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Abstract

Peer review is a multi-stage process involv-
ing reviews, rebuttals, meta-reviews, final deci-
sions, and subsequent manuscript revisions. Re-
cent advances in large language models (LLMs)
have motivated methods that assist or automate
different stages of this pipeline. In this sur-
vey, we synthesize techniques for (i) peer re-
view generation, including fine-tuning strate-
gies, agent-based systems, RL-based methods,
and emerging paradigms to enhance genera-
tion; (ii) after-review tasks including rebut-
tals, meta-review and revision aligned to re-
views; and (iii) evaluation methods spanning
human-centered, reference-based, LLM-based
and aspect-oriented. We catalog datasets, com-
pare modeling choices, and discuss limitations,
ethical concerns, and future directions. The
survey aims to provide practical guidance for
building, evaluating, and integrating LLM sys-
tems across the full peer review workflow. A
collection of papers is available at the following
repository: GitHub Repository.

1 Introduction

Peer review is the cornerstone of scientific publish-
ing. The rapid advancement of AI4Research has
fundamentally transformed the landscape of schol-
arly communication, spawning a surge of interest
in automating and enhancing the peer review pro-
cess (Chen et al., 2025). The academic peer review
pipeline includes submission, review, rebuttal, dis-
cussion, meta-review, and final decision-making.
Each stage involves the generation of critical tex-
tual artifacts. For instance, research has explored
the creation of initial referee reports (Yuan et al.,
2021; Dycke et al., 2023a; Tan et al., 2024) and
author rebuttals that respond to reviewer feedback
(Cheng et al., 2020; Purkayastha et al., 2023a). Fur-
ther along the pipeline, work has focused on consol-
idating multiple reviews into a unified meta-review
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(Li et al., 2023; Zeng et al., 2023; Kumar et al.,
2024a) and providing structured arguments to sup-
port the final publication decision (Sukpanichnant
et al., 2024).

Early approaches in this domain were confined
to sub-tasks, such as predicting paper acceptance
from metadata and abstract features or regress-
ing review scores from paper content (Kang et al.,
2018; Checco et al., 2021). The advent of LLMs
marked a profound paradigm shift (Vaswani et al.,
2017; Radford et al., 2019; Bommasani et al., 2021;
Bai et al., 2023; Zhao et al., 2023; Touvron et al.,
2023; OpenAI et al., 2024). Around 2023, mod-
els began to process full manuscripts and produce
credible end-to-end reviews (Robertson, 2023; Hos-
seini and Horbach, 2023). Current systems go
beyond single-prompt generation to adopt multi-
agent designs that emulate panel workflows (Jin
et al., 2024a; Durante et al., 2024) and reinforce-
ment learning (Ziegler et al., 2020; Christiano et al.,
2023) to align outputs with nuanced human prefer-
ences. These developments coexist with a growing
recognition that evaluation must keep pace (Zhang
and Abernethy, 2025).

While other valuable surveys exist, they either
cover the AI4Research landscape too broadly, with
peer review as only a minor component (Chen et al.,
2025), or due to the field’s rapid progress, do not
fully capture the latest wave of agentic and RL-
based methodologies (Zhuang et al., 2025). Cru-
cially, few existing works provide a systematic anal-
ysis of the critical landscape of evaluation for peer
review generation. Our survey fills this gap by
providing a holistic overview of peer review pro-
cess,1 with a dual focus on cutting-edge generation
methodologies and a taxonomy of their evaluation.
The review procedure is in Appendix G.

This survey is structured as follows: Section 2

1This survey is intended to support research on AI-assisted
peer review workflows, not to replace human reviewers.
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Benchmark Perspective §4

Datasets §4.2 e.g., PeerRead (Kang et al., 2018), NLpeer (Dycke et al., 2023a), MOPRD (Lin et al., 2022), etc.

Metrics §A e.g., BLEU (Papineni et al., 2002), ROUGE (Lin, 2004), BertScore (Zhang et al., 2020), etc.

Aspect-Oriented Evaluation §4.1.4 e.g., Focus-Level Framework (Shin et al., 2025), ReviewCritique (Du et al., 2024), SEA (Yu et al., 2024),
Adversarial Evaluation (Ye et al., 2024), STRICTA (Dycke et al., 2025), etc.

LLM-Based Evaluation §4.1.3 e.g., Multi-Judge Evaluation (Zhang and Abernethy, 2025), PiCO (Ning et al., 2025), etc.

Reference-Based Evaluation §4.1.2 e.g., Liang et al. (Liang et al., 2023), Zhou et al. (Zhou et al., 2024a), SEA (Yu et al., 2024),
ReviewerGPT (Liu and Shah, 2023), RR-MCQ Benchmark (Zhou et al., 2024a), etc.

Human-Centric Evaluation §4.1.1
e.g., Robertson (Robertson, 2023), Liang et al. (Liang et al., 2023), Human-in-the-Loop (Drori and Te’eni, 2024),
Hosseini and Horbach (Hosseini and Horbach, 2023), Schintler et al. (Schintler et al., 2023),
Lee et al. (Lee et al., 2025), Reviewer Arena (Tyser et al., 2024), etc.

After Peer Review §3

Paper Revision from Reviews §3.3 e.g., ARIES (D’Arcy et al., 2023), CASIMIR (Jourdan et al., 2024), ARXIVEDITS (Jiang et al., 2022), etc.

Meta-review §3.2 e.g., MRED (Shen et al., 2022), PEERSUM (Li et al., 2023), ORSUM (Zeng et al., 2024), etc.

Rebuttal §3.1 e.g., DISAPERE (Kennard et al., 2021), JITSUPEER (Purkayastha et al., 2023b), Re2 (Zhang et al., 2025a),
DRPG (Han et al., 2026), Paper2Rebuttal (Ma et al., 2026), Author-in-the-loop (Ruan and Gurevych, 2026), etc.

Peer Review Generation §2

Review Generation Enhancement §2.3
e.g., ReviewRobot (Wang et al., 2020), MAMORX (Taechoyotin et al., 2024), AutoRev (Chitale et al., 2025),
ReviewEval (Garg et al., 2024), RbtAct (Wu et al., 2026a), GoodPoint (Mun et al., 2026),
TreeReview (Chang et al., 2025), RevGAN (Li and Tuzhilin, 2020), etc.

Reinforcement Learning Methods §2.2.3 e.g., REMOR (Taechoyotin and Acuna, 2025), CycleResearcher (Weng et al., 2025),
ReviewRl (Zeng et al., 2025), REM-CTX (Taechoyotin and Acuna, 2026), etc.

Agent-based Methods §2.2.2 e.g., MARG (D’Arcy et al., 2024), SWIF2T (Chamoun et al., 2024), ReviewAgents (Gao et al., 2025),
MAMORX (Taechoyotin et al., 2024), AgentReview (Jin et al., 2024a), ReviewMT (Tan et al., 2024), etc.

Fine-tuning Methods §2.2.1 e.g., ReviewMT (Tan et al., 2024), PeerRead (Kang et al., 2018), NLpeer (Dycke et al., 2023a),
OpenReviewer (Idahl and Ahmadi, 2025), Reviewer2 (Reverdy et al., 2024), LimGen (Faizullah et al., 2024), etc.

Foundation Approaches §2.1 e.g., Multi-News (Fabbri et al., 2019), SLN (Li and Zhuge, 2021), etc.

Figure 1: Taxonomy of AI for Peer Review Process and Evaluation: Key Areas and Example Systems.
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Figure 2: The methods of peer review generation: (1)
Foundation approaches; (2) Fine-tuning methods; (3)
Agent-based methods; (4) Reinforcement learning meth-
ods; and (5) Review Generation Enhancement.

details the evolution of peer review generation
methodologies. Section 3 introduces methods of
after-review tasks including rebuttal, meta-review
and paper revision from reviews. Section 4 of-
fers a systematic taxonomy of evaluation methods,
metrics, and datasets. Section 5 discusses key chal-
lenges and outlines future research directions.

2 Peer Review Generation

We categorize peer review generation methodolo-
gies into five main paradigms—foundation ap-
proaches, fine-tuning methods, agent-based meth-
ods, reinforcement learning methods and genera-
tion enhancement, as illustrated in Figure 2.

2.1 Foundation Approaches

Prior to the widespread adoption of LLMs, the au-
tomated generation of complete, high-quality peer
reviews was difficult (Drozdz and Ladomery, 2024).
Early attempts to generate reviews often addressed
a different problem, such as the multi-document
summarization of existing reviews (Li et al., 2022;
Fabbri et al., 2019), or relied on citation networks
rather than generating novel critique directly from
a source manuscript (Li and Zhuge, 2021). Conse-
quently, research in the pre-2023 era predominantly
focused on a suite of more manageable sub-tasks.
These foundational efforts deconstructed the peer
review process into analytical (Teufel et al., 1999),
predictive (Kang et al., 2018), and narrowly gen-
erative components (Dycke et al., 2023b). While
limited in their ability to produce complete reviews,
these researches established critical datasets for
subsequent breakthroughs.

2.2 LLM-based Approaches

We next review recent advancements in peer re-
view generation using LLMs, including fine-tuning
strategies, multi-agent systems, and reinforcement
learning methods for optimizing review quality.

2.2.1 Fine-tuning Methods
To overcome the limitations of zero-shot prompt-
ing (Li, 2023; Sivarajkumar et al., 2023), such as
the generation of overly positive and generic feed-
back and the inability to produce reviews that con-
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Method & Framework Venue/Year Core Paradigm Dataset(s) Key Contributions & Features

Foundational Datasets

PeerRead Kang et al. (2018) NAACL 2018 Data Collection PeerRead Large-scale papers+reviews dataset.
NLpeer Dycke et al. (2023a) ACL 2023 Data Collection NLpeer Unified, expanded peer-review resource.
MOPRD Lin et al. (2022) NCA 2023 Data Collection MOPRD Multidisciplinary open peer-review set.

