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Abstract001

Large language models can generate fluent peer002
reviews, yet their assessments often lack suffi-003
cient critical rigor when substantive issues are004
subtle and distributed across a paper. In this005
paper, we introduce PaperAudit-Bench, which006
consists of two components: (1) PaperAudit-007
Dataset, an error dataset covering both errors008
identifiable within individual sections and those009
requiring cross-section reasoning, designed for010
controlled evaluation under long-context set-011
tings; and (2) PaperAudit-Review, an auto-012
mated review framework that integrates struc-013
tured error detection with evidence-aware re-014
view generation to support critical assessment.015
Experiments on PaperAudit-Bench reveal large016
variability in error detectability across models017
and detection depths, highlighting the difficulty018
of identifying such errors under long-context019
settings. Relative to representative automated020
reviewing baselines, incorporating explicit er-021
ror detection into the review workflow produces022
systematically stricter and more discriminative023
evaluations, demonstrating its suitability for024
peer review. Finally, we show that the dataset025
supports training lightweight LLM detectors026
via SFT and RL, enabling effective error detec-027
tion at reduced computational cost.028

1 Introduction029

With the increasing use of large language mod-030

els (LLMs) in scientific writing and research assis-031

tance, automated peer review has become a grow-032

ing topic in AI for Science. Recent advances in su-033

pervised fine-tuning (SFT) and reinforcement learn-034

ing (RL) have improved LLM reasoning and align-035

ment, enabling coherent and well-structured long-036

form analysis (Fu et al., 2025; Tu et al., 2025a,b),037

and prior work shows that such models can gener-038

ate fluent review texts whose surface form increas-039

Code is available at: https://anonymous.4open.
science/r/PaperAudit-43C2.

ingly resembles that of human reviewers (Zhou 040

et al., 2024; Zhu et al., 2025b). 041

Despite these observations, the scope and char- 042

acteristics of such limitations remain difficult to 043

assess, largely due to the absence of systematic 044

benchmarks for paper-level errors. Such errors 045

may appear locally within individual sections or 046

manifest as inconsistencies that only become evi- 047

dent when comparing distant parts of a paper, while 048

large-scale collections of real papers with author- 049

acknowledged mistakes remain scarce. In practice, 050

current AI reviewers often lack mechanisms for 051

systematically probing such issues, which may re- 052

sult in biased or overly permissive review outcomes 053

(Wu et al., 2024; Dycke and Gurevych, 2025; Li 054

et al., 2025a; Zhu et al., 2025a). 055

To address this gap, we introduce PaperAudit- 056

Bench, a comprehensive benchmark for auditing 057

scientific papers and systematically evaluating the 058

critical assessment behavior of automated peer 059

review systems. PaperAudit-Bench consists of 060

two tightly coupled components: I. PaperAudit- 061

Dataset, which constructs a paper-level error cor- 062

pus by injecting diverse, sparse, and realistically 063

distributed errors into high-quality conference pa- 064

pers through model-driven synthetic editing, cover- 065

ing major risk dimensions of scientific manuscripts; 066

II. PaperAudit-Review, a unified automated re- 067

viewing framework consisting of two workflows: 068

a structured error detection workflow operating 069

under three modes (fast single-pass, standard with 070

document-level global memory, and deeper multi- 071

step), and an evidence-aware review workflow for 072

analyzing the error sensitivity and criticality of AI 073

reviewers. 074

Extensive experiments demonstrate that (1) state- 075

of-the-art LLMs exhibit substantial variability in 076

detecting errors, with uneven sensitivity across er- 077

ror types and paper sections; (2) structured detec- 078

tion and document-level global memory are essen- 079

tial for exposing distributed errors and improving 080
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Benchmark / Dataset Source Data Scale Error Types Detect Mode Review Integrate Train Detectors

Aspect-Perturb (Li et al., 2025a) Synthetic 508 papers (79k edits) S - ✓ ✗

SPOT (Son et al., 2025) Real 83 papers (91 errs) M S ✗ ✗

FLAWS (Xi et al., 2025) Synthetic 713 papers (1 err / paper) S S ✗ ✗

PRISMM-Bench (Selch et al., 2025) Real 242 papers (262 errs) S S ✗ ✗

DeepReview (Zhu et al., 2025b) Real 13k papers - - ✓ ✗

PaperAudit-Bench (Ours) Synthetic 220 papers (>10 errs / paper) M M ✓ ✓

Table 1: Comparison of PaperAudit-Bench with existing benchmarks and review datasets. M denotes multi-type or
multi-stage support, S denotes single-type or single-stage support, and - denotes not applicable.

error coverage; (3) the proposed dataset enables081

SFT and RL training of lightweight detectors, yield-082

ing compact models with competitive detection083

performance and improved output discipline; and084

(4) integrating explicit error detection into the re-085

view process systematically shifts AI reviewers086

toward more critical and discriminative evaluations087

grounded in identifiable technical and argumenta-088

tive issues, particularly with respect to technical089

quality and argumentative rigor.090

Overall, our goal is not to replace human re-091

viewers, but to foster more critical and evidence-092

grounded automated peer review through con-093

trolled benchmarks and structured error detection.094

2 Related Works095

AI-assisted Scientific Research. Recent work096

explores AI-assisted scientific research across the097

research lifecycle, including idea generation, ex-098

perimentation, and paper writing (Ren et al., 2025;099

Chen et al., 2025b). While end-to-end research100

systems and scientific agents continue to evolve101

(Lu et al., 2024; Yamada et al., 2025; Weng et al.,102

2025b), autonomously conducting complex scien-103

tific reasoning and verification remains challenging104

(Chen et al., 2025a; Kon et al., 2025). In contrast,105

LLMs have shown strong ability in drafting aca-106

demic papers when provided with existing mate-107

rials, raising concerns about the reliability of AI108

research (Ren and Wang, 2025; Hou et al., 2025).109

AI-based Paper Review and Error Detection.110

Recent studies on automated peer review primarily111

focus on generating fluent and structured reviews112

using LLMs, often trained via SFT or RL (Zhu113

et al., 2025b; Zeng et al., 2025). However, existing114

evidence indicates that such reviewers frequently115

miss substantive errors in papers and are sensitive116

to perturbations in rebuttals, leading to unreliable117

judgments (Wu et al., 2024; Li et al., 2025c,a; Dy-118

cke and Gurevych, 2025). To address this issue,119

several benchmarks evaluate error detection using120

real but scarce error cases (Son et al., 2025) or syn-121

thetic settings with localized verification objectives 122

(Xi et al., 2025; Selch et al., 2025). As summarized 123

in Table 1, existing resources either lack controlled, 124

distributed errors or do not integrate error detection 125

into the reviewing process. PaperAudit-Bench com- 126

plements these efforts by enabling document-level 127

evaluation of multi-type errors, together with ex- 128

plicit detection workflows and error-aware review. 129

A more detailed discussion of related benchmarks 130

and review systems is provided in the Appendix A. 131

3 PaperAudit-Dataset: Benchmarking 132

Error Detection for Research Papers 133

In this section, we introduce PaperAudit-Dataset, 134

a dataset for evaluating error detection in AI re- 135

search paper. We describe its construction pipeline, 136

error injection process, and key characteristics. 137

3.1 Paper Collection and Preprocessing 138

PaperAudit-Dataset is constructed from research 139

papers accepted at the three top AI conferences: 140

ICLR, ICML, and NeurIPS in 2025. We focus 141

on oral papers, which are generally regarded as 142

high-quality and contain relatively few obvious er- 143

rors, ensuring that injected corruptions constitute 144

the primary source of errors in the dataset. Papers 145

are collected from OpenReview and filtered using 146

a lightweight length-based criterion to exclude ex- 147

tremely long documents, which may introduce in- 148

stability in long-context processing. After filtering, 149

the dataset comprises 107 ICLR, 67 ICML, and 46 150

NeurIPS papers in PDF format. 151

Each paper is converted into a structured, 152

section-aware JSON representation designed for 153

multimodal language models. The representation 154

consists of an ordered sequence of text and fig- 155

ure blocks, each annotated with a semantic section 156

label, providing a standardized input format for 157

downstream error injection, detection, and review. 158

Implementation-level details of PDF parsing, mul- 159

timodal extraction, section labeling, and rule-based 160

cleanup are provided in Appendix C.1. 161
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…
# Section 4: Method
The core idea of our approach is to 
introduce a new field representing 
average velocity…

𝑢𝑢 𝑧𝑧𝑡𝑡 , 𝑟𝑟, 𝑡𝑡 =
1

𝑡𝑡 − 𝑟𝑟�𝑟𝑟

𝑡𝑡
𝑣𝑣 𝑧𝑧𝜏𝜏, 𝜏𝜏 𝑑𝑑𝜏𝜏

The field of 𝑢𝑢 is illustrated in Fig. 3.

… 
# Section 6:  Conclusion
We have presented MeanFlow …

Top AI/ML Papers PDF Parsing Structured JSON

Evidence Manipulation (CE)

Method Logic Errors (ML)

Experiment Protocol Flaws (EP)

MeanFlow demonstrates strong empirical performance: it achieves an FID of 3.43 4.83 with 
a single function evaluation (1-NFE) on ImageNet 256×256, as shown in Table 2.

Reference Fabrication (RF)

Ethical Omission (EO) Rhetoric Bias (RB) Context Misalignment (CM)

Now we differentiate both sides with respect to t, treating r as independent of t. This leads to:
𝑑𝑑
𝑑𝑑𝑑𝑑 𝑡𝑡 − 𝑟𝑟 𝑢𝑢 𝑧𝑧𝑡𝑡, 𝑟𝑟𝑡𝑡 =

𝑑𝑑
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In both tables, “×2” indicates that CFG incurs an NFE of 2 per sampling step. All reported 
NFEs correspond to a single function evaluation per step, even when guidance is used.

It shows that meaningful results are achieved only when the JVP computation is correct. 
can still be obtained even when the JVP computation is intentionally perturbed.

Claim Distortion (CD)

Compared to the average velocity we are based on, [24, 3] are analogous to displacement. ; 
in fact, [3] formally proves their displacement operator is equivalent to our average-
velocity formulation, implying interchangeability.

We greatly thank Google TPU 
Research Cloud (TRC) for granting 
us access to TPUs. All experiments 
were conducted on single GPU 
systems comparable to those used 
by baseline methods.

We have presented MeanFlow, a 
principled and effective framework
the definitive revolution for one-
step generation that outperforms 
and replaces all existing models.

Introduction: MeanFlow achieves an FID of 
2.43 on ImageNet  trained from scratch. 
Experiments: … While our method is trained 
entirely from scratch on a pre-trained VAE 
latent space , without any pre-training,
distillation, or curriculum learning.

Multi-Type Corruptions

Inject 
Errors

Figure 1: Overview of PaperAudit-Dataset and examples of errors injected through model-driven synthetic editing.
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(c) Error Density per 10K Tokens

Figure 2: Statistics of PaperAudit-Dataset. (a) Distribution of research areas covered in PaperAudit-Dataset. (b)
Distribution of input token lengths per paper, estimated under the GPT-5 default configuration. (c) Distribution of
injected error density, measured as errors per 10K tokens, computed from GPT-5-generated corrupted papers.

3.2 Synthetic Error Injection162

To enable systematic evaluation of paper auditing163

capabilities, we adopt a model-driven synthetic164

editing strategy to inject realistic and controllable165

paper-level errors. For each source paper, multi-166

ple LLMs are used to generate different corrupted167

versions, with each model prompted to inject 10–168

20 errors distributed across multiple locations and169

sections, covering diverse error types to simulate170

realistic auditing challenges.171

Inspired by established guidelines on research172

integrity (National Academies of Sciences et al.,173

2017; Zhang and Abernethy, 2025), we identify174

and design eight categories of errors commonly175

observed in papers, spanning from unintentional176

mistakes to more subtle forms of misrepresentation177

and misconduct. Detailed descriptions of these er-178

ror categories are provided in Table 9, and failed or179

implausible synthesized errors are filtered via addi-180

tional quality control in Appendix C.2. Importantly,181

many errors require paper-level reasoning across182

distant sections of a paper, rather than inspection183

of isolated text segments, such as verifying claims184

in the abstract against evidence in the experiments.185

3.3 Dataset Characteristics 186

PaperAudit-Dataset is designed as a challeng- 187

ing and realistic benchmark for paper-level audit- 188

ing. Figure 1 summarizes the dataset construction 189

pipeline from paper collection and preprocessing 190

to error injection, with representative examples for 191

each error category. The dataset comprises 220 pa- 192

pers, with approximately 15 injected errors per 193

paper on average, of which over 10 valid errors 194

are retained after filtering and quality control. 195

Beyond the construction process, the dataset ex- 196

hibits several intrinsic properties that characterize 197

the difficulty of paper-level auditing. As shown 198

in Figure 2, the dataset covers a broad range of 199

AI research subfields. Moreover, paper-level er- 200

ror detection inherently constitutes a long-context 201

analysis problem, as individual papers span tens 202

of thousands of tokens and require reasoning over 203

information distributed across distant sections of 204

the document. At the same time, injected errors are 205

intentionally sparse, occurring only a few times 206

per 10K tokens on average, closely reflecting real- 207

world reviewing scenarios in which critical issues 208

are rare and easily overlooked. 209
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(b) Review workflow

Figure 3: Overview of the PaperAudit-Review Framework. The detection workflow supports three levels of
analytical depth, while the review workflow builds upon the detection results to synthesize critical assessments.

