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Abstract
The rapid growth of AI conference submissions
is putting new pressure on peer review. AI re-
viewer systems are increasingly proposed as
support, but prior work leaves unresolved what
responsibility their outputs should carry when
they can surface useful critiques yet remain
risky as independent judgments. We frame this
as a responsibility-boundary problem. Using
600 ICLR 2026 submissions, 2,231 human re-
views, and 3,600 AI reviews, we operationalize
this boundary through usable feedback, rating
calibration, panel breadth, and grounded syn-
thesis. AI can prepare critiques and organize ev-
idence, while scoring, independent panel judg-
ment, high-level synthesis, and final respon-
sibility remain human-led. A GLM-5.2 vali-
dation on 100 NeurIPS 2022 papers with pre-
ChatGPT reviews reproduces the workflow and
calibration patterns. Motivated by this bound-
ary, we develop Review Copilot, a workflow in
which AI suggestions are inspected, edited, or
rejected by human reviewers. In an initial con-
trolled reviewer-in-the-loop study, Human+AI
reviews improve actionability, evidence sup-
port, and professionalism relative to standalone
baselines, while scores and recommendations
remain human-authored. A user study of 275
reviewers across 411 papers further supports
its practical usefulness. Together, these results
support a review paradigm in which AI expands
evidence-grounded critique while humans re-
tain judgment, synthesis, and accountability.

1 Introduction

The bottleneck in scientific publication is shifting
from writing papers to reviewing them. AI tools
for literature search, experimentation, and even au-
tomatic scientific discovery (Xie et al., 2025; Hao
et al., 2026; Lu et al., 2024; Weng et al., 2026b) are
making it quicker to produce technically plausible
submissions (statistic in Figure 1). But the cost
of evaluating these submissions has not fallen
accordingly. High-quality peer review still re-
quires scarce expert attention (Singh, 2025; Wei
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Figure 1: Major venues have expanded reviewer pools
to handle rising submissions, yet this expansion remains
constrained by the availability of qualified experts.

et al., 2025). Human reviewers must judge the cor-
rectness, novelty, significance, reproducibility, and
venue fit under tight deadlines.

This pressure has accelerated research on AI-
assisted peer review, utilizing LLMs as re-
view generators, critique providers and evidence
grounders (Zhuang et al., 2025; Mann et al., 2025;
Zhu et al., 2025b). Yet numerous studies also make
clear that AI review cannot simply replace hu-
man judgment. LLM-generated reviews can be
brittle, biased, insufficiently grounded, and mis-
aligned with community norms (Shin et al., 2025;
Ye et al., 2024; Zhu et al., 2025a; Kim et al., 2026;
Baumann et al., 2026; You et al., 2026). Large-
scale monitoring further suggests that AI-modified
review is already entering conference review, while
policy analyses and prompt-injection studies show
that unclear provenance and responsibility can cre-
ate concrete governance risks (Collu et al., 2026;
Theocharopoulos et al., 2025).

Major venues have therefore begun to explore
bounded forms of machine assistance rather than
fully automated reviewing. ICLR 2025 evaluated
LLM feedback to reviewers while ICML 2026
offered the Paper Assistant Tool as private pre-
submission feedback for authors (Jayaram et al.,
2026). These efforts point toward a new human-
AI review paradigm in which the key question
is not whether AI should enter peer review, but
which responsibilities AI can support and which
judgments must remain human-led.
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To explore this question, we first construct a
large-scale comparison of human and AI reviews.
Our evaluation dataset (Section 3) contains 600
ICLR 2026 submissions (OpenReview, 2026), sam-
pled to balance final decisions while preserving
variation across review ratings, together with 2,231
human reviews and 3,600 AI reviews. The AI re-
views are generated by crossing two frontier foun-
dation models (OpenAI, 2026; DeepSeek-AI, 2026)
with three representative agentic review workflows
(Weng et al., 2026a; Li et al., 2026; Jin et al., 2024),
yielding six AI reviewer configurations.

For a cross-venue and review-era check, we addi-
tionally curate 100 NeurIPS 2022 papers with 358
official reviews whose review process predates the
public release of ChatGPT (OpenReview, 2022),
using GLM-5.2 (Zeng et al., 2026) with the same
three review workflows.