LLM-based Generation Approaches

A. Fine-tuning Methods
OpenReviewer Idahl and Ahmadi (2025) NAACL Demo 2025 Fine-tuning 79k expert reviews Llama-8B fine-tuned on curated expert reviews.
REVIEWER2 Gao et al. (2024b) Preprint 2024 Fine-tuning 27k papers, 99k reviews Two stage: prompt generation and review.
LimGen Faizullah et al. (2024) ECML-PKDD 2024 Fine-tuning LimGen SLG for limitation suggestions.

B. Agent-based Systems
MARG D’Arcy et al. (2024) Preprint 2024 Agent-based (Dec.) – Leader–worker agents; iterative refinement.
ReviewAgents Gao et al. (2025) Preprint 2025 Agent-based (Dec.) Review-CoT Summarize, analyze and conclude with RAG.
DeepReview Zhu et al. (2025a) ACL 2025 Agent-based (Dec.) DeepReview-13K Three stages: novelty, multi-dimension, reliability.
MAMORX Taechoyotin et al. (2024) NeurIPS 2024 WS Agent-based (Dec.) – Multimodal; function-calling RAG for novelty.
SWIF²T Chamoun et al. (2024) ACL Find. 2024 Agent-based (Dec.) 300 peer reviews Four agents: plan/investigate/review/control.
DIAGPaper Zou et al. (2026) Preprint 2026 Agent-based (Dec.) AAAR, ReviewCritique Multi-agent weakness diagnosis
AgentReview Jin et al. (2024a) EMNLP 2024 Agent-based (Sim.) – Simulated peer review; authority-bias study.
ReviewMT Tan et al. (2024) Preprint 2024 Agent-based (Sim.) ReviewMT SFT > zero-shot; rebuttal as dialogue.

C. Reinforcement Learning (RL)
Remor Taechoyotin and Acuna (2025) Preprint 2025 RL (GRPO) PeerRT Multi-objective RL with HPRR reward.
CycleResearcher Weng et al. (2025) ICLR 2025 RL (SimPO) Review-5k, Research-14k Dual-agent research–review–refine loop.
ReviewRL Zeng et al. (2025) EMNLP 2025 RL (Rule-based) ICLR 2025 papers Composite-reward RL for grounded reviews.
REM-CTX Taechoyotin and Acuna (2026) Preprint 2026 RL (GRPO) PeerRTEx, FCR/NCRDat Auxiliary-context RL for grounded peer reviews.

Review Generation Enhancement

ReviewRobot Wang et al. (2020) INLG 2020 RAG (KG-based) – Pre-LLM; synthesizes three knowledge graphs.
Novelty Afzal et al. (2025) EACL 2026 RAG (Novelty) – Contribution-wise novelty comparisons.
ReviewEval Garg et al. (2024) EMNLP Find. 2025 Iterative Refinement FullCorpus-120 Self-refinement + external improvement loops.
RbtAct Wu et al. (2026a) ACL Find. 2026 Iterative Refinement RMR-75K Rebuttal-derived optimization for actionability.
GoodPoint Mun et al. (2026) Preprint 2026 Iterative Refinement GoodPoint-ICLR Author-response supervision.
TreeReview Chang et al. (2025) EMNLP 2025 Structure Control Venue-derived benchmark Dynamic question tree for analysis.
AutoRev Chitale et al. (2025) Preprint 2025 Structure Control – Document graph to target key passages.
RevGAN Li and Tuzhilin (2020) EMNLP 2019 Style Control (GAN) – Controllable, personalized reviews (pre-LLM).

Table 1: A summary of methodologies in peer review generation. The table also highlights key contributions.
“(Dec.)” denotes Task Decomposition and “(Sim.)” denotes Process Simulation.

form to the required format (Tan et al., 2024; Gao
et al., 2024b), research has rapidly pivoted towards
fine-tuning LLMs on domain-specific data (Hu
et al., 2021). Some of these datasets are directly de-
rived from foundational datasets (Kang et al., 2018;
Dycke et al., 2023a), while others are constructed
by leveraging APIs and specialized tools to curate
custom review datasets (we summarize methods in
Appendix E) (Dycke et al., 2022).

The contemporary approach involves specializ-
ing LLMs to capture the distinct style and critical
nature of peer review. To address the challenge of
generating reviews in the required format, Tan et al.
(2024) has fine-tuned LLMs on the ReviewMT
dataset. Experimental results demonstrate that such
supervised fine-tuning substantially improves the
review and decision hit rates compared to zero-
shot prompting. OpenReviewer (Idahl and Ahmadi,
2025) fine-tunes a Llama-8B model (AI@Meta,
2024) on a curated dataset of 79,000 expert re-
views. Its high performance stemmed from curat-
ing reviews with diverse critique patterns such as
methodological flaws, reproducibility issues and
balanced scores. We also organize different LLM
Backbone Strategies in Table 3 in Appendix.

Other frameworks decompose the generation
task itself to improve specificity and control. RE-
VIEWER2 (Reverdy et al., 2024) utilizes a two-
stage pipeline where one fine-tuned model first
generates a set of relevant aspect prompts for a
given paper, and a second model generates review
text conditioned on these specific aspects. This
decomposition helps lead to more detailed reviews
that better cover the range of topics. The versa-
tility of fine-tuning is further demonstrated by its
application to specific sub-tasks, as seen in Lim-
Gen (Faizullah et al., 2024), which fine-tunes mod-
els specifically for a task requires inferring poten-
tial weaknesses not explicitly stated by authors.

2.2.2 Agent-based Methods
Recognizing that peer review is a complex cogni-
tive process, recent work has shifted towards agent-
based systems. This paradigm decomposes the re-
view process, assigning distinct roles and sub-tasks
to multiple collaborating LLMs. These approaches
can be broadly categorized by their primary objec-
tive: Task Decomposition and Process Simulation.

Task Decomposition. A significant body of work
focuses on task decomposition to generate higher-
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quality reviews. D’Arcy et al. (2024) propose
MARG, a framework utilizing a leader-worker
architecture where specialized expert agents are
tasked with critiquing specific aspects of a paper,
such as its experiments, clarity, and impact. This
division of labor helps produce more targeted, help-
ful feedback. Similarly, SWIF²T, introduced by
Chamoun et al. (2024), employs a four-component
pipeline of Planner, Investigator, Reviewer, and
Controller agents to generate focused and action-
able feedback on specific weaknesses identified
within a manuscript. Building on this concept of
emulating human workflows, Gao et al. (2025)
develop ReviewAgents, a framework designed to
mirror the structured reasoning of human experts
through summarization, analysis, and conclusion
stages. DeepReview (Zhu et al., 2025a) introduces
a multi-stage framework that decomposes the re-
view into three stages: novelty verification, multi-
dimension review and reliability verification, aims
to mitigate issues of limited domain expertise and
hallucinated reasoning in LLM-based reviewers.
Pushing the boundaries of analysis beyond text,
Taechoyotin et al. (2024) present MAMORX, a
multi-agent system that integrates attention to text,
figures, and citations together with external knowl-
edge sources. DIAGPaper (Zou et al., 2026) further
decomposes weakness identification into criterion-
grounded reviewing, rebuttal-based validation, and
severity prioritization, improving the validity and
specificity of detected weaknesses.

Process Simulation. A distinct but complemen-
tary line of research uses multi-agent systems to
simulate and study the peer review process itself.
Jin et al. (2024a) introduce AgentReview, an exten-
sible simulation testbed populated by LLM agents
representing authors, reviewers, and area chairs.
In a similar vein, Tan et al. (2024) reformulate
peer review as a multi-turn, long-context dialogue
among Reviewer, Author, and Decision Maker
agents. This approach, supported by the large-
scale ReviewMT dataset, explicitly models the it-
erative rebuttal and discussion cycles that are cen-
tral to real-world academic review but are missed
by generation models. Collectively, these multi-
agent methodologies represent a significant leap in
higher-quality reviews with dynamic simulation for
deeper process understanding.

2.2.3 Reinforcement Learning Methods

Beyond supervised fine-tuning, which primarily
teaches models stylistic and structural conventions,
reinforcement learning (RL) has emerged as a
crucial paradigm for optimizing generated con-
tent (Bai et al., 2022; Swamy et al., 2025). This
approach allows models to learn from feedback
signals that represent complex goals, such as pro-
ducing insightful and helpful scientific critiques.
The application of RL in this domain shows a clear
trajectory of optimizing the entire scientific pro-
cess (Rao et al., 2020; Novikov et al., 2025).

A direct application of this principle is seen in
Remor (Taechoyotin and Acuna, 2025), which em-
ploys multi-objective reinforcement learning to ad-
dress the common failure mode of AI-generated re-
views being shallow (Wei et al., 2025). The frame-
work’s core innovation is its Human-aligned Peer
Review Reward, a composite function that quanti-
fies multiple facets of review quality, including crit-
icism, relevance, and actionable suggestions. By
optimizing this multi-objective reward using Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024), Remor learns to generate reviews that are
better aligned with nuanced human preferences.

Expanding this paradigm, other frameworks use
the generated review itself as a reward signal to
refine the primary artifact. CycleResearcher (Weng
et al., 2025) exemplifies this with a dual-agent
system where a CycleReviewer model, trained to
mimic human evaluation scores, provides a reward
signal for a CycleResearcher model that generates
manuscripts (Meng et al., 2024). This establishes a
closed "Research-Review-Refinement" loop (Tang
et al., 2025). ReviewRL (Zeng et al., 2025) ex-
tends this line by combining retrieval-augmented
context construction with composite-reward RL to
jointly improve review quality and rating consis-
tency. Some RL work also incorporates auxiliary
context beyond the manuscript text itself, where
REM-CTX (Taechoyotin and Acuna, 2026) uses
correspondence-aware rewards to align generated
reviews with figures and external scholarly signals.