4 PaperAudit-Review: Error Detection210

and Critical Review Framework211

In this section, we introduce PaperAudit-Review,212

a unified framework that couples structured error213

detection with critical peer review. It comprises214

an error detection component with varying analyti-215

cal depth and a review component that integrates216

detected errors to support evidence-aware review.217

4.1 Detection Workflow218

We propose three error detection modes with in-219

creasing analytical depth (Figure 3a), ranging from220

single-pass analysis to section-wise and multi-221

agent detection, providing authors with error find-222

ings of varying granularity to highlight potential223

risks and guide revision.224

Fast Mode: Single-Pass Global Detection. The225

Fast mode performs a single-pass scan over the226

entire paper, treating the document as a whole with-227

out explicit section decomposition. It prioritizes228

prominent and high-level issues, particularly cross-229

section support mismatches, and is designed for230

efficient large-scale screening with minimal com-231

putational overhead.232

Standard Mode: Section-Aware Detection with233

Global Context. The Standard mode introduces234

explicit section awareness and a shared global235

memory. The paper is decomposed into semantic236

sections, each reviewed independently while being237

conditioned on a global memory of the full docu-238

ment. This design enables finer-grained detection239

within individual sections while supporting cross- 240

section reasoning through shared global memory, 241

making it effective for identifying inconsistencies 242

that are distributed across distant parts of the paper. 243

Deep Mode: Plan-Driven Multi-Agent Detec- 244

tion. The Deep mode further extends the Stan- 245

dard setting by incorporating explicit planning and 246

specialized analysis. It decomposes the review pro- 247

cess into targeted tasks spanning multiple sections, 248

optionally retrieves additional supporting evidence, 249

and assigns each task to domain-specific specialist 250

agents. This mode improves coverage and sys- 251

tematic exploration of diverse error modes, more 252

closely approximating human reviewing behavior, 253

at the cost of higher computational complexity. 254

Formal definitions, algorithmic details, and 255

prompt specifications for all three detection modes 256

are provided in Appendix C.3. 257

4.2 Training Lightweight Detectors 258

We train a lightweight detector via a two-stage 259

pipeline combining SFT and RL, both to replace the 260

large-scale LLM detector in Section 4.1, the main 261

computational bottleneck, and to examine whether 262

training on synthesized errors from PaperAudit- 263

Dataset improves error detection performance. 264

SFT with Structured Data. We first perform 265

SFT on structured data derived from PaperAudit- 266

Dataset. The training set is defined as Dtrain = 267

{(xsynth_section, y)}, where xsynth_section denotes a 268

corrupted paper section and y consists of struc- 269
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tured annotations specifying the error type, loca-270

tion, and explanation. This stage trains the model to271

map corrupted content to structured error descrip-272

tions, equipping it with foundational error reason-273

ing capability and reliable output format control.274

RL with Multi-Dimensional Rewards. To fur-275

ther improve detection accuracy and reduce redun-276

dant outputs, we apply RL using Group Relative277

Policy Optimization (GRPO) (Shao et al., 2024).278

We design a multi-dimensional reward function279

that jointly captures detection accuracy, output con-280

ciseness, and abnormal behavior penalties:281

r(x, a, y) = wp · Precision(a, y)

+ wc · Conciseness(a) +
K∑
k=1

Pk(a, y),
(1)282

where a denotes the model detection answer,283

Precision(a, y) and Conciseness(a) measure se-284

mantic alignment with expert annotations and pe-285

nalize verbose or redundant responses, respectively,286

both taking values in [0, 1] and evaluated using287

an external judge model, with wp and wc denot-288

ing the weighting coefficients; the penalty term289

Pk(a, y) further penalizes abnormal outputs, in-290

cluding empty responses (−0.8) and violations291

of the required JSON format (−0.5). After RL,292

reasoning accuracy and output discipline improve,293

yielding compact detectors for the workflow.294

4.3 Applying Error Detection to Peer Review295

Beyond providing actionable feedback to authors,296

error detection also enhances the peer review pro-297

cess by supporting more critical analysis. Figure 3b298

illustrates the overall review workflow, which inte-299

grates the proposed detection framework to enable300

critical and structured reviewing. The process be-301

gins with document understanding, where the input302

paper is parsed into a structured representation and303

summarized into a global memory. Based on this304

representation, a baseline review is first generated305

to provide an initial assessment. In parallel, two306

analytical processes are conducted: fine-grained307

error detection using the proposed detection work-308

flow, and novelty analysis that queries scholarly309

APIs to identify related work and assess similarity310

and originality. The resulting error and motiva-311

tion reports are then used to refine and adjust the312

baseline review, resulting in an integrated final re-313

view that combines critical findings, strengths and314

weaknesses, and an overall assessment.315
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Figure 4: Distribution of injected error types and their
locations in the NeurIPS subset of PaperAudit-Dataset.
The statistics are averaged over corrupted papers gener-
ated by eight synthesis models.

5 Evaluation 316

We evaluate PaperAudit along three progressively 317

connected research questions: 318

• RQ1: How detectable are paper-level errors, and 319

how does detectability vary across models, error 320

types, and document locations? 321

• RQ2: Does explicit error detection lead to more 322

critical AI-based peer reviews? 323

• RQ3: Can the proposed benchmark support train- 324

ing lightweight detectors? 325

5.1 RQ1: Error Detectability across Models 326

We first evaluate the intrinsic detectability of paper- 327

level errors to assess whether PaperAudit-Dataset 328

is non-trivial and discriminative. 329

Dataset and Error Distribution. For computa- 330

tional feasibility, we evaluate on the NeurIPS sub- 331

set of PaperAudit-Dataset, which contains 46 orig- 332

inal papers with synthetic corruptions generated by 333

eight synthesis models. Figure 4 summarizes error 334

types and locations. Errors span diverse categories 335

and concentrate in technical sections (Method, Ex- 336

periments), while also appearing in high-level sec- 337

tions such as the Abstract and Conclusion. We ad- 338

ditionally annotate cross-section consistency errors 339

(CS*), which require global context and cannot be 340

resolved by isolated section-level inspection. 341

Evaluation Metrics. We evaluate error detection 342

using three complementary paper-level metrics cap- 343

turing coverage, precision, and their trade-off. Er- 344

ror Coverage (EC) measures coverage of injected 345

ground-truth (GT) errors, while Finding Precision 346

(FP) measures how many reported findings corre- 347

spond to injected errors, defined as: 348

EC =
#Matched Errors

#GT Errors
, FP =

#Matched Findings
#All Findings

, 349

Here, matched errors and findings are identified 350
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Figure 5: Detection performance of different models under the Fast mode, evaluated using Macro-F1, Error
Coverage (EC), and Finding Precision (FP). Bars show the mean performance with standard deviation across data
synthesized by eight synthesis models. Models marked with * denote non-multimodal models where visual content
is removed from the input papers. We use Qwen3-235B-A22B instead of Qwen3-VL-235B-A22B, as the latter does
not reliably produce outputs in the required parsable format. Unless otherwise specified, all models are evaluated
without explicit reasoning mechanisms, except for o4-mini.

via LLM-as-a-judge with GPT-5.1, which adjudi-351

cates semantic equivalence between detected find-352

ings and GT errors. For each paper, we compute353

an F1 score as the harmonic mean of EC and FP,354

and report Macro-F1 by averaging across papers:355

Macro-F1 =
1

N

N∑
i=1

2 · ECi · FPi

ECi + FPi
.356

Unlike standard classification settings, un-357

matched findings are not necessarily false positives,358

as even high-quality papers may surface reasonable359

but non-injected issues whose validity is difficult to360

conclusively determine. Accordingly, some analy-361

ses place greater emphasis on Error Coverage (EC),362

which reflects the detector’s ability to identify in-363

jected errors. Potential over-coverage is primarily364

examined through qualitative case study analysis.365

Detection Models Exhibit Distinct Coverage-366

Precision Trade-offs. Figure 5 summarizes de-367

tection performance under the Fast mode. Overall,368

Gemini-2.5-Pro and GPT-5 achieve the strongest369

performance, attaining the highest Macro-F1 scores370

(41.4% and 40.6%, respectively). GPT-5 exhibits371

the highest Error Coverage (51.4%), which is partly372

attributable to its tendency to produce a larger num-373

ber of findings in a single-pass scan, while Gemini-374

2.5-Pro demonstrates a more balanced behavior375

with comparatively higher Finding Precision. In376

contrast, lightweight or conservative models such377

as Doubao-Seed-1.6 and Kimi-K2 generate sub-378

stantially fewer findings under long-context inputs,379

resulting in markedly lower error coverage. De-380

tailed per-model and per-synthesis statistics are381
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0.2

0.4

0.6

0.8

1.0
Detect Model

Synth Model

Figure 6: Error Coverage under the Standard mode
across synthesis and detection model combinations.
Rows correspond to detection models and columns to
synthesis models. Row-wise and column-wise aver-
ages summarize overall detection capability and error
detectability, respectively.

reported in Appendix B.1. 382

Error Detectability Varies across Synthesis Mod- 383

els and Reflects Detector-Specific Biases. Fig- 384

ure 6 reports error coverage under the Standard 385

mode across different synthesis and detection 386

model combinations, which allows detection mod- 387

els to analyze the full paper with section-level con- 388

text. Errors synthesized by GPT-5 are the most 389

detectable on average (0.62), while GPT-5 also 390

achieves the strongest detection performance as 391

a detector (0.62), whereas Grok-4 produces more 392

concealed errors (0.43) and exhibits lower detec- 393

tion performance (0.44). Additionally, detection 394

models often achieve higher precision on errors 395
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synthesized by the same model, which may be396

attributed to model-specific biases or overlap be-397

tween generation and detection behaviors.398

Error Detectability Depends on Error Seman-399

tics and Document Location. We analyze how400

error detectability varies across different corrup-401

tion types and paper sections on the ICML sub-402

set, covering multiple detection models, synthesis403

models, and detection depths. Overall, error cov-404

erage consistently improves with increased analyt-405

ical depth, while exhibiting systematic variation406

across error categories and locations. Errors involv-407

ing subtle over-claiming or rhetorical exaggeration408

(e.g., Claim Distortion and Rhetoric Bias) are gen-409

erally harder to detect, whereas errors grounded in410

explicit inconsistencies, logical flaws, or missing411

disclosures (e.g., Context Misalignment, Method412

Logic, and Ethical Omission) are more readily iden-413

tified. We further observe that removing global414

memory degrades detection performance, partic-415

ularly for cross-section consistency errors, high-416

lighting the importance of shared document-level417

context. Detection difficulty also varies by paper418

section, with errors in abstract being consistently419

the most challenging to uncover. Detailed quantita-420

tive and qualitative results and section-wise analy-421

ses are provided in Appendix B.2 and D.1.422

5.2 RQ2: Error-Aware AI Peer Review423

We next examine whether explicit error detection424

can be effectively integrated into peer review work-425

flows, beyond standalone detection accuracy. Fol-426

lowing the workflow in Section 4.3, we adopt a427

widely used AI reviewing pipeline as the baseline,428

and refine them using error reports and motivation429

reports to produce PaperAudit-Review, an error-430

aware critical reviewer. For comparison, we eval-431

uate DeepReview (Zhu et al., 2025b), a represen-432

tative multi-perspective reviewing framework that433

aggregates feedback from multiple reviewer roles.434

PaperAudit-Review Produces More Critical and435

Discriminative Peer Reviews. We first evaluate436

reviewer behavior in terms of numerical scores.437

All reviewers are evaluated on a 10-point scale438

for Novelty, Technical Quality, and Clarity, to-439

gether with an overall score in Table 2. Across440

all methods, synthetically corrupted papers con-441

sistently receive lower scores than their original442

counterparts, with the largest declines observed in443

https://github.com/NeuroDong/Ai-Review

Reviewer Synth Novelty Tech Clarity Overall

Baseline-Review

Gemini-
2.5-Pro

Origin 8.70 8.30 8.09 8.20
GPT-5 8.70 7.40 6.96 7.78
O4-Mini 8.52 7.43 6.96 7.48

GPT-5
Origin 7.61 6.63 7.19 7.27
GPT-5 7.30 5.75 6.17 6.63
O4-Mini 6.97 5.79 6.09 6.41

PaperAudit-Review

Gemini-
2.5-Pro

Origin 8.51 6.31 6.51 6.81
GPT-5 8.48 5.55 5.45 6.31
O4-Mini 8.43 5.73 5.69 6.07

GPT-5
Origin 7.61 6.15 6.55 6.93
GPT-5 7.29 5.45 5.89 6.45
O4-Mini 6.99 5.55 5.76 6.28

DeepReview (Zhu et al., 2025b)

Gemini-
2.5-Pro

Origin 7.90 7.68 7.75 7.53
GPT-5 7.71 6.63 7.21 6.82
O4-Mini 7.74 6.70 6.61 6.57

GPT-5
Origin 7.59 6.91 7.64 7.35
GPT-5 7.39 6.07 6.74 6.65
O4-Mini 7.12 6.07 6.55 6.54

Table 2: Average review scores on ICML branch of
PaperAudit-Dataset.

technical quality and clarity. Compared to baseline 444

reviews, PaperAudit-Review assigns systematically 445

stricter scores due to explicit error evidence, an 446

effect that also extends to original papers by surfac- 447

ing minor issues. Accordingly, while the critical 448

mode enforces rigorous scrutiny and reliably dif- 449

ferentiates corrupted papers, its scores should not 450

be interpreted as absolute judgments, consistent 451

with prior observations that AI reviewing systems 452

should prioritize the substance of review feedback 453

over final numerical scores (Jin et al., 2024). In- 454

stead, its primary value lies in producing more 455

demanding and informative review comments, as 456

further analyzed qualitatively in Appendix D.2. 457

In addition, we analyze which error categories 458

are most strongly associated with score reductions 459

for GPT-5. We find that contradictions in method 460

logic and distorted or overstated claims are the pri- 461

mary drivers of score drops, whereas presentation- 462

level or protocol-related issues often do not directly 463

affect numerical scores; detailed statistics and ex- 464

amples are provided in Appendix B.5. 465

PaperAudit-Review Exhibit Improved Align- 466

ment with Human Judgments. We evaluate 467

alignment between AI reviewers and human judg- 468

ments on 50 randomly sampled ICLR 2026 submis- 469

sions using both score-based and coverage-based 470

7
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Panel A: Score-based Alignment with Human Reviewers

Method R-MSE ↓ Spearman ↑ Kendall ↑ P-Acc ↑

Baseline 0.152 0.119 0.085 0.545
PaperAudit 0.148 0.142 0.109 0.557
DeepReview 0.160 0.075 0.057 0.529

Panel B: Coverage-based Alignment with Human Reviewers

Method Str-Cov ↑ Weak-Cov ↑ AI-Extra ↓ Sym-Cov ↑

Baseline 0.876 0.568 0.495 0.433
PaperAudit 0.886 0.591 0.468 0.444
DeepReview 0.844 0.482 0.488 0.412

Table 3: Alignment with human reviewers on 50
ICLR 2026 submissions using GPT-5 reviewers. Panel
A reports score-based alignment, while Panel B reports
coverage-based alignment of review text, evaluated us-
ing Gemini-2.5-Pro as an external judge.

