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Abstract

Existing paper review methods often rely on superficial
manuscript features or directly on large language models
(LLMs), which are prone to hallucinations, biased scoring,
and limited reasoning capabilities. Moreover, these methods
often fail to capture the complex argumentative reasoning
and negotiation dynamics inherent in reviewer-author inter-
actions. To address these limitations, we propose ReView-
Graph (Reviewer-Author Debates Graph Reasoner), a novel
framework that performs heterogeneous graph reasoning over
LLM-simulated multi-round reviewer-author debates. In our
approach, reviewer-author exchanges are simulated through
LLM-based multi-agent collaboration. Diverse opinion re-
lations (e.g., acceptance, rejection, clarification, and com-
promise) are then explicitly extracted and encoded as typed
edges within a heterogeneous interaction graph. By apply-
ing graph neural networks to reason over these structured de-
bate graphs, ReViewGraph captures fine-grained argumenta-
tive dynamics and enables more informed review decisions.
Extensive experiments on three datasets demonstrate that Re-
ViewGraph outperforms strong baselines with an average
relative improvement of 15.73%, underscoring the value of
modeling detailed reviewer–author debate structures.

Code — https://github.com/relic-yuexi/ReViewGraph

Introduction
Peer review is essential to scientific progress, ensuring the
quality, validity, and originality of research (Alberts, Han-
son, and Kelner 2008). High-quality reviews help guide the
research community toward impactful contributions. How-
ever, the recent surge in paper submissions across disci-
plines (Drozdz and Ladomery 2024) has placed increasing
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Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

strain on the peer review process. This exponential growth
imposes a significant burden on human reviewers, making it
increasingly difficult to ensure timely and consistent evalu-
ations (Stelmakh et al. 2021). Moreover, peer review is in-
herently subjective. In some cases, reviewers may be care-
less, biased, or even malicious, thereby undermining the fair-
ness and reliability of the decision-making process (Stel-
makh et al. 2021; Zhang et al. 2022). These challenges have
motivated the development of automatic reviewing systems
as a promising solution to alleviate reviewer workload and
promote more objective evaluations at scale.

With the rapid advancement of large language models
(LLMs), the field of automatic peer review has made notable
progress in recent years. In the computer science commu-
nity, several top-tier conferences have begun experimenting
with LLM-based reviewing systems as supplementary tools
to assist human reviewers. For instance, ICLR 2025 intro-
duced an LLM-powered automatic review system to com-
plement human assessments1, while AAAI 2026 has offi-
cially announced plans to integrate AI-assisted reviewing,
using LLM-generated opinions as an additional perspective
for expert evaluation2.

Current LLM-based automatic reviewing methods gen-
erally fall into two main categories: (1) Prompt-based ap-
proaches, which leverage the in-context learning capabili-
ties of LLMs to generate review content without parame-
ter updates. These include direct prompting methods (e.g.,
AI-Scientist (Lu et al. 2024), which uses GPT-4 with
tailored review templates) and multi-agent collaboration
frameworks, where multiple LLM instances simulate in-
teractions between reviewers and authors (e.g., AgentRe-
view (Jin et al. 2024) and ReviewMT (Tan et al. 2024)). (2)
Fine-tuned approaches, which train open-source LLMs (e.g.,

1https://blog.iclr.cc/2024/10/09/iclr2025-assisting-reviewers/
2https://aaai.org/conference/aaai/aaai-26/main-technical-

track-call/
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LLaMA (Touvron et al. 2023) or Qwen (Bai et al. 2023) se-
ries) on peer review data to align the model’s outputs with
expert reviewing criteria (e.g., CycleReviewer (Weng et al.
2025) and DeepReview (Zhu et al. 2025)).

Despite recent progress in automatic paper reviewing, ex-
isting methods still face several notable challenges. Prompt-
based approaches, which rely solely on LLMs and in-
structions, often generate superficial and shallow review
content (Zhou, Chen, and Yu 2024). Studies have shown
that LLMs tend to produce generally positive but low-
discriminative evaluations, failing to capture the nuanced
reasoning required in peer review (Feng, Sun, and You
2025). Moreover, these methods are highly sensitive to
prompt design (Errica et al. 2025); small changes in prompt
wording can lead to significantly different outputs, result-
ing in limited stability and robustness. On the other hand,
fine-tuned approaches that adapt open-source LLMs using
peer review data suffer from data scarcity and bias. Publicly
available high-quality review datasets are limited in size and
scope, which restricts the generalizability of trained mod-
els. Additionally, these methods typically produce only a
single-perspective review, lacking the ability to model multi-
reviewer interactions and argumentative dynamics inherent
in real-world peer review. Furthermore, both categories re-
main susceptible to hallucinations, wherein LLMs gener-
ate factually incorrect or misleading content, compromising
fairness and reliability (Huang et al. 2025).

