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Abstract001

Peer review is an essential process in scientific002
research, yet the growing workload has made003
its automation increasingly necessary. In this004
study, we analyze how different types of re-005
viewer guidelines, such as official conference006
guidelines and reviewer-imitating ones gener-007
ated from high-quality human reviews using008
LLMs, affect automated peer review. Our ex-009
periments show that official conference guide-010
lines produce review results most consistent011
with human judgments, suggesting that evalua-012
tion criteria refined through conference practice013
serve as effective guidance for automated re-014
viewing as well. In contrast, reviewer-imitating015
guidelines were generally less effective than016
official conference guidelines. Furthermore, en-017
forcing strict rubric-style scoring consistently018
degraded performance, highlighting the impor-019
tance of allowing subjective and holistic scor-020
ing.021

1 Introduction022

In recent years, the explosive growth in submis-023

sions to major machine learning conferences has024

placed an enormous burden on peer reviewers (Stel-025

makh et al., 2020; Zhang et al., 2022; Wei et al.,026

2025; Kim et al., 2025). The current human-based027

peer review system faces serious challenges includ-028

ing reviewer overload, inconsistent judgments, su-029

perficial evaluations, and delayed feedback. At030

the same time, as research automation advances,031

the importance of accurate evaluation has only in-032

creased, making the automation of the peer review033

process an urgent necessity.034

One clear illustration comes from the ARR035

guidelines, which ask reviewers to “Check for com-036

mon review issues”1. These items do not simply037

caution reviewers against mistakes, but establish038

concrete criteria for judging the scientific contribu-039

tion of a paper: for example, a result should not be040

1https://aclrollingreview.org/
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undervalued merely because it appears “unsurpris- 041

ing,” nor should a contribution be dismissed solely 042

because it contradicts prior beliefs. By formalizing 043

such principles, ARR effectively provides opera- 044

tional indicators that define what counts as sound, 045

novel, and impactful research. Such directions il- 046

lustrate how, as noted by Seeber (2020), reviewer 047

guidelines shape the nature and quality of peer re- 048

view rather than serving as administrative notes. 049

While several studies have explored auto- 050

mated peer review using Large language models 051

(LLMs) (Zhuang et al., 2025; Shin et al., 2025; 052

Chen et al., 2025; Lin et al., 2025; Li et al., 2025; 053

Weng et al., 2025), the impact of guidelines and 054

rubrics that govern review policies on automated 055

review performance has not been sufficiently inves- 056

tigated. Guidelines direct reviewers’ attention to 057

particular aspects and perspectives when evaluat- 058

ing a paper, and thus are crucial determinants of 059

review quality. However, it remains unclear what 060

types of guidelines are effective, and what types 061

are ineffective, for automated peer review. 062

Broadly, two approaches can be considered for 063

guideline design in automated peer review. One 064

is to directly provide LLMs with existing, human- 065

written guidelines established for each conference 066

(e.g., official reviewer guideline from ARR) and 067

have them conduct reviews. The other is a reviewer- 068

imitating approach, where high-quality human- 069

written reviews are used as input to a guideline 070

generator (such as an LLM), which then extracts 071

recurring evaluation patterns and key perspectives 072

to generate new guidelines. 073

In this study, we systematically investigate how 074

review quality is affected when LLMs conduct re- 075

views under different guideline conditions. Specifi- 076

cally, we address the following research questions: 077

RQ1: Does providing guidelines improve the per- 078

formance of automated peer review? A: We 079

found that providing guidelines improves the 080
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performance of automated peer review. In par-081

ticular, using official conference guidelines,082

such as those from NeurIPS and ARR, proved083

to be more effective. This suggests that evalu-084

ation criteria refined over time by the research085

community serve as a strong foundation for086

automated reviewing as well (§3).087

RQ2: Are reviewer-imitating guidelines effective?088

In particular, is it better for models to de-089

termine scores subjectively, or to compute090

them strictly using rubric-style criteria? A:091

We found that reviewer-imitating guidelines092

were generally less effective than official con-093

ference guidelines. In particular, rubric-style094

formulations further reduced alignment with095

human judgments. This suggests that allow-096

ing LLMs to determine scores subjectively097

may offer better alignment with human judg-098

ment in specific contexts, rather than enforc-099

ing rigid, additive scoring logic(§4).100

2 Problem Formulation101

Types of Reviewer Guidelines This study ana-102

lyzes two approaches for automated peer review:103

(1) using human-created guidelines (e.g., official104

ICLR reviewer guidelines) directly provided to105

LLMs for reviewing, and (2) generating guidelines106

from high-quality human reviews (filtered based107

on criteria in Appendix A) using LLMs and then108

using these generated guidelines for review.109

Guideline-Based Automated Review Both ap-110

proaches follow a common input–output structure111

for automated review, as shown in the prompt tem-112

plate in Appendix (Listing 6). The input consists113

of: (i) a paper in text format2, and (ii) review guide-114

lines (either human-created or LLM-generated).115

The output is a numerical review score (typically116

on a 1-10 scale) along with textual justification.117

Evaluation To evaluate the quality of automated118

reviews, we compute the root mean squared error119

(RMSE) between LLM-generated scores and hu-120

man review scores for the same papers. A lower121

RMSE indicates that the model’s ratings are numer-122

ically closer to human ratings. This metric allows123

us to assess how effectively an automated system124

approximates human peer review (Wei et al., 2025).125

2Converted from PDF with references and appendices re-
moved

Model No-Guideline ARR NeurIPS ICLR

Official conference guidelines

Qwen3-30B-A3B 3.06 3.18 2.07 2.91
DeepSeek-R1-32B 3.86 3.27 2.72 2.91
Qwen3-32B 3.58 3.32 2.51 2.89

Guidelines rewritten into instruction-style prompts

Qwen3-30B-A3B 3.06 2.97 3.08 2.99
DeepSeek-R1-32B 3.86 3.06 3.18 3.05
Qwen3-32B 3.58 3.16 3.32 3.09

Table 1: RMSE of automated review scores under No-
Guideline and official conference guidelines. Upper
block shows results using official reviewer guidelines,
while lower block uses the same content rewritten into
instruction-style prompts (converted with ChatGPT).
Best results are in bold, second-best are underlined.
Lower values are better, indicating closer alignment
with human scores.

3 Effectiveness of Conference Reviewer 126

Guidelines for Automated Review 127

This section evaluates how well reviewer guide- 128

lines improve automated peer review. We address 129

whether providing guidelines improves accuracy 130

and which venue’s guidelines are most effective. 131

Setup We randomly sampled 1,500 submissions 132

(papers and reviews) from the ICLR 2024 peer- 133

review dataset3. For each paper, the human refer- 134

ence label is the average of its reviewers’ overall 135

rating. We evaluate three models: Qwen3-30B- 136

A3B (MoE model)4(Yang et al., 2025), DeepSeek- 137

R1-Distill-Qwen3-32B5(DeepSeek-AI et al., 2025), 138

and Qwen3-32B6(Yang et al., 2025). “No- 139

Guideline” denotes prompting the model with the 140

paper only (no guideline) to output an integer 141

overall rating, as shown in Appendix B. We 142

also evaluate using official reviewer guidelines 143

from ICLR7/NeurIPS8/ARR9. Because official doc- 144

uments often include non-evaluative administrative 145

notes and explanatory prose, we additionally test 146

3We collected data from ICLR 2024 submissions on
OpenReview, including 7,262 paper PDFs and 28,028 open-
access reviews from https://openreview.net/group?id=
ICLR.cc/2024/Conference

