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Abstract

Legal general intelligence (GI) refers to artifi-
cial intelligence (Al) that encompasses legal un-
derstanding, reasoning, and decision-making,
simulating the expertise of legal experts across
domains. However, existing benchmarks are
result-oriented and fail to systematically evalu-
ate the legal intelligence of large language mod-
els (LLMs), hindering the development of legal
GI. To address this, we propose LexGenius, an
expert-level Chinese legal benchmark for evalu-
ating legal GI in LLMs. It follows a Dimension-
Task-Ability framework, covering seven dimen-
sions, eleven tasks, and twenty abilities. We
use the recent legal cases and exam questions
to create multiple-choice questions with a com-
bination of manual and LLM reviews to reduce
data leakage risks, ensuring accuracy and reli-
ability through multiple rounds of checks. We
evaluate 12 state-of-the-art LLMs using LexGe-
nius and conduct an in-depth analysis. We find
significant disparities across legal intelligence
abilities for LLMs, with even the best LLMs
lagging behind human legal professionals. We
believe LexGenius can assess the legal intelli-
gence abilities of LLMs and enhance legal GI
development. Our project is available at https:
//github.com/QwenQKing/LexGenius.

1 Introduction

“The law is the expression of the general will.”

— Jean-Jacques Rousseau

Legal general intelligence is the capacity of gen-
eral Al to perform with expert-level ability across
complex legal contexts (e.g., hard tasks, soft intelli-
gence) (Kant et al., 2025; Zhou et al., 2025). It in-
volves the precise interpretation of legal provisions,
sound inference based on complex factual scenar-
ios (Zhang et al., 2025b; Li et al., 2025¢e; Shen et al.,
2025), the resolution of conflicts among rules from
multiple interrelated legal domains, and the abil-
ity to make normatively binding judgments (Yue
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Figure 1: Comparison of the state-of-the-art LLMs and
human legal experts illustrates that humans outperform
LLMs in the seven legal intelligence dimensions.

et al., 2024a; Zhang et al., 2025d; Luo et al., 2025b)
in uncertain and ethically sensitive contexts (Kim
et al., 2025; Huang et al., 2023; Liu et al., 2025¢).
Legal general intelligence is not just whether Al
knows the law, but whether it can participate in
the normative structure of legal systems, thereby
opening the door to its integration into legal order.

In recent years, LLMs have demonstrated strong
performance across general language tasks (Mao
et al., 2024; Zheng et al., 2025). This progress has
catalyzed a surge of interest in adapting LL.Ms to
the legal domain, aiming to tackle challenges, such
as legal question-answering (Su et al., 2025; Fei
et al., 2024), case analysis (Zhang et al., 2025a; Li
et al., 2025a), and judgment prediction (Liu et al.,
2025b; Xie et al., 2025). To assess the legal rea-
soning capabilities of LLMs, several benchmarks,
such as LegalBench (Guha et al., 2023), LexE-
val (Li et al., 2024a), and LexGLUE (Chalkidis
et al., 2021; Jia et al., 2025), are introduced. These
benchmarks provide a critical foundation for evalu-
ating, improving, and advancing the legal capabili-
ties of large language models (Luo et al., 2025a,c).
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However, the existing benchmarks encounter
the following limitations: (1) Legal intelligence
has not yet entered the second half of Al Cur-
rent benchmarks (Chalkidis et al., 2021; Fei et al.,
2024) focus on technical tasks while neglecting
soft legal intelligence, such as ethical judgment,
the law—morality boundary, and societal impact as-
sessment (Wang et al., 2024; Cambria et al., 2024).
(2) Data contamination and lack of comprehen-
siveness. Static, publicly available legal bench-
marks risk data leakage (Wu et al., 2025) and fail
to assess models on dynamic reasoning or novel
legal scenarios, leading to overstated and unreliable
evaluations. (3) Lack of a structured framework
for comprehensively assessing legal intelligence
abilities. Outcome-focused benchmarks overlook
legal reasoning stages, blurring the line between
true understanding and pattern mimicry (Cui et al.,
2023; Zhang et al., 2026b,a; Chen et al., 2024).

To address the above limitations, we propose
LexGenius, a comprehensive benchmark to as-
sess legal general intelligence for LLMs. First,
we rethink the evaluation of legal intelligence for
LLMs (Thakur et al., 2024). Recognizing that ex-
isting benchmarks (Wang et al., 2024; Chang et al.,
2024; Xu et al., 2025a; Fei et al., 2024) overlook
aspects of legal soft intelligence, our framework
explicitly incorporates tests of capabilities such as
ethical judgment, moral-legal boundaries, and so-
cial impact. We have developed a new collection of
8,385 standardized legal multiple-choice questions
(MCQs), covering civil, criminal, and commercial
law. To ensure legal accuracy, all questions and
answers are refined through professional review.
These MCQs assess multi-dimensional competen-
cies (Cambria et al., 2024; Corfmat et al., 2025) rel-
evant to legal intelligence. Furthermore, to address
cognitive coverage limitations in existing bench-
marks, we propose a framework structured around
the dimensions of legal theory and practice, orga-
nizing tasks and abilities to reflect real-world legal
intelligence. Focusing on Chinese laws ensures a
robust and meaningful assessment, as distinct legal
systems would otherwise dilute the evaluation.

Leveraging LexGenius, we evaluated 12 state-
of-the-art (SOTA) LLMs and 2 prompting strate-
gies, including naive and chain-of-thought (CoT)
prompting (Kojima et al., 2022). A baseline perfor-
mance, constructed by 6 legal professionals, was
also established for comparison. Results show that
even the top-performing LLM, DeepSeek-R1 (Guo

et al., 2025), exhibits a significant gap compared

to human experts across various legal general intel-

ligence abilities (Yao et al., 2025b; Hannah et al.,

2025; Dong et al., 2025), as shown in Figure 1. In

summary, our contributions in this work include:

* We propose the LexGenius, a three-level evalu-
ation framework (Dimension-Task-Ability), for
systematically and comprehensively evaluating
the legal intelligence capabilities of LLMs.

* We introduce legal soft intelligence into the legal
intelligence evaluation of LLMs, paving the way
for the assessment of legal general intelligence
to move towards the second half of Al

* We evaluate 12 SOTA LLMs on LexGenius and
analyze their gaps and limitations in legal intelli-
gence at different levels and perspectives.

2 Related Work

We review existing benchmarks for LLMs, includ-
ing legal benchmarks and expert-level benchmarks:

Legal Benchmarks. Recently, a series of legal
benchmarks have emerged (see Table 1). They
have made significant contributions to evaluat-
ing LLMs’ performance (Kanapala et al., 2019;
Yao et al., 2025a), including retrieval (STARD,
LeCaRD) (Su et al., 2024; Li et al., 2024b), ques-
tion answering (JEC-QA, Legal CQA) (Zhong
et al., 2020; Askari et al., 2022), classification
(LexGLUE) (Chalkidis et al., 2021), reasoning
(LegalBench, LexEval) (Guha et al., 2023; Li et al.,
2024a), and others (Laiw and LawBench) (Dai
et al., 2025; Fei et al., 2024). However, most bench-
marks remain task-oriented and outcome-focused,
offering limited insight into the underlying legal
general intelligence of LLMs (Yue et al., 2024b).

Expert-level Benchmarks. To usher in the sec-

Benchmark Lan. M-Dim. F-Gra. Com. Soft Int. Ato. Abi.

STARD CN X X v X X
LexGLUE EN v X v X X
LegalBench EN v 4 4 X X
LeCaRDv2 CN X X X X X
JEC-QA CN v X v X X
LawBench CN v X v X X
Legal CQA EN X X v X X
LexEval CN v X v v X
Laiw CN v X X X X
Ours CN v v v v v

Table 1: Comparison of the existing benchmarks and
LexGenius (ours). Lan. means Language; M-Dim.
means Multi-Dimensional; F-Gra. means Fine-Grained;
Com. means Comprehensiveness; Soft Int. means Soft
Intelligence; and Ato. Abi. means Atomicized Ability.
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A. 20: Understanding of judicial procedures and the ability to grasp details

A. 19: Analysis of the application of judicial procedures in different
jurisdictions

A.18: Case-based reasoning and judgment

A. 17: Reasonable legal reasoning and judgment prediction under
uncertainty

T9: Legal and moral boundaries

A. 16: Understanding and managing conflicts between law and morality
T8: Law and social change

A. 15: Social change, culture and legal coordination

T7: Legal impact assessment

A. 14: Analyzing the social impact and stability of legal enforcement
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A.13: Understanding the exact meaning of legal terms

A. 12: Interpreting legal terms across fields and adapting to different
situations

Ti1: Legal provisions understanding
A. 1: Precise understanding of legal provisions
A. 2: Contextual understanding of legal provisions

ions and social

Al ing of legal

T2: Legal reasoning
A. 4: Logical ability to reason toward legal conclusions
A. 5: Making reasonable inferences from unclear legal texts

A.6: Adjusting legal reasoning based on different legal contexts

T3: Legal application analysis
A.7: Analyze legal cases
A. 8: Choosing and correctly citing the relevant laws

A.9: Integrate laws across different fields

A. 10: Judging the boundary between law and morality and resolving ethical
conflicts

A 11: Critically i
intent

ing legal texts and und

Figure 2: LexGenius can be divided into 3 levels: The first level includes Dimensions 1-7, the second level includes
Tasks 1-11, and the third level includes Abilities 1-20 (A. 1 to A. 20). Each is numbered for reference in the text.

ond half of Al a series of expert-level benchmarks
for evaluating LLMs have emerged across various
domains (Cao et al., 2025; Ni et al., 2025; Li et al.,
2025c¢,d): PhysBench (Chow et al., 2025) and Phys-
Reason (Zhang et al., 2025¢c) enhance LLMs’ un-
derstanding of physics; MedXpertQA (Zuo et al.,
2025) and Medagentsbench (Tang et al., 2025) fo-
cus on medical knowledge; UGMathBench (Xu
et al., 2025b) assesses math reasoning; and UniTo-
MBench (Thiyagarajan et al., 2025) improves the-
ory of mind. Benchmarks like ShotBench (Liu
et al., 2025a), FinTMMBench (Zhu et al., 2025),
and Chengyu-Bench (Fu et al., 2025) evaluate other
fields. However, an expert-level benchmark for le-
gal intelligence is absent (Wang et al., 2025).

3 LexGenius Framework

In this section, we outline the LexGenius frame-
work (including seven dimensions, eleven tasks,
and twenty abilities), which is shown in Figure 2.

3.1 Dimension: Education and Career Focus

The seven legal dimensions of LexGenius are
based on Bloom’s Taxonomy of Educational Objec-
tives (Bloom et al., 1956), covering the cognitive
hierarchy of remembering, understanding, apply-
ing, analyzing, evaluating, and creating, alongside
the modular model used in legal evaluations across
countries, focusing on normative understanding,
rule application, procedural operation, and value
judgment (Wu and Chan, 2012; Moon, 2020; Par-
sons et al., 2024). In the hierarchy, remembering
and understanding correspond to legal understand-
ing, applying to legal application, analyzing to le-
gal reasoning, evaluating to legal ethics and law
and society, creating to advanced arguments, legal

language to clarity, and judicial practice to proce-
dural integrity, forming a framework aligned with
cognitive principles and professional needs.