To address these challenges, we propose ReViewGraph,
a novel framework for automatic paper reviewing that per-
forms heterogeneous graph reasoning over LLM-simulated
reviewer-author debates. Our approach explicitly captures
multi-perspective opinions and their discourse-level interac-
tions, thereby enhancing the depth, interpretability, and con-
trollability of automated reviewing.

ReViewGraph begins by simulating multi-round
reviewer-author debates through a multi-agent collaboration
framework, resulting in a rich set of opinion exchanges. We
then construct a heterogeneous debate graph to represent
these interactions, comprising four node types: Title,
Evaluation Dimension, Reviewer Opinion, and Author
Opinion, and four meta-relation types that encode review
structure and argumentative dynamics. These include (1)
paper-to-dimension associations, (2) reviewer opinions tied
to specific evaluation criteria (e.g., Methodological Novelty,
Motivation Clarity, Experimental Completeness, Writing
Fluency), (3) inter-reviewer relations such as agree, dis-
agree, and complement, and (4) reviewer-author interactions
like clarify, reject, and accept. To instantiate this graph,
we use in-context prompting to extract opinion triplets
and classify opinions into evaluation dimensions. This
structured representation enables ReViewGraph to perform
fine-grained relational reasoning and make informed final
decisions. Building on this structured graph, we further
apply a heterogeneous graph Transformer to perform
relational reasoning and predict the final review decision.

To evaluate the effectiveness of ReViewGraph for auto-
matic paper reviewing, we collect three benchmark datasets
from OpenReview and compare our approach against seven
strong baseline methods. Experimental results demonstrate

that ReViewGraph consistently outperforms all baselines
across these datasets. Notably, it achieves an average rela-
tive improvement of 15.73% over the second-best baselines.
Overall, the main contributions of this work are: (1) We pro-
pose ReViewGraph, a novel framework for automatic paper
reviewing that models reviewer–author interactions as het-
erogeneous graphs constructed from LLM-simulated multi-
round debates. (2) We design a structured heterogeneous de-
bate graph with semantically-typed nodes and edges to cap-
ture fine-grained argumentative relations across diverse re-
view perspectives, and leverage a graph neural network to
perform relational reasoning over this structure. (3) Exten-
sive experiments on three datasets show that ReViewGraph
consistently outperforms 7 strong baselines, achieving an
average relative improvement of 15.73% over the second-
best models.

Related Works
Traditional Automatic Reviewing. Early efforts in au-
tomatic paper reviewing primarily relied on manually cu-
rated review data and traditional neural classifiers for ac-
ceptance prediction. Kang et al. (2018) introduced the Peer-
Read dataset and trained classifiers using manually labeled
reviews. Ghosal et al. (2019) incorporated sentiment fea-
tures to improve prediction accuracy. To move beyond sim-
ple acceptance prediction, researchers began exploring auto-
matic review generation. Bartoli et al. (2016) proposed one
of the earliest neural frameworks, trained on 48 papers from
their lab, to generate review comments. Nagata (2019) gen-
erated sentence-level feedback on grammar errors to support
academic writing. ReviewRobot (Wang et al. 2020) con-
structed a knowledge graph from the input paper, predicted
review scores, and selected templated comments based on
both scores and supporting evidence. However, traditional
neural models struggled with long and technical documents,
lacking the capacity for deep semantic understanding, which
ultimately hindered progress in this field.

