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Abstract001

The rise of Human-AI collaboration can effec-002
tively speed up the research process for experts003
and allow anyone with critical thinking skills004
to conduct innovative work. A key part of this005
collaboration is the AI’s ability to improve a pa-006
per with human feedback—updating both the007
text and experiments to meet high standards. To008
evaluate this skill, we introduce ReviseBench, a009
benchmark built on real academic data, testing010
the skills of Large Language Models (LLMs)011
on paper interpretation, experimental imple-012
mentation, and paper formulation, where au-013
thors’ camera-ready versions naturally serve014
as human baselines for comparisons. To fa-015
cilitate a fine-grained assessment, we further016
propose ReviseArena, a platform supporting017
pair-wise comparisons between different AI-018
revised papers. Our initial evaluation results on019
ReviseBench reveal that even state-of-the-art020
foundation LLMs struggle significantly in this021
domain, achieving a win rate of less than 10%022
against human experts, and facing issues like023
incremental revision, unprofessional revision,024
and potential data fabrication.025

1 Introduction026

Large Language Models (LLMs) are fundamentally027

reshaping the scientific landscape, transitioning the028

role of AI from passive tools to active partners029

within a new paradigm of Human-AI collaboration.030

This collaborative framework holds the potential031

to revolutionize the research ecosystem in two pro-032

found ways: First, it significantly accelerates the033

research lifecycle, allowing researchers to navigate034

the arduous path from hypothesis generation (Si035

et al., 2025; Yang et al., 2024) to academic paper036

generation (Tang et al., 2025a; Lu et al., 2024) with037

unprecedented efficiency. Second, it empowers in-038

dividuals to engage in high-level scientific inquiry.039

By mitigating technical barriers, this paradigm en-040

sures that anyone equipped with critical thinking041

and innovative insights can contribute to rigorous042

academic work, regardless of their proficiency in 043

coding or academic writing. 044

Central to realizing this synergy is the AI agent’s 045

capability to dynamically refine and elevate the 046

quality of scientific work in response to human in- 047

structions or expert feedback. In this context, the 048

revision process is not merely a formatting task, 049

but the feedback loop where human insight directs 050

AI execution. However, systematically evaluating 051

an AI’s ability to perform such complex, feedback- 052

driven iterations—from textual polishing to experi- 053

ment implementation—remains an open challenge. 054

To rigorously assess this critical capability, we 055

introduce ReviseBench, a benchmark specifically 056

designed to formalize the task of autonomous pa- 057

per revision within a realistic academic setting. In 058

detail, ReviseBench comprises 12 high-quality rep- 059

resentative papers selected from ICLR 2025. As 060

shown in Figure 1, for each sample, we construct a 061

comprehensive data triplet consisting of the official 062

OpenReview comments, the corresponding GitHub 063

code repository, and the initial LaTeX source files. 064

The AI agents is then tasked with autonomously 065

interpreting the review comments and elevating the 066

manuscript’s quality. By strictly retrieving repos- 067

itory snapshots and LaTeX source files from the 068

initial submission timestamp—prior to the release 069

of peer reviews—we ensure evaluation rigor and 070

eliminate potential data leakage. 071

Compared to existing benchmarks (Chan et al., 072

2025; Jain et al., 2025; Zhuo et al., 2025), Re- 073

viseBench presents following distinct and signifi- 074

cant challenges: 1) Environment Complexity: Re- 075

viseBench goes beyond simple code generation 076

by requiring comprehensive environment config- 077

uration. This necessitates that the model handle 078

both dependency installation and data retrieval, 079

simulating the real-world setup processes of sci- 080

entific projects; 2) Scientific Interpretation: While 081

sharing the requirement for manuscript compre- 082

hension with PaperBench (Starace et al., 2025), 083
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Figure 1: ReviseBench is a benchmark for evaluating the capabilities of LLMs for revising papers based on the
review comments. (a) ReviseBench collects review comments, code repository, and LaTeX source files for each
paper. (b) Based on the provided files, LLMs with agent scaffolds are prompted to revise the corresponding academic
paper, including text revision, experiment execution and others. (c) The generated paper will be compared with the
human camera-ready version by an LLM-based judge for pair-wise evaluation.

