between a
given problem sentence and an article sentence. The submitted
answer should be yes or no regarding the given problem sentence.
The same dataset as task 3 was provided with the 716 questions
and labels for training.

In this work, we propose a simple straight forward key-word
based method using algorithms like BM25, DLH13, LGD, Hiem-
stra_LM, TF_IDF and, DFRee for Legal Information Retrieval aimed
at Question Answering. For Recognizing Entailment, we proposed
an end to end machine learning methods like Fasttext, CNN and,
LSTM. Here, for obtaining sentence representations, we used word
embeddings.

The remainder of this paper is organized as follows: Section 2
presents related works and relevant results; Section 3 details the
Legal Information Retrieval problem with system modeling and
evaluation; Section 4 details the Recognizing Entailment problem
with system modeling and evaluation; Section 5 presents the results
and some discussion about the findings; Finally, Section 6 offers
some concluding remarks.

2 RELATEDWORK
Recent developments in Legal Information Retrieval (LIR) and Legal
Question Answering (LQA) include the work of authors Liu, Chen
and Ho [12], which presented a method called three-phase predic-
tion (TPP) for retrieval of relevant statutes in Taiwanese criminal
law, given queries presented in non-legal language. It employed a
hierarchical ranking approach for law corpora, combining several
Information Retrieval techniques, as well as Machine Learning and
feature selection.

The use of distributional semantic representation into LQA has
an interesting case in the work of Kim et. al. [11], in which an SVM-
based ranking method using training features such as lemmatized
words intersection, dependency pairs, and TF-IDF is used for LIR,
while Recognition of Textual Entailment (RTE) was performed by a
binary SVM classifier, trained on a set of features including semantic
similarity calculated from word2vec [14] embeddings. This method
won the combined LQA (LIR + RTE) COLIEE competition in 2016.
The best-performing system for COLIEE 2018 used a tag cloud
algorithm to select appropriate keywords to construct the query
and the Terrier IR platform to retrieve the final results.

In the case of Entailment, all the previous method uses the sen-
tences linguistically approach like calculating the similarity be-
tween predicates or defining the rules for condition, conclusion

and, exception. Although, in COLIEE 2018, there was an attempt of
using the combined deep neural network with additional features,
and word2vec to retrieve the corresponding civil law articles which
resulted as the last place with an accuracy of 0.4783.

Using the similar approach proposed in COLIEE 2018, the pro-
posed system for task 3 is discussed in the next section.

3 STATUTE LAW RETRIEVAL TASK 3:
DATASET, SYSTEM MODELING AND
EVALUATION

This section is divided into three subsections namely, 1) Dataset
and Processing, 2) System Modeling and, 3) Evaluation.

3.1 Dataset and Processing
For this task, questions related to Japanese civil law were selected
from the Japanese bar exam. In a total of 716 questions as training
and 98 questions as test data were provided. Apart from this, civil
law with 1056 articles was provided. Using this civil law database,
we created 4 corpora for indexing. Description for the same can be
found as below:

(1) Corpus 1 - Original Civil Law Database
(2) Corpus 2 - Keyword Based Civil Law Database
(3) Corpus 3 - Summary Based Civil Law Database
(4) Corpus 4 - Extended Civil Law Database
For the retrieval purpose, using 716 questions, we created 4

different version of query-set. Description for the same can be
found as below:

(1) Query 1 - Original 716 Questions
(2) Query 2 - Keyword Based 716 Questions
(3) Query 3 - Summary Based 716 questions
(4) Query 4 - Extended 716 questions
For batchevaluate, the qrels file was created which contained

914 entries.

3.2 System Modeling
For the system modeling, we used Terrier [15] platform and the
algorithms like BM25, DLH13, LGD, Hiemstra_LM, TF_IDF and,
DFRee with different weight. Terrier’s indexing and retrieval archi-
tecture [15] could be found in the Figure 1 and 2 respectively.

The evaluation of different Corpus and Query discussed above
(in Subsection 3.1) is shown next.

3.3 Evaluation
The Table 1, 2, 3 and, 4 show the accuracy over the training data.
Among the table entries, EVORA1, EVORA2 and, EVORA3 repre-
sents the submitted runs. Mainly, the evaluations are done on the
Corpus 1 - Original Civil Law Database and Corpus 2 - Keyword
Based Civil LawDatabase with the Query 1 - Original 716 Questions
and Query 2 - Keyword Based 716 Questions. Due to lack of time
(late registration), we were not able to perform any experiments
with Corpus 4 - Extended Civil Law Database and Query 4 - Ex-
tended 716 questions. In the case of the summary based Corpus
and Query, the results were worst than Table 1. Here, the summa-
rization and keyword extraction was done using LINGUAKIT [6]
tool.
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Figure 1: Indexing Architecture.

Figure 2: Retrieval Architecture.

Algorithm Accuracy
BM25 0.5800
DLH13 0.5826
LGD 0.5815
Hiemstra_LM 0.5827
TF_IDF 0.5748
DFRee 0.5749

Table 1: Corpus 1 - Query 1.

Algorithm Accuracy
BM25 0.5826
DLH13 0.5886
LGD 0.5865
Hiemstra_LM 0.5866
TF_IDF 0.5863
DFRee 0.5803

Table 2: Corpus 1 - Query 2.

Algorithm Accuracy
BM25 0.5611
DLH13 0.5743
LGD 0.5727
Hiemstra_LM (EVORA3) 0.5739
TF_IDF 0.5626
DFRee 0.5658

Table 3: Corpus 2 - Query 1.

Algorithm Accuracy
BM25 0.5905
DLH13 0.5887
LGD (EVORA2) 0.5990
Hiemstra_LM 0.5894
TF_IDF (EVORA1) 0.5887
DFRee 0.5918
Table 4: Corpus 2 - Query 2.

4 ENTAILMENT TASK 4: DATASET, SYSTEM
MODELING AND EVALUATION

Even though less success of Deep Neural Network (DNN) in the
Entailment task, we proposed DNN with Fasttext, CNN and, LSTM.
Table 5 details the experimental properties. For the experiment,
Tensorflow [1] was used.

Parameter Value
MAX_SEQUENCE_LENGTH 400
MAX_NUM_WORDS 2000
EMBEDDING VECTOR GLOVE [17]
EMBEDDING_DIM 300
VALIDATION_SPLIT 0.2

Table 5: Experimental Property.

Again, this section is divided into subsections namely, 1) Dataset
and Processing, 2) Fasttext/CNN/LSTM Modeling and, 3) Evalua-
tion.

4.1 Dataset and Processing
For this task, questions related to the civil law short answer (mul-
tiple choice) were derived from the Japanese legal bar exam. In
a total of 716 questions as training and 98 questions as test data
were provided. With this small training dataset (of only 716 ques-
tion), an end to end deep neural network training was not possible.
Therefore, to increase the size of the training dataset, we used the
summation of below dataset entries.

(1) Dataset 1 - Questions - Answers
(2) Dataset 2 - Questions - Keyword Based Answers
(3) Dataset 3 - Keyword Based Questions - Answers
(4) Dataset 4 - Keyword Based Questions and Answers
Thus, resulting into 2864 entries of question and answers.
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4.2 Fasttext Model
According to Joulin et. al. [10], a simple and efficient baseline for
sentence classification is to represent sentences as a bag of words
(BoW) and train a linear classifier, e.g., logistic regression or an
SVM [20, 22]. However, linear classifiers do not share parameters
among features and classes. For each example, y is a scalar that
takes binary values (ŷ ∈ [0, 1]), while x is a vector of length N
(where N is the number of features). Here, the output is a linear
combination of the input features (i.e. a weighted sum of these
features plus the biases).

ŷ =
(∑N

i (wi · xi ) + b
)

or (w · x + b)

where x and w are vectors of length N and the product x · w
produces a scalar. As can be seen, a separate weight wi for each
input feature xi is considered and these weights are independent
by all means. This shows that there is no parameter sharing among
features for linear classifiers. This possibly limits their generaliza-
tion in the context of large output space where some classes have
very few examples. Common solutions to this problem are to fac-
torize the linear classifier into low-rank matrices [9, 13] or to use
multilayer neural networks [19, 23]

Figure 3 shows a simple linear model with rank constraint archi-
tecture which was used for Entailment text classification (with the
help of FastText).

Figure 3: Model architecture of FastText for a sentence with
N ngram features x1, . . . , xN .

An Architecture similar to the cbow model of Mikolov et. al. [13],
where the middle word is replaced by a label, here, the first weight
matrix is taken as a look-up table over the words and then the word
representations are averaged into a text representation, which is
in turn fed to a linear classifier. The softmax function was used to
compute the probability distribution over the predefined classes.
For a set of N documents, this leads to minimizing the negative
loglikelihood over the classes

− 1
N

∑N
n=1 ynloд(f (BAxn ))

where xn is the normalized bag of features of the nth document,
yn the label, A and B the weight matrices. This model has trained
asynchronously onmultiple CPUs using stochastic gradient descent
and a linearly decaying learning rate.

The parameters of training were sentences as an input(or N ),
learning rate of 1.0, hidden value of 50(or h), 25 epochs and hs loss
function. With this, the system was able to learn 99.98% on a train
set.

4.3 CNN Model
Convolutional Neural Network was initially developed for image
processing community. Here, CNN achieved break-through results
in recognizing an object from a pre-defined category (e.g., cat, bicy-
cle, etc.). In the case of NLP tasks, i.e., when applied to text instead of
images, we have a 1-dimensional array representing the text. Here
the architecture of the ConvNets is changed to 1D convolutional-
and-pooling operations.

1-D Convolutions over text - Given a sequence of wordsw1:n =
w1, ...,wn , where each is associated with an embedding vector of
dimension d . A 1D convolution of width-k is the result of moving
a sliding-window of size k over the sentence, and applying the
same convolution filter or kernel to each window in the sequence,
i.e., a dot-product between the concatenation of the embedding
vectors in a given window and a weight vector u, which is then
often followed by a non-linear activation function д. Figure 4 shows
the architecture of the proposed model.

Figure 4: Proposed CNN Architecture.

4.4 LSTM Model
LSTM is used as Recurrent Neural Networks (RNN). The RNNs
has a kind of internal dimension, that will be the dimension of hi
vectors. This dimension is constant over time. After one fed all
inputs xi into the RNN, the last output, ht , is supposed to carry
information about the whole sentence. This is theoretically true,
but it shows weakness for long sequences. That’s what LSTMs tries
to solve. Here, we used a single layer of LSTM and Figure 5 shows
the architecture of the proposed model.

4.5 Evaluation
All the threemodels are assessed over dataset mention in the Subsec-
tion 4.1. The Table 6, 7 and, 8 show the accuracy over the test gold
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Figure 5: Proposed LSTM Architecture.

data. Among the table entries, EVORA1, EVORA2 and, EVORA3
represents the submitted runs. In the evaluation tables, the "Poll"
refers to the polling result over all the dataset runs (which were
submitted official dry run).

Dataset Correct Accuracy
Dataset 1 57 0.5816
Dataset 2 51 0.5204
Dataset 3 54 0.5510
Dataset 4 50 0.5102
Poll (EVORA1) 50 0.5102

Table 6: Fasttext - Evaluation.

Dataset Correct Accuracy
Dataset 1 43 0.4388
Dataset 2 54 0.5510
Dataset 3 42 0.4286
Dataset 4 52 0.5306
Poll (EVORA3) 44 0.4490

Table 7: CNN - Evaluation.

Dataset Correct Accuracy
Dataset 1 42 0.4286
Dataset 2 43 0.4388
Dataset 3 45 0.4592
Dataset 4 60 0.6122
Poll (EVORA2) 47 0.4796

Table 8: LSTM - Evaluation.

5 RESULT AND DISCUSSION
For the Statute Law Retrieval, a total of 13 runs was submitted. Table
9 shows the overall performance of the proposed runs. For R5, R10
and, R30 proposed system outperformed all the submitted system.

Run F2 MAP R5 R10 R30 Rank
1 0.5334 0.6275 0.6694 0.7438 0.8512 3
2 0.5334 0.6170 0.6529 0.7438 0.8347 4
3 0.5289 0.6243 0.6529 0.7521 0.8347 5

Table 9: Statute Law Retrieval - Ranking.

From Table 9 it is observed that systems were able to achieve high
MAP value.

For the Entailment Recognition, a total of 15 runs were submit-
ted and Table 10 shows the overall performance of the proposed
runs. Even though the submitted runs didn’t perform well on the
leaderboard, LSTM based approach was able to get an accuracy of
0.6122 (securing 3rd rank off-the-chart). This LSTM result was not
submitted to the official dry run.

For task 4, we submitted the polling results over each dataset of
all the mentioned (Deep Neural Network) methods (like Fasttext,
CNN and LSTM). That is the reason our submitted runs were not
able to perform better compared to individual run for each dataset.

Run Correct Accuracy Rank
1 50 0.5102 12
2 44 0.4490 15
3 47 0.4796 14
Table 10: Entailment - Ranking.

6 CONCLUSION
Relevance, the basic notion of information retrieval "Is a thoroughly
human notion and like all human notions, it is somewhat messy."
As upheld in this paper [21], ’relevance’ within legal information
retrieval deserves specific attention and due to rapidly growing
repositories. Because most LIR systems are designed by retrieval
specialists without comprehensive domain knowledge, sometimes
assisted by domain specialists with too little knowledge of retrieval
technology, users are often disappointed by their relevance perfor-
mance.

Two main conclusions can be highlighted. First, that keyword-
based Information Retrieval still holds the upper hand compared to
traditional/plain IR. Secondly, with the LSTM based experiments,
we can strongly state that Entailment Recognition can be done
using end to end deep neural network.

As a future scope to our work, for Information Retrieval, corpus
expansion (i.e. solving internal reference) and query expansion can
still deliver better results. On another side, with proper tuning of
hyperparameter, end to end deep neural network can out-perform
all the state of art methods.
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ABSTRACT
Deep learning based approaches achieved significant advances in
various Natural Language Processing (NLP) tasks. However, such
approaches have not yet been evaluated in the legal domain com-
pared to other domains such as news articles and colloquial texts.
Since creating annotated data in the legal domain is expensive,
applying deep learning models to the domain has been challeng-
ing. A fine-tuning approach can alleviate the situation; it allows a
model trained with a large out-domain data set to be retrained on a
smaller in-domain data set. A fine-tunable language model “BERT
(Bidirectional Encoder Representation from Transformers)” [5] was
proposed and achieved state-of-the-art in various NLP tasks. In
this paper, we explored the fine-tuning based approach in the le-
gal textual entailment task using the COLIEE task 2 data set. The
experimental results show that the fine-tuning improves the task
performance, achieving F1 = 0.50 with COLIEE task 2 dry run data
(Our group ID: TTCL).

CCS CONCEPTS
• Information systems → Decision support systems; Data
mining; Information retrieval; Specialized information retrieval; •
Applied computing → Law.

KEYWORDS
textual entailment, legal information processing, natural language
processing, neural networks, deep learning, text classification, case
law, AI and law
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1 INTRODUCTION
COLIEE (Competition on Legal Information Extraction/Entailment)
has been the most ambitious competitions in the area of statue law
documents for years, and now it has the competition on the case law
legal entailment task. The textual entailment in the legal domain is
expected to be considerably more complex and challenging than
other domains such as news texts and documents that are written
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 2019, June 21, 2019, Montreal, Quebec
© 2019 Copyright held by the owner/author(s).

in daily languages. The first case law legal textual entailment task
in COLIEE’18 achieved at 0.26 in F1 measure [7]. The report of the
best performing team in COLIEE’18 [14] concluded that the legal
textual entailment task requires both deeper understanding of the
problem and better embedding strategy of input sentences. The first
point requires introducing domain-specific knowledge into models.
The better understanding of the task domain enables to implement
the better systems that utilized domain-specific characteristics such
as, careful feature engineering, a citation network between cases,
injecting external knowledge and building dedicated dictionaries.
However, we leave this point for future research and devote this
paper to the latter point – exploring the better way of embedding
and encoding sentences in the legal domain.

The strategy of embedding and encoding sentences is a crucial
part in neural network-basedNLP.Word embedding like CBOW[10]
and GloVe [13] has been a standard way to construct a vector rep-
resentation of target input text for various classifiers in various
NLP tasks. However, simple embedding is not sufficient for the
legal entailment task to handle longer context and deeper seman-
tics. We have to find a better way to encode entire sentences or
paragraphs and to implement a classifier using the encoded fea-
tures. One possible solution is a deep neural network-based model
that can handle information beyond the word level, i.e., context.
A bottleneck of this approach is that the model requires a large
number of training instances. We can design a large model with
many parameters that can handle deeper and longer context but
it requires many instances to train the model properly, and it is
hard to prepare large training data. The legal textual entailment is
such a specialized task that annotator should have a certain level
of legal knowledge to create stable and reliable training data. It
makes building training data expensive. There are several solutions
to the problem. Fine-tuning is one of the promising approaches.
The fine-tuning retrains a model which is already trained with an
out-domain data set with an in-domain data set. In COLIEE task 2,
we can train a model with some large corpora (e.g., Wikipedia or
Book corpus) in the first stage and later retrain it with the COLIEE
task 2 data set. We can make the large model adapt to the smaller
target data set by fine-tuning.

There have been several language models that are designed for
a fine-tuning approach such as OpenAI GPT [15] and BERT [5]
achieving state-of-the-art records in various kinds of NLP tasks
including textual entailment. Our research question is to explore
the effectiveness of fine-tuning in the legal textual entailment task
and to identify its limitation.
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Table 1: Basic statistics on training data

sentences words
Avg. length of entailing paragraphs 3.8 104.1
Avg. length of entailed fragments 1.4 41.0

2 TASK AND DATA DESCRIPTION
We tackle COLIEE task 2, which is a legal textual entailment task in
the Canadian case law system. Given a decision document Q (Base
case) with an entailed fragment F and a relevant case document R
(Noticed case) that includes n paragraphs as candidates (PR (n)), a
machine should identify paragraphs which entails Q (specifically
F ) from PR . The number of entailing paragraphs is variable. We
explain the task with an example in Figure 1 (Markers “ENTAILED
FRAGMENT” and “ENTAILING PARAGRAPH” are added by au-
thor). The entailed fragment is Paragraph [28] of Base case 9, and
the entailing paragraph was Paragraph [11] of Noticed case. This
example has only one entailing paragraph.

The data source for the task is a collection of predominately
Federal Court of Canada case law. In the provided corpus, there
are the base case documents (Q), the entailed fragment (F ), the
paragraphs of noticed case documents (PR (n)), and the paragraph
IDs of the entailing paragraphs (answers) for the training data set.
There is no entry for entailing paragraph IDs in the testing data set.
Some parts of the base case documents are edited by the COLIEE
organizer to replace some phraseswith “FRAGNEBT_SUPPRESSED”
to remove the obvious clues to resolve entailment. [11]

Table 1 shows the statistics of the data set. The average length
of the entailed fragment was 104.1 in words and the average length
of the entailing paragraph was 41.0 in words. Those numbers are
calculated with the NLTK library [8]. The average number of the
entailing paragraphs is 1.1 per case. Each entailing paragraph con-
tains multiple sentences. The entailed fragments also can include
multiple sentences though there is only one sentence in the ex-
ample. As a model has to consider a broader context in this task,
the problem is more difficult than conventional entailment tasks
between sentences.

3 IMPLEMENTATION
We implemented baseline models with Support Vector Machine [4]
and BERT-based models for COLIEE task 2. The provided base case
documents include several editorial markers denoted by brackets,
such as “[translation]”, “[Emphasis added]”, “[citations omitted]”,
“[my emphasis]”, and “[End of document]”. We removed those mark-
ers in the prepossessing stage.

3.1 Baseline models
Our baseline model is an SVM based implementation. The model
takes the vector representations of both entailed fragment and
target paragraphwith auxiliary feature vectors and outputs a binary
decision whether the pair has an entailing relationship. There are
many ways of encoding sentences and paragraphs, and we prepared
three ways of encoding with pre-trained embeddings and encoders
— Skip-gram word2vec (W2V) [10], Neural Probabilistic Language

Base case (train-9)
...
This is an application for judicial review filed under subsection 72(1) of
the Immigration and Refugee Protection Act, S.C. 2001, c. 27 (Act), against
a decision by the Immigration Program Manager, Brian Ralph Hudson
(Manager), of the Canadian Embassy in Beijing (embassy), People’s Re-
public of China, dated November 18, 2004, denying the visa application
of Yu Mei Zhang (applicant).
...
[27] In Mirzaii v. Canada (Minister of Citizenship and Immigration) ,
[2003] F.T.R. Uned. 100; 2003 FCT 213, Heneghan, J., states at paragraph
8 that a decision to issue a visa is a discretionary administrative decision
and that it is therefore completely normal to rely on information gathered
by an assistant. “In deciding whether to issue a visa, the Visa Officer is
making an administrative decision involving the exercise of discretion.
He was entitled to rely on information gathered by an assistant see Silion
v. Canada (Minister of Citizenship and Immigration (1999), 173 F.T.R.
302. There is no evidence that Ms. Taheri did anything more than obtain
information from the Applicant. The actual decision was made by the
Visa Officer who was justified in relying on the facts obtained in the
interview and recorded by Ms. Taheri in the CAIPS notes.”
[28] in matters of administrative decisions, the rule of “he who
hears must decide” does not apply. (ENTAILED FRAGMENT)
[29] I believe that the case law is clear on the fact that the manager need
not personally conduct the interviews and the research. In conclusion, I
do not think that in this case there was a violation of the principles of
natural justice or of procedural fairness.
[30] THE COURT ORDERS THAT:
1. The application for judicial review be dismissed;
2. No question was submitted for certification.
Application dismissed.

Paragraphs from noticed case (14 paragraphs)
...
[10] This case concerns a decision to refuse a visa. The decision was
clearly made by the visa officer, as he avers in his affidavit. This is
supported by the affidavit of the IPO and further by the applicant’s own
affidavit which acknowledges that when she was advised of the decision
to refuse her application she was told that the immigration officer made
the decision, not the IPO.
[11] The decision is essentially an administrative one, made in
the exercise of discretion by the visa officer. There is no require-
ment in the circumstances of this or any other case that he per-
sonally interview a visa applicant. There may be circumstances
where failure to do so could constitute unfairness, but I am not
persuaded that is the case here. Here the IPO did interview the
applicant and reported on the results of that interview. That re-
port was considered by the visa officer who made the decision.
Staff processing and reporting on applications is a normal part of
many administrative processes and it is not surprising itwas here
that followed. This is not a circumstance of a judicial or quasi-
judicial decision by the visa officer which would attract the prin-
ciple that he who hears must decide, or the reverse that he who
decides must hear the applicant. (ENTAILING PARAGRAPH)
...

Figure 1: COLIEE Task2 query-answer sample
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Model (NLM) [1], Universal Sentence Encoder(USE) [2]. Those pre-
trained models are available online via Tensorflow hub1.

W2V is a standard embedding method widely used in NLP tasks.
The model is trained on the EnglishWikipedia corpus [9]. We tested
two different models that have different vector sizes (250 and 500
dimensions). NLM is another token-based embedding technology
which is built on a feedforward neural network language model.
We used a model pre-trained on the English Google News corpus.
We created a sentence embedding vector by normalizing weighted
sum of the word embedding vectors. A sentence is represented by
a 128-dimensional vector.

USE is designed to encode a sequence of more than one word.
USE encodes a text into vector representations that can be used for
various tasks including the text classification. We use the model
to get the paragraph vectors of both entailed fragment and target
paragraph. The pre-trained encoder models are available in two
implementations from Tensorflow Hub. One is trained with a trans-
former encoder [16] and the other is trained with a deep averaging
network [6] encoder. Both output a 512-dimensional vector.

As auxiliary features, we used the cosine similarity of the en-
tailed fragment vector and the target paragraph vector, the relative
position of the entailed fragment and the relative position of the
target paragraph. Both relative positions are calculated as the po-
sition of the paragraph in the base case/noticed case documents
divided by the total number of paragraphs in the documents.

We used the libsvm [3] based implementation provided by the
scikit-learn machine learning library [12] for SVM.

3.2 BERT models
Our research question is whether language models trained with
large corpora in general domains can be adapted to the legal text
entailment task by the fine-tuning technique. We employ BERT in
the present work. Several pre-trained models of BERT are available
online2 and they are trained on Wikipedia corpus and the Book-
Corpus [17]. Four pre-trained models are available with two kinds
of options: two sizes (BERT-Base and BERT-Large) and two char-
acter casing options (Uncased and Cased). The Base models have
12 transformer blocks, hidden layers size of 768, 12 self-attention
heads and 110M parameters while the Large models have 24 trans-
former blocks, hidden layers size of 1024, 16 self-attention heads,
340M parameters. The casing option means whether the text has
been lowercased (uncased) or not. We use the uncased BERT-Base
model in our fine-tuning experiments. The model which we used is
a multi-layer Transformer encoder based architecture with approx-
imately 110M parameters, which is similar to other Transformer
based models like OpenAI GPT but employs the bidirectional self-
attention.

BERT is capable of handling different language tasks such as sen-
tence pair classification tasks, single sentence classification tasks,
question answering tasks, and single sentence tagging tasks [5].
The COLIEE task 2 can be similar to a sentence pair classification
task if we regard the entailed fragment and target paragraphs as
“sentences”. However, such straight-forward formalization is not

1https://tfhub.dev/
2https://github.com/google-research/bert
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Figure 2: Visualized sentence pair preparation

appropriate since the pre-trained BERT model was trained for se-
quences up to 512 words. It means there are cases that we have to
squeeze the fragments and paragraphs to that size, i.e. 512 words.
According to our analysis, there are 54 cases that exceed 512 words.
Instead of cutting the fragments and paragraphs, we break them
into sentences and formalize the task as a simple sentence pairs task.
In this new formalization, we firstly split fragments and paragraphs
into sentences using NLTK [8] Punkt Sentence Tokenizer if there
is more than one sentence, and make sentence pairs with every
possible combination between sentences from entailed fragments
and sentences from target paragraphs. Figure 2 visualizes the way
of pairing. The BERT-based task 2 classifier takes each sentence pair
and output whether the pair is in the relation of entailing. (Figure 3)

To estimate an entailing relation between paragraph pairs from
those of sentence pairs, we conduct the following post-processing.
Given a paragraph pair, we regard the pair as an entailing pair if
one or more sentence pairs across the paragraph pair are classified
as “entailing.”