criteria. Score-based alignment (Table 3, Panel A)471

measures consistency in relative rankings rather472

than absolute scores, with human scores averaged473

across reviewers, while coverage-based alignment474

(Panel B) assesses whether automated reviews at-475

tend to the same substantive strengths and weak-476

nesses as human reviewers by measuring recall,477

additional major points, and symmetric coverage478

similarity. Across both views, the refined Paper-479

Audit reviewer consistently outperforms its base-480

line and DeepReview, achieving lower rank error,481

higher correlation and agreement, and improved482

coverage of human-identified issues. Details of483

the alignment metrics and evaluation protocols are484

provided in Appendix B.3 and Appendix B.4.485

Nevertheless, absolute alignment remains lim-486

ited, indicating a persistent gap between LLM-487

based and human reviewers. Overall, error-aware488

refinement improves relative alignment, position-489

ing it as tools for supporting critical feedback rather490

than replacing human scoring.491

5.3 RQ3: Evaluating Lightweight Detectors492

Finally, we examine whether PaperAudit-Dataset493

supports training compact detectors, enabling de-494

ployment beyond frontier-scale models.495

Dataset and Settings. We train lightweight de-496

tectors on 5,161 synthetic instances from the ICLR497

and NeurIPS branches, covering eight synthesis498

models. Evaluation is conducted on the ICML499

branch, mainly synthesized by GPT-5 and O4-Mini,500

comprising 1,209 section-level corrupted samples501

with an average of 1.11 errors per sample. We502

perform post-training on Llama3.2-3B, Qwen3-8B,503

and Qwen3-14B using SFT with LoRA, followed504

Detection@1 Detection@all

Model EC FP F1 EC FP F1

Gemini-2.5-Pro 48.0 53.8 50.6 75.4 27.3 40.1
Claude-Sonnet-4.5 45.8 51.0 48.3 82.0 20.5 32.8
Qwen3-235B-A22B 43.5 48.6 45.9 79.1 20.6 32.6
DeepSeek-V3.1 29.0 32.3 30.6 67.1 18.6 29.1

Llama3.2-3B 6.4 7.1 6.7 34.2 5.6 10.1
+ SFT 27.3 30.4 28.7 36.8 41.0 38.8
+ SFT + RL 30.4 33.9 32.1 37.8 42.1 39.8

Qwen3-8B 13.9 20.5 16.6 40.5 38.5 39.5
+ SFT 38.4 42.8 40.5 43.1 47.6 45.2
+ SFT + RL 52.3 58.3 55.1 56.6 63.1 59.7

Qwen3-14B 16.9 20.5 18.5 43.7 40.5 42.0
+ SFT 42.4 47.2 44.7 48.5 52.7 50.5
+ SFT + RL 52.9 59.0 55.8 57.1 63.7 60.2

Table 4: Detection performance. Detection@1 restricts
the model to report only one error with the highest con-
fidence by prompting, while Detection@all allows the
model to report all errors without constraint.

by RL with wp = 0.6, wc = 0.4, and KL coeffi- 505

cient β = 0.3. Qwen3-80B is used as the judge for 506

reward computation and metric evaluation. 507

Performance. Table 4 reports the detection per- 508

formance. Across all three lightweight backbones, 509

both SFT and subsequent RL consistently im- 510

prove detection quality. Notably, Qwen3-8B af- 511

ter SFT+RL achieves performance comparable to, 512

and in some cases exceeding, that of much larger 513

general-purpose models, which exhibit high EC but 514

low FP under Detection@all, indicating a tendency 515

toward over-detection of weakly supported issues. 516

In contrast, our post-trained detectors achieve a 517

more balanced EC–FP trade-off, leading to higher 518

overall F1 scores and more focused error identifi- 519

cation. Figure 8 further shows that RL increases 520

reward while reducing response length, reflecting 521

more accurate and concise detection behavior. 522

6 Conclusion 523

We present PaperAudit-Bench as a unified bench- 524

mark for evaluating paper-level error detection and 525

its interaction with automated peer review. Our 526

experiments reveal persistent challenges in identi- 527

fying sparse, distributed errors and illustrate how 528

structured detection changes review behavior in 529

a more conservative and evidence-grounded man- 530

ner. We hope this work provides a useful reference 531

point for future studies on evaluating and designing 532

error-aware automated reviewing systems. 533
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Limitations534

We summarize key practical limitations related to535

the dataset construction, evaluation protocol, and536

deployment setting.537

• Synthetic errors. Errors in PaperAudit-Dataset538

are synthetically injected rather than originating539

from real authors. While enabling controlled540

evaluation, such errors cannot fully capture nat-541

urally occurring issues, and unannotated flaws542

in original papers make precision-based evalua-543

tion inherently imperfect. Moreover, collecting544

comprehensive and reliable annotations of author-545

acknowledged real errors remains challenging546

and resource-intensive.547

• Potential over-criticality. Deeper detection set-548

tings, such as the Deep mode, may identify fine-549

grained or borderline issues that reflect stricter550

scrutiny rather than clear errors, potentially lead-551

ing to over-critical assessments without careful552

calibration. An illustrative example is provided553

in Table 13 in Appendix D.1.554

• Prompt and configuration sensitivity. The be-555

havior of error detection and review refinement556

depends on prompt design and overall system557

configuration. While we follow a fixed and trans-558

parent setup throughout all experiments, alterna-559

tive design choices or calibration strategies may560

lead to different trade-offs between coverage and561

strictness.562

Ethical Considerations563

This work uses LLMs to synthetically modify564

research papers and generate automated reviews565

solely for benchmark construction and evaluation.566

We DO NOT encourage paper manipulation or aca-567

demic misconduct, NOR DO we advocate replac-568

ing human reviewers in real peer-review processes.569

The benchmark is intended only to assess and char-570

acterize the capabilities and limitations of current571

LLMs in error detection and review. LLM-based572

agents should be used, at most, for pre-submission573

self-auditing and review self-improvement, with all574

final judgments reserved for human experts.575
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A Related Works Details780

AI-assisted Scientific Research Recent ad-781

vances have enabled AI-assisted scientific research782

across the research lifecycle, including idea for-783

mulation, experimentation, and paper writing (Ren784

et al., 2025; Chen et al., 2025b; Schmidgall et al.,785

2025). This line of work includes end-to-end re-786

search automation systems such as The AI Scien-787

tist (Lu et al., 2024) and its extensions (Yamada788

et al., 2025), as well as specialized scientific agents789

for problem solving and researcher training (Weng790

et al., 2025b; Shao et al., 2025). Scientific idea gen-791

eration has also been explored through chaining792

strategies (Li et al., 2025b), self-reflection-guided793

beam search (Hu et al., 2025), and Monte Carlo794

tree search (Garikaparthi et al., 2025), alongside795

benchmarks for evaluating idea diversity and qual-796

ity (Ruan et al., 2024; Qiu et al., 2025). Despite797

this progress, autonomously conducting complex798

scientific experiments remains challenging for cur-799

rent systems (Chen et al., 2025a; Kon et al., 2025;800

Zhang et al., 2025b), whereas LLMs have demon-801

strated strong capability in drafting academic pa-802

pers when provided with existing materials and803

results (Ren and Wang, 2025; Hou et al., 2025).804

Complementary to AI research systems, we focus805

on paper review, emphasizing critical assessment806

and error-aware feedback for refinement807

AI-based Paper Review Recent work on au-808

tomated peer review has been framed within809

broader efforts to advance automated research810

workflows (Weng et al., 2025a), training LLMs via811

SFT and RL for human-like deep reasoning (Zhu812

et al., 2025b; Taechoyotin and Acuna, 2025) and813

for generating comprehensive, factually grounded814

reviews (Zeng et al., 2025). However, accumulat-815

ing evidence shows that current AI reviewers have816

limited critical understanding, often missing sub-817

stantive weaknesses in scientific papers (Wu et al.,818

2024; Zhou et al., 2024; Li et al., 2025c). They are819

also susceptible to perturbations in papers or rebut-820

tals (Li et al., 2025a) and frequently fail to detect821

flawed reasoning, leading to biased or unreliable822

review judgments (Dycke and Gurevych, 2025).823

To address these limitations, some studies evaluate824

LLMs on papers with author-acknowledged errors825

from Withdrawn arXiv and PubPeer (Son et al.,826

2025; Zhang and Abernethy, 2025), while paral-827

lel efforts improve review reliability via AI feed-828

back (Thakkar et al., 2025) or synthetic-data-based829

detection of deficient peer reviews (Zhang et al.,830

2025a). In contrast, we introduce a comprehensive 831

dataset with accompanying error detection work- 832

flows that span multiple error types, supporting 833

more critical peer review under perturbations. 834

Comparing to Existing Benchmarks Existing 835

benchmarks for paper review and error analysis 836

differ substantially along data provenance, error 837

granularity, task formulation, and workflow de- 838

sign, as summarized in Table 1. SPOT (Son et al., 839

2025) and PRISMM-Bench (Selch et al., 2025) are 840

constructed from real review ecosystems, draw- 841

ing author-confirmed errors from Withdrawn arXiv 842

and PubPeer or reviewer-flagged multimodal in- 843

consistencies from OpenReview. While both oper- 844

ate at the document level, their scale is limited 845

and supervision is narrow: SPOT evaluates er- 846

ror existence verification, and PRISMM formu- 847

lates cross-modal inconsistencies as structured QA 848

tasks, without modeling distributed or heteroge- 849

neous errors across a paper. FLAWS (Xi et al., 850

2025) adopts a synthetic setting by injecting a sin- 851

gle claim-invalidating flaw into each paper, produc- 852

ing paper–error pairs with explicit span-level lo- 853

calization supervision. In contrast, Aspect-Guided 854

Multi-Level Perturbation Analysis (Li et al., 2025a) 855

is not an error annotation benchmark but a robust- 856

ness analysis framework, applying controlled per- 857

turbations to papers, reviews, and rebuttals to study 858

reviewer sensitivity, without providing error labels 859

or detection targets. Overall, prior resources either 860

rely on scarce real error cases, focus on single-error 861

or localized verification, or analyze review robust- 862

ness without explicit error supervision. PaperAudit- 863

Bench complements these efforts by introducing 864

controlled, document-level errors spanning multi- 865

ple categories and distributed across full papers, 866

together with multi-stage detection and explicit in- 867

tegration into automated review workflows. 868

B Additional Evaluation Details 869

B.1 Fast-Mode Detection Performance 870

Breakdown 871

Table 5 provides a comprehensive breakdown of 872

detection performance under the Fast mode across 873

detection models and synthesis models. Each en- 874

try reports Macro-F1, Error Coverage (EC), and 875

Finding Precision (FP), highlighting distinct de- 876

tection behaviors across models. Stronger models 877

such as GPT-5 and Gemini-2.5-Pro achieve higher 878

overall effectiveness, while lighter or more conser- 879

vative models tend to trade coverage for precision 880

12
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Figure 7: Error coverage across paper sections under
different detection settings.

by producing fewer findings. This detailed analysis881

complements the aggregate trends discussed in the882

main text.883

B.2 Additional Detectability Analysis884

Detectability by Error Type Table 6 reports er-885

ror coverage across different corruption types un-886

der various detection settings. Across all model887

combinations, increasing analytical depth consis-888

tently improves coverage for most error categories.889

However, detectability varies substantially by er-890

ror type. Errors involving exaggerated claims or891

rhetorical manipulation, such as Claim Distortion892

(CD) and Rhetoric Bias (RB), exhibit systemati-893

cally lower coverage, reflecting the difficulty of894

identifying subtle over-claiming without explicit895

contradictions. In contrast, Context Misalignment896

(CM), Method Logic (ML), and Ethical Omission897

(EO) achieve higher coverage, as these errors often898

involve concrete inconsistencies, invalid reasoning899

steps, or missing disclosures. Notably, removing900

global memory leads to a consistent drop in cov-901

erage, particularly for cross-section consistency902

errors (CS*), underscoring the role of document-903

level context in reliable error detection.904

Detectability by Paper Section Figure 7 illus-905

trates error coverage across different paper sections906

under varying detection settings. Errors located907

in the Abstract are consistently the hardest to de-908

tect across models and depths. This observation909

aligns with human reviewing practice: abstracts are910

typically read early and shape initial impressions,911

making subtle abstract-level issues more likely to912

be overlooked before detailed inspection of the full913

paper.914

B.3 Metric for Human-Agent Alignment 915

This appendix provides detailed definitions of the 916

ranking-based metrics used to evaluate alignment 917

between automated reviewers and human judg- 918

ments, complementing the summarized results re- 919

ported in Section 5.2. 920

Human and Model Ranking Keys. For each pa- 921

per, human judgment is represented by a ranking 922

key kh = (µ,−σ2), where µ is the mean over- 923

all score across all human reviewers and σ2 is the 924

sample variance. When mean scores are tied, pa- 925

pers with lower inter-reviewer variance are ranked 926

higher, reflecting greater reviewer consensus. 927

For automated reviewers, we construct 928

a lexicographic ranking key: km = 929

(overall, novelty, technical_quality, clarity), 930

where higher values indicate better assessments. 931

When overall scores are tied, auxiliary dimensions 932

are used sequentially to break ties. Missing 933

sub-scores are treated as −∞, ensuring they do not 934

win tie-breaks. 935

Percentile Rank Normalization. Given a set of 936

N papers with ranking keys {ki}Ni=1, we first sort 937

them in ascending order and assign average ranks 938

to tied items. Each paper is then mapped to a per- 939

centile rank ri =
rank(ki)
N−1 ∈ [0, 1], where higher 940

values correspond to better-ranked papers. This nor- 941

malization ensures comparability across datasets 942

and avoids assumptions about score scales. 943

Rank-MSE. Rank Mean Squared Error (Rank- 944

MSE) measures the squared deviation between hu- 945

man and model percentile ranks: 946

Rank-MSE =
1

N

N∑
i=1

(r
(m)
i − r

(h)
i )2, 947

where r
(m)
i and r

(h)
i denote the model and human 948

percentile ranks, respectively. Lower values indi- 949

cate closer alignment between rankings. 950

Spearman’s ρ. Spearman’s rank correlation co- 951

efficient ρ is computed as the Pearson correlation 952

between human and model percentile ranks: 953

ρ = corr
(
r(m), r(h)

)
. 954

This metric captures global monotonic consistency 955

between rankings and is insensitive to absolute 956

score differences. 957
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Detect \ Synth GPT-5 O4-Mini Gemini-2.5 Claude-4.5