We therefore evaluate AI review through four
responsibilities (Section 4):

(1) whether AI can produce professional and
usable review artifacts;

(2) whether its ratings can serve as calibrated
reviewer scores;

(3) whether multiple AI reviews can count as
independent panel voices; and

(4) whether grounded AI critiques carry the syn-
thesis required for judgment.

Across these evaluations, the lesson we learn is
not that AI lacks useful review content, but that
useful content should not be mistaken for reviewer
authority. Current systems can produce inspectable
critique candidates, yet their scores are compressed
and system-dependent, their reports add limited
independent panel breadth, and their grounded cri-
tiques still require human synthesis. The resulting
boundary is therefore artifact-level assistance under
human control, not delegation to AI as a calibrated
scorer, or an autonomous judge.

Motivated by this boundary, we build Review
Copilot (Section 5) as a human-led workspace for
evidence-centered reviewing. The prototype sup-
ports the parts of reviewing that precede judgment:
helping reviewers interrogate the paper through
grounded questions, recover supporting passages,
surface relevant context, and organize candidate
strengths, weaknesses, and questions into an in-
spectable critique space. Every AI-generated item
remains provisional until the reviewer inspects, re-
vises, or rejects it.

Our contributions are twofold:

(1) using 600 ICLR 2026 submissions, 2,231 of-
ficial human reviews, and 3,600 AI reviews, we
quantify the responsibility boundary between AI
reviewers and human experts across review us-
ability, rating calibration, perspective breadth, and
grounded synthesis. We further validate the main
review-quality and calibration patterns on an inde-
pendent NeurIPS 2022 setting with GLM-5.2.

(2) We introduce Review Copilot as a human-
led workflow in which AI-generated evidence and
candidate critiques are inspected, edited, and selec-
tively integrated by human reviewers. We evaluate
this workflow in a controlled study with 10 review-
ers and 40 papers, complemented by a larger-scale
employment feedback.

2 Related Work

AI Reviewer Systems Early LLM-based review
systems treated reviewing largely as text genera-
tion, producing full reviews or author feedback
(Du et al., 2024; Zhu et al., 2025b; Jin et al., 2024;
Chang et al., 2025; Zeng et al., 2025). Recent work
instead structures reviewing through rubric guid-
ance, evidence grounding, tool checks, role spe-
cialization, and multi-agent interaction (Li et al.,
2026; Gao et al., 2025; Kumar et al., 2026; Goyal
et al., 2026; Taechoyotin and Acuna, 2026; Idahl
and Ahmadi, 2025). This progression has made
AI review increasingly integrated into human
review workflows. Large-scale monitoring has de-
tected AI-modified language in conference reviews
(Liang et al., 2024), while major venues have be-
gun testing bounded forms of assistance (Thakkar
et al., 2025; Biswas et al., 2026; Jayaram et al.,
2026). These developments show that AI review is
moving from isolated generation systems toward
real review infrastructures, making it necessary
to examine how their outputs behave inside the
human review processes.

AI Review in Practice Despite substantial pro-
gress in AI reviewer systems, existing evidence
cautions against treating LLM reviews as substi-
tutes for reviewer judgment. LLM reviews may
miss novelty, miscalibrate scores, reproduce biases,
converge across generated reports, and remain vul-
nerable to hidden instructions, prompt-injection
attacks, and presentation-level changes (Renata
and Lee, 2025; Kim et al., 2026; Shin et al., 2025;
Ye et al., 2024; Zhu et al., 2025a; Pataranutaporn
et al., 2025; Baumann et al., 2026; Theocharopou-
los et al., 2025; Yang et al., 2026; Lin et al., 2025).
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Recent work therefore emphasizes measurement,
disclosure, accountability, verification, and process
design rather than autonomous delegation (Zhuang
et al., 2025; Wu et al., 2026; Mann et al., 2025;
Yun et al., 2026; Zhang and Abernethy, 2025; You
et al., 2026).

However, these work leave underexplored the
central question in the emerging human–AI re-
view paradigm: which reviewing responsibilities
AI can support and which judgments must re-
main human-led. In this paper, we address this
gap through a unified comparison across model–
workflow configurations, rating calibration, panel-
level breadth, grounded synthesis.