4https://huggingface.co/Qwen/Qwen3-30B-A3B
5https://huggingface.co/deepseek-ai/

DeepSeek-R1-Distill-Qwen3-32B
6https://huggingface.co/Qwen/Qwen3-32B
7https://iclr.cc/Conferences/2024/

ReviewerGuide
8https://neurips.cc/Conferences/2024/

ReviewerGuidelines
9https://aclrollingreview.org/

reviewerguidelines
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an instruction-style variant where the same eval-147

uative content is rewritten as imperative, bullet-148

pointed instructions with explicit output require-149

ments converted using ChatGPT 5. The prompts150

used for all guideline-based conditions is shown in151

Appendix C.152

Q1: Do guidelines improve automated review-153

ing? We compare No-Guideline to runs with con-154

ference guidelines. As shown in Table 1, RMSE155

consistently decreases across all models when156

guidelines are provided. For example, DeepSeek-157

R1-32B demonstrates a substantial reduction in er-158

ror across all three conference venues compared to159

the No-guideline baseline. Similary, the instruction-160

style prompts outperform the baseline for all tested161

models, indicating that explicit evaluative criteria162

improve agreement with human judgements.163

Q2: Which conference guidelines are more ef-164

fective? We next compare ICLR/NeurIPS/ARR165

against each other. With the official guideline text,166

all three models achieve the lowest RMSE under167

NeurIPS, followed by ICLR, then ARR (e.g., for168

Qwen3-30B-A3B: 2.07 < 2.91 < 3.18). When169

the same content is converted into instruction-style170

prompts, the best venue varies by model: Qwen3-171

30B-A3B prefers ARR (2.97), while DeepSeek-R1-172

32B and Qwen3-32B prefer ICLR (3.05 and 3.09,173

respectively). In other words, beyond the guideline174

content, the presentation (verbatim policy text vs.175

instruction-style prompt) can alter model behavior176

and flip the relative ranking among venues.177

4 Effectiveness of Reviewer-imitating178

Guidelines in Automated Peer Review179

In addition to using human-written conference re-180

viewer guidelines, another approach is to construct181

guidelines with an LLM. In this section, we ex-182

amine whether reviewer-imitating guidelines, gen-183

erated from human-written reviews, can improve184

automated peer review. We evaluate review quality185

using several indicators (such as review length) and186

extract common perspectives from high-quality re-187

views, which are then converted into guidelines by188

an LLM. Through this filtering process, we divide189

reviews into three groups: Good Review, Middle,190

and Bad Review. We generate guidelines from each191

group and compare automated review performance192

under these different settings.193

Overview of Guideline Generation We generate194

reviewer-imitating guidelines and apply them to195

automated peer review through the following steps: 196

Listing 1: Example of reviewer-imitating guideline ex-
tracted from high-quality (“Good”) reviews.

197
Provide the following based on the Peer Review 198
Behavior Checklist: 199

200
peer_review_behavior_checklist: 201

good_paper: 202
contribution_and_impact: 203
- question: "Does the paper tackle a 204

significant and timely problem?" 205
description: "Reviewers positively note 206

papers that address important and relevant 207
research topics, seeing it as a sign of 208
potential impact." 209

- question: ... 210
clarity_and_presentation: ... 211
bad_paper: 212
novelty_and_scholarship: 213
- question: "Is the contribution 214

incremental or a re-implementation of existing 215
ideas?" 216

description: "This is a frequent and 217
critical flaw. Reviewers are highly 218
knowledgeable and will reject papers they deem 219
to be minor variations of prior work, often 220
citing the specific papers." 221

- question: ... 222
clarity_and_soundness: ... 223224

• STEP1: Review Data Filtering: To ensure 225

guidelines are distilled from thorough reviews, 226

we filter data using programmatic proxies: 227

Length, Submission Date, Citations, and Con- 228

sistency. While manual expert annotation is 229

a gold standard, these structural metrics pro- 230

vide a scalable and reproducible foundation 231

for assessing reviewer engagement and thor- 232

oughness. Reviews are grouped into Good, 233

Middle, and Bad based on a composite score 234

(3-17 points)3. 235

• STEP2: Guideline Generation: We provide 236

the filtered reviews from each group (30 re- 237

views) to Gemini 2.5 Pro (Google Gemini 238

Team, 2025) to generate reviewer-imitating 239

guidelines. The resulting guidelines are struc- 240

tured as a checklist, with separate items for 241

positive aspects (good papers) and negative 242

aspects (bad papers). They capture frequently 243

mentioned criticisms, recurring evaluation cri- 244

teria, and characteristic perspectives. For ex- 245

ample, Listing 1 shows an actual generated 246

guideline (excerpted for brevity). Further de- 247

tails are described in §A.3. 248

• STEP3: Automated Review Using Guide- 249

lines: This step follows the same procedure 250
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Model Setting Base. Good Mid. Bad

Qwen3-30B-A3B w/o Rubric 3.06 3.22 3.24 3.14
w/ Rubric N/A 4.42 4.10 4.28

DeepSeek-R1-32B w/o Rubric 3.86 3.13 3.12 3.06
w/ Rubric N/A 4.26 3.92 4.26

Qwen3-32B w/o Rubric 3.58 3.48 3.51 3.69
w/ Rubric N/A 4.57 4.31 4.62

Table 2: RMSE (lower values are better) under reviewer-
imitating guidelines, comparing settings with and with-
out rubric. “Good” and “Bad” denote guidelines dis-
tilled from high-quality and low-quality human reviews,
respectively.