4 EXPERIMENTS
4.1 Dry run experiments and results

Table 2: Grid search space for SVM hyperparameters

Hyper params search space

C 1, 10, 100, 1,000
Kernels Linear, RBF, Polynomial, Sigmoid
Gamma* 0.001, 0.0001
Degree* 2, 3, 4

Encoders NLM, wiki500, wiki250, USE transformer,
USE DAN

∗ If applicable
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Figure 3: The model flow in COLIEE task 2 (the figure is
based on and modified from [5])

We leave 20 base case documents out from the provided “train”
data by the competition committee as a development set to tune
hyperparameters and to select the optimal way of encoding. The
remaining data is used as a training data set. Hyperparameter tun-
ing is conducted using the grid search algorithm. Table 2 shows
the search space. “NLM” stands for Neural Probabilistic Language
Model based encoder. “wiki500” and “wiki250” are encoders that
are based on W2V with different output vector sizes. The encoders
output 500 and 250-dimensional vectors respectively. USE, univer-
sal sentence encoder has two implementations. “USE transformer”
is a transformer based encoder and “USE DAN” is a deep averaging
network based encoder.

As a result of tuning, we train SVM with the following parame-
ters, C = 10, a linear kernel, and the USE DAN encoder.

We conducted experiments on the training data set with the five-
fold cross validation to evaluate the performance of models. The
data set includes 5,049 target paragraphs in total. We used an SVM
model with tuned parameters and three BERT-based models with
three different hyperparameter settings. Each BERT-based model al-
lows different input sentence pair length (BERT-128, BERT-256 and
BERT-512 take respectively 128, 256, 512 words as input). Also, we
implemented an ensemble model BERT-vote using a simple voting
method that the model will decide the output based on a majority
prediction for each instance according to the three BERT-based
models. Table 3 shows the results of the experiment. As for the
BERT-based models, we report the results on sentence pairs based
evaluation in addition to the standard paragraph based evaluation
(results before merging) in Table 4. All BERT models show a sig-
nificantly better result than the SVM-baseline model. BERT-vote
was the best performing model among all model we implemented,
achieving F1 = 0.50 while SVM-baseline was at F1 = 0.22.

4.2 Post-hoc analysis on dry run
Table 5 is a confusion matrix of the result from BERT-vote. We
see that the model tends to produce more false positives than false

Table 3: Results on the training data set

Models Precision Recall F1
SVM-baseline 0.14 0.52 0.22
BERT-128 0.37 0.54 0.44
BERT-256 0.36 0.66 0.46
BERT-512 0.36 0.59 0.45
BERT-vote 0.41 0.65 0.50

Table 4: Results on the training data set (sentence pairs)

Models Precision Recall F1
BERT-128 0.43 0.12 0.18
BERT-256 0.41 0.14 0.21
BERT-512 0.42 0.12 0.19

Table 5: Confusion matrix for BERT-vote

Predicted labels
Positive Negative Total

True labels Positive 118 64 182
Negative 168 4, 699 4, 867
Total 286 4, 763 5, 049

negatives. Figure 4 shows a visualized comparison of predictions
among the models in the experiment. Each square box represents a
result of a prediction on each target paragraph. Blue square means
true negative and green square means true positive while yellow
square means false positive and red square means false negative.
The figure includes only 51 cases of the provided “train” data and
does not show the true negatives by all five models.

In the overall training data set (5,049 instances), 568 instances are
correctly predicted by BERT-vote but not by SVM-baseline. On the
other hand, 123 instances are correctly classified by SVM-baseline
but not by BERT-vote. Neither SVM-baseline nor BERT-vote could
correctly predict 109 instances, and we consider those instances
were hard cases.

Figure 5 and Figure 6 are hard case examples from Base case 21.
The true entailing paragraph is Paragraph 21, but all models failed
to detect Paragraph [21] as entailing. Instead, BERT-256, BERT-
vote, and BERT-512 predict Paragraph [18] and [19] as entailing.
Interestingly, Paragraph [18] shares the same sentence, which is
emphasized in boldface, with the entailed fragment of the Base case.
The sentence should have been a misleading clue for the model in
recognizing the entailment.

4.3 Formal run results
According to the results of the experiment on the training data set,
we submitted three models, BERT-256, BERT-512 and BERT-vote to
the formal run of COLIEE task 2. Those models are trained with all
instances of the provided “train” data. Table 6 shows the results of
the formal run. The best model was BERT-256 achieving F = 0.53.
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Figure 4: Visualized results of cross validation with training data (First 51 cases)

Table 6: Results of formal run

Models Precision Recall F1
BERT-256 0.40 0.80 0.53
BERT-512 0.38 0.69 0.49
BERT-vote 0.39 0.73 0.51

5 CONCLUSION
In this paper, we proposed an SVM-based baseline model and four
BERT-based models and compared their performance on COLIEE

task 2. The SVM-based model adopted a linear kernel and inputs
by the universal sentence encoder. The BERT-based models were
pre-trained with the out-domain data (Wikipedia corpus and Book
corpus) and fine-tuned with the COLIEE task 2 data. According to
our dry run experiments, the BERT models performed significantly
better than the baseline model and the ensemble model was the
best among the four BERT-based models, achieving F = 0.50. The
score is significantly improved from F = 0.26, which was the best
score in the last competition although the data set is different. We
successfully fitted the model to the legal textual entailment task
by fine-tuning without any feature engineering. This result shows
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Entailed fragment
Only where unreasonable omissions have been made, such as the failure
to investigate obviously crucial evidence, is judicial review warranted

Entailing paragraph (correct answer, 021.txt)
[21]With respect to judicial review of decisions of the Canadian Human
Rights Commission, Jerome, A.C.J., held in Lukian v. Canadian National
Railway Co. (1994), 80 F.T.R. 38 (T.D.):
“Generally, when Courts are called upon to review the exercise of an
administrative tribunal’s discretionary power, they will be reluctant to
interfere since tribunals, by virtue of their training, experience, knowl-
edge and expertise, are better suited than the judiciary to exercise those
powers. Provided the Commission’s decision is within the discretion
given to it, the Court will not interfere with the manner in which it was
exercised, unless it can be shown the discretion was exercised contrary
to law. What the law requires is the Commission to consider each indi-
vidual case before it, to act in good faith, to have regard to all relevant
considerations and not be swayed by irrelevant ones, and to refrain from
acting for a purpose contrary to the spirit of its enabling legislation or
in an arbitrary or capricious manner.”

Figure 5: Hard case sample correct answer (train-21)

the possibility of the fine-tuning with large pre-trained language
models in the legal text entailment task. Although the BERT-based
models showed good results, there is room for further improvement.
We observed some cases where themodels recognized non-entailing
sentences as entailing due to the surface level matching. Introducing
the domain knowledge and the appropriate representation of legal
augmentations might remedy such errors. Furthermore, a separate
feature extractor and a bypassed network for the legal dedicated
knowledge could help to solve the problem.
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1 INTRODUCTION

Competition on Legal Information Extraction/Entailment
(COLIEE) 2019 has four tasks as a combination of docu-
ment domains (legal cases and statute law articles) and task
types (information retrieval and entailment). We (HUKB)
participated in two information retrieval tasks: legal case re-
trieval (Task 1) and statute law retrieval (Task 3).

In this paper, we introduce our system for the submission
of final results. For Task 1, we use metadata information
extracted from the legal case documents. For Task 3, we use
almost the same settings as those used for COLIEE 2018 [6].

2 LEGAL CASE RETRIEVAL TASK

Task 1 is a legal case retrieval task that is designed to find
supporting legal cases for the decision of new legal case Q
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from the legal case corpus1. For each query, the supporting
cases are selected from noticed cases of the query case.

We first review our previous system used at COLIEE 2018
and propose a method to utilize metadata of the legal case
documents. We also discuss the effectiveness of the system
based on the evaluation results of COLIEE 2019.

2.1 Legal Case Retrieval System at
COLIEE 2018

Legal case documents have common structures. However,
the document data provided by the organizers are not well
formalized. In the previous COLIEE, we implemented the
system to extract structural information based on pattern
matching of a section, such as lines in the text, and to clas-
sify texts into three parts [6].

Yoon v. Can. (M.C.I.) (2012), 405 F.T.R. 139 (FC)
MLB headnote and full text
– snip –
Indexed As: Yoon et al. v. Canada
(Minister of Citizenship and Immigration)
Federal Court
Shore, J.
February 9, 2012.
– snip –
Summary:

The Refugee Protection Division (RPD) ...
– snip –
Aliens - Topic 1329.3
– snip –
[1]
Shore, J.
[Translation]: The RPD occupies ...
– snip –

Figure 1: Examples of Legal Case Documents

• Header parts
Header parts contain a variety of information, such as
reference information, name of the court, date, sum-
mary, counsel, and solicitors of record. We extract the

1https://sites.ualberta.ca/ rabelo/COLIEE2019/
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summary information by checking the line that starts
with Summary:. Following lines just after Summary: are
lines with other heading keywords (e.g.,
Administrative Law, Statues Noticed, and Counsel)
that comprise summary sections. If the system fails to
extract summary parts from the header, the system
uses all header text of a legal case as a summary.

• Fact parts:
Several documents present the fact part in two lan-
guages (English and French). In most cases, the French
parts are followed by English and the same numbers
are used. Thus, we exclude text parts after the appear-
ance of the second language [1].

• Footer parts:
We do not use footer parts for the experiment.

By using this simple text extraction framework, a sum-
mary and a fact part are extracted from each candidate legal
case document.

In COLIEE 2018, queries were given as summary part
texts and fact part texts. From the preliminary experiments,
we decided to use summary text only for the query and use
summary and fact texts for constructing the document data-
base of the legal case documents.

Another item discussed in the previous COLIEE 2018 sys-
tem is a method to construct a legal case document database
for calculating statistical information of the term frequency.
Because all test data are distributed as a pair of query and
candidate legal case documents, there are two simple meth-
ods for constructing the document database.

• DBeach: The database for the IR system was con-
structed by using only the candidate legal case doc-
uments (we constructed a database for each query).

• DBall: The database for the IR system was constructed
by using all legal case documents. For training anal-
ysis, we used documents for training data only, but
for the final submission, we used all documents (train-
ing and test) for database construction. However, re-
trieved legal cases from other databases are excluded
from the final submission results.

In the preliminary experiments, it was better to use DBall

because DBall has larger numbers and variations of docu-
ments. Construction of the database with a limited number
of candidate legal cases for one query may cause bias when
estimating the statistical information of the term frequency
in all the legal case documents to be examined. For example,
if the number of relevant cases is larger than 10 and all rel-
evant cases contain a characteristic term that is important
when checking for similarity, when we use DBeach, the sys-
tem calculates that more than 5% of documents contain this
keyword as document frequency information. In such a case,
the IR system that uses document frequency for estimating
the importance of a term cannot appropriately estimate the
importance of the keyword. Therefore, we use DBall for all
experiments.

We use Indri [4] 2 as the basic information retrieval tool
and select the relevant legal cases based on the ranks of the
retrieved cases of DBall.

2.2 Utilization of metadata of the legal
case documents

As explained in Section 2.1, legal case documents consist
of multiple parts (summary, facts, date, name of the court,
citation, topics, and others). In Task 1 of COLIEE 2018,
no participants used metadata (such as date, name of the
court, or topics) of the legal case documents for retrieving
the relevant legal cases.

In this paper, we propose to use two types of metadata
(date and topics) for the retrieval task. The idea of utilizing
metadata is very simple. For the date, we compared the date
of noticed legal cases and the target legal cases and confirmed
that there are no referred legal cases whose date is newer
than the target case; there are several examples that consider
the legal cases whose date is the same as that of the target
case. It is obvious that it is impossible to notice a future
legal case.

In addition, most of the questions have topic metadata
that represent key issues to be discussed in legal cases. There-
fore, when legal cases share the same topic, it may be an
important clue for identifying the relevant legal cases.

We utilize such metadata information to extend our pre-
vious IR system for the legal case retrieval tasks explained
in Section 2.1.

2.3 System architecture

In addition to extracting the summary and fact parts from
the legal case, we extract two additional metadata items
from the header part of legal case documents.

Date when the trial was concluded: We extract the line
that contains the month, date, and year from the header
parts. For example, in the header part of the base case
for training data 001 (Figure 1), we extract date in-
formation from a line such as “February 9, 2012”.

Topics related to the case: In the header section, topics
relevant to the case are listed with the topic number.
For example, in the header part of the base case for
training data 001, we extract date information from
lines that contain “Topic” with numbers (such as “Aliens
- Topic 1329.3” shown in Figure 1)). From this legal
case document, we extract five topics: 1329.3, 4083,
2745, 2807, and 8309.

We combine features extracted from the metadata with a
previous system using LinearSVM of scikit-learn3 to deter-
mine whether the candidate document is relevant.

The following are features for the SVM.

• Number of shared topics
The system compares the topics of the query (base
case) and the topics of the candidate legal case and

2https://www.lemurproject.org/indri/
3https://scikit-learn.org/stable/modules/generated/sklearn.svm.LinearSVC.html
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counts the number. Because there are relevant legal
cases that are used for discussing a part of the issue in
the base case, we only use a number of shared topics
instead of normalizing the value (i.e., using a ratio of
shared topics or cosine similarity).

• Normalized Indri score for using the summary as a
query
This Indri score is the same as that used in COL-
IEE 2018 (Section 2.1). Because the Indri score is
represented as a logarithm of probability for the rel-
evance, the scores are represented as negative num-
bers. We normalize the Indri score of did for query qid
(Indriqid,did) using the maximum Indri score of query
qid (Maxqid) using the following formulas.

Maxqid = max Indriqid,did|did ∈ Docqid

Normqid,did = 10(Indriqid,did−Maxqid)

Normqid,did = 1 for the maximum score documents of
qid, and the other scores are below 1.

• Normalized Indri score for using summary and fact as
a query
In addition to the score based on the summary, we use
Indri scores calculated by using summary and fact as
a query. We apply the same normalization procedure
for the summary as a query to the scores.

Date metadata are used for the pre-processing to select
candidate legal case documents.

Based on the preliminary experiments, we found that Lin-
earSVMwith out-of-the-box settings tend to generate smaller
numbers of relevant cases because of the imbalance between
the number of relevant cases and other cases. For the worst
case, the system selects no relevant cases from the candidate
cases.

To manage this unbalanced situation, we decided to use
the following settings for SVM training.

• Exclusion of legal cases with newer dates than the base
case
In order to reduce the number of irrelevant cases, we
exclude legal cases with newer dates than the base
case.

• Parameter tuning for class weight

LinearSVM module of scikit-learn has parameter
class weight for representing the weight of each class
to make better-balanced results.

• Introduction of a minimum number (Rmin) of relevant
case selections
To avoid a situation where there are no relevant le-
gal cases for the base case, we introduce a minimum
number of relevant cases. If the number of selected
relevant cases is lower than this number, the system
selects additional legal cases based on the order of the
decision function value that calculates the distance
to the separate hyperplane.

Table 1: Evaluation results of the submitted runs for
each team (Task 1)

run precision recall F

HUKB 0.7021 0.4000 0.5097

JNLP 0.6000 0.5545 0.5764

ILPS 0.6810 0.4333 0.5296

IITP 0.6368 0.3879 0.4821

CLArg 0.9266 0.3061 0.4601

UA 0.3560 0.3333 0.3443

HUKB-topic 0.3323 0.3303 0.3313

CACJ 0.2119 0.5848 0.3110

Table 2: Macro average of HUKB and HUKB-topic

run precision recall F

HUKB 0.6627 0.5464 0.5291

HUKB-topic 0.5613 0.5040 0.4343

To calculate the appropriate value for class weight and
Rmin, we conducted 10 cross-fold validation tests using dif-
ferent parameter settings and decided to use class weight

= 7 and Rmin = 2.
We also conducted additional experiments without using

shared topic information for discussing the effectiveness of
using shared topic metadata (HUKB-topic).

Table 1 shows the evaluation results of the submitted run
and best runs submitted by other teams.

HUKB ranks third out of seven submissions. Comparing
the previous COLIEE 2018 results and this year’s results,
the difference between the top-ranked team and ours (F-
value of JNLP was 0.6546 and ours was 0.3808 at COLIEE
2018[2]) was significantly reduced. From this comparison, we
confirmed that our proposed method is effective for the task.

From the comparison with HUKB-topic, we confirmed
that using shared topic metadata is effective. One of the
characteristics of HUKB-topic is generating larger numbers
of relevant cases for one query. For example, HUKB-topic
selects 48 candidate cases for query 17 that has only two
noticed cases. To avoid the effects of errors by selecting a
larger number of relevant cases for one query, we calculated
the evaluation measure using the macro average (average of
evaluation measures for each query) (Table 2).

Compared with micro average evaluation results, the dif-
ference between HUKB and HUKB-topic has decreased. How-
ever, HUKB is still better than HUKB-topic in all evaluation
measures. From these results, we confirmed that using the
topic metadata is useful for discriminating whether the cases
are noticed and for finding cases with less similarity from the
perspective of the IR system.

Because a simple selection of candidate documents based
on the date information can be easily applied to other sys-
tems, it may be necessary to consider this effect when select-
ing candidate legal cases for each base legal case.
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3 STATUTE LAW RETRIEVAL TASK

3.1 System architecture

For Task 3 (Statute Law Information Retrieval Task), we
use almost the same system for the COLIEE 2018 that was
developed based on the system’s previous COLIEE tasks [3,
5].

The following is the basic system architecture of our pre-
vious system [6].

(1) Extract condition and decision parts from the query
and articles
We manually extract the conditions and decisions of
the articles and compare the conditions and decisions
of the queries that are extracted automatically [6] us-
ing dependency parser KNP 4.

(2) Calculate similarity using Indri
We constructed three types of queries (conditions, de-
cisions, all text). We also constructed four document
databases that contain a part of a document (condi-
tion, decision, title, and contents) and one document
database with all text (title and contents). We calcu-
lated Indri-based similarity scores for combinations of
all queries and all document databases except for the
condition query with the decision database and the de-
cision query with the condition database using Indri
[4] (3× 5− 2 = 13 similarity scores are calculated).

(3) Calculate the longest common subsequence with vari-
ous pairs of queries and text parts
For the same 13 variations introduced, scores based on
the longest common subsequence proposed in [5] were
calculated.

As a result, 26 feature values were collected for each can-
didate article. All feature values were normalized to the 0–
1 scale using maximum and minimum values using linear
transformation (maximum values correspond to 1 and min-
imum values correspond to 0).

We use the information as features for SVM rank [1] to
calculate the similarity scores. We use the SVM rank soft-
ware 5 based on scikit-learn6. To manage the varieties of the
query types, we set up SVM rank models with different train-
ing sets and merged the results. In this year, we constructed
12 variations of models for SVM rank by excluding one-year
data (H19–H29, H18+H20–H29, ..., and H18–H28) for train-
ing data. When the new query is given, the system calculates
ranks of each article by using these SVM rank models and
aggregate results by calculating the average ranks of each
article. Lastly, the top-ranked article is a candidate article.

3.2 Submission results

We submitted one result for Task 3. However, after the first
evaluation was conducted, we found that there is a bug

4http://nlp.ist.i.kyoto-u.ac.jp/EN/index.php?KNP
5https://gist.github.com/agramfort/2071994
6http://scikit-learn.org/

for normalizing the score. Consequently, we conducted addi-
tional experiments using a system without the normalization
bug (HUKB-revised).

Table 3 shows the evaluation results of the submitted runs
and the best runs of other teams. Columns “run”, “LANG”,
and “F2” correspond to the name of the team (best runs for
each team are selected), language used for making the data-
base, and F-2 value (harmonic means of precision and recall
with more weight to recall), respectively. Columns “MAP”
and “Recall@5” correspond to mean average precision calcu-
lated by ranked results and recall calculated by the top five
ranked documents, respectively.

The original submission of HUKB is the worst perfor-
mance in F2 measure. After removing the bugs, the results
improved slightly, but they were not as good as other sub-
missions from other teams. Thus, it is necessary to conduct
failure analysis to investigate why the new submission is not
as good as the other teams’ submissions.

However, our revised system is as good as “Recall@5”,
suggesting that there are the following two discussion issues
for our system.

(1) Our system is not good at selecting one appropriate
article from the highly ranked candidates.

(2) Our system has the potential to find relevant articles
for the question with multiple relevant articles, but the
system returns only one article for each question.

We plan to investigate the system by considering those
aspects.

4 SUMMARY

In this paper, we introduced our system for participating in
Tasks 1 and 3 of COLIEE 2019. For the Task 1 system, we
found that using metadata for the legal case helps identify
relevant cases. For Task 3, because of the time limitation for
preparing the system, the same system as that used for COL-
IEE 2018 is used with different training data. However, the
performance of the system is worse than the scores submit-
ted by other teams for COLIEE 2018. Thus, it is necessary
to investigate the causes for the lower performance score by
using detailed failure analysis.
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ABSTRACT 

We developed a textual entailment system for Japanese legal bar 

exam, which can explain the way system solves based on 

underlying logical structures. We focus on the condition clauses 

that had been a problem in our previous year’s challenge. We 

added a new function that handles the exception conditions. We 

made a variation of different modules using different sentence 

comparison methods based on predicate argument structures. We 

used SVM to make ensemble of these modules. In addition, we 

made a legal synonym dictionary, which is structured in that 

synonym of a predicate could be conditioned with its object. We 

applied our system to the COLIEE 2019 Task 4 dataset. Our 

system achieved the second-best rank, 0.62 of accuracy score. 
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• Natural Language Processing → Lexical semantics; Language 
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1 Introduction 

The COLIEE shared task series is held in association with the 

JURISIN (Juris-informatics) workshop. The first one was the 

COLIEE 2014 shared task[1]. Following this, COLIEE 2015 

shared task[2], COLIEE2016 shared task[3], COLIEE 2017[4], 

and COLIEE 2018[5] shared task (this time in conjunction with 

ICAIL) were held. The COLIEE shared task consists of four tasks. 

We challenged Task 4. Task one and Task 2 used the legal cases. 

Task 1 of this legal question answering task involves reading a 

legal bar exam question and extracting a subset of Japanese Civil 

Law Articles. Task 3 is given a problem, and searches articles 

necessary to solve the problem. Task 4 is a problem and related 

article and answer it with Yes/No whether the content is correct. 

In last year’s, it was necessary for our system to search for articles 

necessary to solve the problem without being given related 

articles. The previous Task 4 was a combination of Task 3 and 

Task 4 this time. By eliminating the need to search related articles, 

we can confirm more reading comprehension and logical 

judgment skills. 

Regarding question answering in general, most successful 

systems employ rather traditional techniques of question 

answering which have decades of history [6]–[9]. Recently, 

automatic answering system used machine learning by big data. 

The typical example is IBM Watson System [10]. The core 

Watson system employed a couple of open source libraries, 

including the traditionally well-designed DeepQA system [11] as 

its skeleton of question answering processing. 

However, there are only hundreds of problem sentences used in 

COLIEE. We think that the amount of data is not enough to 

perform an end-to-end supervised machine learning. There are an 

enormous number of legal documents, many methods have been 

proposed to acquire knowledge from case examples [12]. 

However, it is difficult to use case examples directly in the legal 

bar exam, because we need commonsense knowledge to follow 

the thinking of a legal expert, not just the explicit knowledge base 

available. In addition, a question answering system for legal 

documents is required to show reasons of its decision in a human 

interpretable way. Our aim is to create a legal question answering 

system where we can trace evidences of it decision.  

In this paper, we describe our automatic problem solver 

for the legal bar exam that captures structures of legal 

documents and understands their meaning. We focus on 

Task 4 throughout this paper. Our main achievements in 
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our previous COLIEE 2018 participation were our 

synonym dictionary and manual classification analysis of 

human capabilities, which are required to solve each 

problem. We added a couple of new features based on our 

COLIEE 2018 system, showing that correct answer rates 

were improved. Our system achieved the second-best score 

among participants in Task 4, which accuracy score was 

0.62. 

2 System Architecture 

2.1 System Overview 

We designed our system based on our previous system in 

COLIEE 2018. Because Task 4 of COLIEE 2019 is a 

textual entailment task where the target gold standard 

articles are given, we do not use our related article search 

function in our previous system. Article search was 

required in Task 4 of COLIEE 2018 as it was a question 

answering task without any target article given. 

A civil law article consists of a legal effect part and a 

cases part to state its effect. If an event is not applicable to 

the cases, the corresponding legal effect does not state. We 

divide a given sentence into a case part and an effect part, 

in order to express the relationship between the effect and 

the cases. We perform this division based on predicate 

argument structure analysis. 
We classified past problems in terms of human capabilities 

required to solve the given problem. This analysis showed what is 

missing in our previous solver system. One of our classification 

kinds is a problem type that requires detailed sentence analysis, 

where we need to extract conditional clauses (or sentences) in 

problems and related articles. Although this conditional clause 

extraction is a very common issue in the legal bar exam, our 

correct answer rate was not sufficient for this problem type. While 

our previous system extracts the conditional part in a sentence, 

which should have not been sufficient.  

Because there are exceptional conditions e.g. “Except …”, we 

added a new function in order for our system to extract the 

exceptional conditional part. When an exceptional condition is 

true, the effect may not be exerted even if the main conditions are 

true. Furthermore, additional conditions exist for some cases, 

when the exceptional condition is true. As our previous system 

does not handle such exceptional conditions, we added a new 

function to extract such exceptional conditions. A civil law article 

could be multiple sentences, which structure has rules as follows. 

In most cases, the first sentence describes a condition and the 

effect when that condition is met. In the second and subsequent 

sentences, an exception of the first sentence’s condition may be 

mentioned. For example, “ただし、…しない。(However, … 

not…)” shows that exceptional conditional sentences follow in 

this sentence. Even if the conditions described in the first sentence 

are met, this exceptional condition could invert the boolean value 

of the entire proposition. Our new function handles this sort of 

exceptions 

We analyzed predicate argument structures that are used in 

legal documents, adding new entries to the synonym dictionary. 

