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Abstract001

Existing evaluation of Large Language Models002
(LLMs) on static benchmarks is vulnerable to003
data contamination and leaderboard overfitting,004
critical issues that obscure true model capabili-005
ties. To address this, we introduce LLMEval-006
Fair, a framework for dynamic evaluation of007
LLMs. LLMEval-Fair is built on a proprietary008
bank of 220k graduate-level questions, from009
which it dynamically samples unseen test sets010
for each evaluation run. Its automated pipeline011
ensures integrity via contamination-resistant012
data curation, a novel anti-cheating architec-013
ture, and a calibrated LLM-as-a-judge process014
achieving 90% agreement with human experts,015
complemented by a relative ranking system016
for fair comparison. An 30-month longitudi-017
nal study of nearly 60 leading models reveals018
a performance ceiling on knowledge memo-019
rization and exposes data contamination vul-020
nerabilities undetectable by static benchmarks.021
The framework demonstrates exceptional ro-022
bustness in ranking stability and consistency,023
providing strong empirical validation for the024
dynamic evaluation paradigm. LLMEval-Fair025
offers a robust and credible methodology for026
assessing the true capabilities of LLMs beyond027
leaderboard scores, promoting the development028
of more trustworthy evaluation standards.029

1 Introduction030

The rapid advancement of Large Language Models031

(LLMs) has led to a proliferation of benchmarks032

designed to assess their capabilities (Chang et al.,033

2023; Laskar et al., 2024; Liu et al., 2025). How-034

ever, these benchmarks predominantly rely on a035

static evaluation paradigm where models are tested036

on fixed, publicly available datasets (Chen et al.,037

2025). This approach is fundamentally vulnera-038

ble to data contamination and test set overfitting,039

contributing to a growing “evaluation crisis” where040

benchmark scores may no longer reliably reflect041

a model’s generalizable abilities (Banerjee et al.,042

2024; Deng et al., 2024a; Dekoninck et al., 2024). 043

For example, GPT-4 achieved exact match rates of 044

52% and 57% when guessing the masked options in 045

MMLU (Hendrycks et al., 2021a) test sets, far ex- 046

ceeding random chance (Deng et al., 2024b). Simi- 047

larly, Qwen-1.8B has been shown to exactly repli- 048

cate complete n-grams from both training and test 049

splits of GSM8K (Cobbe et al., 2021) and MATH 050

(Hendrycks et al., 2021b), including 25 exact 5- 051

gram matches in the MATH test set, indicating po- 052

tential undetected data leakage and memorization 053

(Xu et al., 2024b). Furthermore, static benchmark 054

designs, dataset contamination, and biased evalua- 055

tion protocols could create misleading perceptions 056

of LLM capabilities, undermining the reliability of 057

current performance assessments (Banerjee et al., 058

2024). 059

The crisis compels us to shift our focus from 060

what capabilities to evaluate, such as knowledge 061

and reasoning, to a more foundational question: 062

how to evaluate in a manner that is robust, fair, and 063

resistant to strategic manipulation. Based on our 064

analysis of the current evaluation crisis, we iden- 065

tify three fundamental challenges for constructing 066

a trustworthy evaluation framework. These chal- 067

lenges correspond to the core stages of any assess- 068

ment: the data, the protocol, and the ranking sys- 069

tem. 070

Challenge 1: How can we ensure the integrity 071

of the evaluation data? The cornerstone of any 072

benchmark is its test set. If the data are public 073

or predictable, they become susceptible to leak- 074

age into model training corpora, leading to inflated 075

scores that reflect memorization rather than true 076

capability. Therefore, building a benchmark that 077

is inherently resilient to data contamination is the 078

primary challenge. To address this, we construct a 079

private question bank of over 220k graduate-level 080

questions, augmented with structural variations to 081

mitigate memorization. 082

Challenge 2: How can we design an unpre- 083
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Figure 1: The LLMEval-Fair framework comprises three core stages. First, in Data Construction, diverse exam data
are collected, filtered by experts, standardized into original questions in JSON format, and expanded to enhance
formality and diversity. Second, Fair Testing involves sampling 1,000 unique questions for models’ evaluation,
transmitting data via a secure JWT stream, and collecting model responses. Third, Fair Ranking begins by selecting
evaluators based on human-machine agreement, measured by Cohen’s κ coefficients. Subsequently, the process
entails generating relative rankings, validating robustness through ablation studies, and analyzing model errors.
Discipline abbreviations: Eng. (Engineering), Econ. (Economics), Edu. (Education), Lit. (Literature), Mgmt.
(Management), Sci. (Science), Hist. (History), Med. (Medicine), Mil. (Military).