as in the conference guideline experiments.251

The generated reviewer-imitating guidelines252

are given to the LLMs together with the paper253

text. The model then outputs an overall rating254

on a 1–10 scale and gives a brief justification.255

Q1: Do reviewer-imitating guidelines outper-256

form No-Guideline? We compare No-Guideline257

(the model uses only the paper) against reviewer-258

imitating guidelines from the Good/Bad groups.259

The impact of reviewer-imitating guidelines is260

model-dependent (see Table Table 2 for the com-261

parison with the No-Guideline baseline). While262

DeepSeek-R1-32B shows a notable improvement263

in alignment, other models such as Qwen3-30B-264

A3B experience performance degeadation when us-265

ing guidelines distilled from human reviews. This266

suggests that reviewer imitation does not yield the267

same uniform gains observed with official confer-268

ence guidelines.269

Q2: How do reviewer-imitating guidelines270

compare to conference guidelines? We com-271

pare reviewer-imitating guidelines (Good/Bad) to272

official conference reviewer guidelines (ICLR,273

NeurIPS, ARR) under the same evaluation setup.274

Cross-referencing Table 1, conference guidelines275

consistently achieve lower RMSE than reviewer276

imitation. For example, with Qwen3-30B-A3B,277

Good = 3.22 and Bad = 3.14, while NeurIPS = 2.07278

and ICLR = 2.91. These results suggest that the279

structural clarity and explicit requirements in offi-280

cial guidelines calibrate models more effectively281

than behavior-only signals distilled from reviews.282

Q3: Does rubricizing reviewer-imitating guide-283

lines help? We compare free-form (non-rubric)284

instructions to rubric-style scoring for reviewer-285

imitating guidelines. In the rubric setting, the LLM286

judges whether each checklist item (Listing 1) in 287

the “good_paper” section is satisfied and assigns +1 288

point if so, while items in the “bad_paper” section 289

contribute -1 point. The total score is then normal- 290

ized to a 1–10 scale and used as the overall rating. 291

As shown in Table 2, the non-rubric setting consis- 292

tently outperforms rubric-style formulation across 293

all models and quality groups. In all cases, en- 294

forcing rigid point-allocation system significantly 295

increased RMSE compared to allowing the model 296

to provide free-form justifications. 297

5 Related Work 298

Automatic peer review research can be broadly 299

categorized into two approaches: learning-based 300

and prompt-based. The learning-based approach 301

trains models to generate reviews or predict scores 302

using task-specific supervision and intermediate 303

reasoning. Early studies generated explainable 304

reviews from structured evidence built through 305

knowledge graphs (Gao et al., 2020). More recent 306

work employs multi-stage pipelines that emulate 307

expert analytical processes to train end-to-end re- 308

view models (Zhu et al., 2025). In addition, recent 309

surveys have organized datasets and tasks, help- 310

ing to systematize what is learned and how mod- 311

els are evaluated (Yuan et al., 2022; Dycke et al., 312

2023). The prompt-based approach guides large 313

language models during inference using rubrics 314

or instructions. Studies on prompt-based auto- 315

mated reviewing have shown that well-designed 316

evaluation criteria improve the fidelity and gran- 317

ularity of judgments (Kim et al., 2023). Bench- 318

marking frameworks further standardize prompt 319

formats and evaluation procedures (Zheng et al., 320

2023). These studies collectively highlight the im- 321

portance of explicit instructions for LLMs. Build- 322

ing on this insight, we analyze how using reviewer 323

guidelines, which serve as instructions to human 324

reviewers, as prompts affects the quality of auto- 325

mated peer review. A related study (Kirtani et al., 326

2025) uses existing conference guidelines to gen- 327

erate and evaluate LLM-generated reviews. In 328

contrast, we not only compare official guidelines 329

from multiple venues but also propose generating 330

reviewer-imitating guidelines from human reviews 331

using LLMs, and systematically evaluate how these 332

different guideline types affect scoring alignment 333

with human judgments 334
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Limitations335

This study is limited in several aspects. First, we336

only analyze review data written in English, as the337

ICLR 2024 dataset contains exclusively English338

reviews. Consequently, our findings may not gen-339

eralize to non-English scientific contexts where340

linguistic structures and cultural factors influence341

evaluation criteria.342

Furthermore, our evaluation relies primarily on343

Root Mean Squared Error (RMSE) between LLM-344

generated scores and human averages. While345

RMSE effectively measures numerical alignment,346

it serves as a narrow metric that does not fully347

capture the quality, helpfulness, or logical depth348

of the textual justifications. A significant limita-349

tion of this work is the absence of systematic tex-350

tual analysis, such as measuring Review Length351

or Vocabulary Richness (type-token ratio), which352

would provide a more multidimensional view of353

how guidelines influence the granularity and lin-354

guistic diversity of automated reviews. Addition-355

ally, our "No-Guideline" baseline exhibits a ten-356

dency toward score centralization, which could357

potentially mask performance nuances in extreme358

scoring ranges; future work should examine the full359

distribution of predictions to mitigate this effect.360

Finally, while our reviewer-imitating guidelines361

are derived from high-quality human reviews, their362

effectiveness depends on the specific logic and po-363

tential biases of the generator model (Gemini 2.5364

Pro) and the structural metrics used for filtering.365

Future research should explore cross-model guide-366

line generation and human-in-the-loop validation367

to ensure that automated criteria remain aligned368

with evolving scientific standards.369
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Yuwen Jiang, and Jialiang Lin. 2025. Large lan-472
guage models for automated scholarly paper review:473
A survey. Preprint, arXiv:2501.10326.474

A Detailed Description of the475

Reviewer-imitating Guideline476

A.1 Review Data Collection and Filtering477

We collected data from ICLR 2024 submissions478

on OpenReview, including 7,262 paper PDFs and479

28,028 open-access reviews as mentioned in § 3.480

We selected ICLR due to the abundance of open-481

access data and its status as a representative confer-482

ence in the machine learning field. Table 3 shows483

an example of review data used in our study. Each484

review includes the following elements: review485

summary, item-specific scores (soundness, presen-486

tation, contribution), strengths, weaknesses, ques-487

tions, overall score, and confidence level. However,488

not all reviews are of high quality. Some reviews489

are too short, have unclear evidence, or have incon-490

sistent scores and content. To generate guidelines491

from high-quality reviews, it is necessary to filter492

the review data as preprocessing. Filtering uses493

the following five criteria, based on our intuitions 494

about what constitutes high-quality reviews. 495

1. Submission Date: Measures deviation from 496

the average review submission date. We hy- 497

pothesize that reviewers who submit reviews 498

promptly are more conscientious and likely to 499

produce higher quality reviews. 500

2. Review Length: Evaluation based on char- 501

acter count, with longer reviews assumed to 502

indicate deeper engagement with the paper. 503

We calculate scores based on multiples of the 504

median length. 505

3. Reference Quality: Evaluates mention of one 506

or more references, pointing out insufficient 507

related work, and critical discussion of prior 508

work (0-3 points). We expect that reviewers 509

with higher domain expertise, evidenced by 510

reference to relevant literature, produce better 511

reviews. We use LLMs to score this criterion 512

by inputting review data and prompting for 513

assessment of reference usage. 514

4. Content Consistency: Evaluates consistency 515

between review text tone and evaluation score, 516

and alignment between justification and score 517

(0-2 points). We assume that reviews with in- 518

consistent tone and ratings (e.g., positive text 519

with low scores or vice versa) indicate poor 520

review quality. We employ LLMs to assess 521

this consistency by analyzing the alignment 522

between textual content and numerical scores. 523

5. Subscore Consistency: Evaluates consis- 524

tency between item scores (soundness, pre- 525

sentation, contribution) and overall score, and 526

alignment between each subscore and evalu- 527

ation content (0-2 points). Similar to content 528

consistency, we expect coherent scoring pat- 529

terns to indicate higher review quality. LLMs 530

evaluate this criterion by examining the coher- 531

ence between different scoring components. 532

Filtering scores are distributed in the range of 3- 533

17 points, with a median of 11 points. Based on this 534

score, we create high-quality (“Good”), medium- 535

quality (“Middle”), and low-quality (“Bad”) review 536

groups. We assume that reviews satisfying these 537

criteria represent high-quality reviews. However, 538

we empirically analyze whether these assumptions 539

hold true and investigate which criteria positively 540

(or potentially negatively, contrary to our intuition) 541
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Field Content

Summary This paper proposes a method for multimodal learning...

Strengths (1) The motivation is clear... (2) ...

Weaknesses (1) The novelty is limited... (2) ...

Questions (1) How does the method scale with model size?... (2) ...

Soundness 3 (good)

Presentation 3 (good)

Contribution 3 (good)

Overall Rating 8: accept, good paper

Confidence 4: You are confident in your assessment, ..

