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Abstract001

Large language models (LLMs) are currently002
applied to scientific paper evaluation by assign-003
ing an absolute score to each paper indepen-004
dently. However, since score scales vary across005
conferences, time periods, and evaluation crite-006
ria, models trained on absolute scores are prone007
to fitting narrow, context-specific rules rather008
than developing robust scholarly judgment. To009
overcome this limitation, we propose shifting010
paper evaluation from isolated scoring to col-011
laborative ranking. In particular, our frame-012
work explicitly integrates comparison into both013
data construction and model learning. We first014
propose a graph-based similarity ranking al-015
gorithm to facilitate the sampling of more in-016
formative and discriminative paper pairs from017
a collection. We then enhance relative qual-018
ity judgment through supervised fine-tuning019
and reinforcement learning with comparison-020
based rewards. At inference, the model per-021
forms pairwise comparisons over sampled pa-022
per pairs and aggregates these preference sig-023
nals into a global relative quality ranking. Ex-024
perimental results demonstrate that our frame-025
work achieves an average relative improvement026
of 21.8% over the strong baseline DeepReview-027
14B, while exhibiting robust generalization to028
five previously unseen datasets. The code is029
available at anonymous github.030

1 Introduction031

Paper evaluation plays a central role in advancing032

scientific progress (Margolis, 1967). Peer review033

has long served as the primary mechanism for en-034

suring publication quality and rigor (Alberts et al.,035

2008). However, the rapid growth of submissions036

across disciplines has placed increasing pressure037

on the peer review system (He et al., 2023), exacer-038

bating issues such as inconsistent evaluations and039

inherent biases (Xue et al., 2023; Lee et al., 2013;040

Tomkins et al., 2017). In recent years, large lan-041

guage models (LLMs) (Naveed et al., 2023) have042
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Figure 1: Comparison of current methods (top) and our
approach (bottom) across data (left), training (middle),
and inference (right).

been increasingly applied to paper evaluation, en- 043

abling more consistent and scalable review pro- 044

cesses (Du et al., 2024; Zhou et al., 2024; Zhuang 045

et al., 2025; Thakkar et al., 2025). Nevertheless, 046

their growing adoption and societal impact do not 047

eliminate the significant limitations of LLMs (La- 048

tona et al., 2024; Liang et al., 2024; Zhu et al., 049

2025a). 050

Currently, LLM-based paper evaluation meth- 051

ods primarily assign scores to individual papers (as 052

illustrated at the top of Figure 1). As closed knowl- 053

edge systems, LLMs have inherent limitations in 054

performing the complex reasoning and judgment 055

required for cutting-edge scientific innovation (Liu 056

and Shah, 2023; Purkayastha et al., 2025), mak- 057

ing them prone to hallucinations and retrieval bi- 058

ases (Li et al., 2025). Multi-agent frameworks that 059

simulate human peer review workflows cannot fun- 060

damentally resolve these issues and may inherit 061

biases present in manual review, such as favoring 062

predictable or mediocre results (Zhang et al., 2025). 063

Even when models are trained to align with human- 064

assigned absolute scores (Lu et al., 2024; Yu et al., 065

2024; Weng et al., 2025; Zhu et al., 2025b), per- 066

formance is constrained by dataset-specific fac- 067

tors: score scales vary across conferences, time 068
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periods, and evaluation criteria, causing models069

to learn context-specific rules rather than general-070

izable scholarly judgment. Although several re-071

cent studies use pairwise or listwise comparisons072

(Zhang et al., 2025; Zhao et al., 2025), they either073

do not train model parameters for comparison tasks074

or still output absolute scores, limiting both per-075

formance and generalization (Höpner et al., 2025).076

Consequently, existing methods are impractical and077

struggle to produce reliable and consistent rankings078

when evaluating a set of papers, such as a batch of079

conference submissions.080

To this end, we propose a comparison-native081

framework that uses collaborative data to train the082

LLM to evaluate and rank papers (as illustrated at083

the bottom of Figure 1). Unlike methods that assign084

absolute scores to individual papers, our framework085

reframes the complex task of quantitative reason-086

ing as a comparison problem, better leveraging the087

reasoning strengths of LLMs (Wei et al., 2022).088

By learning more reliable preference signals, the089

model can more clearly capture differences across090

novelty, significance, and clarity. Furthermore, the091

comparative logic acquired through this approach is092

more transferable than that of single-paper scoring,093

enabling generalization to new paper collections094

without adapting to specific scoring scales.095

Specifically, we design two key modules for096

effective comparison: pair sampling and quality097

judgment. At the data level, pair sampling selects098

the most informative paper pairs from all possible099

combinations to ensure diverse contextual cover-100

age, enhancing comparison accuracy and model101

generalization. We facilitate this using a graph-102

based similarity ranking algorithm that prioritizes103

papers with overlapping research areas. At the104

model level, quality judgment assesses candidate105

papers along dimensions such as novelty, signif-106

icance, and clarity, reliably identifying superior107

papers and handling fine-grained distinctions. To108

strengthen judgment capabilities, we construct a109

dataset of paper pairs annotated with quality prefer-110

ences and optimize the model via supervised fine-111

tuning combined with reinforcement learning us-112

ing verifiable comparison-based rewards. At in-113

ference, the model performs pairwise comparisons114

over sampled paper pairs and aggregates the result-115

ing preference signals into an interpretable global116

ranking of relative paper quality.117

Our framework achieves leading performance118

on the ICLR-2025 dataset for both paper quality119

ranking and acceptance prediction across all evalu-120

ation metrics. With only 7B parameters, it achieves 121

an average relative improvement of 21.8% over 122

the strong baseline DeepReview-14B (Zhu et al., 123

2025b). Ablation studies validate the effectiveness 124

of our training strategy based on supervised fine- 125

tuning and reinforcement learning, and reveal that 126

jointly applying similarity-based and random sam- 127

pling enhances performance. The model exhibits 128

strong generalization to five unseen submission 129

datasets from top-tier conferences in 2025, includ- 130

ing ICML, NeurIPS, ACL, EMNLP, and NAACL. 131

Our main contributions are as follows: 132

• We propose an LLM-based comparison-native 133

framework that implements paper ranking through 134

data construction and model training. 135

• We propose a graph-based semantic similarity 136

recognition method for paper pair sampling and a 137

comparison-based reward to enhance quality judg- 138

ment through reinforcement learning. 139

• Our framework achieves leading performance 140

in ranking and acceptance prediction, with robust 141

generalization to previously unseen datasets. 142

2 Related Work 143

Agent-based Assessment Systems These sys- 144

tems typically combine intelligent agents with 145

general-purpose LLMs to generate review out- 146

comes. Jin et al. (2024) employed an LLM- 147

powered peer-review simulation framework to 148

replicate the review process and identify poten- 149

tial influencing factors. Lu et al. (2024) designed 150

automated review systems to simulate peer evalu- 151

ation in paper scoring tasks. Other notable efforts 152

include customizing feedback through novel align- 153

ment mechanisms with iterative optimization (Garg 154

et al., 2025), implementing tree-structured work- 155

flows to enhance performance (Chang et al., 2025), 156

and creating multi-agent frameworks that merge 157

prompt engineering, collaboration, shared memory, 158

and multimodal perception to deliver high-quality 159

reviews (Lu et al., 2025). However, these meth- 160

ods generally rely on LLMs that have not been 161

specifically trained for academic review, which lim- 162

its their reliability, while the reliance on general- 163

purpose models increases the risk of data leakage. 164

Training-based Review Models These ap- 165

proaches transform open-source LLMs into expert 166

reviewers through domain-specific fine-tuning or 167

reinforcement learning. Yu et al. (2024) devel- 168

oped a domain-specific review system. Tan et al. 169

(2024) introduced a multi-turn dialogue mechanism 170
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to capture the dynamic nature of reviews. Tyser171