ReviseBench uniquely advances this challenge by084

incorporating peer review feedback. To succeed,085

the model must possess domain expertise com-086

parable to that of a human scientist, allowing087

it to accurately align nuanced reviewer critiques088

with the corresponding content of the research pa-089

per; 3) Full-scope Revision: Different from ex-090

isting benchmarks limited strictly to code modifi-091

cation (Jimenez et al., 2024) or experimental ex-092

ecution (Chan et al., 2025; Starace et al., 2025),093

ReviseBench integrates the task of manuscript re-094

vision and polishing. This imposes significant de-095

mands on the model’s scientific writing capabilities096

and long-context processing, requiring it to synthe-097

size technical code updates back into the textual098

narrative and chart illustrations effectively.099

To rigorously assess performance, we establish a100

progressive evaluation framework that spans from101

fundamental executability—exemplified by met-102

rics such as PDF generation rates—to high-level103

modification quality. Within this framework, we104

leverage final published camera-ready versions as105

a human-expert ‘gold standard’ to conduct pair-106

wise comparisons, allowing us to quantify the gap107

between AI-generated revisions and human author-108

ship. Complementing this, we further introduce109

ReviseArena, an evaluation environment designed110

to derive more granular performance through direct111

model-versus-model comparisons.112

We conduct extensive evaluations of multiple113

state-of-the-art LLMs using ReviseBench. Our ex-114

perimental results indicate that even advanced mod- 115

els, such as GPT-5 and DeepSeek-V3.2, still lag 116

significantly behind human performance on Re- 117

viseBench. Specifically, they achieve win rates 118

V.S. humans of only 8.33% and 0%, respectively. 119

Our analysis also indicates that, compared with hu- 120

man experts, LLMs are more incremental, unpro- 121

fessional, and may face issues like data fabrication 122

during paper revision. In summary, our contribu- 123

tions are as follows: 124

• We propose ReviseBench, which is the first 125

benchmark for AI-driven paper revision to the 126

best of our knowledge, featuring distinct charac- 127

teristics like complex code implementation and 128

scientific interpretation. 129

• To rigorously assess AI-driven paper revision, 130

we establish a comprehensive evaluation frame- 131

work ranging from elementary to advanced 132

levels. Additionally, we further develop Re- 133

viseArena, a comparative evaluation platform 134

designed to provide fine-grained performance 135

evaluation through pair-wise battles. 136

• We conduct extensive evaluation and experi- 137

ments on the advanced LLMs, providing several 138

key insights into the current capabilities and lim- 139

itations of AI in the scientific revision process. 140

2 Related Work 141

LLMs for scientific research The rapidly evolv- 142

ing capabilities of LLMs have positioned them as 143
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important roles in scientific research. Existing stud-144

ies leveraging LLMs in research can be broadly cat-145

egorized into three main areas based on the stage146

of the research process they address: LLM for Idea147

Generation, LLM for Paper Generation, and LLM148

for Paper Review.149

1) LLMs for Idea Generation. Benefits from150

the world knowledge acquiring during pre-training,151

LLMs show their potential to enhance human cre-152

ativity (Lee and Chung, 2024). Following this in-153

sight, numerous researchers have explored using154

LLMs to generate novel research ideas or hypothe-155

ses, demonstrating their utility across fields includ-156

ing Chemistry (Yang et al., 2025) and Artificial157

Intelligence (Si et al., 2025; Yang et al., 2024; Baek158

et al., 2025).159

2) LLMs for Paper Generation. Beyond sim-160

ple idea generation, researchers also focus on uti-161

lizing LLMs for complete scientific paper creation.162

Via preference alignment, LLMs like CycleRe-163

searcher (Weng et al., 2025) has significantly im-164

proved the quality of LLM-generated papers. More165

comprehensive LLM-powered systems introduce166

multi-agent systems and complete workflow to167

cover the entire research process (Schmidgall et al.,168

2025; Tang et al., 2025a; Lu et al., 2024), encom-169

passing idea generation, experimental execution,170

and research writing.171

3) LLMs for Paper Review. Finally, aiming172

to reduce the time burden on waiting for peer re-173

views, researchers attempt to deploy LLMs in paper174

review. Initial efforts primarily relied on prompt175

engineering, instructing powerful models like GPT-176

4 with detailed review guidelines and examples (Lu177

et al., 2024; Jin et al., 2024). Cyclereviewer (Weng178

et al., 2025) and DeepReview (Zhu et al., 2025b)179

go a step further by employing fine-tuning tech-180

niques to better align LLM preferences in review181

generation with those of human experts.182

In contrast to these efforts, our work concen-183

trates on exploring the capabilities of LLMs on184

paper refinement with review feedback, integrating185

paper understanding, experimental implementation,186

and iterative manuscript revision.187

ML engineering and research evaluation With188

the advancement of LLM capabilities, research at-189

tention has shifted from simple code generation190

(Jain et al., 2025; Zhuo et al., 2025) to more com-191

plex programming scenarios such as software engi-192

neering (Jimenez et al., 2024; Chan et al., 2025) and193

machine learning engineering (Huang et al., 2024;194

Chan et al., 2025; Jing et al., 2025). For instance, 195

OpenAI curated a dataset of 75 high-quality Kag- 196

gle competitions to benchmark LLM proficiency on 197

machine learning competitions against human par- 198

ticipants (Chan et al., 2025). Additionally, recent 199

studies have begun to investigate the application of 200

LLMs to coding tasks related to scientific research. 201

Notably, OpenAI selected 20 papers from ICML 202

2024 to test the ability of LLMs to reproduce re- 203

search implementation (Starace et al., 2025), while 204

ScienceAgentBench (Chen et al., 2025) extracts 205

authentic scientific tasks from peer-reviewed litera- 206

ture for model execution and evaluation. In contrast 207

to prior works, ReviseBench uniquely focuses on 208

the capacity of LLMs to enhance the quality of 209

academic papers, including the model’s ability to 210

modify code in response to peer review comments. 211

3 ReviseBench 212

In this section, we will describe the construction 213

of ReviseBench. As an initial step, ReviseBench 214

comprises 12 representative papers accepted by 215

ICLR 2025, aiming to evaluate the capabilities of 216

LLMs in revising papers based on human review 217

feedback. Due to space limitations, we provide the 218

whole list of papers in ReviseBench in Appendix B. 219

We will elaborate on the details of ReviseBench in 220

the following parts. 221

3.1 Data curation 222

As illustrated in Figure 1(a), the following parts are 223

collected for each paper in ReviseBench: 224

• Review comments: The official review com- 225

ments released in OpenReview are crawled via 226

OpenReview API1 for each paper. Reflecting 227

the standard workflow where authors prioritize 228

resolving identified shortcomings during paper 229

revision, only weaknesses are retained and saved 230

as review.md. 231

• Code repository: The source code for each pa- 232

per in ReviseBench is publicly accessible on 233

GitHub, with at least one commit predating the 234

ICLR 2025 review disclosure. To establish an 235

authentic pre-revision state and avoid potential 236

data leakage, the repository corresponding to the 237

most recent commit prior to the review disclo- 238

sure date is preserved as the code/ directory. 239

• LaTex source files: Given the inherent inaccu- 240

racy of OCR on PDF documents, all revisions 241

1https://docs.openreview.net/reference/api-v2
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are conducted on the original LaTeX source files.242