dictable assessment protocol? Even with pri-084

vate data, a static protocol with fixed test sets can085

be reverse-engineered or exploited over time. A086

truly robust evaluation requires a dynamic and un-087

predictable process that prevents strategic games.088

To achieve this, we implement a dynamic evalua-089

tion protocol where models are served unseen, ran-090

domly sampled questions in each session through091

a secure, two-layer anti-cheating architecture, en-092

suring that each evaluation is unique and unpre-093

dictable.094

Challenge 3: How can we establish a fair095

and stable ranking system under dynamic con-096

ditions? When the evaluation content is not fixed,097

traditional absolute scoring becomes unreliable for098

cross-model comparison. A fair ranking system099

must remain stable and consistent, even when mod-100

els are tested on different, albeit equivalent, sets of101

questions. To solve this, we develop a novel rela-102

tive ranking system powered by a highly-calibrated103

LLM-as-a-Judge framework. This system ranks104

models by comparing their performance within105

each evaluation session rather than relying on abso-106

lute scores, ensuring fair rankings with negligible 107

variance across different data samples. 108

Collectively, these solutions constitute 109

LLMEval-Fair, a comprehensive framework for 110

dynamic LLM evaluation. We leverage this frame- 111

work to conduct an extensive longitudinal study on 112

our official platform, spanning from the first half 113

of 2023 to the second half of 2025. Throughout 114

this period, we have continuously evaluated 115

nearly 50 leading proprietary and open-source 116

models, typically assessing them within one week 117

of their public release. To ensure the fairness 118

and timeliness of our evaluation, we constantly 119

update our private question bank. Each model 120

undergoes at least three independent, randomly 121

sampled evaluation runs to ensure the stability of 122

our findings. To date, this rigorous, ongoing effort 123

has accumulated over 180k evaluation data points. 124

Leveraging this large-scale evaluation data, we 125

systematically investigate three research questions 126

corresponding to our core challenges and find that 127

(a) all models converge to a performance ceiling 128

around 90% persistent gaps in specialized domains 129

2



like literature and medicine, (b) dynamic rankings130

diverge from static benchmarks, and static bench-131

marks suffer from severe data contamination, (c)132

our framework demonstrates exceptional ranking133

stability with negligible variance under multi-round134

resampling and varying sample sizes. More insight-135

ful findings are presented in Section 3.136

Overall, our contributions are threefold:137

1. We construct LLMEval-Fair, a large-scale138

anti-cheating evaluation platform featuring a139

proprietary 220k question bank, secure dy-140

namic sampling protocols, and robust anti-141

manipulation mechanisms for trustworthy142

LLM assessment.143

2. We conduct an extensive 30-month longitu-144

dinal evaluation campaign across nearly 60145

leading models, accumulating over 180k eval-146

uation data points through continuous anti-147

cheating assessments and comparative analy-148

sis with static benchmarks.149

3. We conduct extensive empirical analysis150

across three research questions correspond-151

ing to our core challenges, revealing eight key152

findings about model performance ceilings,153

ranking stability, and contamination vulnera-154

bilities in current evaluation practices.155

2 Design156

In this section, we detail the design and imple-157

mentation of LLMEval-Fair, which addresses the158

three fundamental challenges through a three-stage159

framework. Dataset Construction tackles data in-160

tegrity by building a contamination-resistant pri-161

vate question bank. Evaluation Process addresses162

unpredictable assessment through dynamic sam-163

pling and anti-cheating mechanisms. Ranking Sys-164

tem implements a calibrated ranking system for fair165

model comparison.166

2.1 Dataset Construction167

To build a contamination-resistant and high-quality168

question bank, we sourced postgraduate and un-169

dergraduate exam questions from Chinese univer-170

sities, covering 13 primary and over 50 secondary171

academic disciplines. Figure 1 offers a comprehen-172

sive overview of the design, highlighting three key173

stages: Dataset Construction, Fair Testing and Fair174

Ranking.175

The construction follows a rigorous pipeline. 176

First, we collect original exam questions from di- 177

verse formats and invite over 30 expert annotators 178

for quality screening, which yields 78,009 high- 179

quality original questions after eliminating those 180

with factual errors or irrelevant answers. Second, 181

we employ an LLM-driven augmentation process 182

to expand coverage and diversity. For instance, 183

each Multiple-Choice question with n options is 184

converted into n Fill-in-the-Blank variants, while 185

Material Analysis questions are decomposed into 186

multiple true/false questions based on key infor- 187

mation. Finally, all augmented questions undergo 188

format verification and metadata enrichment to en- 189

sure quality and traceability. 190

As of early 2025, this process has resulted in 191

the LLMEval-Fair dataset, which comprises over 192

220k questions across six main categories. To main- 193

tain evaluation freshness and prevent contamina- 194

tion, we continuously expand the question bank 195

through the same manual collection and automated 196

augmentation pipeline. Detailed statistical analysis 197

of the dataset, including disciplinary breakdown 198

and content diversity, is provided in Appendix A. 199

2.2 Evaluation Process 200

To ensure a reliable and fair evaluation, we de- 201

sign a dynamic process centered on a multi-layered 202

anti-cheating architecture. This approach guaran- 203

tees that each evaluation is unique, robust against 204

manipulation, and accurately reflects a model’s 205

capabilities. The process is built upon two core 206

strategies: dynamic question sampling and a secure 207

delivery architecture. 208

2.2.1 Dynamic Question Sampling 209

To ensure unpredictability, each model evaluation 210

is based on a unique set of 1,000 questions ran- 211

domly sampled from our private question bank. 212

A dynamic algorithm generates a unique, non- 213

repeatable question sequence for each evaluation 214

session, making it impossible to predict upcoming 215

questions based on historical patterns. Furthermore, 216

models are required to answer questions in the pre- 217

allocated order, preventing any “cherry-picking” 218

strategies. This dynamic sampling ensures that 219

every evaluation is a distinct and isolated event, 220

reflecting the model’s true generalization ability 221

rather than its performance on a fixed test set. 222
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2.2.2 Secure Anti-Cheating Architecture223

The evaluation process is protected by a secure,224

two-layer anti-cheating architecture.225

• The Outer Layer (Access Control): This226

layer manages authentication and authoriza-227

tion. We use JSON Web Tokens (JWT)(Jones228

et al., 2015) to secure every API request, en-229

suring that only authenticated models can par-230

ticipate in an evaluation session. A strict Role-231

Based Access Control (RBAC) system pre-232

vents any cross-session or cross-user data ac-233

cess, isolating each evaluation.234

• The Inner Layer (Process Control): This235

layer enforces the evaluation rules. A multi-236

level quota system tracks the number of ques-237

tions allocated, pending, and completed, effec-238

tively preventing models from attempting to239

acquire more questions than permitted or re-240

submitting answers. As a final safeguard, our241

system automatically strips all answers and242

explanations from the data transmitted to the243

model, ensuring that only the question con-244

tent is exposed and preventing answer leakage245

through data parsing.246

2.3 Ranking System247

To establish fair and stable rankings under dy-248

namic evaluation conditions, we develop a cali-249

brated ranking framework that combines LLM-as-250

a-Judge evaluation with relative scoring mecha-251

nisms. This approach ensures consistent and reli-252

able model comparisons even when different ques-253

tion sets are used across evaluation sessions.254

2.3.1 LLM-as-a-Judge Evaluation255

To quantify answer quality, we establish a standard-256

ized scoring metric with an integer range of [0,3],257

ensuring consistent evaluation of response efficacy258

across diverse model architectures. For scoring im-259

plementation, we uniformly employ GPT-4o (Ope-260

nAI, 2023) as our judge, which has demonstrated261

high human-machine agreement through rigorous262

validation (detailed in Section 3.4). This choice of a263

single, validated scoring model eliminates potential264

biases introduced by varying evaluative criteria.265

The scoring focuses on both core correctness and266

explanation quality, with core correctness serving267

as the primary indicator for score determination.268

The specific evaluation prompt and criteria are pro-269

vided in Appendix B.270

2.3.2 Evaluation Metrics 271

To mitigate systematic bias introduced by random 272

sampling questions, LLMEval-Fair employs both 273

relative score and absolute scores as evaluation 274

metrics. 275

The absolute score Smodel represents a model’s 276

performance on N = 1000 questions, where each 277

question receives a score si (with maximum score 278

smax = 3), mapped to the [0,100] interval: 279

Smodel =

∑N
i=1 si

N × smax
× 100 (1) 280

The relative score Rmodel
SOTA is defined as the 281

model’s absolute score relative to the current SOTA 282

model’s absolute score on the same question set, 283

mapped to the [0,100] interval: 284

Rmodel
SOTA =

Smodel

SSOTA
× 100 (2) 285

In our current evaluation, we use Doubao-1.5- 286

Thinking-Pro as the reference SOTA model for rel- 287

ative score calculations. 288

3 Experiment and Analysis 289

Based on the three core challenges identified in our 290

introduction, we design the LLMEval-Fair evalua- 291

tion framework. In this section, we systematically 292

investigate three critical research questions that 293

arise from these challenges: 294

Research Question I: What authentic capabil- 295

ity distributions and longitudinal trends do LLMs 296

exhibit under LLMEval-Fair? 297

Research Question II: How does LLMEval- 298

Fair dynamic evaluation compare with static bench- 299

marks regarding ranking accuracy and contamina- 300

tion issues? 301

Research Question III: How stable and reliable 302

is LLMEval-Fair’s relative ranking system under 303

multi-round resampling and human-machine con- 304

sistency validation? 305

Through comprehensive experiments designed 306

to address these research questions, we aim to val- 307

idate the effectiveness of our dynamic evaluation 308

paradigm and provide empirical evidence for the 309

superiority of contamination-resistant assessment 310

frameworks. 311

3.1 Experimental Setup 312

3.1.1 Benchmarking LLMs on LLMEval-Fair 313

We tracked nearly 60 LLMs from June 2023 to De- 314

cember 2025, presenting full results in Appendix E 315
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Model Rmodel
SOTA Smodel Eng. Econ. Edu. Law Lit. Mgmt. Sci. Hist. Med. Mil.

Open-source LLMs
DeepSeek-R1 97.40 91.23 9.47 9.43 9.27 9.37 8.83 9.37 9.03 9.53 8.50 8.43
DeepSeek-V3 96.47 90.36 9.30 9.57 8.93 9.23 8.60 9.13 8.97 9.47 8.83 8.33
Qwen-3-235B 96.42 90.32 9.23 9.43 9.03 9.50 8.23 9.43 8.97 9.17 8.73 8.60
Qwen-3-32B 92.22 86.38 8.43 9.10 8.57 9.10 7.77 9.47 8.67 9.30 7.70 8.27
Closed-source LLMs
Doubao-1.5-Thinking-Pro 100.00 93.67 9.47 9.67 9.43 9.77 8.93 9.53 9.23 9.70 8.97 8.97
Gemini-2.5-Pro 97.22 91.07 9.20 9.47 9.20 9.30 8.43 9.63 9.07 9.40 8.50 8.87
Gemini-2.5-Pro-Thinking 97.15 91.00 9.13 9.50 9.37 9.47 8.40 9.63 9.20 9.27 8.30 8.73
Doubao-1.5-Pro 95.68 89.62 8.83 9.03 9.13 9.43 8.57 9.27 8.83 9.10 8.60 8.83
Kimi-K2 94.27 88.30 9.23 9.17 8.80 9.00 8.40 9.17 8.77 9.13 8.53 8.10
GPT-5 93.84 87.90 8.83 9.37 8.90 8.87 8.10 9.10 8.90 9.03 8.50 8.30
Claude-Sonnet-4.5-Thinking 93.48 87.57 8.90 9.17 8.80 8.97 8.00 9.23 8.90 9.00 8.27 8.33
o1 93.36 87.45 8.90 9.30 8.67 8.77 7.73 9.27 8.90 8.97 8.17 8.77
Claude-Sonnet-4-Thinking 91.03 85.27 8.57 9.00 8.63 8.73 7.57 9.10 8.93 8.70 7.97 8.07
Claude-Sonnet-4 91.00 85.24 8.57 8.80 8.50 8.70 7.80 9.03 8.80 8.80 8.17 8.07
GPT-4o-search 89.40 83.74 8.27 8.77 8.43 8.67 7.77 8.80 8.20 8.73 8.27 7.83
GPT-4o 88.09 82.51 7.90 8.67 8.30 8.33 7.17 8.97 8.57 8.67 7.63 8.30
o3-mini 84.13 78.80 7.97 8.60 8.30 8.20 6.73 8.57 8.53 7.17 7.03 7.70

