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Abstract

Given the fact of a legal case, Legal Judg-
ment Prediction (LJP) aims to predict judi-
cial outcomes, including relevant legal charges,
prison terms, and fines. However, LJP faces
two key challenges: (1)Long-Tail Distribu-
tion: Existing datasets, derived from authen-
tic cases, suffer from high human annotation
costs and imbalanced distributions, leading to
model performance degradation. (2)Lack of
Lawyer Augmentation: Current systems focus
on enhancing judges’ decision-making but ne-
glect the critical role of lawyers in refining
legal arguments, thereby limiting overall ju-
dicial accuracy. To address these issues, we
propose LawArgueAgent, an adversarial self-
play lawyer augmented legal judgment frame-
work, which integrates a case generation mod-
ule to tackle long-tailed data distributions and
an adversarial self-play mechanism to enhance
lawyers’ argumentation skills. Our experiments
on a Chinese legal dataset show that our frame-
work enables a weak model, Qwen1.5-7B-Chat,
to surpass powerful models like GPT-4 in le-
gal judgment prediction. This demonstrates
the effectiveness of our approach in improving
LJP performance by simulating a courtroom
adversarial process.

1 Introduction

Given the facts of a case, Legal Judgment Predic-
tion (LJP) aims to predict the applicable legal arti-
cles, prison terms, fines, and other judgment out-
comes (Cui et al., 2022). With the advancement of
legal Al an increasing number of studies have been
conducted to improve models’ judgment prediction
capabilities (Xu et al., 2020; Semo et al., 2022). In
recent years, the emergence and popularization of
LLM agents have made further progress in this field
(Li et al., 2025a; Wu et al., 2023). LLM agents can
simulate a real legal courtroom and thereby help to
improve the performance of LJP tasks (Feng et al.,
2022; Huang et al., 2024).
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The court believes that the defendant’s drunk driving of a motor vehicle constitutes the crime of
dangerous driving....... The defendant xxx committed the crime of dangerous driving and was
sentenced to three months of detention, four months of probation, and a fine of RMB 10000.

Figure 1: Based on a real case, the lawyers argue and
the judge makes legal judgments according to legal de-
pendency.

As illustrated in Figure 1, in real-world legal
practice, the lawyers start to argue based on a pro-
vided case, and the judge should reference law arti-
cles and precedents(previous legal cases) to make
a final judgment (Zhong et al., 2018; Ma et al.,
2021). There is no doubt that legal precedents(prior
cases) play a significant role as references to legal
judgment in a judicial process. In the case law sys-
tem (Mistica et al., 2020), precedents can serve as
binding authorities for court decisions, whereas in
the civil law system (Biittner and Habernal, 2024),
precedents are often utilized for interpretative guid-
ance or reference purposes.

However, the current distribution of cases is
highly imbalanced, with many case types occur-
ring at very low frequencies, resulting in the insuf-
ficiency of relevant legal cases; moreover, existing
LJP tasks predominantly focus on optimizing judge
agents, while overlooking the role of lawyers in the



process. Therefore, the current LJP task faces two
major problems: cases’ long tail distribution and
insufficient modeling of lawyer Agents.

Long Tail Distribution: The distribution of
the data adheres to the Pareto Principle (80/20
rule), and some rare cases are paid less attention
by LLM (Li et al., 2025b), which results in the
shortage of relevant knowledge. The current dis-
tribution of cases exhibits a long-tail characteris-
tic (Li, Ting et al., 2025), meaning that certain
types of cases represent a very small proportion
of the overall cases, and even a human judge will
be puzzled when he meets such cases. Empirical
studies (Garrett, 2011; Gross et al., 2014; Zavrs$nik,
2021) demonstrate that specific cases have a higher
probability of being overturned, such as contract
disputes, sexual assault, murder, etc. For automated
judicial systems, while (Wang et al., 2024) attempts
to address this issue through LLM-generated cases,
these methods still require manual annotation of
judgment results, limiting their scalability and prac-
tical applicability. These limitations highlight the
need for improved approaches to improve the ca-
pability of the automated judicial system to handle
rare cases without human effort.

Insufficient Modeling of Lawyer Agents: Re-
cent work uses simulated courts to improve judi-
cial accuracy (He et al., 2024; Chen et al., 2024a),
but mainly optimizes judges and leaves lawyers
underdeveloped, which constrains the judgment
quality. However, lawyers are also crucial. The ex-
perienced lawyers achieve higher litigation success
rates than less experienced ones (Poppe and Rach-
linski, 2015; Anderson and Heaton, 2012; Shiu-fan,
1983), and their legal arguments help judges under-
stand cases more clearly and make decisions more
fairly. Empirical studies show that the quality of
legal argumentation significantly influences judi-
cial outcomes (Habernal et al., 2024; Sheppard
and Moshirnia, 2012). Yet current research often
ignores legal arguments or is limited by scarce real-
world data, making the improvement of lawyers’ ca-
pabilities a key open challenge for judicial decision-
making.