We confirm that each paper in ReviseBench had243

two distinct submissions to the arXiv platform,244

one temporally preceding and one following the245

disclosure of the ICLR 2025 reviews2. Note that,246

the post-revision source files are reserved solely247

for subsequent evaluation and remain inaccessi-248

ble to the LLMs during task execution.249

The construction of ReviseBench begins by se-250

lecting from the 3,703 accepted papers at ICLR251

2025. Following (Starace et al., 2025), we only252

consider 236 Oral or Spotlight papers given their253

high representativeness within contemporary AI254

research. We further exclude papers lacking pre-255

or post-review arXiv submissions via arXiv API3.256

Subsequently, we manually screen the remaining257

111 papers, confirming that each one has at least258

one commit on GitHub predating the ICLR 2025259

review disclosure.260

3.2 Rules261

We establish the following rules to ensure the262

integrity and rigor of the task execution in Re-263

viseBench: 1) For supplementary experiments,264

models must perform genuine computational runs.265

Data fabrication or result estimation is strictly for-266

bidden. 2) Models are prohibited from searching267

the most recent versions of the papers, code repos-268

itory, or existing rebuttal discussions online. 3)269

To facilitate downstream evaluation, models must270

produce a successfully compiled PDF version of271

the revised paper, free from basic typesetting or272

compilation failures.273

To enforce these regulations, we record the com-274

plete execution trajectories of each model and em-275

ploy Gemini-3-Pro (operating as an independent276

rule-breaking detector) to verify compliance and277

detect potential violations. We also incorporate278

some empirical guidelines into the system prompt279

to enhance task execution quality, with comprehen-280

sive details provided in the Appendix D.2.281

3.3 Evaluation282

Metrics To assess the efficacy of models in com-283

pleting the tasks in ReviseBench, we design the284

following four evaluation metrics, ranging from285

basic execution to advanced quality comparison:286

• PDF Generation Rate: The percentage of in-287

stances where the model successfully compiles288

2November 13th, 2024 (Anywhere on Earth)
3https://info.arxiv.org/help/api/index.html

Table 1: Accuracy of several models on JudgeTest

MODEL ACCURACY

RANDOM 0.50
GLM-4.7 0.79 ± 0.04
DEEPSEEK-V3.2 0.83 ± 0.08
GPT-5.2 0.96 ± 0.04
GEMINI-3-PRO 1.00 ± 0.00

and produces a PDF file about the revised paper. 289

• Valid PDF Generation Rate: The percentage 290

of instances in which the model compiles and 291

produces a PDF file that satisfies the basic con- 292

straints of paper formatting and all specified 293

rules mentioned in Section 3.2. 294

• Win Rate vs. Original: The ratio by which the 295

model’s revised version is judged superior to the 296

original submission in terms of overall quality. 297

• Win Rate vs. Human: The ratio by which the 298

model’s revised version is judged superior to the 299

human-authored camera-ready version. 300

To facilitate the evaluation process, the desired 301

output format for each instance in ReviseBench 302

is a PDF with revised content. We also employ 303

LLM judges for calculating Win Rate vs. Original 304

and Win Rate vs. Human. Notably, we deliberately 305

exclude predictive reviewer models, such as Deep- 306

Reviewer (Zhu et al., 2025b) or PaperReview4, for 307

calibrated scoring. This decision stems from two 308

key observations: 1) our empirical analysis reveals 309

that these models lack the sensitivity to distinguish 310

fine-grained improvements between revisions, fre- 311

quently assigning identical scores; and 2) prior 312

research establishes that LLMs demonstrate supe- 313

rior reliability in pairwise preference evaluation 314

compared to absolute scoring (Si et al., 2025). 315

JudgeTest Given the time costs associated with 316

human expert review and the ineffectiveness of 317

existing review models, we adopt an LLM-based 318

pairwise comparison approach similar to (Starace 319

et al., 2025; Zhu et al., 2025a). To validate the effi- 320

cacy of LLMs as judges, we construct JudgeTest, 321

a benchmark comprising 12 accepted papers from 322

ICLR 2025 that are distinct from ReviseBench. We 323

list the papers in JudgeTest in the Appendix C. 324

Specifically, we retrieve two versions of each paper 325

in JudgeTest from their arXiv submission history, 326

assuming that the later revision represents superior 327

4https://paperreview.ai/
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Table 2: Comparisons with existing benchmarks. The column “Packages Installation?” indicates whether
dependency installation is required. “Data Downloading?” denotes whether data retrieval is necessary during
execution. The “Paper Understanding?” and “Review Understanding?” columns specify whether the task requires
understanding of the paper and review comments, respectively.

Benchmarks Packages
Installation?

Data
Downloading?

Paper
Understanding?

Review
Understanding? Source Tasks

SWE-Bench (Jimenez et al., 2024) ✗ ✗ ✗ ✗ GitHub 2,294
ML-Bench (Tang et al., 2025b) ✓ ✗ ✗ ✗ GitHub 260
MLE-Bench (Chan et al., 2025) ✓ ✗ ✗ ✗ Kaggle 75
MLAgentBench (Huang et al., 2024) ✗ ✗ ✗ ✗ Kaggle 13
DS-Bench (Jing et al., 2025) ✓ ✗ ✗ ✗ ModelOff & Kaggle 540
ScienceAgentBench (Chen et al., 2025) ✗ ✗ ✗ ✗ Publications 102
EXP-Bench (Kon et al., 2025) ✓ ✓ ✗ ✗ Publications 461
PaperBench (Starace et al., 2025) ✓ ✓ ✓ ✗ Publications 20