Different predicates could be used to express the same meaning. 

Humans could make use of analogy to resolve such paraphrases, 

but we need explicit knowledge for systems. We defined our 

structured synonym dictionary to compare pairs of predicates 

between problems and articles, checking the given pair has the 

same meaning or not. In this comparison, we compare predicates 

and objects using our structured synonym dictionary. We also try 

to use FrameNet[13], which is a semantic frame database, to 

determine synonyms. 

We used our own structured synonym dictionary, which holds 

relationships of pairs of predicate and object. Entries of our 

structured synonym dictionary could be regarded to have the same 

content. We enhanced this dictionary from our previous system. 

Our system internally consists of multiple modules. Each 

module outputs answers individually, then our system integrates 

these answers into a final answer. We tried different ways of the 

integration as described later. 

2.2 Sentence Preprocessing 

In an itemized article, effect is described first, then cases are 

listed to show the effect. In such a case, we need the entire article 

information rather than individual sentence (or item). Case list 

tends to omit subjects or predicates, which makes the linguistic 

post-processing more difficult.  

As a countermeasure, we concatenate the case list with the first 

sentence. As the first sentence always contains a phrase “次に掲

げる (the following things)”, we delete this specific phrase and 

then concatenate the case list. We repeat this process for the 

number of items, generating a sentence for each item. 

Unfortunately, concatenated sentences are sometimes 

syntactically invalid, causing errors in predicate argument 

structure analysis.  

Text with parenthesis is another problem. Some parentheses 

contain punctuation marks. For example, consider the following 

case: “縁側（ベランダを含む、次項において同じ、）を設

ける者は、目隠しを付けなければならない。(A person who 

installs a window or porch (including a verandah. Hereinafter in 

this and the following paragraph) must put up a privacy screen.)” 

In this case, a sentence is inserted within the parenthesis, but the 

whole sentence makes sense both with the outer and inserted inner 

sentence. Texts in the parentheses sometimes indicate exceptional 

conditions, while sometimes may simply be a supplementary 

explanation, which are difficult to distinguish automatically. In 

our system, we regard texts in parenthesis as one of condition 

clauses of the entire sentence, by deleting the parenthesis in a 

sentence and replacing punctuation marks if any, to be a single 

sentence.  

When a given problem consists of two or more sentences, we 

regard a proposition clause of the latter sentence as a proposition 
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clause of the entire problem, and all other clauses as condition 

clauses of the entire problem. This is because former sentences 

tend to explain situations and personal attributes; latter sentences 

are more important. This type of multiple sentence problems was 

first presented in COLIEE 2018.  

2.3 Morphological Analysis and Case 

Analysis 

We used the morphological analyzer JUMAN[14] and the case 

analyzer KNP[15]. We added our own term dictionary for the 

legal domain: legal vocabulary dictionary[16], terms extracted 

from the PROLEG [17] source code, and terms added manually as 

follows. This dictionary is same as our previous system. 

In order to create the term list manually, we examined 

vocabulary from past eleven years of the COLIEE problems. We 

found that more than 300 kinds of words are used in problems per 

one year. More than 50 new words appeared per year when 

registering words from older year to newer year (Table 1). We 

added 200 new words from these extracted words by manually 

selecting which word to register.  

We added other words as well, extracting from source codes of 

PROLEG[17]. PROLEG is a logic programming language for the 

legal domain based on Prolog. They systemize internal structure 

of the law from the civil law articles and actual cases. Function 

names and variable names of PROLEG are named by hand. We 

added these names to our morphological analyzer’s dictionary, 

when they consist of Japanese letters only. These names are 

necessary when reading and understanding the legal documents 

deeply. 

Table 1. Number of words used in the COLIEE training data 

(previous years' problems) 

 total new 

H18(2006) 351 - 

H19(2007) 317 175 

H20(2008) 322 144 

H21(2009) 402 171 

H22(2010) 316 87 

H23(2011) 312 73 

H24(2012) 484 127 

H25(2013) 425 50 

H26(2014) 563 144 

H27(2015) 490 84 

H28(2016) 441 67 

 

2.4 Predicate Argument Structure 

Analysis, Condition Clause and 

Proposition Clause 

 

Fig. 1. An example of predicate argument structure analysis 

We used predicate argument structure based on our previous 

system. Fig. 1 shows an example of the predicate argument 

structure analysis. We defined our own original clause unit (“節”) 

in order to recognize condition clauses and main clauses precisely, 

which are included in a single sentence. A clause should include a 

single predicate as a core element of that clause. We apply a 

dependency parser that makes chunks (“文節”) of a couple of 

morphemes. Starting form a chunk that includes a predicate, we 

aggregate neighboring chunks when a neighboring chunk does not 

include any predicate, until a clause unit is formed. 

A predicate is not always suitable to be a core predicate of a 

clause. For example, “holding” in “condition holding a court” 

could be regarded as a predicate. However, this is not suitable as a 

core single predicate in a clause because we need to compare 

larger predicate-argument structures rather than such a noun 

phrase. 

We define two types of special clauses: a proposition clause 

and a condition clause. A proposition clause includes an end of 

the sentence. In the Japanese language, a clause which includes an 

end of sentence often represents a proposition. We regard a clause 

as a condition clause when that clause includes specific patterns, 

e.g.” when…”,” in case of …”, etc. 

For each sentence, we compare proposition clauses of the 

problem sentences and the civil law articles using these sets. The 

same applies for condition clauses. We use the base form of 

predicates for their comparison. For example, “認める (admit)” 

and “認めない (do not admit)” have the same meaning, sharing 

the same base form “認める (admit)”. 

Normally, a sentence consists of a proposition clause and an 

arbitrary number of condition clauses. Because an article consists 

of one or more sentences, we compare sentences one by one when 

comparing the article sentences with the problem sentence. 
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2.5 Exception Conditions 

 

Fig. 2 An example of exception conditions 

Our system classifies each sentence into three types: “not 

exception”, “positive exception condition”, and “negative 

exception condition” using “ただし、…しない。(However, … 

not…)” that negates the preceding sentence. For example, “前文

は適用されない (the previous sentence does not apply)” is a 

“negative exception condition”, while ”当てはまる場合は、…

する(If the condition is met, then…)” is a “positive exception 

condition”. We need this distinction because negation could make 

the answer reversed. 

The above classification is performed as follows. If a sentence 

starts with “ただし、…(However, … )”, it is one of exception 

condition types. Then if the sentence ends with ”…ない(not)”, it 

is regarded as “negative exception condition”. This classification 

uses simply string match as the COLIEE sentences are very 

uniformly written. There could be, however, other style of 

exception expressions which cannot be handled by our current 

system. We classify a sentence but not an entire article into these 

types, because sometime only one of article’s sentences is an 

exception condition.  

For a sentence of exception condition, our system compares all 

of clauses in the exception condition sentence with condition 

sentences in the problem. If this comparison does not match, our 

system uses the comparison result of the previous sentence. If this 

comparison matches, and if this is the negative exception 

condition, we revert the boolean value of our answer. If this 

comparison matches, but if this is the positive exception condition, 

we compare the exception condition sentence and problem 

sentence. These matches are performed by comparing the 

predicate argument structures as described before.  

2.6 Synonym Dictionary for Predicates 

 

Fig. 3. An example of synonym dictionary 

We manually created our structured synonym dictionary for 

predicates. For example, “成立する  (effect)” and “適用する 

(apply)” could have the same meaning. Our dictionary is 

structured with object conditions. For example, “果実を取得する 

(obtain fruits)” and “収益する (receive the profits)” have the 

same meaning when they have the same object. We referred to the 

past problems of 2009 to 2006 to make our dictionary. We 

compared related articles and corresponding problem sentences to 

manually extract our synonym dictionary entries. As a result, we 

extracted 33 combinations of verbs.  

2.7 Problem Solver Modules 

 

Fig. 4 Overview of our module integration  

We implemented four types of problem solver modules: 

precise match, loose match, rough match, and FrameNet 

modules. Our system outputs the final answer by 

integrating outputs of these different modules.  
For each predicate, the precise match module finds a subject 

and an object by their case markers. We perform exact matches 

for the predicate, its subject and its object between a pair of 

problem and a given article. When we could not find any subject 

nor any object, we skip that sentence. If a negative expression is 

detected only in one side, we reverse the corresponding Yes/No 
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answer. Our system repeats these processes for the number of the 

clauses of the problem sentences.  

Loose match module is a looser version of the precise match. 

When comparing proposition clauses and condition clauses, this 

module regards a pair of clauses as matched if either a pair of 

objects or a pair of subjects is matched, in addition to a pair of 

predicates. 

For example, if a problem’s clause is {結ぶ (sign), 代理人 

(agent), 契約(contract)} and if an article’s clause is {結ぶ (sign), 

代理人  (agent), 売買契約  (sales contract)}, then our precise 

match module judges that they do not have a same meaning 

because they do not have a same object. On the other hand, our 

loose match module judges that they have a same meaning as this 

module ignores objects in this case. 

Rough match module is the loosest match in our modules. This 

module only compares predicates of proposition clauses and then 

checks whether the predicates include negative expressions or not. 

Furthermore, we prepared the FrameNet module. FrameNet is 

an English semantic lexical database based on a theory of 

meaning called Frame Semantics. The basic idea is that people 

understand the meaning of words largely by the frames which 

they evoke. Frames have some semantic roles called Frame 

Elements (FEs) and frame evoking words are called Lexical Units 

(LUs). We use LUs of Japanese FrameNet, in addition to the 

original English version of FrameNet. We use Japanese 

WordNet[18], which is a lexical database for Japanese. We use 

Japanese WordNet to obtain synonyms, hypernyms, hyponyms 

and English translation words to expand FrameNet. The FrameNet 

module is made by extending the loose match module. The 

difference of the FrameNet module from the loose match module 

is in comparing predicates. Using an inheritance relationship of 

FrameNet, we examine whether a pair of predicates represents the 

same meaning or not. This system measures a distance between 

nodes of words and regards as the same meaning if the nodes are 

in a near distance. We defined confidence values for each 

relationship type to calculate the distance. 

In addition, we made more variations of modules by setting 

different options for these four modules. For example, as a new 

feature from the previous year’s system, the precise match module 

was added a new variation that handles the exception conditions. 

After completing the answers for each module, we decide our 

final answer. We prepared two ways for the module integration as 

follow. 

In the first way of module integration, we try applying the 

precise match module first. When the precise match module 

cannot be applied, we apply the loose match module. If the loose 

match module cannot be applied as well, we try applying the 

rough match module. 

We use SVM (Support Vector Machine) for the second way of 

module integration, We use each answer output by each module 

and the confidence calculated from the number of articles that 

matched word sets of the problem sentence for learning. The 

confidence is a value that decreases as more the number of the 

related articles. The equation of calculating the confidence is 1 / n. 

n is the number of the related articles when n > 0. The confidence 

is 0 when n = 0. However, the related articles of solving the 

problems are not only one, it is not necessarily true that the 

probability that the related articles is less and accurate is higher. 

The training data for SVM is the problems of 2006 to 2014. The 

optimum cost and gamma value of SVM options were determined 

by grid search. We used the polynomial kernel. 

3 Experiments and Results 

We applied our system to Task 4 of COLIEE 2019. In 

Task 4, the problem sentences and the gold standard related 

articles were provided without any additional information, 

asking Yes/No as answers. 

3.1 Result of COLIEE 2019 

Table 2. Result of COLIEE 2019 formal run 

Team # Correct 

Answers (total 98 

answers) 

Accuracy 

BaseLine 51 0.5204 

UA_Ex 67 0.6837 

KIS_3module 61 0.6224 

IITP 58 0.5918 

KIS_dic 58 0.5918 

UA_Go 58 0.5918 

KIS_frame 57 0.5816 

DBSE 56 0.5714 

JNLP.t=98 56 0.5714 

TRAttn 55 0.5612 

TRSimFeat 52 0.5306 

JNLP.t=85 51 0.5204 

EVORA1 50 0.5102 

JNLP.t=78 48 0.4898 

EVORA3 47 0.4796 

EVORA2 44 0.4490 

 

Table 2 shows the result of the COLIEE 2019 Task 4 

formal run. Among these results, team names with KIS as 

their prefix show our results.  
KIS_3module uses the precise match module, the loose match 

module and the rough match module. This system selected answer 

by the priority. KIS_dic used our synonym dictionary. The 

difference from KIS_3module is not only synonym dictionary, but 

this system uses SVM for the module integration. Confituration of 

KIS_dic is close to combining KIS_dict and KIS_SVM of 

COLIEE 2018. KIS_frame uses the FrameNet module only. 

KIS_3module was the best result among our submissions for the  
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Table 3. Evaluation results with textual entailment tasks of COLIEE training data (past years’s legal bar exam) 

 2006 2007 2008 2009 2010 2011 2012 2013 2014 total 

KIS_3module 0.60 0.52 0.58 0.68 0.60 0.63 0.56 0.59 0.57 0.591 

KIS_dic 0.54 0.50 0.58 0.52 0.60 0.54 0.63 0.68 0.56 0.579 

KIS_frame 0.57 0.55 0.62 0.64 0.49 0.61 0.58 0.67 0.53 0.583 

KIS_SVM (baseline) 0.54 0.57 0.58 0.63 0.51 0.63 0.54 0.61 0.59 0.577 

 

COLIEE 2019 formal run. Our system achieved the second-best 

score in Task 4. 
3.2 Results evaluated by training data 

Table 3 shows results of COLIEE training data of past 

years’ legal bar exam. We did not use data after 2015 

because the original official data includes irregular formats. 

The total number of questions is 504. 
Baseline is the result of KIS_SVM, which performed the best 

among our submissions in the previous COLIEE 2018. Baseline 

results are calculated using the same module configuration as 

KIS_SVM, where the gold standard related articles are used. 

 Overall, KIS_3 module performed the best, which also 

performed the best in the formal run, which should be the most 

effective combination of modules. On the contrary, KIS_dic and 

KIS_frame was in the reverse order of formal run. However, this 

is not always true for the results of individual year, suggesting that 

there would be different tendency of problems, as a different 

module combination sometimes performs better. 

4 Discussion 

At the time of the preivous COLIEE 2018 Task 4, 

KIS_SVM results were the best in our development, and 

KIS_Frame using FrameNet was the best in the fomal run, 

so we configured KIS_dic and KIS_frame similar to them 

in this year. However, KIS_3module was the best in this 

year’s formal run, probably because the configuration of 

KIS_3module would have largely effected by the new 

function of exception condition sentences. Our new 

function of exception conditions should have contributed to 

increase the correct answer rate. As the previous COLIEE 

2018 Task 4 was not textual entailment but question 

answering that requires searching articles, different 

functions may be required depending on task differences, 

such as word disambiguation by FrameNet.  

All of the results were better than the baseline, 

suggesting that our pre-processing which is used for all of 

modules has contributed to the scores. Our pre-processing 

could have simplified the complicated structured sentences 

without losing their meanings. 
Our score still has a difference of couple of points from the 

first-ranked team. There could be several future works to improve 

our system. For example, condition clauses are not sufficiently 

handled yet while condition clauses very often appear. Logical 

inference over multiple sentences is another issue. We converted 

multiple sentences into a single sentence by our pre-processing. 

While we can capture legal document structure to some extent in 

this way, we ignore information that can only be expressed by the 

original multiple sentences. As human experts can understand 

documents very precisely word by word. 

5 Conclusion and Future Work 

We developed an automatic problem solver system for 

legal bar exam, which can show logical structures how the 

system solved a given legal problem.  
In order to represent structures of legal documents, we 

implemented a textual entailment solver, which has predicate 

argument structure analysis as its core part. 

We focus on the condition clauses that had been a problem in 

our previous year’s challenge. We added a new function, that 

handles the exception conditions. 

We made a variation of different modules using different 

sentence comparison methods. We used SVM to make ensemble 

of these modules. In addition, we made a legal synonym 

dictionary. Our synonym dictionary is structured in that synonym 

of a predicate could be conditioned with its object. We enhanced 

this dictionary. 

We applied our system to the COLIEE 2019 Task 4 dataset. 

Our system achieved the second-best rank, 0.62 accuracy score . 
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ABSTRACT
Natural Language Processing (NLP) and Information Retrieval (IR)
in the judicial domain is an essential task. With the advent of avail-
ability domain-specific data in electronic form and aid of different
Artificial intelligence (AI) technologies, automated language pro-
cessing becomes more comfortable, and hence it becomes feasible
for researchers and developers to provide various automated tools
to the legal community to reduce human burden. The Competition
on Legal Information Extraction/Entailment (COLIEE-2019) run in as-
sociation with the International Conference on Artificial Intelligence
and Law (ICAIL)-2019 has come up with few challenging tasks. The
shared defined four sub-tasks (i.e. Task1, Task2, Task3 and Task4),
which will be able to provide few automated systems to the judicial
system. The paper presents our working note on the experiments
carried out as a part of our participation in all the sub-tasks de-
fined in this shared task. We make use of different Information
Retrieval(IR) and deep learning based approaches to tackle these
problems. We obtain encouraging results in all these four sub-tasks.
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1 INTRODUCTION
Language technology based automated system has a great impact
and demand in judicial domain. As for example, it will mitigate the
problem of manual checking of large amount of previous files to
find relevancy to a current case. This kind of system would be very
effective to lawyers which will expedite the process of providing
verdict on a particular case. Previously, it took couple of months
and/or even a year to get verdict of a particular case. It is observed
that there are many cases where practitioners rely on previous
court case files to extract information and try to find relevancy
with him/her current solving case. In normal practise they do it
process manually. However, computerised processing of such ju-
dicial domain texts is taxing as the files are very large in size and
remain unstructured. This stipulates lot of research in this domain.
The Competition on Legal Information Extraction and Entailment
(COLIEE-2019) an associated event of (ICAIL)-2019 has defined four
problems related to IR in this domain. Task 1 and Task 2 are in-
volved the case law competition, Task 1 and Task 2 are associated
with statute law competition. The data for these two types of tasks
are extracted accordingly. We participate in all the four tasks (i.e.
Tasks 1, Tasks 2, Tasks 3 and Tasks 4) defined in this competition.
All of these four tasks are vary emerging and are of utmost priority.

Task 1: This task is basically legal case retrieval task. Overall the
task is: after reading an new case Q, the system has to extract sup-
porting cases S1, S2, S3, ....Sn from the provided case law dataset.
This will support the decision for Q.
Task 2: This legal case entailment task, which involves the detec-
tion of a paragraph from the existing cases that entails the decision
of a new case.
Task 3: The task 3 is essentially a legal Question-Answering task.
The task could be defined as: reading a legal bar examination ques-
tion Q and extracting a subset of Japanese Civil Code Articles S1,
S2,..., Sn from the entire Civil Code which are those appropriate for
answering the question such that i.e.
Entails(S1, S2, ..., Sn , Q) or Entails(S1, S2, ..., Sn , not Q).
Overall, the task is given a question Q and the entire Civil Code
Articles, the system has to retrieve the set of articles "S1, S2, ..., Sn"
as the answer of this track.
Task 4: This task involves legal question answering task which
associates the identification of an entailment relationship such that
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Entails(S1, S2, ..., Sn , Q) or Entails(S1, S2, ..., Sn , not Q).
Given a question Q, the participating systems have to retrieve rele-
vant articles S1, S2, ..., Sn in the first phase, and in the second phase,
the systems have to determine if the relevant articles entail "Q" or
"not Q". The answer of this track would be binary: i.e. "YES"("Q") or
"NO"("not Q").
We propose various approaches to combat these problems. We
discuss all our approaches in the section 4.

2 OUR APPROACHES
The propose approaches for the all four tasks are based on Doc2Vec,
BM25, tf-idf, Bidirectional Encoder Representations from Transformers
(BERT) [2]. The following subsections will discuss all the approaches
one by one.

2.1 Doc2Vec
Doc2Vec [3] is an unsupervised algorithm that learns fixed-length
feature representations from variable-length pieces of texts, such as
sentences, paragraphs, and even a whole documents. This algorithm
represents each document by a dense vector which is trained to
predict words in the document. More precisely, we concatenate on
the paragraph vector with several word vectors from a paragraph
and predict the following word in the given context. Both word
vectors and paragraph vectors are trained by the stochastic gradi-
ent descent and back-propagation [6]. While paragraph vectors are
unique among paragraphs, the word vectors are shared. At predic-
tion time, the paragraph vectors are inferred by fixing the word
vectors and training the new paragraph vector until convergence.

2.2 BM25
BM25 [5] is one of the most successful text-retrieval algorithm.
BM25 is a bag-of-words retrieval function that ranks a set of doc-
uments based on the query terms appearing in each document,
regardless of the inter-relationship between the query terms within
a document. Given a query Q, containing keywords q1,q2,....qn the
BM25 score of a document D is:

Score(D,Q) =
n∑
i=1

IDF (qi )
f (qi ,D).(k1 + 1)

f (qi ,D) + ki .(1 − b + b . |D |
avдdl )

(1)

where f(qi , D) is qi ’s term frequency in the document D, |D| is
the length of the document D in words, and avgdl is the average
document length in the text collection from which documents are
drawn.

2.3 Term Frequency * Inverse Document
Frequency

Term Frequency and Inverse Document Frequency (tf*idf) is a numer-
ical statistic that is intended to reflect how important a word is to a
document in a collection of corpus. It is often used as a weighting
factor in searches of information retrieval, text mining, and user
modeling. The tf*idf value increases proportionally to the number
of times a word appears in the document and is offset by the num-
ber of documents in the corpus that contain the word, which helps
to adjust for the fact that some words appear more frequently in
general. The formula that is used to compute the tf*idf for a term t

of a document d in a document set is:

t f − id f (t ,d) = t f (t ,d) ∗ id f (t) (2)

We implement this using python library [4].

2.4 Bidirectional Encoder Representations
from Transformers (BERT)

We make use of a novel language representation model called Bidi-
rectional Encoder Representations from Transformers (BERT). The
model is the latest language representation model used in various
tasks of NLP. The task 4 defined in this shared task is a classifi-
cation task. We treat the task as a sentence classification task by
considering ’t1’ and ’t2’ as two sentences respectively. Using BERT
we obtain a vector corresponding to the ’[CLS]’ token at the last
layer. This vector is subsequently used for classification. So per ’t1’
and ’t2’ we get one vector to be subsequently used in a downstream
model (e.g a feed-forward neural net layer) for further classification.
We tried with adding 1 or 2 Dense layers but actually the accuracy
obtained was not good to report. The vector obtained was of 768
dimensions and the training set contains 724 examples. Each ex-
ample contains more dimensions of a vector than the number of
examples combined. So the data is prone to be over-fitted. So we
resort to use a popular machine learning model known as eXtreme
Gradient Boosting (XGBoost) [1] for classification. XGBoost gained
much popularity recently as a winning solution in several machine
learning competitions. It is actually a library which provides gra-
dient boosting framework in several languages. We treat each of
the dimension of the vector corresponding to ’[CLS]’ as a separate
feature. So we got 724 training examples each with 768 features.
We use a matrix representing this data with dimension [724,768].
This is given to the XGBoost model for classification.

3 DATA
The whole competition task is divided into two categories viz 1.
Case Law Competition (Task 1 and task 2) 2. Statute Law Competition
(Task 3 and Task 4). The task organizer’s released the data for all
these four tasks defined. The data is obtained from an existing
collection of predominantly Federal Court of Canada case law. In
task-1 the training data consists of 285 case queries and each query
has 200 candidate notice cases. So each query has 9.87 notice cases
on average. The training data of task-2 comprises of 181 queries
and each query has an average of 48.59 candidate paragraphs for
recognizing entailment relation. In the training data of this task
on an average 1.32 paragraphs have an entailment relation with a
query. For the task 3 and 4 data are borrowed from Japanese civil
law articles (translated to English) and the size of the data for these
two tasks are same having 1044 articles.

4 SYSTEM DESCRIPTION
There were four sub-tasks in this competition. We attempt all of
those. In the following subsections we discussed about the experi-
mental procedures, models etc. Basically, the pre-processingmodule
for task 1 and task 2 is the same, which is described in the following
paragraph.

Pre-processing: The pre-processing module comprises of two
stages. In the first stage, i.e. for the first model (named as IITPd2v),
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we perform minimal amount of pre-processing. All the candidate
cases and the base cases are extracted and the paragraph numbers
are removed. In the second stage i.e. for second model (named as
iitpBM25), we remove all the words having length lower than 3
character and all the numerical values from every documents. We
also remove all the stop-words using NLTK tool. Then we lemma-
tize the words using NLTK WordNetLemmatizer 1.

4.1 Task1
The goal of this task is to explore and evaluate case law retrieval
technologies that are both effective and reliable. The task investi-
gates the performance of systems that search a set of legal cases
that support a previously unseen case description. The input of this
system is a query and return noticed cases in the given collection
as output. We say a case is ’noticed’ with respect to a query iff the
case supports the decision of the query case. In this task, the query
case does not include a decision, because our goal is to determine
how accurately a machine can capture decision-supporting cases
for a new case (with no decision).
The training data consists of 285 numbers case queries for this task,
and each query has 200 numbers candidate noticed cases. In the
training data of this task, each case query has an average of 9.87
noticed cases. We propose three models for this task namely IITP
Doc2Vec (IITPd2v), iitpBM25 and iitpDocBM

4.1.1 Models. We have three models to tackle this problem, we
will discuss all these in detail in the following paragraphs.
iitpd2v: In this model, we train the data obtained from stage-1 of
pre-processingmodule. For training purpose wemake use of gensim
Doc2Vec with vector size = 150, window = 10, and with 50 epochs.
For every query, we compute the Doc2Vec similarity between the
base case and all of its candidates. As the task contains variable
number of noticed cases, top 10 candidates whose similarity was
greater than 90% of average score of top two are returned. Total
245 documents are returned for 61 base cases. This model yields
the precision, recall, and F-measure as 0.4653, 0.3455, and 0.3965
respectively.
iitpBM25: From this model, we collect the data yielded by the
stage-2 of pre-processing module. We compute BM25 score of all
the candidate cases for every base case using gensim library. Then
the top 10 candidates whose similarity is greater than 90% of average
score of top two are returned. Thus, the total of 203 documents are
returned. This model produces the precision, recall, and F-measure
as 0.6256, 0.3848, and 0.4765 respectively.
iitpDocBM: In this model we combine the scores obtained from the
previous two models i.e. from the iitpd2v and from the iitpBM25.
Themakemultiplication of those two scores, so that only documents
with high scores on both Doc2Vec and BM25 are ranked. Top 10
candidates whose similarity was greater than 80% of average score
of top two are returned. In this way total of 201 documents are
returned. We compute the precision, recall, and F-measure and get
the scores as 0.6368, 0.3879, and 0.4821 respectively for this model.