3.2 Task: Theory and Practice Synergy

Further, based on Legal Hermeneutics (Leyh, 2021)
and Problem-Solving Cycle theory (Stein, 1993),
we decompose LexGenius’s 7 legal intelligence
dimensions into 11 tasks. These tasks align with
common legal practice requirements and focus on
textual deconstruction, case adaptation, and proce-
dural implementation. Legal Hermeneutics guides
the understanding of provisions, critical analysis of
texts, and terminology, ensuring accuracy in inter-
pretation. Problem-Solving Cycle theory simulates
legal practice, driving reasoning and application
analysis for problem-solving, legal and ethical judg-
ment, moral boundaries for value calibration, case
reasoning, judicial procedure understanding for val-
idation, and legal impact and social change review,
forming a task system for legal problem-solving.

3.3 Ability: Constructivist Learning-based

Furthermore, based on Constructivist Learning
Theory (Ariati et al., 2025), we extract twenty
atomic legal intelligence abilities from the eleven
tasks. The theory shifts from outcome assessment
to capturing knowledge paths through cognitive
traces, simulating real legal scenarios to ensure that
the evaluation reflects true professional abilities
while aligning cognitive principles with occupa-
tional needs. The hierarchy from dimensions to
abilities allows LexGenius to perform a detailed,
multi-dimensional assessment of LLMs’ legal in-
telligence, supporting evaluation and optimization.
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The MCQ construction workflow of the LexGenius, which is a process where LLM and manual work are

combined. It includes three steps: data collection and structuring, construction of MCQs, and manual review.

4 LexGenius Construction

In this section, we introduce the construction prin-
ciples, construction workflow, data statistics, and
evaluation method of the proposed LexGenius.

4.1 Construction Principles

To avoid data leakage and contamination, LexGe-
nius was built from scratch, using recent Chinese
legal exam questions and judgment cases. We
avoided reusing existing legal datasets to mini-
mize contamination risks and ensure originality. A
structured legal competency framework, developed
by experienced legal experts, was used to compre-
hensively cover core legal intelligence abilities (Li
et al., 2025f). To ensure benchmark effectiveness, a
structured review process was established (Moham-
madi et al., 2025; Li et al., 2025b). Reviewers are
master’s candidates in law, systematically trained
and thoroughly familiar with key regulations, case
frameworks, and legal reasoning methods.

4.2 Construction Workflow

As shown in Figure 3, the process of the construc-
tion workflow for legal QA includes three steps:
Step 1: Data collection and structuring. To
ensure that the legal basis for the questions is au-
thentic, authoritative, and semantically complete,
we systematically collected the latest legal exam-
ination question banks and recent judicial cases
and used LLM to clean and process these texts in

a standardized manner, including encoding format
conversion, removal of redundant punctuation, and
paragraph reconstruction, to build a structured le-
gal question bank and corpus. Each text is attached
with a unique document identifier, source, and us-
age rights as metadata and saved in a unified JSON
structure to facilitate index calls and traceability
management when constructing legal MCQs later.

Step 2: Construction of MCQs. There are
two methods for constructing multiple-choice ques-
tions, both based on the large language model. One
is to screen and modify legal examination ques-
tions. Questions meeting the legal abilities are
retained; others are modified using LLM. For ques-
tions related to legal soft intelligence, an LLM is
used to generate them. The first method selects and
modifies questions from the legal question bank:
MCQs with a single correct answer are retained. In
contrast, those with multiple answers are adapted
using LL.Ms and prompt templates to ensure fair-
ness and difficulty. For LLM-generated MCQs, we
designed prompt templates with task constraints,
ability descriptions, and examples to guide question
generation based on specific legal cases, ensuring
unique answers and a clear legal basis.

Step 3: Manual Review. To ensure legal accu-
racy and competency alignment, we established a
team of 9 master candidates in law and created a
review process. Each question undergoes double-
blind scoring by 2 independent reviewers. The re-
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Figure 4: Data distribution of LexGenius. Left: the MCQ proportions across different laws and the dimensions,
tasks, and abilities. Right: the MCQ proportions of abilities. The PRC: the People’s Republic of China.

view dimensions include legal accuracy, reasoning
rigor, answer uniqueness, competency alignment,
and expression standardization, using a five-point
scale. When there is a significant discrepancy (e.g.,
a difference of more than two points), a third re-
viewer is brought in for arbitration. Questions are
retained only if their average score across all dimen-
sions is no less than 4 points and their total score is
in the top 500. The final agreement is 99.2%.

4.3 Data Statistics

After multiple rounds of review, the final version
of LexGenius consists of 8,385 high-quality legal
MCQs. Each question is stored in a structured
JSON format, including fields such as question
number, competency label, applicable law, ques-
tion, options, and answers. All data versions are
version-controlled, with change logs recorded dur-
ing updates. To ensure explainability and account-
ability, we document the construction, review, and
modification history of each question, supporting
efficient management. Figure 4 shows the num-
ber of MCQs for each ability, covering civil dis-
putes, corporate transactions, administrative litiga-
tion, criminal litigation, and constitutional rights.

4.4 Evaluation Method

To evaluate the LLM’s legal intelligence, LexGe-
nius adopts a three-level framework (Kahan, 2015;
Huang et al., 2024). The dimension level catego-
rizes tasks into legal cognition areas, providing
insight into performance. The task level breaks
dimensions into real-world tasks, testing the ap-
plication, while the ability level evaluates legal
abilities, identifying performance differences. At

the ability level, scores A; ; . are the average cor-
rectness of MCQs in each ability, where Ai%k =
nzljk Sorigs i..k;ms With C; . o, the correctness
of the m-th MCQ in the k-th ability of the j-th
task in the i-th dimension, and n; ; ;. the number of
MCAQs for that ability. At the task level, the task
score T; ; is the average of ability scores within the
task, calculated as T} j = m%] vt A; e, Where
m; ; is the number of abilities in the j-th task of
the i-th dimension. At the dimension level, the
dimension score D; is the average of task scores,
expressed as D; = n% Z?;l T; ;, where n; is the
number of tasks in the ¢-th dimension.

5 Experiments and Results

In this section, we analyze the experimental results
and answer these research questions (RQs): RQ1:
Can LLMs’ legal general intelligence rival human
legal experts? RQ2: How mature is LLMs’ legal
soft intelligence? RQ3: Do LLMs truly understand
legal language? RQ4: Can the enhanced methods
of LLMs improve their legal intelligence?

5.1 Experimental Setup

We evaluated twelve SOTA LLMs with Lex-
Genius, which include DeepSeek-LLM-7B-Chat
(DeepSeek-7B) (Bi et al., 2024), Qwen-2.5-
7B-Instruct (Qwen-2.5-7B) (Hui et al., 2024),
Qwen-2.5-1.5B-Instruct (Qwen-2.5-1.5B) (Hui
et al.,, 2024), Qwen-3-8B (Yang et al., 2025),
Qwen-3-4B (Yang et al., 2025), GLM-4-9B-Chat
(GLM-4-9B) (GLM et al., 2024), LLaMA-3.2-
1B-Instruct (LLaMA-3.2-1B) (Grattafiori et al.,
2024), LLaMA-3.2-8B-Instruct (LLaMA-3.2-



Model | Legal Und. | Legal Rea. | Legal App. |Legal Ethics| Legal Lan. | Law & Soc. |Judicial Pra. | Avg.

| Nai. CoT | Nai. CoT | Nai. CoT | Nai. CoT | Nai. CoT | Nai. CoT | Nai. CoT | Nai. CoT
Human | 89.14 89.14 89.14 85.19 87.78 87.41 86.67 87.78
Qwen2.5-1.5B |44.05 43.93|41.01 42.28|35.61 35.83|55.70 56.00|51.98 53.32(59.33 59.80|45.50 46.35|47.60 48.22
Qwen2.5-7B | 61.41 60.50|57.42 56.57 |45.26 45.19|64.00 63.60|66.08 65.92|66.07 66.27 |57.55 57.60|59.68 59.38
Qwen3-4B 53.23 52.43|50.37 50.57|39.05 38.07|60.90 61.00|57.63 57.36 |62.20 61.13 |51.55 51.75|53.56 53.19
Qwen3-8B 58.19 58.77|52.07 52.72|38.73 37.21|62.90 61.60|63.09 61.93|61.20 60.47|55.35 54.40|55.93 55.30
LLaMA-3.2-1B|29.37 28.33|24.03 25.84|26.47 26.23|44.40 43.40|39.37 39.93|50.27 47.93|33.05 32.25|35.28 34.85
LLaMA-3.2-8B|36.99 35.66 |31.38 32.85|33.20 33.40|53.50 53.10|46.38 46.62|55.40 56.47 |42.80 43.55|42.81 43.09
GLM-4-9B 52.85 53.05|47.78 47.54|35.52 36.47|61.40 61.40|62.46 63.24|61.87 61.47|50.55 51.05|53.20 53.46
DeepSeek-7B | 37.27 33.56|34.28 30.96 |29.54 30.88|45.10 43.30|39.53 40.79 |47.00 47.40|37.20 36.55|38.56 37.63
DeepSeek-R1 [67.35 67.76 | 61.18 61.50|45.91 45.90|70.80 70.60|71.10 71.20 |72.40 72.33 | 62.40 62.85|64.45 64.59
DeepSeek-V3 | 67.04 67.55|60.90 61.57 |46.36 46.60 | 70.30 69.40|70.48 70.52|71.73 72.60 | 62.40 62.50|64.17 64.39
GPT-4o mini [49.77 49.80[43.26 43.91|36.99 36.44|62.20 62.20|57.51 57.53|65.47 65.80|52.25 52.60|52.49 52.61
GPT-4.1 nano |46.51 54.62|43.23 43.88|30.92 40.05|56.80 59.60|53.11 62.69|58.80 60.53|48.20 52.60|48.22 53.43

Table 2: Comparison of Naive (Nai.) and CoT prompts of LLMs on LexGenius (all values in %). Bold entries are
the best results with the Naive (CoT) prompt; Underlined entries are the 2nd-best with the Naive (CoT) prompt.
(Legal Und. means Legal Understanding; Legal Rea. means Legal Reasoning; Legal App. means Legal Application;
Legal Lan. means Legal Language; Law & Soc. means Law and Society; and Judicial Pra. means Judicial Practice.)

8B) (Grattafiori et al., 2024), DeepSeek-R1 (Guo
et al., 2025), DeepSeek-V3 (Liu et al., 2024),
GPT-40 mini (Hurst et al., 2024), and GPT-4.1
nano (Hurst et al., 2024). We followed the offi-
cial protocols, using official APIs or LLM weights
where applicable. The evaluation utilized two types
of prompts: the first type was the Naive prompt;
the second was the CoT prompt, encouraging the
LLMs to perform step-by-step reasoning. To pre-
vent potential bias, we shuffled the answer options
twice and averaged the scores of each LLM.