3 Experimental Settings

We construct the evaluation dataset from the full
ICLR 2026 paper set crawled from OpenReview,
including official reviews, reviewer ratings, and
final decisions. We first partition papers by final de-
cision into Oral, Poster, and Reject groups. Within
each decision group, we divide papers into 0.5-
point bins according to their mean official review
rating and sample from these bins to obtain 200
papers per decision group. This design keeps the
corpus balanced across outcomes while retaining
papers across the rating spectrum, including both
clear and borderline cases.

To generate the AI reviews, we treat each re-
viewer as a pairing of a foundation model and a
review workflow, allowing us to separate model-
level effects from workflow-level effects. For each
paper, we generate six AI reviews by pairing each
foundation model with each workflow. The foun-
dation models are GPT-5.5 (OpenAI, 2026) and
DeepSeek-V4-Pro (DeepSeek-AI, 2026); the re-
view workflows are DeepReviewer-2.0 (Weng et al.,
2026a), ReviewGrounder (Li et al., 2026), and
AgentReview (Jin et al., 2024). We normalize all
generated reports into a shared review schema con-
sisting of Summary, Strengths, Weaknesses, Ques-
tions, Rating, and Decision. The final corpus con-
tains 2,231 human reviews and 3,600 AI reviews.

For cross-setting validation, we additionally sam-
ple 100 NeurIPS 2022 papers with 358 official re-
views written before ChatGPT’s public release, pro-
viding an earlier human-review reference from a
different venue and review culture. We use GLM-
5.2 (Zeng et al., 2026) while keeping the three
workflows, shared output schema, parsing proce-
dure, and evaluation metrics fixed.

4 Responsibility Boundaries of AI in
human-AI review paradigm

4.1 Review Usability
Research Question. In this experiment, we evalu-
ate whether AI can generate usable review artifacts
rather than fluent text alone. We define usability by
two requirements: a review should recover observ-
able decision signals and should provide feedback
that is actionable, grounded, and professional in
tone. We therefore ask: do human and AI reviews
differ in how well they recover observable decision
signals and meet basic professional standards?

Evaluation Metrics. We compute decision
alignment at the review level. Final decisions are
binarized as accept for oral and poster papers and
reject for rejected papers. For human reviews, we
derive a reviewer-level decision from the official
rating, treating ratings of 6 or higher as accept
recommendations and ratings below 6 as reject rec-
ommendations. AI decisions are taken from the
normalized Decision field. Acc and accept-class F1
are then computed against the binary final outcome.

The diagnostics target different parts of the re-
view. Actionable is judged at the question-unit level
and asks whether the feedback contains both a con-
cern and a rebuttal-addressable suggestion. Unsup-
ported is judged over weakness units after retriev-
ing the top-3 paper evidence chunks, and counts
unsupported or contradicted factual claims among
all units. Professionalism is judged at the whole-
review level over Summary, Strengths, Weaknesses,
and Questions, and marks reviews as unprofes-
sional if they contain major civility or abuse issues.
We use GPT-5.5 as the judge for these three di-
agnostics and validate its judgments with blinded
human annotations on 70 reviews; detailed agree-
ment statistics are reported in Appendix C.4.

Experimental Results. As shown in Table 1,
AI reviews are professionally usable. Several AI
configurations recover observable outcome signals:
GPT-5.5 with DeepReviewer2 obtains the highest
accuracy, while DeepSeek with DeepReviewer2
obtains the highest accept-class F1. At the same
time, most AI reviews satisfy basic professional
standards under the judge diagnostics. They main-
tain near-perfect professionalism, produce lower
unsupported-claim rates than human reviews, and
often provide more rebuttal-addressable questions
than the human average.

As a cross-venue and pre-ChatGPT check, we
repeat the review-quality analysis on the 100-paper
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Model System Acc F1 Actionable ↑ Unsupported ↓ Professionalism ↑
GPT-5.5 DeepReviewer2 0.870 0.901 0.386 0.095 0.998
GPT-5.5 ReviewGrounder 0.805 0.863 0.791 0.110 1.000
GPT-5.5 AgentReview 0.538 0.638 0.576 0.225 0.992

DeepSeek DeepReviewer2 0.769 0.905 0.420 0.246 0.922
DeepSeek ReviewGrounder 0.718 0.723 0.848 0.143 1.000
DeepSeek AgentReview 0.530 0.623 0.875 0.215 0.931

Human – 0.726 0.711 0.770 0.379 0.938

Table 1: Evaluation of human reviews and AI reviews generated by different combinations. Acc and F1
compare review decisions with final paper outcomes. We compute Actionable, Unsupported and Professionalism
using an LLM-as-judge paradigm, with the prompt provided in the Appendix C.