Gemini-2.5-Pro 60.5 / 57.9 / 64.1 44.6 / 51.3 / 40.2 39.7 / 38.5 / 42.3 35.4 / 35.5 / 36.5
GPT-5 62.5 / 72.4 / 56.0 42.1 / 60.8 / 33.6 37.4 / 44.7 / 33.5 38.7 / 46.5 / 34.5
Grok-4 48.1 / 39.4 / 66.3 45.2 / 43.4 / 50.1 31.6 / 25.8 / 43.3 35.1 / 29.4 / 43.6
Claude-4.5 43.1 / 39.4 / 49.0 36.1 / 39.2 / 34.6 29.9 / 28.5 / 33.1 47.3 / 46.3 / 50.2
Qwen3* 45.7 / 43.3 / 49.6 40.5 / 46.2 / 36.9 27.6 / 26.5 / 29.9 36.2 / 36.8 / 38.4
O4-Mini 45.3 / 45.0 / 48.9 39.2 / 46.9 / 35.5 27.8 / 27.8 / 29.8 30.7 / 33.7 / 32.2
GLM-4.6 35.5 / 31.5 / 42.4 38.7 / 39.9 / 39.8 26.1 / 23.1 / 32.1 38.1 / 37.3 / 42.6
Doubao-1.6 37.9 / 26.5 / 70.2 35.4 / 26.3 / 59.3 23.5 / 16.7 / 49.3 27.5 / 20.4 / 47.1
DeepSeek-V3.1* 43.6 / 37.2 / 53.6 23.2 / 22.4 / 26.8 15.9 / 12.8 / 24.3 26.2 / 22.2 / 36.1
Kimi-K2* 21.6 / 16.0 / 36.6 14.4 / 12.1 / 19.8 18.2 / 14.0 / 28.0 27.4 / 22.5 / 39.2

Detect \ Synth Grok-4 Qwen3-VL Doubao-1.6 GLM-4.6

Gemini-2.5-Pro 34.9 / 34.2 / 36.9 38.4 / 35.7 / 43.7 47.6 / 58.1 / 41.1 30.3 / 30.8 / 30.9
GPT-5 33.8 / 41.0 / 30.4 38.1 / 43.7 / 35.7 42.9 / 65.4 / 33.0 29.1 / 37.1 / 25.0
Grok-4 28.6 / 24.3 / 37.9 31.0 / 23.5 / 50.4 47.0 / 46.4 / 50.3 23.2 / 19.6 / 33.3
Claude-4.5 33.9 / 31.4 / 39.3 29.6 / 26.6 / 35.4 33.2 / 37.2 / 31.3 27.2 / 27.6 / 28.8
Qwen3* 29.4 / 29.2 / 31.8 31.2 / 29.3 / 34.4 35.7 / 43.7 / 31.1 25.1 / 26.1 / 25.2
O4-Mini 27.7 / 28.6 / 29.7 27.4 / 25.9 / 30.6 37.8 / 48.5 / 32.8 23.2 / 24.7 / 23.4
GLM-4.6 29.6 / 28.8 / 31.5 27.0 / 24.0 / 33.1 33.6 / 36.8 / 31.9 25.3 / 23.8 / 28.0
Doubao-1.6 21.7 / 15.1 / 43.0 19.4 / 13.1 / 42.3 42.0 / 32.8 / 62.6 13.3 / 9.5 / 24.6
DeepSeek-V3.1* 19.2 / 15.2 / 30.9 21.7 / 17.1 / 33.4 20.2 / 20.3 / 21.0 19.0 / 16.8 / 24.1
Kimi-K2* 20.9 / 15.8 / 33.1 15.4 / 11.1 / 27.4 16.4 / 14.6 / 19.9 15.9 / 12.9 / 23.0

Table 5: Fast-mode detection performance by detection and synthesis models. Each entry reports Macro-F1 / Error
Coverage (EC) / Finding Precision (FP) (%). Models marked with * denote non-multimodal settings.

Kendall’s τ -b. Kendall’s τ -b evaluates pairwise958

ordering agreement while explicitly accounting for959

ties. Let C and D denote the numbers of concor-960

dant and discordant paper pairs, and let Th and Tm961

denote pairs tied only in human or model rankings,962

respectively. The τ -b coefficient is defined as963

τb =
C −D√

(C +D + Th)(C +D + Tm)
.964

Values range from −1 (complete disagreement) to965

1 (perfect agreement), with 0 indicating no rank966

correlation.967

Pairwise Accuracy. Pairwise Accuracy mea-968

sures the proportion of concordant pairs among969

all comparable (non-tied) paper pairs:970

Pairwise Accuracy =
C

C +D
.971

This metric has an intuitive interpretation as the972

probability that the automated reviewer orders a973

randomly chosen pair of papers in the same direc-974

tion as human reviewers.975

Interpretation. Together, these metrics provide976

complementary perspectives on alignment. Rank-977

MSE emphasizes absolute deviations in normalized978

rank positions, Spearman’s ρ captures global mono- 979

tonic trends, Kendall’s τ -b focuses on pairwise con- 980

sistency under ties, and Pairwise Accuracy offers 981

an interpretable agreement rate. All metrics operate 982

purely on relative rankings, avoiding reliance on 983

absolute score calibration, which is known to vary 984

substantially across both human and automated re- 985

viewers. 986

B.4 Coverage-based Alignment Protocol 987

For coverage-based alignment, we collect real hu- 988

man reviews from ICLR 2026 submissions and 989

first consolidate multiple reviewer comments into 990

a single unified human review summary. This con- 991

solidated summary serves as the reference repre- 992

sentation of human judgment. The AI-generated 993

review is then compared against this human sum- 994

mary using the coverage-based alignment prompt 995

shown in Table 29. 996

To ensure a fair comparison, when an automated 997

reviewer (e.g., DeepReview) produces multiple 998

reviewer-style outputs, we apply the same consoli- 999

dation procedure to merge them into a single uni- 1000

fied AI review before evaluation. This normaliza- 1001

tion step ensures that coverage alignment reflects 1002

differences in content coverage rather than artifacts 1003
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Detect Synth Mode Overall CD CM EO EM EP ML RF RB CS*

Claude-
Sonnet-4.5 O4-Mini

Fast 35.1 30.2 56.1 37.1 28.6 25.3 34.0 32.4 46.2 53.6
Standard 48.4 44.8 62.1 50.0 40.3 37.3 46.2 58.1 52.6 56.5
+ w/o memory 45.8 40.6 47.0 54.8 40.3 46.7 45.3 50.5 46.2 46.4
Deep 57.3 44.8 72.7 59.7 48.7 46.7 61.3 67.6 61.5 65.2

Gemini-
2.5-Pro GPT-5

Fast 53.8 48.9 51.6 56.2 54.4 54.5 58.3 57.4 42.0 50.0
Standard 60.7 51.1 60.4 67.2 60.8 54.5 66.5 69.3 55.1 58.3
+ w/o memory 55.4 42.3 51.6 67.2 52.6 50.3 62.4 70.3 49.3 51.4
Deep 70.3 62.0 67.0 78.1 69.0 70.6 74.3 80.2 59.4 64.7

GPT-5 GPT-5

Fast 67.7 59.1 64.8 60.9 69.0 76.2 78.0 65.3 44.9 64.0
Standard 69.6 54.0 65.9 82.8 63.2 65.7 82.6 84.2 55.1 66.5
+ w/o memory 65.3 50.4 62.6 78.1 62.0 60.1 73.9 82.2 53.6 61.2
Deep 80.6 62.0 75.8 89.1 78.4 86.0 89.4 93.1 63.8 73.7

Table 6: Error Coverage (%) across different error types under various detection settings.

of reviewer multiplicity.1004

Coverage-based Alignment Metrics. Let SH1005

and WH denote the sets of strength points and1006

weakness points extracted from the human review,1007

and SA and WA denote the corresponding sets ex-1008

tracted from the AI review. Each point is treated as1009

an atomic, de-duplicated semantic unit.1010

Strength Coverage Recall (Human → AI).
This metric measures the extent to which the AI
review covers the strengths identified by human
reviewers:

Str-Cov =
|SH ∩ SA|

|SH |
.

It reflects how well the AI reviewer captures the1011

core contributions and positive aspects emphasized1012

by humans.1013

Weakness Coverage Recall (Human → AI).
This metric measures the extent to which the AI
review covers the weaknesses or concerns raised
by human reviewers:

Weak-Cov =
|WH ∩WA|

|WH |
.

It captures the AI reviewer’s ability to attend to the1014

same limitations, methodological issues, or missing1015

analyses highlighted by humans.1016

AI Extra Major Points Rate. This metric quan-
tifies the proportion of major points introduced by
the AI review that are not mentioned in the human
review. Let MA = SA ∪ WA denote the set of
major points emphasized by the AI reviewer. The
metric is defined as:

AI-Extra =
|MA \ (SH ∪WH)|

|MA|
.

Additional points are not necessarily incorrect; 1017

rather, this metric reflects divergence in coverage 1018

scope. Lower values indicate closer alignment with 1019

human-prioritized issues. 1020

Symmetric Coverage Similarity. This metric
provides a holistic, symmetric measure of content-
level agreement between human and AI reviews.
Let U = SH ∪WH ∪SA∪WA denote the union of
all points, and I = (SH ∩ SA) ∪ (WH ∩WA) de-
note the matched points. The symmetric coverage
similarity is computed as:

Sym-Cov =
|I|
|U|

.

This metric summarizes overall overlap while pe- 1021

nalizing both missed human points and excessive 1022

divergence introduced by the AI review. 1023

B.5 Error Categories Associated with Review 1024

Score Drops 1025

To identify which detected issues most strongly 1026

contribute to numerical score reductions, we con- 1027

duct a regression-style analysis that relates changes 1028

in review scores to newly surfaced or intensified cri- 1029

tiques categorized by PaperAudit error types. For 1030

each paper, we compare baseline and final reviews 1031

produced by GPT-5 and examine how the presence 1032

of different error categories correlates with sub- 1033

sequent score decreases. Table 7 summarizes the 1034

results under two complementary settings: GPT-5 1035

reviews on ICML 2025 papers with synthetically 1036

injected errors (top), and real GPT-5 reviews of 1037

ICLR 2026 submissions (bottom). For each error 1038

category, we report the number of score drops, the 1039

empirical drop rate, and a relative lift, defined as 1040

the ratio between the probability of observing that 1041
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Error Type #Drop Drop Rate Lift #Total

Method Logic Errors 9 0.26 1.52 35
Context Misalignment 8 0.22 1.25 36
Claim Distortion 5 0.19 1.00 27
Rhetoric Bias 2 0.10 0.46 21
Experiment Protocol Flaws 1 0.08 0.40 12
Evidence Manipulation 1 0.12 0.63 8

(a) ICML 2025 (synthetic errors with GPT-5).

Error Type #Drop Drop Rate Lift #Total

Claim Distortion 5 0.33 1.88 15
Method Logic Errors 11 0.31 1.65 36
Context Misalignment 4 0.15 0.68 26
Rhetoric Bias 3 0.16 0.71 19
Experiment Protocol Flaws 2 0.14 0.63 14
Evidence Manipulation 0 0.00 0.00 9

(b) ICLR 2026 (real submissions with GPT-5 reviewers).

Table 7: Error categories most strongly associated
with review score drops. Top: analysis on GPT-
5–synthesized errors for ICML 2025 papers. Bottom: re-
gression analysis on real GPT-5 reviews for ICLR 2026
submissions. Lift > 1 indicates a higher likelihood of
score reduction relative to non-drop cases.

error in score-decreasing reviews and its probabil-1042

ity in non-decreasing reviews. A lift value greater1043

than one therefore indicates that the error type is1044

more strongly associated with score reductions.1045

Across both settings, error categories that di-1046

rectly affect technical soundness, most notably1047

method logic errors and claim or result distortion,1048

consistently exhibit higher drop rates and lift val-1049

ues, indicating a stronger influence on scoring de-1050

cisions. In contrast, issues related to rhetorical1051

presentation, experimental protocol details, or ev-1052

idence handling occur frequently but show sub-1053

stantially weaker associations with numerical score1054

decreases. Overall, this analysis suggests that re-1055

view score reductions are driven not by the sheer1056

number of detected issues, but by whether those1057

issues undermine methodological consistency or1058

the credibility of reported claims, reinforcing our1059

main conclusion that PaperAudit-Review enables1060

more discriminative and substantively grounded1061

reviewing behavior.1062

C Detailed Pipeline of PaperAudit-Bench1063

C.1 Origin Data Preprocessing1064

We provide implementation-level details of the pre-1065

processing pipeline used to transform raw confer-1066

ence paper PDFs into the structured, section-aware1067

JSON representations described in Section 3.1. We1068

focus on the concrete engineering steps for parsing,1069

cleaning, and organizing original papers prior to 1070

synthetic error injection and auditing. 1071

Paper Acquisition and Length Filtering. 1072

Source papers are collected from OpenReview 1073

through official conference APIs. For each 1074

accepted paper, we create an isolated directory con- 1075

taining the PDF file and associated metadata. This 1076

directory-level isolation is preserved throughout 1077

the pipeline to support independent parsing, failure 1078

recovery, and reliable alignment between original 1079

and corrupted versions. Before parsing, we apply 1080

a lightweight page-count filter to exclude overly 1081

long PDFs, which empirically lead to unstable 1082

OCR or layout extraction due to large appendices 1083

or image-heavy content. Rather than truncating 1084

documents, such cases are discarded to ensure 1085

consistent and reliable downstream processing. 1086

Multimodal Parsing and Content Extraction. 1087

Following (Son et al., 2025), each retained PDF 1088

is converted into a structured multimodal represen- 1089

tation using LlamaParse. Text is extracted at the 1090

page level and refined through a second-stage OCR 1091

correction step, where a language model repairs 1092

common layout artifacts (e.g., broken formulas, 1093

hyphenation, and line wrapping) while preserving 1094

mathematical expressions and LaTeX-style nota- 1095

tion. In parallel, visual elements such as figures and 1096

tables are extracted. Redundant sub-images and 1097

page-level screenshots are removed via bounding- 1098

box containment checks and template-based match- 1099

ing, and remaining candidates are filtered using 1100

a lightweight classifier to distinguish manuscript 1101

figures from non-content artifacts. Validated visual 1102

blocks are then interleaved with text blocks to form 1103

a unified content sequence. 1104

Section Labeling and Structural Refinement. 1105

To support section-aware reasoning, parsed text 1106

blocks are normalized and segmented with respect 1107

to semantic section boundaries, avoiding arbitrary 1108

fragmentation within the same section. Each con- 1109

tent block (text or figure) is assigned a global in- 1110

dex and a section label from a fixed predefined 1111

set. Section labels are represented as contiguous 1112

index ranges to guarantee full document coverage. 1113

Figures and tables are labeled independently based 1114

on captions and semantic cues, allowing their as- 1115

signed section to differ from surrounding text when 1116

appropriate. 1117

https://cloud.llamaindex.ai/
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Rule-based Cleanup and Final Representation.1118