5.2 Main Results (RQ1)

The performance of the twelve SOTA LLMs across
seven dimensions (see Table 2 and Figure 5), eleven
tasks (see Table 3), and twenty ability rankings (see
Figure 6) on LexGenius is reported.

Comparison with Human. As shown in Table
2 and Figure 5, although LLMs excel in generating
legal texts, their capabilities across the seven di-
mensions still fall short compared to human experts,
particularly in areas like legal reasoning, judicial
practice, and legal ethics, where value judgments
and contextual trade-offs are key. This underscores
that legal intelligence is not just about reciting rules
but about making sound judgments amidst uncer-
tainty, relying on human experiences, ethical intu-
ition, and institutional understanding. While LLMs
can articulate legal principles, they are not yet ca-
pable of rendering nuanced judgments. They are
powerful assistants, not true counterparts.

Task-view performance. As shown in Table 3,
LLMs perform relatively well in static knowledge-
based tasks (e.g., legal provisions understanding).
However, they are significantly weaker than human

Legal
Understanding

Human

Qwen3-8B
LLaMA-3.2-1B
LLaMA-3.2-88

Ethics

Figure 5: Comparison of the 12 SOTA LLMs with hu-
man experts on 7 core dimensions of legal intelligence.

experts in tasks that require dynamic reasoning and
institutional understanding (e.g., legal application
analysis and case reasoning and judgment). Partic-
ularly in tasks involving value trade-offs (e.g., legal
and ethical judgment), LLMs tend to avoid com-
plex judgments and lack critical thinking and con-
textual sensitivity. This indicates that they still lack
the comprehensive judgment capabilities required
for legal practice and remain tools for assistance
rather than equivalent intelligent agents.

Ranking of LLMs. Figure 6 reveals that the
LLMs’ average scores and rankings are nearly iden-
tical. Only a few leading models perform compre-
hensively and stably, while most rank lower with
similar capabilities. This head convergence and
tail dispersion pattern suggests that current large
models lack balanced legal general intelligence.
Their strengths lie in formalized tasks, but they
remain weak in complex abilities requiring cross-
dimensional integration, value judgment, or institu-



Model Task 1 Task2 Task3 Task4 TaskS5 Task 6 Task7 Task8 Task9 Task 10 Task 11 Avg.
Human 89.14 89.14 89.14 86.67 83.70 87.78 87.41 91.85 8296 90.00 83.34 87.37
Qwen2.5-1.5B  44.05 41.01 35.61 59.00 5240 5198 5720 5640 6440 4460 4640 5028
Qwen2.5-7B 61.41 5742 4526 6480 6320 66.08 71.00 58.00 69.20 5520 59.90 61.04
Qwen3-4B 5323 5037 39.05 58.00 63.80 57.63 69.00 5560 62.00 49.50 53.60 55.62
Qwen3-8B 58.19 52.07 38.73 6420 61.60 63.09 67.60 5480 6120 5550 5520 57.47
LLaMA-3.2-1B 2937 24.03 2647 4680 42.00 39.37 4580 46.00 59.00 3390 3220 38.63
LLaMA-3.2-8B  36.99 3138 3320 5620 50.80 46.38 55.00 51.60 59.60 4390 41.70 46.07
GLM-4-9B 5285 47.78 3552 66.00 56.80 6246 6440 57.60 63.60 49.70 5140 5528
DeepSeek-7B  37.27 3428 29.54 4840 41.80 39.53 51.60 4020 49.20 3690 37.50 40.57
DeepSeek-R1 67.35 61.18 4591 67.60 74.00 71.10 76.80 6540 75.00 60.60 64.20 66.29
DeepSeek-V3  67.04 6090 46.36 67.60 73.00 7048 7640 6620 72.60 60.60 64.20 65.94
GPT-40 mini 49.77 4326 3699 6520 59.20 5751 67.60 6120 67.60 5030 5420 55.71
GPT-4.1nano  46.51 4323 30.92 5920 5440 53.11 63.00 5440 59.00 48.00 4840 50.92

Table 3: Performance of twelve LLMs and human experts on eleven legal tasks, showing a significant gap between
LLMs and humans. DeepSeek-R1 and DeepSeek-V3 are the top performers, with the greatest challenge in Task 3.

Model A.10 A.11 A.13 A.14 A.15 A.16 Avg.
Human 86.7 83.7 859 87.4 919 83.0 86.4
Qwen2.5-1.5B 59.0 524 604 57.2 564 644 583
Qwen2.5-7B 64.8 632 68.6 71.0 58.0 69.2 65.8
Qwen3-4B 58.0 63.8 64.6 69.0 55.6 62.0 62.2
Qwen3-8B 642 61.6 652 67.6 548 612 624
LLaMA-3.2-1B 46.8 42.0 51.0 45.8 46.0 59.0 48.4
LLaMA-3.2-8B 56.2 50.8 63.4 55.0 51.6 59.6 56.1
GLM-4-9B 66.0 56.8 66.2 644 57.6 63.6 624
DeepSeek-7B 484 41.8 46.8 51.6 40.2 49.2 46.3
DeepSeek-R1  67.6 74.0 63.0 76.8 654 75.0 71.1
DeepSeek-V3  67.6 73.0 67.4 76.4 66.2 72.6 70.5
GPT-40 mini 652 59.2 69.2 67.6 61.2 67.6 65.0
GPT-4.1nano 59.2 544 604 63.0 544 59.0 584

Table 4: Comparison of the twelve SOTA LLMs for le-
gal soft intelligence on LexGenius. (A. means Ability.)

tional understanding. Even top models approach-
ing human-level performance still lack the deep
coupling and contextual adaptability required for
legal practice, falling short of experts’ capabilities.

Case study. This case (see Figure 8) high-
lights LLMs’ limitations in legal reasoning: their
judgments rely on surface cues, oversimplifying
rights conflicts and ignoring core context. While
DeepSeek-R1 anchors personality rights, GPT-40
mini misjudges liability, showing a lack of holistic
legal understanding. LL.Ms remain trapped in de-
contextualized reasoning, unable to balance norms,
facts, and values like experts. The gap lies in con-
textual balancing, a key aspect of legal intelligence.

Naive prompt vs CoT prompt. While CoT en-
hances surface-level reasoning in several LLMs
(see Table 2), it exposes their limitations in high-
level legal intelligence (e.g., application, ethics,
and judicial practice). The improvement stops at
formal logic, failing to capture the nuanced judg-
ments made by human experts that integrate norms,
context, and ethics. Humans navigate complex-

LLM Rankings on the Twenty Abilities of LexGenius

12 Average Ranking
—e— Mean Score Rank

Figure 6: Average ranking and average score ranking of
the 12 SOTA LLMs in the 20 legal intelligence abilities.

ity with stability, while models remain confined to
static knowledge reorganization. This highlights
that the gap in legal intelligence lies not in reason-
ing but in making responsible decisions amidst un-
certainty, an area current LLMs have yet to bridge.

5.3 Legal Soft Intelligence Analysis (RQ2)

As shown in Table 4, results reveal systematic im-
maturity in LLMs’ legal soft intelligence: LLMs
show significant gaps in higher-order abilities like
social change, culture, legal coordination, and law-
morality boundaries, with fewer issues in analyz-
ing legal enforcement’s social impact. This reflects
deficits in experiential social knowledge and ethical
reasoning. Scaling fails to overcome performance
ceilings, revealing architectural limits in acquiring
moral intuition and judgment from static text.

5.4 Legal Language Mastery Analysis (RQ3)

We evaluated the performance of LLMs across nine
legal language abilities. The results (see Figure 7)
show LLMs excel at reproducing legal text struc-
ture and procedural patterns, performing well on
formatted tasks. However, their abilities degrade



Qwen2.5-1.5B
Avg: 41.4 | Human: 87.7

Qwen3-8B

Avg: 49.5 | Human: 87.7

Llama-3.2-8B
Avg: 36.7 | Human: 87.7

Qwenz2.5-7B
Avg: 54.0 | Human: 87.7

DeepSeek-7B
Avg: 34.8 | Human: 87.7

GPT-40 mini
Avg: 45.5 | Human: 87.7

Figure 7: Performance of 12 LLMs across 6 legal language indicators, showing gaps compared to the human
baseline. Even the best-performing LLMs (e.g., Deepseek-R1) fall short in mastering legal language. Abi. is Ability.

; B A1 MCQ Sample in LexGenius

N

l,LM: 4 DeepSeek-R1 @m"m" mini i

{
"question": "Commissioned by the publisher,
Cui Xue completed a children's novel titled
'Song of the Forest'. To appeal to children and
add a sense of fantasy, the author used the pen
name 'Chui Xue' and intentionally portrayed a
bear with three legs. During the editing process,
the publisher’s editor assumed these were errors
and changed 'Chui Xue' to 'Cui Xue', and
modified the bear to have four legs. The
publisher then distributed the book in bulk to
bookstores. Which of the following statements is
correct?”

“options": [

"A. The publisher infringed the author's right
of modification",

"B. The publisher's actions constitute
reasonable adaptation and do not infringe the
right to protect the integrity of the work",

"C. The correction of the author's name was
made for public interest and does not infringe the
right of authorship”,

<Think>: A'is correct: The publisher changed the number of the
bear’s legs without the author’s consent. Since the ... fantastical
effect, this constitutes an unauthorized modification and infringes
the author’s rights.

B is incorrect: The change was not a “reasonable adaptation.”
Adaptations require permission. Altering the author’s original
intent is not fair use.

C is incorrect: Using a pseudonym is the author's right and not a
valid excuse for modifying the work.

D is partially correct: The bookstore isn’t liable, but the focus
here is on the publisher’s actions.

Conclusion: Only A is correct — the publisher infringed the <
author's right of modification.

w Correctly identifi

distinction between rights

nfringements, but needs a clearer

<Think>: The author “Cui Xue” used the pen name “Chui Xue,”
which is protected under the right of authorship.

Although the publisher modified the ..., including changing the
pen name and text, bookstores are legally exempt from liability
for selling legally acquired copies.

According to Article 24 of the Copyright Law, the publisher

exercised ... The bookstore, having obtained the books through
legal channels, resold them lawfully, and thus did not
infringe. Therefore, option D — “The bookstore, ... is exempt o .

"D. As a legitimate purchaser and seller, the
bookstore's distribution behavior is specially

cxempieCunderconyrightlawanddocsmot under copyright law and docs not infringe” — is correct, 9
constitute infringement”

, @ : Mostly accurate but overemphasizes modification rights, | |
) missing other key aspects. !

U

Iz p— = L= = == = 2

Figure 8: We utilize an MCQ sample case to evaluate
DeepSeek-R1 and GPT-40 mini and present the respec-
tive thought processes of both LLMs. The English trans-
lation of the original Chinese test sample is on the left.

significantly when faced with ambiguity, conflict,
or value trade-offs in real legal reasoning. This
gap arises from an inherent limitation: models lack
understanding of institutional logic, social context,
and ethical goals, relying solely on statistical cor-
relations. As a result, LLMs replicate the form of
law without truly understanding it and can assist
but not replace the essential normative insight and
value judgments in legal decision-making.