NeurIPS 2022 validation set. Using GLM-5.2, we
again observe the same workflow specialization
pattern (Appendix E, Table 14).

These results indicate that AI reviews can pro-
duce professionally usable artifacts that contain ob-
servable decision signals and meet basic standards
of actionability, factual support, and tone. However,
this competence is unevenly distributed across
systems. DeepReviewer2 is strongest in decision
alignment but weaker in actionability, whereas Re-
viewGrounder and AgentReview are often more
actionable but less reliable as decision predictors.
Therefore, the result establishes necessary point.
Current AI systems can produce usable review ar-
tifacts, but artifact usability alone does not confer
reviewer authority. The remaining analyses ask
whether this usability extends to the responsibili-
ties that make review judgment difficult to delegate.

4.2 Rating Calibration

Research Question. The previous experiment
shows that AI systems can produce professionally
usable review artifacts, but artifact-level compe-
tence does not imply reviewer authority. In peer
review, a rating is a process signal used by area
chairs to compare reviewer stances, identify bor-
derline papers, and decide where discussion should
focus. Therefore, if AI is to take on any responsi-
bility beyond drafting or organizing feedback, its
scores must be calibrated to human reviewer judg-
ments. We therefore ask: do AI reviews use the
rating scale in a way that is calibrated to human
reviewer judgments?

Evaluation Metrics. We use the mean human
rating for each paper as the paper-level reference
score produced by the review process. Each AI
rating is compared with this reference score us-
ing MAE and Spearman correlation, while the full
score distributions are used to examine how each
AI system occupies the rating scale. The calibration

(a) AI Rating Calibration Against Human Mean Ratings

(b) Rating Distributions Across Review Modes
 

Figure 2: Calibration of AI ratings versus human expert
judgments.

view in Figure 2 (a) tests whether AI scores track
human score differences across papers; the distri-
butional view in Figure 2 (b) examines whether
their use of the rating scale matches the range and
concentration of human ratings.

Experimental Results. Figure 2 shows that AI
ratings are only partially calibrated to human re-
viewer judgments. In the calibration plots, even the
strongest setting, GPT-5.5 with DeepReviewer2,
reaches only a moderate Spearman correlation with
human mean ratings (ρ = 0.696), and the remain-
ing systems show weaker rank alignment. More
importantly, the fitted curves are much flatter than
the diagonal reference line. When human review-
ers assign high mean ratings, AI systems do not
increase their ratings proportionally. This suggests
that AI systems have limited sensitivity to the ab-
solute meaning of the rating scale: they distinguish
papers only weakly and tend to avoid both strongly
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negative and strongly positive judgments.

The distributional view in Figure 2 (b) confirms
this pattern. Human ratings occupy a broad range
of the scale, with visible mass from low to high
scores. By contrast, most AI ratings concentrate
around middle or moderately positive values, typi-
cally between 5 and 7, with much thinner use of the
lower end of the scale. Two complementary checks
suggest that this mismatch is neither specific to the
ICLR 2026 review era nor concentrated in a small
set of research topics.

On the 100-paper NeurIPS 2022 validation set,
whose official reviews were written before Chat-
GPT’s public release, GLM-5.2 reproduces the
same upward shift and compressed score range
(Appendix E, Table 15). Within the primary ICLR
topics with at least 30 papers, the calibration break-
down reveals variation in error magnitude and rank
alignment, but the upward shift persists across all
included topics (Appendix E, Table 16).

These results suggest a clear responsibility boun-
dary. Although the previous experiment showed
that AI systems can generate professionally usable
review artifacts, their ratings do not reliably encode
the same process signal as human reviewer ratings.
Therefore, AI should not be assigned score-level
authority in human–AI reviewing. Final recom-
mendations, calibration across papers, and priori-
tization of borderline cases should remain under
human responsibility.

