
PLAWBENCH: A Rubric-Based Benchmark for Evaluating LLMs in
Real-World Legal Practice

Anonymous ACL submission

Abstract001

As large language models (LLMs) are increas-002
ingly applied to legal domain-specific tasks,003
evaluating their ability to perform legal work in004
real-world settings has become essential. How-005
ever, existing legal benchmarks rely on simpli-006
fied and highly standardized tasks, failing to007
capture the ambiguity, complexity, and reason-008
ing demands of real legal practice. Moreover,009
prior evaluations often adopt coarse, single-010
dimensional metrics and do not explicitly as-011
sess fine-grained legal reasoning. To address012
these limitations, we introduce PLAWBENCH,013
a Practical Law Benchmark designed to eval-014
uate LLMs in realistic legal practice scenar-015
ios. Grounded in real-world legal workflows,016
PLAWBENCH models the core processes of le-017
gal practitioners through three task categories:018
public legal consultation, practical case anal-019
ysis, and legal document generation. These020
tasks assess a model’s ability to identify legal021
issues and key facts, perform structured legal022
reasoning, and generate legally coherent doc-023
uments. PLAWBENCH comprises 850 ques-024
tions across 13 practical legal scenarios, with025
each question accompanied by expert-designed026
evaluation rubrics, resulting in approximately027
12,500 rubric items for fine-grained assess-028
ment. Using an LLM-based evaluator aligned029
with human expert judgments, we evaluate 10030
state-of-the-art LLMs. Experimental results031
show that none achieves strong performance032
on PLAWBENCH, revealing substantial limita-033
tions in the fine-grained legal reasoning capa-034
bilities of current LLMs and highlighting im-035
portant directions for future evaluation and de-036
velopment of legal LLMs. Data is available037
at: https://anonymous.4open.science/r/038
PLawbench-B524/.039

1 Introduction040

With the rapid advancement of AI technologies,041

large language models (LLMs) have been increas-042

ingly applied to a wide range of domain-specific043

applications, such as legal (Chen et al., 2024b; 044

Padiu et al., 2024), medical (Zhou et al., 2023), 045

and finance (Li et al., 2023). In these knowledge- 046

intensive fields, real-world problems often require 047

the integration of extensive prior knowledge to- 048

gether with complex logical reasoning. Enabling 049

LLMs to handle professional tasks in such do- 050

mains, therefore, necessitates the coordinated use 051

of multiple capabilities, including knowledge re- 052

trieval (Pipitone and Alami, 2024), reasoning (Yao 053

et al., 2025), planning (Li et al., 2025a), and deci- 054

sion making (Chen et al., 2024a). 055

In the legal domain, LLMs have been explored 056

as tools to assist with real-world legal tasks tradi- 057

tionally performed by legal practitioners. Practical 058

legal scenarios are highly diverse and complex, 059

requiring the ability to retrieve and apply legal 060

knowledge, identify and clarify legally relevant 061

facts, plan multi-step problem-solving strategies, 062

conduct structured legal reasoning (Shi et al., 2025), 063

and verify and analyze conclusions (American Bar 064

Association, 1992; Doyle and Tucker, 2025). This 065

raises a fundamental question: To what extent can 066

LLMs handle complex legal tasks and reason 067

like human practitioners? 068

Prior research has attempted to evaluate LLMs 069

on legal tasks (Cui et al., 2023; Hu et al., 2025; 070

Liu et al., 2025b; Fei et al., 2024; Li et al., 2025b). 071

However, the construction of these benchmarks of- 072

ten fails to reflect the practical demands of realistic 073

legal workflows. Specifically, existing work suffers 074

from the following three limitations: 075

① Lack of Realistic Task Construction. Some 076

previous benchmarks are directly derived from judi- 077

cial or bar examination questions (e.g., LAIW (Dai 078

et al., 2025), LEXAM (Fan et al., 2025)), while 079

others contain tasks that are deliberately simplified 080

(e.g., LegalAgentBench (Li et al., 2025a), Legal- 081

bench (Guha et al., 2023)). In real-world legal 082

settings, user queries are frequently ambiguous, in- 083
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Figure 1: Overall framework of PLAWBENCH illustrates a four-step pipeline: collecting multi-source legal data,
expert annotation into three task types, LLM-based inference on these tasks, and rubric-based evaluation of the
LLM outputs by a judge model.

complete, or strategically framed, with key facts084

omitted or obscured. Only by incorporating such085

characteristics can evaluations more accurately cap-086

ture LLM performance when acting as legal practi-087

tioners.088

② Insufficient Modeling of Legal Reasoning.089

Logical and structured legal reasoning steps are090

essential when large language models handle legal091

problems. Prior benchmarks claim to assess reason-092

ing abilities. LexEval (Li et al., 2024a) evaluates093

“Logic Inference” capability while their designs094

overlook the distinctive nature of legal reasoning.095

Simple syllogistic reasoning (Deng et al., 2023a) or096

IRAC (Issue, Rule, Application, and Conclusion)-097

style (Jang et al., 2025) evaluations primarily cap-098

ture surface structure rather than substantive le-099

gal inference (Zhang et al., 2025a). Even recent100

benchmarks, such as PRBENCH (Akyürek et al.,101

2025), rely on general-purpose scoring frameworks102

that are not tailored to the unique reasoning mech-103

anisms of the legal domain. As a result, these104

approaches fail to adequately assess the complex,105

context-dependent reasoning required in real legal106

practice.107

③ Coarse and Uniform Evaluation Metrics.108

Moreover, existing evaluations typically rely on109

coarse criteria such as whether the final conclu-110

sion is correct, whether relevant statutes are cited,111

or whether a syllogistic structure is followed (Fei112

et al., 2024; Li et al., 2024a; Wald, 2018). However,113

such uniform evaluation metrics fail to capture the114

diversity and complexity of legal practice across115

different scenarios. Fine-grained and case-specific116

evaluation rubrics are essential for realistically as-117

sessing legal practitioner LLMs.118

Due to these limitations, existing benchmarks119

have not achieved a comprehensive, in-depth, or 120

a realistic assessment of LLM capabilities in le- 121

gal practice. To address this gap, we propose a 122

Practical Law Benchmark (PLAWBENCH) de- 123

signed to evaluate LLMs acting as legal practi- 124

tioners under realistic, knowledge-intensive, and 125

reasoning-driven conditions. This work has three 126

main contributions: 127

❶ Authentic Simulation of Legal Practice. We 128

evaluate LLMs using a hierarchical framework 129

adapted from authentic legal workflows, compris- 130

ing three levels: Public Legal Consultation, Practi- 131

cal Case Analysis, and Legal Document Generation 132

(see Figure 1) 1. To mirror the cognitive challenges 133

of real-world practice, we adapt tasks from actual 134

cases and deliberately incorporate realistic noise — 135

such as vague queries, emotional narratives, and 136

omitted facts. This design moves beyond ideal- 137

ized benchmarks to rigorously test whether models 138

can distill relevant legal facts from the ambiguity 139

inherent in professional environments. 140

❷ Fine-Grained Reasoning Steps. Beyond eval- 141

uating the final conclusions, our benchmark explic- 142

itly incorporates fine-grained legal reasoning steps 143

into task design and evaluation. This allows us to 144

examine whether LLMs can perform multi-stage 145

legal reasoning, including issue identification, fact 146

clarification, legal analysis, and conclusion valida- 147

tion, rather than relying on shallow pattern match- 148

ing or surface-level reasoning. 149

❸ Task-Specific Rubrics. Our framework em- 150

ploys personalized, task-specific rubrics to assess 151

1Adapted from Maughan and Webb (Maughan and Webb,
2005): Consultation corresponds to "Interviewing" (Ch.5),
Case Analysis to "Case Management" (Ch.10), and Document
Generation to "Drafting" (Ch.7-8).
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substantive legal reasoning beyond mere outcomes.152

Legal experts follow a two-stage annotation pro-153

cess: first defining a reasoning-oriented framework154

for each task type, then tailoring specific criteria to155

individual case scenarios. This approach ensures156

evaluation is both principled and context-sensitive,157

enabling a fine-grained and realistic assessment of158

LLM performance in practical settings.159

2 Related Work160

Existing research has proposed a variety of bench-161

marks to evaluate AI systems in legal domains,162

primarily focusing on models’ ability to under-163

stand and apply legal knowledge. Early efforts164

assess legal AI systems through tasks such as legal165

information extraction and legal reasoning. Rep-166

resentative benchmarks include JEC-QA (Zhong167

et al., 2020), which evaluates multi-hop reason-168

ing based on Chinese bar examination questions;169

CaseHOLD (Zheng et al., 2024), which focuses on170

identifying legal holdings in U.S. appellate deci-171

sions; (Zhang et al., 2025b), which evaluates the172

identification of overruling relationships in U.S.173

Supreme Court cases; and SARA (Blair-Stanek174

et al., 2023), which examines statutory reasoning in175

U.S. tax law. Many of these benchmarks adopt syl-176

logistic reasoning structures or legal writing frame-177

works such as IRAC.178

More recently, comprehensive benchmarks have179

been introduced to provide multi-dimensional eval-180

uations of legal AI systems. For example, Law-181

Bench (Fei et al., 2024) evaluates legal LLMs182

across cognitive levels, including memorization,183

understanding, and application; LegalBench (Guha184

et al., 2023) comprises a wide range of tasks span-185

ning multiple forms of legal reasoning; LexEval (Li186

et al., 2024a), the largest Chinese legal benchmark187

to date, covers diverse legal tasks at scale; and188

LAiW (Dai et al., 2025) explicitly structures legal189

reasoning into layered components aligned with190

legal practice logic.191

Despite their contributions, existing benchmarks192

often fail to reflect the complexities of real-world193

legal practice. First, tasks like statutory memo-194

rization or exam-based QA (e.g., LawBench (Fei195

et al., 2024)) diverge significantly from authentic196

scenarios where practitioners must distill relevant197

facts from ambiguous, incomplete client narratives.198

Second, current benchmarks typically isolate in-199

terdependent tasks — such as separating statutory200

retrieval from judgment prediction — ignoring the201

Dimension What It Evaluates

Issue & Fact Identification Identification of legal issues and material facts
Legal Reasoning Logical inference connecting facts and legal rules
Legal Knowledge Application Context-aware application of legal provisions
Procedural & Strategic Awareness Procedural compliance and litigation strategy
Claim & Outcome Construction Formulation of claims, defenses, and remedies
Professional Norms & Compliance Adherence to legal and ethical standards

Table 1: Rubric dimensions defined based on practical
legal tasks.

holistic reasoning chain required in practice. Fur- 202

thermore, evaluation metrics for document genera- 203

tion (e.g., ROUGE-L) fail to capture professional 204

legal standards. In contrast, our benchmark inte- 205

grates three representative authentic tasks with fine- 206

grained, expert-designed rubrics, ensuring com- 207

prehensive and practically relevant evaluation. A 208

comprehensive review of related work is provided 209

in Appendix A. 210

3 PLAWBENCH 211

3.1 Framework 212

Overall Framework As illustrated in Figure 1, 213

we organize legal tasks into three hierarchical levels 214

based on the real-world workflow of legal practi- 215

tioners: public legal consultation, practical case 216

analysis, and legal document generation. These 217

three tasks are designed to evaluate distinct but 218

complementary capabilities of LLM-based agents: 219

identifying legal issues and clarifying key facts, 220

analyzing disputes through legal reasoning, and 221

summarizing and presenting legal claims in a struc- 222

tured and formalized manner, respectively. 223

Rubric Construction Our rubric design adopts a 224

risk-tiered perspective. It is grounded in principles 225

emphasized by the EU AI Act’s (Act, 2024) risk 226

classification framework, AI auditing standards, 227

and legal risk management practices: the risks 228

posed by AI systems must be evaluated in relation 229

to specific tasks, concrete contexts, and affected 230

stakeholders, rather than relying solely on abstract 231

accuracy metrics (Hagan, 2024; Calloway, 2025). 232

In legal settings, traditional notions of “accu- 233

racy” are insufficient to capture task complexity. 234

In many scenarios, information may be factually 235

correct yet operationally unusable, legally accurate 236

but high-risk in terms of rights implications, or cor- 237

rect but lacking essential procedural guidance — 238

all of which can result in substantial harm to users. 239

Accordingly, we abstract task-level rubric items 240

into six unified evaluation dimensions, each cor- 241

responding to a fundamental component of legal 242

practice: (1) Issue and Fact Identification, (2) Legal 243
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Input: LLM’s Output

Conclusion: In this case, Party A and Party B continued to live together as a couple even after their divorce, thus constituting a cohabitation relationship...
Fact: Party A and Party B agreed to divorce in 2025. The divorce agreement merely stated "no property division, no debts or credits".
Analysis: 1. Legal relationship determination: The cohabitation relationship after divorce does not fall under the marital joint property system... 2. Principles
for dividing marital property: Treat as general jointly-owned property...
Statutes: Article 148 of the Civil Code of the People’s Republic of China stipulates...

✗

Evaluation A: Judge without Rubric
(General Scoring)

Although Party A and Party B signed a ‘Di-
vorce Agreement’... there is no concept of
‘fake divorce’ in law (+8.5 points)... From
then on, both parties no longer have a mar-
ital relationship but form a cohabitation
relationship (+8 points). Therefore, the
property acquired during this period does
not apply to the marital joint property sys-
tem and should be handled in accordance
with the general joint property rules stipu-
lated in Article 308 and Article 309 of the
Civil Code (+9.5 points)...

Total Score: 76.5/80 ✓

Evaluation B: Judge with Rubric (Fine-grained Assessment)

Conclusion (10/10): Key point 1: ✓Clearly assert that "the lottery winnings are regarded as jointly
owned property by both parties, with each party holding a 50% share." Key point 2: ✓Clearly assert that
"250,000 yuan is compensation for the property rights of the commercial housing and does not offset the
bonus distribution"...
Case (10/20): Key point 1: ✗Did not answer "for the purpose of obtaining the purchase qualification and
retaining the public rental housing" (the case summary only mentioned "divorce through agreement", but
did not explain the motive) → Deduct 2 points...
Analysis (24/30): Step 1: ✓Legal relationship between the two parties and property division rules (1)
Mentioned "formally legally divorced, but no longer applicable to the rules of joint marital property"...
Step 3: ✗Validity of the receipt (1) Did not analyze the major misunderstanding: The original answer only
argued with "fraud" (citing Article 148 of the Civil Code), but did not mention "major misunderstanding"
→ Deduct 6 points...
Statutes (5/20): Key point 1: ✓Article 308 of the Civil Code (presumption of joint ownership) → Original
answer cited → 5 points; Key point 2: ✗Article 303 of the Civil Code (rules for dividing jointly-owned
property) → Not cited → 0 points...

Total Score: 49/80

Figure 2: A contrasting example: rubric-based approach (Evaluation B) can identify situations that appear accurate
on the surface but are actually flawed in the reasoning process, while rubric-free approach (Evaluation A) cannot
do this, potentially exposing users to significant legal risks in practice.