5.5 With Different Enhanced Methods (RQ4)

As shown in Table 5, the comparison results (more
details see Appendix F) reveal a triple decoupling
phenomenon in LLM legal intelligence: (i) Scale-
performance decoupling shows that legal intelli-
gence exhibits a non-monotonic relationship with
model size and family, suggesting that scale alone
is insufficient for legal-task performance. (ii) Rea-
soning paradigm decoupling shows that CoT fails

Model Baseline CoT SFT RAG GRPO
Qwen2.5-1.5B 4853 4944 5149 34.66 5248
Qwen2.5-7B 5845 57.16 55.86 5222 55.93
Qwen3-4B 29.32 2839 51.30 37.67 51.01
Qwen3-8B 27.86 27.79 56.84 45.78 55.04

Table 5: Comparison of four LLMs on LexGenius with
the enhanced methods, including CoT, Supervised Fine-
Tuning (SFT), Retrieval-Augmented Generation (RAG),
and Group Relative Policy Optimization (GRPO).

to consistently improve over baseline and often
underperforms it, indicating a mismatch with the
deterministic and constrained nature of legal tasks.
(iii) Optimization strategy decoupling shows that
SFT, RAG, and GRPO yield divergent outcomes
across models: SFT and GRPO both improve the
other three models but underperform the strongest
baseline model (Qwen2.5-7B), while RAG im-
proves only Qwen3 models and harms Qwen2.5
models, suggesting that knowledge retrieval and
legal reasoning capacity are not complementary.

6 Conclusion

In this work, we propose LexGenius, an expert-
level and comprehensive benchmark for evalu-
ating LLMSs’ legal general intelligence capabili-
ties. Based on the three-level framework (Dimen-
sion—Task—Capability), we assess twelve SOTA
LLMs from different perspectives. LexGenius ad-
dresses gaps in existing benchmarks, including sys-
tematic evaluation and alignment with real-world
legal reasoning. Experimental results reveal signif-
icant legal intelligence gaps of LLMs, highlighting
disparities with human legal experts and their spe-
cific weaknesses in legal general intelligence.



Limitations

In Appendix H, we discuss the limitations of Lex-
Genius. Furthermore, we outline the future work
of LexGenius in Appendix 1.
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Appendix

A Motivation and Theoretical basis of
LexGenius

In this section, we primarily explain the design
motivations of the LexGenius.

A.1 Design motivation

In this section, we mainly introduce the motivation
and reasons for designing LexGenius and answer
the question: Why is a structured legal general
intelligence evaluation framework needed?

Legal general intelligence is not a stack of
tasks, but a simulation of cognitive collaborative
chains. Existing frameworks often focus on clas-
sification or question-answering tasks, presenting
only macro-level accuracy on isolated benchmarks.
Such metrics fail to pinpoint errors within the com-
plex cognitive chain of legal decision-making. Le-
gal intelligence is not a sum of discrete tasks but
an organic coordination of systematic capabilities,
spanning statutory interpretation, fact extraction,
rule adaptation, ethical judgment, and social impact
assessment. LLM performance should therefore
be decomposed into a multi-stage flow, rather than
treated as monolithic. Accordingly, effective evalu-
ation must map this cognitive chain, avoiding the
pitfall of reducing legal intelligence to task-solving
while ignoring how the model thinks.

From performance reporting to capability di-
agnosis and explanation. Traditional metrics like
accuracy or F1 indicate output correctness, but they
fail to address a fundamental question: At which
cognitive stage did the model fail? Was it a seman-
tic misunderstanding? Rule misapplication? Or an
ethical blind spot? LexGenius introduces 20 atomic
legal general intelligence abilities and establishes
an interpretable, traceable, and auditable evalua-
tion system through a tri-level mapping mechanism
across the ability layer, task layer, and cognitive
dimension. This structure reveals deficiencies in
specific micro-level abilities and provides an action-
able feedback loop for capability-oriented training,
prompt optimization, and safety enhancement.

Enabling cross-stage cognitive analysis and
transferability research. The complexity of le-
gal reasoning lies in its chained structure: statu-
tory semantics — case fact abstraction — rule ap-
plication — ethical judgment — precedent align-
ment. Frameworks failing to distinguish perfor-
mance across these stages cannot support research

in multi-hop reasoning, chain-of-thought attention,
or multi-task learning. Through hierarchical ab-
straction and modular decomposition, our frame-
work standardizes this cognitive pathway, offering
a clear baseline for investigating knowledge trans-
fer and generalizable reasoning capabilities.

Toward a professional-grade legal general
intelligence evaluation paradigm. As LLMs
approach the professional thresholds of bar ex-
aminations and real-world legal practice, eval-
uation frameworks must likewise advance to a
professional-grade level. LexGenius draws on
standards from the National Legal Professional
Qualification Examination and international bar ex-
ams, distinguishing specialized dimensions of legal
competence, such as legal semantic understand-
ing, norm alignment, ethical judgment, and pro-
cedural compliance. This framework breaks from
the general-purpose perspective of traditional NLP
benchmarks, aligning with the practical demands
of legal work. Such a professional, ability-oriented,
structured evaluation reveals current model bound-
aries and illuminates potential development trajec-
tories.

A.2 Framework hierarchy and
implementation

The structural design of the LexGenius is illus-
trated in Table 6. This framework supports both
vertical capability dissection—capturing a model’s
progressive performance across stages such as le-
gal language understanding — case application —
judgment prediction—and horizontal comparison,
such as evaluating differences between LLM A and
LLM B along the dimension of ethical judgment.

A.3 Toward Legal Cognitive Modeling

Across various domains, an increasing number of
expert-level benchmarks are emerging to advance
the development and understanding of LLMs.
In the legal field, the need for a benchmark that
rigorously evaluates expert-level legal general intel-
ligence is equally critical. The proposed three-tier
structure—Dimension—Task—Ability—functions
not only as an evaluation framework but also as a
cognitive modeling paradigm. We move beyond
merely assessing outcomes to examining whether a
model can think, interpret, and judge like a trained
legal professional when confronted with legal
contexts. In this sense, LexGenius is not just a
benchmark—it is a foundation designed to drive
the evolution of legal general intelligence.



Level Description Goals and Functions Number

Dimension  Core legal intelligence focus areas and judgments (e.g., Build top-level cognition and capability aggregation 7
legal reasoning)

Task Scenario-based legal tasks (e.g., case reasoning and  Mid-level structure linking abilities and test design 11
judgment prediction)

Ability Measurable legal intelligence ability units (e.g., statute ~ Minimum unit, supporting fine-grained evaluation and 20
understanding and interpretation) diagnosis

Table 6: Hierarchical levels of the LexGenius and corresponding implementation counts. It includes the Dimension
level (high-level cognitive targets), the Task level (scenario-based applications), and the Ability level (fine-grained
evaluable units), along with the number of implemented benchmarks under each category.

B Definitions of Legal Intelligence
Abilities

This section provides detailed definitions for the
twenty atomic legal intelligence abilities in the pro-
posed LexGenius framework, following the ability
names utilized in Figure 2. Each ability represents
a measurable unit of legal general intelligence, as-
sessed through standardized multiple-choice ques-
tions.

1. Precise understanding of legal provisions.
Ability to accurately interpret key terms, condi-
tions, and structural logic of legal clauses, includ-
ing scope and applicability. An MCQ sample of
this ability in the LexGenius is shown in Figure 9.
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“answer": "D"}

SR Ability 1
{

"question": "Company A and Company B filed an arbitration with the Arbitration
Commission for a supply and marketing contract dispute and obtained an arbitration
award. Company A then applied to the court for non-enforcement of the award, arguing
that the award exceeded the scope of the arbitration agreement. During the court hearing,
the court held that the award exceeding the scope of the arbitration agreement was
separable from the other award matters. Which of the following statements is correct?",
"options”: [

"A. The court should rule to revoke the award between Company A and Company B and
inform the parties to file a separate lawsuit.”

"B. The court should rule to revoke the award that exceeded the arbitration agreement
bet mpany A and Company B, uing to enforce the remaining parts of
the award."

"C. The court should rule not to enforce the award between Company A and Company B
and terminate the enforcement proceedings.”

"D. The court should rule not to enforce the award that exceeded the arbitration
agreement between Company A and Company B, while continuing to enforce the
remaining parts of the award."

1

"answer": "D"}

Figure 9: The MCQ sample of ability 1. The left is the

original text, and the right is the English translation.

2. Contextual understanding of legal provi-
sions. Ability to interpret legal text within the
correct legal and social context, avoiding misinter-
pretation based on literal reading alone. An MCQ
sample of this ability in the LexGenius is shown in

Figure 10.

"options"

R Ability 2 $R Ability 2
i
"questio T U A S 2 T "question": "Regarding the basic principles of the Criminal Procedure Law, which of
FHI—% the following statements is incorreet?",

“options": [

"A. People's courts shall generally conduct trials publicly unless otherwise stipulated
by the Criminal Procedure Law.",

"B. People’s courts shall exercise judicial power independently in accordance with the
law, and people’s
accordance with the law, free from interference by administrative organs, social
organizations, and individuals.",

"C. In areas inhabited by ethnic minorities or where multiple ethnic groups live

« als shall be conducted in the commonly used local language, and judgments,
announcements, and other documents shall be issued in the commonly used local seript.",
rson shall be deemed guilty without a judgment rendered by a people's court
in accordance with the lay."

“answer": "A"

)

Figure 10: The MCQ sample of ability 2. The left is the

original text, and the right is the English translation.

3. Understanding of legal provisions and so-
cial phenomena. Ability to relate legal provisions
to real-world events, social needs, and historical
developments. An MCQ sample of this ability in
the LexGenius is shown in Figure 11.

&R Ability 3

"question”: "In recent years, the pace of legislation in China has accelerated, and a
relatively complete legal system has basically taken shape, with laws gradually
permeating all aspects of people’s lives. However, in vast areas where urbanization is
still low~—such as towns and rural regions—various incidents of evading the law
frequently occur. . The reason for this phenomenon in the process of China’s legal
‘modernization is:",

"options": [

AL na’s legal modernization was passively accepted rather than actively
chosen.",

"B. Legal reforms came before changes in legal consciousness, creating a
disconnect between the advanced legal system and people’s legal awareness.",

"C. The modernization of China's legal system was initiated through legislation,
and historically there was a lack of a rule-of-law tradition.",

"D. The degree of legal modernization in China is low."

g§< Ability 3
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Figure 11: The MCQ sample of ability 3. The left is the
original text, and the right is the English translation.

4. Logical ability to reason toward legal con-
clusions. Ability to construct sound legal argu-
ments based on facts and rules, forming consistent
and well-structured conclusions. An MCQ sample
of this ability in the LexGenius is in Figure 12.