LLM-based Automatic Reviewing. Recent advance-
ments in LLMs have inspired a growing body of work
on LLM-based automatic reviewing. Multi-agent collabo-
ration frameworks aim to simulate the multi-role dynam-
ics of real-world peer review. For example, ReviewMT (Tan
et al. 2024) and AIScientist (Lu et al. 2024) reframe the re-
view process as a multi-round, long-context dialogue among
multiple roles, i.e., reviewers, authors, and meta-reviewers.
AgentReview (Jin et al. 2024) further explores this direction
by prompting LLMs to assume diverse reviewer personali-
ties and decision strategies. Fine-tuned reviewer models en-
hance alignment with human review standards through su-
pervised training. CycleReviewer (Weng et al. 2025) fine-
tunes an open-source LLM on domain-specific review data,
simulating multiple reviewers who assess the paper across
different dimensions. DeepReview (Zhu et al. 2025) extends
this line of work by modeling multi-step reviewer reason-
ing and training on generated rationales to produce more co-
herent, logically grounded reviews. Graph-based approaches
such as GraphEval (Feng, Sun, and You 2025) leverage LLM
prompting to segment abstracts into discrete opinion sen-
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tences, which are then connected via similarity-based edges
and processed through graph reasoning to predict acceptance
decisions.

While these methods represent meaningful progress, they
either treat interactions implicitly or lack fine-grained mod-
eling of argumentative structures. In contrast, our proposed
method, ReViewGraph, explicitly models reviewer-author
debates as heterogeneous graphs, captures multi-perspective
viewpoints, and performs structured reasoning over interac-
tion relations using graph neural networks.

The ReViewGraph Framework
As illustrated in Figure 1, given a paper D, ReViewGraph
first employs multi-agent collaboration to simulate multi-
round debates between reviewers and the author. Based on
the generated debate content, it then constructs a heteroge-
neous interaction graph and performs structured relational
reasoning to predict the final review decision s for the paper.
We provide a detailed explanation of ReViewGraph in the
following.

Multi-agent Reviewer-Author Debate Simulation
To obtain a fine-grained understanding of the target paper,
we propose a multi-agent collaboration framework that sim-
ulates the dynamics of real-world reviewer–author interac-
tions. The framework consists of four role-specific agents:
three regular reviewer agents, one author agent, and a senior
reviewer agent who serves as a meta-level coordinator.

The simulation proceeds in three stages: (1) Initial Re-
view Stage. Each regular reviewer agent is instantiated us-
ing a multimodal LLM capable of processing both textual
and visual content. Given a set of review criteria and the
full content of the target paper D, they are encouraged to
first recognize the paper’s strengths and substantive contri-
butions, providing positive feedback where appropriate. At
the same time, they are expected to raise concerns, highlight
potential weaknesses, and offer critical analysis, especially
for sections that appear ambiguous or underspecified. This
stage ensures a comprehensive and balanced evaluation of
the paper’s strengths and limitations. (2) Author Rebuttal
Stage. The senior reviewer agent then prompts the author
agent to generate a point-by-point response to the reviewers’
feedback. The author is instructed to clarify any misunder-
standings, answer specific technical questions, and defend
the paper’s contributions where challenged. This stage aims
to simulate the rebuttal phase commonly found in peer re-
view, where authors have the opportunity to address regular
reviewers’ concerns. (3) Re-evaluation Stage. After receiv-
ing the author’s rebuttal, the senior reviewer agent reminds
the three regular reviewer agents to re-express or refine their
opinions in light of the new information. Regular review-
ers are encouraged to reassess their initial judgments, revise
their critiques, or reaffirm their positions based on the clari-
fied understanding.

This multi-round dialogue process enables the system to
capture nuanced argumentative structures and simulate real-
istic peer review behaviors, laying the foundation for down-
stream review decisions.

Heterogeneous Debate Graph Construction
To represent the complex reasoning and interaction dynam-
ics of the peer review process, we construct a heterogeneous
debate graph from simulated reviewer-author interactions.
Following the standard formulation of heterogeneous infor-
mation networks (Hu et al. 2020), we define the graph as
G = {V, E ,A,R}, where V is the set of nodes, E is the set
of edges, A is the set of node types, and R is the set of edge
types. Each node v ∈ V and e ∈ E is associated with a type
via node and edge type mapping functions: ψ(v) : V → A,
η(e) : E → R. Each edge corresponds to a meta-relation
in the form < ψ(s), η(e), ψ(t) >, where s and t are source
and target nodes.