ReviseBench (Ours) ✓ ✓ ✓ ✓ Publications 12

quality after human revision and update. To miti-328

gate the potential position bias (Zheng et al., 2023;329

Zhu et al., 2025a) in LLM-based judges, each pa-330

per pair was evaluated twice after swapping the331

position. We then evaluate GLM-4.7 (Zeng et al.,332

2025), DeepSeek-V3.2 (Liu et al., 2025), GPT-5.2,333

and Gemini-3-Pro on JudgeTest, and report their334

average accuracy on identifying the stronger ver-335

sion. As illustrated in Table 1, both Gemini-3-Pro336

and GPT-5.2 achieve satisfactory performance, and337

we select Gemini-3-Pro as the default judge for all338

subsequent evaluations.339

ReviseArena Given the constrained scale of Re-340

viseBench, relying solely on absolute performance341

metrics such as valid PDF generation rate or win342

rate V.S. human may fail to capture the subtle dis-343

tinctions between models, particularly when their344

performance gaps are narrow. To address this lim-345

itation and enhance our evaluation, we introduce346

ReviseArena as a complementary evaluation mod-347

ule. Instead of evaluating models in isolation with348

absolute metrics, ReviseArena employs a pair-wise349

comparison mechanism (Feng et al., 2025; Chiang350

et al., 2024), where models will compete directly351

on the identical revision task with each other. This352

approach allows us to derive fine-grained insights353

into model superiority, effectively alleviating the354

statistical limitations imposed by the dataset size.355

3.4 Comparisons with existing benchmarks356

As shown in Table 2, we compare ReviseBench357

with several related benchmarks, highlighting the358

following distinct characteristics that set it apart:359

1) Environment Complexity: Unlike SWE-bench360

(Jimenez et al., 2024) or MLAgentbench (Huang361

et al., 2024), ReviseBench necessitates both depen-362

dency installation and data downloading, which363

is consistent with complex, real-world research364

projects. 2) Scientific Interpretation: Similar to 365

PaperBench (Starace et al., 2025), ReviseBench 366

requires a comprehensive understanding of the re- 367

search manuscript. However, it advances this re- 368

quirement by also necessitating the understand- 369

ing of peer review feedback. This demands that 370

LLMs possess domain expertise comparable to hu- 371

man scientists to accurately align the reviews with 372

the paper’s content. 3) Full-Scope Revision: Di- 373

verging from the aforementioned benchmarks, Re- 374

viseBench is not limited to code modification or 375

experimental execution, while uniquely integrat- 376

ing the task of manuscript revision and polishing. 377

This imposes significant demands on the model’s 378

capabilities in scientific writing and long-context 379

processing, requiring it to synthesize code changes 380

back into the textual narrative or even charts. 381

Note that, although ReviseBench currently only 382

comprises 12 tasks, we envision ReviseBench as an 383

extensible, community-driven data resource. With 384

formatting and uploading authors’ own paper revi- 385

sion data and review comments, ReviseBench can 386

be easily extended and dynamic. We position the 387

current version as a preliminary investigation into 388

the domain of automated paper revision, with the 389

expansion of the dataset reserved for future work. 390

4 Experiments 391

4.1 Experimental setup 392

Considering the task’s complexity in ReviseBench, 393

we mainly limit our evaluation scope to leading 394

foundational LLMs (Starace et al., 2025). Our 395

selection strategy is designed to cover varying 396

model scales and licensing types, including GPT- 397

55, DeepSeek-V3.2 (Liu et al., 2025), Claude-4- 398

Sonnet6, Gemini-2.5-Pro, o3, and o4-mini. We 399

5gpt-5-2025-08-07
6claude-4-sonnet-20250514
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Table 3: The main performance of models with OpenHands on ReviseBench. Best performance are bolded.

MODEL PDF GEN. RATE
VALID PDF GEN.

RATE
WIN RATE VS.

ORIGINAL
WIN RATE VS.

HUMAN

O3 8.33% 0.00% 0.00% 0.00%
GEMINI-2.5-PRO 25.00% 8.33% 8.33% 0.00%
O4-MINI 25.00% 25.00% 16.67% 0.00%
CLAUDE-4-SONNET 100.00% 16.67% 16.67% 0.00%
GPT-5 75.00% 50.00% 41.67% 8.33%
DEEPSEEK-V3.2 100.00% 58.33% 50.00% 0.00%

employ OpenHands (Wang et al., 2025) as our scaf-400

fold due to its comprehensive tool-calling profi-401

ciency. All evaluations are performed in an Ubuntu402

22.04 Docker container with a 32GB V100 GPU403

and 100GB SSD.404

4.2 Main experiments405

In this section, we would like to give some funda-406

mental observations based on our evaluation, with407

more detailed analysis in the following parts. Ta-408

ble 3 demonstrates the performance of models on409

ReviseBench, where we can observe:410

• To our surprise, even LLMs like Gemini-2.5-411

Pro and o4-mini are struggling with generating412

valid revised paper PDFs, leading to poor win413

rates against the original versions and camera-414

ready versions provided by human experts. Our415

manual investigation on several trajectory logs416

indicates that these models frequently face is-417

sues like LaTeX dependency configuration or418

instruction misunderstanding.419

• Although LLMs like Claude-4-Sonnet, GPT-420

5, and DeepSeek-V3.2 demonstrate high pro-421

ficiency in PDF generation, their valid PDF gern-422

eration ratio seems to be unremarkable, rang-423

ing from 16.67% to 58.33%. The manual re-424

view reveals problems regarding violations of es-425

tablished rules, and evident presentation errors.426

These findings indicates that models still face427

significant challenges in generating manuscripts428

that adhere to real-world academic standards.429

• When compared with camera-ready versions pro-430

vided by human experts, all models achieve ex-431

tremely poor win rates, with the highest score432

8.33%, unveiling the significant gap between433

LLMs and human researchers on paper revision434

tasks. According to the trajectory logs, we manu-435

ally find that the deficiency includes incomplete436

experiments, poor paper presentation and others,437

which we will discuss later.438
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Figure 2: The average win rates of Model A (evaluated
model) against Model B (opponent) across all twelve
papers in ReviseArena.