et al. (2024) fine-tuned LLMs to predict human-172

preference-aligned evaluations. Weng et al. (2025)173

combined manuscript generation with iterative re-174

view to facilitate scientific discovery, and Zhu et al.175

(2025b) designed a multi-stage workflow that inte-176

grated structured analysis, literature retrieval, and177

evidence-based reasoning to achieve optimal per-178

formance. Zeng et al. (2025) introduced a rein-179

forcement learning framework for review gener-180

ation. Other fine-grained improvements include181

structured reasoning (Dycke et al., 2025), avoid-182

ing lazy thinking (Purkayastha et al., 2025), and183

identifying research limitations (Xu et al., 2025).184

Despite performance gains from training, most cur-185

rent methods rely on absolute scores for individual186

papers as supervisory signals, which tend to overfit187

superficial patterns and limit generalization.188

Comparison-Based Evaluation Methods These189

methods advance the review process through pair-190

wise or listwise strategies. This concept originated191

in early work (Cao et al., 2007) and, in the era of192

LLMs, has been extended to domains such as essay193

scoring (Shibata and Miyamura, 2025) and LLM194

evaluation (Ning et al., 2025). For paper review,195

Zhang et al. (2025) performed pairwise compar-196

isons between papers and aggregated the resulting197

preferences to reconstruct a robust global ranking;198

however, the LLM is treated as a fixed comparator199

without task-specific training for comparison, leav-200

ing its judgments constrained by general-purpose201

priors and prompt design. Zhao et al. (2025) pre-202

dicted normalized impact scores from titles and203

abstracts; although their training relied on listwise204

comparisons, inference still returned to predict-205

ing an isolated absolute score for each paper via a206

black-box process. Höpner et al. (2025) reported207

that pairwise ranking prediction encounters sub-208

stantial difficulties in estimating review scores, and209

that various attempted improvements have yielded210

little success. Consequently, although compara-211

tive reasoning is partially incorporated in existing212

methods, systematically strengthening comparison-213

native modeling from the perspectives of data con-214

struction, model learning, and inference remains215

largely unexplored yet highly promising.216

3 Methodology217

3.1 Overview218

Figure 2 illustrates the proposed comparison-native219

LLM-based framework for paper evaluation. The220

framework includes a paper pair sampling strategy 221

that is applied consistently during both training and 222

inference, selecting paper pairs from a given set 223

to cover both in-domain and cross-domain com- 224

parisons. During training, to enable quality judg- 225

ment, sampled pairs are filtered using constraints 226

on score differences and occurrence count to retain 227

only those providing discriminative comparison sig- 228

nals, and the LLM is optimized via supervised fine- 229

tuning and comparison-based reinforcement learn- 230

ing. During inference, sampled paper pairs are fil- 231

tered to satisfy an upper-bound constraint on quan- 232

tity, and the trained model’s pairwise preference 233

predictions are aggregated using the Bradley-Terry 234

model to produce an overall ranking. 235

3.2 Pair Sampling 236

The comparison-native framework relies on train- 237

ing and inference data organized as comparison 238

pairs. Randomly sampling paper pairs from a cor- 239

pus makes it difficult to obtain both in-domain and 240

cross-domain comparisons. We therefore propose 241

an pair sampling strategy applied before training 242

set selection and evaluation pair construction. 243

Domain-aware Pair Ranking To ensure in- 244

domain comparability, sampled paper pairs are re- 245

quired to originate from closely related research do- 246

mains. However, domain boundaries have become 247

increasingly fluid, with frequent cross-domain over- 248

lap, rendering rigid and static domain divisions dif- 249

ficult to operationalize and prone to bias by ignor- 250

ing domain intersectionality. This limits the effec- 251

tiveness of existing domain classification schemes 252

in improving ranking accuracy (Höpner et al., 253

2025). 254

Unlike treating domains as isolated clusters, we 255

explicitly model pairwise comparability between 256

papers. We construct a weighted sparse graph to 257

encode semantic similarity, with edges representing 258

candidate paper pairs. To avoid isolated papers 259

and favor comparisons within similar domains, the 260

graph must satisfy two conditions: (1) all nodes are 261

connected; and (2) semantically similar paper pairs 262

are assigned higher edge weights. 263

To assign weights to candidate edges in the paper 264

graph, we propose Graph-based Ranking with Bidi- 265

rectional Retrieval (GBR-BR), as shown in Algo- 266

rithm 1 in Appendix D.1. For each paper, an embed- 267

ding model retrieves a set of semantically relevant 268

candidates, which are then reranked to form an or- 269

dered list reflecting their importance. Since a paper 270
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Figure 2: Overview of the framework. During training, pair sampling (a) provides sample pairs for learning quality
judgment (b). At inference, pair sampling (c) supplies pairs for quality judgment by the trained model (d), followed
by ranking and decision based on preference (e).

may appear in both its own list and another paper’s271

list, inconsistencies can arise between the two rank-272

ings. We address this by bidirectionally integrating273

the rankings from two lists obtained via retrieval,274

which mitigates the asymmetry of unidirectional275

retrieval and ensures consistent edge weights. Edge276

weights are then assigned based on the integrated277

ranking results, with higher weights for more se-278

mantically similar pairs, whereas lower-ranked or279

irrelevant pairs are discarded. The remaining edges280

form a weighted sparse graph, which is checked for281

connectivity; if isolated nodes exist, the number of282

candidates or ranking thresholds is increased and283

the process is repeated to ensure all papers are con-284

nected. Finally, the paper pairs are sorted by edge285

weights to produce a high-quality, informative set286

of comparison pairs for both training and inference.287

Sampling Strategy To satisfy the requirements288

of both in-domain and cross-domain comparison,289

we employ two complementary sampling strate-290

gies. (1) Similarity-based sampling applies prox-291

imity matching using the GBR-BR algorithm to292

construct paper pairs from semantically similar do-293

mains. These pairs emphasize fine-grained quality294

comparison and constitute the primary source of295

supervision for learning paper quality judgment.296

We denote the resulting similarity-ordered paper297

pairs as S. (2) Random-based sampling generates298

paper pairs via random matching without enforc-299

ing semantic or topical relevance, using a greedy300

procedure to avoid duplication. This strategy pro-301

vides cross-domain comparisons that enhance the302

model’s ability to generalize across diverse re-303

search areas. We denote the resulting randomly304

ordered paper pairs as R.305

Training and inference sets are created by further306

filtering the pairs generated through these two sam-307

pling strategies. The specific filtering procedures308

are described in the relevant sections below.309

3.3 Training 310

Training plays a central role in the comparison- 311

native framework, as it equips the model with the 312

ability to make precise and reliable pairwise com- 313

parisons between papers. 314

Training Pairs Filtering The construction of pa- 315

per pairs for training is subject to two constraints. 316

(1) Score-difference constraint. Let si be the aver- 317

age ground-truth score of paper i. This constraint 318

specifies that a pair is considered valid only when 319

the score difference exceeds a predefined thresh- 320

old. This reduces the noise introduced by samples 321

with similar scores, thereby enabling the model to 322

learn stronger and more informative signals. (2) 323

Occurrence-count constraint. Let counti denote 324

the number of times paper i appears in the sampled 325

pairs. By limiting counti, the model is encouraged 326

to learn from a more diverse set of supervision sig- 327

nals rather than repeatedly seeing the same samples, 328

which in turn improves its generalization ability. 329

The complete filtering rule for training paper pairs 330

is formulated as: 331

Φtrain :=

{
∀i ̸= j, |si − sj | ≥ dmin

∀i, counti ≤ cmax

(1) 332

Supervised Fine-Tuning To develop the LLM’s 333

ability to perform comparisons, we first generate 334

synthetic reasoning texts using an open-source in- 335

struct LLM. Prompts contain only paper titles and 336

abstracts to ensure high information density and 337

sufficient context (Zhou et al., 2024; Höpner et al., 338

2025; Zhao et al., 2025). These texts explicitly 339

describe the analytical process leading to the final 340

decision. Since synthetic data may include both 341

correct and incorrect judgments, we filter out rea- 342

soning texts whose final preference labels do not 343

match the ground truth. The resulting high-quality 344

reasoning texts are then used as training data for 345

supervised fine-tuning. 346
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Reinforcement Learning It is employed to fur-347

ther enhance the LLM’s reasoning ability for com-348

parison tasks. Specifically, we adopt an improved349

GRPO (Yu et al., 2025; Liu et al., 2025) shown350

in Appendix D.2 with a comparison-based reward351

mechanism that issues rewards only when the352

model produces correct comparison outcomes, in353

contrast to existing RL approaches that derive re-354

wards directly from numeric scores (Zeng et al.,355

2025). To overcome the high cost and impracti-356

cality of collecting human feedback, we employ357

a verifiable, rule-driven reward strategy that lever-358

ages the actual mean review scores from original359

ICLR submissions. The model’s comparison accu-360

racy is assessed by evaluating whether the mean361

score of one paper exceeds that of another.362

Formally, given the human-annotated mean363

scores si and sj from the authentic reviews, the364

ground-truth comparison label yij is defined as:365

yij = I
(
si > sj

)
(2)366

The prediction generated by the LLM in the l-th367

rollout is denoted as ŷ
(l)
ij . The notation pi ≻ pj368

indicates that the model considers pi to have higher369

quality than pj :370

ŷ
(l)
ij = I

(
f
(l)
LLM(pi, pj) = pi ≻ pj

)
(3)371

The reward signal is obtained by comparing the372

predicted preference with the ground-truth label.373

Here, γ is a positive scalar controlling the reward374

magnitude:375

Rl = γ · I(yij = ŷ
(l)
ij ) (4)376

3.4 Inference377

During inference, given n papers, there are theoret-378

ically a quadratic number of possible paper pairs.379

Inference Pairs Filtering After applying the pair380

sampling strategy, the filtering objective for infer-381

ence is to ensure that all papers are covered. We382

control the number of pairs in this set by selecting383

a fraction α relative to the theoretical total.384

Preference Generation and Aggregation For385

each paper pair (i, j), the trained LLM generates a386

preference label ŷij . To aggregate these pairwise387

preferences into an overall ranking, we associate388

each paper with a latent quality score θi ∈ R. The389

probability that one paper is preferred over another390

is modeled using the Bradley-Terry model, which391

defines the probability of paper i being preferred 392

over paper j as: 393

pij = P(ŷij = 1) =
eθi

eθi + eθj
(5) 394

Given all observed pairwise preference labels, the 395

total log-likelihood over all ordered pairs is: 396

Lθ =
∑
i ̸=j

[
ŷij log pij+(1−ŷij) log(1−pij)

]
(6) 397

Maximizing this log-likelihood yields estimates of 398

the latent quality scores for all papers, from which 399

we derive a descending ranking. Papers whose 400

ranks exceed a predefined threshold are accepted, 401

while the others are rejected. 402

4 Experiments 403

4.1 Experimental Settings 404

Dataset Construction Our primary training and 405

test sets are constructed from the ICLR-2025 con- 406

ference data available at https://openreview. 407

net. To enable a fair comparison with baseline 408

methods, we follow the train-test split used in Deep- 409

Review (Zhu et al., 2025b). The dataset includes pa- 410

per metadata, and the ground truth is defined by the 411

average scores assigned by human reviewers. For 412

the generalization experiments, we use data from 413

five major academic conferences: ICML, NeurIPS, 414

ACL, EMNLP, and NAACL. This extended collec- 415

tion provides grouping information for papers that 416

have been assessed by human experts, capturing 417

a range of quality levels. Additional construction 418

details are provided in Appendix E.1. 419

Basic Configurations During training, to avoid 420

potential data leakage from the model inadvertently 421

learning test data, we used Qwen2.5-7B-Instruct 422

(Qwen Team, 2024) as the base model, and applied 423

LoRA adaptation (Hu et al., 2022) to improve train- 424

ing efficiency. In the reward function, the scaling 425

parameter γ was set to 5. For the training dataset, 426

the minimum score difference threshold dmin was 427

1.5, and the maximum occurrence count cmax was 428

1 to ensure each paper appeared only once, thereby 429

promoting diversity. During inference, the sample 430

pair fraction parameter α was set to 0.05. The pa- 431

per acceptance rate was fixed at the average rate of 432

ICLR-2023 and ICLR-2024, 31.4%. Detailed con- 433

figurations for training and inference are provided 434

in the Appendix E.2. 435
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Decision Ranking

