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Abstract

Large language models (LLMs) are playing an
increasingly pivotal role in LegalAI. However,
existing benchmarks are primarily tailored for
legal professionals, emphasizing deep reason-
ing and explainability. While public-facing le-
gal applications demand outputs that are direct,
actionable, and accessible, a need largely over-
looked by current evaluation frameworks. To
bridge this gap, we propose a public-oriented
LegalAI benchmark grounded in legal func-
tionalism and genre analysis. Specifically, we
categorize public legal demands into two core
tasks: Instant Question Answering and Legal
Text Generation. We further introduce three
public-oriented evaluation dimensions: legal
normativity, content relevance, and format us-
ability, which collectively assess the practical
validity and user readiness of model outputs.
To reflect real-world lay user usage, we eval-
uate 17 LLMs on Pub-LawBench using only
simple prompts and Chain-of-Thought under
a vanilla inference setting, excluding complex
techniques like RAG or agent-based methods
inaccessible to non-experts. Experiments re-
veal limitations of current LLMs in delivering
effective public-oriented legal assistance, high-
lighting the need for more user-centric model
development and benchmarking. 1

1 Introduction

Recently, LLMs have significantly advanced
LegalAI, enabling legal applications like charge
prediction (Wu et al., 2023; Nigam et al., 2024),
judgment summarization (Shukla et al., 2022), and
contract review (Hendrycks et al., 2021). To sup-
port systematic evaluation, LegalAI benchmarks
like LexGLUE (Chalkidis et al., 2022), Legal-
Bench (Guha et al., 2023), LawBench (Fei et al.,

*Equal contribution.
†Corresponding author.
1Our code and datasets are available for review at
https://github.com/Statistical-NLP-Lab/

Pub-LawBench

Question: Classify the legal domain and specific issue type.
Expected Output: Constructive Eviction; Breach 
of Covenant of Quiet Enjoyment; Tortious Interference with 
Property Rights.

1.Issue-Spotting Task defined in LegalBench

Question: Whether the broken heater constitutes a 
material breach?
Expected Output: The defect constitutes a material breach 
of the Implied Warranty of Habitability… tenant's obligation..

2.Rule Application Task defined in LegalBench

Question: Which article in California Civil Code governs...?
Expected Output: Pursuant to § 1941.1 ... deemed 
untenantable if lacking ... waterproofing or heating ...See 
Green v. Superior Court ... regarding non-waivability ...

3.Consultation Task defined in LawBench

Question: What are the exact procedural steps?
Expected Output: 1. Send a Written Notice to Cure (7-day 
deadline).
2. Do NOT just stop paying; put rent into an Escrow Account.

4.Instant QA Task defined in our P-LawBench

Public

Expert

Public

Expert

Public

Expert

Public

Expert

My heater has been broken for weeks. The landlord ignores 
me. Can I stop paying rent until it’s fixed?

Figure 1: Comparison of profession- and public-
oriented legal evaluation. Tasks 1–3, from LegalBench
(Guha et al., 2023) and LawBench (Fei et al., 2024),
evaluate legally precise, jargon-heavy outputs that sat-
isfy professionals but confuse public users. Task 4 in
our Pub-LawBench evaluates LLMs’ ability to deliver
clear, accessible output tailored for the general public.

2024), and CaseHOLD (Zheng et al., 2021) have
been developed. However, they primarily target le-
gal professionals (Kamigaito et al., 2023) and over-
look lay users, thus hindering the development of
publicly accessible LegalAI systems.

Unlike professionals prioritizing rigorous rea-
soning, public users seek direct solutions like in-
stant legal advice or functional document genera-
tion (Aryo Pradipta Gema et al., 2025). As shown
in Fig. 1, Issue-Spotting is a professional-oriented
task that assesses model identification of key le-
gal issues (e.g., Constructive Eviction), a capabil-
ity valued by experts but often opaque to lay users.
Similarly, Consultation evaluates reasoning via ci-
tations and statutory references, yielding accurate

36281

https://github.com/Statistical-NLP-Lab/Pub-LawBench
https://github.com/Statistical-NLP-Lab/Pub-LawBench


Tasks & Metrics COLIEE CaseHOLD CUAD LeCaRD LexGLUE LegalBench LegalEval LawBench KoBLEX GreekBar SwissJudg Pub-LawBench
Part I: Task Scenarios

Legal Concept Interp. 7 7 7 7 3 3 7 3 7 7 7 3

Elements of the Offense 7 7 7 7 3 3 7 3 7 7 7 3

Statutory Interpretation 7 7 7 7 7 7 7 7 3 3 7 3

Open Q&A Solution 3 3 7 7 3 3 7 3 3 3 7 3

Statute and Case Search 3 7 7 3 7 7 7 7 3 7 7 3

Classification Task 3 3 3 7 3 3 3 3 3 7 7 3

Instant QA

Prediction of the Verdict 7 7 7 7 7 7 3 3 3 7 7 3

Fact Extraction & Summ. 7 7 3 7 7 3 3 3 7 7 3 3

Reasoning Generation 7 7 7 7 7 7 7 7 3 3 7 3

Defense Generation 7 7 7 7 7 7 7 7 7 7 7 3
Legal Gen

Prediction of the Verdict 7 7 7 7 7 7 7 3 7 7 7 3

Part II: Evaluation Dimensions
Performance Accuracy 7 3 3 3 3 3 7 3 3 7 7 3

Semantic Consistency 3 3 3 3 3 3 3 3 3 3 3 3

Key Points Coverage 3 3 3 7 3 3 3 7 7 7 3 3
Content
Relevance

Info. Completeness 7 7 7 7 7 7 3 3 7 7 3 3

Statutory Citations 3 7 7 7 3 3 7 3 3 3 7 3

Legal Judgments 3 3 7 3 3 3 7 3 7 7 7 3
Legal
Normativity

Legal Language 7 7 7 7 7 7 3 7 7 3 7 3

Format Structured Output 7 7 7 7 7 7 3 7 7 7 7 3

Table 1: Comparison of Pub-LawBench with existing LegalAI benchmarks, including COLIEE (Rabelo et al.,
2020), CaseHOLD (Zheng et al., 2021), CUAD (Hendrycks et al., 2021), LeCaRD (Ma et al., 2021), LexGLUE
(Chalkidis et al., 2022), LegalBench (Guha et al., 2023), LegalEval (Kalamkar et al., 2023), LawBench (Fei et al.,
2024), KoBLEX (Lee et al., 2025), GreekBarBench (Chlapanis et al., 2025), and Swiss-Judg (Rolshoven et al.,
2025), in terms of task scenarios and evaluation dimensions. (3: Supported; 7: Not Supported)

yet impractical outputs. By contrast, our public-
oriented Instant QA evaluates the models’ deliv-
ery of direct, understandable guidance, such as
"send a Written Notice to Cure", that empowers
non-experts to take actionable steps.

In this work, we introduce Pub-LawBench, a
public-oriented benchmark designed to evaluate
the capacity of LLMs to support the practical le-
gal needs of the general public. Specifically, we
define two public-oriented task categories: Instant
Question Answering (Instant QA) with 9 subtasks,
aligning with legal functionalism and realism to
prioritize actionable guidance; and Legal Text Gen-
eration (Legal Gen) with 4 subtasks, grounded
in genre analysis and Speech Act Theory (Searle,
1969), viewing public legal texts as legally conse-
quential acts requiring normative correctness and
genre-appropriate structure.(Wang et al., 2025)

Moreover, current LegalAI metrics are largely
performance-oriented, prioritizing legal precision
but overlooking essential public needs. To truly
serve non-experts, outputs must be understand-
able, actionable, and usable. We therefore pro-
pose public-oriented evaluation dimensions, i.e.,
legal normativity, content relevance, and for-
mat usability. Grounded in Speech Act Theory
(Austin, 1962), these metrics mitigate the risks
of invalid or misleading legal expressions (Aryo
Pradipta Gema et al., 2025; Ribeiro et al., 2022).

Table 1 compares existing professional-oriented
benchmarks and our Pub-LawBench across tasks

and dimensions. In experiments, we comprehen-
sively evaluated 17 representative LLMs on Pub-
LawBench using user-friendly methods (e.g., sim-
ple prompts, Chain-of-Thought), excluding com-
plex setups like agents and RAG. Our experiments
reveal current models’limited ability to provide
effective public-oriented legal assistance, under-
scoring the need for more user-centric develop-
ment and benchmarking. Our experiments reveal
current models’limited ability to provide effec-
tive public-oriented legal assistance, underscoring
the need for more user-centric development and
benchmarking.

Our contributions are as follows: (1) We pro-
pose Pub-LawBench, a public-oriented bench-
mark grounded in legal functionalism and genre
analysis for lay users. (2) We design three public-
oriented evaluation dimensions, i.e., legal nor-
mativity, content relevance, and format usabil-
ity, to complement existing professional-oriented
metrics and better serve lay users. (3) We con-
duct a comprehensive evaluation of 17 LLMs,
spanning commercial, open-source, and legal-
specialized models, shedding light on their capa-
bilities and shortcomings in public-oriented legal
applications.

2 Related Work

Benchmarks on LegalAI. Existing benchmark
efforts primarily focus on three major cate-
gories: standardized exam benchmarks, e.g., C-
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Eval (Huang et al., 2023) and UBE (Katz et al.,
2024), which effectively measure legal memoriza-
tion capabilities but do not fully capture model
performance in complex, open-ended legal prac-
tice; comprehensive multi-task benchmarks, e.g.,
LexGLUE (Chalkidis et al., 2022), LegalBench
(Guha et al., 2023), LawBench (Fei et al., 2024),
LegalAgentBench (Li et al., 2025), which empha-
size the assessment of reasoning abilities beyond
simple recall; and specialized capability bench-
marks, e.g., LeCaRD (Ma et al., 2023), DISC-
LawLLM (Yue et al., 2024), and ProvBench (Shen
et al., 2025), which targets specific functional
requirements(Yu et al., 2026). However, they
are largely professional-centric and lack a public-
oriented perspective.

Legal Functionalism and Genre Analysis.
Public-oriented legal needs are grounded in le-
gal functionalism (Pound, 1910; Llewellyn, 1930),
which places the value of law in its practical so-
cial effects rather than in abstract doctrinal co-
herence(Mao et al., 2024). This theoretical foun-
dation motivates our design of a public-oriented
benchmark tailored to the needs of lay users. Com-
plementing this perspective, the genre analysis
of legal texts (Bhatia, 1993; Swales, 1990) pro-
vides a methodological lens to examine how le-
gal discourse is structured and functionally de-
ployed in specific communicative contexts. For
example, a public legal advisory issued by a gov-
ernment agency prioritizes clarity, plain language,
and procedural guidance, while court judgments
rely on technical jargon and adversarial framing.
Together, these insights shape our design of public-
oriented tasks and metrics for LLM evaluation, of-
fering valuable insights and support for both re-
search and practice.

3 Pub-LawBench

The core idea of Pub-LawBench is to shift the fo-
cus from abstract reasoning depth to the actual util-
ity of LLMs in real-world scenarios. In this sec-
tion, we will detail two core components of Pub-
LawBench: the task taxonomy designed for public
scenarios and the evaluation metrics.