2.3 Review Generation Enhancement

External Knowledge-Enhanced Generation. A
significant challenge in peer review generation is
ensuring that comments are not only coherent but
also factually grounded to prevent hallucination
problems (Shuster et al., 2021; Ádám Kovács and
Recski, 2025). Models that generate reviews based
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solely on the text of a submitted paper may produce
generic critiques, lacking the necessary context of
the broader scientific landscape. To address this, a
key line of research has focused on enhancing gen-
eration systems with external knowledge. These
approaches parallel the wider adoption of Retrieval-
Augmented Generation (RAG) (Lewis et al., 2021;
Gao et al., 2024a). Early, pre-LLM work in this
area pioneered the use of structured knowledge syn-
thesis to generate evidence-backed reviews (Nauta
et al., 2023). ReviewRobot (Wang et al., 2020)
operationalizes this by constructing three distinct
knowledge graphs (KGs): one from the target pa-
per, one from its cited works, and a background KG
from a large collection of domain literature. With
the advent of LLMs, methodologies have shifted
towards more direct integration of external knowl-
edge. MAMORX (Taechoyotin et al., 2024) ex-
emplifies this modern RAG paradigm by employ-
ing a specialized agent to query external scholarly
databases to assess a paper’s novelty. Afzal et al.
(2025) retrieves and re-ranks related literature, per-
forming contribution-wise comparisons to produce
novelty judgments.

Iterative Refinement. This paradigm replaces
the single-pass generation approach with multi-step
processes where an initial output is progressively
improved (Kamoi et al., 2024). The refinement is
driven by feedback generated either by the model
itself or through interaction with other modules or
agents (Gou et al., 2024; Han et al., 2024). D’Arcy
et al. (2024) operationalizes this with an explicit,
final refinement stage. After aspect-specific agents
generate initial comments, a separate multi-agent
group is convened to assess each comment for va-
lidity and clarity, collaboratively deciding whether
to revise or prune it. Garg et al. (2024) proposes
a self-refinement loop and an external improve-
ment loop that iteratively optimizes its intermediate
outputs and the final reviews. Taking a different
approach, Tan et al. (2024) inherently creates an it-
erative refinement cycle where the author’s rebuttal
serves as feedback. Taechoyotin and Acuna (2025)
also employ an RL-based refinement strategy, but
focus on generating the review itself. RbtAct (Wu
et al., 2026a) similarly leverages rebuttals as im-
plicit supervision and preference signals to train
generators that produce more actionable review
feedback. GoodPoint (Mun et al., 2026) also uses
author responses to define constructive feedback as
comments that are both valid and actionable.

Structure and Style Control. Structure refers
to the logical organization, format, and argumen-
tative framework of a review. Generating a review
is a complex task that requires beyond insight into
technical. TreeReview (Chang et al., 2025) models
peer review as a hierarchical question-answering
process. The process begins with a top-down de-
composition stage, where a high-level review task
is recursively broken down into a tree of more fine-
grained sub-questions. AutoRev (Chitale et al.,
2025) leverages graph-based structural modeling of
the paper itself, capturing hierarchical relationships
between passages. The RevGAN model (Li and
Tuzhilin, 2020), developed for generating control-
lable and personalized product reviews, provides
a clear and powerful architecture for fine-grained
stylistic control.

3 After Peer Review

Beyond generating reviews, several tasks model
the post-review stage including rebuttal generation,
meta-review generation and paper revision.

3.1 Rebuttal

Rebuttal generation aims to produce author re-
sponses that directly and faithfully address re-
viewer critiques (Gao et al., 2019; Huang et al.,
2023). Early resources focused on linking re-
views to rebuttals and labeling discourse functions,
enabling supervised conditioning of responses
on critique aspects and actions (Kennard et al.,
2021) and argument-pair extraction between re-
view claims and rebuttal (Cheng et al., 2020). The
first work to explicitly formulate rebuttal genera-
tion is (Purkayastha et al., 2023b), who introduce
JITSUPEER and cast the task as attitude root or
theme-guided generation of canonical rebuttals con-
ditioned on rebuttal actions. Recent datasets move
from single-turn to multi-turn dialog settings by in-
volving rebuttal: ReviewMT reframes peer review
as long-context, role-based interaction (Tan et al.,
2024), and Re2 (Zhang et al., 2025a) aggregates
review data into structured multi-turn rebuttal dis-
cussions. More recently, the focus is shifting from
simple sentence generation to strategic, evidence-
based dialog planning. DRPG (Han et al., 2026)
formalizes this shift through a four-stage pipeline
of concern decomposition, evidence retrieval, per-
spective planning, and response generation. Pa-
per2Rebuttal (Ma et al., 2026) further reframes re-
buttal assistance as a verify-then-write evidence
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organization problem with explicit checkpoints
for grounding and consistency. Recent author-in-
the-loop work (Ruan and Gurevych, 2026) also
shows that effective response generation benefits
from explicit author signals, controllable planning,
and evaluation-guided refinement. Even minimal
author guidance can improve factual correctness
and targeted refutation over direct generation base-
lines (Khatri and Patwardhan, 2026).

3.2 Meta-review
Meta-review generation synthesizes multiple re-
viewer opinions into a summary for area chairs.
Early systems framed the task as extract-then-write
with predicting the accept/reject and condition-
ing generation on it (Bhatia et al., 2020; Kumar
et al., 2024b). Public datasets have enabled fur-
ther study. MRED adds sentence-level functional
labels to meta-reviews for structure-controllable
generation (Shen et al., 2022); PEERSUM mod-
els the hierarchical conversational structure of re-
views–rebuttals and introduces RAMMER for
structure-aware aggregation (Li et al., 2023). OR-
SUM scales coverage across venues while propos-
ing checklist-guided, multi-stage introspection for
opinion consolidation and evaluation (Zeng et al.,
2024). Methods increasingly leverage argument
structure and rebuttal content to surface consensus
vs. controversy (Wu et al., 2022), and decompose
generation via facet-level judgement extraction and
sentiment consolidation to improve decision qual-
ity (Li et al., 2024). Purkayastha et al. (2026) also
reframes meta-reviewing as a document-grounded
dialogue problem, emphasizing deliberation and
decision support beyond summarization alone.

3.3 Paper Revision from Reviews
A further step is editing the manuscript itself based
on peer feedback. ARIES (D’Arcy et al., 2023)
introduces the task and a dataset aligning review
comments to concrete paper edits, enabling edit
generation. CASIMIR (Jourdan et al., 2024) com-
piles and analyzes papers and their reviews to un-
derstand the intent behind edits, which helps plan
and evaluate future revisions. ARXIVEDITS (Jiang
et al., 2022) provides gold sentence alignments
across versions and fine-grained span-level edit in-
tents, complementing review-linked corpora.

4 Benchmark Perspective

Evaluating generated reviews remains challenging
due to the subjective nature of review quality. En-

      Aspect-Oriented Evaluation

      Human-Centric Evaluation

      Reference-Based Evaluation

      LLM-Based Evaluation
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Figure 3: The main evaluation methods that we discuss
are: (1) Human-centric evaluation; (2) Reference-based
automated evaluation; (3) LLM-based evaluation; and
(4) Aspect-oriented evaluation.

suring reliability is essential for maintaining the in-
tegrity of academic publishing (Zhou et al., 2024a).

4.1 Evaluation Methods

The validity, trustworthiness, and ultimate utility
of any automated review generation system hinge
entirely on the rigor of its evaluation. A poorly
evaluated system risks amplifying biases, providing
superficial feedback, or undermining the very sci-
entific integrity it aims to support (Zhang and Aber-
nethy, 2025; Tyser et al., 2024; Lee et al., 2013;
Bender et al., 2021). Consequently, the methods
used to evaluate these systems are as important as
the systems themselves. This review provides a
systematic taxonomy of the evaluation methodolo-
gies, in Figure 3, that have emerged in this rapidly
developing field, with their pros and cons, which is
also shown in Table 2 and Appendix F.

4.1.1 Human-Centric Evaluation
The most straightforward method for evaluating
a generated peer review is to ask a human expert
to assess its quality. Robertson (2023) conducted
the first pilot study comparing GPT-4 to human
reviewers: ten participants rated the helpfulness
of each review, finding identical mean scores for
GPT-4 and human reviews, although GPT-4’s re-
sponses showed higher variance. Expanding on this
approach, Liang et al. (2023) conducted a large-
scale user study involving 308 researchers who
received LLM-generated feedback on their own pa-
pers, finding that users perceived the feedback as
valuable. Drori and Te’eni (2024) structured GPT-
4 reviews against standard review criteria and con-
cluded that AI assistance can meaningfully reduce
reviewer workload but is “not completely” reliable
for all cases. However, qualitative critiques warn
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of risks: Hosseini and Horbach (2023) reviews
the potential benefits and risks of using LLMs in
academic peer review, highlighting both efficiency
gains and concerns about bias and reproducibility,
and Schintler et al. (2023) emphasize ethical con-
cerns that unchecked AI could compromise review
integrity. In a domain-specific review, Lee et al.
(2025) highlight that LLMs excel at language tasks
(screening, summarization, language editing) but
struggle with assessing scientific validity, recom-
mending they be used cautiously as aids under clear
guidelines. Recognizing the difficulty of assign-
ing absolute numerical scores, a parallel approach
has gained prominence: leveraging relative human
preference. This principle has given rise to “Arena”
platforms (Chiang et al., 2024; Zhao et al., 2025).
Tyser et al. (2024) employs an arena-based method-
ology called Reviewer Arena, leveraging pairwise
human (and LLM-predicted) preference compar-
isons to evaluate the quality of LLM-generated
academic reviews.