Method Accuracy F1 AUC Cohen κ Spearman ρ Pair. Acc. MAP@20 NDCG@20 Avg. Perf.

pointwise - agents
AIScientist(GPT) 0.6972 0.5301 0.6449 0.1246 0.3106 0.6045 0.4637 0.7863 0.7879
AIScientist(Gemini) 0.5615 0.5397 0.5700 0.1038 0.1659 0.5562 0.0966 0.6464 0.6061
AIScientist(GLM) 0.3801 0.3516 0.5912 0.0479 0.3029 0.5865 0.2200 0.7091 0.6022
AgentReview(GPT) 0.5079 0.5003 0.5506 0.0628 0.0503 0.5187 0.2320 0.6674 0.5560
AgentReview(Gemini) 0.5379 0.5258 0.5661 0.0962 0.1069 0.5356 0.1018 0.7082 0.5844
AgentReview(GLM) 0.4700 0.4662 0.6477 0.1224 0.2643 0.5878 0.0729 0.6980 0.6363

pointwise - models
SEA-E 0.3707 0.3317 0.5638 0.0508 0.1397 0.5505 0.1218 0.6305 0.5071
CycleReviewer-8B 0.6609 0.5338 0.6525 0.0933 0.2775 0.5957 0.1827 0.6956 0.6969
DeepReview-7B 0.6467 0.5412 0.5915 0.0944 0.2971 0.6043 0.1745 0.7190 0.6957
DeepReview-14B 0.6845 0.6254 0.6624 0.2510 0.4014 0.6419 0.1478 0.7204 0.8211

pairwise / listwise
NAIP 0.6025 0.5347 0.5665 0.0695 0.1685 0.5585 0.1379 0.6630 0.6104
PairReview(GPT) 0.6435 0.5851 0.6130 0.1701 0.2637 0.5925 0.2730 0.7156 0.7387
PairReview(Gemini) 0.6246 0.5630 0.6054 0.1261 0.2353 0.5837 0.2920 0.7522 0.7127
PairReview(GLM) 0.6246 0.5630 0.6325 0.1261 0.3018 0.6066 0.3474 0.7396 0.7499

ours 0.7192 0.6732 0.7408 0.3464 0.4091 0.6448 0.7076 0.8153 1.0000

Table 1: Performance comparison of different methods on ICLR-2025 dataset. Avg. Perf. indicates the average of
relative ratios across all metrics, where the maximum value within each metric is normalized to 1. For each metric,
Best result and second-best result are highlighted.

Baseline Methods We evaluate three categories436

of baseline methods: (1) agent-based assessment437

systems, including AIScientist (Lu et al., 2024) and438

AgentReview (Jin et al., 2024); (2) training-based439

review models, including SEA (Yu et al., 2024),440

CycleReviewer (Weng et al., 2025), and DeepRe-441

view (Zhu et al., 2025b); and (3) comparison-based442

evaluation approaches, including NAIP (Zhao et al.,443

2025) and PairReview (Zhang et al., 2025). Since444

AIScientist, AgentReview, and PairReview do not445

rely on a fixed base model, we mitigate dependence446

on any single provider by evaluating these meth-447

ods using LLMs from OpenAI, Google, and Zhipu.448

Reproducibility details, including the selection of449

general-purpose LLMs and parameter sizes of fine-450

tuned models, are provided in Appendix E.3.451

Evaluation Metrics We evaluate our approach452

using two categories of metrics. The first assesses453

decision accuracy, formulated as a binary classifi-454

cation task to predict whether a paper should be455

accepted or rejected. We report Accuracy, F1 score,456

AUC, and Cohen’s κ. The second evaluates rank-457

ing quality, capturing the model’s ability to priori-458

tize higher-quality papers over lower-quality ones.459

Metrics include Spearman’s ρ, pairwise accuracy,460

MAP@20, and NDCG@20. Further technical de-461

tails are provided in Appendix E.4.462

4.2 Main Results463

The main experimental results are summarized in464

Table 1. Our proposed framework consistently out-465

performs all baselines across both decision and466

ranking metrics. In particular, compared with the467

strong baseline DeepReview-14B, it achieves an 468

average improvement of 21.8% across all metrics. 469

For the acceptance decision task, our model at- 470

tains an F1 score of 0.6732 and an AUC of 0.7408, 471

with the latter representing an 11.8% gain over 472

the closest competitor. This indicates a stronger 473

discriminative ability in distinguishing accepted 474

from rejected papers. For the paper ranking task, 475

the advantages are more pronounced. Our model 476

achieves MAP@20 of 0.7076 and NDCG@20 of 477

0.8153, with MAP@20 exhibiting a 52.6% im- 478

provement over the second-best model. This sub- 479

stantial gain reflects the inherent advantage of our 480

comparison-native framework, which directly op- 481

timizes relative judgments between papers rather 482

than relying on absolute, pointwise scoring. As 483

a result, the model is better aligned with ranking- 484

oriented objectives. Compared with existing pair- 485

wise methods, our approach further benefits from 486

task-specific SFT and RL on carefully constructed 487

comparison data, enabling the model to more effec- 488

tively internalize comparative reasoning patterns. 489

This leads to consistently stronger performance in 490

identifying and prioritizing high-quality papers. 491

Remarkably, despite using only 7B parameters, 492

our framework surpasses larger LLMs, including 493

DeepReview-14B, across all metrics, demonstrat- 494

ing both parameter efficiency and the effectiveness 495

of comparison-native learning of our framework. 496

4.3 Ablation Study 497

To assess the impact of training strategies and data 498

construction on the overall performance of the pro- 499
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Decision Ranking

Method Accuracy F1 AUC Cohen κ Spearman ρ Pair. Acc. MAP@20 NDCG@20 Avg. Perf.

training methods
w/o SFT+RL 0.5931 0.5263 0.5227 0.0526 0.0841 0.5292 0.2448 0.6847 0.5845
w/o RL 0.6530 0.5961 0.6566 0.1922 0.3273 0.6159 0.2301 0.7177 0.7744
w/o SFT 0.6325 0.5740 0.6248 0.1480 0.2873 0.6016 0.3315 0.7357 0.7511

training data
w/o random (train) 0.6814 0.6291 0.6815 0.2583 0.3598 0.6282 0.4777 0.7807 0.8792
w/o sim (train) 0.6640 0.6105 0.6773 0.2211 0.3532 0.6251 0.3697 0.7734 0.8358

test data
w/o random (test) 0.7161 0.6695 0.7384 0.3390 0.4011 0.6423 0.6937 0.8069 0.9890
w/o sim (test) 0.7098 0.6622 0.7398 0.3244 0.4088 0.6446 0.7019 0.7971 0.9842

full 0.7192 0.6732 0.7408 0.3464 0.4091 0.6448 0.7076 0.8153 1.0000

Table 2: Ablation study results. For each metric, full model consistently achieves the best result. Also, each group
reports its closest result to the full model.
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Figure 3: Parameter analysis. Panels (a) and (b) illustrate the relationships of n and α with Spearman’s ρ (visualized
in logarithmic scale); panel (c) shows their combined effects in a heatmap.

posed framework, we conducted an extensive abla-500

tion study, with results summarized in Table 2.501

We first evaluated different training pipelines.502

Removing comparison-specific training entirely re-503

sults in a sharp average performance drop of 41.6%,504

indicating that the base model alone is insufficient505

for learning reliable comparative judgments. Ap-506

plying SFT without RL also leads to a substan-507

tial degradation of 21.6% on average, while ini-508

tiating RL directly from the original model sim-509

ilarly produces inferior results. In contrast, the510

two-stage pipeline, SFT followed by RL, consis-511

tently achieves the best performance, showing that512

the two stages play complementary and necessary513

roles in learning effective comparison behaviors.514

We further investigated the impact of sampling515

strategies for constructing comparison pairs dur-516

ing training and testing. While similarity-based517

sampling generally outperforms random sampling518

when used in isolation, relying on either strategy519

alone during training leads to clear performance520

degradation, with average drops of 12.1% and521

16.4%, respectively. In comparison, excluding ei-522

ther strategy at test time results in only marginal523

declines (1.1% and 1.6%), suggesting that training-524

time diversity is more critical than test-time diver- 525

sity. Overall, combining similarity and random- 526

based sampling during training yields the most ro- 527

bust performance, highlighting their complemen- 528

tary contributions to learning relative judgments. 529

Finally, we compared alternative algorithms for 530

aggregating preference pairs. Among all candi- 531

dates, the Bradley-Terry model achieves the highest 532

average performance. Further details are provided 533

in Appendix F. 534

Overall, the full model consistently achieves the 535

best performance across all metrics, demonstrating 536

that both the comparison-native training paradigm 537

and the carefully designed data construction strat- 538

egy are essential to the model’s effectiveness. 539

4.4 Hyperparameter Analysis 540

We study the effect of the number of samples at 541

inference (n) and the sampling fraction of compar- 542

ison pairs (α) on model performance. To control 543

these parameters, we randomly draw subsets from 544

the full test set, varying both n and α, and assess 545

the impact of each (n, α) combination within our 546

framework. For each setting, we conduct 30 inde- 547

pendent runs using distinct random seeds. Spear- 548
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Figure 4: Generalization on previously unseen dataset. The differences between all groups are statistically significant.

