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Abstract

Given the rapid development of Legal Al a lot of attention has been paid to
one of the most important legal Al tasks—similar case retrieval, especially with
language models to use. In our paper, however, we try to improve the ranking
performance of current models from the perspective of learning to rank instead of
language models. Specifically, we conduct experiments using a pairwise method—
RankSVM as the classifier to substitute a fully connected layer, combined with
commonly used language models on similar case retrieval datasets LeCaRDvl1
and LeCaRDv2. We finally come to the conclusion that RankSVM could gener-
ally help improve the retrieval performance on the LeCaRDv1 and LeCaRDv2
datasets compared with original classifiers by optimizing the precise ranking. It
could also help mitigate overfitting owing to class imbalance. Our code is available
in https://github.com/liuyuqil23study/RankSVM _for_SLR

Keywords: Information Retrieval, Optimization, Natural Language Processing, Legal
Intelligence

1 Introduction

In recent years, Legal Artificial Intelligence (AI) has attracted attention from both
AT researchers and legal professionals(Greenleaf et al (2018)). Legal AT mainly means
applying artificial intelligence technology to help with legal tasks. Benefiting from the
rapid development of AI, especially natural language processing (NLP) techniques,
Legal AI has had a lot of achievements in real law applications (Zhong et al (2020);
Shao et al (2020); Surden (2019)).


https://github.com/liuyuqi123study/RankSVM_for_SLR

Among legal Al tasks, similar case retrieval (SCR) is a representative legal Al
application, as the appeal to similar sentences for similar cases plays a pivotal role in
promoting judicial fairness(Shao et al (2020)).

As demonstrated in a lot of work, there are mainly two approaches to do infor-
mation retrieval. 1) Traditional IR models(e.g.BM25 which is a probabilistic retrieval
model(Robertson and Walker (1994)) using keywords. 2) More advanced techniques
for IR using pre-trained models with deep learning skills, and the latter has achieved
promising results in some commonly used benchmark datasets(Ma et al (2021)).When
using pre-trained language models, there have been a lot of variations trying to incor-
porate the structural information in legal documents to help with the retrieval(Hu
et al (2022); Shao et al (2020); Chung et al (2014); Ma et al (2023); Zhang et al
(2024); Feng et al (2022); Shao et al (2023)) or to utilize LLMs to boost similar case
retrieval Zhou et al (2023).

However, compared with attention paid to language models, there is less focus on
the classifier used for the final ranking. As it is pointed out in an early paper Cao
et al (2006), there are two important factors in document retrieval and one of them is
that to have high accuracy on top-ranked documents is crucial for an IR system. So
we try to look into better classifiers in the hope of improving ranking performance.
As a problem of ranking by criterion of relevance, however, SCR is reduced to a 2-
class classification problem following a pointwise path in a lot of work, which means
the related classifier is only used to produce one label for a query-candidate pair. It
is also mentioned by other papers that Zhu et al (2022)the fine-tuned BERT model
does not compare which case candidate is more similar to the query case.

In our paper, we reintroduce pairwise methods to do the final ranking. Under
pairwise settings, classifiers care about the relative order between two documents,
which is closer to the actual ranking task(Liu (2009)). Among pairwise approaches,
we pay extra attention to the Ranking Support Vector Machine(RankSVM) method
as a representative method. The advantage of RankSVM is that it aims to minimize
the ranking loss and can also mitigate the negative influence of the class-imbalance
issue(Cortes and Mohri (2003); Wu and Zhou (2016)) which is common for SCR tasks.
It is also mentioned in some papers (Wu et al (2020)) that the setting of binary
labels compared with multi labels could help mitigate the accumulated errors from
thresholds learning in RankSVM.

So we are inspired to use RankSVM to explore its performance on similar
case retrieval tasks and measure the performance using NDCG as our main metric
(Normalized Discounted Cumulative Gain).

In our experiments, we test different kinds of retrieval models when combined with
RankSVM to examine their retrieval performance on different similar case retrieval
datasets LeCaRDv1(Ma et al (2021)) and LeCardv2(Li et al (2023)). Our method is
illustrated in Figure 1.
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Fig. 1: Illustration of Our Method

2 Materials and Methods
2.1 Language Models for SCR

In this paper, we mainly examine three language models: BERT model,
BERT+LEVEN, and Lawformer language model, which respectively represent basic
language model, knowledge incorporated model, and language model with long inputs.
BERT(Devlin et al (2019)) is a commonly used language model with a maximum win-
dow length of 512, and many researchers have done many implementations that have
a lot to do with how they understand structural information in legal documents and
concatenate them with models that could deal with limited length (Shao et al (2020);
Hu et al (2022); Zhu et al (2022)). So in our experiments, we both examine the basic
BERT model and the BERT model with structural information extracted from legal
documents. We use the code from LEVEN(Yao et al (2022)) as an example where it
incorporates event detection.