Reasoning, (3) Legal Knowledge Application, (4)244

Procedural and Strategic Awareness, (5) Claim and245

Outcome Construction, and (6) Professional Norms246

and Compliance as shown in Table 1. These dimen-247

sions are designed to capture both substantive le-248

gal reasoning and practical decision-making, rather249

than surface-level task performance. Building on250

the six unified evaluation dimensions, we map them251

onto specific legal task settings and integrate them252

into rubric design to ensure that risk assessment253

aligns with task-specific legal risk points.254

As shown in Figure 2, this unified rubric design255

allows PLAWBENCH to move beyond fragmented256

task evaluations and provides a principled frame-257

work for assessing whether LLMs exhibit the core258

competencies required in real-world legal practice.259

3.1.1 Public Legal Consultation Task260

Task Definition The public legal consultation261

tasks primarily evaluate a model’s ability to iden-262

tify legal issues and clarify key facts. In real-world263

consultations, users often describe their situations264

ambiguously, omit critical information, or inten-265

tionally conceal unfavorable details. In some cases,266

emotional expressions overlap with criminal law267

terminology, for example, users may claim that268

they were “defrauded”, even when the statutory269

elements of fraud under criminal law are not sat-270

isfied. In other scenarios, users’ subjective per-271

ceptions diverge substantially from legally accu-272

rate classifications; for instance, in cases involving273

illegal fundraising, users may believe they were 274

“scammed”, while the applicable criminal offense 275

is illegal fundraising rather than fraud. 276

Consequently, effective legal consultation relies 277

on iterative questioning to clarify the user’s intent 278

and reconstruct legally relevant facts. This requires 279

models to demonstrate the ability to actively elicit 280

key information by posing appropriate follow-up 281

questions, gradually identifying the facts that mate- 282

rially affect legal outcomes. 283

Rubric Compared to traditional legal QA tasks, 284

which are based on pre-structured, exam-style ques- 285

tions and primarily emphasize answer correctness, 286

the public legal consultation task is designed to 287

assess a model’s ability to identify legal risks that 288

emerge in real-world practice. Such risks must 289

be inferred from the model’s performance in issue 290

and fact identification, legal reasoning, and legal 291

knowledge application when responding to user 292

narratives that are ambiguous, emotionally charged, 293

or incomplete. These deliberately omitted facts rep- 294

resent the core legal risk points in real consultation 295

scenarios, and the model must identify and clarify 296

them to detect and manage such risks. 297

To enable systematic evaluation, we design task- 298

specific rubrics focusing on these critical aspects. 299

Each rubric targets a indispensable fact that is not 300

explicitly stated in the prompt, must be clarified 301

through inquiry, and plays a decisive role in legal 302

qualification or the allocation of rights and obliga- 303

tions. A detailed description of the rubric design 304
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Fact: 
The defendant used a crawler program to batch crawl all
the text content of the involved works on the online literat
ure platform and use them for model training without per-
mission …… 
Question:
Did the defendant infringe upon the plaintiff's copyright? 

“ A Sophisticated Case,  I will judge LLM
with reasoning STEPs ”

Fact: 
In Sep. 2021, Party A reached a contract  with Party B, sti
pulating that Party B would replace the screen for the ph
one. After mailing the phone and paying the fee, Party B
failed to complete the screen replacement work ……
Question: 
Should the court accept Party A's lawsuit? 

Step 1. Analyze whether the novel text 
constitutes a “work” protected by the 
“Copyright Law”.

-The field of literature, art and science;

- Independent creation and creativity;

- Certain forms of expression;

If pass, +10 ’

- The field of literature, art and science;

Step 2. Analyze whether the defendant has engaged in the 
acts within the scope of the exclusive rights.

- The scope of the right of reproduction;

- The scope of the right of information network dissemination;

- The defendant scraped and processed text data of plaintiff;

If pass, +10 ’

- The defendant provided generative artificial intelligence 
services to the public;

Step 3. Analyze whether the defendant can 
assert the defense of fair use.

If pass, +10 ’

- The purpose and nature of the use; 
- The nature of the used work; 

With a direct interest.

Point I. 

If match, +10 ’ If match, +10 ’

Specific claims, facts
and reasons. 

Point III. 

If match, +10 ’

Within the scope of civil 
actions and under the 

jurisdiction.

Point II. 

Clear defendant.

Point IV. 

If match, +10 ’

“ Obviously, a  Clear-out Case, judge in
POINTs is enough…… ”

- The quantity and importance of the 
used part;

- The potential impact on the market or 
value of the work;

Sophisticated Cases (with reasoning steps)

Clear-out Cases (without reasoning steps)

Figure 3: Two legal reasoning modes: clear-out cases judged directly by matching key points (top), and sophisticated
cases evaluated through step-by-step legal reasoning over intermediate questions (bottom).

and examples is provided in the Appendix C.1.305

3.1.2 Practical Case Analysis Task306

Task Definition The practical case analysis tasks307

focus on evaluating LLMs’ capabilities of analyz-308

ing disputes through legal reasoning. We assess309

large language model from two perspectives.310

First, all questions in this task are simulated with311

scenarios that users are likely to encounter in prac-312

tice. To ensure comprehensive coverage, we con-313

struct a legal knowledge framework spanning multi-314

ple legal domains. Second, given the importance of315

statutes of limitations and legal theory application316

in practice, we introduce two dedicated scenarios to317

explicitly evaluate models’ capabilities in handling318

temporal legal constraints and doctrinal reasoning.319

Recognizing the diversity and complexity of320

real-world legal consultation demands, we adopt321

a practice-oriented classification system. We sys-322

tematically analyze multiple layers of reference323

materials, including official business classification324

systems of top-tier law firms in China, categoriza-325

tion standards from global legal service rankings,326

and business structures used by consumer-facing327

legal consultation platforms (e.g., China Legal Ser-328

vice Network2).329

Rubric Unlike law-retrieval tasks that merely re-330

state statutory provisions or legal judgment pre-331

diction tasks that output opaque conclusions, le-332

gal case analysis requires coherent integration of333

Legal Reasoning, Legal Knowledge Application,334

and Claim Outcome Construction. In real legal335

practice, the factual background of a case is often336

relatively clear, yet the application of legal rules,337

element assessment, allocation of rights and obliga-338

2https://www.12348.gov.cn/#/homepage

tions, and procedural requirements remains highly 339

complex. 340

In designing the rubrics, we require models to 341

grasp the conditions under which legal rules ap- 342

ply, identify the facts that are legally determinative, 343

and preserve both logical and doctrinal coherence 344

throughout the reasoning process. 345

To move beyond overly formalistic legal rea- 346

soning evaluation, we revise our rubric design to 347

emphasize substantive legal reasoning. Recogniz- 348

ing that law is fundamentally a reasoning-driven 349

practice, we adapt classical legal syllogism into 350

a framework consisting of Legal Statutes, Case 351

Facts, Reasoning, and Conclusion. While Legal 352

Statutes and Case Facts function as the major and 353

minor premises, respectively, we highlight the crit- 354

ical role of the reasoning step that bridges abstract 355

legal concepts and concrete factual descriptions. 356

In practice, legal premises rarely align directly 357

with case facts, requiring explicit deductive justi- 358

fication to subsume specific facts under legal con- 359

cepts. This deductive reasoning step is therefore 360

treated as a core evaluative component and as- 361

signed a higher weight than traditional elements. 362

As shown in Figure 3, scoring strictly enforces 363

logical coherence: credit for reasoning is granted 364

only when the response follows a correct logical 365

sequence. In contrast, conclusions, facts, and legal 366

provisions are evaluated with lower weights. 367

Finally, to better serve lay users, we adopt an 368

output structure that presents the claim first, fol- 369

lowed by the complete reasoning process, ensuring 370

transparency and persuasive clarity. A detailed ex- 371

planation of the reasoning framework and scoring 372

criteria is provided in the Appendix C.2. 373
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3.1.3 Legal Document Generation Task374

Task Definition The legal document generation375

tasks evaluate the ability to summarize and present376

legal claims in a structured legal format. Unlike377

prior benchmarks(Xiao et al., 2018) that provide378

structured case descriptions and directly request379

document drafting, our dataset emphasizes simula-380

tion of the full real-world legal workflow.381

Specifically, we intentionally increase the com-382

plexity of legal elements by introducing multiple383

related parties, ambiguous responsibility bound-384

aries, layered rights and obligations, and scenar-385

ios involving the application of both legacy and386

newly enacted laws. In addition, we innovate in387

prompt presentation by replacing standardized case388

descriptions with disorganized narratives from the389

client’s perspective. These narratives incorporate390

unreasonable demands, incorrect legal terminol-391

ogy, and redundant or misleading information to392

approximate real-world lawyer-client interactions.393

Under this setting, evaluation extends beyond394

document drafting. Models are required to com-395

plete the entire workflow of information filtering,396

legal relationship analysis, litigation strategy for-397

mulation, and document drafting. This enables a398

comprehensive assessment of the model’s problem-399

solving ability in realistic legal practice scenarios.400

Rubric The legal document generation task pri-401

marily corresponds to the dimensions of Claim402

& Outcome Construction, Procedural & Strate-403

gic Awareness, and Normative Compliance in our404

framework.405

In designing the rubrics, the model must iden-406

tify legally relevant facts and claims, make sound407

procedural and strategic judgments, construct struc-408

tured and persuasive legal claims, and ensure that409

the document adheres to required formal and nor-410

mative standards.411

A detailed specification of rubric components412

and penalty rules is provided in the Appendix C.3.413

3.2 Dataset414

3.2.1 Data Procurement and Filtering415

We present a fine-grained annotated dataset derived416

from two primary sources: expert-edited judgment417

documents from China Judgments Online3, individ-418

ual consultation records, and complex cases curated419

by leading Chinese law firms. These open-ended420

cases represent more intricate disputes that exceed421

3https://wenshu.court.gov.cn/

the complexity of standard exam-based questions. 422

Following initial collection, we performed a rigor- 423

ous screening and anonymization process to final- 424

ize 850 representative cases covering diverse legal 425

scenarios. 426

We recruited a total of 39 legal experts as annota- 427

tors to construct high-quality queries and reference 428

answers. These experts include legal practition- 429

ers from law firms and Ph.D. candidates from top- 430

tier universities. All annotators have passed the 431

National Uniform Legal Profession Qualification 432

Examination. 433

To bridge the gap between research objectives 434

and practical execution, we implemented a rigorous 435

selection and cross-validation process. From the 436

initial pool, we identified 17 senior annotators who 437

demonstrated the highest level of alignment with 438

the researchers’ specific annotation requirements 439

and logical frameworks. This select group led the 440

validation phase to ensure consistency across the 441

dataset. Given that legal reasoning often does not 442

admit a single correct answer, we prioritized the 443

soundness of the analytical process and adherence 444

to legal logic over traditional redundant labeling 445

schemes. This high-intensity process required an 446

average of three hours per data instance. Detailed 447

information regarding the annotation process is pro- 448

vided in Appendix B.1. 449

3.2.2 Dataset Statistics 450

The benchmark comprises 850 questions covering 451

a wide range of legal functions. Table 2 presents 452

a summary of key statistics across the three legal 453

tasks, including the number of questions, average 454

prompt length, and the distribution of rubric items. 455

These statistics illustrate the differences in scale, 456

task complexity, and evaluation granularity among 457

the tasks. A detailed description of the dataset 458

composition and additional statistics is provided in 459

Appendix B. 460

Metric Task 1 PLC Task 2 PCA Task 3 LDG

Total Question Num. 60 750 40
Avg. Prompt Length 1171 692 2574
Rubrics Num.(total) 550 11000 900
Rubrics Num.(avg.) 21 14.1 23

- All data has been annotated by human experts.

Table 2: Dataset Statistics.
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Model Overall Task 1: Public
Legal Consultation

Task 2: Practical Case Analysis Task 3: Legal Document Generation

Conclusion Facts Reasoning Statute Average Defendant Plaintiff Average

Claude-Sonnet-4.5 64.10 67.26 67.53 88.41 62.95 48.44 67.37 58.80 54.28 56.54
Gemini-2.5-Pro 62.54 71.28 69.59 78.29 63.94 43.49 63.82 58.25 50.88 54.57
Gemini-3.0-Pro-Preview 65.16 65.27 71.75 78.73 64.64 45.98 64.99 65.30 65.41 65.36
GPT-4o-20240806 39.26 47.10 54.83 67.90 34.90 16.15 42.00 33.88 25.05 29.47
GPT-5-0807-Global 65.87 83.67 66.91 87.32 61.99 35.75 63.93 66.50 47.98 57.24
GPT-5.2-1211-Global 68.13 79.57 69.93 88.26 60.38 48.59 66.37 68.58 58.25 63.42
DeepSeek-V3.2 58.43 70.01 63.99 86.49 59.23 43.95 63.93 48.74 34.33 41.54
Kimi-K2 60.64 67.27 65.55 81.96 58.56 43.28 62.16 60.71 46.65 53.68
Qwen3-235b-Think 55.74 60.64 64.83 89.23 59.97 43.49 64.84 44.37 30.26 37.32
Qwen3-Max 64.75 75.76 67.52 90.97 62.75 45.10 67.17 57.43 49.33 53.38

Table 3: Overall performance(%) of evaluated models across three primary tasks. Task 2 Average denotes the
aggregate scoring rate derived from the specific rubrics of all four sub-dimensions. The Overall score is calculated
as a weighted mean of Tasks 1, 2, and 3 (with weights 2:5:3, reflecting the number of questions in each task). Best
results in each category are bolded.

4 Experiment461

4.1 Experimental Setup462

We conducted experiments across all three tasks:463

Public Legal Consultation (PLC), Practical Case464

Analysis (PCA), and Legal Document Genera-465

tion (LDG). Following previous work (Li et al.,466

2025a), we selected 10 representative LLMs, cov-467

ering the GPT (Achiam et al., 2023) , Gemini (Co-468

manici et al., 2025), Claude (Anthropic, 2025),469

Qwen (Yang et al., 2025), DeepSeek (Liu et al.,470

2025a) , and Kimi (Team et al., 2025) series. All471

LLMs are accessed through API calls. We utilized472

default hyperparameters for reproducibility, solely473

adjusting the max_token limit to 16k / 32k to en-474

sure response completeness. To ensure structured475

reasoning, we designed task-specific prompts for476

each task, with full model and experimental details477

provided in Appendix D and E.478

Evaluator Model Pearson (Anal./Draft./Cons.) Spearman (Anal./Draft./Cons.)

GPT-5.1-1113-Global 0.814 / 0.710 / 0.469 0.779 / 0.708 / 0.379
Qwen3-Max 0.614 / 0.749 / 0.847 0.573 / 0.747 / 0.822
Gemini-3.0-Pro-Preview 0.809 / 0.715 / 0.861 0.750 / 0.687 / 0.862

Table 4: Alignment between LLM judges and human
experts. Gemini-3.0-Pro-Preview was selected as the fi-
nal judge due to demonstrating the highest concordance
with human scoring.

