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ABSTRACT
This paper describes a new method to identify text pairwise relevance, 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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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 provided 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 observed 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 weakness, 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 pretraining[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 estimated 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 consider 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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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 computes 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 1: Distribution of the number of tokens per document.

choose to limit the size of the summary to 180 words, so a concatenated 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 Uncased"), 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 classification, 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.

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
1 although

not all candidate cases are unique to only one query case, but we expect the
statement to hold overall
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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 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 used when 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

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

We have demonstrated in this paper the ability of Generalized Language 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 introduced the usage of BERT for the production of pairwise embeddings
that are meaningful for a downstream task of relevance classification. 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 improving on the underlying BERT model, diversifying to other Generalized Language Models, as well as introducing advanced methods
of ranking and training, such as Learning to Rank.
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