R Ability 4

"question”: "Which of the following statements about result-aggravated
offenses is correet?",
“options": [

"A. Intentional homicide includes intentional injury; thus, intentional
homicide is essentially a result-aggravated form of intentional injury.",

"B. The protected legal interests of the crimes of rape and forcible
molestation of women are the same. If either act results in serious injury to the
woman, both constitute result-aggravated offenses.”,

“C. A confined B in a hotel room on the 20th floor, stating that B would be
released only after repaying a debt. Unable to repay, B jumped to death during
the night. A’s actions do not constitute a result-aggravated form of unlawful

&3 Ability 4

"KTGRMEIL, Tk

{

"quest

i detention.",
i, TR E eI R A A "D. While robbing B using threats, A spotted his enemy C passing by and
A, RSB FEEMEBAIET, MOT immediately killed C. Since causing death during a robbery includes intentional
LI HESE T A R e killing, A is guilty of the result-aggravated offense of robbery resulting in
A death.”
"answer": "D" |,
} “answer"; "D" }

Figure 12: The MCQ sample of ability 4. The left is the
original text, and the right is the English translation.

5. Making reasonable inferences from unclear
legal texts. Ability to infer appropriate meanings
from vague, ambiguous, or abstract legal language
using legal logic and principles. An MCQ sample
of this ability in the LexGenius is in Figure 13.
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“question": "Freedom of speech is an important means by which citizens supervise and
restrain public power. In modern rule-of-law countries, freedom of speech is often
regarded as a benchmark for evaluating the degree of legal development. However,
fireedom of speech also has its boundaries. Which of the following actions exceeds the
scope of freedom of speech?”,

3§g Ability 8
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£ Ability 8
1

"question”: "During a routine inspection, the Market Supervision Administration of a
certain district discovered that a local flour factory was using packaging from other
regions to sell local flour as if it were produced elsewhere. The authority confiscated the
packaging bags, seized 1 ton of flour, and imposed a fine of 100,000 yuan. ...Upheld the
penalty decision. Which of the following statements is correct?”,

upuom B options": [
RIE GG, R "A. Exposing a government official for keeping a mistress and publishing the evidence
it uHM \ Jﬁm X in anewspaper.”,
B. {FHLPLIG Hib MFATHES "B. A merchant publicly discloses a secret formula in a TV shopping program to

A promote their produ

ZM*JI% FERRAZICH RN, FC#HIE "C. A military leader reveals the number of nuclear warheads China possesses during a
GRS media interview."

?EE#IZHUJ\H PSR, & "D. A scholar publldy criticizes another's work in a newspaper with harsh and mocking

wa?" B language."

1

smwu bcy “answer'"

i

Figure 13: The MCQ sample of ability 5. The left is the
original text, and the right is the English translation.

6. Adjusting legal reasoning based on dif-
ferent legal contexts. Ability to adapt reasoning
strategies when applying different branches of law,
such as civil, criminal, or administrative. An MCQ
sample of this ability in the LexGenius is shown in
Figure 14.

8 Ability 6 8 Ability 6
( {
T A TR n 4& A A G ey G Py G bbb o iy 202 ik
company obtained a loan from H Bank and mortgaged the office building as collateral. In
December 2022, the company became involved in a dispute with a trading limited
company over a purchase and sales contract. The trading company filed a lawsuit and
applied for property preservation. The court ruled to seize the office building. Which of the
following statements is correct?”,
options”: [
"A. The court's ruling is incorrect because the office building had already been
mortgaged to H Bank."
"B. The court may issue a property preservation ruling, but must first obtain consent
from H Bank.",
‘C. The court may issue a property preservation ruling, but H Bank still retains priority
claim over the office building.",
“D. The court's ruling is correct, and H Bank thereby loses its priority claim over the
office building."
]

ptions'
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Tanswer®: "C"
"answer": "C"

Figure 14: The MCQ sample of ability 6. The left is the
original text, and the right is the English translation.

7. Analyze legal cases. Ability to identify rele-
vant facts and legal issues in a case and link them
with the applicable legal norms or precedents. An
MCQ sample of this ability in the LexGenius is
shown in Figure 15.

“options": [
"A. The cost of verification and appraisal during reconsideration should be borne by
the party concerned.".
"B. The fine of
authorized by law.”
.~ In this case, the defendant is generally the district Market Supervision
Administration; the district government is listed as a co-defendant only under specific
circumstances.”,
‘The level of jurisdiction should be determined by comprehensively considering the
impact of the reconsideration authority’s decision to uphold the original penalty."

T 5230 9 98 5224 11 24

.000 yuan falls within the scope of discretionary power clearly

I b AT R, KB

"answer”: "A" }

Figure 16: The MCQ sample of ability 8. The left is the
original text, and the right is the English translation.

9. Integrate laws across different fields. Abil-
ity to synthesize norms from multiple legal do-
mains and resolve inter-norm conflicts through
comprehensive analysis. An MCQ sample of this
ability in the LexGenius is shown in Figure 17.

B3 Ability 9 £ Ability 9

{ {
e [ 4 5) 5 3 4 "question": "A Chinese company signed a trade contract with a French company to
B, % M M‘ﬂm import a certain technical product. Later, disputes arose over the patent rights of the

7= JFUR product and the maritime transport contract, leading to litigation in a Chinese court
Regarding the relevant foreign-related civil relationships, it was found that the provisions
of the Law on the Application of Law for Foreign-Related Civil Relationships conflict
with other laws. According to relevant judicial interpretations in China, which of the
following options s correct?",

"options": [
"A. The provisions of the Law on the Application of Law for Foreign-Related Civil

Relationships shall apply in all cases.",
"B. The provisions of other laws shall apply in all cases.",
'C. If the other law is the Maritime Law of the Pcop Republic of China, the parties
egotiate to decide whether to apply its provisions.”,

"D If the other 12w perfains fojintellectual property, the relevant provisions of;
intellectual property law shall take precedence.”
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Figure 17: The MCQ sample of ability 9. The left is the
original text, and the right is the English translation.

10. Judging the boundary between law and
morality and resolving ethical conflicts. Ability
to identify and evaluate tensions between legal obli-
gations and moral principles, and propose ethically
aware legal judgments. An MCQ sample of this
ability in the LexGenius is shown in Figure 18.
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£ Ability 7

"question": "Delivery rider Zhang saw Li jumping into the river. He handed his
phone to a passerby, Wang, and jumped from a height of ten meters into the lake to
save Li. During the jump, Zhang accidentally injured his back. Li, unwilling to be
rescued, struggled fiercely, causing Zhang to pull harder and worsen his back injury,
while Li ended up with a fractured arm. Meanwhile, Wang accidentally dropped
Zhang’s phone, breaking the screen. Regarding this case, which of the following
statements is correct?”,

"options”: [

"A. Wang, the custodian, should compensate for the damage to Zhang’s phone.",
B. Li, the rescued person, should reasonably compensate Zhang for his back

s, the custodian, should provide reasonable compensation for the damage to
ng’s
D. Zhang should compensate Li for the arm injury she sustained during the rescue.”
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“question”: "The Population and Family Planning Commission of Zhecheng County
issued an administrative decision requiring Li Weiguang and his wife, Li Xiaoniu, to
pay a social maintenance fee. Due to financial hardship, the couple was unable to pay
and believed the fee standard was unreasonable. After the court approved compulsory
enforcement, the enforcement judge discovered... What should be the appropriate...2",

A i 0ty S i s i e e i
an auction procedure, and refrain ...this peri
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"B suspend the procedure, coordinate with the civil
affairs department to initiate mmxl assistance, and resume enforcement once the
parties’ financial situation improves.”,

e law does not explicitly ..and

.
"D. Recommend that the family planning department waive the entire fee, even
though this violates ...Social Maintenance Fees, it aligns with humanitarian principles

1
“answer "B" }

Figure 15: The MCQ sample of ability 7. The left is the
original text, and the right is the English translation.

8. Choosing and correctly citing the relevant
laws. Ability to select the most appropriate legal
provisions for a given scenario and cite them accu-
rately in reasoning. An MCQ sample of this ability
in the LexGenius is shown in Figure 16.

Figure 18: The MCQ sample of ability 10. The left is
the original text, and the right is the English translation.

11. Critically interpreting legal texts and un-
derstanding the lawmakers’ intent. Ability to
interpret laws beyond their literal wording by un-
covering legislative purpose, background, and sys-
temic coherence. An MCQ sample of this ability
in the LexGenius is shown in Figure 19.
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"question”: *In 2016, Chinese citizen Nan filed an application with the Yanbian
Korean Autonomous Prefecture Intermediate People's Court of Jilin
Province, ...Incheon District Court of South Korea... What interpretive conflict exists
within the egal system?”,

Sk

A Anice 15 of the judicial interpretation introduces a 'recognition of effect
system,... implicit law-making."
"B. The principle of lex specialis (special law prevails) requires direct application of
the judicial interpretation, but this may violate the review standard of 'treaty
relationship or reciprocity principle' required by Article 281 of the Civil Procedure

aw.",
*C. The formal review theory suggests that as long as the judgment s final, it can be
recognized, .. hatrequires the judgment fo not violate the basic principles of Chinese
.
"D, The burden of proof for the reciprocity principle is not addressed in the judicial
interpretation, ..required by Article 281 of the Civil Procedure Law."
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Figure 19: The MCQ sample of ability 11. The left is
the original text, and the right is the English translation.

12. Interpreting legal terms across fields and
adapting to different situations. Ability to un-
derstand legal terminology in varied legal contexts
and appropriately adapt interpretations to specific
domains. An MCQ sample of this ability in the
LexGenius is shown in Figure 20.

Ability 12

£ Ability 12
{

"question": "Country A assigned Said to its embassy in Country B as an
administrative staff member. Lisa is his wife, and Ali Jr. is their 12-year-old son. All
three are nationals of Country A. Regarding the privileges and immunities of Country
A’s embassy and Said’s family under relevant international law, which of the
following statements is correct?”,

"options": [

"A. Lisa and Ali Jr. enjoy the same privileges and immunities as Said."

*B. When Said enters Country B from Country A to take office, his luggage is
exempt from customs inspection.”,

*C.1f an armed conflict breaks out between Country A and Country B, Country B
‘may seal or seize the archives of Country A’s embassy.”,

"D. Ifa fire breaks out at Country A’s embassy, Country Bs firefighters may enter
the premises to extinguish the fire without the head of mission’s consent.”

. f‘ Wll’ IR T

“answer": "A"

Figure 20: The MCQ sample of ability 12. The left is
the original text, and the right is the English translation.

13. Understanding the exact meaning of legal
terms. Ability to grasp the technical definitions,
scope, and usage boundaries of domain-specific
legal terms. An MCQ sample of this ability in the
LexGenius is shown in Figure 21.
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&R Ability 14

"On August 29, 1994, Guo Cuiyun’s husband, Wang Shoumei,
signed the 'Shuimo Street Demolition Compensation Agreement' with Hohhot
Zhonggiao Commercial Building Co., Ltd. ... . The agreement ... Tongdao ...
and the provision of resettlement housing... Which of the following options best
reflects legislative prioritization of the rights and interests of the displaced
person?",

"options": [

"A. The court should order the demolisher to provide resettlement within a
specified period and impose administrative penalties (Article 58 of the
Implementation Rules).",

"B. The demolisher must provide temporary relocation housing and
compensate based on market rental rates (Article 42 of the ..