4.2 Judge Model Selection479

Given the high complexity of manual evaluation,480

we adopted an LLM-as-a-Judge approach. To en-481

sure reliability, we conducted a pilot study to iden-482

tify the optimal evaluator.483

We sampled at least 10% of the questions from484

each legal domain. To establish a rigorous ground485

truth, each response was graded by three human le-486

gal experts. We then calculated the alignment (Pear-487

son and Spearman correlations) between human488

scores and candidate LLM judges (Gemini-3.0-Pro- 489

Preview, GPT-5.1, and Qwen3-Max). As shown in 490

Table 4, Gemini-3.0-Pro-Preview demonstrated 491

the highest degree of concordance with human 492

experts and was substantially selected as our fi- 493

nal judge. Details of the pilot study and scoring 494

prompts are provided in Appendix F and E.2. 495

4.3 Evaluation Metrics 496

We adopted a fine-grained evaluation approach 497

based on specific rubrics. For Task 2 PCA, we eval- 498

uated performance across four dimensions: Con- 499

clusion, Case Facts, Reasoning, and Legal Statutes. 500

For Task 3 LDG, we distinguished between Plain- 501

tiff and Defendant documents. To normalize perfor- 502

mance across questions with varying difficulty, we 503

report the Scoring Rate, calculated as the aggregate 504

of item-level scores: 505

Scoring Rate =
Smodel

Stotal
=

∑N
i=1 si∑N
i=1mi

, (1) 506

where N is the number of rubric items, si is the 507

score obtained for the i-th item, and mi is its maxi- 508

mum possible score. 509

4.4 Experimental Results 510

4.4.1 Overall Performance 511

Table 3 summarizes the overall performance of the 512

evaluated models. We find that: 513

1) Task-Dependent Capability Profiles. Model 514

rankings fluctuate significantly across tasks, indi- 515

cating that no single model currently achieves uni- 516

versal superiority. While GPT-5.2 and Claude-4.5 517

demonstrate superior instruction adherence and sta- 518

bility in procedural tasks, they are outperformed by 519

the Gemini series and Qwen3-Max in tasks requir- 520

ing deep logical deduction, suggesting a trade-off 521

between “safe generation” and “reasoning depth". 522
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2) Distinct Family Characteristics Halluci-523

nations. We observed distinct error patterns: The524

Gemini series excelled in constructing reasoning525

chains but occasionally struggled with evidence526

complexity in consultation tasks. Conversely, the527

GPT series showed exceptional summarization528

skills but exhibited a specific type of hallucination:529

citing repealed or outdated statutes (as detailed in530

Table 20), likely due to temporal misalignment in531

pre-training data.532

3) Scaling and Generational Effects. Perfor-533

mance correlates positively with model scale and534

iteration. For instance, Qwen3-Max consistently535

surpasses smaller models in the same series. No-536

tably, GPT-4o lags significantly behind the GPT-5537

series, ranking as the lowest-performing frontier538

model in our set, which highlights the substantial539

generational leap in legal reasoning capabilities.540

4.4.2 Task-Specific Analysis541

To diagnose the root causes of performance gaps,542

we conducted a comprehensive error analysis on543

low-scoring responses. Tables 5, 20, and 21 sum-544

marize the distribution of error types across models545

(see Appendix G for qualitative details). While546

frontier models achieved comparable aggregate547

scores, this deeper inspection reveals significant548

divergences in their failure patterns:549

1) The “Fluency-Logic” Gap in Consultation.550

In Task 1 PLC, while models generated fluent re-551

sponses, they suffered from Insufficient Grasp of552

Factual Causality (Table 5). They often failed to553

link reported events to legal consequences accu-554

rately, missing the necessity of corroborating key555

facts before offering advice.556

2) Fragility of Legal Reasoning Chains. In557

Task 2 PCA, score rates for Statute and Reason-558

ing were consistently lower than the average. Our559

detailed analysis reveals that this is not merely an560

accuracy issue but a structural one: models fre-561

quently fail to follow the legal syllogism (major562

premise → minor premise → conclusion). They563

often exhibit logical jumps or omit core statutory564

provisions, leading to conclusions that are plausible565

in text but legally unsound.566

3) “Blind Compliance” in Document Genera-567

tion. In Task 3 LDG, scores for Plaintiff drafting568

were notably lower than for Defendant drafting.569

This disparity stems from a lack of legal judgment.570

As shown in error analysis, models — particularly571

DeepSeek and Kimi — are prone to Subject Suit-572

ability Errors (Table 21). They tend to follow user573

Category Error Type GPT
-5.2

Gemini
-3.0

Claude
-4.5

Qwen3
-Max

Kimi
-K2

Dpsk
-V3.2

Facts &
Logic

Insufficient grasp of factual causal relationships ✓ ✓ ✓ ✓ ✓ ✓

Insufficient dismantling of contract clauses ✓

Insufficient grasp of subject behavior and timing ✓

Ignoring chronological order due to realistic noise ✓

Evidence Insufficient grasp of evidence-related plots ✓ ✓ ✓ ✓ ✓ ✓

Weak directivity for specific evidence types ✓ ✓ ✓ ✓ ✓ ✓

Inquiry
Focus

Follow-up questions deviate from core focus ✓ ✓ ✓ ✓

Deviations in understanding legal concepts ✓

Insufficient ability to lock onto core elements ✓ ✓

Role &
Strategy

Model setting issues leading to errors ✓ ✓ ✓ ✓ ✓ ✓

Lack of procedural and strategic connection ✓

Poor integration in cross-domain cases ✓

Table 5: Distribution of error types in Task 1 PLC across
evaluated models. (✓indicates the presence of the error).

Figure 4: Performance drop in reasoning tasks under
sequential constraints.

instructions blindly (e.g., filing a lawsuit for a client 574

with no standing or in the wrong jurisdiction) rather 575

than proactively identifying procedural flaws, a 576

core requirement for the autonomous Plaintiff role. 577

4.4.3 Impact of Sequential Constraints 578

Figure 4 reveals a universal performance drop in 579

sequential tasks, confirming that ordered, multi- 580

step logic significantly increases difficulty. This 581

degradation is most pronounced in the Reasoning 582

dimension, where top models (e.g., Gemini, GPT- 583

5) drop over 6–8%, revealing fragility under strict 584

logical constraints. An exception is GPT-4o, which 585

shows a minimal drop (0.2%). Yet, this likely stems 586

from a “floor effect” due to its low baseline score 587

(42.00), rather than genuine adaptability. 588

5 Conclusion 589

We present PLAWBENCH, a benchmark evaluating 590

LLM agents within realistic legal workflows. Con- 591

structed with legal experts, it spans three core tasks 592

covering 13 scenarios, 850 questions, and 12,500 593

fine-grained rubric items. By integrating legal 594

reasoning into evaluation, PLAWBENCH closely 595

aligns with real-world practice. Experiments reveal 596

that current models struggle with legal knowledge 597

and reasoning, achieving suboptimal performance. 598

We believe PLAWBENCH offers valuable guidance 599

for domain-specific LLMs, and future work will 600

explore its utility in model training and alignment. 601
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6 Ethical Considerations602

PLAWBENCH introduces a benchmark for evalu-603

ating LLMs’ capabilities in the legal domain. We604

adhere to strict legal and ethical standards in the605

construction and release of our benchmark. All606

data used in the benchmark have undergone rig-607

orous privacy screening and anonymization pro-608

cesses; any personal or sensitive information has609

been removed to comply with applicable data pro-610

tection laws and ethical research guidelines. The611

benchmark excludes discriminatory, explicit, vio-612

lent, or offensive content. An ethical review by613

legal experts further ensures that the benchmark614

minimizes risks related to security, bias, fairness,615

and other ethical concerns. During the preparation616

of this work, we used AI tools only for language617

polishing and editing. Our work aims to provide a618

legally compliant and ethically sound foundation619

for advancing AI capabilities in law, upholding620

the principles of fairness, transparency, and social621

responsibility.622

7 Limitations623

We acknowledge several limitations of this work.624

First, PLAWBENCH is grounded in the Chinese625

legal system, with all scenarios constructed in Chi-626

nese. Legal practice varies significantly across ju-627

risdictions, and practitioners in other legal systems628

may engage in additional tasks — such as legal629

memorandum writing. This design choice reflects630

a deliberate trade-off. Legal reasoning and practice631

are highly dependent on jurisdiction-specific laws632

and procedures; achieving realism and practical rel-633

evance often comes at the cost of generalizability.634

In future work, we plan to collaborate with Legal635

AI researchers from other countries to extend this636

benchmark to additional legal systems and explore637

cross-jurisdictional legal agent capabilities.638

Second, our experiments focus on evaluating639

single-model LLM agents rather than complex640

multi-agent systems. While sophisticated agent641

frameworks may perform well on this benchmark,642

their operational complexity and high token con-643

sumption make them less practical for everyday644

legal practice. We therefore argue that assessing645

and improving the core capabilities of individual646

LLMs is a more impactful direction for advancing647

legal AI applications.648

Third, as LLM capabilities continue to improve,649

their performance on PLAWBENCH is expected650

to increase. To support ongoing evaluation, we651

plan to launch an online platform that continuously 652

benchmarks state-of-the-art models and updates 653

results accordingly. 654

Finally, this work focuses on evaluation rather 655

than model improvement. In future research, we 656

aim to leverage PLAWBENCH for post-training and 657

alignment to enhance LLM performance in real- 658

world legal practice. 659
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A Survey on Legal Benchmarks972

The development of Legal AI benchmarking can973

be distinctly categorized into four primary evolu-974

tionary stages.975

The Era of Early Benchmarking and Classi-976

fication Tasks (2014-2020): During this founda-977

tional period, research was predominantly centered978

on Legal Judgment Prediction (LJP) and basic in-979

formation extraction, with models typically operat-980

ing within text classification frameworks to identify981

factual features. For instance, the COLIEE compe-982

tition (est. 2014) prioritized retrieval and reasoning983

within the Japanese Civil Code. This was followed984

by the release of CAIL2018, a massive dataset com-985

prising 2.6 million criminal cases, which utilized986

models such as SVMs, CNNs, and BERT to predict987

applicable statutes, charges, and sentencing terms.988

Other notable contributions included the ECHR989

dataset (focused on the European Court of Human990

Rights) and JEC-QA, derived from the National991

Unified Legal Professional Qualification Examina-992

tion, which presented the first systemic challenge993

to the legal common sense and multi-step reasoning994

capabilities of AI models.995

The Transition to Specialization and Retrieval996

Benchmarks (2021-2022): Research subsequently997

shifted toward domain-specific skills such as legal998

case retrieval and summarization. LeCaRD intro-999

duced the first case retrieval benchmark for the1000

Chinese legal system based on “critical factors”,1001

while CaseHOLD utilized 53,000 multiple-choice1002

questions to evaluate a model’s ability to identify1003

legal holdings. Concurrently, datasets such as IN-1004

Abs, IN-Ext, and UK-Abs catalyzed the evolution1005

of legal summarization from rudimentary extrac-1006

tive methods to complex abstractive and segmented1007

approaches. Furthermore, benchmarks like ELAM1008

began exploring interpretability and the extraction1009

of rationales in legal case matching.1010

The Period of LLM Reasoning and Compre-1011

hensive Evaluation (2023-2024): With the rapid1012

proliferation of LLMs, evaluation dimensions be-1013

came increasingly stratified and cognitive-oriented.1014

LegalBench established a collaborative framework1015

featuring 162 tasks across six reasoning types.1016

Similarly, LawBench and LAiW drew upon cog-1017

nitive taxonomies to categorize abilities into hi-1018

erarchical levels — namely legal knowledge re-1019

tention, comprehension, and application — to as-1020

sess whether LLMs could simulate expert-level1021

logical processes. During this stage, LexEval ex-1022

panded the evaluation scale and introduced legal 1023

ethics and privacy as independent metrics, while 1024

EQUALS, LLeQA, and CLSum focused on gener- 1025

ating evidence-based legal responses supported by 1026

large-scale knowledge bases. 1027

The Frontier of Logical Process and Rea- 1028

soning Chain Evaluation (2025-Now): The lat- 1029

est benchmarks have transcended simple output 1030

comparison to scrutinize the internal quality of a 1031

model’s reasoning process. PRBench introduced 1032

nearly 20,000 expert-level, fine-grained criteria to 1033

evaluate the transparency, auditability, and due dili- 1034

gence of LLM reasoning in high-risk domains. 1035

LEGIT measures the integrity and correctness 1036

of”reasoning traces” through the construction of 1037

Legal Issue Trees, while MSLR employs the IRAC 1038

(Issue, Rule, Application, Conclusion) framework 1039

to mandate step-by-step reasoning, assessing the 1040

model’s capacity for “rational discourse”. Finally, 1041

LegalReasoner utilizes step-by-step verification 1042

and error-correction mechanisms to further address 1043

the logical fragility of LLMs when analyzing com- 1044

plex legal cases (See More Details in Table 6). 1045

The legal AI evaluation has pivoted from 1046

outcome-based metrics toward a rigorous scrutiny 1047

of the reasoned elaboration underlying judicial de- 1048

cisions. While current frameworks provide rubrics 1049

for logical correctness, they reveal a persistent rea- 1050

soning gap where models often reach correct an- 1051

swers using unclear, flawed, or made-up logic. This 1052

highlights a core challenge: current LLMs strug- 1053

gle to maintain consistent, step-by-step reasoning 1054

across complex legal problems, and instead fre- 1055

quently default to unsupported conclusions rather 1056

than producing professional reasoning. 1057

To evaluate the distinctive contributions of 1058

PLBench, we select a representative set of existing 1059

legal benchmarks for a comprehensive comparative 1060

analysis, as summarized in Table 7. These base- 1061

lines are categorized based on their data sources, 1062

statistical scale, and functional features. Unlike tra- 1063

ditional benchmarks that predominantly rely on 1064

academic textbooks or standardized bar exams, 1065

PLBench distinguishes itself by focusing entirely 1066

on practical legal scenarios. Furthermore, while 1067

most existing benchmarks emphasize objective 1068

classification or short-form QA, our benchmark 1069

is specifically designed to assess complex reason- 1070

ing capabilities, including the identification of key 1071

facts, sequential logical reasoning, and the genera- 1072

tion of standardized legal documentation. 1073
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Table 6: Overview of Legal Benchmarks and Datasets

Benchmarks Main Tasks Framework Source of
Data

Scale Metric

LawBench (Fei
et al., 2024)

Legal Judg-
ment Prediction
(LJP), Legal
QA, Extraction,
Reasoning

Bloom’s
Cognitive
Taxonomy

National legal
database, JEC-
QA, CAIL

20 tasks;
10,000
samples

Accuracy,
F1,
Rouge-
L

LegalBench (Guha
et al., 2023)

Issue-spotting,
Rule-recall,
Application,
Interpretation

IRAC frame-
work

36 distinct
legal corpora

162
tasks;
avg 563

Bal. Acc,
F1

LexEval (Li
et al., 2024a)

LJP, Legal QA,
Extraction,
Reasoning

LexAbility
Taxonomy

CAIL, JEC-
QA, LeCaRD,
exam questions

23 tasks;
14,150
Qs

Accuracy,
Rouge-L

LAiW (Dai
et al., 2025)

Retrieval, Foun-
dation inference,
complex applica-
tion

Legal Syllo-
gism

CAIL, CJRC,
JEC-QA,
CrimeKgAssis-
tant

14 tasks;
11,605
samples

Acc, F1,
ROUGE

MSLR (Yu
et al., 2025)

Reasoning,
Extraction

IRAC-
Traces

Chinese insider
trading deci-
sions

1,389
cases;
59,771
annos

IRAC
Recall

LEGIT (Lee
et al., 2025)

LJP, Reasoning Legal Issue
Trees

Korean District
court judg-
ments

24,406
judg-
ments

LEGIT
Score

PRBench (Akyürek
et al., 2025)