Lawformer is a representative model that people propose to deal with longer inputs
(Xiao et al (2021))which is based on longformer architecture (Beltagy et al (2020)).
Lawformer could process long texts up to respectively 509 for query documents and
3072 for candidate documents.

Some work(Xu (2024)) moves on to examine another new pre-trained model
Mamba(Gu and Dao (2024)) that could deal with long inputs as well, where MAMBA
achieves competitive performance compared with transformer-based models using the
same training recipe in the document ranking task. So we also measure its performance
on the LeCaRDv1 dataset.

2.2 Datasets and Data Preprocessing

In our experiments, we use two benchmark datasets that are commonly used for similar
case retrieval tasks-LeCaRDvl and LeCaRDv2. Here we mainly examine the differ-
ence between these two datasets. LeCaRDv1 dataset(A Chinese Legal Case Retrieval
Dataset)(Ma et al (2021)) and LeCaRDv2 dataset(Li et al (2023)) are two datasets



specifically and widely used as benchmarks for similar case retrieval tasks since their
release. We first check the difference in the number of query files and candidate files,
which is shown in Table 1. While LeCaRDv1 contains 107 queries and 10,700 candi-
dates, LeCaRDv2 contains more queries and candidates. At the same time, it is worth
attention that while LeCaRDv1 has a separate candidate pool(folder) of size 100 for
each query, there is no subfolder for LeCaRDv2 queries. Moreover, there lies some
divergence in their judging criteria. While LeCaRDv1 focuses on the fact part of a
case involving key circumstances and key elements, LeCaRDv2 argues that character-
ization, penalty, and procedure should all be taken into consideration. Even though
they say in their paper that there is no explicit mapping function between the Overall
Relevance and the sub-relevance, the calculation could be described as follows, see 1.

Table 1: Details about LeCaRDv1 and LeCaRDv2 datasets

datasets LeCaRDv1l LeCaRDv2
#candidate cases/query 100 55192
#average relevant cases per query 10.33 20.89
ratio of relevance candidates 0.1033 0.0004
relevance,s = relevance, + relevancepenaity + relevanceprocedure. (1)

As it is known, a legal document could usually be partitioned into 3 parts—Parties’
Information, Facts, Holding, and Decision, which is illustrated in Figure 2. Here we
follow the common practice to only take fact parts of those documents as inputs, see
equation 2 and 3.

input,; = (query['q'], cand| ajjbgk’]) (2)
input,e = (query[ fact'], cand[ fact']) (3)

Moreover, we examine the fact parts in both datasets to be used as our inputs,
see Figure 3 and Figure 4, from which we could tell that many of them are actually
longer than the input limit of the BERT model as well as the Lawformer or MAMBA
model. At the same time, as we use the same number of bins in the histogram for
both LeCaRDv1 and LeCaRDv2 datasets, it could be seen that while the LeCaRDv2
dataset has query files of longer lengths, it has candidate files of shorter lengths. As
it is not

With different benchmark datasets, we conduct different data preprocessing. We
also conduct visualization to check LeCaRDv2’s length of documents. See Figure
4 to check their distribution. It could be told that case documents in LeCaRDv2
dataset are shorter .However, as there is no subfolder for LeCaRDv2 dataset in its
original repository https://github.com/THUIR/LeCaRDv2, out of consideration for
memory and the potential risk of probable overfitting if we conduct experiments with
all negative samples among the corpus, we conduct our experiments trying to follow
the practice on LeCaRDv1 dataset by building a subfolder of 130 candidates file for
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Court and Case Number : People's Court of XXX Zone, Shandong Province Criminal Judgement (2019) Lu(XXXX) Criminal No.XXX
Parties' Information:

Public Prosecutor : Shandong Province XXX People's Procuratorate

Defendant Background : Defendant XXX, male, born in November 1983 in XXX, of Han ethnicity, with an incomplete junior high school education. ...
Fact:

(Accusation of the Prosecutor) On July 1, 2019, at 7:08 a.m., the defendant XXX was driving a small car with the license plate Lu Nxxxxx along Honghai
Road from north to south. While making a left turn at the intersection of Tenglu Street, he collided with a three-wheeled vehicle, also bearing the license plate Lu
Nxxxxx, which was being driven by Xu (Person 1) and carrying Xu (Person 2) as a passenger, traveling from south to north along Honghai Road...And obtained the
forgiveness of the victim's immediate family members.