Nodes. A = {Title, EvaluationDimension, ReviewerOpin
ion, AuthorOpinion}, instantiated as follows: (1) Title Node
(ψ(v) = Title): It represents the paper being reviewed, with
its content set to full paper title (e.g., “Automatic Paper Re-
viewing with Heterogeneous Graph Reasoning over LLM-
Simulated Reviewer-Author Debates.”); (2) Evaluation Di-
mension Nodes (ψ(v) = EvaluationDimension): They rep-
resent critical dimensions of academic review. To capture a
holistic evaluation of a paper’s quality, we focus on four core
dimensions that are frequently emphasized in real-world
peer reviews. These aspects reflect both the intellectual merit
and presentational quality of a submission. We define four
dimensions in this work: Methodological Novelty, Experi-
mental Completeness, Motivation Clarity, Writing Fluency;
(3) Reviewer Opinion Nodes (ψ(v) = ReviewerOpinion):
Each reviewer agent produces a set of comments, where
each opinion in their comments is represented as a separate
node. (4) Author Opinion Nodes (ψ(v) = AuthorOpinion):
The author agent responds to the reviewers with their opin-
ions, which are also modeled as individual nodes.

Meta-Relations. We define four types of edges (i.e.,
relations) R, each corresponding to a meaningful
discourse connection. The resulting meta-relations
< ψ(s), η(e), ψ(t) > include: (1) Paper–Dimension
Relations: < Title, has aspect,EvaluationDimension >,
it represents that each paper is reviewed under several
standard dimensions. (2) Dimension–Opinion Relations:
< ReviewerOpinion, reviewed by,EvaluationDimension >
. It means that each review opinion belongs to a specific
evaluation dimension. (3) Inter-Reviewer Argumentative
Relations: < ReviewerOpinion, r,ReviewerOpinion >, r ∈
{agree, disagree, complement, progressive, independe
nt}. These relations reflect viewpoint interactions among
reviewers over shared dimensions. (4) Reviewer–Author In-
teraction Relations: < ReviewerOpinion, r,AuthorOpinion
>, r ∈ {accept, reject, clarify, compromise, extend, ne
utral}. These edges represent how authors respond to
reviewer critiques.

Graph Instantiation. To instantiate the graph with the
aforementioned meta-relations, we need to extract the re-
lationships among reviewers’ opinions as well as those be-
tween reviewers’ and authors’ opinions from their interac-
tions. Additionally, it is necessary to categorize the evalua-
tion dimensions to which each reviewer opinion belongs. To
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Figure 1: The workflow of ReViewGraph. Reviewer1, Reviewer2, and Reviewer3 represent three regular reviewer agents. Nodes
are typed by shape: circles denote paper topic nodes, pentagrams denote evaluation dimension nodes (e.g., Methodological
Novelty), squares denote opinions of the reviewers, and triangles represent the author’s opinions.

achieve this, we first present the simulated dialogue between
reviewers and the author, then prompt it to identify pairs
of opinion statements and the relation that holds between
them. For instance, if Reviewer A challenges a point raised
by Reviewer B, the extracted triplet would reflect this dis-
agreement relation between their respective opinions. Simi-
larly, when an author responds to a reviewer’s critique, the
extracted triplet captures the response relation between the
author’s and the reviewer’s views. Next, we further classify
each opinion in the triplets into its corresponding Evalua-
tion Dimension (e.g., Methodological Novelty, Experimental
Completeness, Motivation Clarity, Writing Fluency). This is
also achieved via in-context prompting, where the LLM is
guided to assign a category to each opinion statement based
on its content and argumentative context.

Through this pipeline, we construct a final heterogeneous
debate graph that captures multi-perspective opinions and
their semantic relationships within reviewer–author debates.

Reviewer-Author Debate Graph Reasoning
Given the reviewer-author debate graph constructed in the
previous section, we adopt a Heterogeneous Graph Trans-
former (HGT) to perform reasoning over the structured in-
teractions between reviewers and authors. Then, we can ob-
tain contextualized representations of all nodes in the con-
structed heterogeneous graph, which can then be used for
downstream tasks such as review result prediction.

Formally, for a target node t ∈ V , HGT learns its rep-
resentation by performing heterogeneous mutual attention,
heterogeneous message passing, and target-specific aggre-
gation over each source node s connected to t through a re-
lation type (edge). HGT usually consists of L stacked layers,
which means the output of the l-th HGT layer, denoted as

H(l), is fed as input into the next layer. Then the final nodes
are represented as H(L).