Table 1: Overall and Subject-Level Scores. Rmodel
SOTA represents the relative score (0-100 scale) as defined in Equation

(2), with Doubao-1.5-Thinking-Pro as the reference SOTA model. Smodel represents the absolute score (0-100 scale)
as defined in Equation (1). Subject-level scores use a 10-point scale.

and focusing here on 17 representative models (pro-316

prietary and open-source). Appendix C provides317

a detailed overview of these representative mod-318

els. Each model is evaluated across three prompt-319

ing paradigms (Zero-Shot, Few-Shot, Chain-of-320

Thought) and 10 academic disciplines. In addition,321

we sample incorrect responses from all evaluated322

models and manually classify failures into five cate-323

gories: disciplinary knowledge, misunderstanding,324

logical reasoning, factual inaccuracies, and format325

compliance.326

3.1.2 Ablation Studies327

We conduct comprehensive ablation studies across328

two key dimensions:329

Benchmark Comparison: We measure Spear-330

man correlation between LLMEval-Fair and static331

benchmarks (AGIEval (Zhong et al., 2024), C-Eval332

(Huang et al., 2023)) and perform fill-in-the-blank333

replay tests (1,000 questions, three attempts each)334

to assess contamination.335

Ranking Validation: We conduct multi-round336

resampling (n=1000, 2000, 4000) to test stability.337

Human-machine agreement validation involves two338

independent rounds of human evaluation with Co-339

hen’s κ coefficients computed against three LLM-340

as-Judge evaluators. Second, we run an ablation341

study comparing our relative ranking to the tradi-342

tional Elo scoring system. The introduction to the343

Elo scoring system can be found in Appendix D.344

3.2 Research Question I 345

Finding 1: All models converge to a perfor- 346

mance ceiling of around 90% over a longitudinal 347

period, with leading open-source LLMs rivaling 348

proprietary SOTA. Figure 2 illustrates the per- 349

formance growth trajectories of different model 350

series over time. Table 1 presents comprehensive 351

evaluation scores and subject-level breakdowns for 352

each model under the LLMEval-Fair framework. 353

Nearly all models approach a performance ceiling 354

around 90 on academic knowledge tasks. This con- 355

vergence indicates fundamental limits in current 356

model architectures for knowledge-intensive evalu- 357

ation. 358

Besides, the evaluation results show that 359

top-performing models achieve remarkable 360

scores: the proprietary Doubao-1.5-Thinking-Pro 361

reaches 93.67 while the open-source DeepSeek-R1 362

achieves 91.23. These leading models substantially 363

outperform established systems like GPT-4o at 364

82.51 and o3-mini. This demonstrates that with 365

sufficient scale and training, both proprietary 366

and open-source LLMs can achieve comparable 367

performance. 368

Finding 2: Models demonstrate significant 369

domain-specific performance variations, with 370

specialized “thinking” abilities offering only 371

marginal gains. Our analysis reveals a consis- 372

tent pattern of domain-specific performance across 373

all models. As shown in Table 1, models excel 374
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Model Paradigm Statistic

ZS FS CoT Avg. Var.

Claude-Sonnet-4-Thinking 85.27 85.60 86.87 85.91 0.48
DeepSeek-R1 91.23 89.33 88.43 89.67 1.36

Doubao-1.5-Thinking-Pro 93.67 90.63 91.73 92.01 1.58

Table 2: Capability under three prompting paradigms.
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Figure 2: Trend of model series. Models of the same
series are primarily illustrated in the same color for
better distinction. The fitted curve highlights the overall
growth of performance over the observed period.

in technical and business domains such as Man-375

agement and Economics, but consistently under-376

perform in humanities and specialized fields in-377

cluding Literature, Medicine, and Military. This378

pattern suggests strong mastery in certain areas379

while highlighting persistent knowledge gaps else-380

where. Additional comparisons across model vari-381

ants indicate that dedicated “thinking” modes yield382

only modest improvements. For instance, Claude-383

Sonnet-4-Thinking exceeds its base counterpart by384

approximately 0.03 points overall. Taken together,385

these results imply that the dominant drivers of386

performance differences are still domain coverage387

and specialized knowledge rather than enhanced388

reasoning modes.389

Finding 3: In dynamic knowledge-intensive390

evaluations, prompting paradigms have min-391

imal impact, whereas external augmentation392

may boosts performance. As shown in Table 2,393

performance varies only slightly across Zero-Shot394

(ZS), Few-Shot (FS), and Chain-of-Thought (CoT)395

prompting, with differences staying within three396

points for all evaluated models. This indicates that397

model capability is largely stable with respect to398

prompt format. Detailed results for the remaining399

models are reported in Appendix E. By contrast, ex-400

Benchmark ρ p-value

AGIEval (EN) 0.714 0.111
AGIEval (ZH) 0.657 0.156
C-Eval 0.657 0.156

Table 3: Spearman’s rank correlation between
LLMEval-Fair and static benchmarks.

ternal augmentation produces improvement. When 401

web search is enabled, GPT-4o’s overall score in- 402

creases by 1.23 points, rising from 82.51 to 83.74, 403

with the largest gains appearing in knowledge- 404

intensive domains such as Medicine and Literature. 405

These results suggest that internal capability is rel- 406

atively insensitive to prompting choices, whereas 407

access to external information may strengthen per- 408

formance in knowledge-heavy settings. 409

Finding 4: Systematic error analysis reveals 410

that disciplinary knowledge gaps and compre- 411

hension failures are the primary limitations of 412

current models. Our error analysis shows that 413

most failures are driven by missing domain knowl- 414

edge and comprehension breakdowns. Disciplinary 415

knowledge errors account for 47.7% of incorrect 416

responses, while misunderstanding errors account 417

for 39.8%, together comprising nearly 90% of all 418

errors. This pattern indicates that current limita- 419

tions are dominated by knowledge coverage and 420

contextual understanding rather than systematic 421

reasoning flaws. For example, Figure 3 presents 422

representative cases in which models either lack 423

the required domain-specific knowledge or miss de- 424

cisive contextual cues, such as the keyword “first”, 425

and instead match only superficial details. Overall, 426

these cases highlight that although models exhibit 427

strong language fluency, they remain constrained 428

by gaps in specialized expertise and failures of nu- 429

anced contextual interpretation. 430

3.3 Research Question II 431

Finding 5: Dynamic rankings differ from static 432

benchmarks, revealing a distinct view of model 433

capabilities. To quantify the discrepancy between 434

dynamic and static evaluation, we compare the 435

model rankings from LLMEval-Fair with two rep- 436

resentative static benchmarks, AGIEval (Zhong 437

et al., 2024) and C-Eval (Huang et al., 2023). As 438

shown in Table 3, the rank correlations are moder- 439

ate (ρ ≈ 0.65–0.72), indicating that static bench- 440

mark rankings do not consistently align with those 441

produced by our dynamic evaluation. 442

Finding 6: Static Benchmarks Suffer from 443
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Question:

Please explain the following term (Given in Chinese): 

Iglesia de Santa María del Naranco

Model’s Answer:

Iglesia de Santa María del Naranco does not have an exact 

corresponding entry in my knowledge base. Possible 

explanations: 1. Geographical location: It might be located 

in an area called Naranco. 2. Religious building: It is likely 

a Catholic or Orthodox church/cathedral, as Santa 

Maria… Need more information: This name might be a 

translated term. …

Error Analysis:

The LLM fails to identify "Iglesia de Santa María del 

Naranco“ as a specific church with distinct architectural 

features. However, the explanation is partially reasonable 

because it attempts to analyze the name based on its 

components, … but it ultimately does not provide the 

correct or complete answer.

Standard Answer:

Iglesia de Santa María del Naranco is a church that 

combines both Roman and Byzantine architectural styles. 

The main hall of the church features a barrel vault, while 

the sides adopt semicircular arches, … adopting a three-

section style. …

Question:

Which building is a typical representative of the monumental 

style of the High Renaissance? It is the first mature 

centralized monumental building in Western Europe and the 

first mature appearance of a dome, and marks the beginning 

of the High Renaissance. Who is the designer of this building?