man’s ρ is adopted as the primary evaluation metric,549

and results are reported as the mean across runs.550

The results are shown in Figure 3.551

The results reveal two scaling trends. First, per-552

formance improves steadily as the number of com-553

parison samples n increases, indicating that evaluat-554

ing a larger candidate set provides more reliable rel-555

ative judgments. Second, increasing the sampling556

ratio α also yields performance gains, although557

these improvements are consistently smaller than558

those obtained by increasing n. Together, these559

findings suggest that model performance can be560

systematically enhanced by increasing both n and561

α, at the cost of additional computational overhead.562

4.5 Generalization on Unseen Dataset563

We evaluated the model’s generalization on unseen564

papers. For ICML and NeurIPS, we randomly sam-565

pled 500 papers per venue and grouped them into566

Rejected, Poster, and Spotlight & Oral categories.567

For ACL, EMNLP, and NAACL, where review out-568

comes were unavailable, we sampled 250 Long569

Papers and 250 Findings papers per venue.570

Given that percentile rankings are not nor-571

mally distributed, we employ the non-parametric572

Mann-Whitney U test to assess differences between573

groups (provided in Appendix G). As shown in Fig-574

ure 4, the score gaps between accepted and rejected575

papers are substantially larger for ICML (+18.5)576

and NeurIPS (+15.9) than the differences observed577

between Findings and Long Papers in ACL (+5.2),578

EMNLP (+11.4), and NAACL (+8.9). This pattern579

aligns with the expected magnitude of quality dif-580

ferences across these venues, indicating that the581

model can capture fine-grained quality distinctions582

under diverse evaluation settings.583

4.6 Positional Bias Mitigation584

LLMs are imperfect comparators, as their prefer-585

ence judgments can be distorted by positional bias586

(Wang et al., 2024). Without appropriate correction,587

models may systematically favor the first option588

presented. When such ordered preference pairs589

are used for ranking, this bias propagates through 590

the Bradley-Terry aggregation, leading to system- 591

atic over- or under-ranking of papers with smaller 592

identifiers and ultimately undermining evaluation 593

reliability. Figure 5(a) illustrates this effect: with- 594

out SFT or RL, the base model exhibits pronounced 595

positional bias, manifested as a clear negative cor- 596

relation between paper identifiers and ranking per- 597

centiles. 598
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Figure 5: Positional bias. Panel (a) shows the per-
formance of the original Qwen2.5-7B-Instruct model;
panel (b) shows the performance after SFT and RL.

This bias can be effectively mitigated through 599

our comparison-native training framework, which 600

combines SFT and RL. After training, the model 601

produces more position-invariant preference judg- 602

ments, enabling fairer quality comparisons regard- 603

less of input order. As shown in Figure 5(b), the 604

resulting rankings no longer exhibit a significant 605

correlation between paper identifiers and ranking 606

percentiles, indicating a substantial improvement 607

in evaluation reliability. 608

5 Conclusion 609

We propose a comparison-native framework that 610

reformulates paper evaluation as collaborative rank- 611

ing rather than isolated scoring. By integrating 612

graph-based pair sampling with compare-aware 613

training, the framework consistently improves both 614

ranking and decision performance and generalizes 615

well to unseen venues. These findings show that 616

our framework enables LLMs to learn more accu- 617

rate and transferable paper comparison capabilities. 618
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Limitations619

Our work has several limitations across the data620

aspect, the technical aspect, and the practical as-621

pect. In the data aspect, our experiments rely ex-622

clusively on computer science conference papers,623

which limits the generalizability of our findings.624

The dataset includes only papers from six leading625

machine learning and artificial intelligence confer-626

ences in 2025. While this narrow time window627

restricts diversity, it also lowers the risk of informa-628

tion leakage. In the technical aspect, resource con-629

straints restricted us to training a 7B model. Even630

with best practices applied, this model size cannot631

match the broader knowledge and deeper language632

understanding that larger models typically offer.633

Using only titles and abstracts significantly reduces634

computational cost and allows wider applicability,635

but it inevitably constraints information available636

in full papers, which may cause mild performance637

degradation. Length limitations on generated re-638

views may also lead to the loss of fine-grained639

details. In the practical aspect, although our results640

represent notable gains over prior work, they still641

fall short of human reviewing quality. Research642

on pairwise and listwise approaches remains in its643

early phase, and our main goal is to demonstrate644

the promise of this paradigm. With more computa-645

tional resources, future studies could explore more646

sophisticated designs, extend to additional fields,647

and leverage larger models.648

Ethical Consideration649

This work has the potential to improve both the650

efficiency of paper evaluation and the accessibility651

of high-quality feedback. The system may increase652

fairness across the review process by helping au-653

thors without strong peer networks or research re-654

sources access early expert guidance, which can655

raise the quality of submissions and ease the work-656

load of human reviewers. However, the system657

also introduces important ethical risks. These in-658

clude the possibility that it could be misused as a659

replacement for human judgment, that it could rein-660

force biases present in its training data, that it might661

further marginalize underrepresented viewpoints,662

and that it could erode reviewers’ skills over time.663

Because the model is trained largely on top-tier664

conference review practices, its implicit standards665

may disadvantage unconventional research direc-666

tions, non-mainstream methods, or communities667

with limited resources. We stress that although668

our method advances automated assessment of sci- 669

entific manuscripts, it is not designed to replace 670

peer review. Its purpose is to support and extend 671

the expertise of human reviewers, and it should 672

only be used as an assistive tool under careful ex- 673

pert supervision. To encourage responsible use, we 674

implemented several safeguards in the system’s de- 675

sign and release. These include explicit documenta- 676

tion of system limitations, open-sourcing the code, 677

and offering practical usage guidelines. We will 678

continue conducting bias audits and standardized 679

evaluations, and we invite the broader community 680

to collaborate on establishing ethical norms for au- 681

tomated reviewing technologies so that these tools 682

can be integrated into the peer-review ecosystem 683

in a cautious, trustworthy, and beneficial way. 684
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A Use of AI Assistants 907

We used generative artificial intelligence tools 908

solely to assist with language editing, including 909

grammar correction, clarity enhancement, and 910

stylistic consistency. These tools did not gener- 911

ate or contribute to the intellectual, scientific, or 912

substantive content of the manuscript; all factual 913

and conceptual material is entirely the work of the 914

authors. All AI-assisted edits were reviewed, veri- 915

fied, and, where necessary, revised by the authors in 916

accordance with ethical guidelines, ensuring read- 917

ability improvements without altering the intended 918

meaning. The authors accept full responsibility for 919

the content and conclusions of the work. 920

B Responsible Use 921

While the proposed method offers significant ad- 922

vances in automating scholarly manuscript eval- 923

uation, it is not intended to replace human peer 924

review. Its goal is to enhance established prac- 925

tices by integrating algorithmic analysis with the 926

domain expertise, contextual reasoning, and nu- 927

anced judgment of qualified reviewers. The system 928

should serve as a computational aid to researchers 929

and the broader academic community, providing 930

alternative perspectives and improving efficiency 931

at selected review stages. Real-world deployment 932

must be guided by rigorous human oversight, and 933

all substantive conclusions should remain under 934

the authority of experienced reviewers to ensure 935

accuracy, fairness, and integrity in scholarly assess- 936

ment. 937
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C Discussion938

C.1 Systemic Perspective of Evaluation939

Our study reflects deeper theoretical foundations940

and ultimately advocates for a systemic perspective941

on evaluation. This perspective, we argue, offers a942

more insightful framework for understanding the943

nature and implications of our work.944

To illustrate, consider a thought experiment in945

which we are presented with a large set of research946

papers alongside a hypothetical “technology tree”947

that will continue to expand over time. In this948

analogy, the role of paper review is to identify the949

works most likely to form the critical branches950

from which the future tree will grow. The decisions951

made during the review process directly influence952

the shape and trajectory of this growth. In practice,953

the task resembles selecting the most promising954

path among multiple possible futures. Such a task955

is inherently unsuited to a fixed and absolute stan-956

dard; rather, it requires comparative judgments that957

guide the evolution of the tree. Since reviewers are958

always confronted with new work rather than past959

work, any model designed to support this process960

should be trained with a forward-looking objective.961

Therefore, using LLMs to fit review scores is962

inherently unreliable. While it may appear that963

peer review is simply about predicting an accurate964

numerical score, its ultimate purpose is to discrimi-965

nate between the relative quality of contemporary966

papers, fostering promising directions in scientific967

inquiry through critical comparisons across parallel968

research efforts.969

This reasoning highlights the need for a systemic970

and collaborative approach to paper review, as op-971

posed to an atomized and isolated one. From this972

standpoint, reviewing should be understood as a973

constructive and interaction-driven process. It does974

not assume the existence of a single, objective, and975

universally aligned standard. Instead, promising976

directions emerge through the interplay of reviewer977

perspectives and comparative analysis, particularly978

by examining how new contributions relate to al-979

ternative emerging trajectories, as reflected in their980

connections to other papers.981

C.2 Formalization of Our Contributions982

Rather than following the prevailing paradigm that983

improves model capability by enlarging training984

datasets and increasing parameter counts, we advo-985

cate an alternative approach grounded in compara-986

tive analysis.987

Following the established formulation in data 988

science, knowledge K can be expressed as a func- 989

tion of data D and model M: K = F(D,M). 990

Within our systematic comparative framework, 991

the growth of K depends not only on raw data 992

and the base model, but more importantly on re- 993

fined pair sampling and models with enhanced 994

judgment capacity. We formalize this as K = 995

F(D′,M′) = F(S(D),J (M)), where D′ = 996

S(D) represents data sampled via similarity-based 997

and random-based strategies to ensure diverse and 998

well-structured contextual information, and M′ = 999

J (M) denotes a model obtained by fine-tuning the 1000

original architecture and incorporating reinforce- 1001

ment learning to strengthen reasoning, evaluation, 1002

and judgment. 1003

This study therefore addresses two primary chal- 1004

lenges. For sampling, we design strategies appli- 1005

cable to both training and inference to yield richer 1006

and more informative pair inputs. For judgment, 1007

we enhance evaluative decision-making, empha- 1008

sizing discrimination capabilities often insufficient 1009

in general-purpose LLMs. These improvements 1010

enable the system to achieve leading performance 1011

across all evaluation metrics. 1012

Our findings confirm the effectiveness of this 1013

approach. Even when D cannot be expanded and 1014

M cannot be substantially scaled, applying refined 1015

sampling S in conjunction with enhanced judgment 1016

J consistently produces superior knowledge K. 1017

C.3 Paradigm Comparison 1018

Pointwise and pairwise/listwise methods differ in 1019

focus and capability, adopting fundamentally differ- 1020

ent evaluation strategies. As shown in Table 3, the 1021

distinction is evidenced by the comparison between 1022

our model and DeepReview (Zhu et al., 2025b). 1023

Pointwise methods require detailed analysis of the 1024

entire paper and tend to produce evaluations em- 1025

phasizing textual structure, argumentation, writing 1026

quality, and technical accuracy. Pairwise/listwise 1027

paradigms model relative relationships among pa- 1028

pers within a broader research context, enabling 1029

broader and more diversified perspectives. For 1030

content evaluation tasks, the two paradigms are 1031

complementary: pointwise methods examine the 1032

content in depth, while pairwise/listwise methods 1033

capture a paper’s position, impact, and relative qual- 1034

ity in the research landscape. For ranking and rec- 1035

ommendation tasks, our approach shows greater 1036

potential, as it relies solely on metadata. 1037
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Paradigm Pointwise Pairwise/Listwise

Method
Representative method DeepReview Ours

Characteristics
Text Requirement Relies on full text Relies only on metadata
Orientation Internal External
Focus Text features Domain relationships
Analysis Granularity Fine, single Coarse, diverse
Reasoning Length Long reasoning Short reasoning
Reasoning Number Few Many

Applicable Tasks
Acceptance decision ✓ Good ✓ Best
Paper ranking ✓ Good ✓ Best
Review generation ✓ Good ✓ Good
Paper recommendation × Not applicable ✓ Best

Table 3: Comparison between pointwise and pair-
wise/listwise paradigms.