We apply additional rule-based post-processing to1119

remove systematic noise irrelevant to paper audit-1120

ing. Repeated page headers and footers are de-1121

tected via frequency analysis across blocks and1122

removed while preserving their first occurrence.1123

Conference checklist sections are also discarded, as1124

they are orthogonal to scientific claims and method-1125

ological reasoning. After cleanup, block indices1126

are re-normalized and section spans are rebuilt to1127

maintain internal consistency.1128

The final output is a section-aware JSON rep-1129

resentation in which each paper is stored as an1130

ordered sequence of indexed multimodal content1131

blocks, serving as the standardized input for error1132

injection, detection, and review experiments. Ta-1133

ble 8 provides an illustrative snippet of the resulting1134

representation.1135

C.2 Synthetic Error Injection1136

This subsection summarizes how we inject syn-1137

thetic errors on top of the processed, section-aware1138

JSON representation. Concretely, we query a LLM1139

to generate a set of edit patches under strict JSON1140

constraints (Table 16), and then deterministically1141

apply these patches to the processed paper content.1142

Each injected corruption is assigned to one of the1143

eight error categories in Table 9.1144

Edit-based Corruption as JSON Patches. We1145

model corruption as a set of edit patches applied1146

to the processed paper content. Given the pa-1147

per represented as an ordered list of multimodal1148

blocks, the LLM is prompted to propose 10–201149

localized edits, where each edit specifies (i) a1150

verbatim text span to locate (target_find) and1151

(ii) its replacement (replacement), together with1152

lightweight metadata such as the error category1153

({Error_Type}), the target section, and a short1154

reviewer-style explanation (Table 16). For each1155

modification, we maintain a complete and traceable1156

record, including the original text span, the edited1157

version, the associated category, and a natural-1158

language explanation. To ensure that edits are pre-1159

cisely grounded and reproducible, target_find is1160

required to be copied character-for-character from1161

the original text blocks; we then apply the corrup-1162

tion by performing a single-span replacement at the1163

first matched occurrence. We generate patches with1164

broad section coverage (at least four sections) so1165

that injected errors are not concentrated in a single1166

region, better reflecting diverse failure modes that1167

may appear in real reviewing. 1168

Section-aware Prompting over Block Streams. 1169

The injector prompts the LLM with the paper repre- 1170

sented as an ordered stream of multimodal blocks, 1171

each annotated with an index and section label as 1172

anchors (Table 8). Text blocks are provided ver- 1173

batim (with truncation when needed), while fig- 1174

ures and tables are included as image_url items 1175

(base64 data: URLs) to support visually grounded 1176

corruptions. This formulation avoids collapsing the 1177

entire PDF into a single long context while pre- 1178

serving global order and section locality, enabling 1179

controlled within- and cross-section corruptions. 1180

Each injected patch is finally labeled with an er- 1181

ror category ({Error_Type}) from the taxonomy in 1182

Table 9, spanning evidence manipulation, method 1183

logic, protocol flaws, claim distortion, context mis- 1184

alignment, reference fabrication, ethical omission, 1185

and rhetoric bias. 1186

C.3 Error Detection Pipeline 1187

This subsection provides implementation-level and 1188

formal details of the error detection workflow sum- 1189

marized in Section 4.1. Given a synthesized pa- 1190

per represented as a section-aware block stream 1191

(Section C.2), the detector outputs a unified list of 1192

reviewer-style findings under a strict JSON schema. 1193

The pipeline consists of three complementary 1194

detection modules corresponding to the Fast, Stan- 1195

dard, and Deep modes described in the main paper: 1196

(i) global cross-section review, (ii) section-level 1197

review with optional global memory, and (iii) 1198

task-based multi-agent review. Each module is 1199

designed to expose different classes of issues, rang- 1200

ing from local within-section inconsistencies to 1201

cross-section contradictions (often required for er- 1202

ror types such as {Error_Type} in Table 9). 1203

Fast Mode: Global Cross-section Review. In 1204

the Fast mode, a document-level detection agent 1205

directly operates on the full paper representation P 1206

in a single pass, without explicit section decompo- 1207

sition or multi-step reasoning. The detection result 1208

is given by 1209

Ffast = fdet(P ), (2) 1210

where fdet(·) denotes a full-document reviewer that 1211

scans the ordered block stream and outputs a set of 1212

findings. The reviewer is explicitly instructed to pri- 1213

oritize cross-section support mismatches, such as 1214

abstract-level claims not supported by experimen- 1215

tal evidence or numerical inconsistencies across 1216

17



Example: processed paper JSON representation.

"content": [
{

"type": "text",
"text": "Mean Flows for One-step Generative Modeling\n

Zhengyang Geng ... Kaiming He ...",
"index": 1,
"section": "Abstract"

},
{

"type": "text",
"text": "Abstract\nWe propose a principled and effective framework for

one-step generative modeling ... (truncated)",
"index": 2,
"section": "Abstract"

},
{

"type": "image_url",
"image_url": "data:image/jpeg;base64,/9j/4AAQSkZJRgABAQAAAQABAAD...

... (truncated)",
"index": 3,
"section": "Experiments"

},
{

"type": "text",
"text": "1 Introduction\nThe goal of generative modeling is to transform

a prior distribution into the data distribution ... (truncated)",
"index": 4,
"section": "Introduction"

},
...

]

Table 8: Illustrative snippet of a processed paper representation. The content list interleaves section-aware text
blocks with image blocks (encoded as base64 data: URLs), and assigns a global index to each block for precise
downstream localization.

text and tables, while remaining concise and non-1217

redundant. The detailed prompt and strict JSON1218

output schema are provided in Table 17.1219

Standard Mode: Section-level Review with1220

Global Memory. The Standard mode performs1221

section-aware detection augmented with an explicit1222

global memory. Given an input paper P , a global1223

memory representation1224

m = fmem(P ) (3)1225

is first constructed from the full document, encod-1226

ing high-level information such as the problem for-1227

mulation, main contributions, experimental setup,1228

and key claims. The paper is then segmented into a1229

set of section slices {si}Ni=1, and each section si is1230

independently reviewed by a section-level detector1231

conditioned on both the local section content and1232

the shared global memory. The resulting findings1233

are consolidated by a merging operator:1234

Fstandard = fmerge

({
fdet(si,m)

}N

i=1

)
. (4)1235

This design enables fine-grained within-section 1236

analysis while supporting cross-section reasoning 1237

through shared global context. The corresponding 1238

prompt template and unified finding schema are 1239

shown in Table 18. 1240

Deep Mode: Task-based Multi-agent Review 1241

(Planner → Retriever → Specialist). The Deep 1242

mode extends the Standard setting by introducing 1243

explicit planning and specialized analysis. For each 1244

section si, a Planner agent generates a targeted 1245

review plan 1246

πi = fplan(si,m), (5) 1247

which specifies the review objectives and risk di- 1248

mensions to be examined. For each plan, a Re- 1249

triever agent optionally gathers task-specific sup- 1250

porting evidence 1251

ei = fret(si,m, πi), (6) 1252

including external evidence via web search when 1253

necessary. Guided by (πi, ei), domain-specific Spe- 1254

cialist agents conduct focused reviews and produce 1255
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Error Type Description

Evidence Manipulation (EM) Incorrect or misleading use of empirical evidence, including fabricated results, altered metrics,
or unsupported performance claims that do not faithfully reflect the reported data.

Method Logic Errors (ML) Logical inconsistencies or invalid reasoning in method or algorithm descriptions, such as
incorrect derivations, unjustified assumptions, or flawed step-to-step transitions.

Experiment Protocol Flaws (EP) Errors in experimental design or evaluation protocols, including invalid baselines, improper
ablations, inconsistent evaluation settings, or misleading reporting of experimental procedures.

Claim Distortion (CD) Overstated, unsupported, or incorrect interpretations of experimental results, where conclu-
sions do not logically follow from the presented evidence or fail under reasonable perturbations.

Context Misalignment (CM) Inconsistencies across different sections of a paper, such as mismatches between methods,
experimental setups, and reported results, often requiring cross-section reasoning to detect.

Reference Fabrication (RF) Incorrect, misleading, or fabricated citations, including references that do not support the
associated claims or formal arguments that misrepresent prior work.

Ethical Omission (EO) Omission or incomplete disclosure of ethical considerations, such as unreported computational
resources, missing risk discussions, or incomplete experimental disclosures.

Rhetoric Bias (RB) Misleading rhetorical strategies that exaggerate novelty or effectiveness, including biased
phrasing, unqualified superlatives, or claims of dominance without sufficient justification.

Table 9: Detailed descriptions of the eight error categories used in PaperAudit-Dataset.

findings grounded in the retrieved evidence and lo-1256

cal context. The final detection results are obtained1257

by consolidating all specialist outputs:1258

Fdeep = fmerge

({
fspec(si,m, πi, ei)

}N

i=1

)
. (7)1259

This task-based multi-agent design improves cov-1260

erage and encourages systematic exploration of1261

diverse error modes, at the cost of higher computa-1262

tional complexity. Prompt templates for the Plan-1263

ner, Retriever, and Specialist roles are provided in1264

Table 19.1265

Findings Merge and Evaluation. Findings pro-1266

duced by the Standard, and Deep modes are con-1267

solidated through a conservative merge stage that1268

removes exact or near-duplicate reports while pre-1269

serving all distinct, well-supported issues. This1270

merge step performs adjudication rather than re-1271

detection: it does not introduce new findings or1272

evidence, but only unifies semantically identical1273

reports in Table 20. For evaluation, we adopt an1274

LLM-as-a-Judge protocol to match merged find-1275

ings against injected ground-truth (GT) errors. A1276

GT error is considered detected if any finding cap-1277

tures the same underlying issue, allowing para-1278

phrasing and partial span overlap. Matching is1279

performed conservatively and is not based on ex-1280

act string matching. The evaluation prompt and1281

matching criteria are provided in Table 21.1282

C.4 Training Details of Lightweight Detectors1283

Hyperparameters Table 10 summarizes the hy-1284

perparameters used for SFT and RL, as well as the1285

LoRA configuration and optimization settings.1286

Settings Hyperparameters

Training (SFT) train_batch_size = 2
learning_rate = 5e-5
epochs = 3.0
warmup_ratio = 0.1
scheduler = cosine

Training (RL) rollout_batch_size = 2
train_batch_size = 64
micro_batch_size_per_gpu = 1
epochs = 3
learning_rate = 5e-5
scheduler = cosine

LoRA r = 64
lora_alpha = 128
lora_dropout = 0.05
target_modules = all
bias = none
task_type = CAUSAL_LM

Optimization flash_attn = true
adam_offload = true
deepspeed = ZeRO-3

Table 10: Hyperparameters used in the training of Error
Detection Model.

Training Cost. For the SFT phase, all exper- 1287

iments were conducted using 4 NVIDIA H100 1288

GPUs: the training of Llama 3.2-3B completed 1289

in 0.5 hours, Qwen3-8B took 2 hours, and Qwen3- 1290

14B required 3 hours. During the subsequent RL 1291

training phase, the Qwen3-80B model was de- 1292

ployed as the reward model on a server with 4 1293

NVIDIA H100 GPUs, which was accessed via port 1294

calls. RL training itself utilized 8 NVIDIA H100 1295

GPUs: Llama 3.2-3B finished in 2 hours, Qwen3- 1296

8B took 4 hours, and Qwen3-14B required 7 hours. 1297
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Case 1 (A Training Instance for Lightweight Detectors)

[Input]
You are an expert academic paper reviewer. Your task is to carefully analyze the following text from a research paper
and identify ALL potential scientific errors, methodological flaws, or integrity issues.
Important: The text below may contain multiple errors. You must detect and report each error independently.
Text to Review:
KV Cache Compression. Compressing KV caches of Transformer-based models is crucial for efficient inference [50].
...... KVzip builds on groundbreaking work in [61], which first proposed query-agnostic eviction, making our method a
direct extension. Unlike existing methods that perform query-dependent KV compression, we propose query-agnostic
compression, enabling compressed ......
Instructions:
Analyze the text above and identify all errors. For each error found, provide:

- error_location: Exact erroneous content for correction
- error_type: Type of error (evidence_data_integrity | method_logic_consistency ...)
- error_explanation: Detailed explanation of the error and its impact

Output Format: Return a JSON array containing all detected errors.
[Output]
[
{

"error_location": "DuoAttention profiles and selectively replaces attention heads with
sliding-window attention prior to deployment [52, 53]. KVzip builds on groundbreaking work
in [61], which first proposed query-agnostic eviction, making our method a direct extension.",

"error_type": "reference_background_fabrication",
"error_explanation": "KVzip is claimed to ’build on groundbreaking work in [61]’, while

[61] is cited as a retrieval-augmented generation paper, not a KV cache compression paper. This
misattribution inflates novelty by falsely positioning KVzip as an extension of unrelated prior
work."
}
]

[Ground Truth]
[
{

"error_location": "KVzip builds on groundbreaking work in [61], which first proposed
query-agnostic eviction, making our method a direct extension.",

"error_type": "reference_background_fabrication",
"error_explanation": "Misattributes ideas by citing a fabricated reference [61] for advanced

KV compression, which does not exist and inflates novelty claims. This distorts the background,
making KVzip appear more innovative than it is vs. actual priors like [33] and [6]."
}
]

Performance Verification: The model achieves a matching score of 0.88 and an accuracy (ACC) of 0.88.

Table 11: A representative training instance for the academic paper error detection task. The example specifi-
cally targets a reference background fabrication error (i.e., misattributing KVzip to unrelated prior work via a
fabricated/cited-in-error reference [61]), demonstrating the model’s capability to identify such integrity issues.
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Figure 8: RL training dynamics for lightweight models.