Professional
reasoning

Expert-
authored
rubrics

Workflows
(114 countries)

1,100
tasks;
19,356
criteria

Weighted
Rubric

SLJA (Deng
et al., 2023b)

Retrieval, ele-
ment generation,
LJP

Syllogistic
Reasoning

CAIL-Long
criminal case
dataset

11,239
cases

R@k,
ROUGE

LeCaRDv2 (Li
et al., 2024b)

Legal case
retrieval

Critical
factors

Chinese crimi-
nal judgments

55,192
cases

Recall@k

COLIEE (Goebel
et al., 2023)

IR and entail-
ment

Mixed:
lexical vs.
transformer

Canadian case
law, Japanese
Bar exam

Task de-
pendent

F1/F2,
Acc

CAIL2018 (Xiao
et al., 2018)

LJP Text classifi-
cation

China Judg-
ments Online

2.6M+
cases

Acc,
Macro-
P/R

LEXAM (Fan
et al., 2025)

Legal QA, Rea-
soning

Outcome
& Process-
based

Law school
exams (UZH)

4,886
ques-
tions

Acc,
LLM
Judge

ECHR (Chalkidis
et al., 2019)

LJP Hierarchical
BERT /
HAN

European
Court of Hu-
man Rights

11,500
cases

Macro
P/R, F1

LLeQA (Louis
et al., 2024)

Retrieval, Legal
QA

Retrieve-
then-read

Belgian statu-
tory articles

1,868
Q&A
pairs

METEOR,
F1

Continued on next page...
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Table 6 – Continued from previous page

Benchmarks Main Tasks Framework Source of
Data

Scale Metric

EQUALS (Chen
et al., 2023)

Retrieval, Legal
QA

Retrieve-
then-MRC

Lawtime posts,
Chinese laws

6,914
triplets

EM, F1

CLSum (Liu
et al., 2024)

Summarization Selection &
Abstraction

Canada, Aus-
tralia, UK, HK
judgments

2,237
pairs

ROUGE,
BARTScore

SARA (Blair-
Stanek et al.,
2023)

Legal QA, Rea-
soning

Statutory
Reasoning

U.S. Tax Code 376
cases

BLEU

CaseHold (Zheng
et al., 2024)

LJP Citation-
context
matching

Harvard Law
Library

53,000+
MCQs

F1 score

LegalReasoner (Shi
et al., 2025)

Reasoning,
Verification

Verification-
Correction
mechanism

Hong Kong
court cases
(HKLII
database)

58,130
cases

CL-Acc,
CL-F1,
Cover-
age/Prec

LAiW (Dai
et al., 2025)

Retrieval, LJP,
Legal QA, Rea-
soning

Legal Syllo-
gism (BIR,
LFI, CLA)

CAIL, CJRC,
and CrimeK-
gAssistant

14 tasks Acc, F1,
Mcc,
ROUGE

MultiLJP (Lyu
et al., 2023)

LJP, Reasoning Hierarchical
Reasoning
Chains

Multi-
defendant
cases (China
Judgments On-
line)

23,717
cases;
80,477
defen-
dants

Acc, MP,
MR, F1

Claritin / Me-
Too (Dash
et al., 2019)

Summarization Fairness-
preserving
algorithms

User tweets
(Claritin
effects and
#MeToo)

4,037
(Clar-
itin);
488
(MeToo)

ROUGE-
1/2 (R/F1)

InLegalNER (Hus-
sain and
Thomas, 2024)

Information
Extraction

Few-shot
Prompting

Indian court
judgments

14 ju-
dicial
entity
types

Precision,
Recall, F1

JointExtraction (Chen
et al., 2020)

Information
Extraction

Seq2Seq
with legal
feature en-
hancement

Drug-related
criminal judg-
ments (China)

1,750
fact
descrip-
tions

Precision,
Recall, F1

LEVEN (Yao
et al., 2022)

Information
Extraction

Event Detec-
tion (Charge
& General
events)

Chinese crim-
inal cases
(China Judg-
ments Online)

8,116
docs;
150,977
men-
tions

Micro/Macro
F1

FSCS (Niklaus
et al., 2021)

LJP Binarized
prediction

Swiss Fed.
Supreme Court

85,000
cases

Micro/Macro
F1
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Table 7: Comparison of PLBench with existing legal benchmarks.

Benchmark
Source Statistics Rubrics Tasks / Features

Book Practice Samples Open QA Rubrics Multi
Task

Identify
Key Facts

Reason with
Sequence

Standard
Doc. Gen

LegalBench Partial Partial 10k Partial ✗ ✗ ✗ ✗ ✗

LawBench Partial Partial 90k+ Partial ✗ ✗ ✗ ✗ ✗

LaiW Partial Partial 11k Partial ✗ ✗ ✗ ✗ ✗

LexEval Partial Partial 14k Partial ✗ ✓ ✓ ✗ Partial

LegalReasoner / All 58k ✓ ✗ ✓ ✗ Partial Partial

LEXAM All / 4.8k ✓ ✗ ✗ ✗ ✗ ✗

MSLR / All 1.3k ✓ ✗ ✓ ✓ Partial ✗

PRBench / All 500 (law) ✓ ✓ ✓ ✓ Partial ✓

PLBench / All 850 ✓ ✓ ✓ ✓ ✓ ✓

B Details of Dataset1074

The three tasks in this study diverge significantly in their1075
objectives and evaluative focus. Consequently, we have in-1076
dependently developed three specialized sub-datasets, each1077
paired with a bespoke rubric and a scoring framework, which1078
is introduced in the following sections.1079

B.1 Annotation Process1080

We recruited a total of 39 legal experts as annotators to con-1081
struct high-quality queries and reference answers. These ex-1082
perts include legal practitioners from law firms and Ph.D. can-1083
didates from top-tier universities. All annotators have passed1084
the National Uniform Legal Profession Qualification Exam-1085
ination. These experts curated specialized queries based on1086
authentic legal documents sourced from China Judgments On-1087
line and professional law firm archives.1088

To bridge the gap between research objectives and practical1089
execution, we implemented a rigorous selection and cross-1090
validation process. From the initial pool, we identified 171091
senior annotators who demonstrated the highest level of align-1092
ment with the researchers’ specific annotation requirements1093
and logical frameworks. This select group led the validation1094
phase to ensure consistency across the dataset. Given that1095
legal reasoning often does not admit a single correct answer,1096
we prioritized the soundness of the analytical process and1097
adherence to legal logic over traditional redundant labeling1098
schemes. This high-intensity process required an average of1099
three hours per data instance, with an estimated labor cost1100
exceeding 100 RMB per question. An evaluation of prevailing1101
market rates confirms that our payment structure is consistent1102
with current industry standards.1103

B.2 Construction Methodology1104

Each simulated case underwent a rigorous “Draft-Review-1105
Verify” workflow. A primary annotator first drafted the factual1106
scenario and the corresponding reference answer, which was1107
subsequently subjected to a blind review by a secondary ex-1108
pert to identify any logical inconsistencies. Any remaining1109
disputes were escalated to senior experts to guarantee the1110
structural and legal integrity of the task. Furthermore, we1111
conducted a comprehensive manual de-identification process,1112
systematically removing all personal identifiers and sensi-1113
tive information to ensure that every case narrative is fully1114
anonymized and complies with privacy protection standards.1115

Recognizing that law is inherently an interpretive discipline,1116
our annotation guidelines prioritized the internal consistency1117
of the reasoning chain. Annotators were required to provide1118
step-by-step justifications to ensure that the logic leading to1119
the final answer remained legally sound and robust, even in1120
scenarios where alternative legal interpretations might exist.1121

Upon completion of the entire dataset, a random sample of 1122
20% of the cases was submitted to professors from Tsinghua 1123
University and Shanghai Jiao Tong University for secondary 1124
audit. The audit results yielded positive, confirming the supe- 1125
rior quality and professional depth of the benchmark. 1126

B.3 Dataset Characteristics 1127

Figure 5 provides a comprehensive hierarchical breakdown 1128
of the dataset composition. The inner ring delineates the 1129
three primary task categories, highlighting the dataset’s focus: 1130
Practical Case Analysis (n = 550) constitutes the largest 1131
portion, followed by Public Legal Consultation (n = 60) and 1132
Legal Document Generation (n = 40). To enable fine-grained 1133
assessment, this bench includes 15 specific sub-tasks, ensuring 1134
a comprehensive evaluation of the model’s ability. 1135

The outer ring presents a granular distribution of the dataset 1136
across diverse legal domains and functional requirements. It 1137
encompasses core civil and commercial sectors. Additionally, 1138
the dataset incorporates procedural elements like Litigation 1139
and Arbitration and specific drafting tasks such as Statements 1140
of Claim and Defense. This multifaceted structure ensures that 1141
the benchmark provides a robust evaluation of large language 1142
models across varied legal complexities, statutory interpreta- 1143
tions, and professional contexts. 1144

• Task 1: Public Legal Consultation Task 1145
This task focuses on user-centric inquiries, featuring an 1146
average prompt length of 1,171 characters. The evalua- 1147
tion is conducted against approximately 550 total rubric 1148
items, with an average of 21 items per task to ensure 1149
comprehensive coverage of diverse legal queries. 1150

• Task 2: Practical Case Analysis Task 1151
Representing the most extensive category in terms of 1152
evaluation granularity, this task involves an average 1153
prompt length of 692 characters. It is governed by a 1154
vast system of approximately 11,000 rubric items, aver- 1155
aging 14.1 per task, to facilitate deep logical reasoning 1156
assessments. 1157

• Task 3: Legal Document Generation Task 1158
As the most context-heavy category, this task requires 1159
processing extensive prompts averaging 2,574 charac- 1160
ters. The outputs are assessed via approximately 900 1161
total rubric items, with an average of 23 items per task 1162
to ensure high precision in formal legal drafting. 1163
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Figure 5: Dataset Statistics

C Details of Rubrics1164

To ensure a rigorous and standardized evaluation across these1165
heterogeneous legal tasks, we have established a multi-layered1166
scoring system. Unlike generic linguistic assessments, our1167
rubrics are specifically designed to evaluate three core com-1168
petencies: the ability to reconstruct legal facts and extract1169
legal points of contention from ambiguous user expressions,1170
the capacity for practical legal reasoning, and the proficiency1171
in generating standardized legal documents. These rubrics1172
serve as a professional benchmark that aligns model outputs1173
with real-world judicial standards, ensuring that the evaluation1174
captures both the technical accuracy of legal applications and1175
the structural integrity required in professional legal practice.1176
In the following subsections, we delineate the specific dimen-1177
sions, point distributions, and penalty mechanisms tailored for1178
each individual task.1179

C.1 Rubrics of Public Legal Consultation1180

Task1181

In the context of public legal consultation, users frequently pro-1182
vide narratives that are fragmented, emotionally charged, or1183
legally imprecise, often omitting decisive details. To address1184
this, LLMs must demonstrate a robust capacity for factual1185
reconstruction through proactive inquiry.1186

To rigorously evaluate this capability, we curated a dataset1187
based on real-world judicial judgments. Legal experts adapted1188
these cases into simulated consultee prompts, intentionally1189
embedding informational pitfalls such as latent factual contra-1190
dictions, misleading subplots, and the tactical concealment of1191
critical evidence. Through these high-pressure scenarios, we1192
assess whether the model can:1193

• Identify latent contradictions or logical inconsisten-1194
cies within the user’s narrative;1195

• Detect missing facts that have been intentionally omit-1196
ted or obscured;1197

• Strategically formulate follow-up questions that target 1198
the core legal relationships of the case. 1199

Consistent with our overarching evaluation framework, the 1200
rubrics for this task are designed to measure the precision 1201
and efficiency of the model’s inquiry. Each scoring point is 1202
governed by three rigorous criteria (See Table 8): 1203

• Uniqueness of Critical Fact: The inquiry must target a 1204
unique, irreplaceable factual element rather than posing 1205
generalized or redundant questions. 1206

• Necessity of Inquiry: The points of inquiry must be 1207
demonstrably absent from the initial prompt and essen- 1208
tial for filling a specific “informational gap.” 1209

• Impact on Legal Determination: The inquiry must 1210
focus on circumstances that hold a pivotal position in 1211
determining the nature of the legal relationship or the 1212
allocation of liabilities. 1213

For this task, we have developed 60 test cases with an 1214
average length of 1,171 Chinese characters per case. The 1215
evaluation framework is granular, featuring an average of 8.7 1216
rubric items per case and totaling approximately 550 individ- 1217
ual rubric scoring points across the entire dataset. 1218
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Table 8: Rubrics of Task 1

Primary Criteria Secondary Cri-
teria

Points Example

Crucial: Decisive Facts (Di-
rectly determine the nature
of the case or whether a legal
relationship is established).

/ +3 Points Does the IOU/contract for the 50,000 RMB bor-
rowed from Liu Ming in 2018 bear Li Fang’s per-
sonal signature?

Important: Substantial
Impact (Significantly influ-
ences the proportion of liabil-
ity, the scope of compensa-
tion, or the burden of proof).

/ +2 Points How many children do the parents have in total?
(Or, who are the first-order heirs?)

General: Detailed Matters
(Do not determine the core
trajectory of the case but af-
fect the user’s specific rights
and interests).

/ +1 Points As Liu’s wife, what role has Zeng played in the
company over the long term?

Beneficence and
Non-maleficence: Whether
the response encourages or
guides actions that result in
real-world harm or illegal
injury (physical,
psychological, economic, or
social).

Low Risk -1 to -2 Points (-1 Point) Overly assertive; may mislead the client
into taking unfavorable actions, though not explic-
itly illegal or harmful.
(-1 Point) Inclusion of a few “risk-warning” follow-
up questions in a non-emergency scenario that do
not distract from the main thread (e.g., asking about
physical safety risks after addressing the key liabil-
ity points).

Moderately
Harmful Sugges-
tion

-3 to -6 Points (-3 Points) Safety or non-maleficence inquiries be-
come the main thread: Continuous questioning or
extensive exhortations that result in missing or de-
laying inquiries into critical facts (e.g., focusing
on “will they retaliate/how do you feel” while ne-
glecting contract signing, payment, delivery, or chat
records).

Severely Harm-
ful or Illegal
Guidance

All points for-
feited to zero

(0 Points) Directing the inquiry toward “how to
evade legal risks, how to conduct safer confronta-
tions, or how to avoid leaving evidence.”

Fairness and Justice:
Whether the output contains
discrimination, bias, hatred,
or unjust suggestions based
on protected characteristics.

Mild Bias or
Stereotyping

-1 to -2 Points (-1 Point) Inquiry into identity information largely
irrelevant to the case, asked only once, and not serv-
ing as a prerequisite for subsequent questions (e.g.,
“Are you male or female?” when gender is irrelevant
to the follow-up).

Explicit Differen-
tial Treatment or
Discriminatory
Suggestion

-3 to -6 Points (-3 Points) Repeatedly questioning or implying “be-
cause you are [category of person], therefore...”;
treating identity characteristics as the basis for lia-
bility judgment; or embedding biased assumptions
in inquiries that interfere with factual reconstruc-
tion.

Hate Speech or
Incendiary Con-
tent

All points for-
feited to zero

(0 Points) Explicitly discriminatory or stigmatizing
inquiries (e.g., linking specific groups to criminal
tendencies) or inducing the user to provide sensitive
information.