3.1 Task Taxonomy

We categorize public legal demands into Instant
QA and Legal Gen based on the user’s objectives
and required output form. The distinction lies in

whether users seek immediate answers or struc-
tured documents for legal action.

Instant QA. This category addresses the need
for quick, conversational consultation. We clas-
sify tasks as Instant QA when the user starts with
an informal inquiry about a specific life situation.
Unlike professional legal research, which relies
on structured case files and dense statutes, public-
oriented QA must handle vague or emotional lan-
guage. In this setting, the model acts as an ad-
visor that simplifies the law for users. We struc-
ture these tasks into three levels. (1) Legal Un-
derstanding: This assesses whether models can
identify key facts in a user’s story. It consists of
JEC-QA-KD (Zhong et al., 2019), CAIL (Xiao
et al., 2018), Unfair-ToS (Lippi et al., 2019), and
LEdGAR (Tuggener et al., 2020). (2) Legal Rea-
soning: This tests the ability to apply rules to those
facts. Tasks include CaseHOLD (Zheng et al.,
2021), COLIEE (Rabelo et al., 2020), and JEC-
QA-CA (Zhong et al., 2019). (3) Legal Expres-
sion: This module uses QA-Corpus and Laws-QA
(Liu, 2019) to assess the delivery of concise, rele-
vant legal advice without redundancy, ensuring the
advice is clear and concise. We detail task defini-
tions in Appendix B.1.

Legal Gen. This category focuses on the pro-
duction of functional legal materials. Our classi-
fication standard for Legal Gen is the creation of
documents that carry legal consequences. While
professional legal generation often involves draft-
ing complex litigation files or reports, the public
needs tools to exercise their rights directly in daily
life. Drawing on Genre Analysis (Bhatia, 1993),
we evaluate four drafting tasks that represent the
typical stages of legal document preparation. Fact
Extraction (Fact) requires the model to organize
various case details into a consistent description.
Reasoning (Reas) tests the ability to connect those
facts to logical conclusions. Defense (Def) fo-
cuses on identifying valid arguments to support the
user’s position, while Judgment Generation (Judg)
evaluates how models apply evidence to reach a
final decision. This module ensures that outputs
are practically ready for non-experts by prioritiz-
ing content relevance, legal normativity, and for-
mat usability. This focus on real-world utility dis-
tinguishes our approach from purely professional
evaluations. Detailed scoring metrics are provided
in Appendix B.2.
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Layer Dataset Lang Size Task Description
CAIL Zh 100k Fact extraction & Judgment
JEC-QA-KD Zh 26k Concept & Definition QA
COLIEE En 5k Case retrieval & Entailment
CaseHOLD En 53k Holding application
JEC-QA-CA Zh 26k Element subsumption
Unfair-ToS En 5k Unfair terms detection
LEdGAR En 80k Provision classification
Laws-QA Zh 20k Statute interpretation

Instant
QA

QA-Corpus Zh 35k Open-ended Q&A
CaseGen-Fact Zh 15k Fact summarization
CaseGen-Reas Zh 15k Reasoning generation
CaseGen-Judg Zh 15k Verdict generation

Legal
Gen

CaseGen-Def Zh 10k Defense arguments

Table 2: Overview of datasets in Pub-LawBench. In-
stant QA covers retrieval and classification, while Le-
gal Gen focuses on document drafting tasks.

Data Collection. To ensure holistic coverage
across cognitive dimensions, we integrate het-
erogeneous corpora and Common Law systems.
As detailed in Table 2, sources include judicial
records, professional exams, and compliance doc-
uments. This diversity effectively mitigates single-
task bias. We standardized all data into (instruc-
tion, input, output) triples, employing the public-
oriented prompt templates illustrated below.

▶ Role Setting: You shall act as a professional legal
assistant/senior lawyer.
▶ Style Setting: Your responses must adhere to a
rigorous, accurate, and professional legal language
style.
▶ General Constraint: Analyses and responses are
only based on the provided materials. [Objective
Multiple-Choice / Classification] Provide the final
answer directly.
▶ Conditional Constraint: [Legal Document Draft-
ing] Follow legal document structure strictly, and
embody 3 dimensions: Factual: Clarify facts, refute
false accusations. Legal: Cite relevant laws. Claim:
Clearly put forward claims.

3.2 Evaluation Metrics

In Pub-LawBench, we first evaluate model perfor-
mance using the original metrics defined by each
legal task. These are referred to as performance-
oriented metrics in this work and primarily mea-
sure factual or accuracy. Specifically, for In-
stant QA, we adopt standard classification met-
rics, such as accuracy, precision, and recall. The
official evaluation metric for each subtask is de-
tailed in Appendix B.1. For Legal Gen, we assess
the quality of generated content through widely
used BLEU (Papineni et al., 2002), ROUGE (Lin,
2004), BERTScore (Zhang et al., 2020), and LLM-
as-a-Judge (Zheng et al., 2023).

Then, we introduce public-oriented metrics to

Figure 2: Structured prompt templates for three public-
oriented metrics.

evaluate whether the model outputs are direct, ac-
tionable, and practically useful for lay users. We
design the following three evaluation dimensions.

3.2.1 Content Relevance
Legal content generated for lay users should in-
clude all essential legal key points. Even the omis-
sion of seemingly minor information can cause
confusion or misunderstanding among non-expert
users. To assess comprehensiveness, we propose
Key-point Coverage, denoted as KeyCover (SKey).
We implement it automatically by adopting a GPT-
4o powered “extraction–matching” paradigm (Liu
et al., 2023), where we first extract atomic key
points K = {k1, . . . , kn} from reference R and
verify their semantic entailment in generation G:

SKey =
1

n

n∑

i=1

I(ki ∈ G), (1)

where I is the indicator function. The used prompt
template is shown in Fig. 2.

3.2.2 Legal Normativity
This metric assesses legal reliability. Given the
high stakes of legal advice, we prioritize substan-
tive accuracy over linguistic style (Ji et al., 2023).
We aggregate Statutory Citation, Logical Consis-
tency, and Terminological Professionalism with
weights assigned in a 2 : 2 : 1 ratio.

To validate our 2:2:1 weighting ratio, we con-
ducted a sensitivity analysis comparing it against
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alternative configurations (e.g., 1:1:1, 3:1:1). Our
setting achieved the highest Spearman correlation
(ρ = 0.94) with expert judgment (detailed results
in table 9).

Statutory Citation Accuracy To mitigate hal-
lucinations, we employ a dual-verification mech-
anism. The score combines validity and applica-
bility:

SCitation = Validity × Applicability, (2)

where validity involves strict database matching,
and applicability uses GPT-4o (OpenAI, 2023) to
verify contextual relevance. The used prompt tem-
plate is shown in Fig. 2.

Logical Consistency Using Chain-of-Thought
(CoT) (Wei et al., 2022), we detect factual and rea-
soning contradictions, penalizing conflicts:

SLogic = 1− w1 · Cfact + w2 · Creason

Tsentences
. (3)

Lower conflict rates indicate higher logical rigor.

Terminology Professionalism We quantify lexi-
cal richness via term density (Dterm) and diversity
(Vterm) based on THUOCL (Han and Li, 2016),
calculating the proportion and count of distinct
professional terms.

Dterm =
|Tlegal|
N

, (4)

Vterm =
|unique(Tlegal)|
|Tlegal|+ ϵ

, (5)

where | · | denotes the count, unique(·) represents
the set of distinct terms, and ϵ is a smoothing term.

3.2.3 Format Usability
We assess practical judicial value by integrating
structural integrity (SStruct) and semantic similar-
ity (SSem). This is a key consideration for pub-
lic use, as practical judicial value depends on both
correct legal structure and faithful semantic con-
tent. SStruct is computed by parsing the text into a
template-based tree. Additionally, SSem measures
cosine similarity of segments using Lawformer
(Xiao et al., 2021), preventing masked local flaws.
The final score is:

SFormat = SStruct + Average(SSem). (6)

Task Metric GPT-4o Human Corr.

Fact Keyword 2.14 1.85 0.93

Reas
Keyword 1.75 1.52 0.93
Normativity 2.89 2.50 0.94
Format 2.62 2.25 0.92

Judg
Keyword 1.94 1.68 0.93
Normativity 2.98 2.58 0.94
Format 1.84 1.59 0.92

Def
Keyword 2.35 2.03 0.93
Normativity 3.00 2.60 0.94
Format 1.84 1.60 0.92

Table 3: Meta-Evaluation of GPT-4o as a Judge. We
report the Pearson correlation (Corr.) between GPT-
4o automated scores and human expert ratings across
varying tasks and dimensions. The high correlation
(> 0.92) validates the reliability of using GPT-4o for
scalable evaluation.

4 Experiments

4.1 Experimental Setup

We evaluate 17 representative LLMs across three
categories: (1) Commercial: GPT-4 Turbo (Ope-
nAI, 2023), Claude Sonnet 4.5 (Anthropic, 2024),
Gemini 2.5 Flash/3 (Gemini Team, Google, 2025;
Pichai et al., 2025), DeepSeek-V3/R1 (DeepSeek-
AI, 2025, 2024), Qwen3-Max (Bai et al., 2023),
Kimi k1.5 (Moonshot AI, 2024); (2) Legal Spe-
cialized: DISC-LawLLM (Yue et al., 2024), Chat-
law (Cui et al., 2023), LawGPT (Nguyen et al.,
2023), SaulLM-7B (Colombo et al., 2024); and
(3) General Open-Weights: Qwen2.5-3B/7B (Bai
et al., 2023), Llama 3.2 3B/3.1 8B (Dubey et al.,
2024). More details about baselines are provided
in Appendix C.1. We utilize nucleus sampling
with p = 0.9 and temperature T = 0.2. Further
deployment details are provided in Appendix C.2.

We use GPT-4o as an automatic judge and vali-
date its effectiveness by comparing its ratings with
human assessments on a total of 100 randomly se-
lected responses across all models. Across 5 inde-
pendent runs, standard deviations remained consis-
tently below 0.003, confirming that the observed
performance gaps reflect intrinsic model capabili-
ties rather than random noise (see Appendix D for
details). As shown in Table 3, GPT-4o exhibits a
high correlation (>0.92) with human experts, con-
firming its reliability.
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Instant QA Legal Gen
CAIL JEC-K COL Case JEC-C ToS Ldg Law QA Fact Reas Judg DefModel
(Acc.) (Acc.) (BS) (Acc.) (Acc.) (Acc.) (Acc.) (BS) (BS) (BS) (BS) (BS) (BS)

Avg.