To address the challenges above, we propose
a framework to Enhance Legal Judgment Predic-
tion via Lawyer-Adversarial Self-Play and Case
Generation, which enables the judge to reference
the augmented lawyers’ arguments and improve
the judgment’s objectivity, fairness, and rational-
ity. In order to address the issue of real cases’

long-tail distribution, we propose a case genera-
tion module. As the generated cases contain only
case facts, plaintiffs’ indictments, and defendants’
pleas, excluding final judgments, our approach is
independent of human judgment. Our framework
incorporates a case-court pipeline to mitigate the
challenges posed by the long-tailed case distribu-
tion and facilitate the accumulation of judicial ex-
perience. To demonstrate the effectiveness of our
method, we introduce a dataset called RareCases
which encompasses rare cases in China, sampled
from the China judgments Online. Furthermore, in
order to enhance the proficiency of lawyers, we pro-
pose an adversarial self-play mechanism for lawyer
agents where the plaintiff and defendant lawyers
engage in case analysis and confrontation, itera-
tively accumulating agent experience and improv-
ing their legal analysis capabilities. The system
integrates lawyers’ argumentative content with judi-
cial decision-making modules to support more ob-
jective, impartial, and reasonable adjudication. The
experimental results demonstrate that our frame-
work effectively enhances the capabilities of the
agents and exhibits strong performance across both
datasets, particularly on RareCases.
Our key contributions are as follows:

e We propose a framework called LawAr-
gueAgent, which is the first to incorporate
a lawyer’s perspective and utilize lawyers in a
self-play optimized process for judgment. In
our framework, base model Qwen1.5-7B-Chat
gains large improvement by legal knowledge
infusion.

o We construct RareCases, a legal dataset in-
cluding the main rare cases, which provides
an approach to assess the legal capacity of
current LLMs.

e We demonstrate the effectiveness of our frame-
work by conducting experiments. The experi-
mental results show that our framework out-
performs the existing methods in various as-
pects. Impressively, in legal article generation,
we get a 8% higher than GPT-4 in recall score,
indicating the utility of the proposed frame-
work in LJP tasks.

2 Related Work

Legal Artificial Intelligence is a rapidly growing
field that has gathered significant interest among re-
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Figure 2: Lawyer Evolution: Before a lawyer’s speech, he will retrieve some corpus; after that, some evaluator

scores and explanations are given to improve his speech

searchers. Therefore, many methods are proposed
to improve Al models’ performance.

2.1 LLM+Law

Due to their strong reasoning capabilities, LLMs
have become the preferred choice for developing
Al assistants in the legal domain. For example,
LawBench (Fei et al., 2023) comprises approxi-
mately 20 tasks focused on legal memory, under-
standing, and application, and GEAR (Qin et al.,
2024) constructs a hierarchical structure of legal
articles for augmenting the model’s interpretative
capabilities. However, LLLMs are limited by insuffi-
cient legal knowledge, so fine-tuning and RAG are
deemed as a valid knowledge supplement method.
(Zhou et al., 2024) proposes LawGPT by fine-
tuning Chinese-LLaMA with Chinese legal knowl-
edge. Additionally, several works (Li et al., 2023;
Pipitone and Alami, 2024; Feng et al., 2024; Hou
et al., 2024; Gao et al., 2024) have contributed to
enhancing the retrieval capabilities of legal sys-
tems.

2.2 CourtRoom Simulation

The single model with external knowledge can not
simulate a real world courtroom, which limits the
models’ legal AGI ability. Therefore, researchers
utilize LLM agents to gather and incoroperate re-
lated information to improve downstream tasks’
performance. For example, (Chen et al., 2024a)
employs agents to engage in arguments and gen-
erate extensive records to refine their capabilities.
Similarly, (He et al., 2024) proposes a framework

where lawyer agents argue, and the judge retrieves
relevant legal articles, precedents, and papers to en-
sure the accuracy of the final judgment. Recently,
several works introduce knowledge augmentation
to improve agents’ ability. (Liu et al., 2025) can
generate dialogue knowledge as retrieval corpus
and employ RAG to retrieve semantic similar infor-
mation to augment its capacity in downstream tasks.
Besides, (Chen et al., 2025) focus on multi-agent
debate to improve the judges’ judgment precision
by providing different views and lawyer agents’
self-feedback.

However, these works overlook the critical role
of lawyers which results in suboptimal perfor-
mance, leaving room for further improvement.

3 Method

In this section, we introduce our self-play lawyer
augmented LJP framework. As illustrated in Fig-
ure 2, we implement a multi-stage approach to
simulate court proceedings with legal agents. Our
pipeline is structured into four distinct phases:
(1) legal case generation, (2) court argumentation,
(3) lawyer evolution, and (4) judgment prediction,
which aims to systematically improve the argumen-
tation and reasoning skills of lawyer agents.

3.1 Legal Case Generation

Previous approaches rely on real cases as the foun-
dation for legal arguments. However, these real
cases’ distribution follows a long-tail distribution,
which limits LLMs’ generalization. Lawyer agents
also need diverse and adequate cases to enable their



retriever recall@100 recall@200 recall@500 recall@1k
Lawformer 5.6 72 9.2 20.9
Bm25 5.5 10.6 22.1 29.6
BGE-M3 135 19.2 273 36.0
ours 23.6 51.7 65.3 75.8

Table 1: Different retrievers’ recall@k in SimuCourt.

argumentation skills. To overcome these limita-
tions, we propose a pipeline that utilizes LLM to
generate simulated legal cases automatically.

