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Abstract

Legal case matching (LCM) endeavors to de-
termine the relevance between query cases and
target cases, which plays a pivotal role in sup-
porting legal decisions. In legal practice, query
cases typically contain only fact descriptions,
while target cases, being historical cases, often
include additional case analysis that provides
a new perspective for the LCM task beyond
semantic similarity. In statutory law systems
(e.g., China), such analysis relies on law arti-
cle interpretation, while in case law systems
(e.g., US, UK), it relies on precedent case refer-
ences. Based on these observations, we propose
a relation-driven framework called RedMatch,
under which target cases are intrinsically con-
nected to one another and associated with cited
laws. First, it constructs a global heterogeneous
graph for all target cases to extract case-case
and case-law relations. Then, a graph trans-
former integrates these relations in the match-
ing prediction model to enhance the case rep-
resentation. Finally, a path learning task is
designed to navigate the model to decompose
multiple matching paths to reach target cases by
leveraging these relations. RedMatch also intro-
duces a law article matching task via multitask
learning to align LCM outcomes and enhance
the method’s versatility. Experiments on three
publicly available datasets, including Chinese
and English language, demonstrate state-of-the-
art performance of RedMatch, highlighting its
effectiveness and generalizability.

1 Introduction

Legal case matching (LCM) plays a vital role in
legal systems, which provides guidance and justifi-
cation for legal decisions. For example, when faced
with query cases, if the judge needs to find histori-
cal cases for reference, LCM helps determine the
relevance between them. In addressing this task,
some studies formulate LCM as matching two long-
form text documents based on semantic similar-
ity. Early rule-based methods (Zeng et al., 2005;
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Figure 1: Tllustration of using case analysis in the Legal
Case Matching (LCM) task under statutory law and case
law systems. RedMatch takes case analysis (e.g., cited
case and cited law article) into consideration during the
matching process.

Saravanan et al., 2009) evolved into the recent
learning-based methods like BERT-based methods
(Chalkidis et al., 2020; Shao et al., 2020; Xiao et al.,
2021a; Li et al., 2023) and graph-based methods
(Bhattacharya et al., 2020; Sun et al., 2023), aiming
to capture complex semantics.

While effective, treating legal cases merely as
general long-form text documents leaves room for
further enhancement. In legal practice, query cases
typically contain only fact descriptions, while tar-
get cases, being historical cases, often include ad-
ditional case analysis. This analysis offers an in-
depth examination, facilitating a more accurate and
comprehensive case representation. The focus in
case analysis differs in different legal systems. As
shown in Fig. 1, case law (Legal Information Insti-
tute, Cornell Law School, 2020; Lewis et al., 2025)
(e.g., Australia, the UK, and the US) heavily relies
on precedents, often including analyses of other
cases within target cases. In contrast, statutory law
(Coolidge, 2023) (e.g., China and Most of Europe)
emphasizes interpretations of law articles. Case
analysis in both legal systems reveals the intrinsi-



cal relations within target cases and their relations
to law articles, which can assist the LCM task. Re-
cently, there has been a trend towards integrating
these systems to more comprehensively address
legal issues (Harvard Law Review, 2016).

Based on these observations, we argue that LCM
should account for these case-case and case-law
relations together. For instance, if a query case
cannot directly match a target case due to low se-
mantic similarity, it may first match a cited law or
case, and then reach the target case through these
relations. In essence, these relations provide alter-
native matching paths, increasing matching flexibil-
ity. However, realizing such an idea presents two
challenges: 1) How to extract effective case-case
and case-law relations? 2) How to navigate the
matching process with the help of these relations?

To address these challenges, we propose Red-
Match, a Relation-driven framework that models
case-case and case-law relations to navigate legal
case matching. First, a heterogeneous graph is con-
structed with cases and laws as distinct nodes, con-
nected through case references and law citations
to extract relational information. This relational
information is then integrated into the model via
a graph transformer that aggregates information
from neighboring nodes to generate graph repre-
sentation of cases, which are fused with semantic
representation. To leverage relations for navigating
the matching process, a path learning task enu-
merates and decomposes multiple relation-driven
matching paths into sub-paths, treating those from
correct matches as positive and failed matches as
negative. A margin loss is employed to encourage
positive selection, guiding the model towards bet-
ter matching direction. During inference, multiple
matching paths are combined to compute probabil-
ity distribution for final predictions. RedMatch also
handles the law article matching task through multi-
task learning, aligning LCM results and enhancing
the method’s practical versatility.

Extensive experiments on three public datasets
(two Chinese datasets for criminal and civil cases,
respectively, and one English dataset) show that
RedMatch achieves state-of-the-art performance
and significantly improves law article matching.

In summary, our contributions include:

* We investigate the legal case matching task
from the perspectives of case law and statu-
tory law, modeling the case-case and case-law
relations into a heterogeneous graph.

* We propose RedMatch, a relation-driven
framework that uses a graph transformer to in-
tegrate relational information and introduces a
path learning task with margin loss to navigate
the matching process.

* Experiments on public Chinese and English
datasets show the state-of-the-art performance
of RedMatch on both tasks, validating the
effectiveness and generalizability of relation
navigation. The code is publicly available'.

2 Related Work

2.1 Legal Case Matching

Legal case matching (LCM), which calculates the
similarity between paired cases, is at the core of
legal case retrieval (LCR) to find relevant cases.
Early methods relied on manual knowledge and fea-
ture engineering (Zhong et al., 2020), lacking adapt-
ability across legal contexts. Recent works have
leveraged deep learning, with BERT-PLI (Shao
et al., 2020) using BERT for paragraph-level match-
ing and Lawformer (Xiao et al., 2021a) utilizing
Longformer (Beltagy et al., 2020) for long docu-
ments. Some studies have also considered struc-
tured legal knowledge. SAILER (Li et al., 2023)
reformulates queries and generates case summaries
for alignment. Law-Match (Sun et al., 2023) intro-
duces causal learning, using law articles as instru-
mental variables to separate their mediation effect
from case embeddings. Beyond text similarity, le-
gal factor modeling has been explored. CaseGNN
(Tang et al., 2023) constructs text-attributed graphs
for legal cases and applies graph neural networks
for retrieval. CaseLink (Tang et al., 2024; Don-
abauer and Kruschwitz, 2025) constructs a global
homogeneous case graph to link all query and tar-
get cases and uses inductive graph learning. While
prior works improve LCM through semantic learn-
ing, causal inference, they overlook the complex
relational information between cases and laws. In
contrast, our work models case-case and case-law
relations, capturing legal dependencies to guide the
matching process.