Commercial LLMs
DeepSeek-V3 54.3 72.7 79.5 81.0 70.0 58.0 52.5 82.7 83.8 76.2 71.8 76.5 74.4 71.8
Gemini 3 40.9 71.0 82.6 89.0 76.9 86.3 75.0 29.4 55.6 77.0 73.1 80.3 72.5 70.0
Claude Sonnet 4.5 42.2 57.5 82.6 91.9 53.5 59.2 43.9 82.9 82.8 77.9 72.8 77.0 73.3 69.0
Gemini 2.5 Flash 54.3 60.5 81.8 82.0 50.5 42.3 41.3 83.6 84.0 74.8 71.6 75.8 73.3 67.4
GPT-5.2 47.7 54.0 81.8 81.5 56.0 81.4 58.2 28.7 56.8 78.0 71.3 79.2 72.3 65.2
Qwen3-Max 53.8 55.0 86.3 75.6 42.7 62.0 5.5 83.5 84.4 76.5 71.3 74.2 75.4 65.1
GPT-4 Turbo 46.2 44.0 80.7 83.0 38.5 56.0 22.0 83.7 84.4 73.7 71.5 71.0 71.4 63.6
Kimi k1.5 33.7 64.0 78.1 80.0 41.7 44.0 4.0 83.0 83.6 75.1 71.6 72.7 74.1 62.0
DeepSeek-R1 48.8 51.8 79.5 74.0 49.0 34.3 15.0 28.5 56.6 68.8 69.7 67.5 67.1 54.7

General Open-Weights LLMs
Qwen2.5-7B 34.7 10.9 81.0 68.0 10.8 2.0 1.8 56.4 56.4 64.7 64.1 70.4 72.7 45.7
Qwen2.5-3B 36.2 9.6 81.2 59.5 10.7 2.0 1.0 56.4 56.4 64.7 64.0 69.4 72.6 44.9
Llama 3.1 8B 36.7 9.8 81.5 6.0 11.0 2.0 2.5 54.6 54.7 65.1 63.8 59.2 72.8 40.0
Llama 3.2 3B 36.4 9.2 77.8 1.0 10.7 2.0 2.3 45.1 45.2 64.3 63.4 59.2 72.3 37.6

Legal Specialized LLMs
SaulLM-7B 5.0 13.8 83.1 65.0 17.6 6.1 1.2 57.2 56.9 65.0 65.4 84.1 64.2 45.0
DISC-LawLLM 29.8 7.8 71.0 21.5 10.9 2.0 1.0 58.5 58.6 63.6 63.0 63.3 72.2 40.2
Chatlaw 11.1 11.8 81.1 15.0 7.2 3.0 0.8 58.3 58.4 65.1 63.5 61.6 72.8 39.1
LawGPT 10.8 9.5 83.9 2.5 8.3 4.0 1.4 44.8 47.0 64.3 63.4 59.2 72.3 36.3

Table 4: Overall performance of various LLMs on Pub-LawBench across performance-oriented metrics. Acc.
denotes accuracy; BS denotes BERTScore. Heatmap colors indicate relative performance (darker is better).

4.2 Performance-oriented Comparison

Table 4 summarizes overall model performance on
Pub-LawBench across key performance-oriented
metrics (e.g., Accuracy and BERTScore). Full re-
sults (including F1, Precision, and Recall) are pro-
vided in Appendix E. We observed:

In overall performance, Commercial LLMs sig-
nificantly outperform both small General Open-
Weights LLMs and Legal Specialized LLMs.
Based on overall average scores (Avg.), Commer-
cial LLMs like DeepSeek-V3 (71.8) and Gemini
3 (70.0) show better performance. However, aver-
age scores for General Open-Weights LLMs gener-
ally fall below 46, while Legal Specialized LLMs
cluster within the 36–45 range. This indicates a
correlation between model scale and the ability to
handle complex public legal tasks.

In legal understanding and reasoning
tasks, model capabilities exhibit distinct task-
specific performance tiers. Commercial LLMs
demonstrate stable performance on simpler,
comprehension-oriented tasks (e.g., COL, Law),
but their capabilities decline in high-intensity
legal reasoning tasks (e.g., CAIL, ToS), resulting
in diminished credibility for complex assignments.
Meanwhile, General Open-Weights LLMs and
Legal Specialized LLMs exhibit more pronounced
performance declines in complex tasks, with most
scoring below 20 and some approaching random
levels. This indicates that complex legal reasoning

Model Def Judg Reas Fact Avg.

Commercial LLMs

DeepSeek-V3 81.8 58.2 49.9 69.8 64.9
Gemini 3 85.1 73.6 89.2 93.4 85.3
GPT-5.2 82.6 77.3 85.1 90.6 83.9
Qwen3-Max 82.0 58.2 75.7 59.4 68.8
GPT-4 Turbo 77.9 56.2 76.2 69.9 70.0
DeepSeek-R1 82.2 76.5 86.1 89.8 83.7

General Open-Weights LLMs

Qwen2.5-7B 84.2 70.6 85.7 86.9 81.8
Qwen2.5-3B 83.9 68.6 84.8 86.8 81.0
Llama 3.1 8B 79.6 39.5 77.4 80.8 69.3
Llama 3.2 3B 81.4 53.3 79.6 81.2 73.9

Legal Specialized LLMs

Chatlaw 82.4 36.7 81.2 85.7 71.5
SaulLM-7B 77.5 89.7 78.1 77.8 80.8

Table 5: Public-oriented evaluation on Content Rel-
evance using the KeyCover score (%) for across four
legal generation tasks. Heatmap colors indicate perfor-
mance (darker is better). The complete results are pro-
vided in Appendix E.

tasks impose higher demands on model scale and
reasoning capabilities.

The localized advantages of Legal Specialized
LLMs in specific subtasks cannot be translated
into stable performance across tasks and scenar-
ios. A few Legal Specialized LLMs (e.g., SaulLM-
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Figure 3: Public-oriented evaluation on Legal Nor-
mativity. The results summarize the models’ ability to
adhere to statutory standards and avoid hallucinations.

7B) achieve high scores on the Def task but exhibit
limited performance on other tasks, lowering their
average capabilities. This phenomenon indicates
that current models remain unstable in comprehen-
sive legal scenarios. Their outputs are better used
as supplementary references and should not be di-
rectly treated as admissible legal conclusions.

4.3 Public-oriented Comparison

We further report the performance on our designed
public-oriented metrics across all LLMs on Legal-
Gen, including content relevance, legal normativ-
ity, and format usability.

Content Relevance Table 5 reports KeyCover
scores that measure how effectively models retain
essential legal facts. Most commercial models and
Qwen2.5 above 0.8, indicating a strong ability to
preserve core public concerns when transforming
informal narratives into legally reasoned outputs.
However, high fact capture does not guarantee log-
ical consistency. As shown in Appendix Table 15,
NLI scores are consistently lower than KeyCover,
indicating that models often resort to keyword
stuffing rather than sound reasoning. For the pub-
lic, this misleading relevance is more dangerous
than complete irrelevance because it appears help-
ful while being legally unsound. Notably, SaulLM-
7B achieves the highest score on the Judg task
(0.897) despite being trained exclusively on En-
glish data, suggesting that fundamental legal rea-
soning patterns may generalize across languages.
However, several legal specialized models score
below 0.5, reflecting a failure to align special-
ized legal knowledge with non-professional user
expression, and underscoring that in public-facing
legal services, legal expertise alone is ineffective
without grounding in user intent and language.

Figure 4: Public-oriented evaluation on Format Us-
ability Score. Heatmap analysis of the overall model
performance on across different tasks.

Legal Normativity Fig. 3 shows that Commer-
cial models dominate this dimension, consistently
achieving scores above 0.97. And General Open-
Weight models outperform several Legal Special-
ized models in this metric. This suggests that, for
public legal assistance, a strong general founda-
tion with stable reasoning behavior may be safer
than narrowly specialized models that lack strict
logical control. Although Legal Specialized mod-
els demonstrate familiarity with legal terminology,
their comparatively lower scores indicate a height-
ened risk of legal hallucinations. Indeed, a com-
bined analysis reveals a significant gap between
relevance and normativity. While many models
achieve high KeyCover scores in they often strug-
gle with legal normativity. This contrast proves
that professional knowledge does not equal nor-
mative logic. For public-oriented applications,
relevance ensures that the model understands the
user’s problem, but normativity ensures the advice
is safe to follow. It is essential for the general
public because a relevant but self-contradictory re-
sponse can lead to incorrect legal actions.

Format Usability Fig. 4 visualizes the Struc-
ture Availability Score, reflecting how effectively
models organize legal documents. Most mod-
els perform well in producing standardized doc-
ument structures, particularly in clearly delineat-
ing surface-level sections such as the Facts compo-
nent in the Def task. However, performance drops
sharply in the Judg task when deeper structural
components are required. Although commercial
models can generate explicit verdict statements,
nearly all models fail to fully populate the adden-
dum (Add.) and reasoning sections. This exposes
a key weakness for public-facing legal assistance:
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Output by GPT-5.2: The act
falls under “justified act in
an emergency situation”
(act of necessity). Based on
public order and good
morals, value of life
outweighs that of property;
therefore, the intervener is
not liable for compensation. 
The legal basis for liability is
Article 1827 of the Civil Code.

Case 4 - CoT
Input: A case about liability 
exemption for emergency
avoidance. Require models
to retrieve  applicable Civil
Code articles. 
Ref. Answer: The act
constitutes  benevolent
intervention  (negotiorum 
gestio). Pursuant to Article
698 of the Civil Code, the
intervener shall not be liable
for damage unless grossly
negligent.

Output by Claude 4.5 Sonnet: ...the
Plaintiff paid the Defendant the full
purchase price of RMB 699,042 and a
parking space fee of...resulting in a total
payment of RMB 739,042. The Defendant
failed to deliver the house to the Plaintiff
by the agreed date of March 31, 2016, as
stipulated in the contract. The house in
question met the conditions for delivery
on December 1, 2016. On December 19,
2016, the Plaintiff mailed a "Notice of
Rescission of the Commercial Housing
Sales Contract" to the Defendant.

Case 1 – Fact Gen.

Redundant!

Input: A contract case concerning late
delivery and refund claims. Require
models to generate a factual summary.

Ref.  Answer:  Liao Zhicheng...  RMB
699,042 and a parking space fee of RMB
40,000 (totaling RMB 739,042) to
Fulehua Company... Liao served a notice
of rescission of the commercial housing
sales contract to Fulehua Company on
December 19, 2016.

Output by Gemini 3: ... 1) …should
be resolved through the expropriation
and demolition  compensation
procedure.  The … are irrelevant to the
present case… 2) Debris constitutes
lawful construction activities;  Does
NOT amount to infringement ...

Case 2 - Defense Gen.

Match

Input: A nuisance case regarding a
developer blocking access with waste.
Require models to generate defense
arguments for the defendant. 

Ref. Answer: 1) ... a dispute over the
expropriation and demolition on
state-owned land, rather than a
dispute over the removal of
obstructions. 2) ... was conducting
construction on its own land in
accordance with legal procedures.
This did not infringe upon the rights
and interests of the Plaintiff, and
therefore does not constitute a
situation requiring the removal of
obstructions...

Output by Gemini 3: Regarding
the civil liability to be borne by the
Defendant. In accordance with the
Property Law of the People's
Republic of China and other
relevant legal provisions...

Case 3 - Reasoning Gen.

Input: A nuisance case regarding
a developer blocking access with
waste. Require models to generate
the court‘s legal reasoning. 

Ref. Answer: The Court holds that
the legitimate rights and
interests of citizens are
protected by law... shall properly
handle adjacent relations
regarding water retention, drainage,
passage, ventilation, and lighting,
in accordance with the principles
of facilitating production...the
infringing party shall stop the
infringement, remove the
obstruction, and compensate...