4.1.2 Reference-Based Evaluation
To overcome the scalability limitations of human-
centric evaluation, researchers have long relied on
automated metrics. The evaluation assumes that a
higher-quality generated review will exhibit greater
lexical and semantic overlap with its human coun-
terparts. This approach was a first step, leveraging
metrics like BLEU, ROUGE, and BERTScore (Pap-
ineni et al., 2002; Lin, 2004; Ganesan, 2018; Zhang
et al., 2020). We provide a detailed summary of the
metrics used for peer review generation evaluation
in Appendix A. Liang et al. (2023) propose a two-
stage evaluation: first extracting key comments
from reviews with GPT-4, then semantically match-
ing them to compute a content overlap “hit rate”, of-
fering a more nuanced assessment than document-
level metrics. Zhou et al. (2024a) employed a suite
of metrics including ROUGE and BERTScore to
compare generated reviews against human refer-
ences. The SEA framework proposed by Yu et al.
(2024) also utilizes these metrics and highlights
that ROUGE is indicative of the key information.
These metrics provide a scalable, automated way to
assess surface-level quality but are limited in their
ability to evaluate deeper aspects like correctness
or constructiveness (Asano et al., 2017). Other
work compares LLM outputs to known answers.
Liu and Shah (2023) evaluate LLMs on targeted
tasks such as error detection and checklist verifi-
cation (Büyükkaramikli et al., 2019). Zhou et al.

(2024a) created an RR-MCQ benchmark and tested
LLMs on multiple-choice questions about papers.
Both studies find while LLMs achieve reasonable
accuracy, they still struggle with complex review
tasks and critical feedback.

4.1.3 LLM-Based Evaluation

The LLM-Based paradigm has emerged as a scal-
able alternative to human-centric and reference-
based evaluation (Gu et al., 2025). Zhang and
Abernethy (2025) used a multi-judge pipeline
where two distinct LLM judges must agree for a
case to count as a “hit”, reducing single-model bias.
Recent work also explores unsupervised evaluation
without gold labels (Lin and Chen, 2023; Allama-
nis et al., 2024; Ning et al., 2025).

4.1.4 Aspect-Oriented Evaluation

Moving beyond generic similarity, the aspect-
oriented paradigm deconstructs review quality into
specific, fine-grained dimensions such as correct-
ness, clarity, substance, and impact (Lu et al., 2025).
Some work evaluates reviews by examining spe-
cific facets or error types. Shin et al. (2025)
develop a focus-level framework: they annotate
review content by targets and aspects, then com-
pare where LLM reviews concentrate versus hu-
man reviews. Du et al. (2024) released ReviewCri-
tique, a dataset annotated with 23 fine-grained error
types at the sentence level, such as “Unstated State-
ment”, “Missing Reference”, testing whether an
LLM-generated review flags the same issues as hu-
mans. STRICTA (Dycke et al., 2025) decomposes
peer review into a graph of aspect-level reasoning
steps, annotated by experts, thereby offering inter-
pretable evaluation beyond black-box scoring. A
complementary line evaluates review utility from
the author’s perspective through comment-level di-
mensions (Sadallah et al., 2025). Adversarial test-
ing can be seen as a specific form of aspect-oriented
evaluation focused on robustness and vulnerabil-
ity (Zhang et al., 2025b; Liao et al., 2025). Ye et al.
(2024) found that LLMs are vulnerable to explicit
manipulation through review injection attacks and
to implicit manipulation by overemphasizing minor
limitations. Yu et al. (2024) introduced a novel met-
ric called the mismatch score as part of their SEA
framework, predicting the degree of inconsistency
between a given paper and a review.
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Methodology Pros Cons

Human-Centric • Most Direct Assessment: Best captures nu-
anced qualities such as helpfulness, insightful-
ness, and practical utility.
• Strong Reliability in Pairwise Settings: Rela-
tive preference judgments are often more consis-
tent than absolute ratings.

• Limited Scalability: Expensive and time-
consuming, especially when expert reviewers are
required.
• Subjectivity and Bias: Prone to inter-annotator
disagreement, personal bias, and rubric inconsis-
tency.

Reference-Based • Scalable and Efficient: Metrics such as
ROUGE and BERTScore are fast and easy to
apply at scale.
• Reproducible: Produces deterministic scores
that are easy to compare across systems.
• Useful for Targeted Subtasks: Can support
focused evaluation such as MCQ answering or
error detection.

• Shallow Assessment: Often captures lexical
or semantic overlap rather than scientific validity,
reasoning quality, or constructiveness.
• Reference Dependency: Relies heavily on the
quality and coverage of human-written references,
and may penalize valid but differently phrased
feedback.

LLM-Based • Scalable and Nuanced: Combines automation
with the ability to assess higher-level qualities
using rubric-based prompting.
• Reduced Reference Dependence: Can evaluate
outputs without requiring gold reviews for every
instance.
• Flexible: Evaluation criteria can be adapted
easily through natural language instructions.

• LLM Judge Biases: Susceptible to position
bias, verbosity bias, and style preference.
• Reliability Concerns: Sensitive to judge model
choice, prompt design, and calibration, and may
still fail on complex scientific reasoning.
• Cost: API-based evaluation can be expensive at
scale.

Aspect-Oriented • Fine-Grained Diagnosis: Reveals strengths
and weaknesses along specific dimensions such
as novelty, clarity, or evidence use.
• Supports Targeted Improvement: Helps iden-
tify concrete failure modes for model develop-
ment.
• Specialized Testing: Enables focused evalu-
ation such as robustness or deficiency-specific
analysis.

• High Annotation Overhead: Often requires
task-specific schemas and manually annotated
data.
• Harder to Aggregate: Produces multidimen-
sional profiles rather than a single summary score,
which can complicate direct model comparison.

Table 2: Pros and cons of evaluation methods for peer review generation. Each paradigm reflects a different trade-off
between scalability, cost, and evaluative depth.

4.2 Datasets

We collected datasets for peer review across two
broad eras: pre-2023 and post-2023, which is
shown in Table 7. Pre-2023 resources such as
PEERREAD (Kang et al., 2018) laid the ground-
work for review tasks. These early datasets primar-
ily enabled score prediction, acceptance classifica-
tion, and basic review generation tasks. Since 2023,
a wave of new datasets has significantly expanded
the scope and depth. Compared to earlier corpora,
these newer datasets are more diverse, task-specific,
and comprehensive.

Despite this progress, we discuss several key
challenges remain in benchmark perspective in Ap-
pendix B, along with recommendations for improv-
ing dataset quality.

5 Discussion and Future Directions

① Novelty Evaluation. While LLMs can flu-
ently mimic reviewer tone, they remain weak at
judging true novelty. Early systems like OPEN-

REVIEWER (Idahl and Ahmadi, 2025) and RE-
VIEWER2 (Gao et al., 2024b) generate coherent
critiques but fail to distinguish incremental from
groundbreaking work without broader scientific
context. Recent efforts explicitly tackle novelty
evaluation in peer review: SchNovel creates bench-
mark for novelty judgments (Lin et al., 2024), and
structured pipelines achieve high agreement with
human reviewers in distinguishing genuine con-
tributions (Afzal et al., 2025). Other directions
integrate literature graphs for contribution scor-
ing (Rubaiat et al., 2025). NovBench (Wu et al.,
2026b) also isolates textual novelty assessment as
a dedicated evaluation problem, further highlight-
ing the difficulty current LLMs face in producing
reliable novelty judgments.

② Automated Evaluation. Review qual-
ity remains hard to quantify. While mod-
els like MARG (D’Arcy et al., 2024) and
SWIF2T (Chamoun et al., 2024) decompose
review generation into targeted components, evalu-
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ation is often limited to coarse metrics like BLEU.
New datasets such as REVIEWCRITIQUE (Du et al.,
2024) and SUBSTANREVIEW (Guo et al., 2023)
offer fine-grained labels that allow content-aware
judge. Future research could combine sentence-
level assessments with reviewer consistency and
informativeness benchmarks.

③ Beyond NLP and AI Domains. Most peer re-
view datasets to date are sourced from NLP and
ML conferences (e.g., PeerRead (Kang et al., 2018),
NLPEER (Dycke et al., 2023a)), limiting general-
ization. Multidisciplinary resources such as MO-
PRD (Lin et al., 2022) are a welcome step, but
broader coverage is necessary to evaluate whether
current models overfit to domain-specific language.

④ Beyond Review Generation. While peer re-
view generation and evaluation have received con-
siderable attention (Zhu et al., 2025a), the automa-
tion of subsequent steps in the review process re-
mains underexplored. Tasks such as rebuttal gener-
ation (Gao et al., 2019; Purkayastha et al., 2023b),
meta-review drafting (Li et al., 2023), and paper
revision from reviews (D’Arcy et al., 2023) involve
richer discourse structures and complex reasoning
about critique-response dynamics. Compared to
review generation, these tasks demand deeper align-
ment with argumentative discourse and collabora-
tive intent, yet existing benchmarks and methodolo-
gies are sparse. Addressing these underdeveloped
areas opens new challenges for dataset construc-
tion, evaluation, and the design of models that can
faithfully support the full peer review process.

⑤ Multimodal Review Tasks. Current review
models operate on textual inputs, yet real submis-
sions often include figures, tables, or code. Multi-
modal systems such as MAMORX (Taechoyotin
et al., 2024) extend the frontier by analyzing visual
and tabular components, offering richer critiques.
This line of work should be expanded with datasets
that pair visual artifacts and expert annotations. We
further discuss this task in Appendix C.3.

⑥ Ethical and Transparent Deployment. A pri-
mary concern is the potential for these models to
introduce and amplify biases. For instance, stud-
ies have shown that LLMs can exhibit affiliation
bias, favoring authors from highly-ranked institu-
tions in single-blinded settings (von Wedel et al.,
2024). Furthermore, a corpus-level study estimates
that 6.5-16.9% of review text at top AI venues was

likely substantially modified by LLMs (beyond sim-
ple grammar fixes), with usage spiking near dead-
lines and among low-confidence reviews (Liang
et al., 2024). It is essential for the research commu-
nity to establish clear guidelines for the ethical use
of LLMs in peer review. This includes a call for
transparency, where the use of an LLM in any part
of the review process is explicitly disclosed.