(Evidence) Regarding the above-mentioned facts, the prosecution has provided the following evidence:1.Documentary evidence, including the Road
Traffic Accident Determination Report and the arrest records.2. Testimony from the witness Xu (Person 2). 3. The defendant's statements and defense arguments. ...

(Arguments of Both Sides) The prosecution believes that the defendant, XXX, violated traffic management regulations, caused a major traffic accident
resulting in one death, and bears primary responsibility for the accident. ...The defendant, Zhang Baoyu, has no objections to the criminal facts and charges
brought by the prosecution and has admitted guilt and accepted punishment. ...

The defense counsel presented the following argument: no objections are raised regarding the charge of traffic accident crime against the defendant Zhang Baoyu
as stated in the indictment. ...

(Facts Confirmed by the Court) After trial and investigation, it was found that on July 1, 2019, at 7:08 a.m., the defendant XXX was driving...The above
facts are substantiated by the following evidence submitted by the prosecution and verified through cross-examination and authentication in court:1.Documentary
evidence:(1) One household registration certificate and one certificate of no criminal record. These confirm that XXX was born on November 23, 1983, and had
reached the full age of criminal responsibility at the time of the accident.A query on the Shandong Public Security Cloud Computing Platform, as of August 6, 2019,
revealed no prior criminal record for XXX. ...

Holding
This court holds that the defendant, Zhang Baoyu, violated traffic management regulations and caused a major accident...A lighter punishment may be
imposed at the court's discretion. ...
Decision:
The judgment is as follows: Defendant Zhang Baoyu is found guilty of the crime of causing a traffic accident and is sentenced to six months of fixed-term

imprisonment. ...

Fig. 2: Illustration of Structure of A Case
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each query, among which 30 are those that are labeled relevant which is also similar
with the practice taken in LeCaRDv2 baseline where they have negative samples with
the ratio of positives and negatives at 1:32. It is shown by our result that it is a wise
choice. We also follow different train-test splits. For LeCaRDv1, we follow the 5-fold
validation while for LeCaRDv2 we took 640 instances as our training dataset and 160
as our test dataset.

At the same time, the data preprocessing does differ from model to model. For
Lawformer, we basically follow the practice in its paper to have candidate files of
length 3072 and query files of length 509. For LEVEN code, what we do is we detect
their queries and candidate files to get their trigger words and relevant event types.
According to the original paper, there are As a result, for non-trigger tokens, it just
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feeds the sum of token embeddings and position embeddings into the BERT model.
For trigger words, we define an event type embedding for each event type and add
the corresponding embedding to each input.

INPUET without, vent = fUNCrokentoids( [CLS] + query+' [SEP] + cand+'[SEP]") (4)

Z.’n’p’ultxusee'uent = idCLS + idquery + idsep + idcandidate + idsep (5>
idevents = [0} + Z‘dqueryeUem‘, + [0] + Z‘d(:a,ndevem‘, + [0} (6)

2.3 Fine-tuning with Pretrained Model And Feature
Extraction

When we do fine-tuning, we basically follow the practice taken in LEVEN code https:
//github.com/thunlp/LEVEN. For BERT-related models, we add a two-class classi-
fication layer after the pooled output of BERT denoted as [CLS] and do fine-tuning
with the training set.

For Lawformer, the concrete steps are basically the same as BERT. In terms of
hyperparameters, we basically follow what is used in LEVEN code since according to
our experiments those are better than the original Lawformer code when applied to
a smaller batch size. The hyperparameters used are shown in Table 2.

output = functwoclassclassification([CLS]) (7)
To extract features, we just use the output of CLS of every query-candidate pair
as our features. According to the dimension of CLS, we have 648 features for each
query-candidate pair. For further experiments, we only pick the models with the best
performance on the validation dataset or test dataset for feature extraction. In the
LeCaRDvl1 dataset,when training on each fold,we iterate the training dataset for 5
epochs and choose the epoch with the best performance compared with other epochs
on the respective validation dataset. After training and validating on each fold, we
report the average value for the 5 folds. In the LeCaRDv2 dataset, we iterate the
training dataset for 5 epochs and choose the epoch with the best performance on the
test dataset to extract features. Our model is only trained from the training data.