2.2 Graph Neural Networks

Graph Neural Networks (GNNs) have proven ef-
fective in modeling structured data by aggregat-
ing neighborhood information for meaningful rep-
resentations (Hamilton et al., 2017). Traditional

"https://anonymous.4open.science/r/RedMatch-257B



models like Graph Convolutional Networks (GCN)
(Kipf and Welling, 2016) use convolution in a trans-
ductive setting, while Graph Attention Networks
(GAT) (Velickovi¢ et al., 2017) introduce attention
mechanisms to weigh neighboring nodes’ impor-
tance. Heterogeneous Graph Transformers (HGT)
(Hu et al., 2020) further enhance these models
by handling multi-relational graphs with adaptive
attention, making them suitable for complex ap-
plications. GNNs have also been applied in text
matching tasks. Liu et al. (2018) introduced a Con-
cept Interaction Graph, applying GCN to compute
matching scores, while (Pang et al., 2021) inte-
grated PageRank into a transformer for sentence
similarity in long-form text matching. When ad-
dressing the LCM task, existing GNN-based meth-
ods focus mainly on word-wise or sentence-wise
relations (Tang et al., 2023; Yu et al., 2022; Biet al.,
2022; Ma et al., 2023) or using a global homoge-
neous graph to model the relations (Tang et al.,
2024). Our work connects case and law nodes to
construct a heterogeneous graph, enabling the ex-
ploration of multiple matching paths and enhancing
matching flexibility.

3 Background and Preliminaries

3.1 Task Definition

We define the LCM task as follows: given a labeled
tuple (c?,ct,y°), where ¢ is a query case, ¢’ is
a target case from the historical cases base C' =
{c1,¢2,...,¢,} and y° is the human-annotated
matching label. The label y© can be selected from
a predefined set )¢ (e.g. V¢ = {0,1,2}, where 0
means mismatch, 1 means partially match, 2 means
match). Both query cases and target cases are tex-
tual documents. The objective of LCM is to learn
a decision function f(c?,c!) — y° that assigns a
matching label y° to each paired case. In this work,
we also introduce the law article matching (LAM)
task. Similar to the LCM task, its objective is to
learn a decision function f(c?,al) — y?, where
a' is the target law article and 3 is the matching
label from Y. In practice, query cases are mainly
fact descriptions, while target cases additionally
contain case analysis.

3.2 Statutory Law and Case Law

Statutory law (Coolidge, 2023) refers to a legal sys-
tem formally enacted by legislative bodies, such as
Congress or state legislatures. These laws are writ-
ten and codified, providing specific regulations and

guidelines that govern various aspects of society.
For example, traffic laws and drug possession laws
are statutory laws established through legislation.
Statutory law is predominantly used in China, most
of Europe and South America. Case law (Legal
Information Institute, Cornell Law School, 2020;
Lewis et al., 2025), also known as common law,
is the legal system derived from judicial decisions
made in courts. It relies on precedents set by previ-
ous cases to guide future decisions, evolving over
time as courts address new issues. The United
Kingdom and the United States are prime exam-
ples of case law jurisdictions.

As shown in Appendix Fig. 5, the two legal
systems are widely used worldwide, with vary-
ing applicability depending on the context. In
recent years, there has been a growing trend to-
ward integrating these systems to address legal is-
sues more comprehensively (Harvard Law Review,
2016; Palermo and Kossler, 2017). In line with the
trend of legal system integration, we believe that
legal case matching should consider not only the
content of the cases themselves but also case-case
relations and case-law relations.

4 Methodology

In this section, we introduce details of RedMatch,
whose illustration is shown in Fig. 2.

4.1 Heterogeneous Graph Construction

First, our goal is to extract case-case and case-law
relations for all target cases, which naturally fits the
representation of these relations using a global het-
erogeneous knowledge graph G = (V, E), where
V represents the node set and F denotes the edge
set. We define two node types and three edge types
to model relations, as outlined below.

Case Node Considering rich information in tar-
get cases, each target case ¢; is converted into a
node, where its feature representation z., € R?
is obtained by encoding the full case text with a
legal text encoder. d is the dimensionality of the
feature space. The encoder can be any pre-trained
model that encodes case text into features, such as
Legal-BERT (Chalkidis et al., 2020), SAILER (Li
et al., 2023), or Lawformer (Xiao et al., 2021a).

Law Node Let A= {aj,aq,...,a,} represent
the set of law articles. The statutory texts from
the legislation (e.g., Article 1202 of the Civil Law
in Fig. 1) are converted into law nodes. Each



/— o Graph Construction —\ Ve 9 Relation-enhanced Representation ~N
text concatenate c L
weight Legal text encoder
—>
query case D-D
@@ cosine s xL layers
> . - om
@ ® similarity ® % i/ ©/m current 08 mask
target case zn G,
ree O/ neighbour ; %%
7‘) _> @ [OEEE V-linear °
- A HGT layer (000
law article subgraph th)
AN J
elation Navigation
Ve Relation N. t
——> Case matching - N
query e Ly
o case  —> Aticle matching O «@v aOv , i O/O\O \\ ay-C1, @1-Cy, ApCy, ... I;;ﬁ P
/ \ €1-Q1, €1-Qy, ..
® ® (Concatenate O «0v Qv ! O/o\D/O v €1-C, Co-Cy v Matching Next law
& c - selecti
O % z;x;geet ® Dot production O as Qv © O ‘>l‘ O_D/O [ prediction selection j
1 H
Lc Case matching loss \\\ O\D_()\o //' Q1-C3, Ay-Cy, Az~C3, ... Zoce Q
c. C1-Qy, Cp-0y, ... /
law La Law matching loss O a0 * O S P 1% 2T C«\, <«
O article L R query law  target ST C1-C3, C2-Cas - Next case
article L, Margin loss \_case article  case Path explorati ; N iti selecti
ploration Path decomposition selection J

Figure 2: The training framework of RedMatch, consists of three modules: 1) A heterogeneous graph is constructed
with legal cases and law articles as distinct node types, capturing relational information. 2) A heterogeneous
graph transformer aggregates neighboring case and law information to integrate relational information for matching
prediction. 3) A path learning task decomposes multiple matching paths, with margin loss encouraging the selection

of positive paths, enhancing matching flexibility.

law node’s feature representation z,, € R? is also
encoded by the legal text encoder.