6 Conclusion

The landscape of peer review process has under-
gone a transformative shift, driven by advances in
large language models and latest paradigms. This
survey has provided a comprehensive synthesis of
state-of-the-art methods, spanning review genera-
tion as well as after-review tasks including rebuttal,
meta-review, and revision. We also present a sys-
tematic taxonomy of evaluation methods, metrics
and datasets. Despite remarkable improvements
in generation methods, significant challenges re-
main, including robust content-level evaluation and
extensive capabilities. As the field advances, fu-
ture research must prioritize transparent and ethical
deployment of automated reviews.

Limitations

While this survey strives to provide a compre-
hensive and up-to-date overview of the peer re-
view landscape, several limitations remain. First,
the rapid pace of progress in large language mod-
els, agent-based systems, and evaluation protocols
means that new methodologies and benchmarks
may emerge soon after publication, potentially out-
dating some of our analyses. Second, the majority
of available datasets and evaluation studies are con-
centrated in NLP and machine learning domains,
limiting the generalizability of our findings to other
scientific fields. Finally, our survey is based on
publicly accessible literature and resources; propri-
etary systems or unpublished industrial advances
may not be adequately represented. Despite these
limitations, we believe this survey remains the most
comprehensive and fine-grained taxonomy of peer
review process and its evaluation to date.
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A Evaluation Metrics

Evaluating the quality of generated peer reviews
is a multifaceted and non-trivial task. The field
has developed a diverse array of evaluation metrics,
which have evolved from standard text-similarity
measures to more sophisticated, multi-dimensional
frameworks that aim to capture the functional util-
ity of a review. These metrics can be broadly cate-
gorized into five facets: reference-based text simi-
larity, set overlap, aspect- and focus-level analysis,
task-based proxies, and unsupervised or reward-
based methods.

A.1 Reference-based Text Similarity

Initial approaches to evaluating generated reviews,
particularly those framing the task as a form of sum-
marization, relied on standard metrics that measure
the similarity between a generated review and a
ground-truth human review. These metrics provide
a scalable, automated way to assess surface-level
quality.

BLEU (Bilingual Evaluation Understudy):
BLEU is a widely used metric for evaluating the
quality of generated text by comparing it to one
or more reference texts. It computes the degree
of n-gram overlap, prioritizing precision (the pro-
portion of n-grams in the candidate that appear in
the reference) and incorporates a brevity penalty to
discourage overly short outputs. The BLEU score
is calculated as:

BLEU = BP · exp
(

N∑

n=1

wn log pn

)

where pn denotes the modified n-gram precision
for n-grams of size n, wn are the weights (usually
uniform), and BP is the brevity penalty, defined
as 1 if c > r or exp(1− r/c) if c ≤ r, with c and
r being the lengths of the candidate and reference
texts, respectively. BLEU scores range from 0 to 1,
with higher values indicating greater similarity to
the reference.

BERTScore: BERTScore evaluates the similar-
ity between generated and reference texts using
contextual embeddings from pre-trained language
models such as BERT. Instead of relying on exact
n-gram matches, it computes token-level similar-
ity via cosine similarity in the embedding space,
capturing semantic similarity. The score is calcu-
lated by aligning each token in the candidate with

the most similar token in the reference and averag-
ing the resulting similarities. BERTScore reports
precision, recall, and F1 scores, offering a more
nuanced assessment of meaning preservation than
traditional lexical overlap metrics.

ROUGE (Recall-Oriented Understudy for
Gisting Evaluation): ROUGE-L evaluates the cor-
respondence between a generated sequence and a
reference sequence by identifying their Longest
Common Subsequence (LCS). This metric empha-
sizes the preservation of word order without requir-
ing strict consecutive matches.

Recall is calculated as the fraction of the LCS
length over the total length of the reference sen-
tence:

R =
LCS(Generated, Reference)

|Reference|
Precision is similarly defined, using the length

of the generated sequence as the denominator:

P =
LCS(Generated, Reference)

|Generated|
To balance both precision and recall, the F1

score is computed as follows:

F1 =
(1 + β2)P R

β2P +R

where β allows for adjustable weighting between
recall and precision. ROUGE-L scores reflects the
degree of sequence similarity: a score closer to 1 in-
dicates a higher overlap between the candidate and
reference sequences. ROUGE scores are typically
reported as recall, precision, and F1.

METEOR (Metric for Evaluation of Trans-
lation with Explicit ORdering): METEOR eval-
uates machine-generated text by aligning it with
reference texts at the word level, accounting for
exact matches, stem matches, synonym matches,
and paraphrase matches. The metric calculates uni-
gram precision and recall, combines them into an
F-score, and applies a fragmentation penalty to ac-
count for differences in word order. The METEOR
score is given by:

METEOR = Fmean · (1− Pen)

where Fmean is a weighted harmonic mean of un-
igram precision and recall, and Pen is a penalty
based on the number of chunks (contiguous
matched subsequences). METEOR is designed to
better correlate with human judgments than simple
n-gram-based metrics.
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A.2 Set Overlap Metrics

Recognizing that a review is a collection of distinct
ideas or comments, some evaluation frameworks
have moved beyond holistic text similarity to mea-
sure the overlap of these discrete points. This ap-
proach treats the generated and reference reviews
as sets of comments and assesses their intersection.

Recall: Recall measures the proportion of rele-
vant items in the reference set that are successfully
retrieved by the model. For review generation, it
reflects the fraction of human-written comments
that are also captured by the generated review. The
formula is:

Recall =
|MatchedGen→Ref|

|Reference|

where |MatchedGen→Ref| is the number of reference
comments matched by generated comments, and
|Reference| is the total number of human-written
reference comments. Recall ranges from 0 to 1,
with higher values indicating more comprehensive
coverage of reference content.

Precision: Precision evaluates the proportion of
generated items that are relevant, i.e., the fraction
of generated comments that can be aligned with
human reference comments. The formula is:

Precision =
|MatchedGen→Ref|

|Generated|

where |MatchedGen→Ref| is the number of gen-
erated comments matched to the reference, and
|Generated| is the total number of generated com-
ments. Higher precision indicates that most gener-
ated comments are meaningful and consistent with
human feedback.

Jaccard Index: The Jaccard index measures the
similarity between the generated and reference sets
by dividing the size of their intersection by the size
of their union. In the review context, it quantifies
how many unique comments are shared between
the two sets. The formula is:

Jaccard =
|MatchedGen→Ref|

|Reference ∪ Generated|

Here, |MatchedGen→Ref| is the number of matched
comments, and |Reference∪Generated| is the total
number of unique comments across both sets. The
Jaccard index ranges from 0 to 1, with higher values
indicating greater overlap.

Comment Matching (LLM-based): To deter-
mine whether a generated comment matches a refer-
ence comment, a large language model (e.g., GPT-
4) may be employed to assess semantic related-
ness and relative specificity. Only pairs with high
relatedness and sufficient specificity are counted
as matches, ensuring that low-utility or generic
comments do not inflate metric scores. This LLM-
based matching provides a more nuanced, semanti-
cally grounded evaluation than traditional surface-
level overlap.

A.3 Aspect and Focus Level Metrics
A significant advancement in evaluation has been
the shift towards more diagnostic, fine-grained anal-
ysis. Instead of producing a single quality score,
these methods dissect reviews to understand what
they are about and how they critique the paper.

F1 Score: The F1 score is a widely-used metric
that balances precision and recall for classifica-
tion tasks. In the context of aspect-based coding
schemes for peer review generation, it evaluates the
accuracy of a model in assigning the correct (Tar-
get, Aspect) label to each review point, compared
to expert annotations. The F1 score is defined as
the harmonic mean of precision (P ) and recall (R):

F1 =
2PR

P +R

where precision is the proportion of correctly pre-
dicted labels among all predicted labels, and re-
call is the proportion of correctly predicted labels
among all true labels. The F1 score ranges from 0
to 1, with higher values indicating better classifica-
tion performance.

Kullback-Leibler (KL) Divergence: KL Diver-
gence is a distributional metric that quantifies the
difference between two probability distributions.
In peer review evaluation, it is used to compare the
focus distribution of LLM-generated reviews with
that of human-written reviews—i.e., how attention
is allocated across various targets and aspects. The
KL Divergence from the human distribution P to
the model distribution Q is given by:

DKL(P ∥ Q) =
∑

i

P (i) log
P (i)

Q(i)

where P (i) and Q(i) are the probabilities assigned
to target-aspect pair i by the human and model
distributions, respectively. Lower values of KL Di-
vergence indicate greater alignment between model
and human focus.
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A.4 Task-Based Proxy Metrics
Another evaluation strategy is to measure a model’s
performance on tasks that are proxies for the abil-
ities required to write a good review. Instead of
assessing the generated text directly, these metrics
evaluate the model’s capacity for judgment and
deep comprehension.

Score Prediction: This task assesses whether a
model can predict the final outcome of the peer
review process. This can involve a binary classi-
fication task of predicting paper acceptance or a
regression task of predicting the numerical scores
for specific criteria like ’originality’ or ’impact’.
Performance is measured using standard metrics
like accuracy for classification or Mean Absolute
Error (MAE) for regression.

Multiple-Choice Question Answering: To probe
deeper comprehension, specialized datasets have
been created. For example, the RR-MCQ dataset
contains multiple-choice questions derived from
real review-rebuttal interactions. Performance is
measured by accuracy, with results indicating that
while current models perform better than random.

Accuracy: Accuracy measures the proportion of
correctly predicted instances among all instances.
In peer review generation, it is used both for clas-
sification tasks (e.g., predicting paper acceptance)
and for multiple-choice question answering. Its
formula is:

Accuracy =
Number of Correct Predictions
Total Number of Predictions

Accuracy values range from 0 to 1 (or 0% to 100%),
with higher values indicating better predictive per-
formance.

Mean Absolute Error (MAE): MAE evaluates
the average magnitude of errors in a set of predic-
tions, without considering their direction. In peer
review evaluation, it is typically used for regression
tasks, such as predicting numerical review scores
(e.g., for originality or impact). The formula is:

MAE =
1

n

n∑

i=1

|yi − ŷi|

where yi is the true score, ŷi is the predicted score,
and n is the total number of items. Lower MAE
values indicate more accurate predictions.