https://github.com/thunlp/LEVEN
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The result of RankSVM is used to rank the similarity of candidate-query pairs
under the same candidate files.

features = [CLS] (8)

2.4 RankSVM

Since RankSVM is a relatively classic method developed from ordinal-regression
SVM to do information retrieval(Joachims (1998); Jakkula (2006)), we try to apply
RankSVM(Joachims (1998); Zheng et al (2019)) for similar case retrieval task in this
work. The mathematical formulation for RankSVM is shown below. Given n train-
ing queries g;j—;, their associated document pairs (mq(f ),xq(f)) and the corresponding
ground truth label yq(f)v, where a linear scoring function is used without complicated
kernel, i.e., f(z) = wlx.
The basic form of RankSVM is shown as follows.

1 - ;
mm5|||wH|2+CZ >l 9)

i=1 (3)

UyVY gy =1

sta’ (@) — o) =1 -0, ifyl), =1 (10)
¢ >0,i=1,...,n. (11)

In our experiment, we mainly use the method developed in the paper by
Joachims(Joachims (1998)), where the algorithm just has 1 slack variable and it is
solved using its dual form. Different algorithms for RankSVM are suitable for differ-
ent applications. According to our experiment, the result with the algorithm we chose
is better than other settings.(e.g., see this work(Joachims (2005)) Also, we use differ-
ent values of C, and they are 0.001, 0.05, 0.01, 0.02, 0.05, 0.1, 0.5, 1. We report the
best result for each model.

It is worth mentioning that here we don’t need a threshold and we just get results
in scores and do ranking. Under the setting of predicting with a threshold, as it is said,
there will be an implicit presumption that when in training and test, its input has
the same data distribution and accumulated error(Wu et al (2020)) and may impede
model performance.

According to the original LeCaRDv1 and LeCaRDv2 paper, there are 4 classes of
relevance. Here we just process it as a two-class classification. When processing labels,
as long as two cases are relevant, we view the label of the pair as positive.

3 Result
3.1 Results on LeCaRDv1

To test the effectiveness of our method, we conduct our experiments mainly using
BERT, BERT+Event, BERT+Event+RankSVM, BERT+RankSVM, Lawformer,
Lawformer+RankSVM. The result is shown in Table 3.



Table 2: Parameters of Different Models

Model BERT-Based Lawformer MAMBA
Algorithm 1-slack algorithm (dual)  1-slack algorithm (dual)  1-slack algorithm (dual)
Norm 11-norm 11-norm 11-norm
Learning Rate le-5 2.5e-6(-1)/5e-6(v2) le-5
Optimizer Adamw Adamw Adamw
Training batch size 16 2(vl)/4(v2) 16
Evaluating batch size 32 32 32
Step size 1 1 1

From the result on BERT, we could see that RankSVM helps improve performance
especially on NDCG, which proves that our model is better at putting highly relevant
cases earlier in a similar case list. To better understand the advantage of RankSVM,
we finish visualization based on the training and testing dataset on fold 0 to see
the score computed by original BERT and BERT+RankSVM. Specifically, we use
features extracted by BERT as our input and compress them into two dimensions
using t-SNE(van der Maaten and Hinton (2008)). After that, we color them according
to similarity scores computed by relative models or labels. See Figure 5 and 6 for
reference.

Table 3: Results on LeCaRDv1 Dataset

Model NDCG@10 NDCG@20 NDCG@30
BERT 0.7896 0.8389 0.9113
BERT+RankSVM 0.7963 0.8504 0.9166
BERT+LEVEN 0.7881 0.8435 0.9136
BERT+LEVEN+RankSVM 0.7931 0.8452 0.9164

MAMBA 0.7469 0.8013 0.892

Lawformer 0.7592 0.8169 0.8993
Lawformer+RankSVM 0.7738 0.8258 0.9073

From the visualization result, we could see that RankSVM performs better by
differentiating the relevance level of each pair continuously, while BERT treats the
relevance level more discretely.