Submission Date {Unix timestamp}

Table 3: Illustrative example of review data inspired by the ICLR 2024 peer review dataset (not from actual reviews).
The content is paraphrased and does not reproduce any actual review text. To extract high-quality reviews for
guideline generation, we filter this data using five predefined criteria: (1) Submission Date (uses timestamp to
measure timing appropriateness), (2) Review Length (evaluates character count from textual fields), (3) Reference
Quality (analyzes citation mentions in textual content), (4) Content Consistency (assesses alignment between
textual tone and numerical scores), and (5) Subscore Consistency (checks coherence between item-specific and
overall ratings). Our experiments also analyze which filtering criteria are most effective for extracting quality
reviews.

correlate with automated review performance in542

our experiments.543

A.2 Filtering Criteria Details544

This section provides detailed calculation proce-545

dures for the five filtering criteria used to assess546

review quality.547

Submission Date The submission date criterion548

evaluates the timing of review submission relative549

to the conference’s review timeline. We calculate550

the deviation from the average review submission551

time across all reviews for the same conference. Let552

ti be the submission timestamp for review i, and t̄553

be the average submission time across all reviews.554

The deviation score is calculated as di = |ti − t̄|.555

Reviews are scored based on their deviation from556

the average submission time:557

• +5 point: di ≤ 2 days from average558

• +4 point: 2 < di ≤ 5 days from average559

• +3 point: 5 < di ≤ 10 days from average560

• +2 point: 10 < di ≤ 20 days from average561

• +1 point: di > 20 days from average562

Review Length The review length criterion eval-563

uates the total character count of the review text, in-564

cluding summary, strengths, weaknesses, and ques-565

tions sections. Let li be the character count for566

review i, and M be the median character count 567

across all reviews. The length score is determined 568

as follows: 569

• +5 point: li > 1.5×M 570

• +4 point: 1.2×M < li ≤ 1.5×M 571

• +3 point: 0.8×M < li ≤ 1.2×M 572

• +2 point: 0.5×M < li ≤ 0.8×M 573

• +1 point: li ≤ 0.5×M 574

Reference Quality Reference quality is evalu- 575

ated using LLM assessment of how well the review 576

engages with relevant literature. The scoring crite- 577

ria (0-3 points) are: 578

• +1 point: Review mentions one or more rele- 579

vant references 580

• +1 point: Review identifies missing or insuffi- 581

cient related work 582

• +1 point: Review provides critical discussion 583

of prior work 584

The full prompt is shown in Listing 2. 585

Listing 2: Prompts of reference quality assessment
586
587
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Your task is to evaluate the quality of a peer588
review. Specifically, analyze whether the589
reviewer suggests any additional references or590
points out missing ones.591

592
# REVIEW CONTENT:593
Summary: {summary}594
Strengths: {strengths}595
Weaknesses: {weaknesses}596
Questions: {questions}597

598
# TASK:599

600
# Step 1: Analysis601
Evaluate the review using the rubric below. For602
each applicable item, add **+1 point** (maximum:603
3 points).604

605
## Rubric:606
- The reviewer explicitly suggests or mentions607
one or more references (+1 point)608
- The reviewer identifies missing citations or609
insufficient coverage of related work (+1 point)610
- The reviewer discusses prior work in a611
detailed or critical way (+1 point)612

613
## Briefly explain which of the above items614
apply and why.615

616
# Step 2: Output617
Based on the total score, assign `618
reference_quality` as follows:619
- 3 or 2 points : `"high"`620
- 1 point : `"medium"`621
- 0 points : `"low"`622

623
Then summarize your judgment in the following **624
YAML** format:625
```yaml626
"suggests_references": true/false,627
"reference_count": integer,628
"points_out_missing_citations": true/false,629
"quality_score": 0/1/2/3,630
"reasoning": "brief explanation of what631
references were found or what gaps were pointed632
out",633
"reference_quality": "high" / "medium" / "low"634
```635636

Content Consistency Content consistency mea-637

sures the alignment between the textual content of638

the review and the numerical scores provided. This639

is assessed using LLMs with the following criteria640

(0-2 points):641

• +1 point: Review tone matches the numerical642

rating (positive tone with high scores, critical643

tone with low scores)644

• +1 point: Justification provided in the text645

aligns with the overall score646

The full prompt is shown in Listing 3.647

Listing 3: Prompts of content consistency assessment
648

649
Your task is to evaluate the consistency between 650
a reviewer's **overall rating** and the ** 651
textual content** of their review (e.g., 652
strengths, weaknesses, and summary). 653

654
# REVIEW: 655
Rating: {rating} 656

657
## Summary: 658
{summary} 659

660
## Strengths: 661
{strengths} 662

663
## Weaknesses: 664
{weaknesses} 665

666
# TASK: 667

668
## Step 1: Analysis 669
Evaluate the review using the rubric below. For 670
each applicable item, add **+1 point** (maximum: 671
2 points). 672

673
### Rubric: 674
- The **overall tone** of the review (as 675
reflected in strengths/weaknesses) matches the 676
numerical rating (+1 point) 677

_(e.g., a review with mostly strong praise and 678
minor weaknesses aligns with a high rating like 679
"8: accept")_ 680

681
- The **justifications provided in text** 682
reasonably support the rating given, showing a 683
clear rationale (+1 point) 684

_(e.g., the rating is backed up with concrete 685
positive or negative points related to novelty, 686
results, impact, etc.)_ 687

688
## Step 2: Output 689
Based on the total score, assign ` 690
content_consistency` as follows: 691
- 2 points: "consistent" 692
- 1 point: "somewhat inconsistent" 693
- 0 points: "inconsistent" 694