To enhance message passing, we not only ex-
tract relations based on cited cases or laws, but also
explore between all matching nodes. Edges com-
bine type-specific weights and semantic similarity
to reduce reliance on the lexical matching method
and capture complex legal relations.

Case-Case Edge Two related cases often cite
the same law articles in their case analysis (Mac-
Cormick, 1994). The edge weight between two
case nodes c; and c; is defined:

Wese; = J (ch acj) X Sim (%miﬂcj)
lac, N ac. | , (D
Jla. . a.) — ¢ el
(aCN(ICJ) ‘aci U ac]"

where Sim denotes cosine similarity, and J is the
Jaccard similarity between two cited law article
sets a.; and Ac; -

Case-Law Edge The edge weight between a case
node ¢; and a cited law node a; reflects the citation
importance of the law in the case (Bacchus, 2002).
An earlier rank of cited law yields a higher weight.

1
We, a0 = =~
o Pos,, (a; )

2

X Sim (zc;, q,) ,

Pos,, (a;) is the rank of the cited law in the case. If
a law is not cited in the case, its edge weight is 0.

Law-Law Edge The edge weight between two
law nodes a; and a; is defined based on their co-
occurrence frequency (Small, 1973) in the case set:

freq(ai, a;)
Wy g0, =
Gt N freq(ay, a)

X Sim (2q;,%q;) »

3)
where freq(a;, a;) is the number of cases in which
both a;, a; are cited together.

Relation Adjacency Matrix The adjacency ma-
trix M e RO+m)x(n+m) integrates case-case,
case-law, and law-law relationships as:

M = M, case-case M, case-law 4
T M M, ’ “)
case-law law-law

where | is the transpose operation. The overall
adjacency matrix, M, is symmetric.

4.2 Relation-enhanced Representation via
Graph Learning

Here, our objective is to integrate relational infor-
mation into the matching prediction model based
on the constructed heterogeneous knowledge graph,
enriching the target case to enhance matching com-
prehensiveness. As shown in Fig. 2, with the inclu-
sion of law articles, we can address the law article
matching (LAM) task in parallel through multitask
learning, which can be applied to align the predic-
tion of the LCM task. Given a query case ¢? and



a target case ¢!, we introduce the model structure

using the LCM task as an example.

Text Encoding The query case ¢? and target case
c! are concatenated and fed into the legal text en-
coder (as with the same model in Sec. 4.1) to

encode their joint semantic representation:
h, = Encoder(concat(c?, c*)). 5)

Heterogeneous Graph Encoding In the LCM
task, RedMatch extracts a subgraph centered
around the target case ¢’ from the heterogeneous
graph. Neighbor nodes within d hops, denoted as
N (ct), are ranked based on the edge weights of
the neighbor node and the target case. The neigh-
bor node can be a case node or law node. Then, top
k neighbor nodes are aggregated using a heteroge-
neous graph transformer (HGT):

h(+) = HGT (hg>, TopK (N (d)(ct))) . (6

where TopK is the rank function, hgl) is the graph

representation at the [-th layer, which is initialized
with original node representation x.:. After propa-

gating through L-layer HGT, we view th)

final graph representation.

as the

Matching Score Calculation The semantic rep-
resentation h. and graph representation h((;L) are
concatenated and fed into a task-specific MLP to

predict the matching score s.:
s, = MLP ([hc; th>]> 7

MLP is a three-layer perceptron with sigmoid ac-
tivation functions. Then, the prediction model
determines the matching prediction label §¢ =
argmax(s.) and is trained by a cross-entropy loss:

Lo==> (55", ®)

For the LAM task, it shares the legal text encoder
and HGT with the LCM task but predicts the law
article matching score s, using a separate MLP,
trained with a cross-entropy loss L.

4.3 Relation Navigation via Path
Decomposition

To avoid failure from single-path retrieval, Red-
Match introduces a path learning task to navi-
gate the model in exploring multiple relation-based
paths to target cases.

Law article scores

query case (@)
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Figure 3: The inference of RedMatch.

Path Decomposition RedMatch explores poten-
tial paths connecting c? to target case ¢! through
the intermediate node, which can be a case node or
law node. Each path is decomposed into ordered
node pairs, forming a sequence of sub-paths. For
instance, a path ¢? — a; — ¢! is decomposed into
(¢, a1) and (a1, ¢t). To encourage the model to se-
lect nodes towards better matching direction, node
pairs are categorized as positives and negatives. In
positive pairs set PP, both nodes are matching. In
negative pairs set N, at least one node is not match-
ing (details in Appendix A).

Path Learning Our goal is to ensure the model
assigns higher scores to positive pairs than to nega-
tive pairs. For each node pair (u,v), we can com-
pute the score with the matching prediction model
described in Sec. 4.2. However, since the use of
task-specific MLP, the score s, € R”. We apply a
projection function ¢ (-) and a softmax operation
to convert it into a scalar value:

Sup = softmax (¢ (Syy))- 9)

To adaptively navigate the model, we introduce a
dynamic margin loss:

Ly = max(0,5(v,v") — 3y + 8uwr),  (10)
where (u,v) € P, (u,v') € N, 6(v,0') is the
dynamic margin, which is computed based on
their disparity on the annotated matching label,

5(’0,1),) = |yv - yv’|'
4.4 Training and Inference

In the training stage, the model jointly optimizes
the LCM, LAM and path learning task by minimiz-
ing the sum of their losses £ = L. + L4 + L.
In the inference stage shown in Fig. 3, given a
query case and several target cases H.. LCM de-
termines the relevance between each paired query-
target case. RedMatch processes them together as
follows: 1) calculate the matching scores between
each paired query-target case. 2) calculate the path
scores §;; between target cases. 3) For i-th tar-
get case, fuse the matching score s; with multiple



paths ending at the case ¢ with path scores as the
weight to obtain the final score, which is then used
to predict the matching label.

y; = argmax(s; + 7 - Z Sij - s5), (11
J€Hc,Ha

T is the temperature. By incorporating the LAM
task, the model also computes path scores between
target cases and law articles, and LAM labels are
also predicted as above process. We provide an
example in Fig. 6 and details in Appendix D for
better illustration.