We use a vast collection of Chinese legal articles
(criminal, civil, administrative). For each case gen-
eration, several legal articles are randomly selected
to serve as the legal foundation, and GPT-4o0 is in-
structed to generate cases consisting of case facts,
plaintiff’s indictment, and defendant’s pleadings.
To ensure quality and complexity, we employ rejec-
tion sampling, discarding overly simple or anoma-
lous cases after GPT-40 evaluation. This guaran-
tees sufficiently complex and debatable cases, pro-
viding a strong platform for lawyers to improve
their skills. Additionally, three law students verify
the cases’ correctness and logic. Detailed informa-
tion is provided in B.

This automated case generation process enables
lawyer agents to engage in continuous argumenta-
tion grounded in a dynamic and expanding dataset.
The increasing volume of generated cases provides
lawyers with enhanced opportunities for expertise
development, fostering progressive improvements
in their professional capabilities. This approach not
only mitigates the inherent limitations of relying
exclusively on real-world case experience but also
cultivates a dynamic environment for the further
evolution of lawyer agents.

3.2 Court Argumentation

The simulated court argumentation process is simi-
lar to the procedural framework of real-world trials.
Initially, the plaintiff is required to meticulously
formulate the complaint, grounded in the case’s
factual description and relevant legal principles,
clearly articulating the claims, factual basis, and le-
gal reasoning. Conversely, the defendant’s counsel
must respond substantively to the complaint’s con-
tent by addressing both factual determinations and
legal applications, thereby constructing a compre-
hensive defense statement. Upon commencement
of the formal argument phase, both parties engage
in alternating presentations across three rounds,
with each round comprising several core compo-
nents:

Statement Both lawyers must articulate their own
standpoints and legal claims. This serves as the
foundation of the argument and the starting point
for subsequent arguments.

Retort The plaintiff’s lawyer must counter the ar-
guments presented by the defendant in the previous
round, pointing out logical flaws or errors in the
legal application. The defendant’s lawyer, in turn,
must respond to the plaintiff’s refutations while
identifying weaknesses in the plaintiff’s arguments.
Legal Citations When presenting their arguments,
both lawyers must support their claims with rele-
vant legal evidence, such as legal articles, judicial
interpretations, and precedents. This not only tests
their legal research skills but also their ability to
extract relevant information and engage in logical
reasoning.

Subsequent to each round of argumentation, GPT-
4o offers lawyer agents an opportunity for analysis
and revision of their statements. The judge eval-
uates lawyer performance across multiple dimen-
sions, encompassing legal citation, logical reason-
ing, and factual description, and provides construc-
tive feedback. Lawyers then leverage this feedback
to refine their arguments, thereby enhancing the
overall quality of their presentations. Through this
multi-round, multi-faceted argument, the factual
details of the case are fully revealed, and the points
of contention are clearly presented. This process
not only elevates the the lawyer arguments’ caliber,
but also facilitates the judge to render an equitable
verdict.

3.3 Lawyer Agent Evolution

The judge’s understanding of a case is partly shaped
by the argumentative skills of the legal represen-
tatives. Clear, logically structured arguments that
incorporate relevant legal citations, precedents, and
accurate descriptions of the facts greatly facilitate
judicial comprehension. Developing such advo-
cacy skills, however, requires sustained practice
and learning through simulated case scenarios.

Our objective is to improve the argumentative
proficiency of lawyers, enabling them to present
case information in a more organized and compre-
hensive manner. Inspired by (Fu et al., 2025), we
introduce a method for lawyer capacity enhance-
ment that facilitates continuous learning and re-
finement of debating abilities, thereby enriching
the data available for the judge’s legal judgment
prediction task.



Model Legal Articles Civ. & Adm. Criminal Case Analysis

P R F P R F Cha. Term Fine Cor. Log. Con.

First
LawGPT 113 6.0 72 215 43.6 30.0 69.0 13.9 9.2 332 46.8 39.0
LexiLaw 7.8 74 7.4 17.8 17.6 17.6 879 18.1 345 774 785 81.2
ChatLaw 8.1 6.6 72 132 15.4 13.8 824 19.9 274 66.7 81.2 784
Qwen1.5-7B-Chat 9.7 5.8 6.3 26.5 342 29.3 86.2 25.0 27.5 75.8 795 76.4
GPT-3.5 13.0 115 11.8 335 41.8 332 85.0 48.7 31.2 67.7 71.4 71.0
GPT-4 181 133 141 458 513 476 881 531 355 835 780 835
AgentsCourt 16.7 12.9 13.6 46.7 45.1 453 875 48.8 325 74.2 77.8 74.8
ours 15.1 21.3 15.6 37.8 52.9 40.1 89.5 38.4 46.3 83.5 88.5 86.0
Second

LawGPT 9.2 43 6.9 21.7 55.9 33.1 58.4 6.3 18.9 282 20.4 33.6
LexiLaw 5.6 5.7 5.6 27.8 27.8 27.8 782 273 32.6 41.7 39.6 452
ChatLaw 7.6 6.3 6.8 28.5 27.8 28.0 79.5 26.8 332 443 48.9 54.7
Qwen1.5-7B-Chat 20.4 58 8.5 29.0 65.0 38.0 86.0 9.8 22.8 39.0 425 425
GPT-3.5 11.6 9.6 10.1 45.4 55.0 48.3 85.0 28.0 312 40.0 42.1 435
GPT-4 17.1 16.1 16.1 729 75.4 73.7 88.6 37.9 39.2 70.8 71.2 70.6
AgentsCourt 22.6 185 189 549 61.7 57.1 849 32.0 50.9 46.3 52.6 47.6

ours 271 223 231 625

69.7

63.5 91.0 36.3 433 58.6 66.3 64.0

Table 2: Overall performance of SimuCourt and baselines in the first and second instance experimental settings.