Model CbT CbI Philosophy Details

DeepReview
(Zhu et al.,
2025b)

From
Scoring,
For
Scoring

A standard end-to-end
scoring methodology that
leverages LLMs to assign
scores directly from textual
input.

NAIP
(Zhao et al.,
2025)

✓ From
Comparison,
For
Scoring

Incorporates listwise
comparison data in
trainingy, but reverts to an
isolated, opaque absolute
score during inference.

PairReview
(Zhang
et al., 2025)

✓ From
Common Sense,
For
Comparison

Uses pairwise preference
modeling but relies on
general LLMs lacking
domain training, causing
notable position bias.

Ours ✓ ✓ From
Comparison,
For
Comparison

A native comparison-based
review framework embeds
comparison principles to
deliver more reliable,
informative evaluations.

Table 4: Comparison of different review models in terms
of training and inference paradigms. CbT: Comparison-
based Training, CbI: Comparison-based Inference

C.4 Methodology Comparison1038

To highlight the distinctions between our proposed1039

framework and existing methods, we conducted a1040

systematic comparative analysis, with the key theo-1041

retical differences summarized in Table 4. Specifi-1042

cally: (1) conventional approaches primarily rely1043

on direct scoring (Zhu et al., 2025b); (2) several1044

early studies implement comparison only partially1045

rather than throughout both training and infer-1046

ence (Zhao et al., 2025; Zhang et al., 2025); (3)1047

our framework maintains a consistent comparison-1048

based approach from training to inference, which1049

leads to superior performance.1050

C.5 Application Prospects1051

The proposed comparison framework offers versa-1052

tile applicability beyond controlled experimental1053

settings. In the following, we outline its potential1054

applications in three representative contexts.1055

Evaluating New Research Our method is well 1056

suited for evaluating recently published papers, as 1057

it partially resolves a key limitation of existing 1058

score-based approaches: the weak generalization 1059

of models trained on historical data when assessing 1060

emerging research. Conventional evaluation often 1061

applies outdated criteria, leading to misalignment 1062

with evolving standards of scientific quality. In 1063

contrast, our pairwise comparison framework as- 1064

sesses papers based on relative quality rather than 1065

absolute scores tied to obsolete knowledge. This 1066

design reduces the impact of shifting benchmarks 1067

and improves generalization. Experiments confirm 1068

that our method generalizes effectively across di- 1069

verse conference evaluation tasks, demonstrating 1070

its suitability for assessing new submissions. 1071

Enhancing Academic Recommendation The 1072

proposed approach is also highly applicable to aca- 1073

demic recommendation systems, where quality are 1074

critical in addition to topical relevance. Our frame- 1075

work identifies innovative and high-quality contri- 1076

butions, achieving substantial gains over baselines 1077

on ranking metrics such as MAP and NDCG. It 1078

shows strong alignment with human recommenda- 1079

tions, particularly in highlighting groundbreaking 1080

papers in frontier domains. Importantly, the model 1081

only uses titles and abstracts, which alleviates bar- 1082

riers arising from restricted full-text access. This 1083

feature is especially beneficial in non-computer- 1084

science fields, enhancing early-stage automated 1085

recommendation and quality filtering, and increas- 1086

ing the feasibility of real-world deployment. 1087

Guiding Scholarly Progress Our results point to 1088

a promising route for advancing science by foster- 1089

ing constructive competition and mapping potential 1090

trajectories of technological development. While 1091

fine-grained peer review of full texts remains es- 1092

sential, it does not fully capture broader patterns of 1093

scientific progress. We advocate the integration of 1094

complementary mechanisms capable of identifying 1095

and guiding emerging research directions. By sys- 1096

tematically comparing multiple research pathways, 1097

such methods can inform the evolution of influ- 1098

ential scientific paradigms. An effective review 1099

framework should combine two perspectives: eval- 1100

uation of writing quality, originality, and theoretical 1101

soundness, and assessment of a paper’s potential 1102

significance and representativeness in shaping fu- 1103

ture advances. Such comparative evaluation en- 1104

ables a holistic view of scientific evolution, which 1105

forms a central focus of our future work. 1106
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D Methodology Details1107

D.1 Data Sampling1108

Algorithm 1 Graph-based Ranking with Bidirec-
tional Retrieval (GBR-BR)
Require: Paper set P = {p1, p2, . . . , pn}, embedding

model Embed, reranking model Rerank, top-k parame-
ters ke, kr.

Ensure: Sorted list of paper pairs S
1: Initialize wij ← 0, rij ←∞ for all i, j ∈ {1, . . . , n}
2: for each pi ∈ P do
3: Ci ← Top-ke candidates from Embed(pi)
4: for each pj ∈ Ci do
5: rij ← rank of pj in Rerank(pi, Ci, kr)
6: end for
7: end for
8: for i ∈ {1, . . . , n} do
9: for j ∈ {i+ 1, . . . , n} do

10: if rij < kr or rji < kr then
11: wij ← 2kr − rij − rji
12: end if
13: end for
14: end for
15: Construct graph G = (P, {(i, j) : wij > 0}, w)
16: Check connectivity of G → is_connected
17: if ¬ is_connected then
18: Increase ke and kr, goto step 1
19: end if
20: S ← sort({(i, j)},−wij)
21: return S

Algorithm 1 shows the complete definition of1109

the GBR-BR algorithm. In the experiments, the1110

parameters ke and kr are set to 50 and 25, respec-1111

tively. Embed employs the Qwen3-embedding-1112

0.6B model, while Rerank applies the Qwen3-1113

reranker-0.6B model.1114

D.2 Training1115

The following section presents details of our su-1116

pervised fine-tuning and reinforcement learning1117

procedures during training.1118

Supervised Fine-Tuning During the supervised1119

fine-tuning stage, for synthesizing reasoning-chain1120

data, we use the instruct model Qwen3-235B-1121

A22B-Instruct-2507-AWQ. This model has a large1122

number of parameters and can generate reliable1123

reasoning text. Due to limited computational re-1124

sources, we adopt short reasoning chains and re-1125

strict the total length of each reasoning sequence to1126

approximately 200 words.1127

Reinforcement Learning Our reinforcement1128

learning procedure builds upon refined GRPO algo-1129

rithm (Shao et al., 2024) with several modifications1130

(Yu et al., 2025; Liu et al., 2025).1131

We avoid normalizing the group standard devia-1132

tion to eliminate length bias arising from varying1133

problem difficulty. The upper clipping threshold 1134

in the loss is set slightly above the lower bound 1135

to promote policy exploration. In practice, the pa- 1136

rameters εlow and εhigh are set to the commonly 1137

used values of 0.2 and 0.28, respectively. The KL 1138

loss constraint is removed to enable more flexible 1139

policy updates. The optimization objective is: 1140

J (θ) = E(q,a)∼D, {ol}Gl=1∼πθold
(·|q)[

1

G

G∑
l=1

|ol|∑
t=1

min
(
rl,t(θ)Âl,t,

clip
(
rl,t(θ), 1− εlow, 1 + εhigh

)
Âl,t

)] (7) 1141

Where: 1142

rl,t(θ) =
πθ(ol,t | q, ol,<t)