1https://pythonprogramming.net/lemmatizing-nltk-tutorial/

4.2 Task2
In this task, the goal is to predict the decision of a new case by
entailment from previous relevant cases. As a simpler version of
predicting a decision, a decision of a new case and a noticed case
will be given as a query. Then a case law textual entailment system
must identify which paragraph in the noticed case entails the deci-
sion, by comparing the extracting and the meanings of the query
and paragraph.

4.2.1 Model. We propose three models for this task. The name
of the models are viz. i. iitp2D2v ii. iitpBM25 and iii. iitp2DocBM
iitp2D2v: For iitp2D2v module, we take the data from stage-1 of
pre-processing module which we train using gensim Doc2Vec. The
specifications for the training is as follows: vector size = 100, win-
dow = 5, and epochs = 50. For every query, Doc2Vec similarity
between the entailed fragment and all of its candidates are com-
puted and the candidate with highest score are returned. This yields
the Precision, Recall, and F-measure of 0.0455, 0.0444, and 0.0449
respectively.
iitpBM25:For iitpBM25, we take the data from stage-2 of the pre-
processing module. For every entailed fragment BM25 score of all
the candidates are computed by employing gensim library. Then
candidate with highest score are returned. This system yields the
Precision, Recall, F-measure scores of 0.7045, 0.6889, and 0.6966
respectively. Please note that we got the highest Precision score
among all the participants in this task. We obtain the F-score which
is the second highest among unique teams.
iitp2DocBM: In iitp2DocBM module, the scores obtained from
iitp2D2v and iitpBM25 are multiplied, so that only candidates with
high scores on both the methods are ranked. Then the candidate
with the highest score is returned. We obtain the Precision, Recall,
and F-measure score as 0.6591, 0.6444, and 0.6517 respectively in
this task.

4.3 Task3
This task investigates the performance of the systems that search
a static set of civil law articles using previously unseen queries.
The goal of this task is to return relevant articles in a collection
to a query. We call an article as "Relevant" to a query iff the query
sentence can be answered as Yes/No, i.e. entailed from the mean-
ing of the article. If combining the meanings of more than one
article (e.g., "A", "B", and "C") can be answered a query sentence,
then all the articles ("A", "B", and "C") are considered as "Relevant".
If a query can be answered by an article "D", and it can also be
answered by another article "E" independently, we also consider
both of these articles "D" and "E" as "Relevant". This task requires
the retrieval of all the articles that are relevant to answering a query.

4.3.1 Model. We propose four models in this task namely iitpBM25,
iitpBM25-L, iitptfidf and iitptfidf-L. The following points will discuss
all the models in detail.
iitpBM25: In this module, for every query BM25 score of all the
articles are computed using gensim library. Then candidates having
the highest score are returned. The total 98 results are retrieved
among which 54 are correct. Total number of correct entries in the
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corpus was 121. We obtain the Precision, Recall, and F2-measure of
0.5510, 0.4462, and 0.4639 respectively.
iitpBM25-L: This model is the modified version of the previous
one. We extract the top 100 documents in Descending Order of
their score for each query. 109 out of 121 articles in the corpus are
retrieved correctly. iitptfidf: In this model, for every query tf-idf
score of all the articles are computed using sklearn TfIdfVectorizer
library2. The candidates having the highest scores are returned.
Total 98 articles are retrieved among which 49 are correct. Total
number of correct entries in the corpus was 121. So the precision,
recall, and F2-measure provided by this system are 0.50, 0.4049, and
0.4209 respectively.
iitptfidf-L: This model also the modified version of the previous
one. We retrieve top 100 documents for each query. The model
retrieves 108 articles out of which 121 articles correct.

4.4 Task4
Pre-processing: In the Task 4 the pre-processing procedure is as
follows. We extract the data from the given .xml files containing
tags named as ’pairs’, ’t1’, and ’t2’. Under a ’pair’ of ’t1’ and ’t2’, we
have to find their entailment relationship. We use the ’id’ attribute
under the ’pair’ tag as a key to store the corresponding article(t1)
and the document(t2). For the training of the model we make use of
the training data provided for Task 3 and tested the system using
the test data provided in the Task 4. We extract the task-4 data for
training in similar ways as of task-3 discussed above. Here along
with ’t1’ and ’t2’, we also got the ’label’ attribute under pair tag
which are used as training labels. We gather all ’t1’ś and ’t2’ś along
with their labels to form the training dataset. In Task 4 for training
purpose we got 12 files containing 724 training examples with 353
instances as ’Yes’ and 371 instances ’No’.

4.4.1 Model. Here only one model is offered. The description of
the model is as follows.
iitpbert: In this task we propose a model named as ’iitpbert’. We
make use of BERT-Base-Uncased (Bidirectional Encoder Represen-
tation from Transformer)[2] model to combat this problem. We
provide all the ’t1’s and ’t2’s as inputs to the BERT model. This
task is basically a sentence pair classification task. So we obtain the
final hidden state (i.e. output of Transformer) corresponding to the
first ’[CLS]’ token as the vector representation for the classification
tasks. We check that the combined length of t1 and t2 should be less
than 512 or not. BERT model can handle the maximum length of
512. We strip the tokens after index 512, if it exceeds 512. We obtain
a matrix of shape N*M where N is number of training examples and
M is the dimension of the output vector of BERT (here M = 768).
We try to add dense layers and other machine learning models like
SVM and XgBoost on top of that output vectors to train them end
to end. This yields an accuracy of around 55% when validated on
a held out train set. We choose to stay with the trained XgBoost
classifier and use it to predict labels for the task-4. We submit that
file with predicted file for evaluation. This approach produces an
accuracy of 59.18% on the test set for this task.

2https://scikit-learn.org/stable/modules/generated/sklearn.feature_extraction.text.TfidfVectorizer.html

Table 1: Results obtained by proposed models in Task-1

Models Precision Recall F-measure
iitpd2v 0.4653 0.3455 0.3965
iitpBM25 0.6256 0.3848 0.4765
iitpDocBM 0.6368 0.3879 0.4821

Table 2: Results obtained by proposed models in Task-2

Models Precision Recall F-measure
iitpd2v 0.0455 0.0444 0.0449
iitpBM25 0.7045 0.6889 0.6966
iitpDocBM 0.6591 0.6444 0.6517

Table 3: Results obtained by four proposedmodels in Task-3

Models Precision Recall F2-measure MAP
iitpBM25 0.4898 0.3967 0.4142 X
iitpBM25-L X X X 0.5409
iitptfidf 0.4388 0.3554 0.3694 X
iitptfidf-L X X X 0.5056

5 RESULTS AND DISCUSSIONS
The task organizer’s defined various measures to evaluate the par-
ticipating systems. The task 1 and task 2 rely on precision, recall and
F-measure. In task 3, in addition to precision, recall and F2-measure
they also encourage the participant to take Mean Average precision
(MAP) into account. Whereas, in task 4 only accuracy is provided
as the evaluation metric. The results for the task1, and task-2 in
three methods are shown in the Table 1 and Table 2 respectively.
The results for the task-3 using four models are shown in the Table
3

Please note that here we have calculated Mean Average Precision
(MAP) by taking top 100 ranked documents into account. The MAP
scores are shown in iitpBM25-L and iitptfidf-L methods in the 5th
column of the Table 3. In task 4 participants are encouraged to
compute the accuracy to evaluate their submitted systems. So in
this task we compute the accuracy on from our Yes/No prediction.
We obtain the accuracy of 59.18% for the task with our proposed
model.

6 CONCLUSION AND FUTUREWORK
The paper presents our experiment’s report performed as a part of
our participation in all the four sub-tasks defined in the shared task
entitled COLIEE-2019 organized in ICAIL 2019. We propose various
text retrieval methods (Doc2Vec, BM25, and tf-idf ) for sub-task 1,
sub-task 2, and sub-task 3. BERT model is employed for tackling the
sub-task 4. We obtain encouraging results in all the four sub-tasks
and our ranks in all the four task are in a quite modest position
among all the participants in the leaderboard. Our future line of
research could be something as follows:

• Using some good pre-trained vector embeddingwith sent2vec
could produce better result, so we would link to foster this
in future.
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• We would like to use BERT-large model (another version of
BERT) to explore how it is performing.

• We would like to do retrospective analysis of the best three
models in this competition to get some insights and for better
improvement further.
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ABSTRACT
Task 1 of the COLIEE competition proposes a challenge in informa-
tion retrieval of legal cases: given a legal decision from Canadian
courts, with references to previous cases omitted, the task is to
find which cases from a pre-selected pool were actually cited by
the decision. This task captures important aspects of the challenge
of developing methods for finding relevant cases for supporting,
for instance, a practising lawyer. In this work, we present an ap-
proach to address this challenge based on vector representation of
cases. Vector representations of text have been successfuly used for
a variety of natural language processing tasks, such as semantic
similarity and textual entailment. We explore the performance of
some such methods with out-of-the-box tools, in combination with
two different classifiers: random forests and k-nearest neighbours.
Additionaly, we explore the impact of adding a feature consisting
of how many times a particular past case has appeared in the entire
dataset. We find that this feature increases the F1 score of at least
19.89 percent points. We hypothesise this may be an artifact of the
way the dataset is constructed. With the inclusion of this feature,
in our experimental setup, we obtain results of 62.10% F1 score, in
cross-validation evaluation.

CCS CONCEPTS
• Information systems → Information retrieval; • Applied
computing → Law; • Computing methodologies → Natural
language processing; Machine learning.
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1 INTRODUCTION
Legal information retrieval has practical importance, as much of
lawyers’ activities is finding documents relevant to a new case at
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hand. Examples are applicable statutes, academic opinions, and
similar past cases. These documents can be persuasive as well as
authoritative sources of law, and are therefore crucial for supporting
legal argumentation [Schauer 2009, pp. 61-75].

One interesting way of drawing the attention of the academic
community to a particular problem is by the creation of shared tasks
(or challenges), in which a problem is transformed into a controlled,
well-defined version, with clear evaluation criteria. Participants
then submit systems which try to solve the problem, which are
then ranked. The COLIEE (Competition On Legal Information Ex-
traction and Entailment) is one example, calling for participation in
four different tasks, amounting to information retrieval and textual
entailment tasks in two different scenarios: case law and statute
law.

Legal systems across the world are usually roughly divided
into two archetypes: common law systems and civil law systems
[Schauer 2009; Tetley 2000].1 In the archetype of common law sys-
tems, legal content is mostly created from legal decisions, by a
mechanism of respecting the precedent called stare decisis. Roughly
speaking, according to this, whenever a legal problem is given a
specific legal solution, it is mandatory to apply the same solution
for future cases with the same legal problem, under similar circum-
stances. In this way, the content of law is made by the decisions
of judges. Contrary to this, in the archetype of civil law systems,
legal content is typically created by legislators (e.g. a parliament),
who give rise to general and abstract rules (usually in specific texts
called codes) that should then be applied by the courts [Schauer
2009, pp. 103-108]. Even if real legal systems do not exactly follow
such descriptions, these are informative about the main focus and
attitude from participants in particular systems. However, it has
been claimed that many legal systems in the world are incorporat-
ing features of both, that is, both systems are approximations. That
is, precedents are becoming more important in civil law countries,
while in common law countries the creation of detailed statutes and
legal interpretation techniques are being emphasized [Schauer 2009,
p. 108]. Thus, research on intelligent systems for case law, such
as developing methods for finding related past cases, arguments
on precedents, and legal content defined on legal decisions, can
be useful not only for traditionally considered common law legal
systems, but for civil law systems as well.

1Those names are originated from two particular traditions in the West: the English
tradition and the Roman one. The former includes the United Kingdom, the United
States, Australia, Canada, India, among others; while the latter includes continental
Europe and Latin America, among others. However, here we are following Schauer
[2009, pp. 103-104] in considering two stereotypical descriptions of the approach to
law. For instance, for these purposes Schauer [2009] considers Islamic law, Chinese
law, and socialist law as civil law traditions.
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We present an approach for COLIEE Task 1: information retrieval
on case law. A summary of the task is: given a legal decision from
Canadian courts, with references to previous cases omitted, the
task is to find which cases from a pre-selected list were actually
cited by the decision. This simulates a situation in which there is a
new situation at hand, and a lawyer would like to find past cases
which could be informative about the law regarding the new case.

In this work, we use an approach based on vector representa-
tion of texts [Manning et al. 2008, pp. 107-123]. In particular, we
use vectors derived from term frequency and inverse document
frequency (tf-idf) and from sentence embeddings generated from
entailment data [Cer et al. 2018a,b; Conneau et al. 2017; Manning
et al. 2008], analysing whether this kind of sentence embedding
provides improvements over regular tf-idf. We treat the problem as
a classification problem using features derived from such represen-
tation of data. We compare the results of two different classifiers:
random forests and k-nearest neighbours. Additionally, we investi-
gate the impact on performance of the models of adding a feature
consisting of how many times a particular past case has appeared
in the entire dataset. We find that this feature increases the F1 score
of at least 19.89 percentage points. We hypothesise this may be an
artefact of the way the dataset is constructed. With the inclusion
of this feature, in our experimental setup, we find results of 62.10%
F1 score, in cross-validation evaluation.

This paper is organised as follows. In Section 2 we present the
background for our approach. In Section 3 we describe the data
in the competition and the techniques we used for solving the
problem. In Section 4 we explain our experimental setup and show
our results. In Section 5 we discuss previous approaches in the
literature and, finally, in Section 6 we present final considerations
and discuss future work.

2 BACKGROUND
The usage of vector representations of text is traditional in the
information retrieval literature, allowing the use of convenient
linear-algebraic methods [Manning et al. 2008, pp. 107-123]. We use
here two different kinds of vector representations of documents:
tf-idf and dense sentence embeddings.

A traditional way to convert documents into vector representa-
tions is based on word counts, resulting in models called bag-of-
words, as a document is a function only of which and how many
words occur in it (but not of word order or any kind of organiza-
tion in the text) [Manning et al. 2008, p. 107]. The simplest way
of doing so is building a vector space in which every coordinate
represents the number of times a specific word occurs in a text.
As very common words are usually not considered informative
with respect to distinguishing documents, a usual improvement is
making the value correspondent to a word inversely proportional
to the number of documents in the corpus in which the word ap-
pears [Manning et al. 2008, pp. 107-109]. Typically this is done by
multiplying each coordinate i corresponding to a word w by the
inverse document frequency (idf), defined by id fi = loд N

dfi
, where

N is the number of documents and d fi is the number of documents
in whichw appears.

A distinct way of calculating vector representations of texts is
by using (dense) sentence embeddings. While tf-idf are long and

sparse, there are other methods of calculating vector representa-
tions of text which produce short and dense vectors. Many methods
were originally designed for vector representation of words [Bengio
et al. 2003; Mikolov et al. 2013], based on the principle of trying to
predict words’ occurrence [Baroni et al. 2014] instead of counting
co-occurrences of words. Inspired by these approaches, vector rep-
resentations of sentences were developed as well [Cer et al. 2018a,b;
Conneau et al. 2017; Hill et al. 2016; Kiros et al. 2015]. Initially, the
literature on sentence embeddings was based only on manually
unannotated text, using supervised learning in order, given a sen-
tence, to predict the adjacent sentences [Conneau et al. 2017; Hill
et al. 2016]. Building on these works, there are now approaches
for including information derived from other linguistic tasks [Cer
et al. 2018a,b; Conneau et al. 2017], especially natural language
inference (NLI, also known as textual entailment) [Bowman et al.
2015]. The intuition is that sentence embeddings generated from
supervised semantic tasks could capture this semantic information
in the distributed representations. In particular, in this work we
use the universal sentence encoder (USE) model, which is gener-
ated from multi-task learning, including a sentence prediction task,
and semantic tasks, such as sentiment analysis and semantic tex-
tual similarity [Cer et al. 2018a,b]. That is, USE uses not only the
non-manually annotated signal, but information from manually
annotated tasks as well.

Given vector representations of two different texts, a typical
method for comparing their similarity is by measuring the cosine
between them [Manning et al. 2008, p. 111], which in vectors nor-
malized by length corresponds simply to the dot product. Another
measure is the length of the difference between the vectors [Con-
neau et al. 2017], although this is a simple transformation of the
cosine if the vectors are normalized. Using either of those measures
provides a single number which can be used as a (dis)similarity
measurement in a way which is independent of the task at hand.
However, given a training set for a specific task, we can use these
similarity measures as features of a supervised machine learning
task [Manning et al. 2008, pp. 315-320], such as nearest neighbours
classification [Mitchell 1997, p. 231], random forests [Breiman 2001]
and support vector machines [Cortes and Vapnik 1995]. This is what
we do in this work.

3 DATA AND METHODS
The dataset for Task 1 of the COLIEE competition is drawn from
Canadian Courts, mainly from the Federal Court of Canada [Kim
et al. 2018, p. 2]. The task is presented as follows: there are a num-
ber of problem instances, where each instance consists of a legal
decision (hereinafter “new case”) in which every citation or refer-
ence to a past case was suppressed. Each instance also contains a
set of 200 other legal decisions (from now on, “candidate cases”).
Some of those were originally referenced in the new case (“noticed
cases”) and others were not. The goal is, for each instance, finding
which decisions among the candidate cases are noticed cases. More
formally, a solution should return, for each instance, a subset of its
candidate cases. Then the returned solution is evaluated against the
correct one by the F1 metric, the harmonic mean between precision
and recall.

51



Retrieving Legal Cases with Vector Representations of Text COLIEE 2019, June 21, 2019, Montreal, Quebec

According to the description of the previous edition of the com-
petition, the set of candidate cases is generated as follows: first the
noticed cases are included, and then cases are (likely uniformly)
randomly sampled from a database of cases2 [Kim et al. 2018].

A training dataset is made available, containing in total 285 in-
stances, with the extra information of the list of noticed cases3.
There are a total of 10346 unique candidate cases in the training set,
as the same decision may appear as a candidate case in different
instances. The task itself is evaluated then on a test dataset, con-
taining 61 instances, but now without the set of noticed cases (i.e.
the answers). In the test set, there are a total 7109 unique candidate
cases. Including every case (new cases and candidate cases) in the
training set, the average number or words (tokens) is 2537.60, with
standard deviation of 1689.69 words. For the test set, the average
number of words is 2411.39, with standard deviation of 1609.18
words4.

Our approach for this task consists in representing case texts
as vectors and using such vectors to create features for supervised
learning tasks. We transform this problem in such way to make it
amenable to two-class classifier techniques. In particular, we make
every pair (new case, candidate case) an element to be classified
as either relevant or irrelevant (an approach presented by, e.g.,
Manning et al. [2008]). As the evaluation is not based on ranked
predictions, only on binary ones, it is not necessary to consider the
scoring between the presented noticed cases.

Noticing the repetition of candidate cases, we also explored with
one extra feature: the number of instances (in the entire dataset) a
particular candidate case appeared as a candidate. Due to the way
the instances were created, we conjectured this value might present
some bias.

More specifically, we consider two main scenarios: (A) random
forests, using as features the cosine score between the vector rep-
resentations of the new case and the candidate case; (B) k-nearest
neighbours, using as features the entire vectors of the new case
and of the candidate case. As the k-nearest neighbours method
by itself considers the distance between the elements, we use the
entire vectors as features in order to make it comparable to random
forests using features for vector similarity directly. In each of those
two scenarios we also consider our extra count feature.

This approach has some weaknesses for the task at hand. Ideally,
we would like a classification system which considers hypotheses
on the set of all noticed cases, that is, capturing the entire task
for an instance at the same time. The formulation as a binary clas-
sification problem does not consider this, as using this approach
the classification decides on each candidate case separately. This
means that some aspects are limited. For instance, one example of
information that could not be adequately used in this scenario is
the number of noticed cases. Even if the exact number of noticed
cases in a particular new case was known, this setup would not
be able to guarantee that this exact number would be predicted as

2The universe of cases included in this database is unclear.
3Notice that even though there is the list of noticed cases, it is not presented in which
parts of the new case they were referred. That is, the correspondence between noticed
cases and the new case text, originally occurring, is still absent. This creates an extra
challenge from approaches based on, for instance, trying to guess the noticed cases by
associating the candidate cases with the parts in which a reference was suppressed.
4The number of words is counted in tokens (not unique word types), and was calculated
by using the tokenizer distributed with the Gensim package for Python.

noticed cases, as each decision for a pair (new case, candidate case)
is made without information on how the decision was made for the
other candidate cases. Using a more precise method for this is left
for future work.

4 EXPERIMENTS
We used the Python package Gensim to generate tf-idf vectors from
all case texts from the entire dataset [Řehůřek and Sojka 2010], as
well as the universal sentence encoder (USE) [Cer et al. 2018a,b],
version 2, trained on the deep averaging network encoder. For the
classification methods, we used random forests and k-nearest neigh-
bours, implemented in the Python package Scikit-learn5 [Pedregosa
et al. 2011].

We explored the following hyperparameters: a) in random forests,
the number of estimators (from 5 to 200) and the split criteria
(information gain vs Gini impurity); b) in k-nearest neighbours,
only the number of neighbours (from 5 to 20). Although we did
not use over-sampling or under-sampling, we adjusted weights in
the random forests in order to be inversely proportional to class
frequency in the training data6. More specifically, in a dataset of
size D, with m different classes, each one with Dc instances for
class c , the weight of an instance of class c is defined as D

m∗Dc
.

We run our experiments in 5-fold nested cross-validation. In this
procedure, 5-fold cross-validation is made for partitioning between
a training set and a test set, and then the training set is partitioned
(using 5-fold cross-validation as well) into properly training set
and a validation set, for hyperparameter search. The best choice
of hyperparameters is then trained on the entire (training and
validation) training set, and evaluated on the test set. Following
Forman and Scholz [2010], we report precision, recall and F1 scores
aggregated from the cross-validation by summing the number of
true positives, false positives and false negatives of every fold, and
then using the definitions of the metrics, and not by averaging the
F1 (or precision and recall) scores from each fold, as the average is
shown to be biased. This is also the reason why we do not report
standard deviation of the aggregated metrics.

The results are in Table 1. We then evaluate the top 3 models
on the test set, and we report results on Table 2. The model we
submitted (CLARg) was k-nearest neighbours using TF-IDF, USE and
counts. However, the results here differ from our official submission
(with 46.01% F1 score), as unfortunately there was a flaw in our
system and thus our method had been incorrectly trained. We also
report baseline results from retrieval based simply on the top-k
most similar according to cosine distance, for both tf-idf vectors
and for USE embeddings, in Table 3. As the method is unsupervised,
we simply report results on the entire training dataset.

We find that the number of occurrences feature is responsible for
much of the results, up to 19.89 percent points in random forests,
and up to 29.22 percent points in k-nearest neighbours, when using
both tf-idf and USE. The most dramatic difference is on tf-idf with k-
nearest neighbours, 30.21%. We hypothesize that this is an artefact
of the way the dataset is generated. One possibility is, for instance,

5We experimented briefly with support vector machines as well, but without under-
sampling negative examples their training time was impractically high.
6This is an already implemented feature in Scikit-learn: https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.
html#sklearn.ensemble.RandomForestClassifier
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Table 1: Results on the training dataset, on nested 5-fold cross-validation, for the supervised learning approaches.

Method (with features) Precision Recall F1
Random forests - TF-IDF, USE, counts 78.19% 49.93% 60.94%
Random forests - USE, counts 51.36% 39.37% 44.57%
Random forests - TF-IDF, counts 59.37% 50.54% 54.60%
Random forests - TF-IDF, USE 57.37% 31.97% 41.05%
Random forests - USE 12.37% 11.91% 12.14%
Random forests - TF-IDF 33.18% 29.95% 31.48%
K-Nearest neighbours - TF-IDF, USE,
counts

82.30% 46.64% 59.54%

K-Nearest neighbours - USE, counts 84.57% 49.06% 62.10%
K-Nearest neighbours - TF-IDF, counts 87.15% 35.60% 50.55%
K-Nearest neighbours - TF-IDF, USE 65.59% 20.52% 31.27%
K-Nearest neighbours - USE 65.01% 22.01% 32.88%
K-Nearest neighbours - TF-IDF 29.63% 00.54% 01.06%

Table 2: Results on the test dataset, for the supervised learning approaches.

Method (with features) Precision Recall F1
Random forests - TF-IDF, USE, counts 78.64% 49.09% 60.45%
K-Nearest neighbours - TF-IDF, USE,
counts

84.49% 47.88% 61.12%

K-Nearest neighbours - USE, counts 86.34% 47.88% 61.60%

Table 3: Results on the training dataset for the unsupervised top-k retrieval based on cosine similarity.

Vector representation Number of retrieved (k) Precision Recall F1
USE 5 28.21% 27.05% 27.62%
USE 10 20.39% 39.10% 26.80%
USE 15 16.51% 47.51% 24.51%
TF-IDF 5 46.74% 44.82% 45.76%
TF-IDF 10 32.21% 61.78% 42.34%
TF-IDF 15 25.22% 72.54% 37.42%

that there is some kind of bias in the sampling of “extra”, non-
noticed cases in order to fill the 200 candidates for every instance,
making the non-noticed cases occur as candidates with different
probability than noticed cases.

In order to investigate this distinction, we compare in Figure
1 the distribution of the number of occurrences feature between
cases which are noticed in at least one instance (1195 cases), and
cases which are never noticed (9151 cases). The graphs show the
difference between them, and how having a low value (more specif-
ically, value 1) in this feature can be suggestive that the case is a
noticed one. This also suggests that there is some bias in sampling
the candidate cases for making each entry, in that some noticed
cases may not be part of the sampled universe of cases.