Model’s Answer:

This building is the reconstruction project of St. Peter‘s 

Basilica in the Vatican, especially its central dome part. The 

designer is Donato Bramante (1444-1514). In 1506, Bramante 

was commissioned by Pope Julius II to design a revolutionary 

centralized plan for… This design embodies the core 

characteristics of High Renaissance architecture: ... 

Bramante's original design laid the foundation for the entire 

building…

Error Analysis:

The LLM's response is incorrect because it identifies St. 

Peter's Basilica as the representative building of High 

Renaissance monumental architecture, while the correct 

answer is the Tempietto in Rome, also designed by Donato 

Bramante. However, the explanation provided in the response 

is partially reasonable, as it correctly describes Bramante's 

contributions to Renaissance architecture… but it fails to 

address the specific building mentioned in the user's question.

Standard Answer:

The Tempietto in Rome; Bramante

Disciplinary 

Knowledge 

Error (47.7%)

Misunder-

standing

Error

(39.8%)

Others 

(0.1%)

Reasoning

Error

(10.1%)

Calculation & 

Derivation 

Error (2.3%)

Disciplinary Knowledge Error Misunderstanding Error

Figure 3: Distribution of model error causes and illustrative cases of the two most prevalent error types.

Severe Data Contamination. To assess the dif-444

ference in leakage risk between publicly avail-445

able static benchmarks and our private question446

bank, we conduct fill-in-the-blank replay tests on447

AGIEval (EN), AGIEval (ZH), C-Eval. For each448

dataset, we attempt 1000 questions with three com-449

pletion attempts each, counting a question as suc-450

cessfully recalled if at least two attempts are correct.451

Table 4 reports the number of successful comple-452

tions for each model.453

We observe that on public static benchmarks454

almost all models achieve substantially higher com-455

pletion counts, indicating extensive leakage of456

these questions into the training corpora. In con-457

trast, on our private dataset, completion counts458

drop markedly, with most models near or below459

100. Overall, these results suggest that public static460

benchmarks may suffer from significant leakage461

risk, whereas our private question bank, which is462

not included in large-scale pretraining corpora, sup-463

ports a more contamination-resistant evaluation.464

3.4 Research Question III465

Finding 7: The relative ranking system demon-466

strates exceptional stability, with negligible vari-467

ance across multi-round resampling and vary-468

ing sample sizes. To validate the stability of469

the LLMEval-Fair ranking system, we conduct470

rigorous tests involving multi-round resampling471

and varying sample sizes. In our resampling test,472

we draw two independent question samples and473

find that the model ranking order remains identi-474

Model AGI (EN) AGI (ZH) C-Eval Ours

DeepSeek-V3 97 153 136 80
ClaudeSonnet-4 179 248 224 179
Doubao-1.5 66 105 117 76
o3-mini 58 74 45 75
GPT-4o 54 86 62 48
Qwen3-32B 55 77 72 36

Table 4: Comparison of successful fill-in completions
for different models on static benchmarks and LLMEval-
Fair.

cal across both runs, with relative scoring exhibit- 475

ing remarkably low variance (e.g., σ2 = 1.68 for 476

DeepSeek-V3 and just 0.25 for o3-mini). Further- 477

more, we test the system’s sensitivity to question 478

volume by running evaluations with sample sizes of 479

n=1000, 2000, and 4000. Across all volumes, the 480

ranking order holds firm. These results, detailed in 481

Appendix F, provide strong empirical evidence that 482

our relative ranking system is exceptionally robust 483

and reliable. 484

Finding 8: The relative ranking system via 485

LLM-as-Judge achieves high human-machine 486

agreement and demonstrates superior robust- 487

ness over alternative ranking systems. To vali- 488

date our relative ranking system, we assess it on 489

two critical dimensions: human alignment and 490

methodological robustness. First, we measure its 491

agreement with human experts by conducting two 492

rounds of human evaluation and calculating Co- 493

hen’s κ coefficient against our LLM-as-a-Judge. As 494
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Figure 4: Cohen’s κ coefficients measuring agreement
between human evaluators and three LLM judges across
evaluations. GPT-4o achieves almost perfect agreement
with human judgments (κ = 0.907).

shown in Figure 4, the system achieve near-perfect495

agreement with human judgments, confirming its496

reliability. Second, we conduct an ablation study497

comparing our relative ranking against an Elo-style498

rating baseline implemented under identical eval-499

uation conditions. Specifically, both methods are500

evaluated on the same fixed pool of 1,000 queries,501

and the curves in Figure 5 are obtained by repeat-502

edly sub-sampling from this pool to vary the effec-503

tive sample size. The results show that our relative504

ranking consistently achieves higher Spearman’s505

ρ correlation and exhibits greater stability as the506

sample size changes. This dual validation provides507

strong evidence that our relative ranking system508

is both aligned with human evaluation and more509

robust than conventional rating-based alternatives.510

4 Related Work511

Static Knowledge-Intensive Benchmarks like512

MMLU (Hendrycks et al., 2021a) and C-Eval513

(Huang et al., 2023) measure factual knowledge514

and reasoning, yet their fixed question sets risk515

data leakage—inflating scores and misrepresent-516

ing capabilities (Banerjee et al., 2024; Xu et al.,517

2024a)—while promoting overfitting where mod-518

els memorize test answers instead of generaliz-519

ing (Deng et al., 2024b). This static paradigm,520

shared by LLMEval-1 and LLMEval-2 (Zhang521

et al., 2024), is now driving research toward more522

dynamic and robust evaluation methods.523

Dynamic Human-Preference Evaluation (e.g.,524

LMSYS (Zheng et al., 2024), Chatbot Arena (Chi-525

ang et al., 2024), AlpacaEval (Lab, 2023)) uses526

human preferences from pairwise or multi-turn in-527

teractions to assess conversational quality and real-528

time performance beyond static benchmarks. How-529

100 200 400 600 800
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0.0
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Elo Rating

Figure 5: Relative ranking consistently outperforms Elo,
reaching near-perfect correlation as the subset grows.

ever, these methods often lack depth in domain- 530

specific reasoning, rely on non-expert annotators 531

prone to bias in specialized assessments (Raju et al., 532

2024), and focus on dialogue at the expense of sys- 533

tematic academic knowledge coverage. 534

LLM-as-a-Judge employs language models as 535

scalable evaluators of model outputs, as seen in 536

G-Eval (Liu et al., 2023) and MT-Bench-101 (Bai 537

et al., 2024). This paradigm offers high scalability, 538

low cost, and strong human preference alignment. 539

However, existing work focuses heavily on scoring 540

mechanisms, leaving systematic judge calibration 541

and bias mitigation underexplored (Zheng et al., 542

2023). Our work addresses this by rigorously an- 543

alyzing and validating the paradigm through hu- 544

man–machine agreement studies. 545

5 Conclusion 546

We introduced LLMEval-Fair, a dynamic, 547

contamination-resistant evaluation framework 548

built on a private 220k-question bank, a two-layer 549

anti-cheating architecture, and an LLM-as-Judge 550

relative ranking pipeline. A 30-month longitudinal 551

study of nearly 60 open-source and proprietary 552

models revealed a consistent performance ceiling 553

near 90%, systematic gaps in literature, medicine, 554

and military knowledge, and widespread data 555

leakage in static benchmarks. Our relative ranking 556

method demonstrated negligible variance under 557

multi-round resampling with varying sample sizes 558

and achieved near-perfect agreement with human 559

experts. We further confirmed that prompting 560

format has minimal impact on performance in 561

knowledge-intensive tasks, underscoring the 562

superiority of dynamic, contamination-resistant 563

evaluation over static benchmarks and the need for 564

more trustworthy benchmarking practices. 565
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Limitations566

The main limitation is the sheer size of the ques-567

tion bank, about 220,000 items, which makes a568

truly comprehensive evaluation resource-intensive.569

Running large-scale inference over the full set, val-570

idating and aggregating results, and maintaining571

the dataset through cleaning, deduplication, and572

difficulty calibration require substantial compute,573

time, and human effort. As a result, this evaluation574

is more feasible for teams with stable infrastructure575

and ongoing operational capacity, while smaller576

groups may struggle to reproduce an equally com-577

plete assessment with the same rigor and cadence.578
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A Dataset 770