A.5 Unsupervised and Reward-Based Metrics
The need for scalable evaluation without a di-
rect human reference for every generated review

has driven the development of unsupervised and
reward-based metrics.

Spearman’s Rank Correlation Coefficient (ρ):
Spearman’s ρ measures the strength and direction
of the monotonic relationship between two ranked
variables. In peer review evaluation, it is used to
compare the model-based ranking of reviews or
systems with human-preference leaderboards. The
formula is:

ρ = 1− 6
∑n

i=1 d
2
i

n(n2 − 1)

where di is the difference between the ranks as-
signed by the two systems for item i, and n is the
number of items. ρ ranges from −1 (perfect in-
verse correlation) to 1 (perfect agreement), with 0
indicating no correlation.

Kendall’s Rank Correlation Coefficient (τ ):
Kendall’s τ assesses the ordinal association be-
tween two ranked lists by counting the number
of concordant and discordant pairs. Its formula is:

τ =
(C −D)
1
2n(n− 1)

where C is the number of concordant pairs, D is the
number of discordant pairs, and n is the number
of items. Values of τ range from −1 (complete
disagreement) to 1 (complete agreement).

Human-aligned Peer Review Reward
(HPRR): HPRR is a composite, multi-objective
reward function designed for reinforcement learn-
ing in peer review generation. It quantifies review
quality as a weighted sum of several sentence-level
attributes, such as Criticism (Cr), Examples (Ex),
Suggestions and Solutions (SuSo), and overall
relevance (often measured by METEOR). The
formula can be abstracted as:

HPRR = w1·Cr+w2·Ex+w3·SuSo+w4·M+. . .

where wi are learned weights reflecting human pref-
erences, M is METEOR. HPRR enables automated
optimization toward human-aligned review useful-
ness and quality.

B Further Discussion of Benchmark
Perspective

B.1 Open Challenge of Evaluation
Evaluating Deep Scientific Reasoning. Current
methods, even the most advanced, are still limited
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in their ability to assess the deep, domain-specific
scientific reasoning that is the hallmark of a true ex-
pert review. Identifying logical fallacies, assessing
the validity of a complex experimental design, or
judging the true intellectual contribution of a novel
method remains profoundly difficult to automate.
Probing for critical errors in papers with known
flaws is a promising first step, but significant work
is needed to develop evaluations that can reliably
measure these higher-order reasoning capabilities.

Towards Holistic Evaluation Frameworks.
The future of evaluation does not lie in finding
a single "best" metric. Instead, it requires the de-
velopment of integrated, holistic frameworks that
combine the strengths of multiple paradigms. A
robust evaluation protocol for a new review gener-
ation system might involve using an unsupervised
method like PiCO (Ning et al., 2025) for rapid,
large-scale comparison against other models, em-
ploying a suite of aspect-oriented metrics (e.g.,
Focus-Level, SubstanScore) for deep diagnostic
analysis of its specific flaws, and conducting tar-
geted, comparative human evaluation on a small
but representative sample of its outputs for final
validation and bias checking.

B.2 Challenges for using the latest datasets
(post-2023)

This part of the appendix discusses the practical
challenges associated with using post-2023 peer re-
view datasets and proposes mitigation strategies.
Our goal is to help researchers make informed
choices and inspire improvements in future dataset
construction and refinement.

Challenges. Despite significant advancements in
dataset scale, diversity, and annotation richness,
several limitations persist across recent datasets for
peer review generation. Many corpora remain opti-
mized for auxiliary tasks such as score prediction
or classification, rather than full-text review genera-
tion, which results in weak alignment between indi-
vidual review sentences and specific paper content.
Dialogue-based datasets often suffer from inconsis-
tency in speaker roles, incomplete conversational
threads, or ambiguous author responses, making
them difficult to use in multi-agent training setups.
Annotation scarcity is another common obstacle:
datasets offering fine-grained critique labels are of-
ten small, limiting their utility for supervised learn-
ing. Additionally, review-level scores and aspect
annotations are rarely paired with sentence-level

metadata, making it hard to evaluate or optimize lo-
cal review quality. Domain coverage also remains
narrow, with most datasets focusing exclusively
on NLP and ML venues—raising concerns about
generalizability.

Mitigation. To address these issues, future
dataset efforts should emphasize structural coher-
ence and alignment. Establishing mappings be-
tween review sentences and the specific sections
they critique would enable content-aware genera-
tion and interpretation. Dialogue datasets can ben-
efit from more rigorous role standardization and
filtering pipelines that remove incomplete or inco-
herent threads. Where annotation budgets are lim-
ited, semi-supervised expansion techniques—such
as label propagation, weak supervision, or LLM-
based pseudo-annotation—could help scale fine-
grained labels. Additionally, pairing review-level
scores with sentence-level utility judgments would
enable more precise evaluation and training of cri-
tique generation. Finally, future datasets should
aim to extend beyond the NLP/ML domain and in-
corporate reviews from diverse disciplines to better
support general-purpose review generation models
and cross-domain evaluation.

C Further Discussion of Methodologies

C.1 Open Challenge

Mitigating Bias in Automated Review. A criti-
cal and still under-explored challenge in automated
peer review is the profound risk of these systems
inheriting, amplifying the human biases present in
their training data. At the same time, the very tech-
nologies for Controllable Text Generation (CTG)
that could exacerbate this problem also offer a po-
tential path toward building fairer and more ob-
jective reviewers. To effectively mitigate bias, we
must first be able to measure it. This necessitates
the parallel development of "bias benchmarks" de-
signed specifically for the scientific domain.

Alignment Between Review Points and Final De-
cision. Recent studies expose a persistent discon-
nect between aspect scores and final decisions (Suk-
panichnant et al., 2024). While models can predict
both accurately in isolation (Muangkammuen et al.,
2022; Yuan et al., 2021), bridging them remains
difficult. Checklist-guided generation (Zeng et al.,
2023) and decision-aware meta-reviewing (Kumar
et al., 2024a) offer partial solutions by explicitly
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linking critique structure to recommendations. Fu-
ture work should explore causal modeling of score-
to-decision transitions, perhaps with richer datasets
like MOPRD (Lin et al., 2022) or REVIEWE-
VAL (Garg et al., 2024).

C.2 Future Direction

Reimagining Peer Review as a Process. Many
generation models treat review writing as a one-
shot task. Agent-based frameworks—such as
REVIEWAGENTS (Gao et al., 2025), AGENTRE-
VIEW (Jin et al., 2024a), and PEERREVIEWAS (Tan
et al., 2024), instead simulate multi-turn workflows
involving multiple roles. These systems better cap-
ture the iterative nature of review, rebuttal, and
decision, and create opportunities for testing so-
cial factors (e.g., bias, anchoring, consensus drift)
under controlled conditions. Their development
offers both new modeling challenges and a tool for
studying the peer review process itself.

Reinforcement Learning and Agentic Frame-
works for Deeper Reasoning. To overcome the
tendency of simple fine-tuned models to produce
shallow, generic, and overly positive reviews, the
field is rapidly adopting more complex learning
paradigms. Multi-objective reinforcement learn-
ing and multi-agent or multi-stage frameworks are
emerging as powerful approaches. These meth-
ods decompose the monolithic task of "writing a
review" into more manageable, specialized, and
logically sequenced sub-problems, thereby foster-
ing deeper and more structured reasoning.

Peer Review as Improver. Is peer review’s pri-
mary role gatekeeping acting as a filter, or should
it embrace the role of an improver who provides
actionable feedback to elevate the quality of the
manuscript? Our survey of the literature reveals
that current systems predominantly lean towards
the gatekeeping paradigm. However, we believe
that the future of automated scientific discov-
ery (Novikov et al., 2025), hinges on a decisive
shift towards the improvement-oriented paradigm.
We hypothesize that improvement-oriented training
in which the generated review directly informs the
revision and is rewarded when it yields measurable
improvements to the manuscript will better support
automated discovery workflows. Recent frame-
works link review signals to optimization loops
such as CycleResearcher’s RLHF loop (Weng et al.,
2025) for research-review-refinement, suggesting a

pathway from actionable review to iterative scien-
tific progress.

CfP-aware Venue Fit and Policy Checking.
Call for Papers (CfP) documents already encode
conference scope, topical focus, and LLM-usage or
desk-reject policies for venues such as NeurIPS and
ARR. Existing LLM-based peer-review systems
like SEA (Yu et al., 2024), OpenReviewer (Idahl
and Ahmadi, 2025) and ReviewEval (Garg et al.,
2024) align prompts or metrics with reviewer guide-
lines, but they do not treat CfPs themselves as re-
trieval sources. Future work could integrate CfP
passages into RAG pipelines as machine-readable
constraints to support venue-fit assessment, auto-
matic flagging of policy violations, and assisted
desk-reject decisions.

Remaining Non-Generative Components.
Predictive tasks such as aspect-score regres-
sion (Muangkammuen et al., 2022), final-decision
forecasting (Sukpanichnant et al., 2024), and
desk-triage systems, i.e., automatic screening or
“reject-option” classifiers (Hendrickx et al., 2021),
remain critical, but their tooling is now intertwined
with generation (e.g., conditioning meta-review
generation on predicted scores).

Interactive Human-in-the-Loop Workflows.
Rather than aiming for full automation, future
systems will likely focus on creating more seam-
less and powerful human-AI collaboration tools.
This could involve real-time, interactive interfaces
where a human reviewer can guide, correct, and
query the AI assistant, leveraging its ability to
rapidly retrieve literature, analyze data, and draft
text while retaining ultimate human oversight and
judgment.