Note that, as the initial steps in investigating the 439

performance of LLMs on paper revision, we fo- 440

cus on introducing ReviseBench and providing the 441

empirical results with basic scaffolds. We believe 442

current results do not necessarily reflect these mod- 443

els’ upper limits. 444

4.3 ReviseArena 445

To establish a more fine-grained comparative met- 446

ric for different models, we further introduce Re- 447

viseArena as a complement to the current eval- 448

uation framework. Using Gemini-3-Pro as the 449

judge, we conduct pair-wise comparisons among 450

revised versions of the same paper generated by 451

different models and subsequently compute their 452

respective win rates. To mitigate potential posi- 453

tion bias (Zhu et al., 2025a; Li et al., 2024; Zheng 454

et al., 2023), each pairwise comparison is per- 455

formed twice, swapping the positions of the models. 456

More details on the pair-wise comparison in Re- 457

viseArena will be provided in Appendix D.3. As 458

presented in the Figure 2, the results are largely con- 459

sistent with our expectations. The human-authored 460

camera-ready versions demonstrate a dominant win 461
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Figure 3: The average changes of tokens, figures, or tables between the original papers and the revised papers

rate over all evaluated models. Among the AI mod-462

els, GPT-5 and DeepSeek-V3.2 exhibit compara-463

ble performance, while significantly outperforming464

Gemini-2.5-Pro, o4-mini, and o3.465

4.4 In-depth analysis466

In this section, we conduct a series of in-depth467

investigations on the performance of LLMs on Re-468

viseBench, and we empirically have the following469

observations:470

LLMs are Incremental Revisers To investigate471

the specific modifications made by the models, we472

compare the AI-generated papers with the origi-473

nal papers in terms of total token count, number474

of figures, and number of tables. For reference,475

changes in human revisions for camera-ready ver-476

sions are also provided. The comparison results477

are shown in Figure 3, and we find that: 1) the478

scale of modifications made by LLMs—spanning479

text, figures, and tables—is substantially smaller480

than those executed by human experts. This dispar-481

ity implies that the models may lack the capacity482

for providing deep textual analysis and the ability483

to add comprehensive experiments; 2) regarding484

the modification types, LLMs generally exhibit a485

preference for incremental textual descriptions and486

the addition of tables, rather than introducing new487

experimental findings through graphical figures; 3)488

Claude-4-Sonnet seems to delete a large number489

of text and figures during the task. Human inspec-490

tion reveals that this was caused by an incidental491

omission of the appendix after revision.492

LLMs are Unprofessional Revisers As previ-493

ously noted, the win rate of AI-generated papers494

falls below 10% when compared to those pro-495

duced by human experts. To investigate the specific496

modes of these deficiencies, we conduct a manual497

analysis of the papers generated by GPT-5. Specifi-498

Insufficient 
Related Work

Formatting and 
Layout Issues

Sketchy or Informal 
Description

Insufficient 
Experiments

Execution abortion

Dependency Error

Figure 4: Deficiency modes distribution of GPT-5

cally, in instances where GPT-5 failed to produce a 499

final paper, we further examine the trajectory logs 500

to diagnose the failure. We summarize the primary 501

issues in Figure 4, highlighting the gaps in pro- 502

fessionalism between LLMs (such as GPT-5) and 503

human researchers across the following aspects: 504

• Compared with camera-ready versions, the gen- 505

erated papers occasionally exhibit insufficient 506

related work, characterized by a reduced number 507

of references, and insufficient experiments, as ev- 508

idenced by the disparity in the quantity of tables 509

and figures in Figure 3. These findings imply the 510

deficiency of LLMs in precisely addressing the 511

review concerns via experiments. 512

• LLMs like GPT-5 occasionally produce sketchy 513

or informal descriptions, manifesting as the in- 514

clusion of unpolished content or superficial ex- 515

planations of supplemental experiments that lack 516

insights or in-depth analysis. As illustrated in 517

Figure 5(a), GPT-5 breaks the narrative coher- 518

ence in the abstract by inserting an unrelated 519

explanatory paragraph mid-sentence. While in 520

Figure 5(b), GPT-5 erroneously included raw 521

rebuttal-style comments, such as “To address 522

the Reviewer xxx request...”, directly into the 523

manuscript body. 524
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Figure 5: Representative failure cases of GPT-5 in ReviseBench, with problematic areas highlighted in red boxes.
(a) Narrative Incoherence: The model disrupts the logical flow of the abstract by intrusively inserting an unrelated
explanatory paragraph mid-sentence. (b) Informal rebuttal-style content: The generated text contains raw rebuttal
notes (e.g., “To address the reviewer request...”), failing to maintain a formal academic tone. (c) Layout Overflow:
The generated table lacks proper width constraints, causing it to protrude into the page margins. (d) Layout Overlap:
A layout collision where a text block is erroneously rendered atop the figure, obscuring the graphical content.

• Different from camera-ready versions, we also525

observe formatting and layout issues in the gen-526

erated PDFs, such as image-text overlaps, ta-527

bles/figures exceeding line width, or excessive528

whitespace, which severely compromised the529

visual quality of the papers. As evidenced in530

Figure 5(c), the generated table lacks proper531

width constraints, causing the content to over-532

flow the page margins and breach the standard533

text width. Meanwhile, Figure 5(d) illustrates a534

layout overlap, where an explanatory text block535

is erroneously superimposed within the figure’s536

bounding box due to a failure in isolating textual537

content from graphical elements.538

LLMs might be Fabricated Revisers Data fab-539

rication constitutes a severe breach of academic540

integrity, especially when deploying AI in scien-541

tific research (Watkins, 2024). In this part, we542

establish a two-step fabrication detection mecha-543

nism for potential AI misuse. We initially screen544

for revision cases where new experimental figures545

or tables were added by LLMs. Then, we conduct546

a secondary audit using Gemini-3-Pro to scrutinize547

the trajectory logs of these revised papers for po-548

tential data fabrication. The results are reported in549

Table 4, where both DeepSeek-V3.2 and Claude-550

4-Sonnet engaged in the fabrication of experimen-551

tal data, such as estimating results without actual552

execution or using a synthetic dataset. These find-553

ings highlight the critical need for human oversight554

to prevent ethical violations and uphold academic555

standards in AI-assisted research. Note that, all556

Table 4: Statistics of adding new experimental results
and data fabrication across evaluated models