This section provides supplementary information 771

on our LLMEval-Fair dataset employed in the 772

study, to clarify the academic disciplines and ques- 773

tion types covered, and to elaborate methodologies 774

for scaling the questions. 775

A.1 Categories of Academic Displines 776

A.1.1 Categories of Academic Disciplines 777

As illustrated in Figure 6, we collected graduate- 778

level examination questions spanning 13 primary 779

(Philosophical Sciences, Economic Sciences, Law, 780
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Education, Literature, History, Engineering, Agron-781

omy, Medicine, Military Science, Management Sci-782

ences, Arts, and Sciences) and more than 50 sec-783

ondary academic disciplines recognized by China’s784

Ministry of Education. Two-thirds of the questions785

are derived from Chinese universities’ Postgradu-786

ate Entrance Exams, and one-third are from Un-787

dergraduate Final Exams of comparable difficulty.788

Detailed distribution of question sources is listed789

in Table 5.790

A.1.2 Categories of Question Types791

The raw dataset encompasses a diverse range792

of original question formats, including multiple-793

choices, fill-in-the-blank, true-or-false, short-794

answer, term explanation, and material analysis795

questions. Following question expansion and for-796

matting, we have unified all questions and their an-797

swers into a fill-in-the-blank-like question-answer798

format, abandoning the complex answer structures799

of various question types, such as options A to E800

in multiple-choice questions, and “true" or “false"801

in true-or-false questions. This natural question-802

answer format enables the dataset to more thor-803

oughly showcase the model’s capabilities.804

A.2 Details of Expanding the Dataset805

As shown in Table 6, we have amassed a substan-806

tially large quantity of original questions, with a807

marked surge in numbers following the expansion808

of our dataset.809

A.2.1 Original Data Construction Pipeline810

Original questions, structured simply and orga-811

nized by subject for initial collation, follow this812

construction pipeline: first, converting Excel, Word,813

and PDF test papers to TXT; then batch splitting814

into JSON-formatted questions via scripts; and fi-815

nally conducting data screening.816

The latter involves three steps: (1) Expert review817

removes factually erroneous or irrelevant questions.818

(2) Batch splitting classifies and isolates questions,819

addressing errors such as content overlap, missing820

questions, or misclassifications. (3) Format clean-821

ing resolves encoding conflicts, special characters,822

symbol consistency, redundancy, and typos.823

A.2.2 Data Expanding Pipeline824

To accommodate diverse application scenarios,825

this study proposes an augmented data format826

that complements the original question structure,827

The augmented dataset incorporates comprehen-828

sive metadata, including primary disciplinary cate-829

gories, secondary disciplinary categories, question 830

descriptions, answer content, and unique identifiers 831

(UUIDs), which facilitates categorized data man- 832

agement. An example of expanding the Multiple- 833

Choices question is shown in Figure 7. 834

Two additional key verification procedures are 835

implemented upon the core augmentation strategy: 836

(1) Format validation, which entails checking the 837

consistency of option counts for multiple-choice 838

questions and the alignment of answer spaces for 839

Fill-in-the-Blank questions; and (2) Redundancy 840

checks, which involve detecting duplicates among 841

split questions and ensuring the uniqueness of ques- 842

tion UUIDs. The data formats before and after 843

expanding is illustrated in Figure 8. 844

B Prompts 845

This section presents the complete set of prompts 846

used in LLMEval-Fair for different evaluation 847

paradigms. We provide the specific prompt tem- 848

plates for few-shot learning, chain-of-thought rea- 849

soning, and LLM-based automated evaluation to 850

ensure reproducibility of our experimental results. 851

The prompts used for testing few-shot and chain- 852

of-thought methods are shown in Figures 9 and 853

10, respectively. The prompt used for LLM-based 854

evaluation is shown in Figure 11. 855

C Evaluation Model Selection 856

To ensure a comprehensive and rigorous assess- 857

ment, we conducted a preliminary evaluation on a 858

broad set of 59 large language models. From this 859

extensive pool, we selected a representative subset 860

of 17 models for the detailed analysis presented in 861

the main text. The detailed release dates for these 862

selected models are provided in Table 7. 863

The proprietary frontier models include the Ope- 864

nAI lineup, featuring the widely deployed GPT- 865

4o and GPT-4o-search (OpenAI, 2023), along- 866

side the next-generation flagship GPT-5 (OpenAI, 867

2025a). Furthermore, we assess the o1 series 868

(OpenAI, 2024) and the efficient o3-mini (Ope- 869

nAI, 2025b), which represent specialized reason- 870

ing models trained with large-scale reinforcement 871

learning to solve complex scientific and mathemat- 872

ical problems. 873

We include models capable of extended reason- 874

ing from other major providers. Anthropic is rep- 875

resented by the standard Claude-Sonnet-4 (An- 876

thropic, 2025b), as well as the Claude-Sonnet-4- 877

Thinking and the advanced 4.5-Thinking variants 878
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Type Number of Topics Proportion (%)
Undergraduate Final Exams 26633 34.1
Postgraduate Entrance Exams 51376 65.9
Total 78009 100.0
Undergraduate Final Exams 71038 31.1
Postgraduate Entrance Exams 157566 68.9
Total 228604 100.0

Table 5: Distribution of question number and proportions for Undergraduate Final Exams and Postgraduate Entrance
Exams.

Figure 6: Categories of Primary and Secondary Academic Disciplines.
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Subject Original Count Rewrited Count Increase Count Increase Percentage (%)

Philosophical Sciences 2194 10969 8775 399.95
Medicine 30772 109974 79202 257.38
Law 9262 30116 20854 225.16
Management Sciences 2448 7945 5497 224.55
Engineering 4926 13263 8337 169.24
Sciences 6182 15669 9487 153.46
Economic Sciences 9245 18124 8879 96.04
Military Science 611 1187 576 94.27
Education 2781 5094 2313 83.17
History 1749 3178 1429 81.70
Literature 7839 13085 5246 66.92

Total 78009 228604 150595 193.05

Table 6: Distribution of Original and Rewritten Counts Across Disciplines.

(Anthropic, 2025a), which operate in a specialized879

mode to perform self-reflection before generating880

responses. Similarly, Google’s contribution con-881

sists of Gemini-2.5-Pro (Gemini Team, Google882

DeepMind, 2025) and its reasoning-enhanced coun-883

terpart, Gemini-2.5-Pro-Thinking (Gemini Team,884

Google DeepMind, 2025), which incorporates in-885

ternal chain-of-thought processes.886

Regarding open-weights architectures and di-887

verse scaling strategies, the study includes the888

DeepSeek family: DeepSeek-V3 (DeepSeek-AI889

et al., 2024), a strong Mixture-of-Experts (MoE)890

model, and DeepSeek-R1 (DeepSeek-AI et al.,891

2025), a model specifically optimized for reasoning892

tasks through post-training. The Qwen-3 series is893

also evaluated to represent distinct points on the pa-894

rameter spectrum, featuring both the massive 235B895

model and the compact 32B variant (Yang et al.,896

2025).897

Finally, we evaluate other high-performing sys-898

tems to ensure a broad representation of the current899

landscape. This includes Moonshot’s Kimi-K2900

(Moonshot AI, 2025) and the Doubao-1.5 series.901

Notably, Doubao-1.5-Thinking-Pro (ByteDance,902

2025) serves as a key reference in our study, having903

demonstrated state-of-the-art capabilities in prelim-904

inary screenings.905

D The Elo Rating System906

The Elo rating system is a widely recognized907

method for calculating relative skill levels in zero-908

sum games, originally developed for chess and re-909

cently popularized for evaluating Large Language910

Models (e.g., Chatbot Arena). This system de-911

rives ratings from the outcomes of pairwise com-912

Table 7: The representative list of models selected from
a total of 59 evaluated LLMs. Dates for unreleased
models are estimated based on technical previews.