4.3 Perspective Breadth

Research Question. Although AI ratings are not
sufficiently calibrated to support score-level author-
ity, AI may still be useful to broaden the technical
perspectives during review. In peer review, a panel
is valuable because different reviewers attend to dif-
ferent assumptions, missing baselines, data risks,
methodological weaknesses, and failure modes be-
fore the area chair adjudicates them. We therefore
ask: do multiple AI-generated reviews provide dis-
tinct panel-level perspectives, or do they largely
repeat the same evaluative concerns?

Evaluation Metrics. We measure whether dif-
ferent reviews of the same paper provide diverse
perspectives by comparing their semantic similar-
ity. For each paper p, review section k, and pair
of reviews i, j, we encode the corresponding sec-
tion text r(p,k) using Qwen3-8B-Embedding f and

compute cosine similarity:

s
(p,k)
ij =

f(r
(p,k)
i ) · f(r(p,k)j )

∥f(r(p,k)i )∥∥f(r(p,k)j )∥
, (1)

where a higher s
(p,k)
ij indicates greater semantic

overlap between two reviews. For example, they
tend to identify similar strengths, weaknesses, or
technical concerns.

We then compare similarity within human re-
view panels and within AI-generated review panels.
Human Sim. is the average similarity between pairs
of human reviews written for the same paper. AI
Sim. averages it over the 15 pair types induced by
the six AI configurations. The standard deviation
after ± is computed across these 15 pair-type aver-
ages, indicating how much similarity varies across
AI-system pairs. We further report

∆ = AI Sim.−Human Sim., (2)

where a positive ∆ means that AI reviews are more
semantically similar to each other than human re-
views are.

To diagnose the source of AI-review conver-
gence, we compare two types of AI-review pairs.
Let SF denote the mean similarity of pairs that
share the same review workflow but use different
base models, and let SM denote the mean similarity
of pairs that share the same base model but use
different workflows. We define

∆F−M = SF − SM. (3)

A positive ∆ F–M means that shared review work-
flows contribute more to convergence than shared
base models.

Experimental Results. Table 2 shows that AI-
generated reviews are consistently more semanti-
cally overlapping than human reviews across all
review sections. The gap is small for Summary,
where both humans and AI systems are expected
to describe the same paper content. However, the
gap becomes much larger in the evaluative sections.
For Strengths and Weaknesses, AI reviews show
substantially higher similarity than human reviews,
with ∆ = 0.187 and ∆ = 0.203, respectively.
This suggests that AI systems not only summarize
papers in similar ways, but also tend to identify
similar strengths, weaknesses, and rebuttal-facing
concerns. The positive ∆ F–M values further point
to review workflows as a major source of AI-review
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Section Human AI ∆ ∆ F–M

Summary 0.815 0.835 ± 0.037 0.020 0.066
Strengths 0.648 0.835 ± 0.033 0.187 0.016

Weaknesses 0.631 0.835 ± 0.041 0.203 0.021
Questions 0.503 0.776 ± 0.050 0.274 0.065

Table 2: Semantic overlap among human reviews and
AI reviews. ∆ is AI similarity minus human similarity,
and ∆ F–M measures whether convergence is driven
more by shared frameworks than by shared base models.

convergence, rather than base models alone; full
pair-type statistics are reported in Appendix D.

This result does not imply that human disagree-
ment is always valuable. Some disagreement may
reflect noise, or reviewer-specific bias. The point
is narrower: peer review needs room for multi-
ple plausible technical readings before an area
chair adjudicates them. On this criterion, mul-
tiple AI reviews do not provide the same kind of
panel breadth as multiple human reviews. They
may help populate a review workspace with can-
didate concerns, but the high similarity across AI
reviews means that they should not be counted as
independent panel voices. In the human–AI review
paradigm, perspective breadth therefore remains a
human-led responsibility.