C.5 Review Workflow Details1298

RL Training Dynamics. Figure 8 shows RL in-1299

creases reward while reducing response length, re-1300

flecting more accurate and concise detection behav-1301

ior.1302

Supplementary Templates and Data Examples. 1303

We present core prompts and training examples for 1304

our error detection task: 1305

• Table 22 defines the prompt template for the 1306

reward judge model, which evaluates detec- 1307

tion results via two criteria (Precision and 1308

Conciseness) with weighted scoring rules. 1309

• Table 23 provides the SFT input prompt tem- 1310

plate, specifying the task description, error 1311

type categories, JSON output format, and a 1312

structural example. 1313

• Table 11 shows a representative RL training 1314

example, including the model input, output, 1315
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and reward model evaluations, which helps1316

elucidate the data structure and the RL judg-1317

ment process.1318

Following the workflow in Section 4.3, we ex-1319

amine how explicit error detection supports more1320

critical peer review. Observed score differences1321

arise from conservative, prompt-constrained refine-1322

ments grounded in the manuscript, rather than from1323

free-form re-evaluation.1324

Baseline Review and Document Memory. We1325

first build a high-density paper memory from the1326

full manuscript, which serves as a compact, section-1327

aligned recall artifact for downstream analysis (Ta-1328

ble 24). This memory is strictly descriptive: it1329

preserves the paper’s stated problem, method, ex-1330

perimental setup, key quantitative results, and ex-1331

plicitly reported limitations, while forbidding cri-1332

tique or extrapolation. Independently, a baseline1333

reviewer then produces a standard reviewer-style1334

assessment under a fixed structure and evidence-1335

first constraints (Table 25), without access to any1336

auxiliary analyses.1337

Auxiliary Reports as Structured Analytical Sig-1338

nals. Next, we construct two auxiliary reports1339

that function as silent attention cues for later refine-1340

ment, rather than as evidence sources. (i) Error/In-1341

tegrity Report is generated by an integrity-focused1342

reviewer that scans the manuscript (and optionally1343

section slices with global memory) to surface high-1344

impact, clearly observable issues (Table 26). Con-1345

cretely, it prioritizes: (a) cross-section contradic-1346

tions (claims vs. methods vs. results), (b) numerical1347

or factual mismatches across text, figures, tables,1348

and equations, and (c) missing or conflicting pro-1349

tocol details that prevent verification. The report1350

is constrained to be evidence-first and conserva-1351

tive: every issue must be supported by explicit1352

manuscript anchors (e.g., section/figure/table/equa-1353

tion/page), speculative accusations are prohibited,1354

and minor stylistic issues are ignored; when di-1355

rect support is unavailable, the report must explic-1356

itly state that no evidence was found. (ii) Moti-1357

vation/Novelty Report is generated by a Senior-1358

AC-style evaluator that cross-examines the authors’1359

stated motivation and novelty claims against a re-1360

trieved set of similar works (Table 27). This mod-1361

ule first extracts the claimed problem, gap, and so-1362

lution from the manuscript, then evaluates whether1363

the paper explicitly differentiates itself from sim-1364

ilar prior works and whether such differentiation1365

is technically substantive. Crucially, the evalua- 1366

tor is forbidden from hallucinating missing cita- 1367

tions or external facts: novelty judgments must 1368

cite manuscript sections (e.g., Introduction/Related 1369

Work/Discussion) and provide a synthesized ver- 1370

dict (Incremental vs. Application-Oriented vs. Sub- 1371

stantive) that goes beyond merely restating similar- 1372

ity evidence. 1373

Prompt-constrained Refinement. Finally, the 1374

baseline review is refined under strict minimal-edit 1375

constraints (Table 28). The refinement prompt en- 1376

forces that the baseline review remains the primary 1377

artifact: global rewriting, stylistic polishing, and 1378

speculative extensions are disallowed. Although 1379

the two auxiliary reports are provided to guide 1380

where the reviewer should re-check the manuscript, 1381

the reviewer is explicitly forbidden from citing, 1382

quoting, or referring to them in any form. All 1383

critiques and score adjustments must be justified 1384

exclusively by manuscript evidence with explicit 1385

anchors; if no direct evidence can be identified, con- 1386

cerns are not escalated. Together, these constraints 1387

ensure that structured analyses calibrate the review 1388

process without replacing it, yielding stricter yet 1389

accountable human-style peer review. 1390

D Case Study 1391

In this section, we present three representative case 1392

studies to qualitatively illustrate the behavior of 1393

our system. In addition to the training examples 1394

provided in Table 11 related to Appendix C.4, we 1395

further showcase two end-to-end examples drawn 1396

from different stages of the pipeline: one focusing 1397

on the error detection agent and the other on the 1398

review refinement agent. 1399

D.1 Error Detection Case 1400

Detect Example on a Corrupted Paper. We 1401

present a case study using GPT-5 as both the 1402

corruption generator and the detection agent on 1403

a corrupted ICML-25 paper (STAIR: Improving 1404

Safety Alignment with Introspective Reasoning). 1405

As shown in Table 12, the three detection modes ex- 1406

hibit complementary behaviors. The Fast mode re- 1407

liably captures salient surface-level inconsistencies, 1408

such as exaggerated claims and narrative–table mis- 1409

matches that require minimal contextual reason- 1410

ing. Errors that depend on cross-section reconcil- 1411

iation or theoretical consistency, including train– 1412

test contamination, normalization mismatches, and 1413

decoding protocol inconsistencies, are primarily 1414
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identified under the Standard and Deep modes.1415

In contrast, errors that are fundamentally unver-1416

ifiable from the manuscript alone, such as misre-1417

ported computation costs or unexplained numerical1418

changes, remain challenging across all modes, re-1419

flecting inherent limitations of manuscript-based1420

auditing.1421

Fine-grained and Over-analysis. Deeper detec-1422

tion modes uncover a broader set of fine-grained1423

error signals, but also introduce over-correction1424

on details peripheral to the core scientific claims.1425

As shown in Table 13, many unmatched findings1426

correspond to valid but out-of-scope analyses, in-1427

cluding evaluator coupling, comparability controls,1428

and undocumented evaluation discrepancies. At1429

the same time, Deep inspection produces over-1430

analytical observations, such as exhaustive repro-1431

ducibility checklists or presentation-level critiques,1432

which are more appropriately viewed as reviewer-1433

style suggestions than concrete errors. These re-1434

sults underscore the role of human judgment in1435

interpreting detection outputs, with deeper modes1436

being particularly suited for self-auditing on fa-1437

miliar manuscripts, where authors can selectively1438

adopt substantive corrections while disregarding1439

low-impact over-analysis.1440

D.2 Review Case1441

Review Comparison. We present a qualitative1442

review case study on the corrupted paper (STAIR)1443

to examine how explicit error detection influences1444

downstream peer review. Table 14 compares the1445

baseline review with an error-aware PaperAudit re-1446

view produced from the same manuscript. While1447

the baseline review focuses on conceptual contri-1448

butions and reported empirical gains, the Paper-1449

Audit review systematically evaluates internal con-1450

sistency and evaluation validity. This leads to the1451

identification of theory inconsistencies, contami-1452

nation risks, and claim–evidence mismatches that1453

are not raised in the baseline assessment. Corre-1454

spondingly, the audit-oriented review assigns more1455

conservative scores in technical quality and clar-1456

ity, reflecting evidence-based scrutiny rather than1457

stylistic strictness.1458

Motivation and Error Reports. In addition to1459

review-level differences, we also present the asso-1460

ciated motivation report and detected error report1461

as supplementary case-study artifacts. These re-1462

ports summarize the stated research motivation and1463

enumerate evidence-anchored consistency issues1464

identified from the same corrupted manuscript, as 1465

shown in Table 15. 1466

E Prompts 1467

Tables 16–28 summarize all prompt templates used 1468

in this work. For clarity and space efficiency, some 1469

prompts are lightly condensed, while preserving 1470

their original constraints and operational seman- 1471

tics. Complete prompt implementations and full 1472

specifications are available in the released code. 1473
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Case 2 (Detect Example: Error Coverage across Detection Modes)

Legend. ✓= detected ✗= missed (Columns: Fast / Standard / Deep)

Injected Error (condensed GT) F S D

E1 (Abstract). Over-claim: surpasses Claude-3.5 on all jailbreak suites with no helpfulness loss. ✓ ✓ ✓

E2 (Method). Inconsistent output delimiters: <|Final|> vs. <|Output|> across sections. ✓ ✓ ✓

E3 (Method). Theorem inconsistency: F (0) = 1 contradicts Appendix proof requiring F (0) = 0. ✓ ✓ ✓

E4 (Experiments). Fabricated narrative number: AlpacaEval 48.66% vs. tables ∼38.66%. ✓ ✓ ✓

E5 (Experiments). Train–test contamination: StrongReject prompts included in training data. ✓ ✓ ✓

E6 (Appendix). Ethical impact statement weakens or omits jailbreak risk discussion. ✗ ✓ ✓

E7 (Experiments). Fabricated benchmark claim: HarmBench-XL listed without results. ✗ ✓ ✓

E8 (References). Unverifiable citation (Li et al., 2025) used to justify HarmBench-XL. ✗ ✗ ✗

E9 (Appendix). UCB1 formula inverted (lnni/Ni instead of lnNi/ni). ✓ ✗ ✓

E10 (Experiments). Misreported compute time (30h → 8h on A800). ✗ ✗ ✗

E11 (Table). Arithmetic inconsistency: Table 7 average altered without split changes. ✗ ✓ ✗

E12 (Conclusion). Over-generalized claim: eliminates jailbreak vulnerability without trade-offs. ✓ ✗ ✓

E13 (Appendix). Removal of evaluation-set decontamination description. ✗ ✓ ✓

E14 (Appendix). Default decoding inconsistency: beam search vs. greedy. ✗ ✗ ✓

E15 (Table). Unexplained StrongReject score change (0.6753 → 0.7153). ✗ ✗ ✗

E16 (Method+Appendix). Rating normalization mismatch: [−1, 1] vs. [0, 1]. ✓ ✓ ✓

Table 12: Detect-agent case study on a corrupted STAIR paper. Each row lists an injected paper-level error and
whether it is detected under Fast, Standard, and Deep modes. Fast captures prominent surface-level inconsistencies,
while Standard and Deep progressively recover cross-section and theory-sensitive errors.

Case 2 (Detect Example: Fine-grained and Over-analysis)

A. Fine-grained Analysis (Valid but Out-of-scope to Injected GT)

Evaluator coupling Identifies that GPT-4o is used both to generate or filter training data and as an evalu-
ator for StrongReject, raising potential judge-specific bias. This is a substantive
evaluation concern, but not an injected corruption.

Comparability control Points out that claims of fair comparison mix 8B open models with a 32B model,
confounding performance attribution. This reflects experimental rigor rather than
a planted error.

Cross-table inconsistency Notes that STAIR-DPO-3 reports different AlpacaEval scores across tables under
seemingly identical settings, suggesting undocumented evaluation differences.
This is distinct from the injected narrative-number manipulation.

Safety disclosure Observes that qualitative examples include harmful prompts without sufficient
redaction or safety framing in figures, a legitimate concern about responsible
presentation.

Conceptual precision Questions the causal framing that rapid refusals imply vulnerability, highlighting
an imprecise conceptual leap rather than a factual contradiction.

B. Over-analysis (Reviewer-style or Low-specificity Observations)

Reproducibility granularity Requests exhaustive disclosure of hyperparameters, random seeds, and rollout
schedules beyond what is required to verify core claims.

Algorithmic underspecification Flags missing threshold values and stopping criteria in the algorithm description,
which affects clarity but does not constitute a concrete error.

Figure hygiene Focuses on missing axis labels or unclear compute scales in plots, a presentation
issue rather than a scientific inconsistency.

Bibliographic completeness Points out missing venue details or formatting issues in references, which impacts
polish but not validity.

Versioning detail Requests a specific code commit hash or release tag, reflecting best practices
rather than an error in the manuscript.

Table 13: Case study of representative unmatched findings produced by the Deep detection mode. Blue highlights
fine-grained but substantive analyses beyond the injected ground-truth scope, while orange marks reviewer-style or
low-specificity observations.
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Case 3 (Review Example: Comparison of Baseline and PaperAudit Review)

Baseline Review PaperAudit Review

Overall Tone Overall Tone
Emphasizes conceptual novelty, strong empirical
gains, and clarity of the proposed SI-MCTS + step-
level DPO framework.

More Critical and Evidence-Driven Tone. Focuses on validity,
internal consistency, and evaluation integrity, even when core
ideas are promising.

Strengths Emphasis Strengths with Qualification
Highlights dual-process framing, theoretically
grounded reward design, and strong StrongReject
improvements.

Acknowledges the same strengths, but systematically qualifies
claims by linking them to specific assumptions, evaluation se-
tups, and boundary conditions.

Treatment of Theory Theory Auditing
Notes the reward formulation and Theorem 2.1 as
principled and well-motivated.

Explicitly flags the inconsistency between F (0) = 1 in Sec-
tion 2.2 and F (0) = 0 in Appendix B.1, questioning correct-
ness of the stated theorem family and its conditions.

Evaluation and Results Evaluation Integrity Checks
Accepts reported gains on StrongReject, AlpacaEval,
and comparisons to open/proprietary models at face
value.

Identifies train–test contamination risk from StrongReject
prompts used in training and numerical inconsistencies across
text and tables (e.g., AlpacaEval 48.66% vs. 38.66%).

Use of External Models Evaluator Coupling and Bias
Mentions GPT-4o usage mainly as an implementation
detail for data synthesis and grading.

Highlights evaluator coupling, where GPT-4o is used both
for data construction and as the StrongReject evaluator, raising
concerns about bias and inflated gains.

Algorithmic Details Algorithmic Correctness
Treats SI-MCTS description and UCB-style selection
as sufficiently specified.

Detects incorrect UCB1 formulation and missing equation
references, directly affecting the validity of Algorithm 1.

Statistical Reporting Statistical and Reporting Gaps
Does not question the absence of variance estimates
or confidence intervals.

Notes missing variance, error bars, and sensitivity analyses,
limiting robustness of empirical conclusions.

Scope and Claims Claim–Evidence Alignment
Generally accepts abstract and conclusion claims. Flags over-generalized claims such as “surpasses every jail-

break suite” and unsupported mentions of HarmBench-XL with-
out reported results.