695
Then summarize your judgment in the following ** 696
YAML** format: 697

698
```yaml 699
rating: "{rating}" 700
summary_excerpt: short excerpt (1-2 sentences) 701
summarizing the review 702
key_strengths: brief key points reflecting 703
strengths 704
key_weaknesses: brief key points reflecting 705
weaknesses 706
quality_score: 0/1/2 707
reasoning: "brief explanation of how the textual 708
content aligns (or not) with the rating" 709
content_consistency: "consistent" / "somewhat 710
inconsistent" / "inconsistent" 711712

Subscore Consistency Subscore consistency 713

evaluates the coherence between item-specific 714

scores (soundness, presentation, contribution) and 715

the overall rating. LLMs assess this using the fol- 716
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lowing criteria (0-2 points):717

• +1 point: Overall score reasonably reflects the718

average of subscores719

• +1 point: Each subscore aligns with the corre-720

sponding evaluation aspects discussed in the721

text722

The full prompt is shown in Listing 4.723

Listing 4: Prompts of subscore consistency assessment
724
725

Your task is to evaluate the consistency between726
a reviewer's overall rating and the subscores727
they assigned.728

729
# REVIEW SCORES:730
Rating: {rating}731
Soundness: {soundness}732
Presentation: {presentation}733
Contribution: {contribution}734

735
# TASK:736

737
# Step 1: Analysis738
Evaluate the review using the rubric below. For739
each applicable item, add **+1 point** (maximum:740
2 points).741

742
## Rubric:743
- The overall rating is in line with the average744
or weighted impact of the subscores (+1 point)745
- The subscores reflect distinct and plausible746
dimensions of evaluation (e.g., a paper with747
strong contribution but weak presentation is748
rated moderately overall) (+1 point)749

750
## Briefly explain which of the above items751
apply and why.752

753
# Step 2: Output754
Based on the total score, assign755
subscore_consistency as follows:756
- 2 points: "consistent"757
- 1 point: "somewhat inconsistent"758
- 0 points: "inconsistent"759

760
Then summarize your judgment in the following **761
YAML** format:762
```yaml763
"rating": "{rating}",764
"soundness_score": "{soundness}",765
"presentation_score": "{presentation}",766
"contribution_score": "{contribution}",767
"average_subscore": float,768
"quality_score": 0/1/2,769
"reasoning": "brief explanation of whether the770
subscores align or conflict with the overall771
rating",772
"subscore_consistency": "consistent" / "somewhat773
inconsistent" / "inconsistent"774
```775776

Score Distribution The combined filtering777

scores range from 3 to 17 points (sum of all five778

criteria). To analyze review quality, we sampled 779

three groups of reviews based on their scores: 780

• Good: 30 reviews randomly sampled from 781

those with a score of 17 782

• Middle: 30 reviews randomly sampled from 783

those with a medium score of 11 784

• Bad: 30 reviews randomly sampled from 785

those with scores of 6 or lower 786

A.3 Guideline Generation 787

We concatenate the filtered reviews into a single 788

text prompt and input it to Gemini 2.5 Pro for guide- 789

line generation. The LLM analyzes the combined 790

review text to identify common evaluation patterns, 791

important perspectives, and judgment criteria, and 792

then generalizes these findings to generate reviewer 793

guidelines in a single inference step. 794

The LLM is prompted to generate guidelines by 795

identifying the characteristics of “good papers” and 796

“bad papers.” This process results in guidelines that 797

include evaluation principles such as “papers with 798

high originality are good” or “papers with poor 799

writing quality are bad.” The generated guidelines 800

are formatted as YAML checklists following the 801

structure shown in Listing 1, with judgment crite- 802

ria organized by evaluation category (e.g., clarity, 803

experimental validity) in question format. 804

For review scoring, we consider two types of 805

guideline formats: rubric-based and non-rubric- 806

based. The rubric-based format specifies ex- 807

plicit scoring rules with defined point allocations, 808

whereas the non-rubric-based format provides gen- 809

eral evaluation guidance without a fixed scoring 810

framework. This approach aims to extract gener- 811

alized evaluation criteria from large-scale review 812

data and to capture subtle patterns that may not be 813

reflected in manually crafted guidelines. 814

B Prompt of No-guideline 815

For the non-guideline baseline, we used a minimal 816

prompt that did not provide any reviewer guidelines. 817

The LLM is simply asked to read the paper and 818

assign an overall rating on a 1–10 scale, along with 819

a brief justification. The full prompt is shown in 820

Listing 5. 821

Listing 5: Prompt used in the Non-guideline condition
822

You are an expert paper reviewer. Please read 823
the following paper content and rate its quality. 824

825
826
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# Paper827
{content}828

829
# Instructions830
Provide:831
- A numerical rating (1-10) for overall quality.832
- A short justification for your score.833

834
# Format835
Output the integer overall rating as the836
following format after your justification:837
"Overall Rating: (Your Rating)"838839

C Prompt of Guideline-based Automated840

Peer Review841

To ensure consistency across different reviewer842

guidelines, we designed a unified prompt tem-843

plate for automated peer review, as shown in844

Listing 6. Each experiment replaces the place-845

holder {reviewer_guideline} with the corre-846

sponding conference or reviewer-derived guideline847

(i.e., ICLR, ARR, NeurIPS, and Good/Middle/Bad848

reviewer style).849

Listing 6: Prompt template for automated peer review
using reviewer guidelines

850
You are an expert peer reviewer. Please read the851
following paper content and evaluate its852
quality based on the following reviewer853
guideline.854

855
# Paper856
{content}857

858
# Reviewer Guideline859
{reviewer_guideline}860

861
# Final Output862
Provide:863
- A numerical overall rating (1-10):864

- 10 = Strong Accept865
- 8 = Accept866
- 6 = Weak Accept867
- 5 = Borderline868
- 3 = Weak Reject869
- 1 = Strong Reject870

- A justification paragraph that summarizes the871
key strengths and weaknesses underlying your872
rating.873

874
# Format875
Output the integer overall rating as the876
following format after your justification:877
"Overall Rating: (Your Rating)"878879

Official Conference Guidelines For the official880

conference guidelines, we used the publicly avail-881

able reviewer guidelines from each conference’s882

official website without modification. For more de-883

tails, please refer to the respective conference pages884

(ICLR10, NeurIPS11, and ARR12). We also em- 885

ployed ChatGPT-rewritten versions of these guide- 886

lines, reformatted into an instruction style suitable 887

for LLM-based reviewing (Listing 7, Listing 8, and 888

Listing 9). 889

Listing 7: ARR Reviewer Guideline (ChatGPT-refined
version)

890
## Summary 891
Give a brief summary of the paper in your own 892
words. Highlight the key contributions and main 893
ideas. 894

895
## Strengths 896
List the main strengths of the paper, such as 897
novelty, clarity, strong empirical results, 898
theoretical insights, or broad relevance. 899

900
## Weaknesses 901
Point out the limitations, flaws, or missing 902
components (e.g., weak justification, incomplete 903
experiments, lack of clarity, missing baselines, 904
etc.). 905

906
## Assessment by Review Dimension 907
Please evaluate the paper based on the following 908
criteria from the following guidelines: 909

910
- **Soundness/Correctness**: Are the claims 911
supported by the methodology and evidence? Are 912
proofs or derivations correct (if applicable)? 913
- **Originality/Novelty**: Does the paper offer 914
novel methods, insights, or results? Is the 915
contribution incremental or substantial? 916
- **Meaningful Comparison**: Does the paper 917
clearly position itself with respect to prior 918
work? Are comparisons (empirical or conceptual) 919
adequate? 920
- **Clarity**: Is the paper well-written and 921
easy to follow? Are key terms defined and claims 922
clearly stated? 923
- **Impact/Potential**: Does the paper have the 924
potential to impact future research or practice 925
in its area? 926
- **Reproducibility**: Are datasets, code, and 927
hyperparameters provided or clearly described? 928
Could others replicate the results? 929
- **Ethics**: Are there any ethical 930
considerations raised by the paper (e.g., misuse 931
potential, data issues, fairness)? Are these 932
discussed? 933

934