Lastly, in the test set, the models have particularly high precision
(78% or more). This might be due to the number of occurrences
feature. It could be argued that, for some natural use cases of a
retrieval task, recall should have greater importance. While this is
reasonable, the competition uses F1 as the final metric, as opposed
to Fβ scores with β greater than 1, which gives higher weight to
recall.

5 RELATEDWORK
According to the reports of the COLIEE 2018 edition, the winning
method used document embeddings, generated from training a
machine learning model on a summarization task, in which the
summary (occurring in the original full text) of each case is consid-
ered a gold label, and the input is the text decision [Kim et al. 2018,
p. 8]. The top-10 most similar candidates are retrieved. The second
best method is by the same authors, using a relative number from
the score deviation instead of strictly the top 10. The third best
method was a random forest classifier on features based on doc2vec
cosine similarity and tf-idf Euclidean distance. Other approaches
used were association rules, classifier ensembles, over-sampling
and under-sampling, and tf-idf selecting the k nearest candidates
and applying a threshold on similarity in order to filter after top-k
retrieval.

One important difference from the previous competition is that
the new cases are now the complete text of a legal decision, with
citations to past cases omitted. Previously, only the summary and
the factual description part of the decision from the new cases were
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(b) Not noticed candidate cases (total of 9151 cases)

Figure 1: Distribution of the number of occurrences feature, for two different groups: candidate cases which are noticed in at
least one instance 1a, and candidate cases which are never noticed 1b.

available. For this reason, results from the previous competition are
not directly comparable to results on the current one.

Regarding legal information retrieval in general, van Opijnen
and Santos [2017] and Turtle [1995] discuss particular differences
between legal retrieval and information retrieval in other domains,
such as document size, document structure, the specificities of
language (not only in vocabulary, but also in writing style), and the
existence of a system as the context in which legal documents are
generated, among others. van Opijnen and Santos [2017] discuss
different dimensions of relevance for legal information retrieval, in
the context of real systems.

Turtle [1995] presents an overview of information retrieval con-
textualized to the legal domain. A more recent presentation is in the
work of Ashley [2017, chapter 7]. An example of a legal document
management system, using cosine similarity on tf-idf vectors, is
the work of Boella et al. [2016]. Koniaris et al. [2016] present an ex-
periment on diversification heuristics in legal information retrieval,
in order to provide non-redundant results.

Recent commercial legal information retrieval systems use fea-
tures such as metrics from citation networks, expert-generated
annotations, and user feedback, as well as lexical and conceptual
information [Ashley 2017, chapter 7]. Other approaches include
the usage of legal ontologies [Saravanan et al. 2009], as well as
integration with legal case-based systems [Daniels and Rissland
1997a,b], such as Hypo and CATO [Aleven 2003; Ashley 1991].

6 CONCLUSION
In this work, we used vector representations of legal sentences
for the task of information retrieval in case law, in the COLIEE
competition. We explore Universal Sentence Encoder, a sentence
embedding method, and the more traditional tf-idf vectors. We used
features derived from vector representations to pose the problem
as a binary classification task, which we solved with two different
classifiers: random forests and k-nearest neighbours. We concluded
that pre-trained sentence embedding features used in this way do

provide improvements over using tf-idf only. A more sophisticated
way of using sentence embeddings is by fine-tuning (or perhaps
even retraining from scratch) the representation on legal text, which
we leave for future work.

We also explored the impact of adding a feature consisting of
how many times a particular past case has appeared in the entire
dataset, noticing that it has a dramatic effect on the F1 score. Our
findings with respect to the new feature may be useful for designing
future competitions.

Possible future work is using neural networks as classifiers,
which fits naturally with the use of sentence embeddings: in that
way, sentence embeddings can be used as well not as fixed features,
but as starting parameters in a neural network architecture, inte-
grating embedding generation with solving the specific retrieval
task. Another possible development is using more specific parts
of the text, instead of treating each decision as a single input to
be transformed into a vector. As the decisions have some sort of
structure, being sensitive to it could improve results. Finally, while
sentence embeddings may prove useful, they are not interpretable.
The development of sentence embeddings which are in some sense
human understandable would make them more appealing, follow-
ing work which already started on word embeddings.
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ABSTRACT
This paper evaluates TR Statues’ approach to handle entailment
against a small domain-specific data set from COLIEE 2019 Task
4. While other domains have seen advancements in Natural Lan-
guage Inference (NLI) tasks, legal entailment has been difficult
particularly for supervised approaches. The examine two super-
vised approaches against the entailment of the Japanese Civil Code.
The first approach leverages a Random Forest model trained with
similarity features from a question answering system developed for
an unrelated task. The second approach applies transfer learning
against a decomposable attention model. Transfer learning demon-
strated a modest improvement over past attempts with the same
deep learning architecture.
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1 INTRODUCTION
The Competition on Legal Information Extraction/Entailment (COL-
IEE) focuses on the entailment of legal text. This paper focuses on
the entailment task of bar exam questions about the Japanese Civil
Code. Given the relevant articles from the Japanese Civil Code, the
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system must determine if the provide bar exam question entails ’Y’
or contradicts ’N’ the statutes.

This work explores two different approaches to textual entail-
ment of civil law. The first approach implements a traditional NLP
pipeline and extracts language features to classify the premise and
hypothesis pairs. The second approach implements a deep learning
model with unsupervised pre-trained embeddings. The pre-training
task can be analogized to the principles of statutory construction.
While our model revisited the decomposition attention architec-
ture used by JAIST [14], the pre-training step demonstrated a 4.9%
improvement in absolute accuracy.

While this task is defined for Japanese statutes, it holds impor-
tance to US laws also. Statutory interpretation remains a major
function of the US court systems. When parties cannot agree on
the statute’s meaning, a judge applies the rules of statutory con-
struction to interpret a statute [4] [13]. These rules are contextual
and give the judge a means to understand the legislature’s intent.

The foremost rule of statutory construction is the plain-meaning
rule (Sutherland §46:1). This rule dictates that a word’s ordinary
meaning applies unless that meaning yields an absurd result. The
primacy of this rule suggests that statutory interpretation will bene-
fit from transfer learning approaches to natural language inference.
Although there are a large number of particularities (necessitating
a large volume to study them [13]), a system that could determine
statutory entailment just at the level of plain language would have
considerable value, allowing counsel and court officials to check
the statutory implications of a theory of law.

COLIEE Task 4 focuses on situations where the statute’s text
provide sufficient context. Inferences drawn from the statue’s own
text are known as intrinsic aids [13]. Intrinsic aids exclude situations
where an external source provides the necessary context, like a
dictionary [8] or case law. The intrinsic aids similar to task 4 are as
follows:

• Noscitur a sociis translates to "know by its partners." The
rule determines the meaning based on surrounding words
in context. Sutherland §47:16

• Eiusdem generis translates to "of the same kind." If a list
contains several specific descriptors and one generic descrip-
tor, the generic descriptor should be limited to the same
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class. This rule is similar to "Noscitur a sociis" in that the
proceeding words bound the context. Sutherland §47:17

• Superfluous: The rule dictates that every clause and word
conveys the legislator’s intent. In other words, any hypothe-
sis must consider all the statutes words in order to be a valid
entailment. Sutherland §46:6

• Conflict: The rule states that the statute’s parts must not
conflict. In essence, the statute should be read as a whole
where the subsequent parts should entail the proceeding
parts. Sutherland §46:5

• Similarity or difference: If the statute references the same
word in different parts, then the word should convey the
same meaning. Sutherland §46:6

2 ENTAILMENT APPROACHES
We examine two approaches:

(1) Similarity features. This is a baseline method consisting in a
number of human-crafted features derived from an off-the-
shelf NLP4J pipeline. These human-crafted features were
designed for a question-answering task and repurposed for
this task.

(2) Decomposable attention. This is a deep learning method
which builds on a previous COLIEE entry.

In both cases, words in the premise and hypothesis are compared
and then the scores are aggregated to determine if entailment holds.

2.1 Similarity features
The feature-based entailment system under evaluation here does
not attempt to model sophisticated aspects of entailment such as
negation, role assignment, or party assignment. Rather, it simply
models the liminal question of whether the context and hypothesis
are related. While this is expected to be inadequate to the task, other
entailment approaches have also used similarity or word overlap
features in non-deep learning models[12].

Instead of building similarity features from scratch, the baseline
model re-purposes a feature pipeline intended for question and
answer generation. The general idea behind these features is that
concepts (important tokens or short sequences of them) from the
question are more likely to occur in certain positions within high-
quality answers as compared to the position of matching concepts
within lower quality answers. Concepts present in both the question
and a high quality answer will often occur:

• Near the beginning of the candidate answer
• Near the root node of the parse tree for the candidate answer
• Near each other within the candidate answer

Removed from the original question-answering task, these fea-
tures are derived from the context and hypothesis sentences. They
formalize intuitions about positional relationships between premise
and hypothesis. The features are various aggregations (max, min,
mean) and facets (all tokens, only some classes) of the following:

• Offset features: Measure distance to hypothesis words from
start of the statute text, scanning left to right. Aggregations
and facets include: average and minimum distance, counting
only nouns or all matches, and offsets measured in tokens
versus characters.

• Tree distance features: Measure length of the shortest path
for each pair of hypothesis words found in the statute’s text.
Matches are based on word lemmas and exclude stop words.

• Tree depth features: Measure distance from root node
to each hypothesis word found in the statute’s parse tree.
Matches are based on word lemmas and exclude stop words.

• Symmetric difference features: Measure symmetric dif-
ference using a sliding window over the relevant statutes
(natural text, left to right), counting how many tokens are
present in the symmetric difference for every window. Win-
dow size is determined by the hypothesis length.

The features generated were used in a regression against the
entailment labels using standard cross-validation methods. Random
Forest models were considered.

While this model incorporates similarity features, the baseline
model won’t fully handle paraphrasing because it leverages only
token and lemma features. COLIEE’s 2018 data set included 18
example that exhibit paraphrased passages and or verbs [18]. Meth-
ods based on word embeddings, such as [14] could be expected to
handle paraphrasing better.

2.2 Decomposable attention
While JAIST [14] applied decomposable attention models to legal
entailment in the 2017 competition, the submission scored slight
above baseline. The authors attributed the poor results to the small
training set provided for task 4. The small data set also caused
issues for supervised models in the 2018 competition [18]. Lack of
data is not a unique problem in the legal domain as standard data
sets focus on readily available web or news content [15].

When small data sets limit supervised learning, new solutions
incorporate cross-domain training data [15], pre-training via an un-
supervised learning model [1] [2], or multi-task learning [7]. These
approaches train generalized models and then later are fine-tuned
to a specific task. We find that the BERT pre-training approach
yields a 4.7% accuracy improvement for this task, compared to a
previous submission that did not use BERT.

Given the advances with cross-domain data sets and pre-training,
we revisited decomposable attention models. The model architec-
ture was identical to JAIST’s 2017 submission [14]. Our submission
incorporates AllenNLP’s decomposable attention model [3] which
includes the same attend, compare, and aggregate components as
JAIST.

Although the general architecture remained the same as the
JAIST-NLP attention model, our model implements two significant
differences: pre-trained language model and sentence selection. The
pre-trained language model learned legal terminology by predicting
missing words in the statute text and the statute’s next sentence.
The sentence selection reduces the hypothesis input length to avoid
truncation via the model’s text embeddings.

2.2.1 Pretraining. Our model implements BERT embeddings be-
cause BERT’s pre-training aligns well with the statutory rules of
construction. BERT’s pre-training executes two tasks: a mask lan-
guage model (MLM) and the next sentence prediction. The MLM
task aligns with the construction rules because it predicts masked
words by their surrounding context. In other words, the masked
word is noscitur a sociis or known by its partners, Sutherland §46:6.
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A judge must infer a word’s meaning based on the context of the
surrounding words in the statute [13].

The next-sentence prediction task aligns well with the construc-
tion rules because this task checks the consistency between sen-
tences. The next-sentence prediction task predicts if a random
sentence is next or comes from elsewhere in the corpus. If a word
exists in both sentences, then each instance of the word should con-
vey the same meaning. The test mimics the similarity or difference
rule in Sutherland §46:5. The next-sentence test also ensures the
sentences do not conflict, like the Sutherland §46:6.

2.2.2 Sentence selection. Although the BERT pre-training relates
well to the statutory rules of construction, the sentence selection
dealt more with the selected tool’s limitation than legal canon. The
Hugging Face embedder truncated the inputs after a maximum
sequence length [16]. Rather than design a new deep learning archi-
tecture, our approach limited the input to the three most relevant
sentences.

The sentence selection is as follows. The data preparation script
splits the relevant statutes into sentences. The script transforms the
question and the statutes sentences into a vector with scikit learn’s
TfidfVectorizer [10]. Each statute sentence x was then compared
to the hypothesis sentence y:

k(x ,y) = x⊤y (1)

The script ranks the hypothesis sentences and then selects the top
three as input for the decomposable attention model.

Unfortunately, this approach runs counter to the rules of con-
struction because the model does not consider the entire statute
when deciding if the statute entails the claim [13]. The decompos-
able attention model typically compares two sentences instead of
full paragraphs. Given that d is the embedding dimension and l is
the sentence length. If l > d, then attention networks are not com-
putationally efficient compared to other architectures like RNNs
[9].

3 EXPERIMENTS
This section describes the experiments conducted for the COLIEE’s
statute entailment task, task 4. We submitted two runs for evalu-
ation, one each from the similarity feature and the decomposable
attention models, TRSimFeat and TRAttn, respectively. Table 1 lists
the results from both approaches in bold.

3.1 Decomposable attention with MultiNLI
training set

Before training a model against COLIEE’s training data, we evalu-
ated a multi-source training set because we wanted to understand
if the "plain meaning rule" actually applies to the Japanese civil
code. This experiment utilized the MultiNLI [15] training and de-
velopment sets to build the model. Then this experiment evaluated
the model against the entire COLIEE data set from H18 to H29.

This experiment ran the decomposable attention model provided
by AllenNLP [3]. The run used the BERT’s large uncased embed-
ding retrieved from the Hugging Face repository [16]. The BERT
embeddings where originally trained with 24 layer, 16 heads, and
1024 hidden dimensions [2]. The model used AllenNLP’s tokenizer

Submission Correct Accruacy
BaseLine 51/98 0.5204
UA_Ex 67 0.6837
KIS_3module 61 0.6224
IITP 58 0.5918
KIS_dic 58 0.5918
UA_Go 58 0.5918
KIS_frame 57 0.5816
DBSE 56 0.5714
JNLP.t=98 56 0.5714
TRAttn 55 0.5612
TRSimFeat 52 0.5306
JNLP.t=85 51 0.5204
EVORA1 50 0.5102
JNLP.t=78 48 0.4898
EVORA3 47 0.4796
EVORA2 44 0.4490

Table 1: COLIEE 2019 Task 4 Results

Hyper Param Attend Compare Aggregrate
Input Dim 1024 2048 400
Layers 2 2 2
Hidden Dim 200 200 200,3
Activations relu relu relu,linear
Dropout 0.2 0.2 0.2,0.0

Table 2: MultiNLI generalized model’s hyper-parameters

which does not produce word-pieces. Table 2 lists the settings for
the decomposable attention model.

Before attempting to train the attention model, the experiment
held out the entire COLIEE training set (H18 to H29) to examine if
a generalized training set was sufficient for entailing statutory text.
Figure 1 shows the MultiNLI model’s results in a confusion matrix.
If we assume the neutral class corresponds to a "No" answer, then
the general NLI model’s accuracy is 0.534, which is slightly above
the 0.5 baseline.

While the model scored above the baseline with the holdout set,
the experiment shows that a generalized training set is not sufficient
for legal entailment. The model misclassified the hypothesis 17%
of the time meaning the general model did not pick up paraphras-
ing and or role assignment. Then again, a neutral sentence is not
necessarily wrong because there might not be enough context in
the premise to support the hypotheses. In U.S. law, this gap would
be filled by an external source like past case law or related statutes
[13].

The general model also misclassified the "No" as "Yes" 65% of the
time. The data set differences might explain these errors because
the MultiNLI data set focuses on sentence pairs instead of full para-
graphs. If multiple sentences in the article support the hypothesis,
then those sentences might out weigh the sentence that contradicts
the hypothesis. A data set with paragraph style premises, like the
SQuAD 2.0 [11], might provide better results.
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Figure 1: MultiNLI results for sentence pairs in H18 to H29

Hyper Param Settings
Number of Trees 2,5,10,20
impurity entropy,gini
Mix Bins 8,16,32,64

Table 3: Random forest hyper-parameter grid search

Ultimately, we did not submit this model’s results for evaluation
by COLIEE. In hindsight, we should have submitted the run because
it would have set a benchmark for generalizability of the MultiNLI
dataset.

3.2 Similarity features
Before attempting the decomposable attention model with the COL-
IEE training set, the next experiment established a baseline with a
non-deep-learning model. This approach serves as a comparison be-
cause it models text similarity between the hypothesis and premises
like decomposable attention model. The model incorporates word
similarity and position features discussed in Section 2.1.

Before training the similarity model, we used the MultiNLI re-
sults to create a stratified validation set of 100 examples. The strata
included the neutral misclassifications from Figure 1 which con-
tained examples that represented paraphrasing. The same training
and validation are used in the next experiment because we want to
compare model.

This experiment trained the text similarity model with the fol-
lowing procedure. The feature extraction pipeline (Section 2.1) ran
against the training and validation set. Using the training set, we
trained a random forest model [5] using ten cross-fold validation.
The training included the hyper-parameter options using the grid
search parameters list in Table 3.

The similarity performed surprisingly well considering it only
included token/lemma based similarity features. The model score

Hyper Param Attend Compare Aggregrate
Input Dim 768 1536 400
Layers 2 2 2
Hidden Dim 200 200 200,2
Activations relu relu relu,linear
Dropout 0.2 0.2 0.4,0.0

Table 4: COLIEE specific model’s hyper-parameters

just above the baseline with 52/98 answers correct, Table 1. The
simple model did not include features that would be in a more
robust model like negation, paraphrasing, and complement verb
matching [12].

3.3 Decomposable attention with top-n
sentences

While the similarity model preformed well given its simplistic to-
ken based features, the next experiment focused on paraphrasing
via embedding based similarity. Unlike the MultiNLI experiment,
the next decomposable attention experiment trained the model
from exclusively the COLIEE provided data. We used the MultiNLI
results to create a stratified validation set of 100 examples. The
validation set included six strata which covered the categories with
values in Figure 1. Two strata included examples that where missed
classified as neutral because those misses contained examples with
paraphrasing and or role assignment.

Before training the model, this experiment fined-tuned a lan-
guage model using BERT’s base uncased embeddings from the Hug-
ging Face repository [16]. Google trained the BERT base uncased
model with 12 layers, 12 heads, and 768 hidden dimensions[2]. We
then ran Hugging Face’s language model fine-tuning job initialize
with the BERT parameters. The fine-tuning task reads in sentence
pairs from the Japanese Civil Code and sentence pairs extracted
from the training set. The fine-tuning ran 75 epochs with a learning
rate of 3e-5 and a 128-word piece max sequence. The resulting
model generates word-piece embeddings with 768 dimensions.

Once the pre-training was complete, the fine-tuned BERT embed-
dings where incorporated into AllenNLP’s decomposable attention
model[3]. The BERT embeddings required some minor modifica-
tions, including customizing the embeddings to use word-pieces
instead of tokens. The word pieces are common sub-parts of words
and allow for smaller vocabularies [17]. The embeddings used Hug-
ging Faces’ word-piece tokenizer directly so that the BERT vocabu-
lary aligned with the tokens.

Before we trained the attention model, the premise/statutory text
required some pre-processing because the word-piece tokenizer
truncated long sequences. If the tokenizer truncated a critical sen-
tence from the statute, then the model would misclassify the hy-
pothesis. Instead, the statutes were split up into sentences and then
ranked base on a TF-IDF similarity score to the hypothesis. The top
three sentence where then feed into the model to avoid truncating
a critical sequence.

After the sentence ranking, we trained the decomposable atten-
tion model with the component settings listed in Table4.
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3.3.1 Comparison to the JAIST 2017 model. As noted previously,
JAIST attempted the same model architecture for COLIEE 2017.
Although the test sets differ between years, this section will com-
pare both models to analyze any possible improvements for this
approach. Compared to the JAISTNLP 2017 results[6], TRAttn (Ta-
ble 1) showed some minor improvements from 0.512 (best run) to
0.561 accuracy.

Although TRAttn demonstrated a slight increase in accuracy, it
is difficult to say that pretraining showed any improvements be-
cause the fundamental issues discussed by the JAIST team still exist.
COLIEE’s data sets are extremely small compared to other natural
language inference data sets. Both SNLI and MultiNLI include 550K
and 392K training examples, respectively [15]. In contrast, COLIEE
provides 700 training examples for task 4. The small training set size
leads to unstable supervised learning results[14][2] and increases
the likelihood of over- or under-fitting.

4 DISCUSSION
The experiment results showed that supervised learning approaches
remain difficult because the results remain unstable. While both
approaches scored above the baseline, neither demonstrated state
of the art performance. Given the relatively small size compare
to other entailment training sets, improvements probably won’t
come for deep learning models built from the COLIEE training set
alone. For a deep learning approach to work, a model will need to
incorporate either transfer and or multi-task learning.

Although the TRAttn model show a minor improvement over
JAISTNLP with pre-training, the pre-training wasn’t sufficient to
model every sub-task for entailment. The language model pre-
training mimics some intrinsic aids, like noscitur a sociis, through
predicting missing words and the next sentence. While the intrin-
sic aids help judges interpret statues, entailment includes other
tasks like conditional, paraphrasing, case role assignment, person
relationship, and person role assignment [18].

If statutory entailment requires multiple sub tasks, then multi-
task learning provides a potential route for improvement. The BERT
paper[2] describe other pre-training tasks, include SQuAD, which
could be adapt to mimic the tasks required for full statutory entail-
ment. These tasks need not be entirely based in the legal domain.
If fact, the compliance with the "plain meaning" rule dictates some
general knowledge to infer the statute’s ordinary meaning.

5 SUMMARY
This paper describes our submissions from the COLIEE 2019’s Japan-
ese Civil Code entailment task. Given the relevant articles from
the Japanese Civil Code, the system must predict if the provide
bar exam question entails or contradicts the statutes. We submit-
ted prediction from two separate models: similarity features and
decomposable attention model with pre-trained embeddings. Al-
though both models scored above the baseline, the decomposable
attention demonstrated demonstrated a 4.9% improvement in abso-
lute accuracy compare a previous years submission with the same
architecture.
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ABSTRACT 

We implemented an information retrieval system for legal domain 

using Doc2Vec to calculate document similarities, and TF-IDF to 

select keywords. We tried variations of our system: output the 

first-ranked similarity article only, output articles of similarities 

more than a fixed threshold, and output articles of similarities 

more than a dynamic threshold calculated from the top-ranked 

similarity score. These thresholds and Doc2Vec parameters are 

determined by a grid search with the training data of H18 to H29. 

We applied our system to COLIEE 2019 Task 3, which asks to 

find related Civil Code articles to solve a given Japanese legal bar 

exam problem. The result of our formal run was 0.4036 in the f2 

score. We confirmed that the dynamic threshold is effective. 

Furthermore, we confirmed that the accuracy is improved by 

setting the vocabulary restriction by the value of TF-IDF in each 

document. 
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1 Inroduction 

The COLIEE (Competition for Legal Information 

Extraction and Entailment) workshop series has been 

held since 2014 [1][2][3][4]. Among four tasks in this 

COLIEE 2019 workshop, we focus on Task 3, which is 

an information extraction task using the Japanese Legal 

Bar Exam. Task 3 participants are required to output 

related articles of the Japanese civil code, in order to 

answer a given legal bar exam problem. The COLIEE 

organizers provide Japanese and English translation for 

problems and the civil code articles, while we use the 

Japanese version only.  

In order to obtain related article, we employ Doc2Vec 

[5], which can measure degree of similarity between 

documents. We also suggest a method to restrict 

vocabulary by TF-IDF[6] when training Doc2Vec.   

 There have been no approach that uses Doc2Vec in the 

past COLIEE participants. Team SPABS in COLIEE 

2018 uses Word2Vec [7], which can calculate similarity 

between words. For training word embedding, they used 

legal documents with Word2Vec. SPABS_bm25 was 

their baseline results using BM25 [4]. SPABS used 

recurrent neural network to calculate similarity between 

questions and articles. Our research differs from this 

previous research in that we use doc2vec instead of 

word2vec, and uses TF-IDF instead of BM25 as a 

method to measure the importance of words. 

Among various configurations we tried, the best method 

answers articles whose similarity score difference from 

the maximum similarity score is more than a threshold 

value. In addition, we obtained a better score when 

restricting vocabulary by TF-IDF for training Doc2Vec. 

The result of our formal run was 0.4036 in the f2 score. 

 We describe our system in Chapter 2, the 

experimental results in Chapter 3, analysis and 

discussion in Chapter 4, concluding the paper in 

Chapter 5. 

2 System 

We submitted two versions, KIS and KIS_2, and first we will 

explain the KIS_2 system.We used Doc2Vec and TF-IDF as a 

core of our system. We used morphological analyzer Juman[8] to 

segment civil code texts and past problem sentences. Then we 

select important words according to the value of TF-IDF. The 

selector in TF-IDF discards words whose values are less than a 

certain threshold. The same morphological analysis and word 

selection are performed on the test data, calculating the degree of 

similarity with the Civil Code article texts using the model trained 

by the training data and the Civil Code articles. In similarity 

calculation, cosine-similarity is calculated by doc2vec. We regard 

each article, t1, t2 texts as a document to be processed by 

Doc2Vec. In doc2vec, embedding was done for each article of the 

Civil Code text and for each question text as a single 

document.We select words whose values are less than a threshold 

when compared with the maximum similarity score. Figure 1 

shows a conceptual flow of our system. 
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Figure 1 Steps to extract related articles 
 

The KIS version system does not apply TF-IDF vocabulary 

restrictions to the KIS_2 system. 