5 Experiments

5.1 Datasets and Metrics

The experiments are conducted based on three
publicly available legal case matching datasets.
LeCaRD (Ma et al., 2021) is a Chinese criminal
case dataset with 107 query cases and 43,000 tar-
get cases, each paired with 30 manually annotated
target cases assigned a 4-level relevance label (i.e.,
0,1, 2, 3). C3RD (Ye and Li, 2024) is a Chinese
civil case dataset comprising 1,146 query cases,
each associated with 100 candidate cases labeled
with a binary relevance label (0 for mismatch, 1 for
match). LeCaRD and C3RD follow the statutory
system. COLIEE (Goebel et al., 2023) is an English
legal benchmark following the caselaw system. It
contains 959 query cases and a pool of 4,400 can-
didate cases. Following Yu et al. (2022), to reduce
computational complexity, we include all matching
cases for each query and randomly sample twice as
many mismatched cases to form the candidate set.
We provide data statistics in Tab. 6.

We randomly divide the dataset into training set,
validation set and test set according to the ratio of
8: 1: 1. Following previous works (Yu et al., 2022;
Sun et al., 2023), we employ Accuracy, Macro-
Precision, Macro-Recall, and Macro-F1 as the eval-
uation metrics.

5.2 Baselines

We consider three types of baselines in this study.
1) Pretrained Embedding Methods. BGE is a
pre-trained embedding model designed for general-
purpose text retrieval tasks. It leverages supervised
contrastive learning to align text representations
effectively. LegalBERT refers to several BERT-
based models pre-trained on legal texts, with spe-
cific models used in different datasets. Lawformer
(Xiao et al., 2021b) is a Longformer-based model

pre-trained on millions of Chinese legal cases, that
captures representations of long legal documents.
We feed both cases as input and perform mean
pooling over the output to compute similarity.

2) LLM Methods. We test the performance
of LLMs, including GPT-40 mini and Qwen2.5-
turbo. We call the API and prompt the LLM to pre-
dict the matching labels between query cases and
target cases. For example, on the Lecard dataset,
the prompt is: “You are a case similarity scoring
assistant. Your task is to assess the similarity be-
tween two cases based on the following rules: 3
for highly similar, 2 for moderately similar, 1 for
slightly similar, and 0 for not similar. Please output
one of 0, 1, 2, or 3, and nothing else.”

3) Legal Case Matching Methods. SAILER
(Li et al., 2023) adopts an asymmetric encoder-
decoder to embed structural information of legal
documents into dense vectors. BERT-PLI (Shao
et al., 2020) captures paragraph-level semantics
via BERT and RNN with attention, using an MLP
to compute case relevance. Law-Match (Sun
et al., 2023) introduces a causal learning framework
that separates and reweights law-related and unre-
lated components of a case for better prediction.
CaseGNN and CaseLink (Tang et al., 2023, 2024)
are graph-based models that exploit legal struc-
tural and inter-case relationships via text-attributed
graphs and inductive graph learning, respectively.

5.3 Implementation details

We finetune RedMatch using grid search on the
test set with the Adam optimizer. The batch size
is set to 4, and the learning rate is fixed at 3e-5.
For law articles, we use the statutory texts from
both PRC criminal and civil law for the Chinese
dataset LeCaRD, C3RD, as well as the Courts
Act and Rules of Canada caselaws for the En-
glish dataset COLIEE, following Tang et al. (2024).
For query cases lacking law article citations, in
the LeCaRD dataset, the most frequently cited ar-
ticles among candidate cases are selected as the
query case’s articles. We evaluate the quality of
the constructed graph using both human and au-
tomated evaluation in Appendix E. When aggre-
gating neighbor information within the graph, a
two-layer HGT is employed, the neighbor hop d is
tuned from {1, 2, 3} and the neighbor number £ is
tuned from {5, 10, 20, 50, 100}. During inference,
the multi-path fusion temperature 7 is tuned from
{0.1,0.2,0.3,0.4,0.5,0.6}. The RedMatch imple-
mentation in the paper is based on Lawformer as



Models \ LeCaRD \ C3RD \ COLIEE
| Acc.(%) P(%) R.(%) FlL(%)| Acc(%) P(%) R.(%) FL(%)| Acc.(%)P(%) R.(%) FL(%)

Pretrained Embedding Methods

BGE 60.68 60.67 59.67 59.86 | 96.47 93.05 88.66 90.69 | 76.32 74.62 77.24 75.01

LegalBERT 5851 59.71 5525 5597 | 96.82 9230 91.67 9198 | 86.86 85.02 8587 8541

Lawformer 61.92 6290 59.81 60.67 | 9670 9274 9034 91.50 - - - -

LLM Methods

Qwen2.5-turbo | 41.57 4255 4157 37.67 | 90.70 5592 7658 64.64 | 80.82 70.44 73.15 7177

GPT-40 mini 3470 3821 3470 2893 | 9222 61.11 4583 5238 | 80.88 79.92 5696 66.52
Legal Case Matching Methods

SAILER 62.54 62.88 64.05 6293 | 96.65 9240 9048 91.41 | 77.58 7523 77.13 75.82

BERT-PLI 64.09 63.63 6458 64.03 | 9543 9033 8576 87.86 | 8248 8024 82.03 80.92

Law-Match 61.61 6323 59.88 60.68 | 96.69 91.84 91.53 91.68 - - - -

CaseGNN 59.85 61.32 5840 59.83 | 95.83 8930 89.87 89.58 | 84.12 8433 83.70 84.01

CaseLink 6142 6275 6035 61.53 | 96.88 91.02 91.15 91.08 | 8536 8590 84.61 85.25

RedMatch 67.18" 66717 65217 65.747| 97757 93,79t 91.87 92.887| 87.46" 85.73" 86.62" 86.14"

Table 1: Performance comparisons between RedMatch and the baselines. The boldface represents the best
performance. ‘7* indicates the model outperforms all baselines significantly in paired t-test at p < 0.05 level (with
Bonferroni correction). ‘-’ denotes results are not available.