You may optionally assign per-dimension scores 935
if helpful, but they are not required. 936

937
## Suggestions for Improvement 938
Provide constructive feedback for the authors to 939
help improve the work, regardless of your score. 940

941
--- 942

943

10https://iclr.cc/Conferences/2024/
ReviewerGuide

11https://neurips.cc/Conferences/2024/
ReviewerGuidelines

12https://aclrollingreview.org/
reviewerguidelines
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Please be professional, specific, and944
constructive. Your goal is to help both the945
authors and the review community understand the946
strengths, limitations, and suitability of the947
paper.948949

Listing 8: NeurIPS Reviewer Guideline (ChatGPT-
refined version)

950
Your evaluation should be structured into951
several components.952

953
### Summary954
Briefly summarize the paper and its main955
contributions in your own words. This summary956
should be a neutral reflection that the authors957
would agree with, not a critique or a copy of958
the abstract.959

960
---961

962
### Strengths and Weaknesses963
Provide a detailed assessment of the paper's964
strengths and weaknesses. This section should965
cover the primary reasons for your966
recommendation to accept or reject the paper.967
Evaluate the following dimensions:968

969
* **Quality**: Assess the technical soundness of970
the submission. Are the claims well-supported971
by theoretical analysis or experimental results?972
Are the methods appropriate? Does the work seem973
complete, and do the authors honestly evaluate974
both its strengths and weaknesses?975
* **Clarity**: Is the paper well-written and976
organized? Is there enough information for an977
expert to reproduce the results? Provide978
constructive suggestions if clarity can be979
improved.980
* **Significance**: How impactful are the981
results for the machine learning community? Is982
the work likely to be used or built upon by983
others? Does it advance the field by addressing984
a difficult task, providing new insights, or985
introducing a unique approach?986
* **Originality**: Does the paper offer new987
insights or a deeper understanding of existing988
methods? How does it differ from previous work,989
and are relevant citations included? Originality990
can come from a novel method, a novel991
combination of techniques, or new insights from992
evaluating existing methods.993

994
---995

996
### Numerical Ratings for Core Criteria997
Based on your assessment in the "Strengths and998
Weaknesses" section, provide a numerical rating999
for each of the following categories on a scale1000
from 1 to 4.1001

1002
* **Quality**:1003

* 4: excellent1004
* 3: good1005
* 2: fair1006
* 1: poor1007

* **Clarity**:1008
* 4: excellent1009
* 3: good1010
* 2: fair1011

* 1: poor 1012
* **Significance**: 1013

* 4: excellent 1014
* 3: good 1015
* 2: fair 1016
* 1: poor 1017

* **Originality**: 1018
* 4: excellent 1019
* 3: good 1020
* 2: fair 1021
* 1: poor 1022

1023
--- 1024

1025
### Questions for the Authors 1026
List 3-5 key, actionable questions or 1027
suggestions for the authors. These should focus 1028
on points where a response could clarify a 1029
confusion, address a limitation, or potentially 1030
change your evaluation. Clearly state the 1031
criteria under which your score might change. 1032

1033
--- 1034

1035
### Limitations and Societal Impact 1036
Assess whether the authors have adequately 1037
addressed the limitations of their work and its 1038
potential negative societal impact. If they have, 1039
a simple "yes" is sufficient. If not, provide 1040
constructive feedback for improvement. Remember 1041
to reward authors for being transparent about 1042
limitations. 10431044

Listing 9: ICLR Reviewer Guideline (ChatGPT-refined
version)

1045
## Justification and Detailed Review 1046
Write a clear and concise review, addressing 1047
each of the following dimensions from the 1048
following review guidelines: 1049

1050
- **Strengths and Weaknesses**: Identify the 1051
main strengths and weaknesses of the paper. 1052
- **Significance**: Evaluate whether the paper 1053
makes a meaningful contribution to the field. 1054
Does it advance understanding, methods, or 1055
applications in a way that would be interesting 1056
to the review community? 1057
- **Originality**: Assess whether the paper 1058
presents new ideas, methods, or perspectives. 1059
- **Technical Quality**: Are the methods 1060
technically sound and well-justified? Are claims 1061
supported by theory or experiments? 1062
- **Clarity**: Is the paper clearly written and 1063
well-structured? Can a non-expert in the 1064
subfield follow it? 1065
- **Empirical Evaluation** (if applicable): Are 1066
experiments well-designed? Are comparisons fair 1067
and comprehensive? Are results convincing? 1068
- **Reproducibility**: Does the paper provide 1069
enough information (including code/data, if 1070
applicable) for others to reproduce the results? 1071
- **Ethics**: Are there any ethical concerns (e. 1072
g., societal harm, bias, data misuse)? If yes, 1073
how are they handled? 1074

1075
## Confidential Comments to Reviewers (Optional) 1076
(Optional section) Note anything relevant for 1077
area chairs, such as borderline decisions, meta- 1078
considerations, or conflicts of interest. 1079
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1080
---1081

1082
Be objective, constructive, and concise. Focus1083
on helping the authors and the review community1084
understand the paper's strengths and limitations1085
based on the review standards.10861087

Reviewer-imitating Guidelines We addition-1088

ally generated reviewer-imitating guidelines from1089

ICLR 2024 reviews to capture common evaluation1090

patterns and characteristic reasoning observed in1091

human reviewers (Listing 10, Listing 11, and List-1092

ing 12). In non-rubric experiments, these guide-1093

lines were applied using the standard prompt tem-1094

plate shown in Listing 6. For rubric-based experi-1095

ments, we used the same reviewer-imitating guide-1096

lines (i.e., identical guideline for Good, Middle,1097

and Bad) but replaced the prompt template with a1098

scoring-oriented version (Listing 13) that specifies1099

explicit point-allocation and normalization proce-1100

dures.1101

Listing 10: Good Reviewer-Imitating Guideline (Non-
rubric)

1102
Provide the following based on the Peer Review1103
Behavior Checklist:1104

1105
peer_review_behavior_checklist:1106

good_paper:1107
contribution_and_impact:1108
- question: "Does the paper tackle a1109

significant and timely problem?"1110
description: "Reviewers positively note1111

papers that address important and relevant1112
research topics, seeing it as a sign of1113
potential impact."1114

- question: "Is the core idea clever,1115
insightful, or genuinely novel?"1116

description: "A key strength noted is a1117
non-trivial insight or a unique approach that1118
distinguishes the work from incremental1119
improvements."1120

clarity_and_presentation:1121
- question: "Is the paper exceptionally1122

well-written and easy to follow?"1123
description: "Reviewers frequently1124

praise clear writing, logical structure, and1125
understandable explanations as major strengths,1126
even in papers they have concerns about."1127

- question: "Are the motivation and1128
contributions communicated unambiguously?"1129

description: "A paper is viewed1130
favorably when its purpose and specific1131
contributions are stated clearly from the outset,1132
leaving no room for interpretation."1133

technical_and_empirical_soundness:1134
- question: "Does the method achieve a1135

significant performance gain over strong,1136
relevant baselines?"1137

description: "Convincing, large1138
improvements over well-established and widely-1139
used methods are a primary driver for a positive1140
evaluation."1141

- question: "Is the approach technically 1142
sound and well-grounded?" 1143

description: "Reviewers value methods 1144
that are built on solid theoretical foundations 1145
or have clear, logical justifications for their 1146
design choices." 1147

- question: "Are the experiments thorough, 1148
using standard benchmarks and insightful 1149
ablations?" 1150

description: "A comprehensive evaluation 1151
across multiple standard datasets, including 1152
ablation studies that validate specific design 1153
choices, is a hallmark of a strong submission." 1154

- question: "Are the experimental 1155
comparisons conducted fairly?" 1156

description: "This group of reviewers 1157
values direct, fair comparisons where baselines 1158
are properly tuned and experimental settings are 1159
consistent." 1160

- question: "Has the author provided 1161
source code to support reproducibility?" 1162

description: "The inclusion of source 1163