Abolished!

Reasoning Divergence!BERTScore: 77.9          KeyCover: 54.8 BERTScore: 72.5          KeyCover: 85.1 BERTScore: rank 1    KeyCover: rank 6

Figure 5: Case Study. Case 1-3 show the output of different LLMs using simple prompting. Metrics highlighted
in yellow are misleading, e.g., incorrectly penalizing correct answers or rewarding wrong ones. Case 4 shows the
output of CoT prompting, which introduces noise that leads to reasoning divergence rather than enhanced clarity.

Task Model Std. CoT ∆

Casehold
(Accuracy)

DeepSeek-V3 81.0 77.0 -4.0
Claude Sonnet 4.5 91.9 84.9 -7.0
Gemini 3 89.0 87.7 -1.3

CAIL
(Accuracy)

DeepSeek-V3 54.3 69.8 +15.6
Claude Sonnet 4.5 42.2 70.9 +28.7
Gemini 3 40.9 83.8 +42.9

LEdGAR
(Accuracy)

DeepSeek-V3 52.5 75.8 +23.3
Claude Sonnet 4.5 43.9 83.3 +39.4
Gemini 3 75.0 86.6 +11.6

Unfair-ToS
(Accuracy)

DeepSeek-V3 58.0 63.6 +5.6
Claude Sonnet 4.5 59.2 65.7 +6.5
Gemini 3 86.3 68.7 -17.6

COLIEE
(Rouge-L)

DeepSeek-V3 19.6 17.2 -2.4
Claude Sonnet 4.5 21.4 14.7 -6.7
Gemini 3 21.4 17.7 -3.7

CaseGen-F
(BERTScore)

DeepSeek-V3 77.0 78.3 +1.3
Claude Sonnet 4.5 76.2 76.9 +0.7
Gemini 3 77.9 79.6 +1.7

Table 6: Impact of CoT prompting. ∆ denotes the per-
formance gain/loss compared to standard prompting.

models are capable of generating documents that
look professionally structured, but often cannot
supply the concrete guidance or transparent chains
of legal reasoning that users need to understand de-
cisions and take subsequent legal actions.

4.4 In-depth Analysis

Case Study Fig. 5 shows real cases and the
generated output of LLMs. It is observed that
current LLMs are somehow prone to misleading
the public. For instance, in Case 1, the output
generated by Claude Sonnet 4.5 contains exces-
sive irrelevant details, resulting in verbose out-
puts that fail to strictly adhere to the concise na-
ture of legal drafting. Our public-oriented met-

ric, KeyCover (54.8), effectively captures this de-
ficiency, whereas the performance-oriented metric
BERTScore (77.9) proves invalid, as it assigns a
high score to this flawed output, thereby failing
to reflect its inadequacy. It is noteworthy that a
misleading metric can also be harmful. In the de-
fendant generation task (Case 2), Gemini-3.1 pro-
duced a concise output that accurately captured the
core legal arguments for a defense. While our Key-
Cover metric appropriately validates this correct
response, BERTScore assigned it an unjustifiably
low score, exposing its inadequacy in assessing le-
gal correctness. Case 3 then reveals a common
type of hallucination in LLMs: the cited Property
Law of the People’s Republic of China was abol-
ished, a fact unlikely to be known to the general
public. Our Legal Normativity metric sensitively
detects this critical error, as evidenced by a sharp
drop. These findings reveal that current LLMs still
have room for improvement in public-facing legal
capabilities.

Impact of CoT Prompting. Contrary to general
findings in NLP, our results in Table 6 show that
CoT does not consistently benefit. While effective
for extraction, CoT hindered performance in rea-
soning tasks (e.g., CaseHOLD, COLIEE). We ob-
serve that for general-purpose or non-expert mod-
els, CoT induces a "validity illusion", generating
plausible-sounding but legally unsound arguments
(as in Case 4 of Fig 5). In multiple-choice con-
straints, this manifests as reasoning drift, where
the model diverges from the core legal issue during
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the chain generation, leading to incorrect option
selection. This suggests that without specialized
post-training, CoT may amplify hallucinations.

Model Zero-Shot RAG Gain

GPT-4o 0.422 0.511 +0.089
Qwen2.5-72B 0.408 0.495 +0.087
DISC-LawLLM 0.245 0.356 +0.111
ChatGLM3-6B 0.198 0.284 +0.086

Table 7: Performance comparison on Law_QA with
and without RAG. Integration of RAG consistently en-
hances performance across models.

Impact of RAG. We evaluated representative
models on Law_QA using a BM25-retriever with
the National Laws and Regulations Database. Ta-
ble 7 shows that RAG consistently improves per-
formance (e.g., +11.1 for DISC-LawLLM) with-
out altering the relative ranking of models, demon-
strating that our zero-shot findings are indicative
of model performance even in RAG-integrated set-
tings.

5 Conclusion

In this work, we proposed Pub-LawBench to eval-
uate the utility of LLMs in public legal services.
Our experiments yield four core findings. First,
commercial models lead in accuracy, while open-
weight models suit basic consultations. Second,
legal logic is cross-lingually universal, yet special-
ized models often fail to align expertise with pub-
lic needs, causing logic conflicts. Third, models
master document frameworks but lack actionable
details. Finally, CoT prompting can be counterpro-
ductive by inducing reasoning bias in strict con-
texts. Thus, professional rigor does not automat-
ically ensure public utility. Future work should
prioritize output readability and practical guidance
for non-experts.

Limitations

While Pub-LawBench offers a practical way to
evaluate LegalAI, it has certain boundaries. First,
the benchmark focuses on core tasks that repre-
sent common public legal needs. It does not yet
cover all specialized legal niches or highly rare
case types. Second, although our current version
includes both Chinese and English datasets, it has
not yet been tested on low-resource or minority
languages. Legal data in these languages is often

scarce, which makes it harder for models to pro-
cess professional terminology accurately. Finally,
more work is needed to adapt the framework to
other jurisdictions with different procedural rules.
These points provide a clear roadmap for the fu-
ture growth of the benchmark.
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A Related work

With the development of LLMs, LegalAI are
widely use LLMs into several tasks. Existing
methods can be broadly divided into two cate-
gories. The first category relies on prompt-based
methods to elicit legal reasoning capabilities from
general-purpose models by guiding them to fol-
low structured legal logic. The second category in-
troduces domain-specific legal knowledge, either
by training or fine-tuning legal LLMs on large-
scale legal corpora to access statutes during infer-
ence. While these methods have demonstrated ef-
fectiveness in improving reasoning performance,

they typically require careful prompt design, spe-
cialized legal knowledge, or complex system con-
figurations. As a result, such approaches are less
accessible to non-specialist audiences, compelling
us to evaluate the performance of LLMs with min-
imal user intervention.

Existing evaluation works primarily focus on
three categories: Standardized Exam Benchmarks,
Comprehensive Multi-task Benchmarks, and Spe-
cialized Capability Benchmarks. Standardized
Exam Benchmarks evaluate models against hu-
man professional standards. Examples include
JEC-QA (Zhong et al., 2019)for Chinese judicial
knowledge. While effective for testing legal mem-
orization, they do not fully reflect performance
in complex, open-ended legal practice. Compre-
hensive Multi-task Benchmarks evaluate reason-
ing beyond simple recall. Key benchmarks include
LegalBench (162 tasks focusing on IRAC analy-
sis and interpretation) (Guha et al., 2023), Law-
Bench (a hierarchical system covering memoriza-
tion, understanding, and application) (Fei et al.,
2024), which uses complexity-stratified scenar-
ios to test model limits. Specialized Capability
Benchmarks focus on specific functional require-
ments. LeCaRD (Ma et al., 2023)evaluates legal
case retrieval precision; LegalHallucination diag-
noses the frequency and types of factual errors;
and DISC-LawLLM (Yue et al., 2024)tests legal
reasoning within autonomous agent interactions.

While current benchmarks cover a wide range
of professional tasks, they are primarily focused
on professionals and lack benchmarks grounded
in the public perspective. Specifically, we aim to
evaluate LLMs output under legal normativity, the
structural integrity of documents, and the appropri-
ateness of generated formats for official use. Our
work aims to bridge this gap by assessing the ac-
tual utility of LegalAI in public service.

B Definitions of our evaluation tasks

B.1 Instant QA

Fact Extraction and Judgment Prediction
This task (Xiao et al., 2018) provides a case de-
scription containing mixed or misleading informa-
tion, requiring the model—like a judge—to accu-
rately extract key legal facts and, in accordance
with criminal law provisions, predict the correct
charges and sentencing. This tests the model’s
ability to “separate truth from falsehood”and
“make decisions based on the law”. Performance
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CAIL: Fact Extraction and Judgment Prediction

问题: 关于毒品犯罪，下列哪些选项正确？
A. 已满 14周岁不满 16周岁的未成年人参与毒品的
制造、运输、贩卖的，只对贩卖行为承担刑事责
任。

B. 以自己吸食为目的非法持有毒品的，一律不构成
犯罪。

C. 对不满 18周岁的未成年人不适用毒品犯罪特别
再犯制度，是对行为人有利的类推解释。

D. 非法种植毒品原植物，在收获前自动铲除的，成
立犯罪中止。

Answer: A

Question: Regarding drug-related crimes, which of
the following statements are correct?
A. If a minor aged between 14 and 16 participates in

the manufacturing, transportation, or sale of drugs,
criminal liability shall be imposed only for the act of
sale.

B. Illegal possession of drugs solely for personal con-
sumption does not, in all cases, constitute a criminal
offense.

C. The non-application of the special recidivism regime
for drug-related crimes to minors under the age of 18
constitute an analogy favorable to the offender.

D. Illegal cultivation of drug-source plants, where the
plants are voluntarily destroyed before harvest, con-
stitutes an attempted offense.

Answer: A

Figure 6: A sample in CAIL for Fact Extraction and
Judgment Prediction task. The upper is the original
text, and the lower is the English translation.

on this task is evaluated using accuracy, precision,
and recall.

Concept and Definition QA This task (Zhong
et al., 2019) formulates questions regarding ab-
stract legal terminology and provides highly mis-
leading answer options. This assesses whether
the model possesses precise knowledge of legal
dictionaries and can distinguish between everyday
language and rigorous legal terminology. Perfor-
mance on this task is evaluated using accuracy, pre-
cision, and recall.

Case Retrieval and Entailment This task (Ra-
belo et al., 2020) provides a scenario from daily
life, requiring the model to bridge the semantic
gap, retrieve the corresponding civil law provi-
sions, and perform logical reasoning to determine
whether compensation is required under those pro-
visions. This assesses the model’s ability to
map real-life facts to legal rules through logical
deduction. Performance on this task is evalu-

JEC-CA: Concept and Definition QA

问题: 如何理解我国《宪法》规定：“中华人民共和
国公民在法律面前一律平等”？
A. 任何公民都受法律约束，不允许有违法特权。
B. 所有公民在司法上平等，在法律的实施、执行和
适用上平等。

C. 适用法律上平等。
D. 在法律面前一律平等是指公民权利能力上的平
等，而不是行为能力上的平等。

E. 在法律面前一律平等是指法律范围内的平等，而
不是事实上的平等。

Answer: C

Question: How should the constitutional principle
that“all citizens of the People’s Republic of China
are equal before the law”be understood?
A. All citizens are bound by the law, and no unlawful

privileges are permitted.