MODEL
# NEW

RESULTS
# FABRICA-
TION CASE

O3 0 0
GEMINI-2.5-PRO 2 0
O4-MINI 1 0
CLAUDE-4-SONNET 6 5
GPT-5 6 0
DEEPSEEK-V3.2 2 1

generated papers that violate data fabrication rules 557

will be marked as invalid PDF after detection. 558

5 Conclusion 559

In this paper, we introduce ReviseBench, a pioneer- 560

ing benchmark tailored to assess LLMs on the com- 561

plex paper revision tasks. Initialized with 12 ICLR 562

2025 papers, it establishes a rigorous standard re- 563

quiring simultaneous mastery of scientific interpre- 564

tation, coding implementation, and academic writ- 565

ing. We propose a progressive evaluation frame- 566

work, using camera-ready papers as human base- 567

lines, and develop ReviseArena for granular pair- 568

wise comparisons. Our extensive experiments re- 569

veal a significant gap between current AI models 570

and human experts, particularly in academic expres- 571

sion and scientific interpretation. These findings 572

underscore the difficulty of autonomous revision 573

and position ReviseBench as a critical resource for 574

advancing AI-assisted research. 575
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Limitations576

We acknowledge and outline the following limi-577

tations of our work: 1) Benchmark Scale: Cur-578

rently, ReviseBench comprises 12 papers from579

ICLR. While this scale is relatively modest com-580

pared to other benchmarks, it is a deliberate result581

of our strict selection criteria designed to guarantee582

the high quality of the papers and their associated583

data. Furthermore, given the high complexity of the584

tasks and the computational resources they demand,585

we believe that a compact dataset could allow for586

quick and efficient evaluation. We present this587

release of ReviseBench as an initial investigation,588

paving the way for future data integration. 2) LLM-589

based Evaluation: In ReviseBench, we employ590

LLMs as judges for pair-wise comparison. We ac-591

knowledge the inherent limitations of LLM-based592

judges compared to human experts, including po-593

tential issues with hallucinations and misjudgments.594

However, relying on expert human evaluation in-595

evitably incurs prohibitive time and financial costs.596

Our experimental results on the JudgeTest demon-597

strate that our LLM-based approach represents a598

favorable trade-off between evaluation efficiency599

and accuracy, proving to be a reliable proxy for600

human judgment in this context.601

Ethical Consideration602

In this paper, our investigation into automated pa-603

per revision is driven by the goal of assisting the604

scientific community, rather than advocating for605

full automation. We acknowledge that human over-606

sight remains paramount in the research workflow607

to safeguard against potential pitfalls such as fac-608

tual hallucinations or ethical breaches. It is also im-609

portant to note that the performance disparities ob-610

served in ReviseBench do not represent these mod-611

els’ ultimate potential. We present this benchmark612

as an initial milestone, hoping to inspire future re-613

search that pushes the boundaries of AI capabilities614

in complex scientific tasks, all while upholding the615

integrity and rigor of scientific inquiry.616
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Appendix832

A Use of LLMs833

Large Language Models (LLMs) are used exclu-834

sively for textual polishing and refinement during835

manuscript preparation. All research ideas, experi-836

ments, and analyses are proposed, conducted, and837

provided by the authors.838

B Details on ReviseBench839

The whole paper list in ReviseBench is shown in840

Table 5, where we include 5 oral and 7 spotlight841

papers from ICLR 2025. It can also be seen that842

ReviseBench includes varying research directions843

from AI for science to Reinforcement learning.844

C Details on JudgeTest 845

To validate the reliability of our evaluators, we 846

curated JudgeTest, a collection of 12 ICLR 2025 847

papers (Oral/Poster) covering topics such as AI for 848

Science and AI Safety. The whole paper list is 849

shown in Table 6. Papers in JudgeTest are only 850

required to have accessible arXiv uploads span- 851

ning the pre-review and post-review periods, with- 852

out the GitHub codebase requirements used in Re- 853

viseBench. 854

In our evaluation pipeline, the chronological pro- 855

gression of these papers serves as the ground truth 856

for quality; the later version is always treated as the 857

winner. We rigorously assessed the judge models 858

by feeding them these version pairs. Crucially, to 859

address the position bias often exhibited by LLMs, 860

we conducted position-swapping experiments for 861

every pair, averaging the results to ensure fairness. 862

The quantitative validation results on JudgeTest is 863

presented in Section 3.3. 864

D Details of Experiments 865

D.1 Scaffold 866

In this study, we adopt the CodeActAgent from the 867

OpenHands(Wang et al., 2025) framework as the 868

default scaffold for all evaluated LLMs, given its 869

comprehensive tool-calling capabilities, which are 870

essential for handling the multi-step interactions 871

required by ReviseBench. It is worth noting that 872

we do not impose explicit constraints on the maxi- 873

mum execution time or the number of action steps, 874

though we observe that the agents typically pre- 875

fer to end rapidly, which is also observed in prior 876

work (Starace et al., 2025). To facilitate subsequent 877

qualitative analysis and debugging, we systemati- 878

cally archive the full execution trajectory logs gen- 879

erated during each session. 880

D.2 Prompt Settings 881

Beyond the fundamental task instructions and rule 882

clarification, our prompt incorporates the following 883

guidelines to enhance the robustness of the agents: 884

• LaTeX Compilation and Syntax: We observed 885

that agents frequently encountered compilation 886

errors in the generated PDFs, particularly regard- 887

ing unrecognized references or figures (Weng 888

et al., 2025). This issue was primarily attributed 889

to the interference of residual files (e.g., stale 890

.bib or .aux files) from previous compilation at- 891

tempts. To mitigate this, we explicitly instructed 892
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Table 5: List of Papers in ReviseBench