"C. The displaced person has the right to rescind the agreement and request
compensation at commercial housing prices (Article 563 of the Civil Code).",

"D. The demolisher only needs to pay double the transitional fee and bears no
other responsibility (Article 31 of the Regulations)."

{

"question”

"answer": "A"}

Figure 22: The MCQ sample of ability 14. The left is
the original text, and the right is the English translation.

15. Social change, culture, and legal coordi-
nation. Ability to understand how law responds

to social transformation and interacts with culture,

economy, and values.

An MCQ sample of this

ability in the LexGenius is shown in Figure 23.
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$R Ability 15
{

"question": "In 2008, the Changsha Intermediate People’s Court of Hunan
Province accepted the bankruptey case of Hunan Import & Export Group
Zhaofeng Jewelry Co., Ltd. The court declared the company bankrupt and
appointed a liquidation team to carry out the liguidation. On January 6, 2009, the
bankruptey administrator applied to terminate the... suspension of the termination
ruling via the enforcement objection procedure under Article 225 of the Civil
Procedure Law.",

"options": [

"A. Strict application of the termination procedure under Article 43 of the
Enterprise Bankruptcy Law reflects the rigidity of law.",

"B. Initiating the enforcement objection procedure under Article 225 of the
Civil Procedure Law to suspend the termination ruling."”,

"C. Applying Article 132 of the Civil Code on abuse of rights to reject the
continued investigation request.",

"D. Citing Article 123 of the Enterprise Bankruptcy Law regarding clawback
rights to grant a 3-year retrospective period.”

“answer": "A" Tanswer”: "A"

Figure 23: The MCQ sample of ability 15. The left is
the original text, and the right is the English translation.

16. Understanding and managing conflicts
between law and morality. Ability to propose
socially responsible legal judgments in situations
where legal and moral norms collide. An MCQ
sample of this ability in the LexGenius is shown in
Figure 24.

&R Ability 16
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$R Ability 13
{

"question": "In 1994, Zhao (female, 38), a resident of mainland China, and
Chen (male, 71), a retired soldier from Taiwan, registered for marriage only
three days after being introduced. Just 11 days after the wedding, serious
conflict erupted: Zhao accused Chen of domestic violence and ... The Huaiyin
Intermediate People’s Court found multiple problems in this cross-strait
marriage... Which of the following interventions would most systematically
prevent similar crises?”,

“options”: [

"A. Require Taiwan spouses to provide notarized proof of their financial
status.",

"B. Establish a 'Cross-Strait Marriage Adaptation Bond' mechanism
(requiring both parties to pay a performance bond proportional to their income,
with the no-fault party receiving compensation in case of divorce).",

"C. Mandate a pre-marriage legal noification procedure for cross-strait

sh a Cross-Strait Marriage Mediation Committee.”

“answer' "B }
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"question!

is case involves the applicant for reconsideration, Liu Yuanwu,
who, as the legal representative of Runkang Company, was fined 30,000 yuan
by the ...failure to fulfill a commercial housing subscription agreement signed
with Ding Mei. ... In this case, what is the main jurisprudential.. revoke the
fine?",

"options": [

"A. Legal positivism holds that the fine decision complies with legal
procedures and should be upheld to maintain legal authority, but it ignores the
balance of individual rights under moral pluralism.",

"B. Moral relativism believes that different cultures evaluate contract
breaches differently, so the fine decision should respect local business
customs.",

"C. Natural law theory argues that law should align with principles of
faimess and justice; ...requires moral rationality to be considered.”,

"D, Utilitarianism considers that fines can effectively deter breaches of
contract, but the failure to quantify overall social utility leads to overly harsh
penalties."

Figure 21: The MCQ sample of ability 13. The left is
the original text, and the right is the English translation.

14. Analyzing the social impact and stability
of legal enforcement. Ability to assess the poten-
tial impact of legal implementation on public order,
institutional trust, and long-term societal effects.
An MCQ sample of this ability in the LexGenius is
shown in Figure 22.

} “answer"; "C" }

Figure 24: The MCQ sample of ability 16. The left is
the original text, and the right is the English translation.

17. Reasonable legal reasoning and judgment
prediction under uncertainty. Ability to make
legally sound decisions when faced with ambigu-
ous facts or normative gaps, using analogical rea-
soning and proportionality. An MCQ sample of
this ability in the LexGenius is shown in Figure 25.
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8 Ability 17
{

“question": "Xu and his wife Lin agreed to divorce, with the arrangement that
their 8-year-old son Xiaohu would be raised by Xu, and Lin could exercise her
visitation rights at any time, with Xu obliged to assist. In the two years following
the divorce, ... Regarding this situation, which of the following statements is
correct?",

“options": [

"A. According to the law, the exercise of visitation rights can be enforced
through judicial ruling to uphold the best interests of the child.",

"B. Although there are boundaries between the exercise of rights and the
fulfillment of obligations, such boundaries may be appropriately adjusted when
the rights of minors are involved.",

"C. Visitation rights are essentially rights with attached positive obligations,
and the right-holder must proactively fulfil the required acts.",

"D. Xu's duty to assist includes both active and passive obligations.”
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{

"question": " ELI o4 i o 738 FH I R e 7 2
FOIRS, FRRBHRIE: ",

"options" [

"A. T LT R, UF
IR R ISR B2 b,
IV} i, AR,

2

IREROI AT 2 N R 2
ST WAL T SO I i

£ Ability 20
{

"question”: "In the course of using ordinary procedures to hear
cases, which of the following statements about Internet Courts is
incorrect?",

"options": [

"A. If any litigation step cannot be completed online during
trial, the Internet Court must rule to suspend the trial and resume
it only after the step is completed offline.”,

"B. The Internet Court accepts and processes litigation
materials submitted online, and delivers the results as electronic
documents via the internet.",

"C. The Internet Court conducts hearings and evidence
exchange via online video, and may decide whether offline cross-

“answer": "D" }

Figure 25: The MCQ sample of ability 17. The left is
the original text, and the right is the English translation.

18. Case-based reasoning and judgment. Abil-
ity to construct judgments through analogical rea-
soning with relevant precedents and case-specific
facts. An MCQ sample of this ability in the LexGe-
nius is shown in Figure 26.

$2 Ability 18

"question": "Starting in July 1997, Liu Chengming illegally operated a gas
station without approval at the fishing port dock of Shanjiao Village, Hetao
Town,... On May 9, 1999, while refueling the fishing boat 'Lu Cheng Yu 0586',
the diesel fuel sold by Liu was substandard ..., and the refueling equipment
lacked anti-static treatment...How should the judge determine the legal
classification of the diesel?",

"options" [

"A. Suspend the trial and report to the Supreme People’s Court, waiting for a
clear judicial interpretation before rendering a verdict.”,

"B. Apply systematic interpretation, and in light of the legislative intent
behind ..., expansively interpret the diesel in this case as 'flammable material’
under Article 136 of the Criminal Law.",

"C. Apply the principle of in dubio pro reo’, and deny the flammability of

g@g Ability 18

{

i
it 19994:5HOH, X
B,
T H 5 brifk65

B .t
2

diesel due to the lack of explicit legal definition, declaring the defendant not
guilty.",
"D. Srietly follow the technical .., and determine that diesel with a flash point
of 2 us negating the elements of the crime."
!

Tanswer': "B" }

Figure 26: The MCQ sample of ability 18. The left is
the original text, and the right is the English translation.

19. Analysis of the application of judicial pro-
cedures in different jurisdictions. Ability to iden-
tify jurisdictional differences in judicial procedures
and adjust legal reasoning accordingly. An MCQ
sample of this ability in the LexGenius is shown in
Figure 27.

&R Ability 19

"question”: "On the evening of March 15, 1999, around 8:30 PM,
defendant Zhao Jianfeng was driving an unlicensed van belonging to the
Langtou Paper Machinery Factory in Dandong. While heading west on
Renmin Road in Zhenxing District near the Second City Hospital, he hit a

g§§ Ability 19
{ » (

e pedestrian, Pei Fengjin. Afier the accident, Zhao and two passengers, Zou
. FHIRTF ka2 ", and Wang, ... Which of the following statements about the second-instance
"options" procedure is correct?",
"options": [
"A. The second-instance court shall conduct a full ... of the appeal, but

shall not impose a heavier sentence on the defendant.",

"B. Zhao Jianfeng’s appeal period starts from the day he receives the
judgment, and may be extended to 15 days due to transportation difficulties
upon request.”,

"C. Zhao must submit the appeal through the original court, and the
appeal copy ... otherwise the appeal s invalid.",

"D. If Zhao only appeals the civil compensation part, the second-
instance court may still review and revise the criminal part,"
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"answer": "A" 8
"answer": "A" }

Figure 27: The MCQ sample of ability 19. The left is
the original text, and the right is the English translation.

20. Understanding of judicial procedures and
the ability to grasp details. Ability to accurately
apply procedural rules throughout litigation or non-
litigation processes, ensuring procedural compli-
ance. An MCQ sample of this ability in the LexGe-
nius is shown in Figure 28.

examination is needed based on specific circumstances.”,
HLIE I 32 5 7T LA "D. For simple civil cases, the Internet Court may, upon a
A EBEE. SRBERE

party’s request, merge the steps of statement, investigation, and
debate into one hearing session."

Tanswer': "A"
i

"answer": "A"
)

} )

Figure 28: The MCQ sample of ability 20. The left is
the original text, and the right is the English translation.

C Annotation Details

We recruited nine master’s candidates in law for
double-blind annotation. As detailed in Section 4.2
and Figure 3, evaluators assessed questions on a 5-
point scale based on five specific criteria: statutory
accuracy, logical soundness, answer uniqueness,
competence alignment, and normative wording. Ar-
bitration was triggered for score discrepancies ex-
ceeding two points. Participants were informed of
data usage and management policies. To ensure
fair labor practices, annotators were compensated
at a rate of US$15 per hour, which exceeds the
local average wage for student research assistants.

D Experimental setup details

D.1 Large Language Models

We evaluated 12 LLMs on LexGenius. For GPT-40
mini, GPT-4 nano, DeepSeek-V3, and DeepSeek-
R1, we accessed them via their official APIs. For
other LLMs, we conducted experimental tests using
the official weights. These LLMs are as follows:

Qwen2.5-1.5B-Instruct (Hui et al., 2024): A
lightweight instruction-tuned model released by
Alibaba with 1.5B parameters, designed for edge
deployment and local inference with bilingual sup-
port and basic task execution.

Qwen2.5-7B-Instruct (Hui et al., 2024): A mid-
scale model in the Qwen2.5 series, optimized for
stronger reasoning and instruction following, suit-
able for more complex language tasks in medium-
sized deployments.