Continued on next page...
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Table 8 – Continued from previous page

Primary Criteria Secondary Cri-
teria

Points Example

Truthfulness and Honesty:
The model should seek
confirmation or pose
clarifying questions when
information is uncertain or
contested.

Minor Impreci-
sion

-1 to -2 Points Contains 1-2 typos in the inquiry, or a date lacks the
year (where only one year exists in the case facts),
provided it does not impede comprehension.

Generalized
Questioning
(-3 points per
instance, capped
at -6 points)

-3 to -6 Points (-3 Points) Repeatedly emphasizing “authenticity”
or “whether you are concealing information” with-
out pointing to specific contradictions or gaps; re-
placing effective inquiry with vague skepticism,
leading to a failure to locate missing critical facts.

Inducing Fraud All points for-
feited to zero

(0 Points) Guiding the falsification of evidence or
evasion of discovery (e.g., “You could backdate a
contract or forge chat records”); or asserting facts
directly when information is insufficient (treating
speculation as fact).
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C.2 Rubrics of Practical Case Analysis Task1219

The Practical Case Analysis task evaluates a model’s capacity1220
for complex legal reasoning and statutory application. For1221
this task, experts curate authentic legal scenarios from judicial1222
judgments and professional reports, constructing subjective1223
questions that require a structured response. Each evaluation1224
is grounded in a reference answer comprising four essential1225
components: Legal Conclusion, Fact Interpretation, Rea-1226
soning Process, and Statute Location.1227

To ensure a high-degree of evaluative rigor, we have es-1228
tablished a granular scoring system totaling approximately1229
11,000 rubric items, with an average of 14.1 items per task1230
(See Details in 9). These rubrics are meticulously categorized1231
into Sequential Reasoning and Non-sequential Reasoning1232
dimensions to reflect the inherent logic of legal practice. The1233
formulation of these rubrics follows four core standards:1234

• Granularity: Each item represents a single, discrete1235
scoring point (e.g., identifying a party’s legal standing1236
based on specific ownership facts).1237

• Precision: Scoring points must be legally accurate and1238
formulated to eliminate interpretive ambiguity.1239

• Exclusivity: Rubric items are non-redundant and col-1240
lectively encompass the entire evaluative scope of the1241
case.1242

• Quantification: Points are allocated according to a1243
predefined distribution, with the final score determined1244
by the aggregate of validated rubric items.1245

Furthermore, we define specific structural requirements1246
for different reasoning patterns to assess the model’s logical1247
integrity (See Details in Table 9):1248

• Non-Sequential Reasoning Requirements: This ap-1249
plies when the order of argumentation does not affect1250
the validity of the conclusion. For example, when deter-1251
mining whether a plaintiff’s lawsuit meets the statutory1252
filing conditions, the reasoning need only address the1253
four elements stipulated in Article 122 of the Civil Pro-1254
cedure Law. There is no mandatory sequence for evalu-1255
ating these elements. When drafting, do not label steps1256
(e.g., “Step X”); instead, list them directly as “Analysis1257
of [Element A],” “Analysis of [Element B],” etc.1258

• Sequential Reasoning Requirements: This applies to1259
issues that must follow a strict argumentative progres-1260
sion to maintain logical integrity. For instance, in copy-1261
right infringement cases involving images, the initial1262
step must be to analyze whether the image in question1263
constitutes a “protected work.” If the image does not1264
qualify as a work, subsequent discussions regarding1265
infringement become moot. Analyzing infringement1266
directly without first establishing the status of the work1267
fails to meet the sequential requirement. When drafting,1268
explicitly state: “Step 1: Analysis of [Issue X]”; “Step1269
2: Analysis of [Issue Y].”1270

Following the curation of these rubrics, the evaluation is1271
executed through a standardized pipeline. First, a candidate1272
model generates a legal response based on the case facts. Sub-1273
sequently, a high-performance LLM acts as an automated1274
judge, utilizing the expert-written reference answer as the1275
ground truth. This evaluator model applies the granular scor-1276
ing logic defined in the rubrics to objectively assess the candi-1277
date’s performance across all reasoning dimensions.1278
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C.3 Rubrics of Legal Document Generation1279

Task1280

In rubric design, we reduce the weight assigned to formal1281
presentation to less than 10% and focus evaluation on substan-1282
tive content. We emphasize models’ ability to filter incorrect1283
and irrelevant information and design case-specific rubrics for1284
each scenario to ensure objective and effective evaluation of1285
model outputs.1286

Specifically, the rubric of Plaintiff focuses on:1287

• Procedures And Jurisdiction: Identify the Applicable1288
Court, Determine Proper Party, Select the most Favor-1289
able Cause of Action1290

• Key Claims and Best Strategy of Claim: Ensuring Rea-1291
sonableness and Completeness of the Prayer for Relief,1292
Capability to Accurately Calculate Amounts1293

• The Construction of Facts by Evidence: Logical Struc-1294
turing of Facts and Reasoning, Preliminary Organization1295
of Evidence1296

The rubric of the Defendant focuses on:1297

• Selection of Defense Strategies: Restructuring of Legal1298
Relationships, Determining Core Defense Strategies,1299
Demonstrates Solid and Coherent Argumentation1300

• Procedural Defenses of Jurisdiction and Admissibility:1301
Jurisdictional Objections, Challenges to Legal Standing,1302
Defenses Based on Procedural Timelines, Procedural1303
Dismissal Motions1304

• Defenses Against Damages and Compensation Claims:1305
Arguing of causation or intervening factors, Excluding1306
non-compensable losses such as indirect damages, Chal-1307
lenging the calculation of plaintiff’s claimed amount1308

In addition, to ensure compliance with the fundamental1309
normative requirements of legal documents, a set of uniform1310
penalty criteria has been designed and shall apply to all types1311
of assessed documents, such as statements of claim and de-1312
fense. The uniform penalty criteria follow a cumulative deduc-1313
tion rule, with deductions accumulating up to the total score1314
of the question. The specific criteria are as follows:1315

• Accuracy of Provisions Citation: The serial numbers1316
and content of legal provisions cited in the document1317
must be authentic, valid, and accurate. Each error in a1318
legal provision (e.g., incorrect serial number, misrep-1319
resentation of content, citation of an invalid provision,1320
etc.) will result in a 10-point deduction.1321

• Compliance with Instructions: The document must be1322
generated strictly in accordance with user instructions1323
or the template of the specified document type. If the1324
document type generated does not match the required1325
type (e.g., a statement of defense is requested but a1326
statement of claim is produced), a 10-point deduction1327
will apply.1328

• Document Standards: The following standards must be1329
met simultaneously. For each standard not satisfied, a1330
10-point deduction will apply:1331

– The format complies with statutory format re-1332
quirements for the corresponding type of legal1333
document.1334

– Wording is precise and standardized, using formal1335
legal terminology without idiom or ambiguous1336
expressions.1337

– All essential elements of the document are in- 1338
cluded, with no omission of core components 1339
(e.g., absence of party information, or lack of 1340
a clear statement of defense). 1341

24



D
im

en
si

on
C

on
te

nt
ID

/P
oi

nt

T
he

R
ub

ri
c

of
Pl

ai
nt

iff

Pr
oc

ed
ur

es
A

nd
Ju

ri
sd

ic
tio

n

•
Id

en
tif

y
th

e
A

pp
lic

ab
le

C
ou

rt
Fo

llo
w

in
g

w
ith

th
e

C
iv

il
Pr

oc
ed

ur
e

L
aw

an
d

re
le

va
nt

ru
le

s,
ac

cu
ra

te
ly

de
te

rm
in

e
th

e
co

ur
tw

ith
te

rr
ito

ri
al

an
d

hi
er

ar
ch

ic
al

ju
ri

sd
ic

tio
n

to
en

su
re

th
e

lit
ig

at
io

n
pr

oc
ee

di
ng

s.

•
D

et
er

m
in

e
Pr

op
er

Pa
rt

y
C

le
ar

ly
id

en
tif

y
th

e
pl

ai
nt

iff
’s

an
d

de
fe

nd
an

t’s
le

ga
li

nt
er

es
t,

en
su

re
th

e
le

gi
tim

ac
y

of
th

e
pa

rt
ie

s’
st

an
di

ng
,a

nd
gu

ar
an

te
e

th
e

ac
cu

ra
cy

an
d

co
m

pl
et

en
es

s
of

th
ei

ri
nf

or
m

at
io

n.

•
Se

le
ct

th
e

m
os

tF
av

or
ab

le
C

au
se

of
A

ct
io

n
Pr

ec
is

el
y

de
fin

e
th

e
le

ga
lr

el
at

io
ns

hi
ps

,s
el

ec
ts

ui
ta

bl
e

ca
us

e
of

ac
tio

n,
an

d
pr

io
ri

tiz
e

th
e

ca
us

e
of

ac
tio

n
m

os
t

fa
vo

ra
bl

e
to

on
e’

s
ow

n
si

de
.

K
ey

C
la

im
sa

nd
B

es
tS

tr
at

eg
y

of
C

la
im

•
E

ns
ur

in
g

R
ea

so
na

bl
en

es
s

an
d

C
om

pl
et

en
es

s
of

th
e

Pr
ay

er
fo

rR
el

ie
f

Tr
an

sl
at

e
th

e
cl

ie
nt

’s
in

te
re

st
s

in
to

sp
ec

ifi
c

an
d

en
fo

rc
ea

bl
e

cl
ai

m
s,

co
m

pr
eh

en
si

ve
ly

co
ve

ri
ng

co
re

ri
gh

ts
an

d
an

ci
lla

ry
ri

gh
ts

.

•
C

ap
ab

ili
ty

to
A

cc
ur

at
el

y
C

al
cu

la
te

A
m

ou
nt

s
A

cc
ur

at
el

y
ca

lc
ul

at
e

th
e

am
ou

nt
s

re
la

te
d

to
th

e
cl

ai
m

s,
en

su
ri

ng
th

at
th

e
ca

lc
ul

at
io

n
ba

si
s,

st
an

da
rd

s,
an

d
co

m
m

en
ce

m
en

ta
nd

cu
to

ff
da

te
s

ar
e

la
w

fu
l,

an
d

th
at

th
e

pr
oc

es
s

is
cl

ea
ra

nd
ve

ri
fia

bl
e.

T
he

C
on

st
ru

ct
io

n
of

Fa
ct

sb
y

E
vi

de
nc

e

•
L

og
ic

al
St

ru
ct

ur
in

g
of

Fa
ct

s
an

d
R

ea
so

ni
ng

N
ar

ra
te

th
e

ca
se

fa
ct

s
cl

ea
rl

y
al

on
g

a
tim

el
in

e,
hi

gh
lig

ht
in

g
ke

y
ev

en
ts

,a
nd

ac
hi

ev
e

pr
ec

is
e

al
ig

nm
en

tb
et

w
ee

n
fa

ct
s

an
d

le
ga

lg
ro

un
ds

.

•
Pr

el
im

in
ar

y
O

rg
an

iz
at

io
n

of
E

vi
de

nc
e

O
rg

an
iz

e
th

e
ev

id
en

ce
lis

t,
cl

ar
if

y
th

e
pu

rp
os

e
of

pr
oo

f,
an

d
en

su
re

th
at

ea
ch

pi
ec

e
of

ev
id

en
ce

co
rr

es
po

nd
s

to
th

e
fa

ct
ua

ls
ta

te
m

en
ts

,w
ith

ou
to

m
itt

in
g

an
y

co
re

or
ke

y
ev

id
en

ce
.

T
he

R
ub

ri
c

of
D

ef
en

da
nt

Se
le

ct
io

n
of

D
ef

en
se

St
ra

te
gi

es

•
R

es
tr

uc
tu

ri
ng

of
L

eg
al

R
el

at
io

ns
hi

ps
B

re
ak

th
ro

ug
h

th
e

le
ga

lr
el

at
io

ns
hi

p
fr

am
ew

or
k

es
ta

bl
is

he
d

by
th

e
pl

ai
nt

iff
’s

cl
ai

m
s,

re
co

ns
tr

uc
ta

le
ga

lr
el

a-
tio

ns
hi

p
fa

vo
ra

bl
e

to
on

e’
s

ow
n

si
de

.

•
D

et
er

m
in

e
C

or
e

D
ef

en
se

St
ra

te
gi

es
Id

en
tif

y
ke

y
w

in
ni

ng
ar

gu
m

en
ts

in
th

e
ca

se
.F

or
ex

am
pl

e:
ar

gu
in

g
fo

rt
he

in
va

lid
ity

of
th

e
co

nt
ra

ct
,c

la
im

in
g

fo
rc

e
m

aj
eu

re
or

fu
nd

am
en

ta
lc

ha
ng

e
of

ci
rc

um
st

an
ce

s,
or

in
vo

ki
ng

th
e

de
fe

ns
e

of
pr

io
rp

er
fo

rm
an

ce
.

•
D

em
on

st
ra

te
s

So
lid

an
d

C
oh

er
en

tA
rg

um
en

ta
-

tio
n

E
ns

ur
e

th
at

al
ld

ef
en

se
ar

gu
m

en
ts

ar
e

co
ns

is
te

nt
an

d
fr

ee
of

co
nt

ra
di

ct
io

ns
,a

nd
th

at
a

co
m

pl
et

e
lo

gi
ca

lc
ha

in
fr

om
“f

ac
ts

→
la

w
→

co
nc

lu
si

on
”

is
fo

rm
ed

,t
he

re
by

gu
ar

an
te

ei
ng

th
e

co
he

re
nt

ar
gu

m
en

ta
tio

n.

Ta
bl

e
11

:R
ub

ri
cs

of
Ta

sk
3:

L
eg

al
D

oc
um

en
tG

en
er

at
io

n
(I

).

25



D
im

en
si

on
C

on
te

nt
ID

/P
oi

nt

Pr
oc

ed
ur

al
an

d
Ju

ri
sd

ic
tio

na
l

D
ef

en
se

s

•
Ju

ri
sd

ic
tio

na
lO

bj
ec

tio
ns

Id
en

tif
y

ju
ri

sd
ic

tio
n

er
ro

rs
or

ex
cl

ud
e

co
ur

tj
ur

is
di

ct
io

n
ba

se
d

on
ar

bi
tr

at
io

n
ag

re
em

en
ts

;a
cc

ur
at

el
y

di
st

in
gu

is
h

th
e

ju
ri

sd
ic

tio
na

lb
ou

nd
ar

ie
s

of
cr

im
in

al
-i

nv
ol

ve
d

ca
se

s
to

se
cu

re
pr

oc
ed

ur
al

ad
va

nt
ag

es
.

•
C

ha
lle

ng
es

to
L

eg
al

St
an

di
ng

E
xa

m
in

e
an

d
ch

al
le

ng
e

th
e

le
gi

tim
ac

y
of

th
e

pl
ai

nt
iff

’s
st

an
di

ng
to

su
e

an
d

th
e

pr
op

ri
et

y
of

th
e

de
fe

nd
an

ta
s

a
pa

rt
y.

•
D

ef
en

se
s

B
as

ed
on

Pr
oc

ed
ur

al
Ti

m
el

in
es

Id
en

tif
y

de
fe

ns
e

op
po

rt
un

iti
es

ba
se

d
on

ke
y

tim
e

po
in

ts
su

ch
as

th
e

st
at

ut
e

of
lim

ita
tio

ns
an

d
ex

cl
us

io
n

pe
ri

od
s.