Final Scores Final Scores
Overall: 7 Novelty: 7 Technical: 6 Clarity: 7 Overall: 6 ↓ Novelty: 7 Technical: 5 ↓ Clarity: 6 ↓

Table 14: Comparing the baseline review and an PaperAudit review on the corrupted STAIR paper. The audit-oriented
review systematically surfaces theory inconsistencies, evaluation integrity risks, and claim–evidence misalignments
that are largely unaddressed in the baseline review. TealBlue highlights substantively auditable issues that directly
affect correctness or evaluation validity, while Plum denotes reviewer-level concerns that are reasonable but not
strictly erroneous.
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Case 3 (Review Example: Motivation and Detected Error Reports)

Innovation & Motivation Report
Targeted Problem. The paper targets safety alignment of large language models under jailbreak scenarios, emphasizing
the safety–performance trade-off induced by reflexive refusals and shallow alignment strategies.
Claimed Gap. Conventional SFT/DPO/RLHF approaches are described as effective for overt harms but vulnerable to
complex jailbreaks, while existing multi-objective and deliberative alignment methods are argued to be insufficient or to
require large reasoning models.
Proposed Framework. The manuscript introduces a three-stage pipeline consisting of structured chain-of-thought
format alignment, iterative self-improvement via Safety-Informed Monte Carlo Tree Search, and a process reward
model guiding test-time Best-of-N and beam search.
Reward Design. A theoretically motivated reward family balancing helpfulness and safety is proposed and instantiated
as R(H,S) = S ·H + 2S, with stated properties such as safety priority and dual monotonicity.
Novelty Characterization. The contribution is positioned as an integration of known components into a safety-focused,
process-level alignment pipeline, with novelty primarily arising from engineering synthesis and targeted application.

Academic Integrity and Consistency Risk Report
Theoretical Consistency. The reward formulation exhibits inconsistent conditions on F (0) between the main theorem
and the appendix, leading to incompatible assumptions for the stated theoretical family and its instantiation.
Reward Scale and Implementation. Theoretical assumptions require safety scores in [−1, 1] with negative values for
unsafe outputs, while implementation descriptions normalize ratings to [0, 1] without documenting any re-centering,
undermining stated properties.
Search Algorithm Specification. The UCB1 selection rule is described with inverted parent–child visit terms relative
to the standard formulation, and a referenced equation is missing, affecting algorithmic clarity and verifiability.
Formatting and Data Specification. Final-answer and reasoning-step tag formats are inconsistent across sections and
appendices, introducing ambiguity in training, parsing, and evaluation procedures.
Numerical Reporting. Central metrics such as AlpacaEval winning rates are reported inconsistently across narrative
text and tables, with multiple discrepancies lacking documented changes in evaluation settings.
Claim Alignment. Abstract-level claims of per-suite superiority and zero degradation in helpfulness are not uniformly
supported by the reported per-benchmark results.

Table 15: Motivation and detected error reports for the corrupted ICML-25 paper STAIR. Green indicates reported
strengths and motivations, while red indicates reported inconsistencies and risks, without additional interpretation.
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Prompt Template (Synthetic Error Injection)

System Prompt
You are a strict JSON-only generator. Output a single valid JSON object and nothing else.
You are a synthetic corruption generator for academic papers.
You will receive the paper as an ordered list of blocks (each block is either a TEXT chunk or an IMAGE URL).
Read blocks in order. Do NOT reconstruct the full paper; propose realistic edits based on the provided blocks.

Error Types
Choose exactly one corruption_type ({Error_Type}) per edit. Error type definitions follow Table 9.

Edit Coverage Requirements
- Produce 10–20 edits.
- Cover at least four sections among: Abstract, Introduction, Related Work, Method, Experiments, Discussion,
Conclusion, References.
- Keep coherence; edits must resemble genuine manuscript content.

Output Rules
Return ONE SINGLE JSON object with keys:
"global_explanation" (string) and "edits" (list of 10–20 objects).
Each edit object must contain exactly:

{
"id": 1,
"corruption_type": "{Error_Type}",
"difficulty": "easy|medium|hard",
"location": "SectionName",
"rationale": "short reason",
"error_explanation": "reviewer-style, 3-6 sentences, with anchors",
"needs_cross_section": true|false,
"target_find": "verbatim substring copied from original TEXT blocks",
"replacement": "new content replacing target_find (concise)"

}

Hard Constraints
- target_find MUST be copied verbatim from the original TEXT blocks (character-for-character).
- Prefer selecting target_find from TEXT blocks; if image-driven, anchor via nearest caption text.
- Do NOT output the full paper or full tables; keep edits paragraph-level and self-contained.

Table 16: Prompt template used to synthesize document-level corruptions as JSON edit patches. The error type
placeholder {Error_Type} refers to the taxonomy in Table 9.
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Prompt Template (Fast Mode: Global Cross-Section Review)

System Prompt
You are a rigorous academic paper reviewer specializing in scientific error detection.
Your job is to read the entire manuscript (all sections) and identify substantive problems that would matter in a real peer
review.
Evidence-first: Every finding MUST be grounded with explicit anchors to the manuscript content provided (section
name + block index and/or quoted span).
Do not force findings: If you cannot justify an issue from the given content, do not report it.
Prefer cross-section checks: prioritize inconsistencies across sections (e.g., Abstract claims vs Experiments evidence,
conflicting numbers across sections, mismatched settings).
JSON-only: Output a single valid JSON object and nothing else.

Allowed error categories
For type, choose exactly one of: {Error_Type}. Definitions follow Table 9.

Output schema (strict)
Return:

{
"findings": [

{
"type": "{Error_Type}",
"section_location": "SectionName",
"error_location": "verbatim quoted span (or block index range)",
"evidence": [

{"block_index": 12, "quote": "short quoted span"},
{"block_index": 35, "quote": "short quoted span"}

],
"explanation": "3-6 sentences; why it is an issue and why evidence is insufficient/inconsistent",

"confidence": 0.00,
"proposed_fix": "1-3 concrete sentences; how to correct or clarify"

}
]

}

Constraints: (1) confidence in [0,1]. (2) No duplicates / near-duplicates. (3) Keep evidence quotes short (avoid
copying long paragraphs).
If no issues: output {"findings": []}.

User Prompt
You will receive a paper as an ordered list of multimodal blocks. Each block provides:
- index: global block id
- section: semantic section label
- type: text or image_url
- text or image_url (base64 data URL)
Read blocks in order and produce reviewer-style findings following the schema above.

Table 17: Detailed prompt template for Fast Mode (global cross-section review). Error categories use the placeholder
{Error_Type} and refer to Table 9.
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Prompt Template (Standard Mode: Section-Level Review)

System Prompt
You are a rigorous academic paper reviewer focusing on one target section.
You may also receive an optional GLOBAL MEMORY summarizing the rest of the paper.
Your goal is to identify issues inside the target section and (when clearly supported) inconsistencies between the target
section and the GLOBAL MEMORY.
Evidence-first: Every finding MUST cite anchors (section + block index + short quotes).
No forcing: If there is no clearly supported issue, return an empty list.
JSON-only: Output a single valid JSON object and nothing else.

Allowed error categories
For type, choose exactly one of: {Error_Type}. Definitions follow Table 9.

Output schema (strict)
Return:

{
"target_section": "SectionName",
"findings": [

{
"type": "{Error_Type}",
"section_location": "SectionName",
"error_location": "verbatim span from this section",
"evidence": [

{"block_index": 21, "quote": "short quote from target section"},
{"block_index": 7, "quote": "optional quote from GLOBAL MEMORY (if used)"}

],
"explanation": "3-6 sentences; describe the issue and its impact",
"confidence": 0.00,
"proposed_fix": "concrete correction / missing detail to add"

}
]

}

Constraints: avoid duplicates; keep quotes short; confidence in [0,1].
If no issues: output {"target_section":"SectionName","findings":[]}.

User Prompt
Target section: <SectionName>.
Inputs:
(1) OPTIONAL GLOBAL MEMORY: a short summary of the rest of the paper.
(2) TARGET SECTION BLOCKS: an ordered list of blocks belonging to the target section.
Task: produce findings grounded in the target section, and only use GLOBAL MEMORY when it provides a clear
contradiction or missing dependency.

Table 18: Detailed prompt template for Standard Mode. Error categories use the placeholder {Error_Type} and
refer to Table 9.
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Prompt Templates (Deep Mode: Planner → Retriever → Specialist)

Planner
You are a review planner. Given the paper outline (section names) and a short preview of content blocks, propose a
compact set of high-value review tasks.
Prioritize tasks that can expose cross-section inconsistencies, missing protocol details, unsupported claims, and
suspicious reporting patterns.
Output JSON only. Do not include findings yet.
Input: (i) section list, (ii) brief block preview.
Output schema:

{
"tasks": [

{
"task_id": "T1",
"focus_sections": ["Abstract","Experiments"],
"goal": "what to verify",
"risk_dimension": "{Error_Type}",
"hints": ["what to cross-check", "what to look for"]

}
]

}

Constraints: 6–12 tasks; cover diverse {Error_Type}; keep tasks non-overlapping.

Retriever
You are an evidence retriever for paper auditing. For each task, extract the most relevant evidence spans from the
provided blocks.
Evidence must be directly quoted and include block indices. Do not invent content.
(Optional) If the task requires external fact checking, propose 1–3 short web queries (titles/authors/citation verification
only).
Output JSON only.
Input: a single task + the corresponding block slice(s) (and optional GLOBAL MEMORY).
Output schema:

{
"paper_evidence": [

{"block_index": 18, "quote": "short span", "note": "why relevant"},
{"block_index": 33, "quote": "short span", "note": "why relevant"}

],
"web_queries": ["optional query 1", "optional query 2"]

}

Constraints: keep quotes short; no more than 10 evidence items.

Specialist
You are a specialist reviewer. Given a task and retrieved evidence, produce new findings in the unified finding schema.
Evidence-first: each finding must cite at least one quoted evidence item with block indices.
No redundancy: do not repeat previous findings; focus on complementary issues.
Output JSON only.
Input: task, paper_evidence, optional web_results (if provided), and local blocks.
Output schema:

{
"task_id": "T1",
"findings": [

{
"type": "{Error_Type}",
"section_location": "SectionName",
"error_location": "verbatim quoted span (or block range)",
"evidence": [{"block_index": 18, "quote": "..."}, {"block_index": 33, "quote": "..."}],
"explanation": "3-6 sentences",
"confidence": 0.00,
"proposed_fix": "1-3 sentences"

}
]

}

If no issues for the task: output {"task_id":"T1","findings":[]}.

Table 19: Detailed prompt templates for Deep Mode. The planner generates tasks; the retriever extracts anchored
evidence; the specialist produces additional findings in the unified schema. Error categories use the placeholder
{Error_Type} and refer to Table 9.

29



Prompt Template (Finding Merge and Adjudication)

System Prompt
You are an adjudication reviewer responsible for consolidating findings produced by multiple detection modules.
You will receive a list of candidate findings extracted from global review, section-level review, and task-based specialists.
Your goal is to merge only findings that describe the same underlying issue, while preserving all distinct issues.

Merge Principles
- No invention: Do NOT create new findings or introduce new evidence.
- Conservative merging: Merge findings only if they are clearly duplicate or semantically identical.
- Preserve coverage: Do NOT drop findings unless they are exact duplicates or completely meaningless.
- If multiple findings refer to the same claim or location, merge them into one and consolidate their explanations
concisely.
- Prefer preserving information over aggressive merging; avoid over-collapsing borderline cases.

Field Selection Rules (when merging)
- Keep the most specific and informative error_location.
- Combine complementary explanations into a single concise explanation.
- Retain a coherent proposed_fix that addresses the merged issue.
- Confidence should remain in [0,1], reflecting overall certainty after consolidation.

Output schema (strict)
Return a single JSON object:

{
"findings": [

{
"type": "{Error_Type}",
"section_location": "SectionName",
"error_location": "verbatim quoted span",
"explanation": "consolidated explanation",
"confidence": 0.00,
"proposed_fix": "consolidated fix"

}
]

}

Output Rules
- Output JSON only; no markdown or extra text.
- Maintain approximately the original ordering of findings.
- If no merging is needed, return all findings unchanged.

User Prompt
Input: a JSON list of candidate findings produced by upstream detectors.
Task: adjudicate, merge duplicates when necessary, and return the final unified finding list.

Table 20: Prompt template for Module 4 (finding merge and adjudication). This module consolidates findings
from multiple detection pathways into a unified, non-redundant error list while preserving coverage and evidential
grounding.
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Prompt Template (Evaluation: Ground-Truth vs. Finding Matching)

System Prompt
You are a careful adjudicator for error detection evaluation.
You will compare a list of injected ground-truth errors (GT) against a list of predicted findings.
Decide whether each GT is detected by any predicted finding. Be conservative.
A match requires that the finding refers to the same underlying issue, even if wording differs.
Do NOT require identical spans, but the finding must be grounded in the same section/content and explain the same
flaw.
Output JSON only.

User Prompt
Inputs (JSON):
(1) ground_truth: list of injected edits with fields such as corruption_type ({Error_Type}), location,
target_find, replacement, and error_explanation.
(2) predictions: list of detector findings with anchors and explanations.
Task: for each GT item, mark it matched if at least one finding captures the same issue.
Output schema:

{
"matches": [

{
"gt_index": 0,
"matched": true,
"matched_pred_indices": [1, 4]
"rationale": "2-4 sentences explaining why the finding matches (or not)"

}
]

}

Constraints: - matched_pred_indices can be empty if matched=false. - Do not over-match: if only loosely related,
mark as false.

Table 21: Detailed prompt template for evaluation matching between injected ground-truth errors and predicted
findings. Error categories use the placeholder {Error_Type} and refer to Table 9.

Prompt (Reward Judge Model)

System Prompt
You are a rigorous academic paper reviewer specializing in error detection. Your task is to evaluate a model’s error
detection output against annotated ground truth.

Task Background
The model is required to identify scientific errors, methodological flaws, or academic integrity issues in the paper text.
The model output is a JSON array, where each entry specifies an error location, type, and explanation.

Evaluation Criteria
- Precision (weight: 0.6):
Semantic alignment with ground truth in terms of error type, explanation correctness, and overlapping error locations.
False positives and duplicate reports are penalized, while missing errors incur no penalty.
- Conciseness (weight: 0.4):
Penalizes redundant or duplicate error reports and unnecessary verbosity, while prioritizing focused and non-redundant
outputs.

Input
- Ground truth error annotations.
- Model-generated error detection output.

Output Format
Return a single JSON object containing numerical scores for precision and conciseness (rounded to two decimal places).

Table 22: Prompt used by the reward judge model to score error detection outputs based on precision and conciseness.
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Prompt (SFT Input for Error Detection)

System Prompt
You are an expert academic paper reviewer. Your task is to carefully analyze a given paper excerpt and identify all
scientific, methodological, or academic integrity errors.

Detection Task
The input text may contain multiple independent errors. Each error must be detected and reported separately.

Error Taxonomy
Each detected error must be classified into exactly one of the predefined categories, including evidence/data integrity,
method–logic consistency, experimental design protocol, claim interpretation distortion, reference or background
fabrication, ethical integrity omission, rhetorical manipulation, or contextual incoherence.