B. All citizens are equal in the judiciary and in the en-
actment, enforcement, and application of the law.

C. Equality before the law refers to equality in the ap-
plication of the law.

D. Equality before the law refers to equality in legal ca-
pacity, not equality in capacity for civil conduct.

E. Equality before the law refers to equality within the
scope of the law, not equality in fact.

Answer: C

Figure 7: A sample in JEC-CA for Concept and Defi-
nition QA task. The upper is the original text, and the
lower is the English translation.

COLIEE: Case Retrieval and Entailment

Query Case
In cases where an individual rescues another person from
getting hit by a car by pushing that person out of the
way, causing the person’s luxury kimono to get dirty, the
rescuer does not have to compensate for damages for the
kimono.

Retrieved Statute
Article 698 (Civil Code): “If a manager engages in
benevolent intervention in another’s business in order to
allow a principal to escape imminent danger to the prin-
cipal’s person, reputation, or property, the manager is
not liable to compensate for damage resulting from this
unless the manager has acted in bad faith or with gross
negligence.”

Figure 8: A sample in COLIEE for Case Retrieval and
Entailment task. The upper is the question, and the
lower is the reference answer.

ated using ROUGE-1, ROUGE-2, ROUGE-L, and
BERTScore F1.

Holding Application and Analogy This task
(Zheng et al., 2021) provides a case context that
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CaseHOLD: Holding Application and Analogy

Case Description
“. . . have passed into the hands of bona fide creditors or
purchasers for value, as long as any debts of the corpo-
ration are unpaid, the holders of the assets take them
charged with a trust in favor of the creditors.”
Rice v. City of Columbia, 143 S.C. 516, 141 S.E. 705,
712 (1928).
“[T]he very moment a corporation, banking or other,
reaches the point of insolvency. . . its assets become im-
pressed with a solemn trust to be distributed ratably
among its creditors. . . and the managing agents become
the administrators of that trust.”
Stewart v. Ficken, 151 S.C. 424, 149 S.E. 164, 165
(1929).

Candidate Holdings
A. Recognizing the right of a creditor to sue a corporate

director for breach of fiduciary duty.

B. Holding that a plaintiff seeking individual relief un-
der ERISA. . .

C. Holding that breach of fiduciary duty claim was pre-
empted by FEHBA.

D. Holding a cause of action for breach of fiduciary duty
will not lie where. . .

E. Holding that Missouri law applied. . .
Answer: A

Figure 9: A sample in CaseHOLD for Holding Appli-
cation and Analogy task. The upper is the original text,
and the lower is the reference answer.

cites a specific legal principle, and requires the
model to identify the correct judgment conclusion
for another similar case from among multiple op-
tions. This does not test rote memorization, but
rather assesses the model’s ability to understand
the internal logical consistency of judicial prece-
dents and apply them analogically. Performance
on this task is evaluated using accuracy, precision,
and recall.

Element Subsumption This task (Zhong et al.,
2019) sets up a case with complex details, requir-
ing the model to compare these fragmented facts
one by one with the constitutive elements of var-
ious criminal offenses (subsumption). This tests
the model’s refined qualitative ability to judge
whether a given behavior satisfies all statutory con-
ditions of a particular crime. Performance on this
task is evaluated using accuracy, precision, and re-
call.

Unfair Terms Detection This task (Lippi et al.,
2019) provides a lengthy terms of service agree-
ment containing clauses that infringe on consumer
rights, such as "unilateral modification at any time

JEC-KD: Element Subsumption

问题: 张某从人贩子那里买了杨某，当时并不知道杨
某还没有满 14岁，从而与杨某发生了性关系，事后
知道了，就没有再与之发生性关系，直到杨某满 14
岁后才再次同居。而杨某也愿意跟从张某生活，在
公安人员来解救时，张某与杨某四处躲藏，则张某
的行为应该构成的罪名有：
A. 强奸罪
B. 收买被拐卖的妇女、儿童罪
C. 奸淫幼女罪
D. 阻碍解救被拐卖妇女儿童罪
Answer: BD

Question: Zhang bought Yang from a human trafficker
without initially knowing that Yang was under 14 years
old, and had sexual intercourse with Yang under these
circumstances. After learning the truth, Zhang ceased
such acts and only resumed cohabitation after Yang
turned 14. Yang was willing to live with Zhang. When
police arrived to rescue Yang, Zhang and Yang hid to
evade them. The offenses Zhang may be charged with
include:
A. Rape.

B. Crime of purchasing abducted women or children.

C. Crime of sexual intercourse with a minor under 14.

D. Crime of obstructing the rescue of abducted women
or children.

Answer: BD

Figure 10: A sample in JEC-KD for Element Subsump-
tion task. The upper is the original text, and the lower
is the English translation.

LEdGAR & Unfair-TOS

LEdGAR: Provision Classification
“this amendment and any claims, controversy, dispute or
causes of action (whether in contract or tort or otherwise)
based upon, arising out of or relating to this amendment
shall be construed in accordance with and governed by
the laws of the state of New York.”
Answer: [4] Governing Law / Choice of Law

Unfair-TOS: Unfair Terms Detection
“academia.edu reserves the right, at its sole discretion, to
modify the site, services and these terms, at any time and
without prior notice.”
Answer: [2] Unilateral Change

Figure 11: The upper part is a sample in LEdGAR for
Provision Classification task, and the lower part is a
sample in unfair-tos for Unfair Terms Detection task.

without notice" and "mandatory arbitration." This
tests the model’s ability to identify legally unequal
risk points between rights and obligations, serving
the function of compliance review. Performance
on this task is evaluated using accuracy, precision,
and recall.
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LawsQA: Statute Interpretation

问题:“你好律师，如果男方不同意打胎女方执意打
胎法律有何规定？”
Answer: 男方的生育权是受到限制的，女方有权利
是否决定流产，男方不能阻止女方流产。理由是，女
方怀孕后，胎儿成为女方身体的一部分，是否引产
属于其人身权利的范围，男方的生育权不可能高于
女方的人身自由权⋯⋯首先，我国婚姻法中并没有
生育权的规定。其次，《妇女权益保障法》规定，妇
女有按照国家有关规定生育子女的权利，也有不生
育的自由。因此，女方既有生育的权利，也有不生育
的自由。

Question: “Hello lawyer, if the man does not agree to
an abortion but the woman insists, what are the relevant
legal provisions?”
Answer: The man’s reproductive rights are limited. The
woman has the right to decide whether to have an abor-
tion, and the man cannot prevent it. The reason is that
after conception, the fetus becomes part of the woman’s
body, and the decision to terminate the pregnancy falls
within the scope of her personal rights. The man’s re-
productive rights cannot override the woman’s right to
personal freedom. First, China’s Marriage Law does not
stipulate reproductive rights. Second, the Law on the
Protection of Rights and Interests of Women stipulates
that women have the right to bear children in accordance
with state regulations, as well as the freedom not to bear
children. Therefore, the woman has both the right to bear
children and the freedom not to bear children.

Figure 12: A sample in LawsQA for Statute Interpreta-
tion task. The upper is the original text, and the lower
is the English translation.

QA-Corpus: Open-ended QA

问题: “手部伤残鉴定七级大概能赔偿多少钱？”
Answer: 二十万

Question: “How much is the approximate compensa-
tion for a Grade 7 hand disability assessment?”
Answer: Two hundred thousand

Figure 13: A sample in QA-Corpus for Open-ended
QA task. The left is the original text, and the right is
the English translation.

Provision Classification This task (Tuggener
et al., 2020) presents a section of a contract written
entirely in uppercase complex legal text, and re-
quires the model to classify it into standard clause
categories based on its semantic features. This
tests the model’s understanding of the functions of
legal text and its ability to process structure. Per-
formance on this task is evaluated using accuracy,
precision, and recall.

Statute Interpretation This task (Liu, 2019) re-
quires the model to comprehensively apply mul-

tiple statutes to provide a systematic interpreta-
tion and balance of legal interests, confronted
with a complex issue not directly regulated by
law. This tests the model’s advanced interpreta-
tive capability in addressing legal gaps and con-
flicts of rights. Performance on this task is evalu-
ated using ROUGE-1, ROUGE-2, ROUGE-L, and
BERTScore F1.

Open-ended QA This task (Liu, 2019) presents
a real-world, challenging, and ambiguous
dilemma, with no preset answer options, requiring
the model to provide step-by-step, actionable,
practical advice as a lawyer would. This tests
the model’s comprehensive consulting ability
to solve actual problems. Performance on this
task is evaluated using ROUGE-1, ROUGE-2,
ROUGE-L, and BERTScore F1.

B.2 Legal Gen
To address the limitations of traditional n-gram
metrics in capturing the semantic depth and logical
rigor of legal texts, we established a comprehen-
sive evaluation framework comprising three core
dimensions: Content Relevance, Legal Normativ-
ity, and Format Usability. This appendix details
the definitions and calculation methodologies for
specific metrics within each dimension.

B.2.1 Content Relevance
Content Relevance assesses whether the model ac-
curately addresses the user’s legal intent and cov-
ers critical case facts. This dimension relies on
two complementary metrics: Key Point Coverage
and Intent Alignment Score.

To quantify the completeness of information,
we introduce SKey. Unlike fuzzy semantic
matching, this metric employs a rigid “extraction-
matching” protocol using GPT-4. Initially, the
judge model extracts a set of atomic key infor-
mation points, denoted as K = {k1, k2, ..., kn},
from the ground truth reference R. Subsequently,
the generated text G is evaluated against K to
verify whether each atomic point ki is semanti-
cally entailed. The final score is calculated as
SKey = 1

n

∑n
i=1 I(ki ∈ G), where I(·) is an in-

dicator function that equals 1 if the key point is
present, and 0 otherwise.

B.2.2 Legal Normativity
Legal Normativity evaluates the model’s adher-
ence to authoritative legal standards through three
sub-dimensions: Statutory Citation Accuracy,
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Logical Consistency, and Terminological Profes-
sionalism.

Addressing the hallucination issue in legal
LLMs, we design a dual verification mechanism
for Statutory Citation Accuracy. First, a Le-
gal Validity Check extracts all statute names
and articles using regular expressions and cross-
references them with the National Laws and Reg-
ulations Database to calculate the validity ratio
(Nvalid/Ntotal). Second, a Statutory Applicability
Check leverages GPT-4 to analyze the case con-
text, identifying valid but misapplied statutes to de-
termine the applicability ratio (Nrelevant/Nvalid).
The comprehensive citation score is the product
of these two ratios: SCitation = Validity ×
Applicability.

For SLogic, we assess the rigor of legal argu-
mentation. Using a specialized CoT prompt, the
judge model detects Factual Contradictions (incon-
sistencies with input facts) and Reasoning Contra-
dictions (disconnects between premises and con-
clusions). The score is derived by penalizing
these errors relative to text length: SLogic = 1 −
w1·Cfact+w2·Creason

Tsentences
, where Cfact and Creason rep-

resent error counts weighted by w1 and w2, respec-
tively.