C.3 Multimodal Input

A comprehensive and high-fidelity automated peer
review system must possess the capacity to un-
derstand and reason about the entirety of a scien-
tific manuscript, including its non-textual compo-
nents (Kumar et al., 2024c). The central challenge
in this domain extends beyond the technical task
of processing pixels or parsing table cells; it lies
in bridging a profound semantic gap. Therefore,
the most formidable aspect of multimodal integra-
tion is not the technical encoding of visual data,
but rather teaching a model to perform this com-
plex interpretive leap from perception to conceptual
understanding. This suggests that generic vision-
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language pre-training, while useful, is likely insuf-
ficient. Progress will depend on fine-tuning models
on specialized tasks that explicitly reward this form
of semantic interpretation (Wang et al., 2025).

A leading paradigm in this area is the Hybrid
Modality Approach, exemplified by the Multi-
Modal Automated Academic Papers Interpretation
System (MMAPIS) (Jiang et al., 2024). For text
and mathematical formula extraction, it leverages
a transformer-based model like Nougat, which is
adept at converting PDF pages into a structured
format like Markdown. This process preserves
not only the plaintext but also the intricate mathe-
matical notations that are indispensable for under-
standing technical content. Concurrently, for visual
elements, the system employs a separate tool, PDF-
Figures 2.0. This tool reasons about the document’s
layout, such as the empty regions and whitespace
separating blocks of text, to identify, extract, and
caption figures and tables (Im et al., 2021).

C.4 Comparison Between Methodologies

Agent-Based Methods vs. Reinforcement Learn-
ing. Agent-based modeling and Reinforcement
Learning represent two distinct philosophies for
generating peer reviews. Agent-based approaches,
such as AgentReview (Jin et al., 2024a), excel at
simulating the complex, interactive social dynam-
ics of the entire peer review ecosystem. However,
the primary goal of these systems is often to study
emergent behaviors rather than to optimize the qual-
ity of any single generated review. This focus on
process simulation. In contrast, Reinforcement
Learning directly targets the optimization of the
review artifact. Frameworks like REMOR (Tae-
choyotin and Acuna, 2025) frame review gener-
ation as a policy that is optimized to maximize
a multi-objective reward function, which is care-
fully designed to encapsulate human preferences
for what constitutes a helpful review. This allows
RL-based methods to effectively steer generation
away from the shallow, overly positive feedback
that vanilla LLMs often produce.

Iterative Refinement vs. Single-Pass Generation.
Iterative refinement is a powerful technique that
mimics the human cognitive process of drafting,
critiquing, and revising (Xu et al., 2025; Kamoi
et al., 2024). This approach is particularly effective
for complex, multi-faceted tasks like peer review,
as it allows the model to address objectives that are
often missed in a single pass and can unlock the

full potential of LLMS. The primary drawback is
a significant increase in latency and computational
cost, as each feedback-and-refine cycle constitutes
an additional, expensive call.

Single-pass generation, the standard autoregres-
sive approach, is the most computationally efficient
method. However, it is inherently limited by its in-
ability to perform global planning or correct early
mistakes.

Retrieval-Augmented vs. Self-Contained
Generation. Retrieval-Augmented Generation
(RAG) (Dycke et al., 2023b) is critical for ground-
ing peer reviews in verifiable, external knowledge,
a necessity for tasks like assessing a paper’s nov-
elty or checking for factual inaccuracies. However,
RAG introduces significant architectural complex-
ity and a new critical point of failure: the retriever.
The quality of the final generation is fundamen-
tally bottlenecked by the quality of the retrieved
context; irrelevant or low-quality retrieval leads to
poor, unhelpful reviews.

Self-contained generation, which relies solely on
the LLM’s parametric knowledge, is architecturally
simpler and faster at inference. Its primary limi-
tation is that its knowledge is static, potentially
outdated, and prone to factual invention (hallu-
cination), making it fundamentally unsuited for
rigorously evaluating a submission’s contribution
to a rapidly evolving field. Therefore, while self-
contained generation may suffice for assessing as-
pects like clarity or presentation, any deep evalu-
ation of a paper’s technical substance and novelty
necessitates grounding in external knowledge.

D Methodologies Summary

We summarizes the main methodologies for peer
review generation in Table 1. We also organizes
different LLM backbones used in methods in Ta-
ble 3.

E Data Collection

We summarize in Table 4 the typical ways to gather
papers together with their reviews. These range
from directly using the OpenReview API to other
APIs. In practice, researchers often combine multi-
ple sources to ensure both coverage and diversity
across venues.

Meanwhile, once data is collected, heteroge-
neous formats (PDFs, HTML pages, JSON exports,
or XML metadata) need to be standardized. Ta-
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System Backbone LLM Modification Type Purpose / Role in the Framework Open-
source?

CycleResearcher — Weng et al. (2025)
Mistral-Nemo-12B (AI, 2023)
Qwen2.5-Instruct-72B (Team, 2024)
Mistral-Large-2 (123B) (AI, 2024)

SFT + RL (SimPO)
+ Reward model via LoRA

CycleResearcher generates papers
using RLHF.
CycleReviewer serves as the
reward model.

Yes

DeepReview — Zhu et al. (2025a) GPT-4 (API) (OpenAI et al., 2024) Zero-shot (no finetuning)

Thinker agent produces reasoning
traces.
Writer agent generates the
structured review.

No

OpenReviewer — Idahl and Ahmadi (2025) Llama-3.1-8B-Instruct (AI@Meta, 2024) Full finetuning (Axolotl) Markdown-based review generation
with template-specific prompts and
PDF-to-text preprocessing.

Yes

REMOR — Taechoyotin and Acuna (2025) DeepSeek-R1-Distill-Qwen-7B (Guo et al., 2024) LoRA + RL (GRPO)

Backbone for both supervised and
RL stages.
Trained into REMOR-U
and REMOR-H variants.

Yes

Table 3: Comparison of LLM Backbone Strategies in Recent Peer Review Generation Systems. We summarize the
core base models used, how they are customized, their functional roles, and whether they are publicly available.

ble 5 lists common tools and pipelines for data type
conversion.

Together, these resources provide a practical
toolkit for curating review corpora that are both
machine-readable and comparable across venues.

F Evaluation Summary

We summarizes the evaluation methods for peer re-
view generation in Table 6. We also compares their
pros&cons in Table 2. The datasets we organizes
are shown in Table 7.

G Literature Review Procedure

To ensure transparency and rigor, we document
here the procedure by which our literature review
was conducted.

Databases. We searched major sources including
ACL Anthology, OpenReview (ICLR, NeurIPS),
arXiv, Semantic Scholar, DBLP, and Google
Scholar.

Search Strategy. We applied keyword combi-
nations such as “peer review generation,” “meta-
review,” and “rebuttal generation” within the time
range 2018–2025. In addition, we adopted a snow-
balling strategy by tracing the references and ci-
tations of seminal works (e.g., PeerRead (Kang
et al., 2018)) and recent contributions (e.g., Deep-
Review (Zhu et al., 2025a)).

Inclusion Criteria (IC).

• IC1: The paper must directly address AI-based
peer review generation, its evaluation, or closely
related subtasks (e.g., meta-review, rebuttal gen-
eration).

• IC2: The paper must be publicly available as a
journal article, conference paper, or preprint.

• IC3: The paper must be written in English.

• IC4: Focus primarily on work published after
2018, especially post-LLM developments.

Exclusion Criteria (EC).

• EC1: Studies that only predict or analyze peer
review scores without generating review text
(e.g., (Thelwall and Yaghi, 2024; Laureano et al.,
2025)).

• EC2: Abstracts, short articles, and non-academic
blog posts.

• EC3: Papers without accessible full text.

Screening and Statistics. Our initial screening
retrieved approximately 500 articles. After dedu-
plication, around 400 articles remained. Applying
inclusion/exclusion criteria yielded 194 papers, of
which 138 directly focus on peer review generation
and its evaluation.

Methodological Rigor. Our protocol is informed
by established guidelines for systematic reviews,
such as the Kitchenham and Charters (Kitchen-
ham and Charters, 2007) SLR framework and the
PRISMA 2020 statement (Page et al., 2021). These
emphasize transparent reporting of search strings,
last search date, de-duplication, per-stage counts,
and inclusion/exclusion flows. By following these
standards, we ensure that our literature review pro-
cess is rigorous, reproducible, and aligned with
recognized best practices.
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Channel / Platform Representative Studies Disciplines Collection Methods & APIs (abbr.)

OpenReview Kang et al. (2018); Dycke et al.
(2023a); Weng et al. (2025)

ML / NLP • OR-API

• GQL
• HTML-WC

Softconf / START Kang et al. (2018); Dycke et al.
(2023a)

NLP • OPT-IN

• SQL-DMP

F1000Research Dycke et al. (2023a) Life Sci • CSV-EXP
• HTML-SCR
• DOI-TCK

PeerJ Lin et al. (2022) Bio / Chem / CS • REST-CRL
• HTML-CRL

Nature Comms PR File Tan et al. (2024) Multidomain • HTTP-DL

Table 4: Channels and APIs for Harvesting Paper–Review Corpora. Abbreviation key: OR-API = openreview-py
API, GQL = GraphQL query, HTML-WC = web crawler, OPT-IN = author/reviewer opt-in dump, SQL-DMP =
SQL/CSV dump, CSV-EXP = official CSV export, HTML-SCR = HTML scraping, DOI-TCK = DOI tracking,
REST-CRL = REST crawler, HTTP-DL = bulk HTTP download.

Tool / Stage Used in Studies Input → Output Main Purpose & Highlights

GROBID (GRO, 2008–2025) Lin et al. (2022) PDF → XML Accurate scholarly parse; keeps sec-
tions/cites; batch-ready.

Science Parse (Sci, 2017–2025) Kang et al. (2018) PDF → JSON Fast metadata + rough text; web-
scale.

Marker (Mar, 2023–2025) Tan et al. (2024) PDF → MD Long-context MD; preserves head-
ings and formulas.

MagicDoc (Contributors, 2024) Weng et al. (2025) PDF → MD Bulk Softconf PDFs to MD; code-
block safe.

MinerU (Wang et al., 2024) Zhu et al. (2025a) PDF → MD / JSON High-precision; layout/reading-order
faithful.