πθold(ol,t | q, ol,<t)
(8) 1143

And: 1144

Âl,t = Rl −mean({Rl}Gl=1) (9) 1145

E Experiment Details 1146

E.1 Dataset Construction 1147

To ensure fair comparison across review paradigms 1148

and to prevent future-data leakage, we adopted 1149

the following design principles in constructing the 1150

dataset. 1151

Ensuring Fair Comparison Differences in train- 1152

ing data can substantially affect the evaluation of 1153

LLM-based review systems. To remove this con- 1154

founding factor and ensure a fair comparison with 1155

leading baselines, we use exactly the same train- 1156

ing and test sets as the strongest existing point- 1157

wise model, DeepReview (Zhu et al., 2025b). Our 1158

training corpus is a strict subset of DeepReview- 1159

13k, and evaluation is conducted on the established 1160

DeepReviewBench benchmark rather than recon- 1161

structing datasets from ICLR. This design allows a 1162

direct comparison of performance between point- 1163

wise and pairwise/listwise paradigms while mini- 1164

mizing bias from dataset discrepancies. 1165

Preventing Information Leakage We take strict 1166

measures to avoid information leakage in the test 1167

sets. Since 2025 data occur chronologically after 1168

2024, including them in training could inadver- 1169

tently introduce future knowledge and artificially 1170

boost performance on 2024 test sets. Our goal is 1171
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to evaluate models on reviewing newly submitted1172

papers, making it essential that test data do not pre-1173

cede the training set. Therefore, all test data in this1174

study are drawn from 2025 across ICLR, ICML,1175

NeurIPS, ACL, EMNLP, and NAACL, with publi-1176

cation dates strictly later than those in the training1177

corpus. This setup ensures that the evaluation re-1178

mains unaffected by future-data leakage.1179

E.2 Basic Configurations1180

The following content presents details of our model1181

usage and parameter configuration in both training1182

and inference.1183

Training Configurations To prevent poten-1184

tial data leakage arising from the model inad-1185

vertently learning from test data, we adopted1186

Qwen2.5-7B-Instruct (Qwen Team, 2024) as the1187

base model. The main training process was con-1188

ducted on two RTX 6000 Pro GPUs with 96 GB1189

memory each. LoRA adaptation (Hu et al., 2022)1190

was applied with rank 16 and LoRA-alpha 32 to1191

enhance training efficiency. Short reasoning chains1192

were employed, and the output length was limited1193

to 512 tokens to improve efficiency and reduce to-1194

ken consumption. For samples exceeding the prede-1195

fined context length, a truncation strategy was used.1196

In the reward function, the scaling parameter γ was1197

set to 5. Cold-start fine-tuning was performed for1198

one epoch with a learning rate of 5e-4, an original1199

batch size of 2, and gradient accumulation over 161200

steps. Reinforcement learning was performed for1201

one epoch with a learning rate of 5e-5, an original1202

batch size of 4, and gradient accumulation over 161203

steps, generating eight trajectories per instance via1204

a single rollout. Within the training dataset, the1205

minimum score difference threshold dmin was set1206

to 1.5, and the maximum occurrence count cmax1207

was set to 1, ensuring that each paper appeared1208

only once to promote diversity.1209

Inference Configurations The sample-pair frac-1210

tion parameter α was set to 0.05, and n was al-1211

ways equal to the actual size of the test set. For1212

ICLR-2025, n equals to 634, as the test set was1213

aligned with that used in DeepReview. For the1214

other five conferences, n equals to 500, correspond-1215

ing to the number of samples selected for the re-1216

spective test sets. The paper acceptance rate was1217

fixed to the average acceptance rate of ICLR-20231218

and ICLR-2024, which is 31.4%.1219

Abbreviation Company Model Name Max Context Length

GPT OpenAI GPT-oss-120B 128k
Gemini Google Gemini-2.5-Flash-Lite 1M
GLM Zhipu GLM-4.5-Air 128k

Table 5: LLMs used in our reproduction experiments.

E.3 Baseline Reproduction 1220

We successfully reproduced three major categories 1221

of baseline models in our experiments: (1) Agent- 1222

based assessment systems, including reproduc- 1223

tions of AIScientist (Lu et al., 2024) and AgentRe- 1224

view (Jin et al., 2024). (2) Training-based review 1225

models, with reproductions of SEA (Yu et al., 2024) 1226

(restricted to SEA-E variant for SEA-EA is not 1227

available), CycleReview (Weng et al., 2025) (8B 1228

version only due to resource constraints), and Deep- 1229

Review (Zhu et al., 2025b) (7B and 14B versions). 1230

(3) Comparison-based evaluation approaches, in- 1231

cluding reproductions of PairReview (Zhang et al., 1232

2025) and NAIP (Zhao et al., 2025). 1233

For AIScientist (Lu et al., 2024), AgentRe- 1234

view (Jin et al., 2024), and PairReview (Zhang 1235

et al., 2025), we intentionally incorporated mul- 1236

tiple LLMs developed by different institutions to 1237

mitigate the risk of drawing conclusions overly re- 1238

liant on models from a single vendor. All methods 1239

do not rule out the possibility of data leakage, so 1240

the metrics may be inflated. Table 5 details the 1241

specific models used. 1242

Overall, our reproduction adheres to the method- 1243

ological framework proposed by Zhu (Zhu et al., 1244

2025b), successfully covering all baselines de- 1245

scribed in that work while extending the set with 1246

additional models. Several baselines could not 1247

be fully reproduced, for the following reasons: 1248

(1) AgentReviewers (Lu et al., 2025): The code 1249

and model remain unreleased as of November 1250

2025, making reproduction infeasible. (2) Re- 1251

viewRL (Zeng et al., 2025): Its training set overlaps 1252

with our test set, raising concerns about data leak- 1253

age. Retraining the model from scratch would re- 1254

quire computational resources beyond our budget. 1255

(3) TreeReview (Chang et al., 2025): Although 1256

executable, the method processes each paper in 1257

roughly thirty minutes and requires dynamic load- 1258

ing of an open-source model, which severely limits 1259

parallelization. Running the full test set would take 1260

more than ten days, rendering it impractical. 1261
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Metrics Formula

Accuracy Accuracy =
1

N

N∑
i=1

I(yi = ŷi)

F1 F1 = 2 ·
Precision · Recall

Precision + Recall

AUC AUC = P (ŝi > ŝj | yi = 1, yj = 0)

Cohen κ κ = po−pe
1−pe

Spearman ρ ρ = 1 − 6
∑N

i=1 d2i
N(N2−1)

Pair. Acc. Pair.Acc. =
1

M

∑
(i,j)∈P

I
(
(yi − yj)(ŷi − ŷj) > 0

)
MAP@k MAP@k =

1

min(R, k)

k∑
k=1

P (k) · rel(k)

NDCG@k NDCG@k =
DCG@k

IDCG@k

Table 6: Main metrics.

Metrics Formula

Jaccard Jaccard =
TP

TP + FP + FN

F1-weighted F1weighted =
∑
c

Nc

N
· F1c

Kendall τ τ =
C − D

N(N − 1)/2

Table 7: Additional metrics.

E.4 Evaluation Metrics1262

The follow contents presents the complete defini-1263

tions of the evaluation metrics, provides their for-1264

mal mathematical descriptions, and additionally re-1265

ports experimental results for metrics not included1266

in the main text.1267

Metric Definitions We assess our model’s perfor-1268

mance using two metric categories, as summarized1269

in Table 6. The first category measures decision1270

accuracy, framed as a binary classification task to1271

predict whether a paper should be accepted or re-1272

jected. We report Accuracy, F1 score (harmonic1273

mean of precision and recall, suitable for class-1274

imbalanced settings), AUC (Area Under the ROC1275

Curve), and Cohen’s κ (agreement beyond chance).1276

The second category measures ranking quality, re-1277

flecting the ability to position higher-quality pa-1278

pers ahead of lower-quality ones while maintaining1279

their relative order. We adopt Spearman’s ρ (rank1280

correlation), Pairwise Accuracy, MAP@k (Mean1281

Average Precision at k, with relevance defined1282

above the acceptance threshold in our research),1283

and NDCG@k (Normalized Discounted Cumula-1284

tive Gain, accounting for item position and rele-1285

vance).1286

To validate robustness, we further report com-1287

plementary metrics beyond the primary ones, as1288

detailed in Table 7: for decision accuracy, we re- 1289

port the Jaccard coefficient (overlap ratio between 1290

predicted and ground-truth label sets), F1-weighted 1291

(per-class F1 weighted by sample proportions); and 1292

for ranking quality, we report Kendall’s τ (rank 1293

concordance). 1294

Rationale of Metric Selection Absolute scores 1295

vary substantially across journals and even across 1296

publication years within the same journal, which 1297

limits their applicability across datasets. Ranking 1298

accuracy, by contrast, provides a more intrinsic as- 1299

sessment of a paper’s quality. Although many prior 1300

studies report absolute-score metrics, we do not 1301

consider them reliable and refrain from convert- 1302

ing rankings into absolute scores. Consequently, 1303

such absolute-score metrics are excluded from this 1304

study. 1305

Results on Additional Metrics We further evalu- 1306

ated our approach using several alternative metrics 1307

that remain within the two categories described 1308

above, namely ranking-based and accuracy-based 1309

measures. The results show that our method con- 1310

sistently attains the highest performance across all 1311

metrics, indicating that its effectiveness is robust 1312

under diverse evaluation criteria. See Table 8 for 1313

all results. 1314

F Aggregation Algorithms 1315

To understand how different aggregation strategies 1316

might influence the final ranking outcomes, we 1317

explored several alternatives to the Bradley-Terry 1318

model for pairwise preference modeling: These 1319

alternatives can be broadly grouped into two cate- 1320

gories: (1) The first group comprises graph-based 1321

approaches, which leverage the structural prop- 1322

erties of a directed graph to infer relative pa- 1323

per quality. In our construction, each directed 1324

edge encodes the preference of the LLM between 1325

a given pair of papers. The graph representa- 1326

tion then enables the application of centrality- 1327

based ranking techniques. Representative meth- 1328

ods we evaluated include Eigenvector Centrality, 1329

Katz Centrality, HITS, and PageRank. (2) The 1330

second group is based on classical probabilistic 1331

modeling. These methods share conceptual sim- 1332

ilarities with Bradley-Terry but introduce varia- 1333

tions such as Gaussian distribution assumptions 1334

or Bayesian sampling. Our evaluation includes 1335

the Thurstone-Mosteller model estimated via MLE, 1336

as well as two bayesian Bradley-Terry approaches 1337
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Decision Ranking

Method Jaccard F1-weighted Kendall τ MAP@10 NDCG@10 MAP@50 NDCG@50 MAP@all NDCG@all

pointwise - agents
AIScientist(GPT) 0.1429 0.6362 0.1924 0.5975 0.7459 0.3684 0.7709 0.4574 0.9594
AIScientist(Gemini) 0.2817 0.5776 0.1060 0.0917 0.5836 0.1188 0.6863 0.3528 0.9462
AIScientist(GLM) 0.3224 0.3001 0.1685 0.1608 0.6863 0.1966 0.7550 0.3997 0.9558
AgentReview(GPT) 0.2811 0.5236 0.0318 0.2611 0.6324 0.1839 0.6883 0.3520 0.9448
AgentReview(Gemini) 0.2906 0.5544 0.0688 0.1400 0.6980 0.1079 0.7109 0.3449 0.9519
AgentReview(GLM) 0.3438 0.4489 0.1579 0.0500 0.6895 0.1508 0.7356 0.3920 0.9546

pointwise - models
SEA-E 0.3272 0.2707 0.0880 0.1133 0.5966 0.1162 0.6608 0.3426 0.9434
CycleReview-7B 0.1699 0.6259 0.1844 0.2344 0.6602 0.1828 0.7016 0.3989 0.9524
DeepReview-7B 0.1913 0.6245 0.1971 0.2153 0.6858 0.1922 0.7418 0.3893 0.9556
DeepReview-14B 0.3127 0.6817 0.2719 0.1222 0.6775 0.2118 0.7424 0.4267 0.9578

pairwise / listwise
NAIP 0.2174 0.6020 0.1126 0.1633 0.6578 0.1695 0.6948 0.3814 0.9483
PairReview(GPT) 0.2733 0.6440 0.1783 0.4175 0.7247 0.1716 0.7209 0.3852 0.9559
PairReview(Gemini) 0.2492 0.6251 0.1612 0.3267 0.7212 0.2963 0.7611 0.4069 0.9580
PairReview(GLM) 0.2492 0.6251 0.2054 0.5014 0.7233 0.2591 0.7542 0.3968 0.9569

ours 0.3798 0.7196 0.2789 0.6818 0.7953 0.5719 0.8084 0.5455 0.9675

Table 8: Performance comparison on other metrics. For each metric, Best result and second-best result are
highlighted.