code is explicitly mentioned as a strength, as 1164
it supports the paper's claims and aids 1165
reproducibility." 1166

- question: "Could this work become a 1167
standard method or open new research avenues?" 1168

description: "Reviewers are supportive 1169
when they see potential for the work to be 1170
widely adopted or to inspire future research." 1171

bad_paper: 1172
novelty_and_scholarship: 1173
- question: "Is the contribution 1174

incremental or a re-implementation of existing 1175
ideas?" 1176

description: "This is a frequent and 1177
critical flaw. Reviewers are highly 1178
knowledgeable and will reject papers they deem 1179
to be minor variations of prior work, often 1180
citing the specific papers." 1181

- question: "Does the paper fail to cite 1182
or adequately discuss key related work?" 1183

description: "Missing citations for 1184
highly relevant papers is a major red flag, 1185
often interpreted as a lack of thoroughness or 1186
an attempt to hide a lack of novelty." 1187

empirical_evaluation: 1188
- question: "Are the experiments conducted 1189

on weak, outdated, or insufficient benchmarks?" 1190
description: "Evaluation on a very 1191

limited set of datasets or non-standard 1192
benchmarks is a common reason for rejection, as 1193
it fails to prove generalizability." 1194

- question: "Are the baselines weak, 1195
poorly tuned, or missing SOTA competitors?" 1196

description: "Comparisons are considered 1197
unconvincing if the paper omits stronger 1198
contemporary methods or appears to have 1199
intentionally weakened the performance of its 1200
baselines." 1201

- question: "Do the results actually 1202
support the main claims made in the paper?" 1203

description: "Reviewers critically check 1204
if the conclusions drawn in the abstract and 1205
introduction are truly backed up by the data 1206
presented in the tables and figures." 1207

clarity_and_soundness: 1208
- question: "Is the paper poorly written, 1209

confusing, or hard to follow?" 1210
description: "A lack of clarity in 1211

12



writing, notation, or structure is a frequent1212
reason for rejection, as it prevents the1213
reviewer from understanding or verifying the1214
contribution."1215

- question: "Are there critical flaws in1216
the methodology, assumptions, or logic?"1217

description: "Fundamental errors in the1218
proposed method, unjustified assumptions, or1219
logical gaps in the analysis are considered1220
fatal flaws."1221

- question: "Is there enough detail to1222
reproduce the work?"1223

description: "Reviewers will reject a1224
paper if it lacks the necessary implementation1225
details, hyperparameters, or architectural1226
information required for another researcher to1227
reproduce the results."1228

- question: "Is the problem motivation1229
weak or the contribution's significance unclear1230
?"1231

description: "If the paper fails to1232
convincingly argue why the problem is important1233
or why the proposed solution is meaningful, it1234
is often rejected."1235

- question: "Are the reported metrics1236
cherry-picked, inappropriate, or presented1237
without context?"1238

description: "Reviewers are skeptical of1239
results where the evaluation metrics seem1240
chosen to favor the proposed method or where1241
improvements are marginal without clear1242
statistical significance."12431244

Listing 11: Middle Reviewer-Imitating Guideline (Non-
rubric)

1245
Provide the following based on the Peer Review1246
Behavior Checklist:1247

1248
peer_review_behavior_checklist:1249

good_paper:1250
contribution_and_impact:1251
- question: "Is the core idea presented as1252

innovative or a novel application in its domain1253
?"1254

description: "Reviewers consistently1255
highlight novelty, being the 'first' to tackle a1256
problem, or proposing a unique approach as a1257
primary reason for acceptance."1258

- question: "Is the research problem1259
itself framed as crucial, important, or1260
meaningful?"1261

description: "Papers that address a1262
significant and recognized challenge in the1263
field are viewed more favorably, as this gives1264
the work inherent value."1265

clarity_and_presentation:1266
- question: "Is the paper praised for1267

being well-written, clear, and easy to follow?"1268
description: "High writing quality,1269

clear organization, and comprehensible1270
explanations are frequently cited as key1271
strengths, suggesting reviewers value1272
accessibility."1273

- question: "Does the paper include an1274
ablation study that clearly justifies each of1275
its components?"1276

description: "Reviewers for good papers1277
often look for and praise ablation studies, as1278
they demonstrate a thorough understanding and1279

validation of the proposed architecture." 1280
evidence_and_validation: 1281
- question: "Are the experiments described 1282

as extensive, thorough, or comprehensive?" 1283
description: "Strong papers are expected 1284

to provide robust empirical validation across 1285
multiple datasets, settings, or modalities to 1286
solidify their claims." 1287

- question: "Do the results show a 1288
significant and clear improvement over relevant, 1289
state-of-the-art baselines?" 1290

description: "It's not enough to conduct 1291
experiments; the results must demonstrate a 1292
convincing performance gain against strong 1293
competitors to be considered impactful." 1294

- question: "Does the paper provide 1295
theoretical proofs or sound mathematical 1296
derivations to support its claims?" 1297

description: "The inclusion of 1298
theoretical grounding is seen as a major 1299
strength that adds a layer of rigor and 1300
credibility to the empirical results." 1301

- question: "Are sufficient implementation 1302
details or supplementary materials provided to 1303
aid understanding and replication?" 1304

description: "Positive reviews often 1305
note the inclusion of clear implementation 1306
details or code, which enhances the paper's 1307
integrity and perceived value." 1308

feedback_style: 1309
- question: "Are the identified weaknesses 1310

framed as requests for clarification or minor 1311
additions?" 1312

description: "For papers they intend to 1313
accept, reviewers tend to frame weaknesses as 1314
constructive questions or suggestions for future 1315
work, rather than as critical flaws." 1316

- question: "Does the reviewer's summary 1317
accurately capture the paper's core 1318
contributions and strengths?" 1319

description: "A positive and accurate 1320
summary at the beginning of the review often 1321
signals that the reviewer has understood and 1322
appreciated the paper's main message." 1323

bad_paper: 1324
contribution_and_impact: 1325
- question: "Is the contribution 1326

criticized for being incremental, lacking 1327
novelty, or a straightforward application of 1328
existing work?" 1329

description: "A perceived lack of 1330
novelty is one of the most common and critical 1331
reasons for rejection in this review set." 1332

- question: "Are the paper's central 1333
claims or motivation questioned as being 1334
unsupported, grandiose, or unconvincing?" 1335

description: "Reviewers reject papers 1336
where the motivation is unclear or the claims 1337
are not sufficiently backed by the evidence 1338
provided." 1339

evidence_and_validation: 1340
- question: "Are the experiments flagged 1341

as insufficient, weak, or lacking necessary 1342
comparisons?" 1343

description: "This is a primary reason 1344
for rejection. Common issues include not 1345
comparing against relevant baselines, using too 1346
few datasets, or omitting ablation studies." 1347

- question: "Are the baseline comparisons 1348
criticized as being unfair, weak, or 1349
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misrepresentative of prior work?"1350
description: "Reviewers are critical of1351

evaluations that appear to use outdated or1352
poorly tuned baselines to inflate the perceived1353
performance of the proposed method."1354

- question: "Are the reported performance1355
gains described as marginal, insignificant, or1356
within the margin of error?"1357

description: "Even when experiments are1358
present, if the improvements are not substantial,1359
the paper is often deemed not significant1360
enough for publication."1361

clarity_and_presentation:1362
- question: "Is the paper flagged as being1363

hard to follow, confusing, or poorly written?"1364
description: "Severe issues with clarity,1365

notation, or organization are critical flaws1366
that prevent reviewers from properly evaluating1367
the work, often leading to rejection."1368

- question: "Does the reviewer point out a1369
lack of essential details needed for1370
understanding or replication?"1371

description: "The omission of crucial1372