Semantic Scholar (Kinney et al., 2023) Dycke et al. (2023a) DOI → BibJSON Reference enrichment; citation, year,
impact.

Table 5: Tools Frequently Used to Convert / Enrich Paper–Review Data
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Category Paper Core Method Metrics / Framework Details Key Finding / Contribution

Human-Centric
(Direct Rating)

Robertson (2023) Pilot Study 10 users rated helpfulness (1-5
scale).

GPT-4 reviews had same mean
helpfulness as humans (3/5) but
higher variance.

Liang et al. (2023) Large-Scale User Study 308 researchers rated LLM feed-
back on their own papers.

High perceived value: 57.4%
found it helpful; 82.4% found
it more beneficial than some hu-
man reviews.

Drori and Te’eni (2024) Structured Evaluation GPT-4 reviews structured against
standard review criteria.

AI assistance can reduce re-
viewer workload but is not com-
pletely reliable for all cases.

Hosseini and Horbach (2023),
Schintler et al. (2023),
Lee et al. (2025)

Qualitative Critique Review of benefits, risks, and eth-
ical concerns.

Highlighted efficiency gains but
warned of bias, compromised in-
tegrity, and weakness in assess-
ing scientific validity.

Human-Centric
(Pairwise Comparison)

Tyser et al. (2024) Arena-Based Evaluation Reviewer Arena: Pairwise hu-
man (and LLM) preference com-
parisons.

Proposes a scalable method for
quality assessment based on rela-
tive judgments rather than abso-
lute scores.

Reference-Based
(Overlap Metrics)

Liang et al. (2023) Semantic Matching Two-stage process: GPT-4 ex-
tracts key comments, then se-
mantic matching calculates a "hit
rate".

Offers a nuanced content overlap
metric beyond simple lexical sim-
ilarity.

Zhou et al. (2024a) Standard Metrics ROUGE, BERTScore against
concatenated human reference re-
views.

Established a baseline methodol-
ogy for using standard NLP met-
rics in this domain.

Yu et al. (2024) Standard Metrics (SEA) BLEU, ROUGE, BERTScore
against concatenated human ref-
erences.

Noted that ROUGE-Recall is
particularly indicative of review
comprehensiveness.

Reference-Based
(Task-Based)

Liu and Shah (2023) Targeted Tasks Seeded error detection, checklist
verification, abstract comparison.

LLMs show mixed results: suc-
cessful at some tasks (checklist)
but poor at others (error detec-
tion, comparative judgment).

Zhou et al. (2024a) MCQ Benchmark RR-MCQ: A multiple-choice
question dataset from ICLR
review-rebuttal exchanges.

LLMs achieve passable accuracy
(>60%) but struggle with long pa-
pers and providing deep critical
feedback.

LLM-Based Zhang and Abernethy (2025) Multi-Judge Pipeline Requires an affirmative vote from
two distinct LLM judges to con-
firm a "hit" (finding a critical er-
ror).

Aims to reduce single-model bias
and increase the reliability of au-
tomated evaluation.

Ning et al. (2025) Peer-Evaluation PiCO Framework: LLMs both
generate reviews and provide
pairwise preferences on peers’
outputs. Ranks models via con-
sistency optimization.

Pioneers fully unsupervised eval-
uation without human labels or
gold references.

Aspect-Oriented

Shin et al. (2025) Focus-Level Framework Annotates review content by tar-
gets (e.g., Method) and aspects
(e.g., Novelty) to compare LLM
vs. human focus.

Revealed LLM "blind spots":
over-emphasis on technical valid-
ity, under-emphasis on novelty.

Du et al. (2024) Fine-Grained Annotation ReviewCritique: Dataset with
23 fine-grained "deficiency"
types annotated at the sentence
level.

Enables testing of whether mod-
els can identify specific types of
errors found by humans.

Ye et al. (2024) Adversarial Testing "Review injection attacks" and
testing susceptibility to authors’
proactive disclosure of minor lim-
itations.

Demonstrates LLMs’ vulnerabil-
ity to both explicit and implicit
manipulation.

Yu et al. (2024) Inconsistency Metric Mismatch Score: Predicts the
degree of inconsistency between
a paper and a given review.

Introduces a novel aspect-
specific metric focused on
review-paper faithfulness.

Table 6: Taxonomy of Evaluation Methodologies for Automated Peer Review Generation. This table summarizes
the primary approaches, key papers, specific metrics or frameworks, and notable findings discussed in the literature.
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Era Phase Name Main Use Scale Source Expert Annotation

Pr
e-

20
23

Reviewing PEERREAD (Kang
et al., 2018)

Review-score prediction,
acceptance prediction, re-
view generation

14.7k papers;
10.7k reviews

ICLR 2017–2019 OpenReview;
ACL 2017 author-consented
drafts/reviews; NeurIPS 2013–
2017 drafts matched to accepted
arXiv papers

–

DISAPERE (Ken-
nard et al., 2021)

Discourse analysis of
reviewer–author discus-
sion

506 threads ICLR 2019–2020 OpenReview
discussion threads

Sentence-level discourse
relations in review–
rebuttal discussions

PEERASSIST
(Bharti et al., 2021)

Acceptance prediction,
review-score prediction

4,467 papers;
13.4k reviews

ICLR 2017–2020 OpenReview
submissions and reviews

–

ASAP-REVIEW
(Yuan et al., 2022)

Aspect-aware review gen-
eration, aspect tagging

8,877 papers;
28.1k reviews

ICLR 2017–2020 and NeurIPS
2016–2019 OpenReview data

1k-review subset anno-
tated with 15 aspect la-
bels

REACT (Choudhary
et al., 2022)

Actionability classifi-
cation, comment-type
tagging

1.25k labeled;
52k unlabeled
comments

ICLR 2018 OpenReview com-
ments

Crowdsourced actionabil-
ity and 7 comment types

Meta-review MRED (Shen et al.,
2021)

Structure-controlled meta-
review generation

7,089 meta-
reviews; 45k
sentences

ICLR 2018–2021 OpenReview
meta-reviews

Every sentence labeled
with 9 discourse tags; ad-
judicated

PRRCA (Wu et al.,
2022)

Meta-review generation
from reviews and rebuttals

6,138 submis-
sions

ICLR 2017–2022 OpenReview
threads with reviews, rebuttals,
decisions, and meta-reviews

–

Multi-stage ICLR-DB (Zhang
et al., 2022)

Fairness analysis, deci-
sion/review prediction, re-
view generation

10.3k submis-
sions; 36.5k
reviews; 68.7k
responses

ICLR 2017–2022 OpenReview
threads, enriched with author pro-
files and LLM-derived features

–

MOPRD (Lin et al.,
2022)

Meta-review generation,
decision prediction, rebut-
tal generation

6,578 papers PeerJ peer-review threads with
reviews, rebuttals, meta-reviews,
and decisions

Manually aligned review-
process records

Si
nc

e
20

23

Meta-review PEERSUM (Li et al.,
2023)

Meta-review generation
from discussions

14,993 triples ICLR 2020–2022 OpenReview
threads with reviews, discussions,
and meta-reviews

–

Reviewing NLPEER (Dycke
et al., 2023a)

Score prediction, prag-
matic labeling, guided
skimming

5,672 papers;
11k+ reviews

ICLR and NeurIPS 2017–2022
OpenReview submissions and re-
views

Sentence-level pragmatic
tags on an F1000 subset

SUBSTANREVIEW
(Guo et al., 2023)

Claim substantiation de-
tection and scoring

550 reviews ARR 2021–2022 reviews Expert span-level claim–
evidence annotation

REVIEWCRITIQUE
(Du et al., 2024)

Deficiency detection in hu-
man and LLM reviews

100 papers 100 NLP papers with human and
LLM reviews

Experts annotate 23 fine-
grained deficiency types

REVIEWEVAL
(Garg et al., 2024)

Evaluation of human and
LLM reviews

120 papers 120 NeurIPS, ICLR, and UAI
submissions with gold and can-
didate reviews

–

REVIEW-5K (Weng
et al., 2025)

Aspect-level score predic-
tion, review evaluation

4,189 train + 782
test; 16k+ com-
ments

ICLR 2023 OpenReview reviews
and comments

–

REVIEWER2 (Gao
et al., 2024c)

Aspect-prompted review
generation, diversity
benchmarking

27k papers; 99k
reviews

Reviews from 6 major ML/NLP
venues, 2017–2022

LLM-generated aspect
prompts

DEEPREVIEW-13K
(Zhu et al., 2025b)

Deep-thinking review gen-
eration

13k structured re-
views

OpenReview papers and reviews,
2017–2023

Reasoning-step annota-
tions for supervision

Revision ARIES (D’Arcy
et al., 2023)

Comment–edit alignment,
revision generation

3.9k comment–
edit pairs; 196
test cases

ICLR, NeurIPS, and ACL Open-
Review papers, 2018–2022

Expert-annotated gold
test set

Rebuttal-included AGENTREVIEW
(Jin et al., 2024b)

Peer-review simulation,
bias/dynamics analysis,
synthetic review genera-
tion

∼500 sub-
missions; 10k
reviews; 53.8k
artifacts

LLM-agent simulations over
ICLR 2018–2021 papers

–

RR-MCQ (Zhou
et al., 2024b)

Review–revision QA, re-
viewer reliability bench-
mark

197 MCQs ICLR 2023 review–rebuttal
threads

Manually written and la-
beled MCQs

REVIEWMT (Tan
et al., 2024)

Dialogue-style review sim-
ulation

26k+ papers;
92k+ reviews

OpenReview reviews reorga-
nized as multi-turn dialogues

Speaker roles labeled

RE2 (Zhang et al.,
2025a)

Full-stage review and re-
buttal modeling, decision
prediction, dialogue gener-
ation

19.9k submis-
sions; 70.7k
reviews; 53.8k
rebuttals

OpenReview data from 24 confer-
ences and 21 workshops, 2017–
2025

Consistency-filtered
multi-turn rebuttal
threads

Table 7: Public peer-review datasets, grouped by era and phase.
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