Decision Ranking

Method Accuracy F1 AUC Cohen κ Spearman ρ Pair. Acc. MAP@20 NDCG@20 Avg. Perf.

graph-based algorithms
Eigenvector Centrality 0.7066 0.6585 0.7381 0.3170 0.4071 0.6442 0.4581 0.7702 0.9306
Katz Centrality 0.7066 0.6585 0.7382 0.3170 0.4096 0.6449 0.4564 0.7679 0.9308
HITS 0.6782 0.6255 0.7022 0.2509 0.3642 0.6283 0.3919 0.7339 0.8563
PageRank 0.7161 0.6695 0.7385 0.3390 0.4093 0.6448 0.5412 0.7934 0.9613

probabilistic comparison models
Thurstone-Mosteller 0.7161 0.6695 0.7405 0.3390 0.4092 0.6449 0.6055 0.7988 0.9738
Bradley-Terry (MAP) 0.7192 0.6732 0.7439 0.3464 0.4124 0.6459 0.5861 0.7996 0.9761
Bradley-Terry (MCMC) 0.7192 0.6732 0.7434 0.3464 0.4118 0.6458 0.6310 0.8083 0.9851
Bradley-Terry (MLE) 0.7192 0.6732 0.7408 0.3464 0.4091 0.6448 0.7076 0.8153 0.9983

Table 9: Performance comparison of different aggregation methods. For Katz Centrality, we set α to 0.1; for
PageRank, we set α to 0.85. These hyperparameters have been carefully tuned. For each metric, Best result and
second-best result are highlighted.

using MAP and MCMC.1338

Table 9 shows the results under different aggre-1339

gation methods. Empirically, we find that the plain1340

Bradley-Terry model with maximum likelihood es-1341

timation already delivers the strongest overall per-1342

formance, so we select this method as the prefer-1343

ence aggregation approach.1344

G Generalization1345

As shown in Table 10, the detailed results from the1346

Mann-Whitney U test are as follows.1347

In ICML 2025 (p < 0.01) and NeurIPS 20251348

(p < 0.05), there are significant differences in the1349

median percentile rankings between the accept and1350

reject groups. Significant differences (all p < 0.05)1351

exist between all pairs of different groups, indicat-1352

ing that the model can clearly distinguish between1353

acceptance levels such as Reject, Poster, and Spot-1354

light & Oral. For ACL, EMNLP, and NAACL, due1355

to the lack of detailed review results, we compared1356

the Findings and Long Papers categories. The re- 1357

sults show that in ACL 2025 (p < 0.05), EMNLP 1358

2025 (p < 0.01), and NAACL 2025 (p < 0.01), 1359

the median percentile rankings of Long Papers are 1360

significantly higher than those of Findings. Al- 1361

though both types of papers went through peer 1362

review, the model was still able to capture the rel- 1363

atively higher quality signals of Long Papers, and 1364

the differences were statistically significant. 1365

In terms of specific rankings, the difference 1366

in median percentile rankings between rejected 1367

and accepted papers in ICML was +21.0, and 1368

in NeurIPS it was +23.4; in contrast, the dif- 1369

ferences between Findings and Long Papers in 1370

ACL, EMNLP, and NAACL were +7.5, +14.2, and 1371

+12.3, respectively. It can be seen that the abso- 1372

lute differences between accepted and rejected pa- 1373

pers in ICML and NeurIPS (21.0-23.4) are signif- 1374

icantly larger than the differences between Find- 1375

ings and Long Papers (7.5-14.2), indicating that 1376
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Venue Group1 Group2 Median1 Median2 Diff. U Z p-value Sig.

ICML 2025 Reject Accept 30.7 51.7 +21.0 4168.0 -3.285 0.001 ***
Reject Poster 30.7 50.2 +19.5 4008.0 -3.034 0.002 ***
Reject Spotlight & Oral 30.7 65.2 +34.5 160.0 -4.743 0.000 ***
Poster Spotlight & Oral 50.2 65.2 +15.0 5801.0 -2.820 0.005 ***

NeurIPS 2025 Reject Accept 27.3 50.7 +23.4 3272.0 -2.414 0.016 **
Reject Poster 27.3 47.6 +20.3 3026.0 -2.100 0.036 **
Reject Spotlight & Oral 27.3 71.6 +44.3 246.0 -3.987 0.000 ***
Poster Spotlight & Oral 47.6 71.6 +24.0 8717.0 -4.014 0.000 ***

ACL 2025 Findings Long Papers 45.6 53.1 +7.5 28006.0 -2.008 0.045 **
EMNLP 2025 Findings Long Papers 43.3 57.5 +14.2 24102.0 -4.425 0.000 ***
NAACL 2025 Findings Long Papers 43.3 55.6 +12.3 25703.0 -3.434 0.001 ***

Table 10: Mann-Whitney U test summary (∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1, ns: not significant).

DeepReview [ours]

Computational complexity (dense) O(nL
2
) O(αn

2
L

2
)

n 634 634
α — 0.05
Linput 10714.2 772.7
Loutput 12259.6 339.2
L 22973.8 1111.9

Token cost 1× 1.53×
Computational cost 1× 0.074×

Table 11: Comparison between DeepReview and our
method on token cost and computational cost.

the former reflects a greater quality gap. This per-1377

fectly matches real-world conditions and shows1378

that the model still has the ability to distinguish1379

fine-grained quality differences when generalizing1380

to other datasets.1381

The above results demonstrate that the differ-1382

ences among all groups are statistically significant.1383

This indicates that the model possesses a systematic1384

ability to distinguish the quality of unseen papers,1385

thereby exhibiting strong generalization capability.1386

H Efficiency Analysis1387

Building on our experimental results, we conducted1388

a comparative analysis between DeepReview and1389

our proposed approach. The outcomes are summa-1390

rized in Table 11, focusing on total token consump-1391

tion and estimated computational cost.1392

For both methods, we randomly sampled 2001393

papers and computed the mean token usage to esti-1394

mate per-paper consumption. Computational cost1395

was assessed under the assumption of dense archi-1396

tectures, as both our model (based on Qwen2.5-7B)1397

and DeepReview (based on Phi-4 14B) adopt dense1398

designs. We disregarded parameter-scale differ-1399

ences, and given the use of global attention mecha-1400

nisms in both models, the cost scales quadratically1401

with context length.1402

Based on the computational complexity analy-1403

sis, our approach consumes slightly more tokens1404

than DeepReview (1.5×) yet achieves a dramat-1405

ically lower actual computational cost (0.074×) 1406

with dense architectures. This reduction stems 1407

from the short-inference scheme employed in our 1408

model, which not only yields superior performance 1409

but also substantially decreases computation over- 1410

head. Additionally, the shorter context length 1411

reduces memory usage, enabling deployment on 1412

consumer-grade GPUs. These results highlight that 1413

efficiency gains can be achieved without sacrificing 1414

task quality. 1415

I Prompt Design 1416

I.1 Prompts for Comparative Evaluation 1417

Prompt

Your response must be about 200 words in length.
Please act as an impartial judge and evaluate the quality of the following
two papers. As the area chair for a top ML conference, you can only select
one paper. Start with a brief meta-review / reasoning of the pros and
cons for each paper (two sentences), and then provide your choice in a
binary format. Start with a brief meta-review / reasoning of the pros and
cons for each paper, focusing on novelty, significance, clarity, method-
ology, and practical implications. Be very critical and do not be biased
by what the author claimed. Finally, provide your choice in a binary format.

Please provide your analysis in JSON format.

### Paper 1:
Submission Title: {title_1}
“‘
Abstract: {abstract_1}
“‘

### Paper 2:
Submission Title: {title_2}
“‘
Abstract: {abstract_2}
“‘

Your JSON output should look like this:
{{

"paper_1_review": "Your meta-review and reasoning for paper 1",
"paper_2_review": "Your meta-review and reasoning for paper 2",
"chosen_paper": "paper_1 or paper_2"

}}
1418

As shown above, our prompts for comparative 1419

evaluation follow a design approach similar to that 1420

of PairReview (Zhang et al., 2025). The main 1421

18



enhancement is the incorporation of explicit con-1422

straints on review length, thereby encouraging the1423

model to reach a conclusion using minimal reason-1424

ing steps. A further distinction is that, in designing1425

these comparison prompts, we restrict the input1426

to only the titles and abstracts of the paper pairs1427

under comparison. These sections provide high in-1428

formation density and sufficient context to support1429

reliable comparative judgments (Zhou et al., 2024;1430

Höpner et al., 2025; Zhao et al., 2025).1431

I.2 Prompt for Comprehensive Review1432

Prompt

Please output the paper review in two paragraphs, strictly following the
content requirements and do not add any other information:
1. Summarize the core content of the review of THIS PAPER.
2. Compare this paper with other papers in a comparative review, using a
longer description to make a detailed comparison with other important and
similar papers.