Heterogeneous Mutual Attention. The Heterogeneous
Mutual Attention mechanism determines the importance
(i.e., weights) of neighboring nodes. For a target node t, its
neighboring nodes s ∈ N(t) may be connected via different
meta-relations, represented as < ψ(s), η(e), ψ(t) >. Sim-
ilar to the vanilla Transformer architecture, HGT maps the
target node t to a query vector and each source node s to
a key vector, using their dot product to compute attention
scores. To model the diverse distributions of meta-relations,
HGT further adopts relation-specific projection weights, al-
lowing it to distinguish and effectively capture the seman-
tics of different types of meta-relations. Specifically, in the
attention mechanism of HGT, the weight matrices are de-
composed into three components corresponding to the pro-
jections of the source node s, the edge e, and the target node
t. Formally, for each neighboring node s of t, the attention
mechanism computes multi-head attention scores, concate-
nates them, and applies the softmax function for normaliza-
tion:

ATN(s, e, t) = σ∀s∈N (t)[concati∈[1,Z](attn
hi(s, e, t)] (1)

attnhi = (Ki(s)W attn
η(e) Q

i(t)) ·
µ<ψ(s),η(e),ψ(t)>√

d
(2)

where Z is the number of attention head, and σ denotes
the Softmax function. For the i-th attention head hi, the
key of the source node and the query of the target node
are first interacted via a relation-specific projection matrix
Wη(e), scaled by a prior weight µ<ψ(s),η(e),ψ(t)> represent-
ing importance for different meta relation triplets, and then
divided by

√
d, following the standard Transformer scal-

ing. Specifically, ψ(s)-type source node s is projected into
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Ki(s) ∈ Rdh , and the ψ(t)-type target node t is projected
into Qi(t) ∈ Rdh , where dh = d/h denotes the dimension-
ality of each attention head. W attn

η(e) denotes the edge-based
matrix for each edge type η(e).

Heterogeneous Message Passing. This mechanism gen-
erates the information (i.e., messages) transmitted from
neighboring nodes. Specifically, for (s, e, t), the multi-head
message can be calculated as:

MSG(s, e, t) = concati∈[1,Z]mesg
hi(s, e, t) (3)

mesghi(s, e, t) = Lineariψ(s)(H
(l−1)[s])Wmesg

η(e) (4)

where ψ(s)-type source node s is projected into i-th mes-
sage vector with the linear layer Lineariψ(s), and Wmesg

η(e) is
used to incorporate the edge dependency. Finally, all mes-
sages from Z heads are concatenated as the final message
representation for each source node.

Target-Specific Aggregation. Once the attention weights
and the messages from the source nodes of the target node
t are computed, the representation of t at the l-th layer is
updated as follows:

H(l)[t] = Linearψ(t)(λĤ(l)[t]) +H(l−1)[t] (5)

Ĥ(l)[t] = ⊕∀s∈N (t)ATN(s, e, t) · MSG(s, e, t) (6)
where ⊕ denotes the weighted summation operation over all
source nodes ∀s ∈ N (t) of the target node t, λ serves as a
rescaling factor.

Review Result Prediction with HGT After obtaining the
vector representation of each node in the heterogeneous de-
bate graph between reviewers and authors, we first apply
mean pooling over node embeddings grouped by their types.
Since ψ : V → A is a mapping from nodes v ∈ V to their
corresponding node types a ∈ A, where A denotes the set
of all possible node types. Then, the pooled representation
for each node type a ∈ A is computed as:

ha =
1

|Va|
∑

v∈V,ψ(v)=a

H(l)[t] (7)

where Va = {v ∈ V | ψ(v) = a} denotes the set of nodes
of type a. Next, we concatenate the pooled representations
of all node types:

hconcat = ||a∈Aha (8)

where || denotes vector concatenation. Finally, the concate-
nated vector is fed into a two-layer feedforward neural net-
work to predict the final review decision (accept/reject):
ŷ = Softmax (W2 · ReLU (W1 · hconcat + b1) + b2) (9)

where W1 and W1 are learnable parameters, and b1 and b2
are biases.

Experiments
Experimental Settings
Task. Following prior works (Jin et al. 2024; Zhu et al.
2025; Weng et al. 2025; Feng, Sun, and You 2025), we use
the full paper as input and aim to predict the final review
decision. The decision s is selected from a predefined set of
review outcomes: accept or reject.

Year Mode Accept (A-o / A-p / A-s) Reject Total

2023
Train 532 (42 / 349 / 141) 419 951
Val 75 (6 / 49 / 20) 59 134
Test 155 (13 / 101 / 41) 121 276

2024
Train 583 (42 / 361 / 180) 429 1012
Val 82 (6 / 51 / 25) 61 143
Test 169 (12 / 104 / 53) 123 292

2025
Train 712 (107 / 394 / 211) 631 1343
Val 101 (15 / 56 / 30) 90 191
Test 207 (32 / 114 / 61) 181 388

Table 1: Dataset statistics. Accept numbers are shown with
their subcategory breakdown: Oral (A-o), Poster (A-p),
Spotlight (A-s).