3 Experiments 

We tried several different settings as follows. Firstly, we 

implemented our system only with Doc2Vec without restricting 

lexicon. By using this system, we tried to answer an article with 

top similarity, answer articles whose similarity values are more 

than a threshold value (0.60), and answer articles whose similarity 

value differences from the top article are less than a certain 

threshold value (0.065). The two threshold values of 0.6 and 0.065 

are obtained by a grid search with intervals of 0.05 and 0.005, 

respectively, searching for a value that gives the best average 

score in the training data from H18 to H29. Table 1 shows the 

results of the COLIEE 2019 Task 3 formal run. 

Table 1 Results of COLIEE 2019 Task 3formal run 

team f2 

DBSE 0.4116 
EVORA1 0.4811 
EVORA2 0.4811 
EVORA3 0.4811 
HUKB 0.378 
iitpBM25 0.4124 
iitptfidf 0.3694 
JNLP-tf 0.4931 
JNLP-tfnv 0.4656 
KIS 0.3885 
KIS_2 0.4036 
UA_LM 0.4124 
UA_TFIDF 0.4983 

 

Table 2 shows a set of parameters we used in Doc2Vec. The 

parameters in Table 2 were tuned for the average f2 value using 

the training data from H18 to H29. We increased the vector size 

by 200 to 25 and the epoch by 100 to 25 and looked for 

appropriate values.  

 

Table 2 Doc2Vec parameter settings 

Parameter Value 

vector_size 300 

workers 50 

window 50 

alpha 0.025 

min_alpha 0.0001 

min_count 1 

epochs 200 

4 Analysis and Discussion 

Tables 3, 4, and 5 show the evaluation results of past problems in 

the training data. For each year, we trained the system by the Civil 

Code articles and past questions other than the corresponding year 

which is used for evaluation. 

 

Table 3 Evaluation resuls in training data by 

Doc2Vec (output Top 1 article) 

Year f2 

H18 0.2388 

H19 0.4116 

H20 0.4471 

H21 0.5765 

H22 0.6298 

H23 0.4764 

H24 0.4735 

H25 0.6030 

H26 0.4929 

H27 0.4155 

H28 0.4392 

H29 0.5348 

average 0.4782 

 

Table 3 Evaluation resuls in training data by 

Doc2Vec (fixed threshold) 

Year f2 

H18 0.2938 

H19 0.4500 

H20 0.5295 

H21 0.6058 

H22 0.6040 

H23 0.5195 

H24 0.4804 

H25 0.6340 

H26 0.5439 

H27 0.4126 

H28 0.5476 

H29 0.6586 

average 0.5233 
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Table 4 Evaluation resuls in training data by 

Doc2Vec (dynamic threshold value) 

Year f2 

H18 0.4115 

H19 0.5596 

H20 0.5741 

H21 0.7144 

H22 0.6879 

H23 0.5945 

H24 0.5745 

H25 0.7182 

H26 0.5810 

H27 0.5537 

H28 0.5918 

H29 0.7120 

average 0.6061 

 

Firstly, H18 did not give good results throughout Tables 3 to 5. 

These problems would have had a different tendency as these are 

relatively old data. As shown in Table 2, the method of outputting 

only TOP 1 article results in the f2 value of at most 0.6298, which 

is not a good result. As shown in Table 3, the method allowing 

multiple answers with a fixed threshold value shows better f2 

values in their average. However, the highest f2 value was 0.6586, 

and the maximum f2 value did not increase so much. Next, as 

shown in Table 4, our method with dynamic threshold value based 

on the Top similarity value, shows f2 values exceeding 0.71 in 

three years; all the years except H18 are f2 values of 0.55 or more. 

Secondly, we tried limiting vocabularies by TF-IDF, for both of 

the training documents (past problems and civil code articles) and 

the test data documents. When a TF-IDF value is 0.03 or less, the 

corresponding word is discarded from the keyword set. This 

threshold value, 0.03, for limiting vocabulary with TF-IDF was 

also obtained by searching for a value that results in the best 

average results tested from H18 to H29 with interval of 0.005. 

The results are shown in Tables 6, 7, and 8. 

 

Table 5 Doc2Vec with TF-IDF(output TOP1) 

Year f2 

H18 0.3663 

H19 0.4422 

H20 0.3787 

H21 0.5943 

H22 0.6723 

H23 0.4764 

H24 0.4556 

H25 0.6197 

H26 0.4823 

H27 0.4592 

H28 0.4724 

H29 0.5638 

average 0.4986 

 

Table 6 Doc2Vec with TF-IDF(Fixed reference 

value) 

Year f2 

H18 0.3889 

H19 0.5055 

H20 0.5034 

H21 0.6120 

H22 0.6667 

H23 0.4984 

H24 0.4691 

H25 0.6398 

H26 0.5422 

H27 0.4700 

H28 0.5434 

H29 0.6317 

average 0.5392 

  

Table 7 Doc2Vec with TF-IDF(changed reference 

value) 

Year f2 

H18 0.4877 

H19 0.5675 

H20 0.5889 

H21 0.6840 

H22 0.7137 

H23 0.6278 

H24 0.5696 

H25 0.7020 

H26 0.5968 

H27 0.5613 

H28 0.6203 

H29 0.7233 

average 0.6202 

 

In all methods, our TF-IDF vocabulary restriction increased the 

average f2 values. However, scores were not always better in all 

individual years. In Table 8, for example, H21, H24 and H25 

showed lower scores than the results of Table 5.  

We observed characteristics of correctly answered problems and 

wrongly answered problems for H29. As a matter of course, we 

63



In Proceedings of COLIEE 2019 workshop, ICAIL 2019, Montreal, Canada Ryuji Hayashi 

 

 

 

were able to get perfect answers for questions that frequently use 

the same word as the problem text, and questions that do not 

include many words that are not used in the problem text. In 

addition, if there are many sentences or words that are not 

included in the problem text, e.g. when a concrete example is 

described, or if the problem text is considerably shorter than the 

gold standard related texts, or if there are texts that are quite 

similar, our system could not answer correctly. For many other 

problems, one of the multiple system outputs was correct, 

resulting in a partial correct answer. 

Here are some example problems which our system could not 

answer. Figure 2 is an example which our system could not 

correctly answer, where a problem specific expression appears 

that is not described in the problem text. 

 

Japanese text 

<t1> 

第九十四条 

相手方と通じてした虚偽の意思表示は、無効とする。 

２ 

前項の規定による意思表示の無効は、善意の第三者に対抗

することができない。 

</t1> 

<t2> 

甲土地を所有するＡがＢと通謀して甲土地をＢに仮装譲渡

し，ＡからＢへの所有権移転登記がされた後，Ｂの債権者

Ｃが甲土地を差し押さえた場合において，その差押えの時

にＣが仮装譲渡について善意であったときは，Ａは，Ｃに

対し，Ｂへの譲渡が無効であることを主張することができ

ない。 

</t2> 

 

English text 

<t1> 

Article 94  

(1) Any fictitious manifestation of intention made in 

collusion with another party(ies) shall be void. 

(2) The nullity of the manifestation of intention pursuant to 

the provision of the preceding paragraph may not be 

asserted against a third party without knowledge. 

</t1> 

<t2> 

In the case where, after A, who owns the land "X", had 

faked a transfer of the land "X" to B based on collusion 

with B and the transfer of ownership from A to B had been 

registered, B's obligee C attached the land "X", if C was 

without knowledge with respect to the fake transfer at the 

time of the attachment, A may not assert, against C, that the 

transfer to B is void. 

</t2> 

Figure 2 Example problem which our system 

wrongly answered (H29-4-A) 
 

Figure 3 is an example in which the problem sentences were 

written fairly simply, so our system could not answer correctly. 

 

Japanese text 

<t1> 

第六百三十九条 

第六百三十七条及び前条第一項の期間は、第百六十七条の

規定による消滅時効の期間内に限り、契約で伸長すること

ができる。 

（請負人の担保責任の存続期間） 

第六百三十七条 

前三条の規定による瑕疵の修補又は損害賠償の請求及び契

約の解除は、仕事の目的物を引き渡した時から一年以内に

しなければならない。 

２ 

仕事の目的物の引渡しを要しない場合には、前項の期間は

、仕事が終了した時から起算する。 

第六百三十八条 

建物その他の土地の工作物の請負人は、その工作物又は地

盤の瑕疵について、引渡しの後五年間その担保の責任を負

う。ただし、この期間は、石造、土造、れんが造、コンク

リート造、金属造その他これらに類する構造の工作物につ

いては、十年とする。 

２ 

工作物が前項の瑕疵によって滅失し、又は損傷したときは

、注文者は、その滅失又は損傷の時から一年以内に、第六

百三十四条の規定による権利を行使しなければならない。 

</t1> 

<t2> 

請負人の担保責任の存続期間は，これを契約で伸長するこ

とができない。 

</t2> 

 

English text 

<t1> 

Article 639  

The periods set forth in Article 637 and Paragraph 1 of the 

preceding Article may be extended by contract so long as 

they do not exceed the period of time provided for the 

extinctive prescription under the provisions of Article 167. 

(Duration of Contractor's Warranty) 

Article 637  

(1) The demand for repair or claim for damages and 

cancellation of the contract under the preceding three 

Articles must be made within one year from the time of the 

delivery of the subject matter of the work. 

(2) Where no delivery of the subject matter is required, the 

period referred to in the preceding paragraph commences to 

run from the time of the completion of the work. 

Article 638  

(1) A contractor for a building or other structure on land 

shall be liable for a warranty against defects in the structure 
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or ground for the period of five years from delivery; 

provided, however, that the period shall be ten years for 

structures made of stone, earth, bricks, concrete, steel and 

other similar structures. 

(2) If any structure is lost or damaged due to the defects set 

forth in the preceding paragraph, the party ordering the 

work must exercise the rights under the provisions of 

Article 634 within one year from the time of the loss or 

damage. 

</t1> 

<t2> 

The duration of contractor's warranty may not be extended 

by contract. 

</t2> 

Figure 3 Example problem which our system 

wrongly answered 

(H29-28-E) 
 

Finally, Figure 4 is an example in which our system derived 

another sentence, and could not answer correctly because there 

was a very similar article. The correct answer is 666, but the 

system output 662. 

Japanese text 

<t1> 

（消費寄託） 

第六百六十六条 第五節（消費貸借）の規定は、受寄者が

契約により寄託物を消費することができる場合について準

用する。 

２ 前項において準用する第五百九十一条第一項の規定に

かかわらず、前項の契約に返還の時期を定めなかったとき

は、寄託者は、いつでも返還を請求することができる。 

</t1> 

<t2> 

消費寄託における寄託者は，寄託物の返還時期の定めがあ

るときであっても，いつでも寄託物の返還を請求すること

ができる。 

</t2> 

 

English text 

<t1> 

(Deposits for Consumption) 

Article 666  

(1) The provisions of Section 5 (Loans for Consumption) 

shall apply mutatis mutandis to cases where a depositary 

may, under the contract, consume the Thing deposited. 

(2) Notwithstanding the provisions of Paragraph 1 of 

Article 591 which shall apply mutatis mutandis under the 

preceding paragraph, if the contract referred to in the 

preceding paragraph does not specify the timing of the 

return, the depositor may demand the return at any time. 

</t1> 

<t2> 

Even if the timing of the return of the Thing deposited is 

specified, the depositor in cases of a deposit for 

consumption may demand the return of the Thing deposited 

at any time. 

</t2> 

Japanese text 

（寄託者による返還請求） 

第六百六十二条 当事者が寄託物の返還の時期を定めたと

きであっても、寄託者は、いつでもその返還を請求するこ

とができる。 

 

English text 

(Depositor's Demand for Return) 

Article 662 Even if the parties specify the time for the 

return of the Thing 

deposited, the depositor may demand the return of the same 

at any time. 

(Timing of Return of the Thing Deposited) 

Figure 4 Example problem which our system 

wrongly answered(H29-29-O) 
 

Regarding the case of Figure 4, our system output Article 662 

because the text inside parenthesis written before the Article No. 

was not included in the training data. Articles are quite similar 

from Article 662 to Article 666, but the contents in parentheses 

are important in characterizing each article. In the case of Figure 4, 

the important words cannot be recognized and output 662, 

because “Deposits for Consumption” is not included in the 

training data, while the other sentences are similar. 

Regarding the threshold values, the average accuracy increased 

when the dynamic threshold was used rather than fixed. We 

confirmed that the accuracy was improved by selecting the 

vocabulary when training documents. Because training with the 

Civil Code articles only could have provided a certain degree of 

good accuracy, Doc2Vec should be a suitable method to retrieve 

related texts. 

4  Conclusion and Future Work 

We implemented an information retrieval system for legal 

domain using Doc2Vec to calculate document similarities, and 

TF-IDF to select keywords. We tried variations of our system: 

output the first-ranked similarity article only, output articles of 

similarities more than a fixed threshold, and output articles of 

similarities more than a dynamic threshold calculated from the 

top-ranked similarity score. These thresholds and Doc2Vec 

parameters are determined by a grid search with the training data 

of H18 to H29.  

We applied our system to COLIEE 2019 Task 3, which asks to 

find related Civil Code articles to solve a given Japanese legal bar 

exam problem. The result of our formal run was 0.4036 in the f2 

65



In Proceedings of COLIEE 2019 workshop, ICAIL 2019, Montreal, Canada Ryuji Hayashi 

 

 

 

score, which was 6th place among 7 participation teams.We 

confirmed that the dynamic threshold is effective. Furthermore, 

we confirmed that the accuracy is improved by setting the 

vocabulary restriction by the value of TF-IDF in each document. 

We started our implementation several weeks before the 

submission deadline, so there are still many future works we wish 

to try. The results of any of our method vary from year to year. 

We would like to analyze the trend of the problems for each target 

year, and choose what method is effective to obtain a higher 

correct answer rate stably. We also plan to try using other 

documents for training Doc2Vec. 
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ABSTRACT
This paper introduces our system submitted to the 2019 Com-
petition on Legal Information Extraction and Entailment
2019 (COLIEE-2019), an associated event of ICAIL 2019. This
year, COLIEE had four tasks, which focused on legal infor-
mation processing and finding textual entailment on textual
data from legal cases and statute laws. In this paper, we
present our approach on the Task 2 of finding textual en-
tailment relationships between the legal cases. We built a
ranking algorithm that used a combination of word embed-
dings and other textual similarity features to find entailment
relationships and to select the paragraph which is most prob-
able to contain the entailment relationship. We also provide
a comparison of our ranking approach with other methods
that we tried.
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1 INTRODUCTION
In natural language processing, textual entailment is a very
useful directional relationship [8] in which one piece of text
entails or follows from another. The entailing and entailed
texts are respectively called text and hypothesis. A textual
entailment relationship can be positive, negative or neutral.

• In positive entailment, the text entails the hypothesis.
• In negative entailment, the text contradicts the hypoth-
esis.

• In a neutral relationship, the text neither entails nor
contradicts the hypothesis.

Textual entailment has applications in Text Summarization,
Machine Translation, Question Answering, and Information
Extraction.
International Conference on Artificial Intelligence and

Law (ICAIL) organized a Competition on Legal Information
Extraction and Entailment (COLIEE). One of the tasks in
the competition was on finding textual entailment relation-
ships between the paragraph(s) of an existing case and the
paragraph containing the decision from a new case. Given
a decision Q of a new case and a relevant case R, a specific
paragraph that entails the decision Q needed to be identified.
Also, multiple paragraphs in R can be relevant to Q and the
task required to identify all of them.
The data set for this task consisted of a corpus of case

laws. For a given paragraph containing the decision Q from
the base case, the corresponding paragraph containing the
entailment relationship in the relevant case R was provided
as annotated in the training data. The corpus also contained
only those base case Q and relevant case R pairs that were
guaranteed to contain an entailment relationship, thus en-
suring that there exists at least one entailment relationship
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for every pair of base case and relevant case. In addition to
this, full text from the base case and all the paragraphs from
the relevant case were also provided.
In this paper, we discuss how we approached this task

using a ranking methodology to pick the paragraph which
is most likely to contain the entailment relationship. Using
dependency analysis to find textual entailment has been
studied before [7]. For this task, we used a combination
of word embedding features and text similarity features to
generate these scores and rank the paragraphs.

We also provide a comparison with other methods that we
tried in this task, and present how the ranking approach out-
performed those. Concretely, we experimented with using
supervised machine learning methods to solve this task, and
compared the performance of the ranking approach and su-
pervised methods using k-fold cross validation. Our ranking
approach methods outperformed the supervised approach
methods on both validation set and test set.

2 METHODOLOGY
This paper explains our approach and results for Task 2 in
the Competition on Legal Information Extraction and Entail-
ment (COLIEE) 2019 which aimed at finding the entailment
relationships between the base case and the relevant cases.
The training set consisted of 181 base case paragraphs, and
the corresponding paragraph(s) from the relevant case con-
taining the entailment relationship were provided.
We treated this task as a ranking task which provides a

score to all of the paragraphs from a relevant case and then
ranking these paragraphs using this score, such that higher
the score, better is the rank. This score is computed based on
the text similarity between the text of the paragraph from the
base case Q and the text from the paragraphs of the relevant
case. Once all the paragraphs from the relevant case have
received a score, we used this score to rank them and pick
the top k paragraphs.

We used various classes of features, such as sentence sim-
ilarity measures, natural language processing features, and
semantic similarity features based on the two text spans. We
have also used word embedding based features. A word em-
bedding is a parameterized function mapping words in some
language to high-dimensional vectors, usually 200 to 500 di-
mensional vectors [1][4][5][6][2]. We have categorized these
features into different classes and provide a brief explanation
below:

(1) Positional Features:
• avg_lemma_word_offset: Create a set of overlapping
lemmas occurring in the base case and the relevant
case paragraphs. From each word from this set, cre-
ate an offset of the word indices and take an average
of these offsets.

• avg_match_depth: Create a match set of words with
common lemmas in the base case and relevant case
paragraphs. Take an average of the min depths in
the dependency trees for each word in the above
match set.

• avg_min3_match_depth: From the depths of com-
mon nodes in the feature "avg_match_depth", take
three words with min match depth and take an av-
erage over these.

• avg_min_tree_dist: Create a match set of words with
common lemmas in base case and relevant case para-
graphs. For each pair of nodes in this set, create a
minimal spanning tree from the dependency tree
such that the distance of the nodes of the two words
is minimized from the root. For each word pair, find
the distance between them by taking sum of dis-
tances of each word from the root. Take an average
of these distances.

• avg_sym_diff: Average of symmetric difference of
tokens in sliding windows from texts of base case
and relevant case paragraphs.

• tok_match_score: Max Jaccard similarity between
set of all noun phrases and verb phrases from words
in texts from base case and relevant case paragraphs.

(2) Similarity based features:
• n-gram_lemmatized: Jaccard similarity of lemma-
tized and tokenized ngrams for the base case and
relevant case paragraphs.

• unigram_lemmatized: Jaccard similarity of lemma-
tized and tokenized unigrams for the base case and
relevant case paragraphs.

• char_match_np: Avg/Min/MaxCharactermatch scores
between nouns and noun phrases for base case and
relevant case paragraphs.

• char_match_vp: Avg/Min/MaxCharactermatch scores
between verb phrases for base case and relevant case
paragraphs.

(3) Embeddings based features:
• Word_embedding_similarity: Cosine similarity of
the average embedding vectors for the base case
and relevant case paragraphs (using word2vec pre-
trained embeddings).

(4) n-gram overlap based features
• Jaccard_similarity_unigram: Jaccard similarity of all
unigrams from base case & relevant case paragraphs.

• Jaccard_similarity_bigram: Jaccard similarity of all
bigrams from base case & relevant case paragraphs.
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Parameters: Random Forest

Number of Trees 5000
Impurity gini
Max features "auto"
Mix Bins unbounded
Table 1: Parameters for Random Forest

Approach
We approached this problem in the following two ways:

(1) Supervised classifier: Convert the task into a binary
classification task to predict presence and absence of
entailment relationship between each pair of the base
case paragraph and the candidate paragraph. We built
a random forest classifier for this, with the target la-
bels as 0 and 1 for "no entailment relationship" and
"presence of an entailment relationship" respectively.

(2) Ranking approach: For each base paragraph, generate
a score for every paragraph from the relevant case
and use this score to rank these paragraphs. We cal-
culated this score as an average of the feature values
described above and then used it to select the top-k
paragraphs using a thresholding mechanism - pick
up-to k paragraphs if the difference in their scores
is within a small threshold (i.e. the scores are close
enough and are within a given threshold). We selected
the top-most paragraph as this gave a better precision
and recall, and hence a better F1-score.

We use 5-fold cross validation to build and evaluate the
two algorithms above.

3 EXPERIMENTAL RESULTS
We used a 5-fold cross validation approach with micro aver-
aging to evaluate our algorithms.

For the supervised approach setting, we created multiple
data sets of positive and negative instances with different
ratios of negative to positive samples. Positive instances are
those pairs of paragraphs from base case and relevant case
for which we are given an entailment relationship. To sam-
ple negative instances, for every paragraph in the base case,
we randomly sampled n paragraphs from the corresponding
relevant case which are not marked as containing the entail-
ment relationship. We tried different values for n, ranging
from n = 2, 3, 4, 5. We then trained a random forest classifier
and a gradient boosting classifier on each of these data sets
and evaluated their performance.
The parameters for the random forest are summarized in
Table 1, and for Gradient Boosting Classifier are summarized
in Table 2.

Parameters: Gradient Boosting Trees

Learning Rate 0.1
Number of Estimators 150
Subsample 1.0
Maximum Depth 15

Table 2: Parameters for Gradient Boosting Trees

For the ranking approach, we combined the different sets
of features by averaging across the different classes of fea-
ture values, and then summing them together to get a single
score for every pair of base case paragraph and relevant case
paragraphs. We computed this score for every possible com-
bination of relevant case paragraph for a given base case
paragraph. Thus, if we have say, m base cases, such that
each base case has a relevant case with j paragraphs, this ap-
proach will give usm∗ j pairs of paragraphs, and we compute
a score for each of them. The scores are generated for every
paragraph from the relevant case for a given base case, and
are are then used to rank the relevant case paragraphs. For
every base case paragraph, the highest scoring paragraphs
from the relevant case are then selected. We tried top 1 and
top 2 because the average number of relevant paragraphs
containing an entailment relationship for every base para-
graph was in the order of 1.3 in the training set. The flow of
this system is outlined in Figure 1.

Figure 1: Approach in the ranking methodology

For evaluation, we use Precision (P ), Recall (R) and F1-
score (F1) as following:

P =
# correctly retrieved paragraphs for all queries

# retrieved paragraphs for all queries
(1)

R =
# correctly retrieved paragraphs for all queries

# relevant paragraphs for all queries
(2)
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#Neg/#Pos Precision Recall F1

2 0.28 0.24 0.26
3 0.27 0.20 0.23
4 0.23 0.16 0.19
5 0.17 0.11 0.13

Table 3: Results: 5-fold cross validation fromRandomForest

#Neg/#Pos Precision Recall F1

2 0.26 0.25 0.26
3 0.23 0.21 0.22
4 0.22 0.19 0.20
5 0.16 0.13 0.14

Table 4: Results: 5-fold cross validation from GBT

Label Precision Recall F1

0 0.98 0.98 0.98
1 0.53 0.48 0.50

Table 5: Evaluation of ranking approach on training data

F1 =
2 × P × R

P + R
(3)

We present our results from 5-fold cross validation across
different types of systems, and report the precision, recall and
F1-scores for each of these. We consistently observed that
the ranking approach outperformed the supervised classifier
training approach. Also, within the classification approach,
we found that the performance of the classifier reduced as
the imbalance in the sampled data set increased. The results
from 5-fold cross validation from Random Forest and Gra-
dient Boosting Classifier are summarized in tables 3 and 4
respectively.

Our best system from 5-fold cross validation was the rank-
ing approach to pick the top ranked paragraph. This outper-
formed the other values of n while picking top-n paragraphs.
The evaluation of our ranking approach on the training data
is presented in table 5, in which labels 0 and 1 represent labels
corresponding to the absence and presence of entailment
relationships respectively.

The results from this submission are summarized in Table
6. These results were evaluated on the test set and were
computed by the COLIEE competition organizers.

Team Precision Recall Fscore

ielab 0.3409 0.3333 0.3371
ielab 0.4545 0.4444 0.4494
ielab 0.2273 0.2222 0.2247
IITP 0.0455 0.0444 0.0449
IITP 0.6591 0.6444 0.6517
IITP 0.7045 0.6889 0.6966
JNLP 0.1364 0.1333 0.1348
JNLP 0.0682 0.0667 0.0674
JNLP 0.5909 0.5778 0.5843
TRCase 0.6818 0.6667 0.6742
TTCL 0.4000 0.8000 0.5333
TTCL 0.3780 0.6889 0.4882
TTCL 0.3882 0.7333 0.5077
UA 0.6364 0.7778 0.7000
UA 0.6296 0.7556 0.6869
UA 0.6538 0.7556 0.7010
UBLTM 0.1182 0.5778 0.1962
UBLTM 0.1273 0.6222 0.2113

Table 6: COLIEE 2019 Task 2 Results on unseen Test Set

4 DISCUSSION AND SUMMARY
The task of finding textual entailment in specialized domains
such as legal cases is not an easy one, even for humans,
and we found that the task becomes more difficult as the
imbalance in the data increases. That is, in an application
like this one, in which every base case paragraph usually
has one or two paragraphs from the relevant case, finding
a suitable approach to find the entailment relationship be-
comes even more challenging. Supervised approaches might
work well on relatively balanced datasets such as SNLI for
textual entailment [3]. We found that the ranking approach
performed better than a supervised learning approach on a
highly imbalanced data set.
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ABSTRACT
This paper is about building an end-to-end deep learning approach
for statute law entailment problem of COLIEE workshop. In this
task, systems are required to answer yes-no questions based on
relative clauses found in the Japanese Civil Code. The biggest obsta-
cle in this work is the lack of data. Deep learning requires a large
amount of data to automatically extract features.