Paper Source ICLR Primary Area Tokens
gRNAde: Geometric Deep Learning for 3D RNA
inverse design

Spotlight Applications to physical sciences 25,479

Language Representations Can be What Recom-
menders Need: Findings and Potentials

Oral Other topics in machine learning 27,786

Robustness Inspired Graph Backdoor Defense Oral Alignment, fairness, safety, pri-
vacy, and societal considerations

26,629

Joint Graph Rewiring and Feature Denoising via
Spectral Resonance

Oral Learning on graphs and other ge-
ometries & topologies

40,102

MonST3R: A Simple Approach for Estimating Ge-
ometry in the Presence of Motion

Spotlight Applications to computer vision,
audio, language, and other modali-
ties

18,501

Provably Accurate Shapley Value Estimation via
Leverage Score Sampling

Spotlight Interpretability and explainable AI 25,201

Residual Deep Gaussian Processes on Manifolds Oral Probabilistic methods 22,218
Revisiting Random Walks for Learning on Graphs Spotlight Learning on graphs and other ge-

ometries & topologies
53,991

Towards Marginal Fairness Sliced Wasserstein
Barycenter

Spotlight Other topics in machine learning 28,182

GETS: Ensemble Temperature Scaling for Cali-
bration in Graph Neural Networks

Spotlight Learning on graphs and other ge-
ometries & topologies

25,267

GeSubNet: Gene Interaction Inference for Dis-
ease Subtype Network Generation

Oral Learning on graphs and other ge-
ometries & topologies

24,256

SimBa: Simplicity Bias for Scaling Up Parame-
ters in Deep Reinforcement Learning

Spotlight Reinforcement learning 25,045

the agents to clean and regenerate these auxiliary893

files before compilation. This protocol signifi-894

cantly reduced the occurrence of citation-related895

errors.896

• Autonomous Execution: Some models exhib-897

ited a tendency to pause execution to solicit fur-898

ther instructions or confirmation from the user899

(i.e., “human-in-the-loop” behavior), which of-900

ten led to task timeouts or failures in our auto-901

mated pipeline. We incorporated strict instruc-902

tions into the prompt requiring the agents to pro-903

ceed autonomously and resolve decisions inter-904

nally without seeking user intervention.905

• Dependency Installation: We found that net-906

work instability often hindered the installation of907

necessary libraries. Furthermore, we noted that908

agents occasionally displayed insufficient toler-909

ance for long installation processes, terminating910

the installation step prematurely. To address this,911

we provided the agents with reliable proxy mir-912

rors to improve connectivity. Additionally, we913

mandated a minimum timeout threshold of 1200914

seconds for installation commands, ensuring the 915

agents wait sufficiently for dependencies to re- 916

solve. 917

Our detailed prompt is provided in Figure 6 and 918

Figure 7. 919

D.3 Details on ReviseArena 920

In Section 3.3, we establish ReviseArena to provide 921

a more granular evaluation for LLMs. Specifically, 922

the evaluation guidelines in ReviseArena are as 923

listed below: 924

• If one model successfully generates a PDF file 925

while its opponent fails to do so, the former is 926

automatically declared the winner. 927

• If one model successfully generates a valid PDF 928

file while its opponent fails to do so (invalid PDF 929

or missing PDF), the former is automatically 930

declared the winner. 931

• When both models produce valid PDFs, a 932

content-based evaluation will be conducted. We 933

employ Gemini-3-Pro as the judge to analyze 934

12



Table 6: List of Papers in JudgeTest

Paper Source ICLR Primary Area Tokens
LOKI: A Comprehensive Synthetic Data Detection
Benchmark using Large Multimodal Models

Spotlight Datasets and benchmarks 68,120

Adversarial Perturbations Cannot Reliably Protect
Artists From Generative AI

Spotlight Alignment, fairness, safety, privacy,
and societal considerations

24,547

Learning to Discretize Denoising Diffusion ODEs Oral Generative models 26,303
SynFlowNet: Design of Diverse and Novel
Molecules with Synthesis Constraints

Spotlight Applications to physical sciences 20,623

IGL-Bench: Establishing the Comprehensive
Benchmark for Imbalanced Graph Learning

Spotlight Datasets and benchmarks 68,489

Knowledge Localization: Mission Not Accom-
plished? Enter Query Localization!

Spotlight Interpretability and explainable AI 20,606

Uncovering Overfitting in Large Language Model
Editing

Spotlight Foundation or frontier models, in-
cluding LLMs

18,020

Cheating Automatic LLM Benchmarks: Null Mod-
els Achieve High Win Rates

Oral Foundation or frontier models, in-
cluding LLMs

21,593

Improving Unsupervised Constituency Parsing via
Maximizing Semantic Information

Spotlight Applications to computer vision, au-
dio, language, and other modalities

16,782

Provably Reliable Conformal Prediction Sets in the
Presence of Data Poisoning

Spotlight Alignment, fairness, safety, privacy,
and societal considerations

20,880

Learning stochastic dynamics from snapshots
through regularized unbalanced optimal transport

Oral Applications to physical sciences 23,343

Improving Probabilistic Diffusion Models With Op-
timal Diagonal Covariance Matching

Oral Generative models 25,391

the quality of the revisions and determine the935

superior model.936

The final performance of each model is quanti-937

fied using the win rate, calculated as follows:938

Win Rate =
Nwin + 0.5×Ntie

Ntotal
(1)939

where Nwin, Ntie, and Ntotal represent the num-940

ber of wins, ties, and total pairwise matches, re-941

spectively.942
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System Prompt (Part I)

Your Task: Autonomously revise an academic paper based on reviewer comments, with the primary goal of enhancing
the overall academic quality of the submission. This involves making substantial modifications to the LATEX source,
running experiments for new, genuine results when necessary, and integrating these elements to produce a PDF of the
final revised paper.
The paper name is {}, for conciseness, I will replace it with ‘PAPER’ in the following instruction.
Steps:

1. Review Materials: Carefully examine the original paper (/workspace/paper/’PAPER’/pre/main_processed.tex),
the reviewer comments (/workspace/paper/’PAPER’/review.md), and the associated code repository
(/workspace/paper/’PAPER’/code).