Qwen3-4B (Yang et al., 2025): A 4B-parameter
model from the third-generation Qwen series,
showing strong performance in multilingual, cod-
ing, and logical tasks.

Qwen3-8B (Yang et al., 2025): An enhanced
version of Qwen3 with extended context length and
multilingual capabilities, significantly improving



performance in reasoning and generation tasks.

LLaMA-3.2-1B-Instruct (Grattafiori et al.,
2024): A compact instruction-tuned model from
Meta’s LLaMA 3 series, designed for resource-
constrained environments while maintaining core
instruction-following capabilities.

LLaMA-3.2-8B-Instruct (Grattafiori et al.,
2024): A standard model in the LLaMA 3 lineup,
offering high-quality multilingual understanding,
code generation, and reasoning, achieving state-of-
the-art results across many tasks.

GLM-4-9B-Chat (GLM et al., 2024): A 9B
bilingual chat model developed by Zhipu Al,
equipped for multi-turn dialogue, tool use, and con-
textual memory, with strong performance particu-
larly in Chinese semantic understanding.

DeepSeek-LLM-7B-Chat (Bi et al., 2024): A
7B bilingual chat model by DeepSeek, integrating
capabilities in code generation, mathematics, and
language understanding, suitable for dialogue and
multitask settings.

DeepSeek-R1 (Guo et al., 2025): A large-scale
open-source language model developed by the Chi-
nese company DeepSeek, featuring strong capabili-
ties in mathematics, programming, and reasoning
with efficient training and leading performance.

DeepSeek-V3 (Liu et al., 2024): A large lan-
guage model based on a mixture-of-experts archi-
tecture, excelling in mathematics, programming,
and logical reasoning, and is well-suited for a vari-
ety of intelligent application scenarios.

GPT-40 mini (Hurst et al., 2024): A parameter-
efficient version of OpenAl’s GPT-40, supporting
multimodal inputs (text, image, audio) with consis-
tent alignment behavior as its full-size counterpart.

GPT-4.1 nano (Hurst et al., 2024): An ultra-
compact model in the GPT-4.1 series, designed for
on-device and embedded inference with support
for moderate-length contexts and basic reasoning
under resource constraints.

D.2 Two Prompt Methods

To evaluate LexGenius, we employed Naive and
CoT strategies (see Figure 29). The Naive prompt
prioritizes efficiency via direct output generated
in a single pass, though its lack of reasoning of-
ten degrades performance on complex tasks. Con-
versely, CoT simulates human problem-solving by
decomposing tasks into intermediate steps, activat-
ing causal chains to significantly reduce errors in
multi-step dependencies and conditional logic.

Naive Prompt (Original text): ""fRAMRR—NEWAGERAR, BHRIBRAGEERIR,
A, B, C, DIUANGEIIHEEREINEFATETR, REZEASBRCHDIUINFEHE]
—, REEEHERNFS (BIASBECED) AEEEEMHINE",

Naive Prompt (English translation): "If you are a professional legal professional, please
choose the correct option from the four options, A, B, C, and D, based on your legal
knowledge. Only answer one of the four letters, A, B, C, or D. Only answer the sequence
number of the correct option (i.e., A, B, C, or D). Do not answer anything else.",

CoT Prompt (Original text): "BIMFR—NEWABERAR, BRIBRAGEERDIR,
TS —HORNEE, A, B, C, DIUMEIRRER M EFRSEE, [EE
ASBECEDIUINFEFI—, RESERERNFS (BIASBRHCEHED) FE
EEEMIIRE"

CoT Prompt (English translation): "If you are a professional legal professional, please
think deeply and step by step based on your legal knowledge. Choose one correct option
from the four options A, B, C, and D. Only answer one of the four letters, A, B, C, or D.
Only answer with the number of the correct option (i.e., A, B, C, or D). Do not answer
anything else.",

Figure 29: The two utilized prompt methods for LLMs.
In this figure, we provide the Chinese and English texts.

E Results of Twenty Abilities

Based on the structured capability framework pro-
vided by LexGenius, we evaluated the performance
of various SOTA LLMs across 20 legal intelligence
abilities (see Table 7). LexGenius is categorized
under 7 core dimensions. These dimensions are
further divided into 11 tasks and 20 abilities, cov-
ering a comprehensive range of legal intelligence
abilities, including understanding, reasoning, ap-
plication, ethical judgment, language processing,
socio-legal interaction, and judicial practice.

The results of 20 legal intelligence abilities for
the 12 LLMs are shown in Table 7. The LLMs’
legal intelligence abilities decline significantly in
tasks requiring deeper abstraction. These tasks
involve complex value judgments, cross-domain
norm integration, and procedural reasoning—areas
where LLMs struggle to match human-like legal
cognition. This highlights the need for further
model optimization in sociological, ethical, and
institutional aspects of legal general intelligence.

F With Different Enhanced Methods

To evaluate the impact of different optimization
and enhancement methods on the legal intelligence
capabilities of LLMs, we selected four LLMs
(including Qwen2.5-1.5B-Instruct, Qwen2.5-7B-
Instruct, Qwen3-4B, and Qwen3-8B) and experi-
mented with Supervised Fine-Tuning (SFT), Chain-
of-Thought (CoT), Retrieval-Augmented Genera-
tion (RAG), and Reinforcement Learning (RL) al-
gorithms. We randomly sampled 64 test instances
from each of the 20 ability test sets in LexGenius,
resulting in 1,280 total samples for evaluation. The
remaining 7,105 data samples were used as the
training set for SFT and RL, as well as for construct-



Ability Human LLM 1 LLM2 LLM3 LLM4 LLM5 LLM 6 LLM7 LLM 8 LLM 9 LLM 10 LLM 11 LLM 12
Naive Prompt
Ability 1 89.63 45.00 5820 50.80 5520 28.80 37.80 53.00 39.00 6440 64.80 47.00 41.40
Ability2  87.41 3778 60.89 4622 5422 30.67 3333 46.22 3422 67.11 6578 47.11 4044
Ability 3 90.37 49.38 65.15 62.66 65.15 28.63 39.83 59.34 38.59 70.54 70.54 55.19 57.68
Ability4 9259 39.40 56.60 48.00 50.60 25.80 32.20 47.60 32.20 59.20 58.00 46.00  39.00
Ability 5 88.89 4345 5536 5238 50.60 23.81 2798 41.67 3571 60.71 60.12 3929 47.62
Ability 6 8593 40.19 60.29 50.72 55.02 22.49 3397 54.07 3493 63.64 6459 4450 43.06
Ability 7 8593 3620 47.80 41.40 42.80 25.60 31.60 39.40 35.80 46.80 46.80 40.40 3540
Ability 8  92.59 39.60 5220 46.00 4840 23.20 34.80 42.60 27.40 53.00 5520 4040 35.80
Ability 9 88.89 31.03 35.78 29.74 25.00 30.60 33.19 2457 2543 3793 37.07 30.17 21.55
Ability 10 86.67 59.00 64.80 58.00 64.20 46.80 56.20 66.00 4840 67.60 67.60 6520 59.20
Ability 11 83.70 5240 6320 63.80 61.60 42.00 50.80 56.80 41.80 74.00 73.00 59.20 54.40
Ability 12 89.63 43.55 63.55 50.65 6097 27.74 2935 5871 3226 7419 7355 4581 4581
Ability 13 8593 60.40 68.60 64.60 6520 51.00 63.40 66.20 46.80 68.00 67.40 69.20 60.40
Ability 14 87.41 57.20 71.00 69.00 67.60 45.80 55.00 64.40 51.60 76.80 7640 67.60 63.00
Ability 15 91.85 56.40 58.00 55.60 54.80 46.00 51.60 57.60 40.20 6540 66.20 61.20 54.40
Ability 16 82.96 64.40 69.20 62.00 61.20 59.00 59.60 63.60 49.20 75.00 72.60 67.60 59.00
Ability 17 89.63 3840 45.80 40.80 45.00 23.80 34.20 3940 33.40 48.80 4940 40.20 37.00
Ability 18 90.37 50.80 64.60 5820 66.00 44.00 53.60 60.00 4040 7240 71.80 60.40 59.00
Ability 19 79.26 5820 74.00 65.80 69.60 37.80 54.60 63.80 45.60 80.00 81.20 65.80 61.80
Ability 20 87.41 34.60 45.80 41.40 40.80 26.60 28.80 39.00 29.40 4840 4720 42.60 35.00
CoT Prompt
Ability 1 89.63 45.00 57.60 50.60 54.40 30.00 3640 53.20 36.80 6440 6420 48.00 56.80
Ability 2 87.41 38.67 60.00 44.44 55.11 2844 32.00 4578 30.67 66.67 66.67 4622 5022
Ability 3 90.37 48.13 6390 6224 66.80 26.56 3859 60.17 3320 7220 7178 55.19 56.85
Ability 4 9259 42.00 56.20 48.00 49.20 23.60 32.20 47.00 32.00 60.40 58.80 45.80 40.00
Ability 5 88.89 4226 54.17 5298 50.60 28.57 3095 41.07 2738 59.52 6131 4048 47.62
Ability 6 8593 4258 59.33 50.72 5837 2536 3541 5455 3349 6459 6459 4545 44.02
Ability 7 8593 36.00 48.00 42.00 41.40 24.60 32.00 39.60 3440 46.60 47.60 39.40 39.40
Ability 8  92.59 39.60 51.80 44.20 47.40 2220 3500 41.80 29.80 53.60 5340 40.60 48.00
Ability 9 88.89 3190 3578 28.02 22.84 3190 33.19 28.02 2845 37.50 3879 2931 3276
Ability 10 86.67 59.40 65.40 58.60 62.80 46.60 5520 65.60 50.20 68.00 67.40 65.80 60.80
Ability 11 83.70 52.60 61.80 63.40 60.40 40.20 51.00 57.20 3640 7320 7140 58.60 58.40
Ability 12 89.63 44.84 63.23 5032 60.65 2645 29.03 59.68 3258 74.19 7323 4645 6097
Ability 13 8593 61.80 68.60 64.40 63.20 53.40 64.20 66.80 49.00 68.20 67.80 68.60 64.40
Ability 14 87.41 5720 7040 6820 66.00 4140 56.40 63.40 5040 77.00 7720 6720 66.20
Ability 15 91.85 5620 59.60 54.00 54.60 45.60 51.80 57.40 42.60 65.00 6520 61.40 54.00
Ability 16 82.96 = 66.00 68.80 61.20 60.80 56.80 6120 63.60 49.20 75.00 7540 68.80 61.40
Ability 17 89.63 38.80 4520 4120 4440 21.60 3240 3840 30.60 51.20 48.80 39.60 37.00
Ability 18 90.37 50.80 64.60 58.00 65.00 42.80 54.80 60.80 42.60 73.60 72.80 61.80  60.60
Ability 19 79.26  59.20 7440 66.00 6840 39.00 56.60 64.60 43.60 79.60 81.00 67.00 66.00
Ability 20 87.41 36.60 46.20 41.80 39.80 25.60 3040 40.40 29.40 47.00 47.40 42.00 46.80

Table 7: Comparison of performance across 20 legal intelligence abilities for Naive Prompt and CoT Prompt on
various LLMs (all values in %). LLM 1 is Qwen2.5-1.5B-Instruct; LLM 2 is Qwen2.5-7B-Instruct; LLM 3 is
Qwen3-4B; LLM 4 is Qwen3-8B; LLM 5 is Llama-3.2-1B-Instruct; LLM 6 is Llama-3.2-8B-Instruct; LLM 7 is
GLM-4-9B-Chat; LLM 8 is DeepSeek-LLM-7B-Chat; LLM 9 is DeepSeek-R1; LLM 10 is DeepSeek-V3; LLM 11

is GPT-40 mini; and LLM 12 is GPT-4.1 nano.

ing the retrieval corpus. The appropriate parame-
ters were selected for SFT and RL training. The
experimental results of these LLMs, after applying
these enhancement methods across various dimen-
sions and tasks of legal intelligence, are shown in
Table 8 and Table 9.