Models | LeCaRD | C3RD
| Acc.(%) F1(%) | Acc.(%) F1L(%)
RedMatch (Full) 67.18 65.74 97.75 92.88
w/o HGT 66.26 65.04 96.13 90.08
w/o LAM 64.09 62.30 96.66 92.05
w/o margin loss | 64.09 62.62 95.45 87.33
w/o multi-path 66.63 65.30 97.10 92.52

Table 2: We perform the ablation study on LeCaRD and
C3RD datasets by removing: the HGT graph representa-
tion (w/o HGT), law article matching task (w/o LAM),
dynamic margin loss (w/o margin loss), matching with
multiple paths (w/o multi-path).

the legal text encoder. Baseline models are fine-
tuned with optimal parameters reported in their
papers. More implementation details are provided
in Appendix C.
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Results of Legal Case Matching From Tab. 1,
we have the following observations: 1) Pretrained
models generally underperform compared to spe-
cialized legal case matching methods on most
datasets, highlighting that legal cases should not be
treated as generic long texts and require domain-
specific considerations. 2) Our method outper-
forms baselines on three datasets (including Chi-
nese and English language), demonstrating the ef-
fectiveness of using relations to navigate matching
and the generalizability of our method. 3) Per-
formance on C3RD exceeds that on LeCaRD and

Main Results

COLIEE, as C3RD contains richer and more useful
case analysis. 4) LLMs perform poorly on most
datasets, especially on statutory law datasets (e.g.,
LeCaRD, C3RD), which suggests that LL.Ms lack
sufficient law article knowledge to analyze cases.

Results of Ablation Experiment From Tab. 2,
we can conclude that: 1) Overall, the full Red-
Match achieves the best performance across both
datasets, with an F1 score of 65.74% on LeCaRD,
and 92.88% on C3RD. 2) Removing the graph rep-
resentation leads to a performance decrease, which
proves relation integration is beneficial. 3) The
LAM task can align the results of the LCM task
through multitask learning. 4) The margin loss de-
signed for path learning plays a crucial role in im-
proving model performance. It prepares the model
for matching score optimization in the inference
stage, while strengthening its matching prediction
ability. 5) Incorporating multiple matching paths to
predict the final matching case can improve accu-
racy. We provide further ablation studies on graph
design and GNN choice in Appendices F.1 and F.

5.5 Analysis Study

Results of Law Article Matching Tab. 3 illus-
trates the performance of RedMatch and its abla-
tions and baselines on the LAM task. We have
the following observations: 1) RedMatch achieves
the best performance, with an F1 score of 96.36%
on LeCaRD, and 95.14% on C3RD, highlighting
its application utility. 2) Ablation results reveal



Models | LeCaRD | C3RD
| Acc(%) FL(%) | Acc.(%) F1(%)
BGE 80.00 66.94 92.36 91.59
LegalBERT 65.71 61.96 90.61 89.65
Lawformer 65.71 64.29 92.68 91.90
Qwen2.5-turbo 84.20 86.14 66.90 20.24
GPT-40 mini 78.16 82.83 63.20 32.60
RedMatch(Full) 96.77 96.36 95.46 95.14
w/o HGT 94.27 93.65 92.83 92.17
w/o margin loss | 91.06 90.82 91.92 91.79
w/o multi-path 94.62 94.06 94.94 94.38

Table 3: Performance of law article matching task on
LeCaRD and C3RD. Best results are marked bold.

Models | Acc.(%) P.(%) R.(%) F1(%)
Lawformer 6192 6290 5981  60.67
+RedMatch | 65.6337" 65.152% 64.634%? 64.85++18
LegalBERT 5851 5971 5525  55.97
+RedMatch | 65.33%682 64.94*52 5.12+987 64.54+857
SAILER 6254 6288 6405 6293
+RedMatch | 71.52*%%8 72.79*991 69.93+388 7(,39+746

Table 4: Performance of RedMatch with different base
models on LeCaRD.

the pivotal role of the margin loss. We attribute
this to the big enhancement of relation navigation
in handling the concise and complex semantics of
law articles. In RedMatch, the matching path of
"case-law" can be expanded to "case-case-law".

Base Model Replacement Tab. 4 shows the per-
formance of RedMatch when integrated with dif-
ferent base models as the legal text encoder. The
results indicate that RedMatch exhibits generaliz-
able improvements across all base models. Specif-
ically, RedMatch improves SAILER significantly,
with Acc improving from 62.54% to 71.52% and
F1 increasing from 62.93% to 70.39%.

Hyperparameter Exploration We explore the
impact of key hyperparameters in RedMatch:
neighbor number &, neighbor hop d, and temper-
ature 7. As shown in Fig. 4, when aggregating
neighbor information, the parameters k and d need
to balance useful and redundant information inte-
gration. The best performance is achieved when
k = 20 and d = 1. The temperature 7, which con-
trols the strength of multi-path fusion, significantly
affects performance. A moderate value of 7 = 0.2
yields the best results.

Consumption and Latency Analysis Tab. 5
presents the analysis of inference time and memory
footprint for different models. RedMatch shows a

# Performance
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95 95

64

9% 9% 63
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Figure 4: Performance exploration on neighbor number
k, neighbor hop d, and temperature 7.

Models | Time Space
Lawformer 0.034 s 1.35G
GPT-40 mini 0.960 s -

Law-Match 0.041s 149G
RedMatch 0.046 s 151G

Table 5: Analysis of consumption and latency.

slightly longer inference time than Lawformer and
Law-Match, while remaining competitive. Its mem-
ory consumption is marginally higher than Law-
Match and Lawformer. In contrast, the LLM-based
GPT-40 mini relies on API services with no local
memory usage but suffers from substantially higher
latency. RedMatch also exhibits favorable train-
ing efficiency: on 6 NVIDIA A100-PCIE-40GB
GPUs, it requires only 1.8, 4.4, and 3.7 hours for 20
epochs on LeCaRD, C3RD, and COLIEE, respec-
tively. These results demonstrate that RedMatch is
well-suited for practical deployment.

6 Conclusion

In this paper, we propose RedMatch, a relation-
driven framework for legal case matching that in-
corporates case-case and case-law relations. Our
approach constructs a heterogeneous graph to
model these relations, which is then processed us-
ing a graph transformer to integrate relational infor-
mation into the matching process. Furthermore, we
introduce a path learning task with margin loss to
navigate the matching process effectively, enabling
the model to explore multiple matching paths and
enhance flexibility. By employing multitask learn-
ing, RedMatch jointly addresses legal case and law
article matching, improving the overall practical
applicability. Extensive experiments on three pub-
licly available datasets in both Chinese and English
show that RedMatch outperforms state-of-the-art
methods in both legal case and law article matching,
highlighting its effectiveness and generalizability.