Model Released Date
Doubao-1.5-Thinking-Pro (2025) April 15, 2025
Doubao-1.5-Pro (2025) January 15, 2025
Gemini-2.5-Pro-Thinking (2025) June 5, 2025
Gemini-2.5-Pro (2025) June 5, 2025
DeepSeek-R1 (2025) May 28, 2025
DeepSeek-V3 (2024) March 24, 2024
Qwen-3-235B (2025) April 29, 2025
Qwen-3-32B (2025) April 29, 2025
GPT-5 (2025a) June 7, 2025
Claude-Sonnet-4.5-Thinking (2025a) September 29, 2025
Claude-Sonnet-4-Thinking (2025b) May 14, 2025
Claude-Sonnet-4 (2025b) May 14, 2025
o1 (2024) December 17, 2024
o3-mini (2025b) January 29, 2025
GPT-4o-search (2023) November 20, 2024
GPT-4o (2023) November 20, 2024
Kimi-K2 (2025) September 5, 2025

parisons, providing a probabilistic framework to 913

predict the likelihood of one entity outperforming 914

another. Given two entities A and B with current 915

ratings RA and RB , the expected score EA (repre- 916

senting the probability of A winning) is calculated 917

using a logistic curve: 918

EA =
1

1 + 10(RB−RA)/400
(3) 919

Following a match, the ratings are updated based 920

on the discrepancy between the actual outcome SA 921

(where 1 represents a win, 0 a loss, and 0.5 a tie) 922

and the expected probability. The update rule is 923

given by R′
A = RA +K(SA − EA), where K is 924
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Original Multiple-Choices questions:

Title: It is known that the sixth level of a complete binary tree (let the root be the first level) has
eight leaves, then the number of nodes of the complete binary tree is at most ( ).
A. 39
B. 52
C. 111
D. 119

Answer: C

Expanded questions:

Question 1: It is known that the sixth level of a complete binary tree (let the root be the first level)
has eight leaves, then the number of nodes of the complete binary tree is at most: ( )
Is it correct to place the answer “39" in the provided space?
Answer: False

Question 2: It is known that the sixth level of a complete binary tree (let the root be the first level)
has eight leaves, then the number of nodes of the complete binary tree is at most: ( )
Is it correct to place the answer “52" in the provided space?
Answer: False

Question 3: It is known that the sixth level of a complete binary tree (let the root be the first level)
has eight leaves, then the number of nodes of the complete binary tree is at most: ( )
Is it correct to place the answer “111" in the provided space?
Answer: True

Question 4: It is known that the sixth level of a complete binary tree (let the root be the first level)
has eight leaves, then the number of nodes of the complete binary tree is at most: ( )
Is it correct to place the answer “119" in the provided space?
Answer: False

Figure 7: Example of how to expand a Multiple Choice question.

a constant factor that determines the sensitivity of925

the rating adjustment.926

E LLMEval-Fair Leaderboard927

This section presents comprehensive evaluation re-928

sults from our longitudinal study tracking over 50929

LLMs from late 2023 to mid-2025. We provide930

complete performance rankings and analyze the931

consistency of model capabilities across different932

prompting paradigms.933

We tracked over 50 LLMs from late 2023 to mid-934

2025. Here, we present the complete evaluation935

results of our model assessments. The comprehen-936

sive results, including scores for all models across937

10 academic disciplines, are presented in Table 8. 938

The models we selected in main paper was evalu- 939

ated across three prompting paradigms: Zero-Shot 940

(ZS), Few-Shot (FS), and Chain-of-Thought (CoT). 941

As shown in Table 2, the performance variance 942

across these paradigms remains below 1.6 points 943

for all evaluated models, indicating that core ca- 944

pabilities are not significantly influenced by the 945

prompting format. 946

F Details in Experiment 947

This section provides additional experimental de- 948

tails demonstrating the robustness and stability of 949

our ranking system. We present validation experi- 950
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category: Engineering,
sub_category: Computer Science,
question_uuid: a4b92619-f0ac-xxxx-xxxx-9f11ce3b4704,
dialog:
role: user,
content: Judge the correctness of the following statements, answer true/false, and give your
reasons. The continue statement in a loop breaks out of the current loop.
hint: false,

gpt4res: Answer: false. The reason is that the continue statement does not break out of the entire
loop.It skips the rest of the current loop and immediately moves on to the next iteration of the loop
instead of ending the current loop completely.
gpt4judge:
judge: Overall Rating: 3 The reason why you gave this rating: The LLM provided the correct
answer (false) and gave a reasonable explanation. It accurately explained that the ‘continue‘
statement does not terminate the entire loop but instead skips the remaining part of the current
iteration and proceeds to the next iteration of the loop. This explanation aligns with the correct
behavior of the ‘continue‘ statement in programming.,
stars: 3,
reason: The LLM provided the correct answer (false) and gave a reasonable explanation.
It accurately explained that the ‘continue‘ statement does not terminate the entire loop but
instead skips the remaining part of the current iteration and proceeds to the next iteration of the
loop. This explanation aligns with the correct behavior of the ‘continue‘ statement in programming.

Figure 8: Detailed entries of a single question after expanding.

ments across different sample sizes and show the951

consistency of our relative scoring methodology.952

F.1 Sampling Validation953

To verify the stability of our ranking system, we954

conducted evaluations across multiple sample sizes955

of n=1000 (in three rounds), 2000, and 4000 ques-956

tions. The results in Table 9 demonstrate remark-957

able consistency in ranking order across all sample958

sizes.959

Our relative scoring methodology produces960

smaller variance compared with absolute scoring961

approaches. The variance analysis reveals that top962

tier models show exceptional stability. DeepSeek-963

V3 exhibits a variance of 0.51 and O3-mini exhibits964

a variance of 0.95 while GPT-4o exhibits the high-965

est variance of 1.63. Even the maximum variance966

represents less than two percent fluctuation indicat-967

ing robust measurement precision.968

The three independent one-thousand-sample969

runs demonstrate high reproducibility with models970

maintaining consistent relative positions across all971

test conditions. These findings validate that our972

ranking methodology captures stable model capa- 973

bilities rather than random fluctuations. 974

F.2 LLM-as-Judge Validation 975

We calculated Cohen’s κ coefficients between hu- 976

man evaluations and three LLM judges Doubao 977

Gemini and GPT-4o across two evaluation rounds 978

for thirteen models. As shown in Table 10 GPT-4o 979

demonstrates superior performance with κ values 980

consistently above 0.90 with an average of 0.901 981

in Round 1 and 0.892 in Round 2 indicating almost 982

perfect agreement. 983

The data reveal notable stability differences 984

among judges. GPT-4o maintains consistently high 985

agreement across both rounds with minimal varia- 986

tion while Doubao and Gemini exhibit more fluctu- 987

ation between rounds. Specifically Doubao’s per- 988

formance ranges from 0.232 to 0.745 across differ- 989

ent models and Gemini exhibits even greater insta- 990

bility with some models showing dramatic drops 991

between rounds—for example DeepSeek-V3 de- 992

clines from 0.627 to 0.147. 993

In contrast Doubao and Gemini show lower over- 994
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all agreement with average κ values of 0.493 and995

0.446 for Round 1 and Round 2 for Doubao and996

0.494 and 0.400 for Gemini. Based on GPT-4o’s997

consistently high correlation with human evalua-998

tions and superior stability we selected it as our999

primary judge for reliable assessment.1000

G Implementation Details1001

This section provides detailed information about1002

the annotation processes and evaluation procedures1003

underlying our LLMEval-Fair platform. We de-1004

scribe the expert involvement in data curation, vali-1005

dation processes, and the associated costs to ensure1006

transparency and reproducibility.1007

G.1 Data Annotation Process1008

A total of 38 experts were engaged in data anno-1009

tation and cleaning processes, with an average of1010

more than 3 relevant specialists assigned to each1011

discipline. For the annotation of original data, to1012

mitigate fatigue-induced errors, annotation tasks1013

for each expert were distributed across a 30–60 day1014

period.1015

The cumulative remuneration disbursed to ex-1016

perts involved in data annotation and cleaning1017

amounted to $48,700. Ongoing investments are1018

being allocated to further hire experts to expand1019

the dataset.1020

G.2 Manual Evaluation Process1021

To validate our LLM-as-Judge approach, we con-1022

ducted comprehensive human evaluation studies.1023

A total of 18 experts participated in manual eval-1024

uation processes, with an average of about 2 rele-1025

vant specialists assigned to each discipline. This1026

expert-based validation ensures that our automated1027

evaluation system maintains high agreement with1028

human judgment standards.1029

The evaluation process involved multiple rounds1030

of assessment across 13 representative models,1031

with experts providing independent judgments that1032

were subsequently compared against our LLM-1033

based evaluation system using Cohen’s κ coeffi-1034

cient.1035

G.3 Cost Analysis1036

The development and validation of LLMEval-Fair1037

required substantial investment in both human ex-1038

pertise and computational resources. We spent1039

more than $5,000 on using latest APIs of LLMs and1040

deploying models for evaluation purposes. Addi-1041

tionally, $10,000 was allocated for hiring qualified1042

volunteers to conduct manual evaluations, ensuring 1043

rigorous validation of our automated assessment 1044

framework. 1045

H JWT Authentication Process 1046

This section describes the detailed implementation 1047

of our JSON Web Token (JWT) authentication sys- 1048

tem, which forms the outer layer of our two-tier 1049

anti-cheating architecture. The JWT process en- 1050

sures secure and authenticated access to our evalua- 1051

tion platform while preventing unauthorized access 1052

and session manipulation. 1053

Our JWT implementation follows a standard 1054

three-phase protocol: token generation, transmis- 1055

sion, and verification. Algorithm 1 outlines the 1056

complete JWT authentication workflow used in 1057

LLMEval-Fair. 1058
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Algorithm 1: JWT Authentication Process in
LLMEval-Fair