Datasets and Evaluation Metrics. To validate the effec-
tiveness of ReViewGraph, we crawled submission data and
review outcomes from ICLR 2023, 2024, and 2025 avail-
able on OpenReview. The statistics of the collected data are
shown in Table 1. To thoroughly assess how well the eval-
uation methods align with human reviewers, we report each
method’s performance in terms of Accuracy, Macro Preci-
sion, Macro Recall, and Macro F1 score.

Baselines and Implementation Details. We compare our
proposed framework against several representative baselines
that leverage LLMs for automatic paper review: (1) ICL-
based Method (Brown et al. 2020): Directly prompts a pre-
trained LLM using in-context examples to predict the re-
view decision based on the full paper content. (2) CoT-
based Method (Wei et al. 2022): Encourages the LLM to
perform chain-of-thought reasoning before generating the
final review outcome. (3) AI-Scientist (Lu et al. 2024):
Redefines the review process as a multi-turn, long-context
dialogue among multiple roles. (4) CycleReviewer (Weng
et al. 2025): Fine-tunes an open-source LLM using domain-
specific peer review data. (5) DeepReview (Zhu et al. 2025):
Extends CycleReviewer by modeling multi-step reviewer
reasoning and training on generated rationales. (6) GraphE-
val (Feng, Sun, and You 2025): Segments paper abstracts
into discrete opinion sentences using LLM prompting, con-
nects them via similarity-based edges to construct a graph,
and applies graph-based reasoning to predict the final review
decision. The implementation details of ReViewGraph and
the baselines are provided in the source code repository.

Experimental Results
Overall Performance. As shown in Table 2, our proposed
ReViewGraph consistently outperforms all baseline meth-
ods on the ICLR 2023, 2024, and 2025 datasets across four
key metrics. Notably, ReViewGraph achieves its strongest
performance on the ICLR 2025 dataset, with all metrics ex-
ceeding 70 and an average relative improvement of 15.73%
over competitive baselines. To assess statistical significance,
we performed two-sample T-tests on the accuracy and F1
scores of ReViewGraph and the best-performing baseline,
CycleReviewer-70B. The resulting p-values were 0.0192
and 0.0067, respectively, both below the 0.05 threshold, con-
firming that the improvements are statistically significant.
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Datasets ICLR 2023 Papers ICLR 2024 Papers ICLR 2025 Papers
Method\Metric Acc P R F1 Acc P R F1 Acc P R F1
ICL-based Method 58.33 68.75 52.66 42.44 61.30 70.69 54.39 46.65 56.70 71.74 53.66 43.04
CoT-based Method 57.97 65.04 52.33 42.25 61.64 71.35 54.80 47.38 57.47 75.06 54.45 44.24
AI-Scientist 59.06 70.64 53.49 44.03 60.48 67.32 53.69 45.65 58.51 78.13 55.53 49.95
GraphEval 50.00 47.08 47.51 46.35 48.97 44.23 45.30 43.75 46.91 44.25 45.38 43.13
CycleReviewer-8B 51.33 66.67 25.85 37.25 47.83 66.67 21.12 32.08 49.05 55.42 23.35 32.86
CycleReviewer-70B 61.23 82.43 39.35 53.28 57.73 71.30 45.56 55.60 63.05 72.22 50.24 59.26
DeepReview-14B-Std 61.23 73.08 49.03 58.69 59.93 69.70 54.44 61.13 63.77 64.29 47.06 54.34
ReViewGraph 70.29 69.85 69.92 69.89 66.10 65.48 65.73 65.54 71.65 72.04 72.01 71.65

Table 2: Performance Comparison between our ReViewGraph and Other Methods (Acc: Accuracy, P: Macro Precision, R:
Macro Recall, F1: Macro F1 Score). The bold number indicates the best performance, while the underlined number represents
the second-best.