2. Address Comments: Determine which points (e.g., clarification, structural changes, supplementary experiments)
must be addressed through direct modification of the paper’s source LATEX file. Make all necessary text modifications
directly to the LATEX (.tex) file. If experiments are requested, you MUST execute the provided code to obtain
genuine results. Simulating, estimating, or fabricating results is strictly prohibited. Integrate the new results, figures,
or tables into the paper.

3. Generate Final Output:

(a) Save the revised LATEX file as /workspace/paper/’PAPER’/pre/revised_paper.tex.
(b) Compile this .tex file into a PDF saved as /workspace/paper/’PAPER’/revised_paper.pdf following the

Strict Compilation Protocol defined below.

Critical Guidelines:

1. Strict Isolation Policy (NO External Search): Prohibited Actions: You are strictly FORBIDDEN from searching
the internet for the paper’s title, authors, or content.

• No Version Hunting: Do NOT look for newer versions of the paper on ArXiv, IEEE Xplore, or other
databases.

• No Rebuttal Lookup: Do NOT search OpenReview or other venues to find existing author rebuttals or
discussions. You must formulate your own revisions and arguments based solely on the provided local reviewer
comments.

• No External Code: Do NOT search GitHub or GitLab for updated versions of the code repository. You must
work exclusively with the code provided in /workspace.

2. LATEX Syntax & Integrity (Anti-Crash):

• NO Unicode Math Symbols: Do NOT use raw Unicode characters for math (e.g., ≤, ≥, ×). You MUST
use standard LATEX commands (e.g., \le, \ge, \times). Unicode characters often crash pdflatex, which
truncates the .aux file and breaks bibliography generation.

• Package Dependency Consistency: If you remove or comment out a \usepackage{. . . }, you MUST
search the ENTIRE codebase (including files referenced via \include or \input, such as appendix.tex)
to remove all commands/environments defined by that package. Leaving orphaned commands (like
\begin{algorithm} after removing the algorithm package) causes fatal errors.

3. Strict Compilation Protocol (Fixing Citation Issues): To avoid “question mark” citations ([?]) or missing
references, you must strictly follow this sequence. DO NOT proceed to the next step if the current step fails.

• Pre-flight Cleanup: Before starting, remove any existing auxiliary files (*.aux, *.bbl, *.blg) to ensure a
clean build. Old .aux files can confuse the compiler.

• Step A: Run pdflatex -interaction=nonstopmode revised_paper.tex. Constraint: Must exit with
code 0. If it fails, fix syntax errors in .tex.

• Step B: Run bibtex revised_paper. Constraint 1: Check for “found no \bibdata command” (Fatal error).
Constraint 2: You MUST check the output (or revised_paper.blg file) for lines starting with “Warning: I
didn’t find a database entry for...”. Action: If you see this warning, it means a citation key used in .tex is
missing from the .bib file. STOP immediately. Do not proceed to Step C. You must add the missing BibTeX
entry to the .bib file first.

• Step C: Run pdflatex -interaction=nonstopmode revised_paper.tex TWICE more. Final Verification:
After the final run, check the log again for “Reference ... undefined”.

Figure 6: System prompt (Part I)
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System Prompt (Part II)

Critical Guidelines (Continued):

4. Quality Assurance & Error Handling (Anti-Hallucination):

• Definition of Success: The mere existence of a PDF file is NOT proof of success. A PDF generated after a
forced exit is invalid.

• Log Verification: After compilation, you MUST inspect the log file (e.g., run grep -i "undefined"
revised_paper.log and grep -i "error" revised_paper.log).

– If you see Package natbib Warning: Citation ... undefined, you have FAILED. Check your
bibtex run.

– If you see ! LaTeX Error, you have FAILED. Fix the code.
• Interactive Mode Ban: If the compilation stalls waiting for user input (e.g., prompting Type X to quit), it

is a FATAL ERROR. Do NOT send X or Enter to force it to finish. Interrupt the process (C-c), fix the code
causing the error, and retry.

5. Autonomy & Decision Making (NO Human-in-the-Loop):

• Do NOT ask for clarification: You must complete the entire task directly without human intervention. Do
not stop to give clarification, or ask the user for feedback, permission.

• Resolve Ambiguity: If a reviewer comment is ambiguous, make a reasonable, professional academic judgment
and proceed.

• Self-Correction: If a tool fails or an error occurs, analyze the error message, formulate a fix, and retry
autonomously. Do not report the error to the user until you have exhausted all attempts to fix it.

• Do not interrupt yourself before finishing the task.

6. Experimental Results: Under no circumstances should you simulate, estimate, or create fictional experimental
results. The core requirement is that any new data presented in the paper must be based on the actual execution of
code from the provided repository. If the review requests new experiments, you must run the code to get the results.
The results and their integration into the paper (e.g., in tables, figures, or text) must accurately reflect this execution.

7. Formatting and Output: Maintain the original paper’s LATEX structure and YOU NEED TO OUTPUT A REVISED
PDF as /workspace/paper/’PAPER’/revised_paper.pdf.

8. Environment & Dependency Management: For ANY pip install command, you MUST use the Tsinghua
mirror (or Aliyun) to avoid timeouts. Always append this flag: -i https://pypi.tuna.tsinghua.edu.cn/simple
When installing system dependencies, you MUST set the timeout parameter to at least 1200 seconds (20 minutes).
Never use short timeouts (e.g., 60s or 120s) for installations. Be patient and wait for the process to complete.

Summary: You are an autonomous academic assistant. Your job is not done until the paper compiles cleanly with NO
fatal errors and NO undefined citations (question marks). Proceed without stopping for user input.

Figure 7: System prompt (Part II)
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