Finally, Terminological Professionalism quanti-
fies the mastery of legal vocabulary. Using the
THUOCL (Han and Li, 2016) as a benchmark,
we calculate Dterm, defined as the proportion of
matched legal terms to the total word count, along-
side the Unique Term Count to reflect lexical di-
versity.

B.2.3 Format Usability
Format Usability evaluates the practical utility of
the output for judicial practice, focusing on strict
adherence to document schemas.

This dimension integrates SStruct and SSem.
For standardized documents like civil judgments,
we define a gold standard schema. A structural
parser analyzes the generated text tree to identify
missing or misplaced sections, calculating SStruct

based on structural integrity penalties. To pre-
vent global averaging from masking local defects
in long texts, we employ a segmentation mecha-
nism. The generated text G and reference R are
segmented into corresponding sections (e.g., Plain-
tiff’s Argument, Court’s Opinion), and the cosine
similarity between their vector representations is
calculated using a legal-specific pre-trained model.
Here we use Lawformer (Xiao et al., 2021) as

the model. The final score is a weighted sum:
SFormat = SStruct + Average(SSem), ensuring
both structural correctness and local semantic ac-
curacy are captured.

C Experiment setup details

C.1 Baselines

To rigorously evaluate the boundaries of LLM
capabilities in the legal domain, we conduct ex-
periments on a comprehensive set of 17 models.
We categorize these baselines into three distinct
groups to investigate the performance gap between
closed-source SOTA and open-source alternatives,
as well as the trade-off between general reasoning
and domain-specific knowledge.

Commercial SOTA Models We evaluate 9 com-
mercial models representing the pinnacle of cur-
rent AI capabilities, serving as the topline perfor-
mance benchmarks.

ChatGPT-5.2: Widely regarded as the current
state-of-the-art LLM. Compared to its prede-
cessors, ChatGPT-5.2 demonstrates a qualita-
tive leap in complex logical reasoning and
long-horizon planning, setting the absolute
ceiling for legal reasoning tasks.

ChatGPT-4-Turbo: The industrial standard for
stability and instruction following, serving as
a robust reference point for evaluating model
reliability. (OpenAI, 2023)

Claude Sonnet 4.5: Renowned for its safety
alignment and nuanced understanding of
complex text. Its inclusion allows us to
assess performance in legal scenarios where
precise wording and intent alignment are
critical. (Anthropic, 2024)

Gemini 3 & Gemini 2.5 Flash: Representing the
evolution of Google’s long-context capabili-
ties. Gemini 3, in particular, excels in pro-
cessing massive legal corpora within a sin-
gle context window. (Gemini Team, Google,
2025; Pichai et al., 2025)

DeepSeek-V3: A leading Chinese MoE (Mixture-
of-Experts) model, demonstrating perfor-
mance comparable to top-tier global mod-
els in Chinese logic and knowledge tasks.
(DeepSeek-AI, 2024)
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DeepSeek-R1: A specialized reasoning-intensive
model optimized via Reinforcement Learn-
ing (RL). It is included to investigate the po-
tential of RL-driven Chain-of-Thought (CoT)
in solving multi-step judicial deduction prob-
lems. (DeepSeek-AI, 2025)

Qwen3-Max: The flagship model of the Qwen se-
ries, representing the highest standard of Chi-
nese commercial models in language under-
standing and generation. (Bai et al., 2023)

Kimi k1.5: Distinguished by its lossless long-
context recall, making it highly effective for
tasks involving extensive statute retrieval and
case history analysis. (Moonshot AI, 2024)

Domain-Specific Open-Source Models This
group consists of 4 models explicitly fine-tuned or
pre-trained on legal corpora to test the efficacy of
domain knowledge injection.

DISC-LawLLM-13B: Built upon the Baichuan-
13B backbone. It utilizes a high-quality
dataset covering legal reasoning and judicial
examinations for Supervised Fine-Tuning
(SFT), representing a robust baseline for
larger-scale open legal LLMs. (Yue et al.,
2024)

Chatlaw-7B: Based on the InternLM-7B archi-
tecture. This model incorporates external
knowledge-base retrieval mechanisms and
is fully fine-tuned on Chinese statutes, ex-
celling at precise statute citation. (Cui et al.,
2023)

LawGPT-7B: An early representative based on
the Chinese-LLaMA (Alpaca) backbone.
Fine-tuned on legal QA datasets, it serves as
a baseline for early-stage instruction-tuned le-
gal models. (Nguyen et al., 2023)

SaulLM-7B: Based on Mistral-7B but underwent
continual pre-training on massive English le-
gal corpora. It serves as a cross-jurisdiction
baseline to evaluate performance differences
between Civil Law and Common Law sys-
tems. (Colombo et al., 2024)

General-Purpose Open-Source Models We se-
lected 4 general-purpose base models to investi-
gate the transferability of general reasoning skills
to the legal domain and the feasibility of edge de-
ployment.

Qwen2.5-7B: Currently the strongest base model
in the 7B class. Its superior logic generaliza-
tion, derived from extensive math and code
training, tests whether general reasoning can
outperform domain-specific fine-tuning. (Bai
et al., 2023)

Qwen2.5-3B: A lightweight variant of the Qwen
series, included to assess the minimal param-
eter threshold required for basic legal reason-
ing. (Bai et al., 2023)

Llama 3.1 8B: Meta’s standard open-source base-
line. With 8B parameters, it serves as a
benchmark for evaluating the cross-domain
adaptability of Western general models on
Chinese legal tasks. (Dubey et al., 2024)

Llama 3.2 3B: Optimized for edge devices. We
evaluate this model to determine the feasi-
bility of deploying privacy-preserving legal
assistants on resource-constrained hardware.
(Dubey et al., 2024)

C.2 Implementation Details

C.2.1 Local Model Deployment and
Adaptation

All open-source models were evaluated on a clus-
ter of 8 NVIDIA RTX 3090 (24GB) GPUs. To en-
sure numerical consistency, we standardized infer-
ence in FP16 half-precision. For the larger DISC-
LawLLM-13B, we employed Tensor Parallelism
across dual GPUs to avoid precision degradation
associated with 8-bit quantization. To address
compatibility bottlenecks arising from heteroge-
neous architectures (e.g., Llama 3’s RoPE scal-
ing and Baichuan’s tokenizer), we implemented a
unified adaptation layer with configuration remap-
ping, ensuring robust inference across diverse
model generations.

C.2.2 API Model Configuration
Commercial models (e.g., GPT-5.2, DeepSeek-
V3) were accessed via their official APIs. To main-
tain a fair comparison with local baselines, we
aligned the decoding hyperparameters (Tempera-
ture=0.2, Top-p=0.9) and disabled external tools
(e.g., web browsing) to evaluate intrinsic model
capabilities. For reasoning-intensive models like
DeepSeek-R1, we parsed their Chain-of-Thought
(CoT) outputs separately from the final answer to
analyze reasoning depth.
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Model Total Score (Std) Legal Norm. (Std) Content Rel. (Std) Format Usability (Std)

GPT-4o 0.0012 0.0021 0.0018 0.0015
Qwen2.5-72B 0.0015 0.0025 0.0022 0.0019
DISC-LawLLM 0.0022 0.0028 0.0026 0.0021
ChatGLM3-6B 0.0025 0.0030 0.0029 0.0024

Average < 0.0020 < 0.0030 < 0.0030 < 0.0025

Table 8: Statistical stability analysis (Standard Deviation) across five independent runs.

Weight Combination Spearman ρ vs. Human Expert

1:1:1 0.85
3:1:1 0.89
1:3:1 0.88
1:1:3 0.81
2:2:1 (Ours) 0.94

Table 9: Sensitivity analysis of the weight distribution
in Legal Normativity.

Prompt Variant Variant 1 Variant 2 Variant 3

Variant 1 1.00 0.96 0.93
Variant 2 0.96 1.00 0.97
Variant 3 0.93 0.97 1.00

Table 10: Spearman rank correlation coefficients (ρ) be-
tween different prompt variants.

C.2.3 Inference Setup

For generative tasks, we utilized nucleus sam-
pling (p=0.9) with a low temperature (0.2) and
a repetition penalty (1.1) to balance fluency with
factual rigor. For discriminative tasks, greedy
decoding was employed. We strictly aligned
prompt templates (e.g., ChatML, Alpaca) with
each model’s pre-training distribution and imple-
mented a stateful checkpointing mechanism to
handle long-context generation stability.

D Robustness and Stability Analysis

This section provides supplementary analyzes to
validate the reliability and objectivity of our frame-
work.

D.1 Sensitivity Analysis of Legal Normativity
Weights

The Legal Normativity metric in is composed of
three sub-dimensions: citation accuracy, logical
consistency, and terminology professionalism. To
justify the 2:2:1 weight ratio used in our main ex-
periments, we conducted a sensitivity analysis by
comparing our configuration against several alter-
native weighting schemes.

As shown in Table 9, we calculated the Spear-
man rank correlation coefficient (ρ) between the
model rankings produced by each scheme and the
gold-standard rankings provided by human legal
experts. The results indicate that the 2:2:1 ratio
achieves the highest alignment with expert judg-
ment (ρ = 0.94), confirming that our weighting
effectively prioritizes substantive legal accuracy.

D.2 Robustness to Prompt Variations

To ensure that the benchmark results are not overly
sensitive to specific prompt engineering, we de-
signed three variants of evaluation instructions.
Variant 1 (our default) provides detailed scoring
rubrics; Variant 2 uses a simplified, concise in-
struction format; and Variant 3 requires the model
to provide a brief rationale before outputting a
score.

Table 10 presents the Spearman correlation be-
tween model rankings obtained under these vari-
ants. The high correlation across all pairs (ρ >
0.93) demonstrates that is robust to reasonable
variations in prompt formulation, ensuring that
the performance gaps we observe reflect intrinsic
model capabilities.

D.3 Statistical Stability and Variance
Analysis

Given the potential non-determinism in LLM out-
puts, we assessed the statistical stability of our
benchmark by conducting five independent runs
for each baseline model. We report the standard
deviation (Std) for the total score and each evalua-
tion dimension.

Table 8 shows that the variance across runs is
consistently low (average Std < 0.003). This low
variance confirms that the performance rankings
reported in our main text are statistically signifi-
cant and not the result of random noise during in-
ference.
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E Detailed Experimental Results

This appendix presents the comprehensive quan-
titative evaluation results for all 17 models. To
provide a holistic view of model capabilities, we
report data across six detailed tables, categorizing
performance by model type and evaluation dimen-
sion.

Comprehensive Performance (Tables 11 &
12) These two tables summarize the fundamen-
tal performance of Massive LLMs and Open-
Weights/Specialized LLMs across all 13 tasks.
They report Accuracy for understanding tasks
(e.g., Casehold, JEC-QA) and KeyCover scores
for generation tasks, serving as the baseline for as-
sessing general legal competency.

Legal Normativity and Terminology (Tables 13
& 14) Table 13 evaluates the models’ adherence
to legal standards, specifically measuring:

• Validity & Citation Match: The rate of au-
thentic vs. hallucinated statute citations.

• Usability & Logic Conflict: The practical ap-
plicability and logical consistency of the gen-
erated legal reasoning.