JNLP team indirectly solve the original problem with a derived
problem with more abundant data. Besides, the approach allows
us to feed the neural network with shorter sentences, reducing the
pressure on its memorization. Through experimental results, we
have proven the effectiveness of the method for this problem.
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neural networks, deep learning, entailment, legal text, dataset en-
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1 INTRODUCTION
COLIEE is an annual workshop aiming for reliable and effective
methods to legal information processing. The competition has 4
tasks, of which 2 tasks for case law processing and 2 tasks for
handling statute law. In the 2 tasks of statute law, systems need
to solve the problem of a person taking the legal bar exam. All
lawyer must pass these exams before being admitted to the bar of
jurisdictions. Every exam contains yes-no questions requiring the
examinees to use their knowledge of the Japanese Civil Code to
determine if a statement is true or false. The examinees look for
clauses in Japanese Civil Code that related to the statement in the
question, then infer from such clauses to give the answer. Based on
that thinking process, one task is relevant articles retrieval and the
another is entailment.

The problems of the two tasks are described below:
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• Problem R (Relevant Articles Retrieval): Given a bar question
Q , the system needs to list all articles A relevant to Q .

• Problem E (Entailment): Given a bar question Q and its all
relevant articles A, the system needs to answer if A entails
Q or not.

with example shown in Table 1.
There could be several approaches to solving problem E. It is

usually believed that solving the problem R is the prerequisite for
solving problem E. However, this approach has some weaknesses.
We explain such weaknesses and propose a different approach in
Section 3. The hypothesis we want to prove in this study is the
feasibility to use an end-to-end machine learning architecture for
the legal reasoning problem.

2 BACKGROUND
2.1 Word embedding
For machine learning approaches, the input of the models are usu-
ally numbers, vectors or matrices. As a result, to feed natural lan-
guage text into the neural network, we need an appropriate repre-
sentation for them.

There are some methods to convert text into an appropriate
numeric representation. Using a number, a random vector or a one-
hot vector to represent each word are the simplest ways. However,
the relationships between the words are not presented, which leads
to poor performance of the model prediction.

The most robust method for representing text is Using word em-
bedding methods. Each word is represented as a vector. In addition,
the relationships between the vectors reflect the semantic relation-
ships between the words. Glove [3] and Fasttext 1 are currently the
most popular word embeddings.

2.2 GRU Architecture
Gated recurrent unit (GRU) is introduced by Kyunghyun Cho et al.
[2]. For GRU architecture, the neural network contains forget gating
mechanism so that it is able to prevent exploding and vanishing
gradient problems. The following are equations for the forward
pass of a GRU unit:

zt = σд(WzXt +Uzht−1 + bz ) (1)

rt = σд(WzXt +Urht−1 + br ) (2)
ht = (1 − zt ) · ht − 1 + zt · σh (WhXt +Uh (rt · ht−1) + bh ) (3)
In which, xt is the input vector, ht is the output vetor, zt is the

update gate and rt is the reset gate.W , U and b are the parameters
of the model. For t = 0, the output vector is h0 = 0. σд and σh are
the activation functions. Originally, σд is a sigmoid function and
1https://fasttext.cc
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Table 1: Example of Retrieval and Entailment Problems

Question Relevant Articles Y/N Answer

A special provision that releases war-
ranty can be made, but in that situation,
when there are rights that the seller
establishes on his/her own for a third
party, the seller is not released of war-
ranty.

Special Agreement Disclaiming Warranty
Even if the seller makes a special agreement to the effect
that the seller will not provide the warranties set forth
from Article 560 through to the preceding Article, the
seller may not be released from that responsibility with
respect to any fact that the seller knew but did not
disclose, and with respect to any right that the seller
himself/herself created for or assigned to a third party.

Y

Usufructuary rights are only established
for real estate.

Establishment of Real Rights
No real rights can be established other than those pre-
scribed by laws including this Code.
Content of Superficies
A superficiary shall have the right to use the land of
others in order to own structures, or trees or bamboo,
on that land.
Content of Emphyteusis
An emphyteuta shall have the right to engage in cul-
tivation or livestock farming on the land of others by
paying rent.
Content of Servitudes
A person entitled to a servitude shall have the right to
make lands of others available for the benefit of their
own lands in accordance with purposes prescribed in
the acts establishing the servitudes; provided, however,
that those rights should not violate the provisions (lim-
ited to those that relate to public policy) under Section
1 of Chapter 3 (Extent of Ownership).

Y

A manager must engage in manage-
ment exercising care identical to that
he/she exercises for his/her own prop-
erty.

Urgent Management of Business
If a Manager engages in the Management of Business
in order to allow a principal to escape imminent danger
to the principal’s person, reputation or property, the
Manager shall not be liable to compensate for damages
resulting from the same unless he/she has acted in bad
faith or with gross negligence.

N

σh is a hyperbolic function. Because of its architecture, GRU is able
to handle sequence input without vanishing gradient. Besides, it
has a good performance with small data sets and can be trained
fast with with limited computing resource.

2.3 Texture Entailment Problem
Texture entailment (TE) or Natural language inference (NLI) is a
task in NLP. Given a termed text t and hypothesis h, the models
need to predict if t entails h (t => h) or not. The answers should
be where yes or no. However, there may be three cases for NLI: t
entails h (positive TE), t contradicts h (negative TE) and t does not
entail or contradict h (non-TE). The table 2 lists out examples of
the three cases.

Currently, there are several machine learning datasets for this
problem. Samuel R. Bowman et al. [1] have introduce the Stan-
ford Natural Language Inference (SNLI) Corpus that contains 570k
pairs of written English sentences with three labels entailment ,

Table 2: Example of three cases in TE task

Case Example

Positive TE text: All metals conduct electricity
hypothesis: Iron is conductive

Negative TE text: All metals conduct electricity
hypothesis: Iron is non-conductive

Non-TE text: All metals conduct electricity
hypothesis: Water is non-conductive

contradiction, and neutral . The Multi-Genre Natural Language In-
ference (MultiNLI) corpus [4] contains 433k written and spoken
sentence pairs obtained by crowd-sourcing.
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Table 3: Number of questions for statute law entailment task

Year ID New questions Total questions

- H18 36 36
- H19 38 74
- H20 44 118
- H21 56 174
- H22 47 221
- H23 41 262
- H24 79 341

2014 H25 60 401
2015 H26 95 496
2016 H27 74 570
2017 H28 77 647
2018 H29 69 716

3 METHOD PROPOSAL
3.1 Data Analysis
Every year, the data set for statute law provided by COLIEE is ap-
pended with new questions. For the entailment problem E described
in Section 1, the dataset is all the related articles and question from
the labeling process in previous year. As a result, the dataset size is
limited by the number of questions labeled. The number of ques-
tions appended in each year is indicated in the Table 3.

The total number of questions in 2018 is 716. Average and stan-
dard deviation of the total number of question are 59.67 and 19.10.
There are most questions in H26 (95 questions) and least questions
in H18 (38 questions).

Comparing to SNLI and MultiNLI, the total number of questions
is extremely small. Figure 1 shows the quantities of examples in
COLIEE, SNLI and MultiNLI. It is explainable because of the com-
plication in the legal domain. According to overview of statute law
tasks in COLIEE-2018 [5], the number of numbers is not enough
for an effectively supervised machine learning.

Figure 1: Comparison in quantities of example

We propose a novel approach for overcoming this obstacle. The
three features of this approach are problem derivation, data enrich-
ment and article chunking. After that we feed the data represented
by fastText word embedding into deep learning architecture of
stacked GRU.

3.2 Problem Derivation
The problem R and E described in Section 1 could be viewed as
texture entailment perspective. Task R is about eliminating non-
related articles of the given question and keeping only articles
that entail or contradict the question. Task E determines if the
remain articles are in entailment or contradiction relation with the
question.

This approach brings some weaknesses in solving the problem
E in COLIEE workshop. The first, accuracy of task E depends on
the performance of task R. Article elimination in task R could be
over, under or wrong elimination, which can affect the prediction
accuracy of the model. The second, data fed into the model is not
just a pair of sentence but a bunch of long articles. It can lead
to variation in length of input. The third, as we have analyzed,
the quantity of data is not enough for obtaining a good machine
learning model.

Because of the above weaknesses, we have put effort to derive
the problem E to another problem. Instead of viewing the answer
for questions in Task 4 as the label of texture entailment relation,
we could view them as labels for lawful and unlawful statements.
The new problem L can be described as: Given a statement S , the
system needs to answer if S is lawful or not.

We changed the original entailment problem into a binary clas-
sification problem. Instead of using two text phrases as input, the
model now only need one statement to predict its label is whether
legal or not. There are some labeled statements we got for the new
problem L as the following:

• All articles in Japan Civil Code are lawful
• All questions in previous year datasets that are entailed by
articles in Japan Civil Code are lawful

• All questions that are not entailed by articles in Japan Civil
Code are not lawful

3.3 Input length adjustment
Viewing the articles in Japan Civil Code as a part of our training
data, we could enlarge our data set size. There are two parts in the
data set, one contains articles in the code and the another contains
questions in previous year datasets. However, the problem is, the
difference in sentence length distribution of the two parts can lead
to poor performance of the trained model because it can challenge
the neural network memory ability.

For overcoming this technical problem, we analyze the difference
between two parts and apply a method for reducing such difference.
The average length of the articles is 43.72 words, with standard
deviation is 59.58 while these measurements for the questions are
19.61 and 40.71. The sentences in Japanese Civil Code are averagely
longer and more variant than the sentences in the questions in
previous year datasets.

We can reduce the average length of articles based on a naive
assumption: "Because the article is legal, all of its statements are
legal". For each article, instead of adding the whole content into the
data set, it is chunked into single statements. For example, article
329 (Order of Priority of General Statutory Liens) could be turn
in to two statements as "(1) In cases where there is conflict among
general statutory liens, [...] follow the order listed in each item of
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Table 4: Rules applied for negation statement generation

Original Statement Negation Statement Generation

contains not Remove not from original statement
contains shall Replace shall with shall not
contains should Replace should with should not
containsmay Replacemay withmay not
containsmust Replacemust withmust not

contains is Replace is with is not
contains are Replace are with are not

containswill be Replacewill be withwill not be
contains can Replace can with cannot

contains cannot Replace cannot with can
containswith Replacewith withwithout

containswithout Replacewithout withwith
contains A Replace A with No
contains An Replace An with No

Article 306." and "(2) In cases where there is conflict between a general
statutory lien [...] who received the benefit of the same."

After applying the article chunking method, we have the average
value and standard deviation in length of text in the civil code data
set is 23.34 and 39.65.

3.4 Negation Generation Rules
The model is expected to classify an input statement based on
its legality. For one legal statement, the system should be able to
determine that the corresponding label isTrue . Moreover, it should
have the ability to indicate labels of all negations of the original
statement are False . For an end-to-end machine learning approach,
information used by the system to make a decision is stored in the
data set. As a result, to obtain an effective machine learning system,
the data set needs to be improved.

Negation of examples in the data set is obtained by a set of rules
listed in the table 4. After this phase, we obtained a data set, of
which the total number of examples is 4748. This data set is then
fed into the deep neural network.

3.5 Classification with deep neural network
A deep neural network is obtained and trained for predicting the
legality label of input statement. Statements are first tokenized into
a list of words, then converted into a list of embedding vectors using
pre-trained fasttext embedding. The embedding dimension is 300
and only 100K most popular words are converted, the other words
are represented as a random vector standing for unknown word .

In order to train the model by the examples in batches, we need
to make the examples the same length. Figure 2 shows the length
distribution over all examples in the dataset. The longest statement
contains 296 words. However, inserting no-meaning padding to-
kens into all statements to have 296 words in length will make a
big challenge for the model to learn. That will lead to huge compu-
tation effort with lower effectiveness. There are 4088 statements
containing at most 60 words (86.10%). For optimizing the training
phase with limited resource, all statements were pruned and padded
into 60 words long.

Table 5: Parameters

Parameters Value

Embedding dimension 300
Hidden dimension 1000
Number of hidden layers 3
Batch size 32
Learning rate 0.0001
Drop out rate 0.3

In the training phase, we use Adam optimizer with Cross Entropy
Loss to train the neural network with stacked GRU architecture.
The parameters are shown in Table 5

Figure 2: Sentence length variation in the dataset

4 EXPERIMENT AND DISCUSSION
We run the experiment with k-fold cross-validation with k = 12.
The test data set for each fold is data from previous years. The
training set was developed as described in the previous section
including statements that were chunked in Civil Japanese Code and
the data of the previous year (excluding data of the year in the test
set).

Early stopping is applied with patience = 10. The results of each
fold is shown in the Table 6. The average accuracy is 55.92%, the
best accuracy is 64.29% and the lowest accuracy is 51.67%. All result
are better than random rate. The difference between the best and
the worst accuracy is 12.62%.

We also compare the model accuracy with majority class percent-
age as the baseline. The average accuracy is 55.88%, higher than the
average baseline (54.05%). The Figure 3 demonstrates the difference
between the model accuracy and the majority class percentage in
each year.

The bar questions are designed differently from year to year and
by different questioning techniques. The above result shows that
the model not only learned by remembering the training data but
also generalized some hidden rules for dealing with unseen data.

In and end-to-end system, the more general the data, the more
accurate the prediction. The model is able to perform better when
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Table 6: Accuracy with early stopping cross-validation

Year ID Loss Accuracy

- H18 0.6601 52.7778
- H19 0.6888 57.8947
- H20 0.6802 56.8182
- H21 0.6744 57.1429
- H22 0.6691 63.8298
- H23 0.6939 53.6585
- H24 0.6925 53.1646

2014 H25 0.6897 51.6667
2015 H26 0.6899 54.7368
2016 H27 0.6886 55.4054
2017 H28 0.6879 58.4416
2018 H29 0.6893 55.0725

it is fed with more data with more diverse manner of questioning.
This is a possible approach for the next year workshop.

Figure 3: Percentages of model accuracy and the baseline

5 CONCLUSIONS
In this paper, we propose an end-to-end deep learning approach for
statute law Entailment Task in COLIEE 2019. We have overcome
the challenge for this approach and get the result better than the
baseline. Through this work, we have proven that this is possible
to apply an end-to-end approach for the problem with limited data.
Based on this research, there are some possible directions.

The accuracy of the model on unseen data depends on the data
it has already be trained with. The more good data, the better the
model can perform. As a result, a transfer learning method is a
promising approach for improvement.

The architecture of the neural network in this research only gets
one statement as input one by one. However, in the Japanese Civil
Code, there are articles related to each other. Graph architecture
neural net is also a worth-to-try approach.
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ABSTRACT
Natural Language Processing (NLP) for legal documents is an emerg-
ing field of research. In this paper, we(JNLP) introduce an approach
to legal document retrieval, which is a task in Competition on Legal
Information Extraction/Entailment 2019. Our method is based on
TF-IDF weight and cosine similarity. We experiment with two ways
to extract information in legal documents: one employs sentences
as a whole and the other uses the only noun and verb phrases.
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1 INTRODUCTION
Automatic legislation document retrieval has always been a chal-
lenging problem due to the complicated nature of legal documents.
The complications stem from the use of legal terminologies, pol-
ysemous words in law and its tendency for constant amendment.
In this paper, we describe a method to deal with legal document
retrieval that focuses specifically on statute law documents.

The remainder of this paper is structured as follows. Section 2
will describe the problem of statute law retrieval. Then we propose
our model to tackle such problem in section 3. After that, we evalu-
ate the experimental results in section 4. We then give a conclusion
about our work in section 5.
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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.
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COLIEE 2019, June 21, 2019, Montreal, Quebec
© 2019 Copyright held by the owner/author(s).

2 THE STATUTE LAW RETRIEVAL PROBLEM
The Statute Law Retrieval Problem[1, 3], which originates from
the Japanese bar exam, requires extracting a relevant Japanese
Civil Code Articles S1, S2, ..., Sn from the entire Civil Code given a
question Q . Relevant articles are ones that can be used to answer
the question such that: entails(S1, S2, ..., Sn , Q) or entails(S1, S2,
..., Sn , not Q).

Table 1 shows some examples of statute law retrieval problem.

3 THE APPROACH
To solve this problem, we use the approach described in Figure 1.
There are three steps include: Pre-processing, Indexing , Scoring
and Analysis.

Pre-process: In this step, we normalize words in sentence follow
3 steps:

• Removing stop-words in sentence.
Stop-words are the most common words in a language. They
convey no semantic information and can introduce noises
in analysis process.
There is no universal list of stop-words. Each natural lan-
guage processing tool usually comes with their own list
of stop-words. In our experiment, we used the list from
NLTK.corpus.
Example: (Article: Causes of Dissolution of Juridical Person)
Input:
(1) A juridical person shall be dissolved because of
(i) the occurrence of any cause of dissolution provided in the
articles of incorporation or act of endowment, as the case
may be;
(ii) the successful consummation of the businesswhich is the
purpose of the juridical person, or the impossibility of such
successful consummation;
(iii) the ruling to commence bankruptcy procedures; or
(iv) the rescission of the permission of the establishment.
(2) In addition to the causes listed in the respective items
of the preceding paragraph, an incorporated association shall
be dissolved because of:
(i) the applicable resolution of the general meeting; or
(ii) the attrition of all members.
Output:
(1) A juridical person shall dissolved
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Table 1: Example of problem

ID Query Relevant article

H28-35-2

An owner of the land shall not
assume an obligation to a super-
ficiary to make the land avail-
able, but a lessor shall assume
an obligation to a lessee tomake
the land available.

article id="606" name="Repairs of Leased Things"
(1) A lessor shall assume an obligation to effect repairs necessary for using and
taking the profits of the leased Things.
(2) The lessee may not refuse if the lessor intends to engage in any act that is
necessary for the preservation of the leased Thing.

H29-1-A

A is a nineteen-year-old male
and subject to the parental au-
thority of his parents.
In the case where A concluded
a contract for sale without the
consent of the persons who had
parental authority in relation to
him after he had been permit-
ted to carry on business by the
persons who had parental au-
thority in relation to him, even
if the contract for sale is not con-
cerned with such business, A
may not rescind the contract for
sale.

article id="6" name="Permission for Minors to Carry on Business"
(1) A minor who is permitted to carry on one or more kinds of business shall
have the same capacity to act as a person of the age of majority as far as such
business is concerned.
(2) In the case set forth in the preceding paragraph, if the minor may be un-
able to perform the relevant business for any reason, his/her statutory agent
may revoke or limit permission in accordance with the provisions of Part IV
(Relatives).
article id="5" name="Juristic Act of Minors"
(1) A minor must obtain the consent of his/her statutory agent to perform
any juristic act; provided, however, that, this shall not apply to an act merely
intended to acquire a right or to be relieved of a duty.
(2) A juristic act in contravention of the provision of the preceding paragraph
may be rescinded.
(3) Notwithstanding the provision of paragraph 1, in cases the statutory agent
permits the disposition of property by specifying the purpose thereof, a minor
may freely dispose of the same to the extent of such purpose. The same shall
apply in cases his/her statutory agent permits the disposition of the property
without specifying any purpose.

H18-9-2

Statutory real rights granted by
way of security exist, but statu-
tory usufructuary rights do not
exist.

article id="295" name="Content of Rights of Retention"
(1) If a possessor of a Thing belonging to another person has a claim that has
arisen with respect to that Thing, he/she may retain that thing until that claim
is satisfied; provided, however, that this shall not apply if such claim has not
yet fallen due.
(2) The provisions of the preceding paragraph shall not apply in cases where
possession commenced by means of a tortious act.
article id="303" name="Content of Statutory Liens"
A holder of a statutory lien shall have the rights to have his/her own claim
satisfied prior to other obligees out of the assets of the relevant obligor in
accordance with the provisions of laws including this Act.
article id="388" name="Statutory Superficies"
In cases where land and a building on the land belong to the same owner, if
a mortgage is created with respect to that land or building, and the execution
of that mortgage results in the creation of different owners, it shall be deemed
that a superficies has been created with respect to that building. In such cases,
the rent shall be fixed by the court at the request of the parties.

(i) occurrence cause dissolution provided articles incorpora-
tion act endowment, case may be;
(ii) successful consummation business purpose juridical per-
son, impossibility successful consummation;
(iii) ruling commence bankruptcy procedures;
(iv) rescission permission establishment.
(2) In addition causes listed respective items preceding para-
graph, incorporated association shall dissolved of:
(i) applicable resolution general meeting;

(ii) attrition members.

• Stemming. In NLP, stemming is an important step which
reduces inflected (or sometimes derived) words to their word
stem base or root form (generally a written word form).
Example:(Query "H30-1-U")
Input:
A fathermay not affiliate his unborn child, even if themother’s
consent is obtained
Output:
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Figure 1: The approach of system

A fathermay not affiliate his unborn child, even if themother’s
consent is obtain

• Chunking. Noun and verb play significant roles in under-
standing the semantic meaning of the legal article. However,
stand-alone nouns and verbs are usually less informative
compared to noun and verb phrases. Hence, we used phrase
chunking instead of part of speech tagging. For task 3, each
sentence was chunked to extract a noun phrase and a verb
phrase[2, 5].
Example:(Article: Juridical Person under Liquidation)
Input:
A dissolved juridical person is deemed to still continue to
exist to the extent of the purpose of the liquidation until the
conclusion of such liquidation.
Output:
List of Noun phrase: ’A dissolved juridical person’, ’the ex-
tent’, ’the purpose’, ’the liquidation’, ’the conclusion’, ’such
liquidation’.
List of Verb phrase: ’is deemed’, ’continue’, ’exist’.

Indexing: We used N-gram and TF-IDF to represent sentence as
numerical vector[4]. Themost commonly used N-gram are unigram,
bigram, and trigam. N-gram can be used in conjunction with TF-IDF
weight where the weight is calculated for each n-gram. We indexed
the articles using the following methods:

• Based on all content of article
• Based on title of article
• Based on Noun-phrase: Articles were chunking and we only
calculate TF-IDF weight for noun-phrases.

• Based on Verb-phrase: Articles were chunking and we only
calculate TF-IDF weight for verb-phrases

Scoring and Analysis: We computed cosine similarity between
one query vector and all article vectors.

• cosine_similar(q,a): compute the similar between the query
q and the article a

• cosine_similar(q_N,a_N): compute the similar between
noun phrase in the query q and noun phrase in the arti-
cle a

• cosine_similar(q_V,a_V): compute the similar between verb
phrase in the query q and verb phrase in the article a

With three formulas, we divide to two ways in experiments . A way
used only cosine_similar(q,a) (All content). And other ways used
cosine_similar(q_N,a_N) and cosine_similar(q_V,a_V) (NP-VP)

After completing computation process, list of similar score is
sorted. We used two way to choose set of relevant articles: top-k
and threshold. With top-k, we will choose k article which has the
highest score as the relevant article. However, number of relevant
article in each query is not constant. And this is a difficult problem in
the task. We resolve this problem by threshold. With threshold, we
compute the ratio distance between k article in top list of relevant
article. a,b and c are similar score. They satisfy the condition: c > b
> a

R_score(a,b, c) = b−a
c−b

Give 3 relevant articles in list: ai−1, ai and ai+1. Based on the
method above, there are 4 elements:

• Distance_score(ai+1, ai ): the difference from similar score
of article ai+1 and ai

• Distance_score(ai , ai−1): the difference from similar score
of article ai and ai−1

• R_score(ai−1,ai ,ai+1): the ratio of distance score between 3
relevant articles ai−1, ai and ai+1

• Threshold t
After having the elements, we give decision follow two case:

Relevant_articles =

{
ai+1 ⇔ R_score(ai−1,ai ,ai+1) < t

ai ,ai+1 ⇔ R_score(ai−1,ai ,ai+1) ≥ t

4 EXPERIMENT AND RESULTS
We use data from H18 - H29 in this competition. Some information
of dataset is show in table 3. The dataset is used to choose model
and parameter. We focus on choose threshold t . Based on dataset of
previous years, the choosing threshold show in figure 2. Average of
number relevant articles per a query is 1.38 article. So, we consider
top-3 article is the most relevant and used threshold to choose.
With each query, the number relevant articles which was return
can be one or two. See the figure 2, the threshold t = 0.1 had the
best F2-score. The greater the ratio of distance similar score, the
worse the result. In data of "H30" we also used t = 0.1 to choose
result.
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Table 2: Result of submission

Name F2 Prec Recall MAP
All content 0.5343 0.4592 0.5820 0.5982
NP-VP 0.5054 0.4031 0.5616 0.5750

Name MAP-L R_5-L R_10-L R_30-L R_100-L
All content 0.5982 0.6529 0.6860 0.7686 0.8843
NP-VP 0.5750 0.5950 0.6529 0.7686 0.8843

Table 3: Basic statistics of the datasets used in experiment

ID Number of Query Average of number relevant articles

H18 36 1.42
H19 38 1.32
H20 44 1.36
H21 56 1.25
H22 47 1.13
H23 41 1.44
H24 79 1.32
H25 60 1.27
H26 95 1.49
H27 74 1.54
H28 77 1.53
H29 69 1.35
Total 716 1.38

Figure 2: With top-3 relevant article in list, we choose t = 0.1
as the best threshold for experiment

With "Indexing" steps, there are twoways to index. A experiment
is all article include: content and title. In other experiment, we only
use noun phrase and verb phrase in content and title of article. All
of them were evaluated by dataset in this year. The result is shown
in table 2. With NP-VP, some information loss. It make performance
of method was reduced. When using t = 0.1, both of them only have
a difference result in R_5-L, R_10-L. R_30-L and R_100-L are the
same in two methods.

5 CONCLUSION
In this report, we were introduced our methods for task 3 (statute
law retrieval task). Our methods used TF-IDF as feature and com-
pared the similar between two objects by cosine. With two ways
approach in "Indexing" steps, there are no more significant differ-
ence. In the future, this approach will combine some other features
to improve performance.
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ABSTRACT
Getting an overview over the legal domain has become challeng-
ing, especially in a broad, international context. Legal question
answering systems have the potential to alleviate this task by au-
tomatically retrieving relevant legal texts for a specific statement
and checking whether the meaning of the statement can be in-
ferred from the found documents. We investigate a combination of
the BM25 scoring method of Elasticsearch with word embeddings
trained on English translations of the German and Japanese civil
law. For this, we define criteria which select a dynamic number
of relevant documents according to threshold scores. Exploiting
two deep learning classifiers and their respective prediction bias
with a threshold-based answer inclusion criterion has shown to be
beneficial for the textual entailment task, when compared to the
baseline.