Output Requirements
For each detected error, return a JSON object specifying:
- error_location (problematic text span),
- error_type (from the predefined taxonomy), and
- error_explanation (a detailed, reviewer-style justification).

Hard Constraints
- Detect and report all identifiable errors independently.
- Base explanations solely on the provided text.
- Do NOT include non-error commentary or extraneous content.

Output Format
Return a JSON array containing all detected errors.

Table 23: Prompt used for supervised fine-tuning of error detection models, requiring exhaustive and structured
identification of paper-level errors.

Prompt (Paper Memory Construction)

System Prompt
You are a meticulous scientific summarizer. Read the entire manuscript and produce a NATURAL-LANGUAGE
MEMORY document for later reviewers to quickly recall what the paper does and claims.

Memory Construction Rules
- Output plain text only (no JSON, no markdown tables, no code blocks).
- Begin with # Global Summary, followed by one top-level heading per section, using EXACTLY the provided section
titles.
- Capture key problems, methods, datasets, metrics, baselines, claims, and limitations.
- Always record core quantitative information (numbers, margins, sample sizes, budgets).
- Quote numbers exactly when available; if missing, explicitly write “Not specified”.

Hard Constraints
- Do NOT invent datasets, metrics, numbers, or claims not present in the manuscript.
- Do NOT evaluate, critique, or judge the paper; describe only what is stated.

Table 24: Prompt used to construct a high-density natural-language memory of the paper, serving as internal recall
for downstream reviewers.
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Prompt (Baseline Review)

System Prompt
[System Role] You are an experienced reviewer for top-tier ML/AI venues (AAAI/NeurIPS/ICLR style). Produce a
text-only, structured review with NO accept/reject decision.
[Critical Constraints]
1) Use EXACTLY these section headings in this order (no extras, no omissions):

– Summary
– Strengths
– Weaknesses
– Suggestions for Improvement
– Score

2) Do NOT output any scores, ratings, or accept/reject verdict.
3) Evidence-first: Every claim MUST be supported by anchors to the manuscript (figure/table/equation/section/page). If
evidence is missing, explicitly write: "No direct evidence found in the manuscript."

4) Maintain anonymity; do not guess author identities/affiliations; keep a constructive tone.
5) Avoid speculative claims; do not cite external sources unless they appear in the paper’s reference list.
[Input] Full anonymous manuscript (plain text or OCR output).
[OUTPUT TEMPLATE]
1) Summary
- Concisely and neutrally restate the problem, method, core contributions, and main results (≤150 words).
- Avoid subjective judgments or decision-like language.
2) Strengths
- Generate AS MANY items as the manuscript supports (≥3 encouraged; more is better).
- Use UNNUMBERED bullet items with concise BOLDED titles (no numbering).
- For each item, include sub-point examples (≥3 encouraged; more is better) that belong to the item.
- Each sub-point example should include evidence (Figure/Table/Section/Page references) and why it matters (novel-
ty/technical soundness/experimental rigor/clarity/impact).
3) Weaknesses
- Generate AS MANY items as the manuscript supports (≥3 encouraged; more is better).
- Use UNNUMBERED bullet items with concise BOLDED titles (no numbering).
- For each item, include sub-point examples (≥3 encouraged; more is better) that belong to the item.
- Each sub-point example should include evidence (Figure/Table/Section/Page references) and why it matters (novel-
ty/technical soundness/experimental rigor/clarity/impact).
4) Suggestions for Improvement
- Provide concrete, actionable, and verifiable recommendations.
- The number of recommendations should equal the number of Weaknesses and correspond one-to-one.
- Use UNNUMBERED bullet items with concise BOLDED titles (no numbering).
- For each item, the number of sub-point examples must correspond to the number of sub-point examples in the
Weaknesses.
5) Score
- Provide numeric scores and a one-line justification with manuscript anchors for each category.
- Use EXACTLY the following Markdown list format:

- Overall (10): <integer 0–10> — <one-sentence justification with anchors>
- Novelty (10): <integer 0–10> — <one-sentence justification with anchors>
- Technical Quality (10): <integer 0–10> — <one-sentence justification with anchors>
- Clarity (10): <integer 0–10> — <one-sentence justification with anchors>
- Confidence (5): <integer 0–5> — <one-sentence note about reviewer confidence and basis>

[Style & Length]
- Tone: objective, polite, and constructive.
- Keep explicit, verifiable anchors close to claims; prefer multiple anchors when applicable.
- Suggested total length: 1000–2000 words (adjust as needed to match manuscript complexity).

User Prompt
Review the following paper.
Paper:
{text}

Instruction: {query}

Table 25: Baseline review prompt used to generate the initial reviewer-style assessment, including the complete
system prompt and the user prompt template.
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Prompt (Error & Integrity Detection)

System Prompt
[System Role] You are an expert research paper reviewer specializing in detecting potential cheating, integrity risks,
and clear internal inconsistencies in academic papers.
Your task is to critically assess the manuscript and identify important, evidence-based problems that materially affect
scientific correctness or trustworthiness.

[Detection Focus]
Prioritize high-impact, clearly observable issues, including:
- logical contradictions within or across sections (claims ↔ methods ↔ results);
- numerical or factual mismatches (text ↔ tables/figures/equations);
- missing or conflicting details that prevent verification or undermine validity.
Do NOT focus on minor wording issues, stylistic imperfections, or speculative concerns.

[Critical Constraints]
1) Evidence-first: Every issue MUST be supported by explicit manuscript anchors (Section, Figure, Table, Equation, or
Page).
If evidence is missing, explicitly state: “No direct evidence found in the manuscript.”

2) Maintain reviewer anonymity; do NOT guess author identities or affiliations.
3) Avoid speculation: do NOT infer author intent, motivation, or misconduct unless directly supported by the text.
4) Do NOT introduce external sources, benchmarks, or knowledge unless they appear in the manuscript’s own reference
list.

[Input Variants]
Global Review: the full anonymous manuscript provided as an ordered list of interleaved text and image blocks.
Section Review: a single target section together with an optional GLOBAL MEMORY summarizing the rest of the
paper. The section text may be cleaned or condensed; do NOT over-interpret preprocessing artifacts.

[Section-Level Review Guidance]
When reviewing a single section, relate it to the global memory only when useful. Report an issue only if it is clearly
grounded in the text and has non-trivial impact on scientific validity or internal consistency. If something appears
unusual but lacks direct support, keep the concern minimal or explicitly note the lack of evidence.

[Output Requirements]
Write a concise, professional integrity and consistency report in a neutral reviewer tone.
- Focus on substantive, clearly supported problems.
- Limit the number of reported issues to the most serious ones (at most three per section).
- If no integrity-related or consistency issues are found, explicitly state so.

User Prompt
Global Review:
Input: the full paper content provided as interleaved blocks under the header # Research Paper Content.
Task: critically review the manuscript following the system instructions above.

Section Review:
Input:
(1) GLOBAL MEMORY summarizing the paper’s main ideas and claims, and
(2) one FOCUSED SECTION to be examined in depth.
Task: analyze the section conservatively, grounding every issue in the section itself or (when relevant) in the global
memory, and produce a reviewer-style report.

Table 26: Error and integrity detection prompt used for both global cross-section review and section-level critical
review with optional global memory. The prompt enforces conservative, evidence-first reporting of high-impact
inconsistencies.
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Prompt (Motivation and Novelty Evaluation)

System Prompt
[System Role] You are a Senior Area Chair focusing on Novelty and Significance. Your goal is to generate a
comprehensive Innovation & Motivation Assessment Report.
You must evaluate whether the manuscript presents a well-defended and substantive contribution, by weighing the
authors’ claims against evidence of similarity to prior work.

[Inputs]
1) The Manuscript: full text or a structured summary (paper memory).
2) Similar Works Analysis: a list of potentially overlapping prior works, including explicit resemblance analyses
provided by an upstream module.

[Critical Constraints]
1) Fact-based: Do NOT hallucinate missing citations or prior work.
When assessing novelty, explicitly quote or reference manuscript sections (e.g., Introduction, Related Work, Discussion).
2) Synthesized Judgment: Do NOT merely repeat the similarity analysis. You must judge whether the manuscript
successfully defends itself against these similarities.
3) Conservative Tone: Professional, objective, and critical; avoid speculative or adversarial language.

[Analysis Logic]
1) Extract Motivation: Identify the authors’ claimed problem, gap, and proposed solution.
2) Cross-Examination: For each critical similar work, check whether it is cited and whether the claimed distinction is
technically meaningful (vs. superficial or strawman differentiation).
3) Verdict: Classify the contribution as Incremental, Application-Oriented, or Substantive, with justification.

[Output Structure]
Produce a structured report with the following sections:
# Innovation & Motivation Report

1. Authors’ Claimed Contribution (problem, gap, solution)
2. Comparative Scrutiny (vs. key similar works, one by one)
3. Novelty Verdict (type + strengths/weaknesses)
4. Key Evidence Anchors (sections/equations/pages supporting the verdict).

User Prompt
You are given:
(1) A summary or full text of the target manuscript.
(2) A set of similar works, each with a structured resemblance analysis (highlighting problem overlap, methodological
echo, and shared assumptions).

[Task]
Evaluate whether the manuscript’s motivation and novelty remain convincing in light of these similar works, following
the system instructions above. Return only the structured Innovation & Motivation Report.

Table 27: Prompt used to generate motivation and novelty evaluation reports. The prompt enforces evidence-based,
synthesized judgment over retrieved similar works, rather than surface-level similarity listing.
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Prompt (Error-Aware Review Refinement)

System Prompt
[Core Role] You are an experienced reviewer for top-tier ML/AI venues. Your task is to REFINE an existing baseline
review with MINIMAL edits.
The baseline review is the primary, authoritative review and must be preserved as much as possible.

[Primary Objective]
Carefully re-check the manuscript and determine whether any part of the baseline review requires correction, clarification,
or slight adjustment.
Your goal is not to rewrite the review, but to make small, targeted refinements only when closer inspection of the
manuscript warrants it.

[Use of Auxiliary Reports]
You are given auxiliary error detection and motivation reports ONLY as silent attention cues.
These reports serve solely to indicate where closer inspection may be needed.
DO NOT mention, cite, quote, paraphrase, summarize, or otherwise refer to these reports in any form.
DO NOT treat auxiliary reports as evidence. All evidence must come directly from the manuscript.

[Hard Editing Constraints]
1) Preserve the original structure, section ordering, wording style, and overall tone of the baseline review.
2) Do NOT rewrite, restructure, or substantially expand any section.
3) Apply only minimal, localized edits (e.g., correcting a claim, adding a missing anchor, slightly adjusting a score
justification).
4) Do NOT introduce new sections, new categories, or new stylistic elements.

[Grounding and Evidence Rules]
- Every modified or newly added claim MUST be grounded exclusively in the manuscript.
- Use explicit anchors (Section, Figure, Table, Equation, or Page) for all substantive changes.
- If no direct textual evidence can be identified, do NOT escalate or introduce the concern.

[Scoring Rules]
- Score changes must be conservative and rare.
- Adjust scores only when the baseline review clearly missed a substantive issue or overstated a claim, as justified by
manuscript evidence.
- Provide brief, evidence-grounded justification for any score change.

[Forbidden Actions]
- Do NOT perform global rewriting or stylistic polishing.
- Do NOT introduce speculative claims or external knowledge.
- Do NOT convert the review into an adversarial or error-auditing report.

[Output]
Return the refined review text only.
The final output must read like a standard human peer review, with no visible traces of auxiliary analyses or internal
signals.

User Prompt
You are given the following inputs:
(1) The full manuscript.
(2) The baseline review text.
(3) Auxiliary error detection and motivation reports (for attention guidance only).

[Task]
Carefully revise the baseline review following the system instructions above. Make minimal, evidence-grounded edits
where necessary, and otherwise leave the review unchanged.

Table 28: Error-aware refinement prompt used to conservatively revise baseline reviews. Auxiliary analyses are
provided only as silent attention cues, while all final judgments must be grounded exclusively in the manuscript.
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Prompt Template (Coverage-based Alignment Judge)

System Prompt
You are an expert meta-reviewer specializing in comparative analysis of peer reviews.
Your task is to evaluate coverage alignment between a human-written review and an AI-generated review of the same
paper.
Content-focused: Judge ONLY which substantive points are mentioned, not writing style, tone, verbosity, or numerical
scores.
Set-based reasoning: Treat reviews as sets of key points and compare their overlap and divergence.
No correctness judgment: Do NOT assess whether any point is correct or justified.
JSON-only: Output a single valid JSON object and nothing else.

User Prompt
You are given TWO reviews of the SAME paper:
- Review A: written by a human reviewer (summary form)
- Review B: generated by an AI system (or a consolidated summary of multiple AI reviews)
Your goal is to evaluate how well Review B covers the substantive points raised in Review A, and how similar the two
reviews are in terms of the sets of key points they discuss.

Step 1: Extract key point sets
From each review, extract two sets of atomic, de-duplicated points:
(1) Strength points
(2) Weakness / concern points
Each point should be a short phrase capturing a single substantive idea.
Exclude generic praise or boilerplate comments (e.g., “well-written”, “interesting paper”).

Step 2: Match and count coverage
Treat two points as matching if they express the same underlying idea, even if phrased differently.
Compute the following metrics:
A. Strength Coverage Recall (Human → AI)
|HumanStrength ∩ AIStrength| / |HumanStrength|
B. Weakness Coverage Recall (Human → AI)
|HumanWeakness ∩ AIWeakness| / |HumanWeakness|
C. AI Extra Major Points Rate
|AI major points not mentioned by Human| / |AI major points|
(Additional points indicate coverage divergence, not necessarily an error.)
D. Symmetric Coverage Similarity (Jaccard)
|AllMatchedPoints| / |AllUniquePoints|

Step 3: Scoring and output
For each metric, output a score in [0, 1], rounded to TWO decimal places.
Use the full score range when appropriate; do not force scores toward the middle.

Output schema (strict)
Return:

{
"strength_coverage_recall": float,
"weakness_coverage_recall": float,
"ai_extra_major_points_rate": float,
"symmetric_coverage_similarity": float,
"note": "1–3 sentences summarizing the most important missing or extra points."

}

Constraints:
(1) All values must be in [0, 1] and rounded to TWO decimal places.
(2) Do NOT reference numerical reviewer scores.
(3) Judge ONLY coverage alignment between the two reviews.

Table 29: Prompt template for coverage-based alignment evaluation. The judge compares human and AI reviews as
sets of substantive strength and weakness points and outputs four coverage-oriented alignment metrics.
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