Some works have demonstrated that judge’s LIP
capacity can improve by lawyers’ arguments(Chen
et al., 2024a; He et al., 2024; Chen et al., 2025).
However, they ignore that the lawyer agents can
improve their argument abilities through agents’
self-play evolution, which leaves space for further
improvement. To address this gap, we introduce a
subjective evaluation metric tailored to assess the
quality of lawyers’ arguments, to identify higher-
quality presentations through a structured scoring
system. The scoring framework focuses on three
key dimensions: (1) the ability to accurately under-
stand and cite relevant legal articles and precedents;
(2) the logical coherence and organization of the
argument; and (3) the depth and comprehensive-
ness of case analysis. Each dimension is scored
on a scale of 0 to 5, yielding a total possible score
of 15 points. In the first round, after each lawyer
presents their argument, the content is evaluated
using this metric, and constructive feedback is pro-
vided to guide improvements. The lawyer agent
then refines its argument based on the feedback.
This iterative process is repeated three times, and
the highest-scoring argument is selected as the final
submission. The detailed score criterion is illus-
trated in Appendix.

3.4 Judgment Prediction

The lawyers who have evolved through simulated
cases can engage in arguments on real cases, and
the judge can reference the generated records. Dur-
ing the case judgment process, the judge not only
considers the arguments presented by the lawyers
but also utilizes an advanced legal retrieval sys-
tem to search for relevant cases and legal articles.
Therefore, we collect all the cases from Wenshu
Web from 2018 to 2021, encompassing criminal,

civil, and administrative cases. The detailed in-
formation is in Table 5. This retrieval mechanism
ensures the precision and comprehensiveness of the
LJP tasks. After completing the analysis of argu-
ment records and legal retrieval, the judge agent
enters the legal judgment prediction phase. This
phase mainly involves three core tasks: predicting
the judgment results, determining the relevant legal
articles, and analysing the whole case.

4 Experiment

In this section, we start to evaluate the performance
of our framework in downstream tasks. We will
elaborate on our dataset, experiment design, and
result analysis.

4.1 Benchmark

We employ two benchmarks: SimuCourt and
RareCases, which can evaluate the effectiveness
of our framework. The elaborate information of
dataset and metric are as below.

4.1.1 Dataset

SimuCourt is a Chinese benchmark consisting of
420 cases that encompasses objective evaluations
and subjective analyses, including first-instance
and second-instance cases.

Furthermore, as presented in Figure 3, in order
to evaluate the capacity of current models to handle
rare cases, we collected all Chinese cases from
China’s Online judgments and conducted a sta-
tistical analysis of the frequency of case causes
from 2018 to 2021. The least frequently occur-
ring causes are identified and categorized as rare
case causes. We collect 266 cases involving rare
causes from the WenShu web that occurred after
2022. Then we invite three undergraduate students



Model Legal Articles Civ. & Adm. Criminal Case Analysis

P R F P R F Cha. Term Fine Cor. Log. Con.
LawGPT 44 23 2.9 9.7 113 10.1 56.0 9.8 2.2 3.0 6.3 143
LexiLaw 6.5 4.8 49 9.6 12.3 10.2 825 123 142 11.3 9.8 8.6
ChatLaw 33 59 3.7 15.4 18.0 16.2 80.0 372 143 12.3 26.8 17.2
Qwen1.5-7B-Chat 53 4.1 42 8.2 10.1 9.0 75.9 10.7 3.0 133 19.7 24.7
GPT-3.5 10.0 4.8 6.0 15.6 17.4 16.2 81.2 38.0 7.4 38.6 42.0 37.6
GPT-4 14.7 11.5 12.0 18.2 19.8 18.6 83.5 43.9 15.6 42.6 47.0 44.7
AgentsCourt 16.0 11.8 12.1 149 16.2 154 82.6 41.7 15.1 42.0 47.6 44.0

ours 16.8 11.9 12.7 16.0

18.3

16.7 85.0 16.1 10.7 43.3 447 52.0

Table 3: Overall performance of our RareCases.
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Figure 3: Detailed statistical histogram of RareCases.

Values

Dataset SimuCourt RareCases
cases 420 136
average articles 3.71 6.90
if-rare X v
Average length per case 440.9 384.7

Table 4: Basic statistics of the datasets.

to help us check and filter some cases and instruct
GPT-4o0 to transform the cases into specific struc-
tures. Finally, we get 136 cases, including 96 civil
cases and 40 criminal cases.These legal cases are
divided into "high", "mid", and "low" by their rar-
ity, and "low" cases are rarer than "mid" and "high
cases.

4.1.2 Metric

. We divide our task into three categories: legal
articles, final judgment, and case analysis. For le-
gal articles, we use regular expressions to extract
law articles from generated law articles and check
whether the extracted articles match our answers or
not. Then we calculate the answers’ precision, re-
call, and F1. For judgment results, to facilitate the
evaluation process, we employ DeepSeek to stan-
dardize the answer format. For criminal results, we
use a regular expression to check criminal results,
and for civil and administrative cases, we use GPT-
40 as an automatic evaluator. It compares the agent
system’s judgment results with the reference judg-
ments and computes the number of matching and
non-matching key points between them. Detailed
illustration is presented in Appendix D.