7 Limitations

In this section, we discuss the limitations of our

work as follows:

* We limit the proposed approach to the judicial
domain, where high-quality text data (e.g., case
verdicts) are available, and relevant case analysis
can be extracted directly from legal documents.
Application to other fields may require manual
annotations and adjustments to handle domain-
specific variations.

* The RedMatch model relies on a multi-stage pro-
cess, where the construction of case-case and
case-law relations may be affected by the quality
of input data, such as incomplete or unclear le-
gal references. This may influence the accuracy
of the final matching predictions. A possible
solution could be incorporating more robust pre-
processing or event extraction tasks to improve
the input data quality.

* New cases/articles can be incorporated by em-
bedding them with the pretrained text encoder
and connecting them via similarity-based edges,
but the graph encoder (HGT) requires retraining
when the data distribution changes significantly.

8 Ethics Statement

As Al becomes more integrated into the legal field,
ethical concerns arise, particularly since any error
could have serious consequences (Wu et al., 2020).
The RedMatch framework is designed to assist le-
gal professionals by suggesting case matches rather
than making final decisions. Human judgment re-
mains crucial, and the system allows judges and
lawyers to review and adjust the suggestions, en-
suring oversight and minimizing risks of bias or
misinterpretation.
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Figure 5: This map shows the different types of legal
systems in place around the world (Rom et al., 2022).

Dataset Query case Case base Avg. case Avg. law article

LeCaRD 107 43,000 10.39 1.08
C3RD 1146 114,600 11.43 2.95
COLIEE 959 4,400 4.68 5.20

Table 6: Dataset details.
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A Positive-Negative Node Pair Splitting
Strategy

In our heterogeneous graph, relations are sym-
metric. Additionally, both the LCM task and the
LAM task are symmetric because they compute
paired scores. For a node pair, if both nodes have
matching labels, assigning a high score to this pair
will correctly guide the model towards recognizing
matches. Therefore, such pairs are considered pos-
itive. However, if at least one node has a mismatch
label, assigning a high score to this pair would
mislead the model. Consequently, these pairs are
regarded as negative.

B Case Study

Furthermore, we present a case study of the legal
case matching (LCM) and law article matching
(LAM) tasks using RedMatch, as illustrated in Tab.
7. The first row shows a successful match, where
RedMatch correctly predicted a complete match
with a label of "3" between the query case involving
a defendant driving under the influence of alcohol
and the target case. The second row demonstrates
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a successful mismatch detection, where RedMatch
correctly assigned a label of "0" to a completely
unrelated case. Finally, the third row illustrates
another correct match, where RedMatch accurately
linked the query case to a relevant law article with a
predicted label of "3". These case studies highlight
the reliability of RedMatch in accurately assessing
both case-case and case-law relevance.

C More Implementation Details

In our experiments, in baseline BGE, we use BGE-
zh for the Chinese datasets LeCaRD and C3RD,
and BGE-en for the English dataset COLIEE.
In baseline Legal BERT, for the Chinese datasets
LeCaRD and C3RD, we utilize crimeBERT and
civilBERT from OpenCLaP?, respectively. For the
English dataset COLIEE, we employ the Legal-
BERT?, which is trained on diverse English legal
texts, including legislation, court cases, and con-
tracts. Lawformer cannot be applied to the COL-
IEE dataset due to the absence of an English pre-
trained embedding. Law-Match is also not appli-
cable because the COLIEE dataset does not con-
tain statutory law articles. We also made efforts to
implement other related methods. However, some
works could not be reproduced due to objective con-
straints. First, legal case retrieval methods (Yang
et al., 2021; Bi et al., 2022; Qin et al., 2024) differ
fundamentally from our legal case matching set-
ting: the former retrieve top-k similar cases based
on similarity scores, while the latter classify pair-
wise relevance levels (e.g., 0-3). This difference
leads to incompatible model architectures and eval-
uation protocols. Second, several methods could
not be implemented due to the lack of released
code, required data files, or implementation details.
Nevertheless, we still cite and discuss these works
to better position our work. We conducted 3-fold
cross-validation on LeCaRD and observed consis-
tent performance across splits (F1 scores: 65.78,
65.48, 65.90).

For the ablation experiments, the three settings
(w/o LAM, w/o margin loss, and w/o multi-path)
reflect a progressive degradation of our model
design. Among them, w/o LAM has the most sub-
stantial structural impact, rendering the multitask
learning framework, margin loss, and multi-path fu-
sion inoperative. Removing the LAM task disables
the prediction of law article scores, thereby break-

*https://github.com/thunlp/OpenCLaP
3https://huggingface.co/nlpaueb/legal-bert-base-uncased



Query case
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In January 2018, Mo Xinguo, driving under the influence, was stopped by police in Changsha. His blood alcohol content (BAC)
was 201.1 mg/100ml. Mo, previously recognized as mentally disabled in 2009, was found to have full criminal responsibility at

the time of the offense. He voluntarily confessed to his crime on January 30, 2018. Matching
score
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On June 2, 2018, defendant Zhou Yingcai was caught driving under the influence in Changsha after drinking at a restaurant. His
BAC was 120.4 mg/100ml. Zhou voluntarily confessed, and evidence, including his testimony and the blood test report,

~~ Match!

confirmed the offense. The court considered his voluntary surrender and confession in sentencing.
Path fusion with
temperature ©
Target case 2 I'rﬂ 09 P
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In July 2018, Liu Jun, after drinking, caused an accident while driving, resulting in vehicle damage and his injury. His BAC was
target  —= | 245.8 mg/100ml. Liu confessed and cooperated with authorities, compensating the victims. He was responsible for the accident
case set and was recommended for a prison sentence, with possible reduced punishment due to his voluntary confession.
Target case 3
(e
0123
On June 25, 2007, defendant Li Hongyu and three accomplices attempted to steal goats from Ren XX's residence after prior
~— reconnaissance. Li acted as a lookout while the others broke in, assaulted Ren XX (causing minor injuries), and stole six goats.
worth RMB 3,000. The house was Ren's living space. Post-trial, one accomplice compensated Ren with RMB 1,000.
Target law article 1 ED—
L e )
03
Article 133, Criminal Law of the People’s Republic of China: Drunk driving causing serious accidents resulting in death or
significant property loss is punishable by imprisonment of up to 3 years or detention. In cases of flecing the scene or other severe
circumstances, imprisonment ranges from 3 to 7 years.
Candidate
larget law Target law article 2 ED—
article set EEEEEE——— 03

Article 67, Criminal Law of the People’s Republic of China: Voluntary

after ing a crime is

"surrender." Offenders who surrender may receive a reduced sentence or even exemption from punishment if the crime s light. If
new crimes are revealed during the confession, they may also be treated as surrender for sentencing purposes.