methodological or experimental details is1373
treated as a major flaw that undermines the1374
paper's credibility."1375

methodological_soundness:1376
- question: "Are there fundamental flaws1377

identified in the proposed method's design,1378
assumptions, or logic?"1379

description: "Reviewers will recommend1380
rejection if they find deep-seated problems in1381
the core methodology that invalidate the1382
approach."1383

- question: "Is the method criticized for1384
being overly complex or a 'laundry list' of1385
disconnected components?"1386

description: "Papers proposing1387
convoluted models without clear justification1388
for their complexity are viewed negatively."1389

- question: "Is the method's robustness1390
questioned, for instance, due to high1391
sensitivity to hyperparameters?"1392

description: "A lack of analysis on1393
hyperparameter sensitivity or robustness is a1394
common weakness cited in negative reviews."1395
periments, theory, or statistically significant1396
results (e.g., overlapping confidence intervals)1397
."13981399

Listing 12: Bad Reviewer-Imitating Guideline (Non-
rubric)

1400
Provide the following based on the Peer Review1401
Behavior Checklist:1402

1403
peer_review_behavior_checklist:1404

good_paper:1405
contribution_and_impact:1406
- question: "Does the paper achieve state-1407

of-the-art or highly competitive results?"1408
description: "Reviewers in this group1409

frequently highlight strong empirical1410
performance against established benchmarks as a1411
primary strength and a key reason for acceptance1412
."1413

- question: "Is the problem being1414
addressed important and relevant to the1415
community?"1416

description: "Papers are viewed more 1417
favorably when they tackle a problem that is 1418
clearly articulated as significant and timely 1419
for the field." 1420

- question: "Is the core idea novel, 1421
interesting, and well-motivated?" 1422

description: "Novelty and clear 1423
motivation are consistently praised. Reviewers 1424
look for a contribution that is not just an 1425
incremental tweak but offers a new perspective 1426
or useful framework." 1427

presentation_and_clarity: 1428
- question: "Is the paper well-written, 1429

clearly organized, and easy to follow?" 1430
description: "High value is placed on 1431

clarity. Reviews for good papers often 1432
explicitly mention that the writing is good and 1433
the method is easy to understand." 1434

- question: "Does the paper use effective 1435
visualizations to explain its core ideas?" 1436

description: "The use of clear, 1437
informative visualizations is noted as a 1438
significant strength that enhances the reader's 1439
understanding of the proposed concepts." 1440

evaluation_and_rigor: 1441
- question: "Are the experiments 1442

comprehensive and the evaluations thorough?" 1443
description: "Accepted papers are often 1444

praised for having sound, comprehensive 1445
experiments with solid ablation studies that 1446
justify their claims and design choices." 1447

- question: "Is the study complete and the 1448
analysis insightful?" 1449

description: "Reviewers appreciate 1450
papers that seem 'complete' in their 1451
investigation, providing a full picture rather 1452
than a preliminary exploration." 1453

- question: "Is the work reproducible, for 1454
instance, by open-sourcing code and data?" 1455

description: "While not a universal 1456
requirement, providing code is explicitly 1457
mentioned as a positive factor that increases 1458
the paper's value and reproducibility." 1459

- question: "Is the proposed solution 1460
reasonable and well-justified for the problem?" 1461

description: "A logical and promising 1462
connection between the problem statement and the 1463
proposed solution is a key characteristic of 1464
papers that receive positive feedback." 1465

- question: "Does the paper clearly 1466
outperform relevant baselines?" 1467

description: "Demonstrating a clear and 1468
significant improvement over existing, well- 1469
chosen baselines is a very common and persuasive 1470
strength." 1471
bad_paper: 1472

contribution_and_novelty: 1473
- question: "Is the contribution just a 1474

combination of existing methods with limited 1475
novelty?" 1476

description: "This is the most common 1477
and critical flaw identified. Papers are 1478
frequently criticized for lacking originality or 1479
simply stitching together known components." 1480

- question: "Is the contribution too 1481
simple, minor, or incremental to be significant 1482
?" 1483

description: "Reviewers often reject 1484
papers where the core idea, while perhaps 1485
functional, is deemed too simplistic or its 1486
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contribution too marginal for a top-tier venue."1487
- question: "Is the motivation for the1488

work unclear or is the problem framing1489
unconvincing?"1490

description: "A frequent weakness is the1491
failure to clearly explain why the problem is1492
important or why the proposed approach is1493
necessary."1494

experiments_and_evidence:1495
- question: "Are the experiments weak,1496

insufficient, or conducted on overly simple1497
datasets?"1498

description: "Papers are consistently1499
penalized for weak empirical validation, such as1500
using toy datasets, not running enough1501
experiments, or lacking sufficient detail like1502
random seeds."1503

- question: "Does the paper fail to1504
compare against necessary SOTA or strong1505
baseline methods?"1506

description: "An inadequate comparison1507
to the state of the art or relevant baselines is1508
a major red flag and a common reason for1509
rejection."1510

- question: "Are key design choices left1511
unsubstantiated by ablation studies?"1512

description: "Reviewers expect authors1513
to justify components of their method through1514
ablations; the absence of these studies is a1515
frequently cited weakness."1516

- question: "Are the claims exaggerated or1517
not sufficiently supported by the evidence1518
provided?"1519

description: "A mismatch between the1520
claims made in the text and the actual results1521
presented in the experiments is a critical flaw1522
."1523

clarity_and_soundness:1524
- question: "Is the paper poorly written,1525

hard to follow, or filled with jargon and typos1526
?"1527

description: "Poor presentation,1528
including unclear language, logical gaps, and1529
typos, is a significant factor in negative1530
reviews."1531

- question: "Does the method lack1532
theoretical justification, proofs, or guarantees1533
?"1534

description: "For papers proposing new1535
algorithms, the absence of theoretical analysis1536
or justification is frequently pointed out as a1537
major weakness."1538

- question: "Does the paper show a lack of1539
awareness of relevant prior work?"1540

description: "Missing citations to1541
important and recent related work is seen as a1542
sign of poor scholarship and is a common point1543
of criticism."15441545

Listing 13: Rubric-based Template for Reviewer-
Imitating Guidelines

1546
1547

You are an expert peer reviewer. Please read the1548
following paper content and evaluate its1549
quality based on the following instructions.1550

1551
# Paper1552
{content}1553

1554

# Reviewer Guideline 1555
{reviewer_imitating_guideline} 1556

1557
# Scoring Procedure: 1558
- For each of the 10 questions in the ` 1559
good_paper` section: 1560

- If the answer is Yes, assign +1 point, else 1561
0. 1562
- For each of the 10 questions in the `bad_paper 1563
` section: 1564

- If the answer is Yes, assign -1 point, else 1565
0. 1566

1567
Compute the temporary score by summing all the 1568
above responses. 1569
- This results in a value between -10 and +10. 1570

1571
Normalize the temporary score to a section 1572
rating in the range 1 to 10 using the following 1573
formula: 1574
normalized_score = round(((temporary_score + 10) 1575
/ 20) * 9 + 1) 1576

1577
This maps: 1578
- -10 -> 1 1579
- 0 -> 5 1580
- +10 -> 10 1581

1582
# Section Rating 1583

1584
Provide: 1585
- The temporary score (-10 to +10) 1586
- The normalized section rating (1 to 10) 1587
- A short explanation of the score based on your 1588
answers to the checklist 1589

1590
# Final Output 1591

1592
Provide: 1593
- A numerical integer overall rating that is 1594
same as the normalized section rating (1-10): 1595

- 10 = Strong Accept 1596
- 8 = Accept 1597
- 6 = Weak Accept 1598
- 5 = Borderline 1599
- 3 = Weak Reject 1600
- 1 = Strong Reject 1601

1602
- A justification paragraph summarizing the key 1603
strengths and weaknesses of the paper 1604

1605
Finally, write the final score using the 1606
following exact format (on its own line): 1607
"Overall Rating: (Your Rating)" 16081609
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