G Correlation Analysis

The performance of 12 LLMs on LexGenius is uti-
lized to analyze correlations (see Figure 30). It il-
lustrates that most of the legal intelligence abilities
(left), tasks (upper right), and dimensions (lower
right) exhibit low correlations. It shows the effec-
tiveness of LexGenius because the low intercorre-
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Figure 30: The correlation analysis of legal intelligence
ability, task, and dimension in LexGenius for 12 LLMs.



Model Legal Und. Legal Rea. Legal App. Legal Ethics Legal Lan. Law & Soc. Judicial Pra. Avg.
Baseline
Qwen3-4B 22.39 31.77 32.82 30.47 18.75 33.85 35.16 29.32
Qwen2.5-7B 62.50 51.04 42.19 61.72 63.28 69.79 58.60 58.45
Qwen3-8B 25.52 31.25 29.69 27.34 17.97 32.81 30.47 27.86
Qwen2.5-1.5B 43.75 44.79 35.41 56.25 51.57 58.33 49.61 48.53
CoT
Qwen3-4B 19.79 29.69 34.38 29.69 18.75 34.37 32.03 28.39
Qwen2.5-7B 60.94 52.09 38.54 60.16 61.72 69.27 57.42 57.16
Qwen3-8B 23.43 29.69 33.33 28.91 19.53 30.73 28.91 27.79
Qwen2.5-1.5B 42.19 46.35 3542 57.82 52.35 61.98 50.00 49.44
RAG
Qwen3-4B 37.67 35.64 34.43 36.86 36.35 42.70 40.02 37.67
Qwen2.5-7B 57.29 45.84 41.14 53.13 54.89 57.77 55.47 52.22
Qwen3-8B 48.96 47.92 28.64 51.56 48.44 50.00 44.93 45.78
Qwen2.5-1.5B 30.93 34.54 32.08 37.50 32.81 38.71 36.06 34.66
SFT
Qwen3-4B 50.52 37.50 33.86 67.19 52.35 67.71 50.00 51.30
Qwen2.5-7B 56.25 52.08 31.25 64.85 61.72 66.66 58.20 55.86
Qwen3-8B 61.98 45.83 32.81 69.53 63.28 71.35 53.13 56.84
Qwen2.5-1.5B 49.48 43.75 31.25 60.16 61.72 67.19 46.87 51.49
GRPO
Qwen3-4B 52.08 47.92 29.17 60.94 53.91 63.02 50.00 51.01
Qwen2.5-7B 57.29 53.65 35.42 56.25 67.97 63.54 57.42 55.93
Qwen3-8B 59.90 50.00 35.94 60.94 63.28 62.50 52.74 55.04
Qwen2.5-1.5B 53.65 46.36 32.81 62.50 60.94 61.46 49.61 52.48

Table 8: Comparison of the four LLMs with different enhanced methods on seven dimensions of LexGenius, which
include CoT, RAG, SFT, and GRPO.

Model Task1 Task2 Task3 Task4 Task5 Task 6 Task7 Task8 Task9 Task 10 Task 11 Avg.
Baseline
Qwen3-4B 2239 31.77 3282 2812 3281 1875 3750 39.06 25.00 30.46 39.84 30.78
Qwen2.5-7B 62.50 51.04 4219 5938 64.06 6328 68.75 67.19 73.44 5391 63.28 60.82
Qwen3-8B 2552 31.25 29.69 28.12 26.56 1797 3594 3750 2500 2734 33.59 28.95
Qwen2.5-1.5B 43.75 4479 3541 57.81 54.69 51.56 53.12 60.94 60.94 50.00 49.22  S51.11
CoT
Qwen3-4B 19.79 29.69 3438 28.12 31.25 18.75 40.62 37.50 25.00 28091 35.16  29.92
Qwen2.5-7B 60.94 52.09 3854 5625 64.06 61.72 67.19 67.19 7344 5234 62.50 59.66
Qwen3-8B 2343 29.69 3333 29.69 28.12 1953 29.69 39.06 2344 25.00 32.81 28.53
Qwen2.5-1.5B 42.19 4635 3542 5938 5625 5234 53.12 65.62 67.19 51.56 48.44 52.53
RAG
Qwen3-4B 37.67 35.64 3443 3871 3500 3635 54.84 30.65 4262 40.05 39.98 38.72
Qwen2.5-1.5B 3093 3454 32.08 40.62 3438 32.81 33.33 50.00 32.81 38.28 33.84 35.78
Qwen3-8B 4896 4792 28.64 53.12 50.00 4844 53.12 43.75 53.12 42.19 47.66 46.99
Qwen2.5-7B 5729 4584 41.14 5625 50.00 54.89 55.56 58.06 59.68 50.78 60.16 53.60
SFT
Qwen3-4B 50.52 3750 33.86 73.44 6094 5234 6094 7031 71.88 46.09 5391 55.61
Qwen2.5-7B 56.25 52.08 3125 7031 59.38 61.72 65.62 6562 68.75 59.38 57.03 58.85
Qwen3-8B 61.98 4583 3281 75.00 64.06 6328 6406 68.75 81.25 53091 52.34  60.30
Qwen2.5-1.5B 4948 4375 3125 7031 50.00 61.72 64.06 67.19 7031 4844 4531 54.71
GRPO
Qwen3-4B 52.08 47.92 29.17 6250 59.38 5391 67.19 5625 65.62 49.22 50.78 54.00
Qwen2.5-7B 5729 53.65 3542 5781 54.69 6797 6250 6094 67.19 61.72 53.12 57.48
Qwen3-8B 59.90 50.00 3594 6094 6094 6328 57.81 5938 7031 5547 50.00 56.72
Qwen2.5-1.5B 53.65 4636 32.81 68.75 56.25 6094 6250 56.25 65.62 52.34 46.87 54.76

Table 9: Comparison of the four LLMs with different enhanced methods on eleven tasks of LexGenius, which
include CoT, RAG, SFT, and GRPO.



lation suggests LLMs cannot rely on general legal
heuristics or shallow transfer across domains to per-
form well; instead, success in one category does not
guarantee success in others. This reflects the com-
prehensive coverage and conceptual independence
of our benchmark dimensions, further validating
their robustness as an evaluation framework.

H Limitations

Although LexGenius structures legal general intel-
ligence evaluation, it is limited by a lack of mul-
timodal capabilities, cross-jurisdictional coverage,
and temporal awareness. These gaps constrain its
ability to capture real-world complexity. The fol-
lowing subsections detail these core limitations.

Lack of Multimodal Tasks Limits Realistic
Evidence Modeling. The current version of Lex-
Genius relies entirely on pure textual materials,
excluding multimodal evidence types common in
real-world cases, such as scanned contracts, video
stills, or audio transcriptions. This unimodal de-
sign fails to assess capabilities in visual perception,
auditory understanding, and cross-modal reasoning
essential for handling actual judicial cases. Con-
sequently, the absence of multimodal inputs limits
LLM applicability in tasks such as evidence review,
fact reconstruction, and visual-legal interpretation,
reducing evaluation fidelity to real-world scenarios.

Linguistic and Jurisdictional Limitations Un-
dermine Cross-Cultural Generalization. LexGe-
nius is currently constructed solely from Chinese
corpora and Mainland China’s law system, exhibit-
ing distinct linguistic and legal singularity. Con-
sequently, evaluations are confined to this context,
failing to capture broader capabilities like inter-
preting international statutes or comparative anal-
ysis. This restriction limits applicability in global
legal services and cross-border disputes, hamper-
ing transferability and impeding the evolution into
a universal legal intelligence system.

Lack of Evaluation on Temporal Sensitivity
and Legal Validity Awareness. A core character-
istic of law is its temporal nature. Applicable rules
for a given issue may vary across time, especially
before and after legislative amendments. LexGe-
nius currently does not incorporate a systematic
temporal dimension to assess whether models can
understand the time-bound applicability of statutes,
the validity period of precedents, or transitional
legal provisions. Without such temporal sensitiv-
ity tests, models may produce outdated or legally

invalid answers when facing evolving legal frame-
works, with no mechanism to detect these errors.

I Future Work

While LexGenius establishes a structured evalua-
tion framework for Chinese legal general intelli-
gence, it has yet to fully capture real-world com-
plexity. Therefore, our future work focuses on:
Incorporating Multimodal Tasks to Enhance
Realistic Evidence Modeling. The current ver-
sion of LexGenius relies solely on text and does
not include multimodal information common in
real legal cases, such as scanned contracts, court-
room audio, or surveillance stills. The absence of
such inputs limits the evaluation of model capabili-
ties in visual perception, auditory comprehension,
and cross-modal reasoning, essential for evidence
review, fact reconstruction, and interpretation of
visual-legal content. In the future, we plan to em-
bed images, audio, and other modalities into tasks
to assess reasoning capabilities based on heteroge-
neous, multi-source information, thus aligning eval-
uation more closely with practical judicial needs.
Expanding Linguistic and Jurisdictional Cov-
erage to Improve Cross-Cultural Generalization.
The current dataset is grounded in Chinese texts
and the law system of Mainland China, exhibiting
limitations in language and legal tradition. This
restricts evaluation applicability. Future versions
will incorporate texts from Hong Kong, Macau, and
Taiwan, as well as English statutes and case law
from common law systems. We aim to construct
bilingual QA pairs, translation tasks, and compar-
ative analyses to evaluate models’ capabilities in
understanding, aligning, and adapting across legal
and linguistic contexts. This expansion contributes
to benchmarking models for global legal services.
Introducing Dynamic Testing of Legal Tem-
porality and Time Sensitivity. Legal applicabil-
ity is highly time-dependent. Legal amendments
can lead to different rulings, and precedents often
carry specific periods of validity and applicability.
Currently, LexGenius lacks a systematic temporal
dimension, making it difficult to evaluate whether
a model can identify the applicable time windows
of statutes, conditions for transitional provisions,
or conflicts between old and new laws. Future ver-
sions will include temporally structured legal tasks
that require models to make dynamic judgments
under varying timeframes, enhancing their under-
standing and adaptability to evolving legal systems.