Complementing this, Table 14 analyzes Termino-
logical Professionalism. It details the Density,
Diversity, and Stability of legal vocabulary used
by models, reflecting their "lawyer-like" linguistic
style.

Content Semantic Quality (Table 15) While
KeyCover measures information recall, Table 15
provides a deeper semantic analysis of the gener-
ated text using advanced metrics:

• Rouge-L & BERTScore: Assessing n-gram
overlap and semantic similarity against
expert-written references.

• NLI (Natural Language Inference): Verifying
whether the model’s output is logically en-
tailed by the ground truth, ensuring factual
correctness.

Structural Integrity (Table 16) Table 16 breaks
down the Format Usability score into specific
document sections (e.g., Introduction, Verdict,
Reasoning). This fine-grained view highlights spe-
cific structural strengths and weaknesses, such as
whether a model can correctly format a complex
"Verdict" section compared to a simpler "Introduc-
tion".
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Task Metric DeepSeek-V3 Gemini 3 Claude
Sonnet 4.5

Gemini 2.5
Flash

Kimi k1.5 GPT-5.2 Qwen3-Max GPT-4 Turbo DeepSeek-R1

Casehold Acc. 81.0 89.0 91.9 82.0 80.0 81.5 75.6 83.0 74.0
F1 81.0 89.1 91.9 82.0 80.0 81.5 75.6 83.0 74.1
Prec. 81.0 89.3 91.9 82.0 80.0 82.2 75.6 83.0 75.9
Rec. 81.0 89.0 91.9 82.0 80.0 81.8 75.6 83.0 74.9

COLIEE R-1 29.9 34.3 34.3 33.0 45.4 - 44.5 33.2 29.9
R-2 8.8 11.6 11.6 11.3 8.5 11.3 8.9 10.7 8.8
R-L 19.6 21.4 21.4 20.6 34.8 20.6 34.8 20.1 19.6
BS-F1 79.5 82.6 82.6 81.8 87.3 81.8 86.3 80.7 79.5

JEC-QA-CA Acc. 70.0 76.9 53.5 50.5 41.7 56.0 42.7 38.5 49.0
F1 87.5 83.0 53.5 50.5 60.6 80.6 65.8 38.5 71.7
Prec. 88.4 83.7 53.5 50.5 60.9 82.0 65.0 38.5 73.2
Rec. 90.0 83.0 53.5 50.5 63.1 82.6 70.8 38.5 73.6

JEC-QA-KD Acc. 72.7 71.0 57.5 60.5 64.0 54.0 55.0 44.0 51.8
F1 87.1 83.6 57.5 60.5 80.1 79.5 77.9 44.0 77.9
Prec. 87.7 84.1 57.5 60.5 79.4 81.2 78.1 44.0 78.0
Rec. 88.9 85.8 57.5 60.5 83.2 82.7 83.6 44.0 82.7

CAIL Acc. 54.3 40.9 42.2 54.3 33.7 47.7 53.8 46.2 48.8
F1 57.8 40.9 42.2 54.3 42.8 47.7 56.2 46.2 48.8
Prec. 56.8 40.9 42.2 54.3 39.9 47.7 55.4 46.2 48.8
Rec. 60.3 40.9 42.2 54.3 52.3 47.7 58.3 46.2 48.8

LEdGAR Acc. 52.5 75.0 43.9 41.3 4.0 58.2 5.5 22.0 15.0
F1 38.0 56.0 30.6 29.1 1.2 38.3 2.0 15.5 8.1
Prec. 39.5 55.4 31.7 30.6 0.9 37.7 2.1 15.7 9.0
Rec. 40.9 57.7 32.3 31.1 2.8 41.3 2.0 18.2 8.4

Unfair-ToS Acc. 58.0 86.3 59.2 42.3 44.0 81.4 62.0 56.0 34.3
F1 31.7 28.8 14.6 10.7 15.3 27.4 22.3 16.8 20.4
Prec. 28.9 23.2 13.6 10.1 14.0 22.0 19.8 14.1 17.2
Rec. 61.6 50.0 28.2 23.4 41.6 50.0 41.8 36.4 50.0

Laws-QA R-1 0.1 - 0.4 0.2 0.3 - 0.7 0.4 -
BS-F1 82.7 - 82.9 83.6 83.0 - 83.5 83.7 -

QA-Corpus R-1 3.5 - 6.0 3.7 5.8 - 1.8 2.7 -
BS-F1 83.8 - 82.8 84.0 83.6 - 84.4 84.4 -

Fact KeyCover 76.2 77.0 77.9 74.8 75.1 78.0 76.5 73.7 68.8

Reas KeyCover 71.8 73.1 72.8 71.6 71.6 71.3 71.3 71.5 69.7

Judg KeyCover 76.5 80.3 77.0 75.8 72.7 79.2 74.2 71.0 67.5

Def KeyCover 74.4 72.5 73.3 73.3 74.1 72.3 75.4 71.4 67.1

Table 11: Comprehensive results for Commercial LLMs. Metrics include Accuracy (Acc.), F1-Score, Precision
(Prec.), Recall (Rec.), Rouge (R-1/2/L), BERTScore F1 (BS-F1), and KeyCover.
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Task Metric General Open-Weights Legal Specialized
Qwen2.5-7B Qwen2.5-3B Llama 3.1 8B Llama 3.2 3B SaulLM-7B DISC-LawLLM Chatlaw LawGPT

Casehold Acc. 68.0 59.5 6.0 1.0 65.0 - - 2.5
F1 67.9 59.3 7.0 1.8 64.9 - - 4.7
Prec. 68.2 62.6 18.8 22.9 72.1 - - 45.0
Rec. 68.4 59.8 5.8 1.0 66.3 - - 2.5

COLIEE R-1 23.3 21.5 26.6 17.1 28.9 28.2 13.2 33.1
R-L 14.5 13.3 16.0 10.5 17.6 17.0 7.1 21.2
BS-F1 81.0 81.2 81.5 77.8 83.1 71.0 81.1 83.9

JEC-QA-CA Acc. 10.8 10.7 11.0 10.7 17.6 10.9 7.2 0.0
F1 11.7 12.0 12.0 11.6 23.4 11.9 30.7 11.8
Prec. 8.2 8.6 8.6 8.1 43.8 8.5 44.1 37.0
Rec. 20.0 20.0 20.0 20.0 22.2 20.0 24.1 7.8

JEC-QA-KD Acc. 10.9 9.6 9.8 9.2 13.8 7.8 11.8 0.5
F1 13.0 12.8 12.8 12.6 24.9 12.7 39.6 7.8
Prec. 9.6 9.4 9.4 9.2 44.3 9.3 51.9 18.6
Rec. 20.0 20.0 20.0 20.0 21.9 20.0 32.3 5.1

CAIL Acc. 34.7 36.2 36.7 11.1 5.0 29.8 11.1 11.1
F1 36.9 35.8 13.5 24.2 6.4 15.5 24.2 24.2
Prec. 34.6 37.0 13.4 30.1 21.0 32.9 30.1 30.1
Rec. 43.5 36.8 18.2 20.3 4.1 16.4 20.3 20.3

LEdGAR Acc. 1.0 - - - 1.0 2.5 0.0 2.5
F1 0.9 - - - 0.1 0.9 0.0 0.9
Prec. 0.6 - - - 0.1 0.7 0.0 0.7
Rec. 1.3 - - - 1.2 1.8 0.0 1.8

Unfair-ToS Acc. 2.0 2.0 2.0 2.0 6.1 2.0 3.0 0.0
F1 0.5 0.5 0.5 0.5 12.1 0.5 0.5 0.6
Prec. 0.2 0.2 0.2 0.2 7.1 0.2 0.3 0.3
Rec. 12.5 12.5 12.5 12.5 50.0 12.5 12.5 12.5

Laws-QA R-1 3.5 3.5 6.0 4.7 4.1 1.6 0.5 -
BS-F1 56.4 56.4 54.6 45.1 57.2 58.5 58.3 44.8

QA-Corpus R-1 3.5 3.4 6.1 4.0 2.7 1.4 0.2 -
BS-F1 56.4 56.4 54.7 45.2 56.9 58.6 58.4 47.0

Fact KeyCover 64.7 64.7 65.1 64.3 65.0 63.6 65.1 64.3

Reas KeyCover 64.1 64.0 63.8 63.4 65.4 63.0 63.5 63.4

Judg KeyCover 70.4 69.4 59.2 59.2 84.1 63.3 61.6 59.2

Def KeyCover 72.7 72.6 72.8 72.3 64.2 72.2 72.8 72.3

Table 12: Combined results for General Open-Weights and Legal Specialized LLMs.
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Model
Validity Citation Match Usability Logic Conflict

D J R F D J R F D J R F D J R F

Commercial LLMs

Claude Sonnet 4.5 0.980 0.997 0.997 - 0.905 0.996 0.977 - 0.887 0.983 0.943 - 0.095 0.010 0.034 -

Gemini 2.5 Flash 0.997 0.999 0.998 - 0.907 0.989 0.962 - 0.925 0.958 0.962 - 0.089 0.015 0.030 -

GPT-4 Turbo 0.996 0.999 0.998 - 0.903 0.987 0.955 - 0.898 0.963 0.957 - 0.101 0.017 0.039 -

Qwen3-Max 0.999 1.00 0.995 - 0.947 1.00 0.990 - 0.965 0.973 0.968 - 0.046 0.011 0.016 -

DeepSeek-V3 1.00 1.00 0.972 - 0.998 0.999 0.964 - 0.997 0.982 0.946 - 0.003 0.002 0.008 -

Kimi k1.5 0.996 0.997 1.00 - 0.928 0.995 0.997 - 0.947 0.967 0.950 - 0.058 0.015 0.022 -

DeepSeek-R1 1.00 1.00 0.986 - 0.998 0.999 0.968 - 0.997 0.982 0.918 - 0.003 0.002 0.030 -

Gemini 3 0.994 1.00 0.997 - 0.912 0.999 0.977 - 0.905 0.989 0.986 - 0.116 0.012 0.010 -

GPT-5.2 1.00 1.00 1.00 - 0.998 0.999 0.928 - 0.997 0.982 0.971 - 0.003 0.002 0.031 -

General Open-Source LLMs

Qwen2.5-3B 0.962 0.993 0.995 - 0.887 0.974 0.927 - 0.915 0.955 0.868 - 0.091 0.019 0.099 -

Qwen2.5-7B 0.970 0.996 0.985 - 0.904 0.990 0.931 - 0.906 0.984 0.932 - 0.048 0.011 0.064 -

Llama 3.2 3B 0.981 0.952 0.976 - 0.885 0.927 0.902 - 0.930 0.936 0.889 - 0.089 0.038 0.101 -

Llama 3.1 8B 0.962 0.844 0.973 - 0.885 0.770 0.898 - 0.891 0.750 0.928 - 0.102 0.106 0.077 -

Legal Specialized LLMs

Chatlaw 0.958 0.840 0.975 - 0.901 0.721 0.879 - 0.909 0.764 0.877 - 0.091 0.140 0.126 -

DISC-LawLLM 0.980 0.971 0.983 - 0.904 0.937 0.906 - 0.924 0.947 0.885 - 0.070 0.030 0.091 -