4.4 Grounded Synthesis

Research Question. The preceding experiments
examine AI reviews through external signals: re-
view usability, rating calibration, and cross-review
diversity. We now look inside the review text. A
review can be unfolded as a sequence of evaluative
units that summarize evidence from the submis-
sion and gradually form an implicit judgment. This
view motivates our focus on grounded synthesis,
which combines two separable requirements: local
evidence grounding, i.e., whether a review unit is
anchored in concrete evidence from the target sub-
mission rather than generic paper-like content, and
meta-level evaluative synthesis, i.e., whether the
review moves beyond restating local evidence to
assess what that evidence implies for the paper’s
claims, weaknesses, and overall merit. We there-
fore ask: how do human and AI review trajectories
differ in balancing paper-specific grounding with
evaluative synthesis beyond local evidence?

Evaluation Metrics. For each paper p and
review group g, we split the critique into an or-
dered set of units Rp,g = {r1, r2, . . . , rn}. Each
unit is a sentence, bullet, or short paragraph from
the critique-bearing sections. We embed each

unit with Qwen3-8B-Embedding to obtain a se-
mantic trajectory Xp,g = [x1, x2, . . . , xn], where
xi = f(ri) ∈ Rd. This trajectory is the external
semantic trace of how the review text organizes
evaluative information under the constraint of pa-
per evidence.

We then characterize grounded synthesis along
two axes. The first axis measures local evidence
grounding: whether a review unit is more semanti-
cally supported by the target paper than by similar
non-target papers. Let T (k)

p,i = TopKk(Pp; ri) be
the top-k target-paper chunks for unit ri. We com-
pute target-paper support as:

Ti =
1

k

∑︂

c∈T (k)
p,i

cos
(︁
f(ri), f(c)

)︁
. (4)

We compare this with balanced hard-negative
pools sampled from semantically similar non-target
papers. Let H(k)

p,b,i = TopKk(H
bal
p,b ; ri); using k =

3 and B = 20, the negative support is:

Ni =
1

B

B∑︂

b=1

1

k

∑︂

c∈H(k)
p,b,i

cos
(︁
f(ri), f(c)

)︁
. (5)

The unit-level support margin is Mi = Ti −
Ni. For the paper–group level used in the regime
map, we average unit-level margins: M(p, g) =

1
|Rp,g |

∑︁
ri∈Rp,g

Mi. A higher value indicates that
the critique is more specifically anchored in the
submitted paper rather than in generally similar
papers.

The second axis measures meta-level evalua-
tive synthesis beyond local evidence. For each
unit, we retrieve the nearest target-paper chunk
c+i = argmaxc∈Pp cos(f(ri), f(c)), and define
the evidence-conditioned residual as ui = f(ri)−
f(c+i ). Based on the residual trajectory Up,g =
{ui}ni=1, we compute residual V/unit:

V res
p,g =

1

2n
log det

(︁
I + α˜︁Up,g

˜︁U⊤
p,g

)︁
, (6)

where ˜︁Up,g is the centered residual matrix. This
residual axis captures the transformation between
evidence localization and final judgment.

Experimental Results. Figure 3 separates re-
view groups by how they balance paper-specific
grounding and evaluative synthesis. Review-
Grounder lies farthest along the evidence-support
axis, consistent with its grounding-oriented design,
but its lower residual movement suggests a more
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Figure 3: Grounded-synthesis regime map under the
full-critique condition. The x-axis measures paper-
specific semantic support, and the y-axis measures post-
local-evidence residual dispersion. The map is diagnos-
tic rather than a quality ranking.

constrained semantic trajectory. Human reviews
occupy the complementary regime: they retain the
highest residual variation while showing only mod-
erate paper-specific support. This should not be
read as weaker human critique; rather, human re-
viewers often compress the evidence-to-judgment
chain, stating evaluative conclusions without mak-
ing every supporting manuscript passage explicit.
DeepReviewer2 retains more residual movement
but is less locally grounded, while AgentReview
falls closer to the middle.

These results suggest that AI is better suited
to anchoring and inspecting candidate critiques
against paper evidence than to taking over meta-
level reviewer judgment. The responsibility bound-
ary is therefore more clear: AI can support
evidence-grounded critique, but humans should re-
main responsible for deciding which evidence mat-
ters and how it should affect the final recommenda-
tion. More results are reported in Appendix F.

5 Exploring the New Paradigm of
Human-AI Review

Building on Section 4, we operationalize this
boundary in a controlled Review Copilot study,
where AI supports paper-grounded fact collection,
relevant-context organization, and candidate cri-
tique structuring under human control rather than
generating a rating or decision.