4.2 Settings

Parameters. We adopt Qwenl.5-7B-Chat as
base model and simultaneously compare it
with lawGPT (Zhou et al., 2024), LexiLaw (Li
et al., 2024), ChatLaw-13B (Cui et al., 2024),
GPT-3.5-turbo-0613, and GPT-4-1106-preview.
Qwenl.5-7B-Chat is used as the base model for
subsequent retrieval and optimization, and GPT-40
is instructed to evaluate and score the lawyer
agents’ arguments.

Baselines. We compare our method with the
following baselines:
(1) Vanilla. We choose Qwenl.5-7B-Chat,
GPT3.5-turbo-0613, GPT-4-1106-preview as
vanilla models. Besides, the base model of our
framework is also Qwen1.5-7B-Chat.
(2) LawGPT (Zhou et al., 2024). LawGPT is
Chinese-LLaMA-7B fine-tuned on a dataset of
300,000 legal question-answer pairs.
(3) LexiLaw (Li et al.,, 2024). LexilLaw is a
fine-tuned Chinese legal large language model
based on the ChatGLM-6B architecture. By
undergoing fine-tuning on legal domain datasets,
it demonstrates enhanced performance and
professionalism in providing legal consultation
and support.
(3) ChatLaw-13B (Cui et al., 2024). ChatLaw-13B
is an innovative assistant that employs a Mixture-
of-Experts (MoE) model and a multi-agent system
to enhance reliability and accuracy in Al legal
services.
(5) AgentsCourt (He et al., 2024). An LLM agent
framework. They improve the judge’s performance
by introducing argument data and retrieving
several law articles, precedents and law papers.
We utilize GPT-3.5-turbo-1106 as its base model.

Finetune. As shown in Figure 2, each statement
is scored against evaluation metrics, and each case
undergoes 3 dialogue rounds with 3 evaluations



data sum criminal civil admin
cases 20.87M  2.45M 17.55M  0.87TM
laws 13,117 5,425 7,692

Table 5: Case Volume of our corpus

per round; top- and bottom-scoring arguments are
selected for DPO training, with evolution scores in
Figure 4. Additionally, we use GPT-40 to generate
10,000 legal-article-based cases, fine-tune BGE-
M3, and retrieve 50 law articles per case via BM25
(gold articles as positives, others as negatives) to
conduct DPO fine-tuning and boost retriever per-
formance. As Figure 1 shows, our performance
outperforms other methods, but the 75.8% peak
Recall@1000 leaves significant room for improve-
ment in Legal Judgment Prediction (LJP) tasks.

Retriever. BGE-M3 (Chen et al., 2024b) is an
advanced retriever proposed by BAAI, which leads
to superior performance in multilingual retrieval,
cross-lingual retrieval, and multilingual long docu-
ment retrieval tasks, while in legal tasks, the sparse
retriever BM25 (Rosa et al., 2021) is in common
use due to its relevance scoring algorithm. In this
paper, we adopt a hybrid retrieval method to search
for argument records, cases, and legal articles. Re-
garding argument records and cases, we use BM25
for retrieval to obtain 100 candidate documents and
then use BGE-M3 for reranking. Finally, due to the
context limitations of Qwen1.5-7B-Chat, one doc-
ument is selected as the retrieved document. For
legal articles, we use our fine-tuned BGE-M3 to
retrieve 200 legal articles as candidate articles.

Corpus. We collect all the Chinese legal
cases in 2021, spanning criminal, civil and
administrative cases, which are more than 27M,
as our case corpus. Each case in our corpus
consists of five factors: case name, action cause,
stage, relevant articles, and full text. To protect
the privacy of involved parties, all case records
were anonymized by removing personally identi-
fiable information, including names, geographic
locations, and other sensitive details. Detailed
data statistics are shown in Table 5. Besides, we
collect 13,117 law articles as our law article corpus.

4.3 Main Results

Table 2 and Table 3 present the main experimental
results on SimuCourt and our RareCourt.

Score

1 H
Evolution Iteration

Figure 4: Score of lawyer agent by fine-tuning rounds

Performance of ASP2L) and GPT-4 in low, mid, high and SimuCourt-stagel

Acc

Figure 5: Models’ performance between rare cases and
common cases. Rare cases are divided into low, mid,
and high, which represents their rarity. "Low" means
the case is rare, while "high" indicates it is common.

4.3.1 Main Results of SimuCourt Dataset

As Table 2 shows, our method outperforms other
methods overall. Compared with the vanilla
models, the performance has improved.

Criminal Prediction As for crime prediction,
We extract the charge, prison term and fine
by regular expressions. Among all the results,
AgentsCourt achieves the best during the baselines,
indicating the importance of argumentation and
retrieval. Although our method brings large im-
provement, about 0.148 in criminal fine compared
with vanilla Qwen-1.5-7B-Chat, we don’t make ob-
vious progress relative to GPT-4. There is still a
large room for improvement.

Civil and Administrative Prediction. In the area
of civil and administrative laws, our indicators com-
prehensively surpass those of the vanilla Qwen1.5-
7B-Chat and GPT-3.5. However, GPT-4 still sur-
passes us by 10% relatively. This also reflects that
there is still a huge gap between current judgment
and evaluation work in civil and administrative
laws.