ICLR 2023 Papers
Method\Metric Acc P R F1
ReViewGraph 70.29 69.85 69.92 69.89
– w/o Title 67.03 67.98 68.02 67.03
– w/o Eval 69.20 69.63 69.86 69.17
– w/o RAR 69.57 69.37 69.64 69.37
– w/o IRR 68.12 67.99 68.26 67.95
– w/o Hetero 68.12 68.48 68.71 68.07

ICLR 2024 Papers
ReViewGraph 66.10 65.48 65.73 65.54
– w/o Title 64.73 65.78 65.99 64.71
– w/o Eval 65.75 65.60 65.99 65.48
– w/o RAR 65.75 65.25 65.55 65.28
– w/o IRR 65.75 65.41 65.77 65.39
– w/o Hetero 65.75 65.04 65.21 65.10

ICLR 2025 Papers
ReViewGraph 71.65 72.04 72.01 71.65
– w/o Title 66.49 69.30 67.59 66.02
– w/o Eval 68.30 69.28 68.90 68.24
– w/o RAR 70.36 70.71 70.70 70.36
– w/o IRR 69.59 70.19 70.04 69.57
– w/o Hetero 70.62 71.41 71.15 70.59

Table 3: Results of ablation study.

We further analyze the sources of ReViewGraph’s perfor-
mance gains in the following sections.

First, compared to prompt-based methods such as ICL-
based and CoT-based methods, ReViewGraph demonstrates
a substantial performance gain, especially in Accuracy and
Macro-F1, with an average improvement exceeding 10
percentage points. This performance gap arises because
prompt-based methods rely solely on paper content, limit-
ing their ability to deeply understand and evaluate the review
context. In contrast, ReViewGraph employs a multi-agent
framework to simulate multi-turn reviewer–author debates,
producing rich, structured, and multi-perspective opinion
content.

Secondly, although AI-Scientist also models multi-role
dialogues, ReViewGraph goes a step further by explic-
itly extracting semantic relations between viewpoints (e.g.,
acceptance, rejection, clarification, compromise). This en-
hances the semantic precision of interaction modeling, mak-
ing the structural reasoning more logical and interpretable.

Third, ReViewGraph outperforms fine-tuned LLM-based
baselines such as CycleReviewer and DeepReview. While
CycleReviewer-70B demonstrates strong precision, its re-
call and overall consistency lag behind. For example, on
the ICLR 2025 dataset, ReViewGraph achieves a Macro F1
score of 71.65, outperforming CycleReviewer-70B by more
than 12 percentage points. Importantly, unlike these base-
lines that require resource-intensive fine-tuning, ReView-
Graph operates without any LLM parameter updates. By
leveraging a heterogeneous graph structure and applying
Transformer-based reasoning, our method achieves greater
generalizability, training efficiency, and inference control-
lability. Finally, compared to GraphEval, which constructs
graphs based on sentence-level similarity within abstracts,
ReViewGraph builds a more semantically expressive and
structurally rich heterogeneous graph. It extracts explicit, la-
beled relations from full-text reviewer–author interactions,
leading to higher representational fidelity and improved rea-
soning accuracy.

Ablation Analysis. We conducted ablation studies on
three datasets to evaluate the impact of key components in
our heterogeneous reviewer–author opinion graph. Specifi-
cally, we removed each of the following elements in turn:
the paper title nodes (w/o Title), the evaluation dimension
nodes (w/o Eval), the edges representing reviewer–author
interactions (w/o RAR), and the edges capturing relations
among reviewers’ opinions (w/o IRR). Additionally, we re-
placed the heterogeneous graph structure with a homoge-
neous one by collapsing all node and edge types into a sin-
gle type (w/o Hetero). In this homogeneous graph, all edges
are uniformly labeled as connected, and nodes are not distin-
guished by type. This setup allows us to assess the benefits
of explicitly modeling heterogeneity in opinion interactions.

As reported in Table 3, removing the paper title nodes
(w/o Title) results in the most significant performance drop,
indicating the importance of explicitly modeling the target
submission. Excluding the evaluation dimension nodes (w/o
Eval) also leads to a noticeable decline, confirming that cap-
turing multiple review criteria enhances the model’s dis-
criminative capacity. Ablations that remove reviewer–author
interaction edges (w/o RAR) or inter-reviewer relational
edges (w/o IRR) both lead to moderate decreases, highlight-

31722



R2 R3

While the paper presents a 
novel approach, the 
theoretical analysis is 
somewhat limited. The 
convergence analysis does 
not directly prove that the 
solutions achieved are 
more diverse than those 
from MGDA

Author
We acknowledge the 
importance of directly 

comparing the diversity of 
solutions achieved by MosT and 
MGDA. In the revised version, 

we will conduct a more rigorous 
analysis to quantify the diversity 
of solutions generated by both 

methods

The gap between theory and 
practice should be addressed, 
and the authors should 
provide a theoretical analysis 
for the stochastic setting
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theorems and proofs.
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(b) Case 2: Correct acceptance prediction by ReViewGraph.