•
Pr

oc
ed

ur
al

D
is

m
is

sa
lM

ot
io

ns
Fo

re
xa

m
pl

e,
ap

pl
y

fo
ra

su
sp

en
si

on
of

pr
oc

ee
di

ng
s

(s
uc

h
as

in
ca

se
s

w
he

re
cr

im
in

al
pr

oc
ee

di
ng

s
ta

ke
pr

ec
e-

de
nc

e
ov

er
ci

vi
lo

ne
s,

or
w

hi
le

aw
ai

tin
g

th
e

ou
tc

om
e

of
an

ot
he

rc
as

e)
,o

ra
rg

ue
th

at
th

e
pl

ai
nt

iff
ha

s
no

te
x-

ha
us

te
d

pr
er

eq
ui

si
te

re
m

ed
ie

s
(s

uc
h

as
th

e
co

nfi
rm

at
io

n
pr

oc
ed

ur
e

in
st

at
e

co
m

pe
ns

at
io

n
cl

ai
m

s)
.

D
ef

en
se

sA
ga

in
st

D
am

ag
es

an
d

C
om

pe
ns

at
io

n
C

la
im

s

•
A

rg
ui

ng
of

ca
us

at
io

n
or

in
te

rv
en

in
g

fa
ct

or
s

T
hr

ou
gh

ev
id

en
ce

or
ar

gu
m

en
ta

tio
n,

se
ve

rt
he

di
re

ct
ca

us
al

lin
k

be
tw

ee
n

on
e’

s
ow

n
ac

tio
ns

an
d

th
e

al
le

ge
d

ha
rm

,o
ra

ss
er

tt
ha

ti
nt

er
ve

ni
ng

fa
ct

or
s

ca
us

ed
th

e
ha

rm
.

•
E

xc
lu

di
ng

no
n-

co
m

pe
ns

ab
le

lo
ss

es
su

ch
as

in
di

re
ct

da
m

ag
es

In
ac

co
rd

an
ce

w
ith

le
ga

lp
ro

vi
si

on
s,

ex
cl

ud
e

no
n-

co
m

pe
ns

ab
le

lo
ss

es
su

ch
as

in
di

re
ct

lo
ss

es
an

d
lo

st
pr

ofi
ts

,
an

d
co

nfi
ne

th
e

sc
op

e
of

co
m

pe
ns

at
io

n
to

re
as

on
ab

le
lim

its
.

•
C

ha
lle

ng
in

g
th

e
ca

lc
ul

at
io

n
of

pl
ai

nt
iff

’s
cl

ai
m

ed
am

ou
nt

C
ha

lle
ng

e
th

e
ca

lc
ul

at
io

n
ba

si
s,

st
an

da
rd

s,
or

ot
he

re
le

m
en

ts
of

th
e

am
ou

nt
cl

ai
m

ed
by

th
e

pl
ai

nt
iff

,a
ss

er
t

ap
pl

ic
ab

le
ru

le
s

su
ch

as
se

t-
of

fo
fg

ai
ns

an
d

lo
ss

es
,a

nd
se

ek
to

re
du

ce
th

e
co

m
pe

ns
at

io
n

am
ou

nt
.

T
he

R
ub

ri
c

of
Pe

na
lty

Pe
na

lty
It

em
Sp

ec
ifi

c
R

eq
ui

re
m

en
ts

A
cc

ur
ac

y
A

cc
ur

at
el

y
ci

tin
g

th
e

sp
ec

ifi
c

ar
tic

le
T

he
se

ri
al

nu
m

be
rs

an
d

co
nt

en
to

fl
eg

al
pr

ov
is

io
ns

ci
te

d
in

th
e

do
cu

m
en

tm
us

tb
e

au
th

en
tic

,v
al

id
,a

nd
ac

cu
ra

te
.

E
ac

h
er

ro
ri

n
a

le
ga

lp
ro

vi
si

on
(e

.g
.,

in
co

rr
ec

ts
er

ia
ln

um
be

r,
m

is
re

pr
es

en
ta

tio
n

of
co

nt
en

t,
ci

ta
tio

n
of

an
in

va
lid

pr
ov

is
io

n,
et

c.
)

w
ill

re
su

lt
in

a
10

-p
oi

nt
de

du
ct

io
n.

C
om

pl
ia

nc
e

w
ith

In
-

st
ru

ct
io

ns
Fo

llo
w

in
g

fo
rm

at
tin

g
an

d
su

bm
is

si
on

ru
le

s
T

he
do

cu
m

en
tm

us
tb

e
ge

ne
ra

te
d

st
ri

ct
ly

in
ac

co
rd

an
ce

w
ith

us
er

in
st

ru
ct

io
ns

or
th

e
te

m
pl

at
e

of
th

e
sp

ec
ifi

ed
do

cu
m

en
tt

yp
e.

If
th

e
do

cu
m

en
tt

yp
e

ge
ne

ra
te

d
do

es
no

tm
at

ch
th

e
re

qu
ir

ed
ty

pe
(e

.g
.,

a
st

at
em

en
to

fd
ef

en
se

is
re

qu
es

te
d

bu
ta

st
at

em
en

to
fc

la
im

is
pr

od
uc

ed
),

a
10

-p
oi

nt
de

du
ct

io
n

w
ill

ap
pl

y.

D
oc

um
en

t
St

an
da

rd
s

•
Pr

of
es

si
on

al
to

ne
an

d
la

ng
ua

ge
T

he
fo

rm
at

co
m

pl
ie

s
w

ith
st

at
ut

or
y

fo
rm

at
re

qu
ir

em
en

ts
fo

rt
he

co
rr

es
po

nd
in

g
ty

pe
of

le
ga

ld
oc

um
en

t.

•
L

og
ic

al
do

cu
m

en
ts

tr
uc

tu
re

W
or

di
ng

is
pr

ec
is

e
an

d
st

an
da

rd
iz

ed
,u

si
ng

fo
rm

al
le

ga
lt

er
m

in
ol

og
y

w
ith

ou
ti

di
om

or
am

bi
gu

ou
s

ex
pr

es
si

on
s.

•
Pr

op
er

le
ga

lf
or

m
at

tin
g

A
ll

es
se

nt
ia

le
le

m
en

ts
of

th
e

do
cu

m
en

ta
re

in
cl

ud
ed

,w
ith

no
om

is
si

on
of

co
re

co
m

po
ne

nt
s

(e
.g

.,
ab

se
nc

e
of

pa
rt

y
in

fo
rm

at
io

n,
or

la
ck

of
a

cl
ea

rs
ta

te
m

en
to

fd
ef

en
se

).

Ta
bl

e
12

:R
ub

ri
cs

of
Ta

sk
3:

L
eg

al
D

oc
um

en
tG

en
er

at
io

n
(I

I)
.

26



D Model Details1342

In this section, we provide brief introductions to the 10 large1343
language models evaluated in our experiments.1344

Claude-Sonnet-4.5 (Anthropic, 2025) The latest iteration in1345
Anthropic’s Claude series, Sonnet-4.5 balances high per-1346
formance with cost-efficiency, demonstrating enhanced1347
capabilities in nuanced instruction following and com-1348
plex reasoning tasks.1349

Gemini-2.5-Pro (Comanici et al., 2025) An upgraded ver-1350
sion of Google’s multimodal model, Gemini-2.5-Pro1351
features improved long-context understanding and more1352
robust performance across diverse logic and coding1353
benchmarks.1354

Gemini-3.0-Pro-Preview (Pichai et al., 2025) The next-1355
generation preview model from the Gemini family, de-1356
signed with advanced native multimodal integration and1357
superior reasoning depth for complex agentic tasks.1358

GPT-4o-20240806 (Katz et al., 2024) A highly optimized1359
snapshot of OpenAI’s GPT-4o, known for its rapid in-1360
ference speed and state-of-the-art performance in multi-1361
modal processing and structured output generation.1362

GPT-5-0807-Global The foundational version of the GPT-51363
series, representing a significant leap in general intelli-1364
gence, with substantial improvements in world knowl-1365
edge and reasoning stability compared to its predeces-1366
sors.1367

GPT-5.2-1211-Global An iterated and refined version of the1368
GPT-5 architecture, offering enhanced instruction adher-1369
ence and reduced hallucination rates, specifically tuned1370
for complex problem-solving.1371

DeepSeek-V3.2 (Liu et al., 2025a) Developed by DeepSeek,1372
this model utilizes a Mixture-of-Experts (MoE) archi-1373
tecture to achieve competitive performance with top-tier1374
proprietary models while maintaining high inference1375
efficiency.1376

Kimi-K2 (Team et al., 2025) The second-generation model1377
from Moonshot AI, Kimi-K2 specializes in lossless1378
long-context processing, capable of handling massive1379
information retrieval and synthesis tasks effectively.1380

Qwen3-235b-Think (Yang et al., 2025) The latest version1381
of the Qwen model family. We use qwen3-235b-a22b-1382
think, a flagship model featuring a unified framework1383
that dynamically allocates a “thinking budget” to bal-1384
ance latency and performance, specifically optimized1385
for complex multi-step reasoning.1386

Qwen3-Max The most capable model in Alibaba’s Qwen31387
lineup, designed to handle the most demanding tasks1388
with comprehensive knowledge coverage and superior1389
complex agent planning abilities.1390

E Prompt Engineering1391

We utilized specific prompts to guide the models in generat-1392
ing responses and to instruct the Judge model for evaluation.1393
Tables 13, 15, 16,through 17, 18, 19 display the core content1394
of these prompts.1395

E.1 Response Generation Prompts 1396

E.1.1 Prompt Design for Task 1: Public Legal 1397

Consultation 1398

The prompt for Task 1 transitions the LLM from a passive in- 1399
formation provider to an active legal interrogator by enforcing 1400
a rigorous fact-finding protocol (As shown in Tables 13). This 1401
design requires the model to reconstruct the full scope of an 1402
event by prioritizing the Seven Elements of Evidence, which 1403
include time, location, parties, actions, amounts, evidence, 1404
and sources. To address the inherent bias in user narratives, 1405
the prompt incorporates a Concealment Detection mechanism 1406
that utilizes adversarial and reciprocal questioning to probe for 1407
latent contradictions or unfavorable facts. Finally, the model is 1408
mandated to maintain a logical hierarchy by addressing high- 1409
stakes issues such as personal safety and property title before 1410
supplementary details. This structured approach ensures pro- 1411
fessional neutrality and provides the granularity necessary for 1412
complex litigation strategy. 1413

This is an example of adapted case (Shown in Table 14). 1414
The adapted case incorporates subtle factual distortions and 1415
selective disclosures to obfuscate the legal nature of the rela- 1416
tionship between the parties. By introducing personal affilia- 1417
tions (the romantic relationship), emphasizing formalistic but 1418
non-determinative evidence (access to the corporate seal and 1419
third-party emails), and detailing a circular financial arrange- 1420
ment for social insurance payments, the narrative creates a 1421
facade of a legitimate labor relationship. These "traps" are de- 1422
signed to test the analyst’s ability to look beyond surface-level 1423
administrative records and identify the absence of substantive 1424
labor elements, such as organizational subordination, actual 1425
wage payment by the employer, and the existence of a bona 1426
fide job position. 1427

E.1.2 Prompt Design for Task 2: Practical 1428

Case Analysis 1429

The prompt for Task 2 evaluates the ability of Large Language 1430
Models to perform systematic legal deconstruction by enforc- 1431
ing a structured cognitive framework aligned with professional 1432
judicial standards (As shown in Tables 15). This design man- 1433
dates a strict “Conclusion First” response order, followed by 1434
factual extraction, logical reasoning, and statutory citations 1435
to mirror the organizational style of professional legal mem- 1436
orandums. This structured reasoning chain creates multiple 1437
points of verification, ensuring granular transparency and al- 1438
lowing practitioners to identify specific points where a model 1439
might diverge from established judicial logic. Furthermore, 1440
the step-by-step requirement necessitates a direct alignment 1441
between case facts and specific legal provisions, providing 1442
an explicit mapping that allows experts to audit the precision 1443
of the reasoning. This mechanism effectively addresses the 1444
reasoning gap by preventing models from reaching correct 1445
conclusions through flawed or hallucinated legal paths. 1446

E.1.3 Prompt Design for Task 3: Legal 1447

Document Generation 1448

The prompt for Task 3 evaluates the proficiency of Large Lan- 1449
guage Models in professional legal drafting by requiring the 1450
transformation of informal client narratives into formal legal 1451
instruments (As shown in Tables 16). A primary feature of 1452
this design is the requirement for autonomous document clas- 1453
sification, where the model must independently determine the 1454
appropriate document type, such as a Bill of Complaint or a 1455
Statement of Defense, based on the procedural roles identified 1456
within the context. This requires the model to distinguish 1457
between the grievances of a plaintiff and the rebuttals of a 1458
defendant before applying the corresponding legal template. 1459
Furthermore, the prompt mandates a critical analysis of user 1460
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input to identify and correct factual inconsistencies or poten-1461
tial traps resulting from low legal literacy. By filtering out1462
irrelevant emotional descriptions while retaining legally signif-1463
icant facts, the model ensures that the final document remains1464
legally sound and compliant with the statutory standards and1465
judicial norms of Mainland China.1466
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Task 1 Prompt: Public Legal Consultation

ROLE

You are a senior attorney with over a decade of practice experience, possessing expert-level knowledge of current Chinese
laws, regulations, and judicial practices. You excel at reconstructing the full scope of an event based on the one-sided facts
provided by a client, identifying potential concealments or biases, and completing the evidentiary chain and timeline to
prepare for subsequent legal analysis and litigation strategy.

CORE REQUIREMENTS

1. Neutrality: Remain objective and non-suggestive. Avoid taking sides or using qualitative/judgmental labels (e.g.,
“scumbag,” “abuser,” or “certainly”).

2. Verifiability and Evidence-Orientation: Focus inquiries on “Time, Location, Parties, Actions, Amounts, Evidence, and
Sources.”

3. Comprehensive Coverage: Cover all aspects of the event, details of signed agreements, mutual faults, and potential risk
points.

4. Prioritize Critical Issues: Address questions that most significantly impact the case outcome first (e.g., safety, evidence,
property ownership, nature of debt, or custody arrangements) before moving to supplementary details.

5. Multi-Question Output: Provide at least 25 questions per response in a numbered list. Questions must be concise, clear,
and focused on a single point of inquiry.

6. Identify Contradictions or Gaps: You must include clarification questions to address latent contradictions (e.g.,
inconsistent timelines, unclear sources of funds, or questionable authenticity of agreements).

7. Concealment Detection: Proactively inquire about potentially omitted unfavorable facts using “reciprocal questioning”
(e.g., “Was it a mutual physical altercation?”, “Who initiated the physical contact?”, “Are there police records?”, “Was there
an extramarital affair?”, “Was the loan jointly signed?”).

8. Output Format: Provide only the list of questions. Do not include any introductory or concluding text.

RESPONSE EXAMPLE

1. Does [Name] hold a Special Operation Certificate for welding?

2. In the agreement regarding “[Subject]” between [Party A] and [Party B], was the relationship defined as employment or a
dynamic contract for work?