Figure 6: Detailed inference process illustrated with a real example from LeCaRD dataset.

ing transitions through law articles (i.e., case —
law — case), which are essential for heterogeneous
graph matching. W/o margin loss also disables
the path learning task and multi-path fusion since
margin loss is the core supervision signal for learn-
ing diverse matching paths. Without it, the model
loses the ability to explore alternative paths during
inference. Finally, w/o multi-path removes the
multi-path fusion during inference but retains mar-
gin loss during training. While this setting weakens
our design, the model still benefits from path-level
learning signals.

D Inference Discussion

In legal practice, the LCM task typically involves a
query case and multiple candidate target cases. The
goal is to compute relevance scores for each paired
query-target case and select the top-k highest-
scoring ones. To reduce computational costs, can-
didate target cases are usually pre-filtered (e.g.,
using BM25) rather than drawn from the entire
case database. Therefore, Our method RedMatch
computes scores for all candidate target cases in
one go while considering their mutual interactions,
which does not increase computational overhead.
In our implementation, the two datasets LeCaRD
and C3RD provide pre-defined candidate target
case sets for each query case, while for COLIEE,
we use BM2S5 for initial filtering to obtain the can-
didate set.
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E Evaluation of Graph Quality

To validate the quality of the heterogeneous graph
constructed by RedMatch, we conduct a targeted
evaluation on three edge types: (1) case—case rep-
resenting similar cases, (2) case—law representing
relevant law articles to cases, and (3) law-law rep-
resenting law articles that are frequently cited to-
gether.

E.1 Evaluation Setup and Criteria

We randomly sample 200 case-case pairs, 200
case-law pairs, and 200 law-law pairs from the
constructed graph across diverse crime types and
statutes. Each sample was evaluated by both human
annotators and a large language model (GPT-40
mini).

Each pair was assessed along the following di-
mensions: (1) Legal Relevance (LR): Whether the
pair shares substantial legal basis, including appli-
cable statutes, legal reasoning, or judgment logic.
(2) Practical Usefulness (PU): Whether the link
would be helpful for legal professionals in tasks
such as case referencing or statutory application.
(3) Final Decision: A binary judgment on whether
the link is valid, i.e., whether the two cases form a
similar-case pair, or whether the law article is rele-
vant to the case. All evaluations use a 1-5 scale for
the two dimensions and a Yes/No final judgment.

For human evaluation, we invite 10 Ph.D. law
students to annotate the sampled links. Each pair



Task

Query case

Target case or Target law article

| Predicted label

LCM

In the afternoon of August 24, 2018,
the defendant Sun Xiaozhai drunk-
enly drove a black small ordinary
bus with license plate No. Anhui
S xxxxx from Sun Wafang Village,
Huagou Town, Eddy County, to Sun
Heilou Natural Village.

The trial judgment found that: July 9, 2015 at 21:00,
in Kenli County Shengxing Road and Jingyuan Road
intersection, the defendant Ding Moumou drunk driv-
ing Lu EKXXX3 sedan and Chi Moumou driving Lu
E3XXX7 JIANGZUO light ordinary truck collided,
Ding Moumou driving to escape.

3

In the afternoon of August 24, 2018,
the defendant Sun Xiaozhai drunk-
enly drove a black small ordinary
bus with license plate No. Anhui
S xxxxx from Sun Wafang Village,
Huagou Town, Eddy County, to Sun
Heilou Natural Village.

Public Prosecution alleges that at 12:00 on October 3,
2015, the defendant Zhao Yingzhi, together with Zhao
Xiaokai (check no such person) rode a motorcycle to
Jize County Xiaozhai Town Center Health Center, will
be parked in the hospital yard of the health center of
Meng Mou hall door east of the Xinfei brand of electric
tricycles locks picking and then stole.

LAM

In the afternoon of August 24, 2018,
the defendant Sun Xiaozhai drunk-
enly drove a black small ordinary
bus with license plate No. Anhui
S xxxxx from Sun Wafang Village,
Huagou Town, Eddy County, to Sun
Heilou Natural Village.

Article 133-1 of the Criminal Law of the People’s Re-
public of China states that anyone who drives a motor
vehicle on a road under any of the following circum-
stances shall be sentenced to a term of imprisonment
and fined: (a) chasing and racing under aggravating
circumstances; (b) driving a motor vehicle while in-

toxicated.

Table 7: Case study of legal case matching (LCM) and law article matching (LAM). The boldface represents key

information for matching.

Type Evaluator LR PU  Valid Link Ratio
(I-5) (1-5) (%)
case-case Human 409 4.18 91.50
case-case GPT-4domini 4.32 4.04 95.45
case-law Human 495 498 98.00
case-law  GPT-4domini 4.88 4.79 96.97
law-law Human 3.85 4.36 82.00
law-law GPT-4omini 4.37 4.20 85.45

Table 8: Evaluation results of graph edges by human
annotators and GPT-40 mini

was independently rated by at least two annotators,
and the final decision was determined by majority
vote. All annotations were done blind to the source
model and edge type. For LLM evaluation, we use
GPT-40 mini with the following prompt: "You are
a legal expert assistant. 1 will give you either a pair
of legal cases or a case and a law article. Please
evaluate: (1) Legal Relevance (1-5) (2) Practical
Usefulness (1-5) (3) Final Decision: Is this a valid
link? (Yes/No)"

E.2 Results of Graph Quality

We present the average scores and valid link ratios
for both edge types evaluated by human annota-
tors and GPT-40 mini in Tab. 8. The case-law
relationships are derived directly from the actual
articles cited in real cases, resulting in near-perfect
evaluation scores. The case-case and law-law rela-
tionships are constructed based on our predefined
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thresholds (0.9 and 0.1, respectively), and the re-
sulting edges also achieved high-quality evaluation
scores. The results show high agreement between
human and LLLM evaluations, confirming the qual-
ity of the constructed heterogeneous graph.