## THIS PAPER
“‘
str(answers.focal_papers)
“‘

## other papers
“‘
str(answers.other_papers)
“‘

1433

As shown above, the initial outputs from LLMs1434

in our setting are tailored for comparative analysis1435

and do not provide explicit or definitive conclu-1436

sions. Instead, conclusions emerge through syn-1437

thesis across multiple evaluative dimensions. To1438

this end, we introduce supplementary prompts that1439

leverage the GLM-4.5-Air model to integrate all1440

individual review remarks and distill them into a1441

finalized research assessment. In this study, di-1442

rect comparison between the generated reviews1443

and those produced by pointwise methods is not1444

conducted. This is because our reviews are de-1445

signed for breadth-oriented, parallel assessment of1446

contemporaneously published literature, whereas1447

pointwise methods primarily perform deep, fine-1448

grained analysis of a single work. These method-1449

ological differences result in a fundamental mis-1450

match in evaluation scope and objectives, making1451

direct comparison inappropriate. We encourage1452

combining our breadth-oriented reviews with point-1453

wise evaluations to produce review content that is1454

more comprehensive, better optimized, and more1455

robust.1456
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Abstract:

Convex quadratically constrained quadratic programs (QCQPs) involve finding a solution within a convex feasible region defined by quadratic 
constraints while minimizing a convex quadratic objective function. These problems arise in various industrial applications, including power systems 
and signal processing. Traditional methods for solving convex QCQPs primarily rely on matrix factorization, which quickly becomes computationally 
prohibitive as the problem size increases. Recently, graph neural networks (GNNs) have gained attention for their potential in representing and solving 
various optimization problems such as linear programs and linearly constrained quadratic programs. In this work, we are the first to investigate the 
representation power of GNNs in the context of QCQP tasks. Specifically, we propose a new tripartite graph representation for general convex QCQPs 
and properly associate it with message-passing GNNs. We demonstrate that there exist GNNs capable of reliably representing key properties of 
convex QCQPs, including feasibility, optimal value, and optimal solution. Our result deepens the understanding of the connection between QCQPs and 
GNNs, paving the way for future machine learning approaches to efficiently solve QCQPs.

Review:
The core content of the review for THIS PAPER highlights its novel approach: representing convex Quadratically Constrained Quadratic Programs (QCQPs) 
using Graph Neural Networks (GNNs) via a tripartite graph structure and message-passing mechanisms. This framework is theoretically grounded, aiming 
to model key QCQP properties like feasibility, optimality, and solutions. The abstract proposes a potentially significant contribution by bridging GNNs and 
convex optimization, addressing an underexplored intersection. However, the review consistently identifies critical deficiencies: a lack of empirical 
validation (no experiments, benchmarks, or computational results), insufficient methodological detail (vague integration of the GNN architecture with 
optimization objectives, unclear training procedures), and absence of complexity analysis or comparisons to established solvers. Consequently, the 
novelty and practical impact remain speculative, as the theoretical claims lack supporting evidence and reproducibility concerns arise. Compared to other 
papers in the list, THIS PAPER stands out for its narrow theoretical focus on a well-structured optimization class (convex QCQPs) but suffers from 
significant practical shortcomings that are addressed in stronger comparative works. For instance, papers like the one on spectral GNN expressivity 
provide rigorous theoretical analysis *and* empirical validation across benchmarks, establishing clear baselines and implications for model design, while 
THIS PAPER offers only theoretical assertions without computational proof. Similarly, works such as the knowledge graph embedding scaler or the graph 
SSM extension present concrete methodological innovations (e.g., BLOCS/SEPAL, permutation-equivariant aggregation) with detailed ablation studies, 
scalability demonstrations, and comparisons to strong baselines, directly addressing the lack of empirical grounding in THIS PAPER. Papers like the 
robustness-IB connection and the subgraph isomorphism analysis further demonstrate how theoretical contributions can be paired with rigorous 
experimental setups and practical implications, contrasting sharply with THIS PAPER's speculative claims. While THIS PAPER's idea is conceptually 
interesting, its failure to deliver methodological specifics or empirical validation places it behind comparative works that successfully bridge theory and 
practice.
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Paper 1 Review:
    Paper 1 proposes using GNNs to represent convex QCQPs via a tripartite graph structure, aiming to leverage message-passing for optimization. While 
the idea of applying GNNs to non-linear optimization is intriguing, the abstract lacks methodological detail—such as how the GNN architecture 
integrates with the optimization objective—and provides no evidence of empirical validation or computational efficiency gains. The claim of 'first' 
investigation into GNNs for QCQPs is potentially significant, but without clear algorithmic contributions or ablation studies, the novelty appears 
incremental. Moreover, the abstract does not clarify whether the proposed GNNs are trained end-to-end or used as feature extractors, weakening the 
technical rigor.

Paper 2 Review:
    Paper 2 tackles a fundamental theoretical question in GNN expressivity by analyzing spectral invariants through the lens of homomorphism 
expressivity. It presents a rigorous mathematical framework, proving exact homomorphism-counting capabilities of spectral GNNs on parallel trees, 
which is both novel and technically sound. The work builds directly on prior art [arvind2024hierarchy] and addresses open questions in the field, 
demonstrating strong theoretical grounding and significance for the broader GNN community. The clarity is high, with precise definitions and logical 
flow, and the implications extend beyond spectral GNNs to influence architectural design and depth analysis in GNNs. This level of theoretical depth and 
contribution is rare and highly valued in top-tier ML conferences.
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vs Paper 396 win

Paper 1 Review:
    Paper 1 presents a theoretically grounded investigation into whether GNNs can represent key properties of convex QCQPs, which is a novel and 
potentially significant contribution given the growing interest in applying ML to optimization. The proposal of a tripartite graph representation and 
message-passing framework is technically sound and well-motivated, with clear implications for bridging discrete optimization and deep learning. 
However, the abstract lacks empirical validation—no experiments or benchmarks are mentioned, and it is unclear how the GNN-based representation 
compares to existing solvers or baselines. While the theoretical claims are promising, the absence of concrete results or ablation studies weakens the 
impact and raises concerns about practical relevance.

Paper 2 Review:
    Paper 2 proposes a semi-supervised neural network (SSNN) for solving multiparametric quadratic programming (mp-QP), targeting applications in 
energy systems. The idea of incorporating physical system knowledge into model weights is conceptually interesting and could improve generalization 
under limited data; however, the abstract lacks methodological detail—such as how the 'global solution function' is mathematically integrated into the 
network—and provides no clear justification for why standard NNs fail to meet KKT conditions without architectural changes. Moreover, the claim of 
'out-of-distribution' robustness and sub-second inference for millions of inputs is impressive but may be overstated without evidence of scalability or 
computational cost analysis. The novelty is moderate, as structured neural networks for parametric optimization have been explored before, and the 
significance hinges on unverified assumptions about the tractability of weight initialization from system dynamics.

Chosen Paper: Paper 1

vs Paper 82 loss

Paper 1 Review:
    Paper 1 proposes a tripartite graph representation for convex QCQPs and claims that GNNs can represent feasibility, optimal value, and solutions. 
While the idea of leveraging GNNs for optimization problems is timely, the abstract lacks methodological detail—such as how the GNN architecture is 
designed or trained—and provides no empirical validation or complexity analysis. The novelty is moderate, as GNNs have been applied to optimization 
formulations before, and the significance is limited by the narrow focus on convex QCQPs, which are already tractable using standard solvers. Clarity is 
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Paper 1 Review:
    Paper 1 introduces STOP, a well-motivated OOD processor for spatiotemporal models, addressing a clear and important problem in real-
world deployment. The methodological contributions—centralized messaging via ConAU and graph perturbation via GenPU—are technically 
sound and clearly described, with ablation studies and robustness evaluations supporting their effectiveness. The integration of 
distributionally robust optimization further strengthens the approach. The abstract is concise, precise, and includes implementation details 
(e.g., code availability), enhancing reproducibility. The experiments are thorough across six datasets, and the problem setting is both timely 
and impactful.

Paper 2 Review:
    Paper 2 claims to propose a 'novel bias-variance decomposition' and introduces 'generalization error minimized' deep learning (GEM DL), but 
the abstract lacks technical depth and clarity on how the proposed framework differs from existing regularization and generalization-aware 
training methods. While the idea of minimizing generalization error directly is appealing, the abstract does not specify how the proxy for 
generalization error is derived or whether it is theoretically grounded, raising concerns about novelty and rigor. Moreover, the claim of a 13.19% 
improvement on ImageNet is extraordinary and suspicious without details on model architecture, training setup, or statistical significance, 
suggesting potential overstatement or lack of proper benchmarking. The absence of methodological specifics and reliance on vague terms 
like 'analytical proxy' weaken the credibility and reproducibility of the contribution.

Chosen Paper: Paper 1
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Figure 7: Paper Comparison Analysis View

J Visualization1457

To facilitate an intuitive understanding of our1458

method’s performance on the ICLR-2025 test set1459

and to enable fine-grained comparisons among dif-1460

ferent submissions, we built an interactive demon-1461

stration system. The front end is implemented in1462

Vue.js, and the back end is powered by FastAPI.1463

The system offers two main functionalities: (1)1464

Single Paper Statistic View (See Figure 6). Given1465

a paper ID, the system presents a comprehensive1466

analysis of the paper, including its metadata, sim-1467

ulated review, overall ranking within the test set,1468

prediction outcomes, comparative statistics against1469

other papers, and aggregated win rate. (2) Paper1470

Comparison Analysis View (See Figure 7). Given1471

two paper IDs, the model independently reviews1472

each paper and provides a comparative assessment1473

of their relative merits, along with explanatory text.1474

This demo is intended to serve as an interactive1475

and interpretable evaluation platform, enabling re-1476

searchers to better understand the model’s behavior1477

and outcomes in realistic conference review scenar-1478

ios.1479
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