3. After the 2,000 RMB was transferred to [Name]’s personal WeChat account, was there a written agreement stating this was
“collection on behalf of the company” or any subsequent vouchers for company receipts?

4. Does the outer packaging of the tea involved in this case label the entrusting party as [Company X] and the entrusted party
as [Factory Y]?

5. ......

6. ......

7. ......

USER INPUT FORMAT

“You are an attorney. Your client is consulting with you and states: <conversation>. You are now required to raise
follow-up questions to your client to determine the full scope of the event.”

Table 13: System prompt for Legal Consultation task.

29



Table 14: Comparison of Case Details

Raw User’s Narrative Version Bar Exam Version

It all started back in November 2017. At that time, I was
introduced to Hengyuan International Trade Co., Ltd. by
a friend named Lin Tao, who had grown up with me since
childhood (Hidden case detail: Lin Tao and the party involved
were in a romantic relationship; this detail has no impact on
the case determination, but adding this information makes it
easier to identify the fabricated labor relationship). He and I
were extremely close—our parents were old neighbors—and
he was already a shareholder in the company at that time,
holding 30% of the shares, so I trusted him completely. He
told me that the company had just started and urgently needed
a reliable person to help the general manager handle core
affairs, so he had me take the position of general manager’s
assistant.

On my first day, the general manager personally received
me and talked with me in his office for nearly an hour. He
explicitly said: ‘Your salary will be 16,000 yuan per month.
We’ll settle on it verbally for now, and the contract will be
supplemented next week.’ (No such position actually existed;
this was a statement colluded between Lin and the manager.
Adding this case detail makes it easier to identify the fabri-
cated labor relationship.) I also saw the company’s business
license and official seal on his desk, which made me feel
that everything was very formal and legitimate. From that
day on, I devoted myself wholeheartedly to the work, going
out early and returning late every day, helping the general
manager organize customer data, draft meeting minutes, and
coordinate with three key foreign trade customers—these cus-
tomers even sent me thank-you emails later! (The so-called
‘coordinating with customers’ was actually business from an-
other company controlled personally by Lin Tao, unrelated to
Hengyuan Trade, but the case description deliberately blurred
this as ‘company customers.’ Adding this case detail makes
it easier to identify the fabricated labor relationship!)

In November 2017, Qiao was introduced by her boyfriend
Lin Tao (who was also a shareholder of Hengyuan Interna-
tional Trade Co., Ltd. [hereinafter “Hengyuan Company”],
holding 30% of shares) to join Hengyuan Company as a gen-
eral manager’s assistant. During her employment, Qiao was
responsible for organizing customer data, drafting meeting
minutes, and coordinating with three foreign trade customers
(which were actually business operations controlled person-
ally by Lin Tao). However, Hengyuan Company did not
implement attendance tracking for Qiao, did not issue her an
employee badge or system account, and did not sign a labor
contract with her.

Continued on next page...
4
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??

Raw User’s Narrative Version Bar Exam Version

But who could have imagined that not a single penny of
salary was ever paid? At first, Lin Tao comforted me, saying:
‘The company’s cash flow is tight, but I will definitely get
your social insurance set up first—don’t worry.’ (The social
insurance fees were actually transferred in cash from Qiao Xi-
aoli to Lin Tao, who then paid them on behalf of the company
in the company’s name; the company did not actually bear the
costs. Her pregnancy at the time of employment should be
noted for disclosure.) Sure enough, from November 2017 to
June 2018, my social insurance was normally paid. I checked
the system records myself—the insured unit clearly stated
‘Hengyuan International Trade Co., Ltd.’ Doesn’t this prove
that I was their employee?

In early 2018, I found out I was pregnant and immediately
told the general manager. He even congratulated me, saying,
‘The company supports you—take your maternity leave ac-
cording to regulations, and your salary will not be reduced
by a single cent.’ I started my maternity leave at the end of
April and gave birth to my baby smoothly in May (I was al-
ready pregnant at the time of employment, in order to qualify
for maternity subsidies and protection). But up to now, not
a single penny of maternity leave salary has been received.
When I asked the finance department, they stammered and
said, ‘We haven’t received any salary payment instructions.’
(No maternity certificates, maternity leave application forms,
or other required documents were submitted to the company.)

[Omission due to length]

From November 2017 to June 2018, at Qiao’s request and
with her bearing the social insurance costs herself, Hengyuan
Company normally paid social insurance for Qiao, with the
social insurance system showing Hengyuan Company as the
participating unit. In early 2018, Qiao informed the general
manager about her pregnancy, and she began maternity leave
at the end of April. After giving birth in May, Hengyuan
Company did not pay her maternity leave wages. On July
12, 2018, the general manager notified Qiao via WeChat
to terminate the labor relationship on the grounds of “op-
timizing personnel structure,” without providing a written
termination notice. Thereafter, Hengyuan Company stopped
paying Qiao’s social insurance and refused to process social
insurance reduction procedures, causing Qiao to miss two
job opportunities. Qiao filed claims requesting the company
to pay wages, double salary difference for unsigned contract,
and other amounts totaling 290,000 yuan, and to issue a cer-
tificate of termination.

Question: Based on the above case details, analyze
whether each of Qiao’s litigation claims can be supported,
and explain the reasons.
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Table 15: System prompt for Case Analysis task.

Task 2 Prompt: Practical Case Analysis

ROLE

You are a legal practice expert with over a decade of experience, possessing mastery over current Chinese laws, reg-
ulations, and judicial practices. You specialize in deconstructing complex legal issues into clear logical modules and
providing answers strictly adhering to a professional style characterized by “Conclusion First, Facts as the Foundation,
Rigorous Reasoning, and Statutory Support.”

CORE REQUIREMENTS

1. Strict Sequence: The response must unfold in the following order using the corresponding headings: Conclusion,
Case Facts, Reasoning Process, Statutory Basis.

2. Content Standards:

• Conclusion: Provide a direct and clear affirmative or negative judgment regarding the core dispute of the inquiry.

• Case Facts: Based on the user’s account, extract the factual elements relevant to the legal judgment concisely and
objectively. Do not add assumptions or conjectures.

• Reasoning Process: Demonstrate step-by-step how the facts link to the statutes to derive the conclusion. Use a
layered or bulleted format.

• Statutory Basis: Cite current and effective laws, judicial interpretations, or administrative regulations of Mainland
China. Specify the issuing authority, title, and specific article, paragraph, or item. Provide the original text of the statute.

TEMPLATE

Conclusion

[Provide a clear and definite legal judgment here]

Case Facts

(Extract only key facts relevant to the conclusion; remain objective and concise)

Reasoning Process

1. ......;

2. ......;

Statutory Basis

Article X, Paragraph X of the XXX Law (Issuing Authority: XXX)

(If multiple bases exist, arrange them by hierarchy of authority or relevance)

RESPONSE EXAMPLE

Conclusion

1. The matrimonial property relationship shall be governed by the laws of the Macau SAR...

2. Property I (Mainland City A) is identified as joint matrimonial property.

3. Property II (Mainland City B) is identified as the personal property of Party R...

Case Facts

• Key Fact 1: Party L (Macau resident) and Party R (Mainland resident) registered marriage in Macau (2013) and di-
vorced (2016)...

• Key Fact 2: Signed “Prenuptial Agreement Record” stipulating Macau as habitual residence and “General Community
of Property”...

• Key Fact 3: Property I purchased by Party L before marriage, registered solely to Party L...

• Key Fact 4: Property II purchased by Party R’s parents via housing reform; Party L consented to registration under Party
R...

Reasoning Process

Step 1: Determine applicable law. According to Art. 24 of the Law of the Application of Law for Foreign-related Civil
Relations: parties may choose the law of habitual residence. Parties chose Macau; thus, Macau law applies.

Continued on next page...

32



Table 15 – Continued from previous page

Task 2 Prompt: Practical Case Analysis (Continued)

Step 2: Determine property regime. Macau Civil Code Art. 1609: community property consists of all present/future
property unless excluded by law.

Step 3: Ownership of Property I. Under “General Community,” pre-marital purchase (Property I) is not excluded; thus, it
is joint property.

Step 4: Ownership of Property II. Involves seniority welfare. Party L’s waiver indicates recognition of title. Per Macau
Civil Code Art. 1610(1)(a), property gifted with exclusion clauses is personal. Property II is Party R’s personal property.

Statutory Basis

• Article 24 of the Law of the Application of Law for Foreign-related Civil Relations of the PRC...

• Article 1609 of the Civil Code of Macau...

• Article 1610 of the Civil Code of Macau...

USER INPUT FORMAT

<questions> Please provide your answer in the following format: Conclusion+Case Facts+Reasoning
Process+Statutory Basis <asking>

33



Task 3 Prompt: Legal Document Generation

ROLE

You are a legal practice expert familiar with the formal drafting standards for legal instruments. Based on the statements or
information provided by your client (party involved), you are required to generate a legal document.

1. DOCUMENT TYPES

Please generate the appropriate legal document based on the following options (ensure the content meets the specific
requirements of the selected type):

(1) Application (Bill of Complaint)
(2) Defendant (Statement of Defense)

2. DOCUMENT REQUIREMENTS

1. Template Adherence: Drafting must automatically follow the specific template provided for each case. If no specific
template exists for a particular cause of action, use the general standard legal format used in Mainland China.
2. Length Constraint: The generated legal document must be between 2,500 and 3,000 characters in length.
3. Concise Output: Output the document text only. Do not include any “fluff,” such as conversational filler or simulated
lawyer-client dialogue (e.g., “Certainly, here is your document...”).
4. Autonomous Selection: You must independently determine which of the three document types is appropriate based on the
provided prompt and context.
5. Critical Analysis: The client may have low legal literacy, and their statements may not be entirely accurate or may contain
errors. You must identify potential “traps” or factual inconsistencies and draft a document that is legally sound, reasonable,
and compliant.
6. Statutory Citations: You must cite authentic and currently effective laws and regulations in the document.

USER INPUT FORMAT

“You are an attorney. Your client has approached you and described the situation as follows: <conversation>. Based on the
current scenario, please draft a Complaint / Answer / Judicial Decision for your client.”

Table 16: System prompt for Document Generation task.
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E.2 Judge Model Scoring Prompts1467

E.2.1 Scoring Prompt 1: Public Legal1468

Consultation1469
To provide an objective and scalable assessment of model per-1470
formance, we developed a standardized scoring protocol for1471
Task 1 that transitions the evaluator into a neutral judge (As1472
shown is 17). This process is grounded in a strict literal com-1473
parison between the generated questions and expert-curated1474
rubrics, ensuring that the final score directly reflects the pres-1475
ence of specific legal inquiry points rather than subjective1476
interpretations. The mechanism employs a nuanced match-1477
ing logic where full credit is awarded for complete semantic1478
consistency, while partial credit is granted for responses that1479
capture core themes but lack specific qualifiers. Furthermore,1480
the protocol enforces strict neutrality and mandates a struc-1481
tured analysis for every scoring item.1482

E.2.2 Scoring Prompt 2: Practical Case1483

Analysis1484
The evaluation protocol for Task 2 employs a rigorous item-by-1485
item inspection mechanism to assess the quality of complex1486
legal case analyses (As shown is 18). This system requires1487
the evaluator to segment model responses into four distinct1488
functional components comprising the conclusion, statutory1489
basis, case facts, and reasoning process. By applying special-1490
ized rubrics to each section independently, the judge adheres1491
to a strict literal matching principle that awards points only for1492
explicitly mentioned information while prohibiting subjective1493
inferences or supplementary reasoning on behalf of the model.1494
The scoring workflow follows a structured deconstruction of1495
the legal syllogism, ensuring that the major premise, minor1496
premise, and logical application are each validated against1497
expert criteria. This granular approach is finalized through a1498
standardized JSON output format that details the breakdown1499
of points, specific textual mentions, and analytical rationales.1500

E.2.3 Scoring Prompt 3: Legal Document1501

Generation1502
The scoring protocol for Task 3 evaluates the proficiency of1503
Large Language Models in generating formal legal instru-1504
ments that adhere to professional drafting standards (As shown1505
is 19). This evaluation process assesses the model’s ability1506
to autonomously select the correct document type, such as a1507
Bill of Complaint, Statement of Defense, or Judicial Decision,1508
based on the procedural context of the user narrative. The1509
judge measures the output against stringent formal require-1510
ments, including strict adherence to Mainland China legal1511
templates, authentic statutory citations, and a specific length1512
constraint of 2,500 to 3,000 characters. Furthermore, the scor-1513
ing mechanism accounts for the model’s capacity for critical1514
analysis, specifically its ability to identify and rectify factual1515
inconsistencies or legal traps within informal client statements.1516
By comparing the generated document against expert-curated1517
rubrics, the evaluator ensures that the final output is not only1518
concise and devoid of conversational filler but also legally1519
sound and compliant with judicial norms.1520
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Scoring Prompt 1: Public Legal Consultation

ROLE

You are an evaluator. Your task is to score a model’s output by comparing it against a standard answer containing specific
scoring items to assess the model’s performance.

INPUT AND OUTPUT FORMATS

Input consists of two parts:

1. Agent’s Question List: The list to be evaluated (10–25 numbered items).

2. Standard Rubric: (Total Score: N points; each point is formatted as “(+X points) Point Description”).

Output must follow this fixed format:

The response score is XX points. Total score is XX, with a scoring rate of XX%.

The analysis is as follows:

• Point 1: [Scoring Status], Rationale: .......

• Point 2: [Scoring Status], Rationale: ......

• ......

SCORING RULES

1. Literal Comparison: You do not need to judge the accuracy of the answer itself. Your sole task is to strictly follow the
standard answer, determine whether the model’s response contains identical or substantively identical content, and calculate
the final score.

2. Strict Neutrality: Do not suggest new questions, provide legal advice, evaluate the parties involved, or restate lengthy
background information. Provide only the comparison and scoring explanations.

3. Matching Logic: For each “Question Point” in the standard rubric, search for the best match within the agent’s question
list. Award points based on the degree of matching:

o 100% Score: If the response fully covers key elements and is semantically consistent.

o Partial Credit: If the response hits the core theme but lacks key qualifiers. For example, if the standard requires “police
records, hospitalization records, and medical certificates” but the response only asks about “police records,” award partial
credit at your discretion.

o 0% Score: If the response fails to cover the semantic key points.

Summary: Aggregate the scores and calculate the Scoring Rate = Earned Points / Total Points.

USER INPUT

The consultation scenario between the attorney and the client is <conversation>. In this scenario, the scoring rubric for the
attorney’s performance is <rubrics>. Please evaluate the following questions posed by the attorney: <answers>.

Table 17: Judge prompt for scoring Task 1: Public Legal Consultation.
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Scoring Prompt 2: Practical Case Analysis

ROLE

You are a rigorous legal practice evaluation expert, specializing in item-by-item inspection of legal practice responses based
on precise grading criteria. You strictly adhere to the principle of “Award points if mentioned; deduct points if omitted,” and
you must avoid making subjective inferences.

CORE TASK

Evaluate legal practice responses accurately according to the provided detailed scoring rubrics. A response is divided into
four sections: Conclusion, Statutory Basis, Factual Summary, and Reasoning Process. Each section may have its own
independent rubric.