Figure 2: Two representative cases of ReViewGraph.

ing the value of modeling detailed argumentative and logical
relations. Finally, replacing the heterogeneous graph with
a homogeneous graph structure (w/o Hetero), where node
and edge types are collapsed, further impairs performance,
demonstrating the effectiveness of explicitly modeling het-
erogeneity in reviewer–author debates.

Case Study. To analyze the advantages of our method, we
present two representative cases as follows: Case 1: Cor-
rect Rejection Prediction Amid Subtle Negative Consen-
sus. In the first case shown in Figure 2a, the ground-truth
decision was Reject. While the paper proposed a novel ap-
proach, multiple reviewers expressed concerns about the
lack of rigorous theoretical analysis and inadequate com-
parisons with state-of-the-art baselines. Reviewer 1 noted
the absence of evidence demonstrating the solution’s diver-
sity. Reviewer 2 emphasized the theoretical gap in stochas-
tic settings and the lack of comparison with methods de-
signed for the n ≫ m scenario. Reviewer 3 echoed similar
concerns regarding limited convergence analysis and exper-
imental comparisons. Although the authors acknowledged
these issues and promised improvements, no concrete reso-
lutions were provided. ReViewGraph successfully captured

the negative consensus across multiple evaluation dimen-
sions (e.g., theoretical rigor, baseline comparison) by mod-
eling reviewer–reviewer agreement and reviewer–author in-
teractions in a structured heterogeneous graph. The system
correctly identified the dominant negative stance despite su-
perficially polite language or minor positive comments, and
inferred the rejection outcome. In contrast, methods such
as ICL, CoT prompting, and LLM-based dialogue agents
misclassified the case as Accept, likely due to over-reliance
on isolated affirmative signals. Case 2: Correct Accep-
tance Prediction Despite Isolated Criticism. In another in-
stance shown in Figure 2b, the ground-truth decision was
Accept. Reviewer 2 suggested further exploration of the im-
pact of calibration techniques on computational efficiency.
However, both Reviewer 1 and Reviewer 3 explicitly stated
that the paper adequately addressed computational concerns
and praised its theoretical guarantees. Reviewer 2 ultimately
agreed with the decision to accept. The authors also ac-
knowledged the suggestion and expressed willingness to ex-
pand the analysis in future revisions. While several base-
line models incorrectly predicted a Reject decision, possibly
misinterpreting Reviewer 2’s suggestion as a critical flaw,
our model accurately inferred that Reviewer 2’s comment
was an isolated and non-decisive concern. By modeling the
majority–minority stance across reviewers and the consis-
tency between evaluation dimensions and final decisions,
our method avoided overweighing minority dissent.

Conclusion

We proposed ReViewGraph, a novel framework for auto-
matic paper reviewing that leveraged heterogeneous graphs
constructed from simulated reviewer–author interactions.
By modeling multi-agent debates, we extracted structured
opinion relations among reviewers and authors and repre-
sented them as a heterogeneous graph with semantically
typed nodes and edges. A heterogeneous graph Transformer
was then applied to reason over this structure and pre-
dict final review outcomes. Through comprehensive exper-
iments on three ICLR datasets, ReViewGraph consistently
outperformed strong prompt-based, fine-tuned, and graph-
based baselines across multiple evaluation metrics. Notably,
our method achieved a relative improvement of 15.73% in
Macro F1 score over the best-performing baseline, while re-
quiring no LLM fine-tuning. Ablation studies further vali-
dated the importance of each graph component, particularly
the modeling of evaluation dimensions and inter-agent re-
lations. Case studies also demonstrated that ReViewGraph
was able to correctly interpret nuanced reviewer dynamics,
such as subtle consensus or isolated dissent, which were
often misclassified by other methods. These findings high-
lighted that explicitly modeling reviewer–author interac-
tions and discourse-level semantics led to more robust, inter-
pretable, and context-aware automated reviewing. Overall,
ReViewGraph offered a scalable and effective framework
for augmenting peer review with structured LLM reasoning,
pointing toward future directions in trustworthy AI-assisted
scientific evaluation.
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