F Further Study on Graph Module

We further analyze RedMatch’s design choices by
examining the effects of graph initialization, graph
type, and graph model.

F.1 Graph Initialization

Unlike general graph initialization that relies solely
on embedding-based similarity, we use a multidi-
mensional edge weighting strategy that combines
semantic and judgment similarity for case-case
edges, citation ranking for case-law edges, and co-
occurrence frequency for law-law edges to better
capture legal relationships and reduce dependence
on surface-level similarity.

We further validate the importance of this de-
sign via an ablation study on the LeCaRD dataset.
Specifically, we compare RedMatch with two sim-
plified variants: (1) w/o type-specific: Removes dif-
ferentiated edge types and builds the graph purely
on node similarity. (2) w/o weight: Uses a uni-
form graph where all edge weights are set to 1. As
shown in Tab. 9, removing either type-specific de-
sign or edge weighting leads to a noticeable drop
in performance, especially for w/o weight, which



Method Acc. (%) P.(%) R.(%) FI1.(%) Method Acc.(%) P.(%) R.(%) F1l.(%)
RedMatch 67.18 66.71 65.21 65.74 RedMatch (HGT) 67.18 66.71 65.21 65.74
w/o type-specific 65.02 64.59 62.54 63.11 RedMatch (HGCN) 66.47 64.37 63.69 63.48
w/o weight 59.99 56.73 50.26 54.97 RedMatch (w/o HGT) 66.26 64.12 62.88 65.04
HAN 47.23 55.45 64.04 42.20
. : _ : . GTN 47.58 55.82  64.99 42.58
Table 9: Ablation study on the type-specific weight MAGNN 4756 5580 6404 4256

design.

Method Acc.(%) P.(%) R.(%) F1.(%)
LCM (heterogeneous) 67.18 66.71 65.21 65.74
LCM (homogeneous) 57.25 60.42 57.61 52.01
LAM (heterogeneous) 96.77 96.76  96.00  96.36
LAM (homogeneous) 72.92 53.07 60.63 54.62

Table 10: Ablation study on graph types.

highlights the critical role of our edge design in
modeling legal relevance.

F.2 Graph Type: Heterogeneous vs.

Homogeneous

To assess the impact of using a unified heteroge-
neous graph, we construct separate homogeneous
graphs for LCM and LAM. These graphs only re-
tain intra-type edges and are encoded using stan-
dard GCNs. The performance comparison on the
LeCaRD dataset is shown in Tab. 10. The re-
sults show that separating the tasks into individual
homogeneous graphs leads to a significant drop
in performance, which confirms the effectiveness
of the proposed heterogeneous graph structure in
modeling complex legal relationships. This high-
lights two key advantages of the heterogeneous
graph design. (1) Nodes in the heterogeneous graph
can aggregate features from both similar cases and
relevant law articles, leading to richer representa-
tions. (2) A unified graph provides shared structural
context, which enhances joint learning and better
supports the interdependencies between LCM and
LAM tasks.

F.3 GNN Model

We also explore several GNN methods from le-
gal judgment prediction tasks for modeling the
heterogeneous graph (Zhang et al., 2024; Tong
et al., 2024; Chen et al., 2023; Wang et al., 2024).
Our original model uses the Heterogeneous Graph
Transformer (HGT) to enable type-specific, long-
range message passing. As alternatives, we test (1)
removing graph encoding entirely, and (2) replac-
ing HGT with HGCN (Yang et al., 2021). In addi-
tion, we also directly apply general heterogeneous
GNNs (HAN, GTN, MAGNN) to implement the
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Table 11: Ablation study on graph model.

LCM and LAM tasks for comparison. From Tab.
11, removing graph encoding reduces performance,
showing the importance of graph structure. HGT
outperforms HGCN due to its attention-based mod-
eling of global dependencies. Directly applying
general GNNs without the RedMatch framework
or task-specific graph design yields much lower
accuracy and F1-scores, highlighting that both the
framework and domain-aware graph construction
are essential for effective legal matching.

G Distinctions from CaseLink

To better clarify the differences between our work
and CaseLink (Tang et al., 2024). Specifically, we
make the following distinctions:

* Our core motivation is different from that
of CaseLink. CaseLink is designed for case
law systems (e.g., UK and US) where statu-
tory law is not explicitly involved, focusing on
case-case connections for inductive learning.
In contrast, our work is in line with the trend
of legal system integration (i.e., case law and
statutory law), aiming to leverage diverse le-
gal relationships for graph representation and
matching path decomposition. This enables
our model to learn a novel transition ability be-
tween relevant elements in the matching pro-
cess, such as query case — relevant law article
— target case, which increases the chance of
hitting a matching case.

* Our work addresses a key limitation of
CaseLink. While CaseLink constructs a
graph using case and charge information, it
treats all nodes as the same type, forming a
homogeneous graph. This results in overly
simplistic information aggregation during the
GNN process, leading to an issue where edge
weights become incomparable due to signifi-
cant variations. CaseLink acknowledges this
drawback in its discussion section. In the legal
domain, different types of legal texts follow



distinct writing conventions, making it crucial
to differentiate and aggregate them appropri-
ately. To address this, we construct a heteroge-
neous knowledge graph that explicitly models
two types of nodes and three types of edges,
enabling more fine-grained graph learning and
resolving the comparability issue.

Our work is a comprehensive extension of
CaseLink, addressing all the limitations dis-
cussed in its paper. (1) Overcoming induc-
tive learning constraints: Inductive learning in
CaseLink introduces limitations in reference
connections. We address this by constructing
a global graph based on the case base while ex-
cluding the query case, thus avoiding such re-
strictions. (2) Improved edge weighting strat-
egy: CaseLink determines edge weights solely
based on general quantitative measurements.
We extend this by introducing type-specific
weighting mechanisms grounded in legal con-
siderations. (3) Solving the edge weight im-
balance issue: By leveraging a heterogeneous
graph structure, we resolve CaseLink’s is-
sue of large, incomparable variations in edge
weights.
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