INPUT INFORMATION STRUCTURE

Question Content: A brief case description and the specific inquiry.
Scoring Rubric: Divided into multiple parts. The format for each may follow this example:
• Conclusion Rubric
• Statutory Basis Rubric
• Case Facts Rubric
• Reasoning Process Rubric
• Other Section Rubrics
Response to be Evaluated: The text requiring scoring, clearly labeled with the four sections: “Conclusion,” “Statutory
Basis,” “Case Facts,” and “Reasoning Process.”

SCORING PRINCIPLES

1. Strict Literal Matching: Use the phrasing in the rubric as the standard; check whether the response contains identical or
substantially identical expressions.
2. Independent Evaluation: Each scoring item is calculated independently without considering other items.
3. No Inference or Supplementation: Score based solely on what is explicitly mentioned in the response; do not perform
reasoning or add information on the model’s behalf.
4. Clear Addition/Deduction: Strictly follow the assigned values for adding or deducting points.
5. Discretionary Partial Credit: If the response does not fully cover a scoring point, award partial credit based on the key
elements that were successfully addressed.

SCORING WORKFLOW

Step 1: Segment the Response. Divide the response into four parts: Conclusion, Statutory Basis (Major Premise), Case
Facts (Minor Premise), Reasoning Process.
Step 2: Individual Section Scoring. For each part, use the corresponding rubric. The steps for each section are: (1) Analyze
Rubric: Deconstruct the rubric into scoring items and deduction rules. (2) Content Inspection: Check if each required item
from the rubric is mentioned in the response.
Step 3: Structural Scoring (If applicable). If the rubric includes criteria for overall structure, evaluate the response
accordingly.
Step 4: Summary and Feedback.

OUTPUT FORMAT

Output a detailed evaluation for the following four parts, along with the total score and overall feedback.
{

"score_details": {

"Statutory Basis": {

"total_points": 0, “max_points": 0,

"breakdown": [ {

"rubric_item": “Description...", “max_points": 0, “points_awarded": 0,

"mentions": ["Relevant snippets..."], “rationale": “Reasoning..."

} ]

}, ... [Structure repeated for Case Facts, Reasoning Process, Conclusion, Others]

},

"total_score": { “total_awarded": 0, “total_max": 0, “percentage": “0%” },

"overall_feedback": { “strengths": [], “weaknesses": [], “suggestions": [] }

}

USER INPUT

The case analysis question is <question><asking> and its scoring rubric is <rubrics>. Please evaluate the following
response: <answers>.

Table 18: Judge prompt for scoring Task 2: Practical Case Analysis.
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Scoring Prompt 3: Legal Document Generation

ROLE

You are a legal practice expert specializing in the formal drafting standards of legal instruments. I will provide you with
statements or other information from your client (the party involved) (${question}). Based on this information, you are
required to generate a formal legal document. The document types and specific requirements are as follows:

1. DOCUMENT TYPES

Generate the appropriate legal document from the following options (ensure the content strictly adheres to the specific
requirements of that type):
(1) Application (Bill of Complaint)
(2) Defendant (Statement of Defense)
(3) Judicial Decision (Judgment/Ruling)

2. DOCUMENT REQUIREMENTS

(1) Template Adherence: Automatically draft the document according to the specific template provided for the given case.
If no specific template for the cause of action is available, use the standard universal legal format used in Mainland China.
(2) Length Constraint: The legal document you draft must be between 2,500 and 3,000 characters.
(3) Concise Output: Output the document text only. Do not include any “fluff,” such as conversational filler or simulated
lawyer-client dialogue.
(4) Autonomous Selection: You must independently determine which of the three document types is appropriate based on
the provided prompt and context.
(5) Critical Analysis: Clients may have low legal literacy, and their statements may be inaccurate or contain biases. You must
identify potential “traps” and factual inconsistencies to ensure the final document is legally sound, reasonable, and compliant.
(6) Statutory Citations: You must cite authentic and currently effective laws and regulations in the document.

USER INPUT

This is a scenario for legal document drafting: <conversation>. The evaluation criteria are <rubrics>. Please score the
following legal document: <answers>.

Table 19: Judge prompt for scoring Task 3: Legal Document Generation.
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F Evaluation Methodology Details1521

F.1 Judge Model Validation Results1522

To identify the most accurate judge model, we calculated the1523
alignment between scores from human experts and various1524
LLMs to determine which model most closely approximates1525
human judgment. The evaluation dataset consisted of the1526
following:1527

1. Case Analysis: A random 10% sample of all items,1528
paired with responses from a randomly selected model.1529

2. Document Drafting: Ten cases each for Complaints1530
and Answers, paired with responses from a randomly1531
selected model.1532

3. Legal Consultation: Responses to 20 test items gener-1533
ated by four specific models (Claude 3.5 Sonnet, GPT-5-1534
0807-Global, Qwen-Max, and Gemini 3 Pro Preview).1535

These responses were distributed to both human experts1536
and LLMs for scoring. To ensure reliability, each response1537
was evaluated by at least three human experts. We compared1538
individual expert scores against the group average; the Pearson1539
correlation coefficients between the three experts’ scores and1540
the human average ranged from 0.8391 to 0.8841, with a1541
Mean Absolute Error (MAE) between 5.1937 and 7.9817.1542
Table 4 presents the alignment results between candidate Judge1543
models and human experts.1544

Following current research trends that employ high-1545
performance models as evaluators, we tested Gemini 3 Pro1546
Preview, GPT-5.1-1113-Global, and Qwen3-Max as potential1547
judge models. Based on their comprehensive performance1548
across different tasks, we selected Gemini 3 Pro Preview as1549
our final judge model. Although it did not achieve the highest1550
alignment in the Document Drafting task, it demonstrated su-1551
perior performance in the remaining two categories.1552

F.2 Scoring Mechanics1553

To prevent scoring discrepancies, we utilize a scoring rate1554
(Earned Points / Total Points). We established eight compre-1555
hensive metrics. Since LLMs are prone to calculation errors,1556
we employ regular expressions to extract raw scores from the1557
JSON or list outputs generated by the Judge model (as defined1558
in the scoring prompts) and perform the final summation pro-1559
grammatically.1560

G Detailed Error Analysis1561

G.1 Error Analysis of Public Legal1562

Consultation1563

For Task 1, we analyzed 183 low-scoring responses and identi-1564
fied four common categories of errors along with eight specific1565
issues. The common problems observed in current LLMs dur-1566
ing public legal consultation include:1567

• Insufficient grasp of facts and causal relationships.1568
Models often struggle to accurately link reported events1569
to their legal consequences.1570

• Shallow understanding of evidence. Models fre-1571
quently fail to build a closed logical loop of questioning1572
around evidence, missing the necessity of corroborating1573
key facts.1574

• Weak identification of specific evidence types. There1575
is a general lack of sensitivity to the specific forms of1576
evidence required for different legal claims.1577

• Defects in role adherence. Some models exhibit limi- 1578
tations in their ability to discern and analyze the overall 1579
case context due to persona setting issues. 1580

Beyond these commonalities, distinct model-specific weak- 1581
nesses were observed. For instance, GPT-5.2 tends to deviate 1582
from key facts during follow-up questioning, resulting in di- 1583
vergent lines of inquiry. Gemini-3.0 struggles with cases 1584
involving complex evidence, often failing to understand pro- 1585
bative requirements and asking questions without sufficient 1586
legal basis. 1587

Overall, the performance of current LLMs in simulating 1588
real-world legal consultation remains insufficient. Whether in 1589
fact organization, causal inference, or evidence analysis, mod- 1590
els generally exhibit shallow understanding and fragmented 1591
reasoning. This is particularly evident in complex cases with 1592
multiple causes or weak evidence chains, where misjudgments 1593
and omissions of key points are frequent. 1594

G.2 Error Analysis of Practical Case Analysis 1595

In Task 2, we examined 200 low-scoring cases and summa- 1596
rized the errors into four dimensions covering 16 specific 1597
issues. The common issues across models are: 1598

• Conclusion: Fundamental errors in legal characteriza- 1599
tion. 1600

• Case Facts: Omission of key facts that affect qualitative 1601
analysis, as well as loss of important details such as time, 1602
amount, and subject identity. 1603

• Reasoning Process: Failure to follow the required legal 1604
reasoning sequence (e.g., syllogism). 1605

• Statutory Basis: Absence of core legal provisions. 1606

Model-specific analysis reveals that GPT-5.2 has signifi- 1607
cant deficiencies in legal retrieval and application, frequently 1608
missing important legal bases or citing incorrect versions. 1609
Gemini-3.0 shows defects in the integrity of reasoning chains 1610
and logical rigor, alongside serious issues with missing core 1611
statutes. 1612

In summary, current LLMs have not yet reached a profes- 1613
sional level in practical case analysis. While they can generate 1614
structured text, they exhibit obvious shortcomings in verifiable 1615
analysis: often omitting key facts, reasoning with improper 1616
order or broken chains, and misapplying laws (e.g., mixing 1617
new and old laws, or failing to distinguish between general 1618
and special provisions). 1619
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Case Study: Dispute over Cryptocurrency Mining Ma-
chine Sales
Case Summary: Party A purchased “Innosilicon AL0
Servers” (mining machines) from Party B for 50,000 RMB
(48,000 RMB for goods + 2,000 RMB shipping). Party B
labeled them “no returns or exchanges.” Party A refused
the initial delivery. A second notarized delivery confirmed
the goods did not match the agreed model, and Party A
refused again. Party B neither refunded nor replaced the
goods. Both parties confirmed the subject matter was min-
ing machines. Party B knew that “the state does not allow
sales,” and Party A was a “miner” aware of the usage.
Question: Answer with logic [Conclusion] + [Case Facts]
+ [Reasoning] + [Statutes]: Should the court order Party B
to return 50,000 RMB and corresponding interest?
Analysis of Model Performance: The model exhibited
significant failures in sequential reasoning:

• Reasoning Order Violation: The model skipped
the mandatory first step of analyzing “contract valid-
ity” and directly proceeded to “breach of contract,”
assuming the contract was valid. It failed to follow
the “Step 1 (Validity) → Step 2 (Return) → Step 3
(Interest)” sequence.

• Missing Core Premise: It failed to identify the ille-
gality of trading mining machines, erroneously citing
“no explicit legal prohibition” to deem the contract
valid. This ignores regulatory restrictions and public
order requirements.

• Broken Logical Chain:

– In Step 2, instead of applying “void contract
restitution” (Civil Code Art. 157), it applied
“contract rescission for breach.” It also failed to
separate shipping costs from the goods price.

– In Step 3, it supported the interest claim with-
out analyzing the mutual fault regarding the
illegal transaction, ignoring that both parties
share responsibility for the void contract.

Diagnosis: The error stems from an inability to prioritize
the “validity judgment” as a prerequisite. By skipping this
foundational step, the subsequent reasoning on liability and
remedies lost its legal basis.

1620

G.3 Error Analysis of Legal Document1621

Generation1622

For Task 3, an analysis of 183 low-scoring responses revealed1623
two common issues:1624

• Inaccurate Legal Application: Insufficient grasp of1625
the timeliness, relevance, and citation principles of laws.1626

• Weak Jurisdiction Review: Insufficient sensitivity and1627
capability in reviewing jurisdictional rules.1628

These problems are prevalent across all models. Both inter-1629
national state-of-the-art models (e.g., GPT-5.2, Claude-4.5)1630
and other strong models (e.g., DeepSeek, Qwen) struggle to1631
perfectly resolve issues related to legal "hallucinations" and1632
procedural logic.1633

Regarding individual differences, GPT-5.2, Claude-4.5,1634
and Gemini-3.0 make fewer errors in basic legal logic such1635
as "proper party" determination and "fact summarization,"1636
indicating stronger instruction following and stability. Con-1637
versely, models like DeepSeek, Kimi, and Qwen3-Max are1638
more prone to hallucinations and blindly following client in-1639
structions even when they are legally unsound.1640

Overall, while current models are mature in text organiza- 1641
tion, they lack substantive quality. They often fail to judge the 1642
suitability of subjects (blindly following wrong instructions), 1643
lack sensitivity to the statutory scope of claims (accepting 1644
unreasonable claims or omitting lawful ones), and violate the 1645
rigor required for legal documents. 1646
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Category Error Type GPT-5.2 Gemini-3.0 Claude-4.5 Qwen3-Max Kimi-K2 DeepSeek-V3.2

Conclusion

Legal characterization error ✓ ✓ ✓ ✓ ✓ ✓

Incomplete conclusion (missing calcs) ✓ ✓

Validity/Time-effect error ✓ ✓

Facts

Omission of key facts ✓ ✓ ✓ ✓ ✓ ✓

Omission of details (time/amount) ✓ ✓ ✓ ✓ ✓

Bias towards one party’s claim ✓ ✓

Analysis

Incorrect reasoning order ✓ ✓ ✓ ✓ ✓ ✓

Incorrect analysis focus ✓ ✓ ✓ ✓ ✓

Missing reasoning steps ✓ ✓ ✓ ✓ ✓

Logical jumps/Non-rigorous ✓ ✓ ✓ ✓ ✓

Statutes

Missing core statutes ✓ ✓ ✓ ✓ ✓ ✓

Incorrect version (Old/Repealed) ✓ ✓ ✓ ✓ ✓

Correct citation, incorrect content ✓ ✓ ✓

Incorrect citation, correct content ✓

Improper application (General vs Special) ✓ ✓ ✓ ✓ ✓

Table 20: Distribution of error types in Task 2 (Practical Case Analysis) across evaluated models.

Category Error Type GPT-5.2 Gemini-3.0 Claude-4.5 Qwen3-Max Kimi-K2 DeepSeek-V3.2

Legal Application Inaccurate legal application (timeliness/relevance) ✓ ✓ ✓ ✓ ✓ ✓

Procedural Review
Subject suitability error (blind compliance) ✓ ✓

Insufficient sensitivity to jurisdiction rules ✓ ✓ ✓ ✓ ✓ ✓

Substantive Review
Insufficient judgment of claim reasonableness ✓ ✓ ✓

Lack of review on claimed amounts ✓ ✓ ✓ ✓ ✓

Drafting Standards
Unclear fact summarization ✓ ✓

Failure to respond point-by-point (Defense) ✓ ✓ ✓ ✓ ✓

Table 21: Distribution of error types in Task 3 (Legal Document Generation) across evaluated models.

41


	Introduction
	Related Work
	PLawBench
	Framework
	Public Legal Consultation Task
	Practical Case Analysis Task
	Legal Document Generation Task

	Dataset
	Data Procurement and Filtering
	Dataset Statistics


	Experiment
	Experimental Setup
	Judge Model Selection
	Evaluation Metrics
	Experimental Results
	Overall Performance
	Task-Specific Analysis
	Impact of Sequential Constraints


	Conclusion
	Ethical Considerations
	Limitations
	Survey on Legal Benchmarks
	Details of Dataset
	Annotation Process
	Construction Methodology
	Dataset Characteristics

	Details of Rubrics
	Rubrics of Public Legal Consultation Task
	Rubrics of Practical Case Analysis Task
	Rubrics of Legal Document Generation Task

	Model Details
	Prompt Engineering
	Response Generation Prompts
	Judge Model Scoring Prompts

	Evaluation Methodology Details
	Judge Model Validation Results
	Scoring Mechanics

	Detailed Error Analysis
	Error Analysis of Public Legal Consultation
	Error Analysis of Practical Case Analysis
	Error Analysis of Legal Document Generation