Law Articles. It is seen that the average accuracy
of charge prediction by our method exceeds that of
the vanilla Qwen1.5-7B-Chat by 15%, and exceeds
that of GPT-3.5 and GPT-4 by 10% and 8% respec-
tively. However, the highest score is just 23.1%



Model Legal Articles

P R F

no argument 0.66 0.20 0.30
Qwenl.5-7B 0.76 0.23 0.34
GPT-40 0.76 0.26 0.37

Table 6: Randomly sample 60 cases’ legal articles gen-
eration performance between different arguments gener-
ated by different models

in F1, which indicates that Legal Articles Predic-
tion is the most difficult during such tasks, and all
the current methods, including ours, need further
improvement.

4.3.2 Main Results of RareCases Dataset

As shown in Table 3, in prison term and fine tasks,
LawArgueAgent’s score are much lower than GPT-
4, GPT-3.5, and AgentsCourt, which shows that
maybe Qwen1.5-7B-Chat is not sensitive to num-
bers. Compared to SimuCourt, the performance
totally declines in RareCases. For example, in civil
and administrative tasks, the highest score is just
18.6%, which is much lower than 47.6%, which
leaves large room to advance. It is obvious that all
the models perform worse in our RareCases, and
the long-tail distribution truly obstructs the devel-
opment of legal Al

4.4 Ablation and Analysis

Ablation As demonstrated in the table 8, retrieval
plays a pivotal role in the task of legal article
generation, enhancing the F1 score by 3%. In
terms of judgment, the retrieval of precedents
can also assist the model in adjudicating cases.
Furthermore, the analysis of the original case
arguments enables the model to better comprehend
the cases, thereby improving the accuracy of
the judgment outcomes. The evolution of the
lawyer agent will elevate the quality of discourse,
consequently augmenting the understanding of the
cases.

rare cases. As illustrated in Figure 5, the rarer
the data, the worse the model performs, which
indicates that the model’s capability to handle rare
cases is insufficient and there is large room for
improvement. Basically, the performance of rare
cases drops significantly compared to common
cases, especially for cases with a low level of rarity.

Fine-tune Iteratively We generated 1,000 cases
with GPT-4o0 for argument. Initially, Qwen1.5-7B-
Chat generated arguments for each case, creating

Model Legal Articles Civ. and Adm. Criminal

P R F P R F Cha. Term Fine

iter-0 0.41 0.12 0.18 0.26 0.36 0.28 0.83 0.06 0.05
iter-1 0.41 0.12 0.17 0.33 0.38 0.34 0.90 0.10 0.06
iter-2 0.41 0.13 0.20 0.30 0.40 0.32 0.95 0.06 0.06

Table 7: Results of 120 Cases sampled from SimuCourt

Model Articles(F1) Judgement Results(F1)

Civil Charge term Fine
LawArgueAgent 12.7 16.7 85.0 16.1 10.7
w/o Court argument 11.0 14.8 79.8 13.5 9.3
w/o Lawyer Evolution 11.4 15.6 82.3 14.6 9.8
w/o Retriever 9.4 125 77.9 13.0 55

Table 8: Ablation Experiment on RareCases

1,000 records. In a subsequent round, the fine-
tuned Qwenl1.5-7B-Chat generated further argu-
ments for these same cases. The evolved agents’
performance was then evaluated on 50 true cases,
where we recorded the highest, lowest, and aver-
age argument scores. As illustrated in Figure 5, as
the tuning iterations progress, all three categories
of scores have improved and gradually stabilized.
Howeyver, in iteration 3, the assessment score de-
clines, but is still better than the vanilla model. In
Table 6, it is observed that the court arguments can
enhance the Legal Judgment Prediction (LJP) abil-
ity of judge agents. Furthermore, GPT-40 demon-
strates the capacity to generate more compelling
arguments compared to smaller models such as
Qwen1.5-7B-Chat. Table 7 illustrates the impact of
iterative evolution. While Iteration 2 does not out-
perform Iteration 1 across all tasks, both Iteration
1 and Iteration 2 demonstrate substantial improve-
ments over the no-iteration baseline.

5 Conclusion

We conduct a thorough analysis of our framework’s
performance. In our framework, lawyer agents can
evolve and the judge can benefit from the evolu-
tion. To deal with the legal cases’ long-tail distri-
bution, we propose a method to gather legal cases
by generating legal cases based on legal articles.
Then We fine-tune the Qwen1.5-7B-Chat with the
generated data to gain a better performance. The
experimental results show that our method enables
a weak model, Qwen1.5-7B-Chat, to surpass pow-
erful models like GPT-4 in LJP. Besides, the pro-
posed dataset, RareCases, also indicates that there
is still an improvement room in the LJP tasks.
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A Evaluation Prompt

A scoring criterion encompassing citation, refuta-
tion, and comprehension is proposed for a compre-
hensive and objective evaluation of lawyer agents’
discourse. Specifically, this criterion assesses:
Citation: The inclusion of relevant articles or
precedents.

Refutation: The act of rebutting the opposing
counsel’s arguments.

Comprehension: The provision of a comprehen-
sive and clarified case description.