What’s more, the mechanism of RankSVM is actually maximizing ROC(Receiver
Operating Characteristic curve)(Ataman (2005)). So we use the model of BERT com-
paring the results with and without RankSVM to show how ROC changes. For the
BERT model, we use the first fold and the C is 0.01, and the visualization result
is shown in Figure 7. It could be seen that RankSVM helps improve the result of
BERT on the AUC score, and it does an even better job in the test dataset. It proves
our guess before that it could help reduce overfitting. Additionally, to explore SVM’s



T-distributed Stochastic T-distributed Stochastic T-distributed Stochastic
Neighbor Embedding for labels Neighbor Embedding for BERT Neighbor Embedding for RankSVM+BERT

¢
ot

$N
) ?'z?};‘:

Vgl

(a) Visualization of Rele- (b) Visualization of BERT (c) Visualization of Rank-
vance Labels Features SVM Scores

Fig. 5: Visualization of Labels/Features/Scores on LeCaRDv1 Training Dataset

T-distributed Stochastic T-distributed Stochastic T-distributed Stochastic
Neighbor Embedding for labels test Neighbor Embedding for BERT test Neighbor Embedding for RankSVM+BERT tes

. relevant
- imelevant

(a) Visualization of Rele- (b) Visualization of BERT (c) Visualization of
vance Labels Features RankSVM

Fig. 6: Visualization of Labels/Features/Scores on LeCaRDv1 Test Dataset

performance on longer text for retrieval, we also benchmark its performance using
Lawformer. It could also be seen that all NDCG-related metrics get improved.

We also conduct experiments using MAMBA. As the performance is not competent
enough, we don’t do further combinations with RankSVM.

3.2 Results on LeCaRDv2

The result is shown in Table 4.According to the table, we could find that the NDCG
related metrics are generally improved similar to LeCaRDv1, except for the BERT
model. To understand its performance, here we also do visualization using features
extracted from the BERT model following the same steps as the LeCaRDv1 dataset,
see Figure 8 and 9.

It is shown by the figure with real labels that BERT features fail to distinguish
these two classes explicitly this time as there are a lot of overlaps between the two
classes compared with what is extracted from the LeCaRDv1 dataset, while RankSVM
tries to learn from those features that are not distinguished between these two classes
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Table 4: Results on LeCaRDv2 Dataset

Model NDCG@10 NDCG@20 NDCG@30
BERT 0.8351 0.8764 0.9348
BERT+LEVEN 0.8117 0.8455 0.9184
BERT+RankSVM 0.793 0.8582 0.9247
BERT+LEVEN+RankSVM 0.8078 0.8548 0.9227
Lawformer 0.7968 0.8461 0.919
Lawformer+RankSVM 0.812 0.8574 0.9247

continuously. The failure of BERT may be owing to the changed standards of relevance
in LeCaRDv2 and the shorter document length of the LeCaRDv2 dataset. It explains

why RankSVM added to BERT fails to help improve NDCG metrics here.

4 Discussion

4.1 Impact of Length of Text

Even after we changed the length of the input data from 512 to 800 using the MAMBA
model and Lawformer model, we could see that the interesting thing here is that there
is no apparent increase in metrics compared with BERT, which is also mentioned in

other works(Deng et al (2024)).

But we could also argue that there lies some space for hyperparameter tuning in

the future.
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4.2 Error Analysis

To explore further why RankSVM fails to improve the performance on BERT-based
models regarding the LeCaRDv2 dataset, we conduct experiments using multi-class
BERT classification to extract features out of our speculation that RankSVM on
LeCaRDv2 needs language models that provide more information and end up get-
ting all NDCG-related metrics improved again, see table 5. So our speculation holds
as RankSVM still works for BERT on the LeCaRDv2 dataset under this setting.

11



Recently, there have been more research on improving RankSVM, and we leave that
to explore in the future.

Table 5: Result on LeCaRDv2 when we do multi-class classifi-

cation
Model NDCG@10 NDCG@20 NDCG@30
BERT Multiclass 0.791 0.8443 0.9181
BERT Multiclass+RankSVM 0.8053 0.8352 0.9222

5 Conclusion

In our paper, we examine the performance of RankSVM when combined with other
language models using binary labels to serve a similar case retrieval task on the
LeCardvl dataset and the LeCardv2 dataset. We come to the conclusion that
RankSVM with binary labels could help improve the performance of models by
improving their concrete ranks, and we also try to give some explanation from the
feature perspective. Also, the RankSVM could help fight overfitting, which results
from an imbalance class common in this task. Our findings point to the potential of
improving SCR task performance from an optimization perspective. There still lies
some work that needs to be done to explore the appropriate model to improve per-
formance on the recall metric on the LeCaRDv2 dataset and how the performance of
RankSVM will change when we extract features with larger batch sizes. We also leave
the investigation regarding RankSVM combined with other models and datasets for
future work.
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