As shown in Figure 4, Review Copilot imple-
ments an evidence-grounded assistance workflow.
Reviewers ask questions while reading the paper,

Draft Editing Paper Reading Evidence-Grounded QA

Evidence

Figure 4: Review Copilot workspace used in the con-
trolled review study. The interface integrates paper read-
ing, evidence-grounded QA, draft editing, evidence in-
spection, allowing reviewers to inspect AI suggestions
before incorporating them into the final report.

and the system returns paper-grounded answers
with supporting evidence. Reviewers then inspect
these answers, revise candidate critique points, and
decide which content enters the final review. The
system is prohibited from providing official scores,
so the final review, score, and recommendation
remain human-authored. Finally, we conduct an
user study to evaluate whether this workflow im-
proves the final review artifact while preserving
human-led scoring, active reviewer mediation, and
evidence-supported synthesis.

5.1 Experimental Setup

We invited 10 anonymized, experienced AI-
conference reviewers. We sampled 40 papers from
the 600-paper ICLR 2026 evaluation set, balanced
between accepted and rejected papers. Each re-
viewer completed four reviews in Review Copilot,
yielding 40 Human+AI reviews. All reviewers used
the same assisted workflow, with protocol details re-
ported in Appendix G, allowing us to compare their
final reviews with the human and AI-only baselines.
To keep this comparison model-controlled, Review
Copilot uses GPT-5.5 as its underlying model, and
the AI-only baselines in this section are averaged
over the three GPT-5.5 workflow conditions.

5.2 Professional Gains Under Human Control

We first test whether AI-generated material can
improve review writing without transferring review
responsibility to AI. In Review Copilot, reviewers
use AI answers and candidate critique points only
as intermediate material; the final review is written,
revised, and submitted by the human reviewer.

Table 3 shows a clear artifact-level gain. Hu-
man+AI reviews are more actionable than both
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Group Acc. ↑ F1 ↑ Act. ↑ Unsup. ↓ Prof. ↑
AI 0.742 0.739 0.634 0.097 0.995
Human 0.831 0.831 0.769 0.194 0.956
Human+AI 0.800 0.800 0.952 0.019 1.000

Table 3: Human-AI cooperation improves review arti-
fact quality in actionability and professionalism.

Source Score Source MAE ↓ Mean Shift ↓ Scale Ratio

AI AI 1.19 +0.85 0.44
Human Human 1.15 0.00 1.00
Human+AI Human 1.11 +0.14 0.74

Table 4: Human-led scoring avoids AI-only rating distor-
tions. Shift: mean rating offset from the human baseline;
Scale Ratio: ratio between each source’s rating standard
deviation and the human rating standard deviation.

human-only and AI-only reviews, with an action-
ability score of 0.9516. They also contain far
less unsupported content than human-only reviews
(0.0185 vs. 0.1942) and reach the highest profes-
sionalism score. Meanwhile, their decision agree-
ment remains close to the human baseline rather
than following an autonomous AI decision pattern.

5.3 Score Responsibility Remains Human-Led

Section 4.2 showed that AI-only ratings are poorly
calibrated: they shift upward and use a compressed
score range. Review Copilot therefore does not pro-
vide an official score or recommendation; reviewers
enter the score themselves. Table 4 shows that Hu-
man+AI scores do not follow the AI-only rating pat-
tern. Human+AI scores have a much smaller mean
shift (+0.14) and a less compressed scale (Scale Ra-
tio = 0.74) than AI-only scores. Their MAE is also
slightly lower than both AI-only and human-only
scores. These results support the intended respon-
sibility allocation. AI can assist the construction
of written feedback, but the score should remain a
human process signal. Review Copilot improves
the review artifact without carrying AI-generated
ratings into the decision pipeline.