As shown in Table 6, 7, and 8, our results
demonstrate that the evolved lawyer agents can pro-
duce more effective arguments and improve lawyer
agents’ performance in LJP tasks. We present our
scoring criterion in Table 10.

B Generated Case

To verify our generated cases’ rationality, we in-
vite three undergraduate students major in law to
evaluate the cases’ quality. Our criterion is in three
dimensions:

Correctness: Make true if the case can happen in
the real world.

Reality: Make true if there are relevant laws as a
basis.
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Categories

RareCases civil
® RareCases crime

SimuCourt civil
®  SimuCourt crime

Cause Average Cause Median

N

Figure 6: The mean and median number of case causes
across SimuCourt and RareCases.

Reality
0.99

Rationality
0.98

cases

Cases sampled 500 ‘

| Correctness

0.99

Table 9: Quality evaluation of our generated cases

Rationality: Make true if the plaintiff and defen-
dant’s claims are within a reasonable legal frame-
work.

We randomly sample 500 generated cases, and the
evaluation results are presented in Table 9.

C Case Distribution

In Figure 6, it is obvious that there is a signifi-
cant difference in the distribution of case causes
between the two datasets. Whether in terms
of mean or median, the cases in the RareCases
dataset are much rarer than those in the SimuCourt
dataset. Correspondingly, the model’s performance
on RareCases is worse than its performance on
SimuCourt.

Besides, as illustrated in Figure 8, the case dis-
tribution exhibits a long-tail characteristic. For
instance, 'Legal inheritance disputes’ accounts for
809,843 instances, whereas ’Disputes over cargo
handling contracts’ comprises only one. For a more
in-depth analysis, we examined the distributions
of criminal law, administrative law, and civil law
cases from 2012 to 2021, as illustrated in Figure
9, 10, and 11. It is evident that all three domains
follow a long-tailed distribution.

D Metric

We have three LJP tasks: law articles, final judg-
ment, and case analysis.

legal articles. We use regular expressions to extract
law articles from generated law articles and check
whether the extracted articles match our answers
or not. Then we calculate the answers’ precision,
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Distribution of relevant legal article numbers for each case

Number of Queries

1 2 3 4 5 5+
Number of Relevant Statutory Articles

Figure 7: Distribution of relevant legal article numbers
for each case.

recall, and F1.

Fl— 2 X precision X recall

)]

precision + recall

judgment results. For criminal cases, the re-
sults include charge, prison term, and fine. We
utilize regular expressions to extract these items
from generated answer, and calculate the accuracy.

Number of correct answers
ACC = (2)
Total number of cases

For civil and administrative cases, the answers
are flexible and hard to extract by regular expres-
sions. So we employ GPT-40 to summarize the
answers as several points and judge the number of
correct answers. Detailed prompts are presented
below.



Please organize the given text into the required for-
mat.

Example 1: Current text: The judgment is as follows:
Defendant should return the loan of 200000 yuan
to Plaintiff; Defendant shall pay interest during the
period of fund occupation at an annual rate of 6%
from December 20, 2021 to October 19, 2023; The
defendant shall bear all the litigation costs of this
case. The above is the final judgment of this court.
The defendant is requested to fulfill the repayment
obligation within the time limit given in the judgment
and pay interest and litigation costs in accordance
with the law.

Output list: "Result 1": "The defendant should return
the loan of 200000 yuan to the plaintiff", "Result 2":
"The defendant should pay interest on the funds dur-
ing the occupation period at an annual interest rate of
6% from December 20, 2021 to October 19, 2023"
Example 2: ...

Example 3: ...

Please organize the following content:

Current text: <KRAW-RELUSTS>

Output List:

Please compare the candidate’s answer with the refer-

ence answer to determine if the answer is correct. No
explanation is needed, and the result can be directly
output in JSON structure

Example 1: Current text: Reference answers: "Result
1": "The defendant should return the loan of 200000
yuan to the plaintiff”, "Result 2": "The defendant
should pay interest on the capital occupation period
at an annual interest rate of 6% from December 20,
2021 to October 19, 2023"

"Result 1": "The defendant

should pay interest on the capital occupation period

Candidate answers:

at an annual interest rate of 6% from December 20,
2021 to October 19, 2023", "Result 2": "The de-
fendant should return the loan of 10000 yuan to the
plaintift"

Output list: Result 1: 0, Result 2: 1

Example 2: ...

Example 3: ...

Please organize the following content and output it in
JSON structure:

Current text: <RAW-RELUSTS>

Output list: "Result 1":"", "Result 2":"",...
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case analysis To verify agents’ comprehension
of the legal cases, we instruct agents to generate
case analysis and invite three law school under-
graduate students to assess. The scoring criterion
is the same as AgentsCourt (He et al., 2024): 1)
Correctness: Mark true if and only if the analysis
is satisfying and considers all parties involved. 2)
Logicality: Mark false if the analysis contains any
illogical or untrue reasoning. 3) Concision: Mark
true if the analysis covers all necessary information
without any extra information.

Number of c

nnnnnn

ssssss

nnnnnn

nnnnnn

Figure 8: Number of sampled cases in 2021.

Frequency Distribution of Crime C

s (from 2012 to 2021, Top 100)

Frequency

cccccccccc

Figure 9: Frequency Distribution of Crime Causes (from
2012 to 2021, Top 100)

Frequency Distribution of Civil Cat

(from 2012 to 2021

Frequency

Figure 10: Frequency Distribution of Civil Causes (from
2012 to 2021, Top 100)

E Argument Evaluation Score

We present our evaluation score in Table 10.