LawGPT 0.968 0.711 0.977 - 0.890 0.662 0.908 - 0.909 0.676 0.951 - 0.117 0.046 0.055 -

SaulLM-7B 0.968 0.885 0.955 - 0.902 0.833 0.891 - 0.921 0.825 0.863 - 0.084 0.103 0.129 -

Table 13: Evaluation of Legal Normativity

Model
Avg Density Avg Diversity Avg Count Max Density Stability

D J R F D J R F D J R F D J R F D J R F

Commercial LLMs

Claude Sonnet 4.5 1.32 2.46 1.69 1.05 8.57 10.60 8.41 4.88 17.35 20.79 15.79 7.71 3.83 4.96 4.68 4.11 0.536 0.710 0.865 0.684

Gemini 2.5 Flash 1.36 2.12 1.82 1.19 10.05 9.77 11.23 6.62 25.72 21.34 31.50 12.16 3.26 4.72 4.23 3.11 0.623 0.671 0.756 0.542

GPT-4 Turbo 1.39 2.12 1.78 1.23 9.38 8.82 9.17 5.79 22.93 19.25 23.57 10.01 4.96 5.16 4.88 3.23 0.592 0.759 0.743 0.638

Qwen3-Max 1.41 2.34 1.80 0.945 11.14 13.38 14.02 5.83 25.43 25.70 30.43 9.84 2.83 4.60 4.17 3.39 0.506 0.735 0.670 0.640

DeepSeek-V3 1.22 2.18 1.04 1.02 15.79 16.02 10.88 8.44 33.95 35.95 26.62 16.74 2.55 4.32 2.95 2.29 0.413 0.801 0.859 0.456

Kimi k1.5 1.46 2.63 1.75 1.21 8.75 11.71 9.80 6.08 19.34 22.77 20.15 10.31 2.91 5.12 3.74 3.94 0.655 0.888 0.785 0.769

DeepSeek-R1 1.52 0.615 0.509 0.662 5.42 3.38 10.99 4.89 14.15 8.52 35.75 11.00 2.97 4.15 3.41 2.59 0.685 1.10 0.769 0.638

Gemini 3 1.32 2.35 1.64 1.38 14.14 6.84 11.96 11.96 31.39 12.39 23.54 23.54 3.25 5.79 4.02 4.02 0.502 0.743 0.737 0.737

GPT-5.2 1.28 2.38 1.84 1.40 17.70 7.84 13.64 7.66 51.88 13.84 32.42 15.14 3.15 3.69 3.42 2.82 0.426 0.632 0.717 0.656

General Open-Source LLMs

Qwen2.5-3B 1.28 1.95 1.29 1.23 15.70 11.14 13.49 14.10 40.36 27.70 37.54 39.28 3.48 4.86 4.41 3.44 0.569 0.860 0.516 0.496

Qwen2.5-7B 1.28 1.86 1.31 1.21 16.18 11.73 13.99 14.16 41.05 27.24 38.88 38.38 3.65 4.97 2.85 3.19 0.551 0.782 0.478 0.461

Llama 3.2 3B 1.23 1.50 1.22 1.15 12.37 9.15 11.14 10.74 31.39 25.46 28.65 27.63 3.38 5.68 5.22 4.54 0.573 0.892 0.524 0.505

Llama 3.1 8B 0.934 1.45 0.951 0.881 11.47 7.31 10.43 10.04 23.64 21.49 22.94 21.88 10.65 41.85 6.22 2.51 0.585 0.875 0.456 0.376

Legal Specialized LLMs

Chatlaw 1.21 1.51 1.20 1.17 14.44 8.60 13.96 13.82 31.22 17.02 31.06 31.41 3.28 5.26 2.92 2.68 0.511 0.785 0.445 0.427

DISC-LawLLM 0.279 0.515 0.354 0.320 4.09 7.12 4.41 3.97 10.46 16.41 13.49 12.10 1.21 1.92 1.15 1.09 0.177 0.384 0.183 0.183

LawGPT 0.512 0.515 0.532 0.495 8.97 7.12 8.78 8.18 16.27 16.41 17.20 16.06 1.41 1.92 1.80 1.52 0.229 0.384 0.236 0.231

SaulLM-7B 0.512 0.515 0.532 0.495 8.97 7.12 8.78 8.18 16.27 16.41 17.20 16.06 1.41 1.92 1.80 1.52 0.229 0.384 0.236 0.231

Table 14: Analysis of Legal Words
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Model
Rouge-L KeyCover NLI BERTScore

D J R F D J R F D J R F D J R F

Commercial LLMs

Claude Sonnet 4.5 0.340 0.177 0.222 0.236 0.778 0.513 0.646 0.548 0.504 0.489 0.489 0.475 0.733 0.649 0.679 0.668

Gemini 2.5 Flash 0.316 0.235 0.293 0.284 0.797 0.574 0.780 0.727 0.518 0.495 0.507 0.478 0.717 0.665 0.691 0.680

GPT-4 Turbo 0.311 0.230 0.275 0.271 0.779 0.562 0.762 0.699 0.517 0.493 0.498 0.483 0.714 0.664 0.691 0.686

Qwen3-Max 0.353 0.202 0.301 0.271 0.821 0.583 0.757 0.594 0.558 0.490 0.502 0.456 0.746 0.659 0.686 0.652

DeepSeek-V3 0.312 0.206 0.161 0.277 0.818 0.582 0.499 0.698 0.497 0.504 0.482 0.450 0.722 0.644 0.608 0.666

Kimi k1.5 0.330 0.189 0.257 0.293 0.745 0.538 0.692 0.648 0.548 0.491 0.505 0.492 0.739 0.663 0.685 0.675

DeepSeek-R1 0.303 0.358 0.266 0.346 0.822 0.765 0.861 0.898 0.486 0.488 0.473 0.449 0.671 0.675 0.697 0.688

Gemini 3 0.302 0.500 0.288 0.466 0.851 0.735 0.892 0.934 0.551 0.539 0.545 0.532 0.725 0.803 0.731 0.770

GPT-5.2 0.261 0.503 0.252 0.459 0.826 0.773 0.851 0.906 0.508 0.527 0.549 0.512 0.723 0.792 0.713 0.780

General Open-Source LLMs

Qwen2.5-3B 0.223 0.276 0.223 0.257 0.839 0.686 0.848 0.868 0.252 0.334 0.137 0.077 0.726 0.694 0.640 0.647

Qwen2.5-7B 0.224 0.284 0.224 0.261 0.842 0.706 0.857 0.869 0.253 0.343 0.138 0.077 0.727 0.704 0.641 0.647

Llama 3.2 3B 0.236 0.157 0.212 0.269 0.814 0.533 0.796 0.812 0.515 0.499 0.552 0.506 0.729 0.649 0.640 0.651

Llama 3.1 8B 0.242 0.122 0.207 0.272 0.796 0.395 0.774 0.808 0.514 0.509 0.552 0.506 0.728 0.592 0.638 0.651

Legal Specialized LLMs

Chatlaw 0.222 0.102 0.194 0.247 0.824 0.367 0.811 0.857 0.482 0.522 0.537 0.506 0.728 0.616 0.635 0.651

DISC-LawLLM 0.178 0.126 0.162 0.188 0.534 0.402 0.518 0.433 0.534 0.477 0.496 0.469 0.722 0.632 0.630 0.635

LawGPT 0.256 0.199 0.203 0.280 0.770 0.428 0.724 0.775 0.500 0.449 0.492 0.456 0.723 0.592 0.634 0.643

SaulLM-7B 0.275 0.718 0.289 0.285 0.774 0.897 0.781 0.777 0.505 0.542 0.519 0.509 0.642 0.842 0.655 0.650

Table 15: Evaluation of Content Relevance

Model
Defense Task Judgment Task Reasoning Task

Intro Facts Args Concl. Summ. Verd. Ratio Add. Iss. Fact Law Reas Liab Oth. Basis

Commercial LLMs

Kimi k1.5 0.483 0.335 0.396 0.471 0.483 0.552 0.518 0.464 0.434 0.427 0.335 0.384 0.351 0.290 0.338

Qwen3-Max 0.531 0.364 0.418 0.512 0.487 0.536 0.521 0.439 0.432 0.474 0.402 0.453 0.402 0.350 0.359

Gemini 3 0.494 0.341 0.366 0.442 0.476 0.567 0.502 0.403 0.389 0.455 0.351 0.422 0.380 0.315 0.355

Gemini 2.5 Flash 0.490 0.353 0.405 0.468 0.468 0.485 0.490 0.334 0.434 0.470 0.381 0.458 0.400 0.362 0.342

Claude Sonnet 4.5 0.458 0.338 0.400 0.455 0.467 0.543 0.488 0.433 0.432 0.486 0.391 0.473 0.417 0.362 0.357

DeepSeek-V3 0.559 0.400 0.434 0.450 0.464 0.517 0.470 0.390 0.407 0.426 0.355 0.401 0.361 0.297 0.370

DeepSeek-R1 0.512 0.348 0.371 0.446 0.402 0.407 0.428 0.334 0.422 0.468 0.372 0.452 0.399 0.348 0.330

GPT-5.2 0.519 0.355 0.391 0.441 0.465 0.518 0.481 0.410 0.434 0.427 0.335 0.384 0.351 0.290 0.338

GPT-4 Turbo 0.504 0.356 0.410 0.476 0.476 0.473 0.510 0.339 0.422 0.468 0.372 0.452 0.399 0.348 0.330

General Open-Source LLMs

Qwen2.5-7B 0.519 0.355 0.391 0.441 0.464 0.532 0.495 0.407 0.399 0.447 0.361 0.435 0.372 0.314 0.345

Qwen2.5-3B 0.494 0.341 0.366 0.442 0.442 0.496 0.474 0.349 0.415 0.440 0.347 0.411 0.367 0.317 0.346

Llama 3.1 8B 0.498 0.344 0.373 0.432 0.420 0.401 0.435 0.335 0.420 0.428 0.351 0.404 0.355 0.321 0.348

Llama 3.2 3B 0.503 0.344 0.365 0.449 0.433 0.413 0.453 0.346 0.409 0.424 0.327 0.391 0.356 0.310 0.329

Legal Specialized LLMs

DISC-LawLLM 0.492 0.343 0.358 0.420 0.447 0.444 0.445 0.355 0.336 0.324 0.283 0.316 0.299 0.293 0.305

LawGPT 0.512 0.348 0.371 0.446 0.402 0.407 0.428 0.334 0.404 0.416 0.321 0.382 0.356 0.307 0.341

Chatlaw 0.492 0.343 0.358 0.420 0.389 0.338 0.392 0.313 0.383 0.396 0.335 0.378 0.337 0.307 0.335

SaulLM-7B 0.000 0.003 0.010 0.000 0.427 0.410 0.437 0.344 0.413 0.404 0.328 0.377 0.355 0.301 0.340

Table 16: Fine-grained Structural Evaluation. We report the weighted composite scores for each logical section
across three tasks. Bold indicates the highest score in each column. Note that while general SOTA models main-
tain high scores (> 0.45) across Judgment sections, specialized models like Chatlaw exhibit significant drops in
complex sections like Verdict and Addendum.
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