CCS CONCEPTS
• Information systems→Question answering; Similarity mea-
sures; Relevance assessment; •Computingmethodologies→Neu-
ral networks.
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1 INTRODUCTION
Nowadays, globalization poses a challenge for many international
organizations, since they need to ensure compliance to laws of all
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jurisdictions falling under the scope of their activities. Tracking
changes in law is a challenging task, especially in statutory law
where a single modification may affect the applicability of several
legal articles, due to implicit co-dependencies between these doc-
uments. While domain experts are mostly required to ensure a
reliable assessment of relationships among laws and their implica-
tions, the amount of legal documents is hard to oversee for a single
person. Therefore, a decision support system can help in finding
relevant laws and applying them to a specific question or statement.
Finding out whether a statement is true, given a corpus of legal text,
falls under the task of legal question answering. A legal question
answering system consists of two major parts: document retrieval
and textual entailment recognition. In the retrieval phase, relevant
law articles are selected for a query, having the form of a statement
which shall be supported or contradicted by the law articles from
the document collection. During the textual entailment phase, the
query and accordingly retrieved legal documents are processed by
a classification algorithm which returns “yes” in case of positive
textual entailment or “no” otherwise. This work is a contribution
to the Competition on Legal Information Extraction/Entailment
(COLIEE) competition which provides a dataset from Japanese bar
exam questions (translated to English) for evaluating the system
performance on both tasks, retrieval and entailment classification.
Our contribution involves the following methods:

• We combine results fromBM25 scoringwithword embedding-
based retrieval.

• We develop a stacked encoder ensemble for entailment de-
tection.

• We use thresholding for both approaches.
The remainder of this work is structured as follows: Section 2

outlines related work for both tasks with respect to their achieve-
ments using similar methods to our approach. In Section 3, we
describe basic concepts for string representation in machine learn-
ing models, scoring methods and stacked encoders. We explain
our approach in detail in Section 4 and show evaluation results in
Section 5. After discussing those results, we conclude our findings
and mention our future work considerations.

2 RELATEDWORK
The related work for our approach is divided in two parts: The
legal information retrieval task and the entailment detection task.
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The first part consists of approaches using BM25 scoring or word
embeddings, as well as similarity thresholding for a retrieval task.
We further present deep learning methods, followed by approaches
using thresholds for a textual entailment task.

2.1 Legal Information Retrieval
2.1.1 BM25-Based Solutions. In the COLIEE ’16 competition, On-
odera and Yoshioka apply BM25 scoring for information retrieval
with several extensions using query keyword expansion. Their best
result was an F-measure of 54.5% [11]. Arora et al. observe the
best score with the BM25 scoring method on a different task of
legal document retrieval [1], compared to language models and
term frequency - inverse document frequency (TF-IDF) weighting.
This finding contradicts the previous observations from COLIEE
competitions and the FIRE 2017 IRLeD Track, where ranking SVMs
[12] or language models [17, 32] performed better than mere BM25
scoring. Despite those observations, BM25 has shown to provide at
least competitive results in many cases, so that we consider it as
part of our approach.

2.1.2 Word Embeddings. Word Embeddings have proven to be use-
ful in many natural language processing contexts. We outline sev-
eral works which have used this document feature representation
for legal information retrieval. During the COLIEE ’18 competi-
tion, the SPABS team was able to overcome vocabulary mismatch
in some cases using an RNN-based solution with Word2Vec em-
beddings trained on English legal documents [34]. Team UB used
word embeddings with PL2 term weighting [34]. Yoshioka et al.
suggest to use semantic matching techniques for hard questions
involving vocabulary mismatch combined with more reliable lexical
methods for easy questions [34]. This is the main motivation for
our retrieval system, which incorporates lexical BM25 scoring and
word embeddings as a semantic representation, respectively.

2.1.3 Thresholding. Thresholding based on similarity values can
improve retrieval results by filtering out low-scoring matches. Islam
and Inkpen use similarity thresholds to increase the precision of
text matching [10]. Stein et al. also employ thresholds for plagia-
rized document retrieval [29]. In the COLIEE ’18 competition, team
UBIRLED use a similarity threshold for filtering out irrelevant case
judgments [13]. Nanda et al. select the top-5 matching documents
from a topic clustering approach [20]. Given the document with
the highest similarity score to the query, they apply thresholding,
such that any further document will be incorporated into the result
set if the distance to the topmost document is less than 15%. Our
approach uses a similar criterion for document inclusion.

2.2 Legal Textual Entailment
2.2.1 Deep Learning Approaches. Deep learning approaches have
been used by several authors for entailment detection, starting with
an application of a single-layered long short-term memory network
(LSTM) for input encoding by Bowman et al. [3]. The encoded
features from both texts are concatenated and passed through three
200-dimensional tanh layers to a softmax classifier for predicting
the entailment relationship. The task is performed on the SNLI1
dataset which is based on image captioning. Rocktäschel et al. apply
1nlp.stanford.edu/projects/snli/

neural attention [2] for entailment recognition on the same SNLI
corpus [26]. Two LSTM networks are employed for encoding the
query and the document, whereby the output vectors from the
document are used by an attention mechanism for each word in
the respective query. Their method achieves 83.5% accuracy, which
is compared to the results by Bowman et al. an improvement of
3.3 percentage points. Liu et al. use a bidirectional LSTM with
an attention mechanism [16] and obtained 85% accuracy on the
SNLI dataset. A stacked encoder architecture developed by Nie and
Bansal achieved 86.1% accuracy on the SNLI dataset. Considering
that result as the state-of-the-art, we adapt the main idea to our
task in the legal domain and further explain this architecture in
section 3.3. Do et al. use a convolutional neural network (CNN)
with word embeddings [6]. They incorporate additional features
from a TF-IDF and latent semantic indexing (LSI) representation of
the sentences. Finally, they feed these features in conjunction with
the output of the CNN model into a multi-layer perceptron (MLP)
network to predict the answer.

We are inspired by the work of the Chen et al., which focuses
on a factoid question and answering system [5]. Their goal is to
predict a sequence in the document to answer the query, as opposed
to our task of detecting an entailment relationship. They trained
two multi-layer bi-directional LSTMs to encode the articles and the
query. For encoding the article, they extract multiple features from
the query and document pairs: word embeddings of the document
(300-dimensional Glove embeddings), an exact matching flag, token
features (part-of-speech tags, named entity tags, normalized term
frequencies) and attention scores for the similarity of a document
and the aligned query. These features are concatenated to form the
input vector for the LSTM that encodes the article. The question is
encoded without extracting any features. Their evaluation is based
on the top five pages returned by the algorithm, and results in 77.8%
of correct answers on the SQUAD [23] dataset.

Nanda et al. apply a hybrid network of LSTM networks coupled
with a CNN, with the final prediction based on a softmax classi-
fier [20]. They use pre-trained general-purpose word embeddings
from the Google news corpus, consisting of 3 billion words. Their
accuracy for the COLIEE ’17 competition was 53.8%, which they at-
tribute to the general-purpose embeddings which may not capture
important semantic relationships needed for the legal domain.

From these works, we conclude that LSTM architectures are
suitable for entailment detection for open-domain tasks. However,
the COLIEE dataset poses a challenge for deep learning models due
to the specific meaning of terms in the legal domain and the rather
small size of the dataset. Therefore, we refrain from training word
embeddings on the statute law competition corpus only, but con-
sider using other general-purpose word embeddings and a slightly
different architecture compared to the previous work. We also find
in the related work that extracting additional features from the
documents can improve the classifier performance.

2.2.2 Thresholding. Thresholding for the entailment task is ap-
plied in two cases: First, the entailment detection can be done by
using a similarity threshold. This works similar to an attention layer
in a neural network, which applies a focus on a subsection of the
input. The second case refers to thresholding in classifier output
probabilities. During the COLIEE ’15 competition, Kano obtained
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good results using a threshold for snippet scoring of the entailment
task in the runs Kanolab1, Kanolab2 and Kanolab3 [12]. Ha et al.
show that similarity scoring can be used for entailment detection
[9], however, this may only work for low-level inferences. Instead,
Carvalho et al. suggest to use classifiers with a rich feature set [4].
We incorporate an exact matching component for obvious cases
of positive entailment in our solution and train a classifier for the
majority of cases. Glickman et al. tune their probabilistic entailment
detection method with a threshold [8]. Rooney et al. note that for
entailment detection, exploiting individual classifier bias with a
voting scheme or stacking is common [27]. We employ a voting
scheme which is based on using thresholds on the output proba-
bilities of classifiers in our ensemble and consider their respective
bias.

3 BACKGROUND
In this section, we introduce the required concepts to understand
the components of our approach. First, we describe two text repre-
sentation approaches. Second, we present scoring methods for the
retrieval task. Finally, we explain a method for sequence encoding
and decoding which is frequently applied in open-domain question
answering.

3.1 Text Representation
In order to apply machine learning techniques on text data, a suit-
able representation of the input is needed. We consider two alter-
native approaches: the bag-of-words model and word embeddings.
The bag-of-words representation collects all words of a document
regardless of their order as assigns each distinct word to a unique
index. For two texts to be considered as similar, there needs to
be a significant lexical overlap. In contrast, word embeddings are
semantic representations of a word, which do not require a lexical
overlap. However, these representations need to be created, for
instance from a neural network which is trained on a reference
corpus to predict the next probable word in a sequence. A model
for training word embeddings is Word2Vec [19]. The Word2Vec
algorithm learns the word embeddings by using the continuous
bag-of-words (CBOW) model or the continuous skip-gram model.
The embeddings are learned in the CBOW model by predicting the
current word based on a context window. In contrast, the contin-
uous skip-gram model predicts the surrounding context given a
reference word. General-purpose pre-trained word embeddings are
often used, for instance Glove embeddings [22]. During the embed-
ding training, the hidden layers of this network capture information
such as the co-occurrence of two words which are present in the
same context. The resulting n-dimensional weights from the hid-
den layer of the network are then called word embeddings. It is
important in this context to choose a good reference corpus which
represents the vocabulary and common word use in the domain of
the task well to obtain adequate embedding weights.

3.2 Weighting and Scoring Methods
Regardless of the chosen representation method, there can be the
need to adjust the weight of each word while aggregating to the
document level. A common approach for weighting is a discounting
of the term frequency within a document by its overall frequency

within the corpus. This term frequency - inverse document fre-
quency (TF-IDF) weighting scheme takes into account that only
certain words describe a document well. That is, words which oc-
cur frequently within a document, but relatively seldom across
the rest of the document collection are considered to be keywords
and obtain the highest weight. Likewise, words which occur of-
ten in the whole corpus are treated as stopwords and their weight
is diminished by the denominator term of the inverse document
frequency. Generally, retrieval systems often contain a ranking
function, where the similarity or a relevance score between the
query and candidate documents is computed in order to determine
document relevance. We describe two scoring methods in more de-
tail: BM25 similarity scoring and Word Centroid Distance, whereby
the latter treats the analogous problem of distance measurement for
similarity scoring. BM25 scoring, also referred to as Okapi BM25,
is similar to TF-IDF weighting, however it limits the influence of
the term frequency and common words between query and docu-
ment, following a notion of term eliteness as a poisson distribution
[25]. The Word Centroid Distance (WCD) has been specifically de-
veloped for word embeddings by Kusner et al. [15]. It depicts the
minimum cumulative distance that the words of a document need
to travel to reach all words of another document in the embedding
space. Thereby, a semantic distance metric is provided, given that
word embeddings exist which capture those semantic relationships
between the words of the respective domain. As a result, paraphras-
ing documents which convey the same meaning without sharing a
single word can be still detected as a match.

3.3 Sequence Encoding and Decoding
Using sentences or article paragraphs as an input for a machine
learning algorithm requires a transformation to a lower-dimensional
feature representation. Since the order of words and thereby also
dependencies among words can impact the entailment relation-
ship, we briefly introduce an approach to model text sequences:
the sequence-to-sequence (Seq2Seq) model by Sutskever et al. [31].
It consists of a recurrent neural network (RNN) as an encoder,
which maps the input to a fixed-length context vector. This con-
text vector is then accessed by the decoder RNN to generate the
target sequence. This approach is popular in the general question
answering domain [24]. The Seq2Seq model has been extended by
Bahdanau et al. by an attention layer, so that a smaller segment
of the fixed-length vector can be used by the decoder to predict
the target [2]. Neural network architectures built for question an-
swering encode the query and the document separately. A common
practice is to concatenate both context vectors to a single context
representation and separate them by markers of question start and
sequence end for the final prediction [30]. The question answering
problem we consider in this work is reduced to a binary output of
confirming or rejecting the statement from the query. Therefore,
the decoder is replaced by an entailment classifier, as in the work
by Nie and Bansal [21]. While they use an MLP layer followed by a
softmax layer for the prediction, we employ a multi-layer neural
network, with stepwise-linear activation functions, the rectified
linear units (ReLUs), due to their accuracy and simplicity at the
same time. In particular, recent studies have investigated the ap-
proximation capability of ReLUs in hidden layers, and found that
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there is a gain in accuracy, although the nonlinearity of weights
is given up [28, 33]. Schmidt-Hieber names desirable properties of
the ReLU function: First, the projection property of ReLUs can be
exploited to propagate a signal over layers without distortion to
synchronize smaller subnetworks of varying depth, and second, the
upper bound of all network parameters equals one, thus limiting
the amplitude of weight updates during training [28]. To conclude,
sequence encoding has been applied on several question answering
problems and therefore, we consider it for the task of legal bar exam
entailment classification. In the next section, we present the details
of our approach.

4 THRESHOLD-BASED RETRIEVAL AND
ENTAILMENT DETECTION

In this section, we present our methodology to retrieve relevant
laws for a given query. Then, we show our approach for classifying
the entailment relationship.

4.1 Law Retrieval combining BM25 Scoring and
Word Embeddings

Previous competition results suggest that it can be beneficial to
combine the advantage of lexical matching (using the bag-of-words
approach) with more recent semantic matching techniques (e.g.,
word embeddings) [13].

4.1.1 Conceptual Approach. Our retrieval system uses lexical BM25
scoring together with Word2Vec embeddings. An overview of the
process is shown in Figure 1. During the preprocessing phase, we
separate the articles in the Japanese civil law file by using regular
expressions. Then, we create an index over all articles and apply
the BM25 scoring method. In addition, we implement a separate
pipeline for word embedding creation from the German civil code
as an auxiliary corpus. Preliminary experiments have shown that
solely using Word2Vec on the English translation of the Japanese
civil code does not provide a good embedding quality, so we en-
riched the corpus for the embedding creation by an English transla-
tion of the German civil code2. With our trained word embeddings,
we applied the Word Centroid Distance (WCD) as a scoring func-
tion. Further experiments led us to apply TF-IDF weighting on
the Word Centroid Distance to increase the number of relevant
documents. We find that both methods returned similar results,
however, the word embeddings can contribute correct documents
in case of vocabulary mismatch and sufficient semantic similarity.
Therefore, we introduced similarity thresholding and prioritize the
word embedding-based matching documents over the ones which
scored high only on BM25. Since the number of relevant documents
varies by query, we define criteria for similarity thresholds in both
methods to select one or multiple documents, if there is a high
similarity to the query. Setting a high similarity threshold results
in a high precision, but a low recall. We therefore select all docu-
ments with a high similarity automatically as relevant. Additional
documents are only included if they fulfill the threshold criteria
which we set manually to optimize retrieval performance on the
training data. For instance, a top-1 document with high confidence

2https://www.gesetze-im-internet.de/englisch_bgb/

has either a BM25 score that is at least twice as high as the follow-
ing second document and larger than the length of the query with
an added constant of 20, or that document has a word embedding-
based similarity of 90%. The length of the query is considered as a
criterion for the BM25 results because the lexical overlap should be
significant and not fall below 20% similarity score. Further criteria
for lower confidence results are based on the same logic, just with
relaxed parameters. Depending on the number of already accepted
predictions from higher confidence votes, we define criteria for fur-
ther result inclusion. For example, if there are no predictions from
high, medium or low similarity thresholds, the top-1 prediction
without any confidence is retrieved from the results of the word
embedding-based similarity scoring.

4.1.2 Implementation Details. Our implementation for the retrieval
task is based on Python 3 and Elasticsearch 6.4.1. Furthermore
we use the library vec4ir3 provided by Galke et al. for word
embedding-based retrieval and re-weighting frequent terms with
the inverse document frequency before the centroids are calculated
for the WCD [7]. The 300-dimensional Word2Vec embeddings are
trained with the continuous bag-of-words model and a context
window size of 5. We train the embeddings for 700 epochs on the
English version of the German Civil Code and then for further 800
epochs on the English version of the Japanese Civil Code. The input
string is tokenized using the spaCy4 library.

4.2 Textual Entailment using an ensemble of
Stacked LSTM Encoders

4.2.1 Conceptual Approach. Our approach for entailment detec-
tion consists of stacked encoders and an entailment classifier, in-
spired by the stacked bidirectional LSTM encoder by Nie and Bansal
[21]. Since there may be identical sequences of query and document,
such easy cases are returned as positive entailment beforehand. The
remaining query-document pairs are processed by the stacked en-
coder approach. An overview of our classification process is shown
in Figure 2. As a first step, the queries and articles are preprocessed
by tokenizing the sequences. Both have a separate pipeline, since
four additional features are extracted from the article. The first
three features are obtained by comparing the article with query
tokens and storing matches as a binary feature if a match occurs
in the original form, in the lower-cased form or in the lemmatized
token form, respectively. We also compute the normalized term
frequency for each term in the article. The main advantage of using
the normalized term frequency is to lessen the effect of high occur-
rences of a term in a text sequence [18]. Once extracted, these four
features along with the tokenized form of the article and the query
become the input to the deep learning model. The feature vectors
of query and article are passed to the stacked encoders separately.
The first layer in the pipeline of the deep learning model is the
embedding layer. Due to a few spelling mistakes, some words in the
documents could not be mapped to the Glove embeddings. Because
of the small corpus size, we defined a dictionary with correct term
spellings. If the Glove embedding is not found, the correct surrogate
word is looked up, at least for cases we detected in the training

3https://github.com/lgalke/vec4ir/
4https://spacy.io/
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Figure 1: Overview of the information retrieval workflow.

dataset. We then incorporate an attention layer because of the dif-
ferent size of the query and article length (with the article being
potentially longer). Another reason for choosing an attention layer
is the interpretability of the learned input characteristics. Words
causing higher neuron activation can be traced from the attention
scores of the model. As a next layer, this network uses a deep bidi-
rectional long short-term memory (LSTM) network and outputs
a fixed-length context representation vector. The context vectors
from both the article and the query encoder are concatenated and
processed by the entailment classifier consisting of stacked linear
layers with ReLU activation functions. The binary output is gen-
erated by a sigmoid function providing the predicted entailment
relationship. Afterwards, models with the highest accuracy are in-
vestigated with respect to their bias to set rules for the ensemble
voting mechanism. We use the probability of each class - positive
or negative entailment - as an indicator of classifier confidence. For
example, if one model predicts positive entailment while the other
model votes for negative entailment, the positive result is chosen if
the probability of the positive class in the approving model is larger
than 53%.

4.2.2 Implementation Details. The entailment recognition task is
also implemented using Python 3. For preprocessing we again use
spaCy. The deep learning models are built by using PyTorch5. We
train two models using different random seed values for 100 epochs
with a batch size of 20 and an Adamax optimizer with the cross
entropy loss. There are 3 bidirectional LSTM layers in both encoders
- for query and article features - with a hidden size of 100. We apply
a dropout of 20% for each bidirectional LSTM layer and use gradient
clipping. To generate the prediction, there are 4 stacked linear layers
with ReLU activation functions, followed by a sigmoid function for
the final output.

5https://pytorch.org

5 RESULTS
The evaluation results are based on the assessment of the COLIEE
competition. First, we present and discuss the results of the retrieval
task. Second, we proceed with the results of the textual entailment
task and insights from the assessment. While a complete question
answering system is evaluated based on the whole pipeline - re-
trieval and entailment classification on the retrieved documents
- we decided to solve both tasks independently from each other
by taking the gold standard set of all relevant documents for the
entailment recognition.

5.1 Law Retrieval
We summarize our document coverage for high, medium and low
confidence in the training dataset in Table 1. The BM25 scoring
method achieves a higher coverage than the word embedding-based
solution and has therefore a slightly worse retrieval performance on
the high, medium and low confidence thresholds. We decide to pri-
oritize word embedding-based results over the BM25 scoring when
the similarity - thus also the confidence - is high. For the combined
result on the training dataset (H18-H29), we achieve a precision of
29.3%, a recall of 63.59% and an F2-measure of 48.2%. Preliminary
experiments have shown that our approach outperforms simple
TF-IDF scoring in Elasticsearch on the training data, as well. Table
2 contains our result in the COLIEE competition compared to the
competitors with the highest and the lowest score.

Similarly, on the macro-average evaluation setup, we achieve an
F2-score of 46.59%, while other participants scored from 40.08% to
54.93%. However, results from the competition runs indicate that
our Word2Vec embeddings cannot guarantee relevant document
detection, since our recall at 30 has been outperformed by all other
methods. The Word2Vec embeddings may be trained on a larger
corpus of legal text - not only civil codes - to provide more valuable
semantic representations. Preliminary experiments of using the
skip-gram model instead of CBOW for training word embeddings
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Figure 2: Overview of the textual entailment workflow.

Table 1: Retrieval coverage and performance by using sim-
ilarity thresholds for several confidence levels. The num-
ber of documents retrieved by using BM25-based similarity
thresholding is denoted as Nbm25, the respective word em-
bedding similarity-based document count as Nemb. Themet-
rics coverage C, precision P, recall R and F2-measure F2 are
depicted in percentages.

Metric High Medium Low
Nbm25 89 390 453
Nemb 53 154 380
Cbm25 8.1 35.8 41.7
Cemb 4.9 14.0 31.6
Pbm25 97.7 87.5 77.6
Pemb 100.0 94.9 81.0
Rbm25 94.5 79.5 66.3
Remb 94.3 86.9 78.0
F2bm25 94.2 79.5 66.9
F2emb 94.8 87.2 76.1

decreased all scores on the training dataset, so that we only selected
embeddings based on the CBOW model for result submission.

5.2 Textual Entailment
We selected two models with the highest accuracy. They are both
biased towards the negative class, although we divided the dataset
in such a way that there are more positive examples in the training
dataset (with a validation set from H28). We obtain from both
models 63.6% accuracy on the validation set.We consider themodels
to be complementary because they predict positive entailment on
different instances. Therefore, we combine their predictions.

Table 2: Retrieval results of our team DBSE for the metrics
F2-measure F2, precision P, recallR, mean average precision
MAP, recall at 5 R@5, recall at 10 R@10 and recall at 30
R@30, calculated as macro-averaged values and depicted in
percentages.

Metric UA-TFIDF DBSE iitptfidf
F2 54.93 46.59 40.08
P 59.18 45.44 43.88
R 54.42 49.32 39.63
MAP 61.81 51.19 50.56
R@5 61.98 51.24 57.02
R@10 69.42 61.98 62.81
R@30 76.03 66.94 75.21

Table 3: Entailment classification results of our team DBSE
for the accuracy A metric, calculated as macro-averaged
value and depicted in percentages.

Metric UA_Ex DBSE Baseline
A 68.37 57.14 52.04

The assessment from the COLIEE competition shown in Table 3
resulted in an accuracy of our model of 57.14%, compared to the best
result of 68.37% and the lowest score of 44.9%. The baseline which
always predicts a negative entailment achieved 52.04% accuracy.
Since our model works with neural attention, we can visualize the
query-document interaction in our model for selected cases. For
instance, in task H30-23-A, our model predicted the positive class,
although the correct answer is a negative entailment.
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Figure 3: Neural attention example for task H30-23-A. Our model incorrectly predicted a negative entailment relationship to
be positive.

Figure 3 illustrates the neuron activation of one of our stacked
encoder models. Note that there is almost no neuron activation
between the query term “pre-contract” and the article tokens. We
suppose that the Glove embeddings do not provide feature informa-
tion for the legal use of this specific hyphenated term. Interestingly,
there is a high neuron activation between the query sequence “shall
be effective” and “when one of the parties receives”, as well as the
article number within the law document. The sequence “that are
the same in kind” also exhibits higher activation values for that
query sequence. Therefore, we attribute this mistake to the out-of-
vocabulary-problem, which is often encountered in domain-specific
texts with scarce resources for context modeling with embeddings.
While own Word2Vec embeddings were employed for the informa-
tion retrieval task, we selected Glove embeddings because of the
presumably higher likelihood of correctly learned semantic feature
representations for negation words and terms such as “must” and
“may”.

The second example in Figure 4 shows a correctly classified pos-
itive entailment relationship. Elevated activation scores are found
in the query terms “no successor of the primary obligor may” in
conjunction with the article term sequence “no primary obligor,

guarantor or successor” and “may make a claim for the extinction”.
In this case, it can also be observed that the article number has not
been attended as strong as in the previous example.

The previous two examples show that our stacked encoder has
the ability to attend meaningful inputs, given that the input feature
representation is expressive enough to capture the domain-specific
context of a word. Due to space limitations, examples with positive
predictions were chosen because both encoders are highly biased
towards the negative class. In the few cases where they predict a
positive entailment, they appear to have a local competence for
correctly identifying vital features. Therefore, we expect the per-
formance to increase when word embeddings are generated from a
large domain-specific corpus.

6 CONCLUSION
In this work, we present a law retrieval approach and an entail-
ment classifier, developed during the COLIEE ’19 competition. For
the law retrieval task, we combined BM25 scoring with the Word
Centroid Distance for word embeddings, and then applied similar-
ity thresholding for a variable number of retrieved documents per
query. Our results outperform some competitor approaches, but we
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Figure 4: Neural attention example for task H30-13-I. Our model correctly predicted a positive entailment relationship.

expect further improvements by using word embeddings trained
on a larger legal corpus. Regarding the textual entailment task, we
outperformed the baseline and thereby have shown a benefit of
using a stacked encoder architecture with additional features and
an attention layer. Future work for the entailment task can be done
on additional feature extraction, for instance semantic role labels.
Since our ensemble has been selected manually, it can be beneficial
to use automated pruning approaches which are designed for imbal-
anced data to overcome classifier bias and exploit complementary
local competences [14]. Another research field is the use of different
learning architectures and other word embeddings suitable for the
legal domain.
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