1: Server-side Token Generation:
2: Generate a unique user identity (user_id)
3: Generate current timestamp and expiration

time (exp)
4: Construct payload ← {user_id, timestamp,

exp, session_id, permissions}
5: Sign payload with server Secret using HMAC-

SHA256 to generate JWT
6: return JWT to the authenticated user
7:

8: Client-side Request:
9: Include JWT in Authorization header: Bearer

<token>
10: Send request to evaluation endpoint
11:

12: Server-side Verification:
13: Extract JWT from Authorization header
14: Verify JWT signature using server Secret
15: Parse payload and extract claims
16: if JWT signature is invalid then
17: return HTTP 401 Unauthorized
18: end if
19: if current_time > exp then
20: return HTTP 401 Token Expired
21: end if
22: if user_id not found or permissions insuffi-

cient then
23: return HTTP 403 Forbidden
24: end if
25: if session validation fails (e.g., concurrent ses-

sions detected) then
26: return HTTP 403 Session Invalid
27: end if
28: Allow evaluation operation to proceed
29: Log access attempt with user_id, timestamp,

and session_id

17



Input:

Here are several examples:

Question:
Please determine the correctness of the following statement. Answer with true/false and provide a reason. If all elements
below the diagonal in the adjacency matrix of a directed graph are zero, then the graph must have a topological ordering.
Answer:
true. Because if all elements below the diagonal in the adjacency matrix of a directed graph are zero, the graph is a
Directed Acyclic Graph (DAG), so it must have a topological ordering.

Question:
Please explain the following term: “Double Hundred Policy".
Answer:
It refers to “let a hundred flowers bloom, let a hundred schools of thought contend." This was a policy on science and
culture officially proposed by Mao Zedong in 1956 and confirmed by the Central Committee of the Communist Party of
China. The policy was severely undermined after 1957, but was reestablished and implemented following the Third
Plenary Session of the 11th Central Committee.

Question:
Please determine the correctness of the following statement. Answer with true/false and provide a reason. According to
the convertibility theory, the scope of commercial banks’ assets expanded from short-term turnover loans to consumer
loans.
Answer:
false. Convertibility Theory: also known as the asset conversion theory. This theory suggests that to maintain liquidity
for withdrawals, commercial banks can invest part of their funds in transferable securities. Since these profitable assets
can be sold at any time and converted into cash, loans are not necessarily limited to short-term and self-liquidating types.
Clearly, this theory emerged in the context of developing financial instruments and markets. Significance: it expanded
the scope of bank asset operations. Drawbacks: it does not guarantee that assets can be liquidated without capital loss
(which requires high asset quality and stable market conditions); it is also constrained by central bank monetary policy
(e.g., the risk of a rise in discount rates). This theory provides a theoretical basis for Chinese commercial banks to
engage in securities business (investment operations). However, in China, commercial banks’ investment activities are
restricted due to: 1. limited investment instruments and underdeveloped credit mechanisms; 2. management systems
narrowing investment scopes, and separation of operations preventing commercial banks from investing in stocks; 3. the
nature of state-owned commercial banks limits their willingness for autonomous investment.

Question:
Why can the results of animal experiments not be fully applied to clinical practice?
Answer:
Because there are differences between humans and animals not only in cellular morphology and metabolism, but also
due to the highly developed human nervous system, which is associated with language and thought (the second signaling
system). Although there are similarities, the essential differences mean that human diseases cannot all be replicated in
animals. Even if they can be replicated, animal responses are simpler than human responses. Therefore, results from
animal experiments cannot be mechanically and fully applied to clinical practice without analysis. Only by comparing,
analyzing, and synthesizing animal experiment results with clinical data can they be used as references in clinical
medicine and provide a basis for studying the causes, mechanisms, prevention, and treatment of clinical diseases.

The following is the question to be answered:
Question:{question}
Answer:

Figure 9: The Few-shot Prompt Template.

Input:

{question}
Please think step by step and provide the final answer.

Figure 10: The Chain-of-Thought Prompt Template.
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Input:

Please evaluate the following response from the
LLM regarding a discipline-specific question based
on the following criteria. You must score it on a scale of 0, 1, 2 or 3
stars:

Overall Rating:
0 star indicates wrong answer with a wrong explanation
1 stars indicate wrong answer but a partially reasonable explanation
2 stars indicate a correct answer with a partially reasonable explanation
3 stars indicate an correct answer with a reasonable explanation

User: {question}

LLM: {LLM response}

The correct answer to user’s question is: {correct answer}

You must provide your feedback in the following format:
“Overall Rating":numbers of its stars(int)
The reason why you gave this rating: <Your Reason>(str)’

Figure 11: The Prompt Template for LLM Judgement.
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Model Rmodel
SOTA Smodel Eng. Econ. Edu. Law Lit. Mgmt. Sci. Hist. Med. Mil.