Model

s1: Did the content of the argument cite legal provisions and cases, and is the relevance of legal articles and cases to this case significant? Can you provide effective assistance to the judge’s
judgment, etc., score 0-5 points

s2: Does it include the explanation of our viewpoint and the rebuttal of the other party’s viewpoint. Is our viewpoint reasonable? Is the rebuttal reasonable and well founded? Is there a correct
judgment on the current situation of the case? Whether it is conducive to providing judges with a comprehensive and effective perspective, etc., score 0-5 points;

s3: After a round of argument, can we give the outside world a comprehensive understanding of the case? Can summarize the plot of the case, give the judge room to make judgments, etc., score
0-5 points

Evaluation criteria:

s1: Did the content of the argument cite legal articles and cases, and is the relevance of legal articles and cases to this case significant? Can you provide effective assistance to the judge’s
judgment.

0.5-1 points: Refers to some relevant laws and cases, which can provide reference for the judge’s judgment to a certain extent, but not comprehensive enough.

1-1.5 points: Some relevant laws and cases were cited, but it was not comprehensive or in-depth enough. 1.5-2.5 points: In addition to citing some legal articles and cases, the interpretation of
applicability is also relatively in-depth, which is more helpful for judges to make judgments.

2.5-4 points: Many relevant laws and cases have been cited, which has a high relevance to this case and a clear interpretation, providing effective assistance for the judge’s judgment.

4-5 points: Accurately cited a large number of highly relevant laws and cases, providing comprehensive, in-depth, and highly valuable references for judges’ judgments.

s2: Does it include the explanation of our viewpoint and the rebuttal of the other party’s viewpoint? The viewpoint needs to be reasonable, and the rebuttal needs to be well founded in order to
provide the judge with an effective perspective.

0-0.5 points: Explained our viewpoint and provided some rebuttal to the other party’s viewpoint, but there are deficiencies in the strength, rationality, and basis of the viewpoint and rebuttal.
0.5-1.5: We have clearly stated our viewpoint and have a certain degree of counterattack against the other party, but the strength of the judge’s decisive judgment is not strong enough.

1.5-3 points: Clearly and reasonably presented our viewpoint, and strongly refuted the other party’s viewpoint with sufficient evidence.

3-4.5 points: The explanation of our viewpoint has basically gained accurate and strong persuasiveness, comprehensively elaborated our viewpoint, and provided most complete and reliable
rebuttals to the other party’s viewpoint.

4.5-5 points: Accurately, deeply, and persuasively presented our viewpoint, and provided a comprehensive, powerful, and well founded rebuttal to the other party’s viewpoint.

s3: After a round of argument, can we give the outside world a comprehensive understanding of the case? Being able to summarize the plot of the case and provide the judge with room for
judgment.

0-0.5 points: Described some of the case plot, but there are some key information omissions that have certain limitations on the judge’s judgment.

0.5-1.5 points: A comprehensive description of the case’s plot can provide the outside world with a clear understanding of the case and provide sufficient judgment space for the judge.
1.5-2.5 points: It basically covers the details of the case, and the outside world has a basic understanding of the case. The judge can basically judge the outcome of the case.

2.5-3.5: Relatively complete, accurate, and comprehensive description of the case plot, providing the outside world with a thorough understanding of the case and offering direction for the
judge’s judgment.

3.5-5 points: A complete, accurate, and comprehensive description of the case plot provides the outside world with a very thorough understanding of the case, providing judges with broad and
sufficient judgment space.

Table 10: The prompt for lawyer agent to evaluate its argument(translated from Chinese)

Frequency Distribution of Admin Causes (from 2012 to 2021, Top 100)
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Figure 11: Frequency Distribution of Admin Causes
(from 2012 to 2021, Top 100)

F Generated Case

A generated case is presented in Table 11, which
consists of the case fact, the plaintiff’s indictment,
and the defendant’s plead.
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the defendant
Xx was caught
by the on......

Top-1 Article 1331,
Paragraph 1,
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Paragraph 3
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Figure 12: The pipeline of retriever’s DPO fine-tuning.

Law Articles Item

Content

Case fact
Article 465

On August 15, 2023, the plaintiff Li signed a housing lease
contract with the defendant Zhang, agreeing that Li would lease
a property located in Haidian District, Beijing to Zhang for a
period of one year, with a monthly rent of 5000 yuan. According
to the contract, Zhang was required to pay the monthly rent
before the 5th of each month...

plantiff’s indictment

The plaintiff Li requests the court to order the termination of
the lease contract between him and the defendant Zhang, and
demands that Zhang pay a total of 15000 yuan in rent arrears
(from October to December 2023), as well as bear the litigation
costs of this case. The facts and reasons are: ...

defendant’s plead

The defendant Zhang argued that due to poor management of the
company, the defendant is currently facing financial difficulties
and is unable to pay rent temporarily. The defendant has com-
municated with the plaintiff and hopes to delay payment. They
are also willing to make up for the overdue rent in one go after
the Spring Festival. The defendant requests the court to consider
the defendant’s actual difficulties, and to give the defendant a
lenient treatment and a certain grace period.

Table 11: An example of a generated case(translated from Chinese).
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