Open-source LLMs
DeepSeek-R1 97.40 91.23 9.47 9.43 9.27 9.37 8.83 9.37 9.03 9.53 8.50 8.43
DeepSeek-V3 96.47 90.36 9.30 9.57 8.93 9.23 8.60 9.13 8.97 9.47 8.83 8.33
Qwen3-235B 96.42 90.32 9.23 9.43 9.03 9.50 8.23 9.43 8.97 9.17 8.73 8.60
QwQ-32B 94.51 88.53 8.30 9.46 9.23 9.33 7.83 9.46 8.65 9.27 8.57 8.43
DeepSeek-V3.2 92.27 86.43 8.73 9.13 8.53 8.70 7.40 9.33 8.87 9.37 8.53 7.83
Qwen3-32B 92.22 86.38 8.43 9.10 8.57 9.10 7.77 9.47 8.67 9.30 7.70 8.27
GLM-4-32B 88.43 82.83 7.77 8.97 8.33 8.33 7.03 9.13 8.27 8.77 8.23 8.00
Qwen2.5-32B-Instruct 85.06 79.68 7.70 8.57 8.33 8.33 6.70 8.50 8.17 7.70 7.60 8.08
Qwen-Turbo-1101 83.72 78.42 7.97 8.37 8.03 8.23 6.40 8.50 8.10 7.50 7.27 8.05
Yi-34B-Chat 70.15 65.71 5.77 6.63 7.37 7.53 5.47 5.77 5.47 7.47 6.30 7.93
Megrez-3B-Instruct 67.01 62.77 5.80 6.77 6.80 7.13 5.40 6.87 5.70 6.53 5.70 6.07
Qwen2-7B-Instruct 65.15 61.03 5.47 6.73 6.33 7.60 5.13 6.17 6.17 5.73 5.33 6.37
Nanbeige-Plus 65.10 60.98 5.78 5.57 6.77 7.37 5.37 5.93 5.45 6.30 5.67 6.77
Phi-4-Final 63.98 59.93 5.80 6.47 6.23 6.53 5.53 6.30 6.27 5.50 5.43 5.87
Llama-3.2-90B-Vision 61.74 57.83 5.63 6.33 6.20 5.80 4.73 6.10 6.57 5.03 5.27 6.17
Llama-3.3-70B 60.85 57.00 5.80 6.90 5.63 5.70 5.47 5.70 6.30 4.70 4.87 5.93
Baichuan2-13B-Chat 58.28 54.59 4.47 5.53 7.40 6.90 4.63 4.80 4.33 6.23 4.60 5.70
Qwen-plus 56.58 53.00 4.40 5.10 6.53 6.53 5.00 4.77 4.87 5.17 5.13 5.50
Qwen-turbo 55.76 52.23 4.10 6.07 6.63 6.43 4.43 4.53 4.97 5.27 4.37 5.43
Nanbeige-16B 55.45 51.94 4.37 5.30 6.50 6.30 3.97 4.70 4.07 5.90 4.73 6.10
Mixtral-8x7B-Instruct 51.69 48.42 4.27 5.47 6.47 6.40 3.13 4.50 5.07 3.57 4.37 5.17
ChatGLM-2-6B 42.31 39.63 2.33 3.77 5.97 6.13 2.83 3.83 2.60 3.80 4.00 4.37
Llama-3.1-8B 41.25 38.64 3.87 4.20 4.27 4.17 3.50 3.83 4.30 3.17 3.20 4.13
Ziya-13B-v1.1 40.18 37.64 2.77 3.97 5.17 5.33 2.80 3.77 2.53 3.70 3.03 4.57
InternLM-7B-Chat 38.71 36.26 2.63 3.67 4.87 5.57 3.17 3.33 2.33 4.03 3.13 3.53
Linly-LLaMA2-13B 37.03 34.69 2.20 3.77 4.50 5.00 2.43 3.33 2.53 3.90 2.50 4.53
Phi-3-Medium-128K 36.95 34.61 2.27 4.17 3.70 4.23 2.87 4.50 3.57 3.20 2.27 3.83
BELLE-Llama2-13B-Chat 36.25 33.96 2.57 3.07 4.93 4.73 2.83 3.80 2.43 3.33 2.40 3.87
Llama-2-7B-Chat 25.22 23.62 1.53 3.43 3.00 3.73 1.73 2.43 1.97 2.17 0.80 2.83
Closed-source LLMs
Doubao-1.5-Thinking-Pro 100.00 93.67 9.47 9.67 9.43 9.77 8.93 9.53 9.23 9.70 8.97 8.97
Gemini-2.5-Pro 97.22 91.07 9.20 9.47 9.20 9.30 8.43 9.63 9.07 9.40 8.50 8.87
Gemini-2.5-Pro-Thinking 97.15 91.00 9.13 9.50 9.37 9.47 8.40 9.63 9.20 9.27 8.30 8.73
Doubao-1.5-Pro 95.68 89.62 8.83 9.03 9.13 9.43 8.57 9.27 8.83 9.10 8.60 8.83
GLM-4.6 95.26 89.23 8.80 9.27 8.70 9.23 8.40 9.63 8.90 9.30 8.43 8.57
Kimi-K2 94.27 88.30 9.23 9.17 8.80 9.00 8.40 9.17 8.77 9.13 8.53 8.10
GPT-5 93.84 87.90 8.83 9.37 8.90 8.87 8.10 9.10 8.90 9.03 8.50 8.30
Claude-Sonnet-4.5-Thinking 93.48 87.57 8.90 9.17 8.80 8.97 8.00 9.23 8.90 9.00 8.27 8.33
o1 93.36 87.45 8.90 9.30 8.67 8.77 7.73 9.27 8.90 8.97 8.17 8.77
Claude-Sonnet-4.5 93.31 87.40 8.80 8.97 8.93 8.73 8.37 9.10 8.97 8.93 8.13 8.47
Gemini-2.5-Flash-Thinking 92.74 86.87 8.67 9.27 8.70 9.00 7.80 8.93 8.90 9.00 8.03 8.57
Claude-Sonnet-4-Thinking 91.03 85.27 8.57 9.00 8.63 8.73 7.57 9.10 8.93 8.70 7.97 8.07
Claude-Sonnet-4 91.00 85.24 8.57 8.80 8.50 8.70 7.80 9.03 8.80 8.80 8.17 8.07
GPT-4o-search 89.40 83.74 8.27 8.77 8.43 8.67 7.77 8.80 8.20 8.73 8.27 7.83
GPT-4o 88.09 82.51 7.90 8.67 8.30 8.33 7.17 8.97 8.57 8.67 7.63 8.30
Gemini-1.5-Pro 85.91 80.47 8.13 8.45 8.30 8.37 7.04 8.17 8.43 8.50 7.48 7.60
o3-mini 84.13 78.80 7.97 8.60 8.30 8.20 6.73 8.57 8.53 7.17 7.03 7.70
Claude-3.5-Sonnet 83.38 78.10 7.97 8.53 8.27 7.93 7.03 8.50 8.00 7.57 6.70 7.60
o1-mini 78.93 73.93 7.27 8.43 7.90 7.53 6.27 8.27 8.17 6.43 6.63 7.03
GPT-4-Turbo 78.57 73.60 6.97 8.17 8.33 7.80 6.00 7.57 8.13 7.00 6.43 7.20
GPT-4-Preview 76.44 71.60 6.90 7.40 8.03 7.30 6.00 7.47 7.63 6.87 6.33 7.67
Baidu-4.0 75.08 70.33 7.27 7.23 7.67 7.43 5.63 6.47 6.80 7.63 7.80 6.40
Baidu-3.5 69.10 64.73 6.20 6.70 7.80 6.83 5.20 5.50 6.00 7.23 6.57 6.70
ChatGLM-Pro 69.10 64.73 5.90 7.07 7.03 7.90 5.43 6.33 5.00 6.67 5.97 7.43
GPT-4-Legacy 66.15 61.96 6.50 6.73 6.60 6.73 5.43 6.10 6.47 5.30 5.20 6.90
Spark-3.0 65.62 61.47 5.77 6.50 7.27 7.30 5.70 5.90 5.03 6.50 5.23 6.27
Claude-3-Haiku 62.93 58.95 5.80 6.60 6.97 6.63 4.83 5.93 6.33 4.80 5.23 5.83
Gemini-Pro 58.18 54.50 4.87 5.43 7.07 6.43 5.10 4.50 4.65 6.33 4.42 5.70
GPT-3.5-turbo 55.42 51.91 4.97 5.37 6.40 6.47 4.43 4.67 5.43 4.20 4.37 5.60
MiniMax-ABAB5 55.33 51.83 3.87 5.63 6.87 6.97 4.33 4.40 2.93 6.13 4.27 6.43

Table 8: Overall and Subject-Level Scores. Rmodel
SOTA represents the relative score (0-100 scale) as defined in Equation

(2), with Doubao-1.5-Thinking-Pro as the reference SOTA model. Smodel represents the absolute score (0-100 scale)
as defined in Equation (1). Subject-level scores use a 10-point scale.
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1000 Questions Larger Samples Statistics

Model Trial 1 Trial 2 Trial 3 2000 4000 Mean Variance

Doubao-1.5-Thinking-Pro 100.0 100.0 100.0 100.0 100.0 100.0 0.00
DeepSeek-V3 96.48 96.87 98.10 98.02 97.53 97.40 0.51
Qwen-3-32B 92.21 92.58 93.93 94.15 93.45 93.26 0.71
GPT-4o 88.08 90.21 91.50 90.69 90.48 90.19 1.63
o3-mini 84.13 85.31 86.69 85.56 86.18 85.57 0.95

Table 9: Ranking stability across different sample sizes. All scores are relative scores with Doubao-1.5-Thinking-Pro
as reference (100.0). The three 1000-question trials demonstrate high reproducibility, with low variance indicating
robust measurement precision.

Round 1 Round 2

Model Name Doubao Gemini GPT-4o Doubao Gemini GPT-4o

Open-source LLMs
DeepSeek-R1 0.527 0.662 0.960 0.451 0.251 0.977
DeepSeek-V3 0.326 0.627 0.949 0.366 0.147 0.800
Qwen-3-235B 0.486 0.468 0.818 0.232 0.496 0.931
Qwen-3-32B 0.560 0.390 0.886 0.414 0.271 0.872

Closed-source LLMs
Claude-Sonnet-4 0.309 0.186 0.826 0.402 0.677 0.909
Claude-Sonnet-4-Thinking 0.451 0.399 0.830 0.443 0.373 0.684
Doubao-1.5-Pro 0.629 0.388 0.950 0.383 0.451 0.915
Doubao-1.5-Thinking-Pro 0.707 0.786 0.993 0.745 0.324 0.920
Gemini-2.5-Pro 0.451 0.539 0.831 0.376 0.682 0.858
Gemini-2.5-Pro-Thinking 0.408 0.547 0.843 0.344 0.185 0.859
GPT-4o 0.447 0.507 0.925 0.553 0.417 0.962
o1 0.599 0.535 0.933 0.571 0.555 0.957
o3-mini 0.517 0.397 0.975 0.531 0.381 0.963

Mean 0.493 0.495 0.902 0.447 0.401 0.893

Table 10: Cohen’s κ correlation coefficient between human evaluation and three large language model evaluations
across two rounds.
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