5.4 Critique Formation Remains Human-Led

We next examine whether AI suggestions enter the
final review unchanged or are actively mediated
by reviewers. In Review Copilot, AI-generated
content is only candidate material: reviewers may
accept, revise, or reject each point before finaliza-
tion. We use interaction logs to measure this pro-
cess. Table 5 shows that reviewers do not passively
copy AI outputs. They revise most summaries and

Artifact Accepted Edited Rejected Med./Review

Summary 9 31 0 0.78
Strengths 64 84 9 2.33
Weaknesses 77 73 12 2.13
Questions 129 56 15 1.78

Table 5: Reviewer mediation of AI artifacts.
Med./Review reports the average number of artifacts
edited or rejected per final review.

frequently edit or reject critique-bearing points, es-
pecially strengths and weaknesses. This mediation
was not prompted as a requirement to add new
critique. Reviewers were instructed to treat Re-
view Copilot as optional assistance and could add,
delete, rewrite, or lock points reflecting their own
judgment (Appendix G). Thus, the observed edits
and rejections indicate reviewer-authored critique
formation rather than passive filtering of AI output.

We also examine whether this mediation pre-
serves panel breadth. Using the same embed-
ding pipeline, we measure within-paper similar-
ity among 46 Human+AI final reviews sampled
from papers with multiple assisted final reviews
in the separate large-scale Review Copilot usage
study. Summary sections remain relatively simi-
lar, whereas the evaluative sections are less similar
than their AI-only counterparts. This pattern is
consistent with reviewers selecting and rewriting
candidate concerns rather than treating AI outputs
as additional panel voices (Appendix D, Table 13).

5.5 Grounded Synthesis in Human-AI Review

Sections 5.2–5.4 show that Review Copilot im-
proves the final review artifact while keeping re-
sponsibility with the reviewer. We now ask how
this improvement is produced. The improvement
cannot be simply attributed to AI injecting more
information. As cautioned in Section 4.4, uncon-
strained residual semantic movement can reflect
useful synthesis (e.g., integrating evidence) just as
easily as unsupported drift or hallucination. In the
Human+AI setting, the key question is whether hu-
man mediation concentrates this evaluative move-
ment into directions robustly supported by the tar-
get paper.

To test this, we use two diagnostics built from
the grounding and residual axes in Section 4.4.
Support-Scaled Residual Volume (SSRV) measures
how much evaluative movement remains after lo-
cal evidence is accounted for, while weighting
that movement by positive paper-specific support;
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Group SSRV ↑ GW Deff ↓
Human 0.182 7.737
AI 0.201 8.149
Human+AI 0.243 5.802

Table 6: Support-scaled grounded synthesis. High
SSRV indicates rich evidence-anchored evaluative vol-
ume, while a lower effective dimension (GWDeff ) re-
flects more compact semantic concentration.

it is high when a review develops judgments be-
yond restating evidence and those judgments re-
main anchored in the target paper. We report it
together with grounded weighted effective dimen-
sion (GWDeff ), which measures how many sup-
ported semantic directions this evidence-weighted
residual content occupies. A lower GWDeff is
not a standalone quality signal, but when paired
with high SSRV, it indicates compact evidence-
supported synthesis: the review concentrates sub-
stantial supported evaluative content into fewer,
stronger critique directions. Full weighting, cen-
tering, and component diagnostics are given in Ap-
pendix F.3.

As shown in Table 6, Human+AI reviews consis-
tently achieve the highest support-scaled residual
volume (SSRV = 0.243), outperforming both hu-
man reviews (0.182) and the AI mean (0.201). A
more profound pattern emerges from the combina-
tion of this high volume with a lower supported ef-
fective dimension. Human+AI has lower grounded
residual effective dimension (GWDeff = 5.802)
than both human review (7.737) and the AI mean
(8.149), while having higher SSRV. We interpret
this phenomenon as semantic distillation. The
Human+AI review occupies fewer directions, but
those directions carry more evidence-scaled evalu-
ative content.

This pattern connects the semantic analysis to
the artifact-level gains in Section 5.2. Review
Copilot does not merely add more critique; it
helps reviewers consolidate candidate evidence
and critique points into a more compact, evidence-
supported final review. Crucially, lower SSRV in
human-only reviews does not imply inferiority. Hu-
man reviewers often rely on domain knowledge,
implicit comparisons to prior work or common
baselines, and expectations about evidence suffi-
ciency that are not always stated as locally recov-
erable passages in the submitted paper. The result
instead shows a shift in the review trajectory: Hu-
man+AI review moves part of the critique toward
evidence-recoverable synthesis, while scoring and

final responsibility remain human-led.

Complementary Usage Evidence. Beyond the
controlled comparison, a separate observational
usage study aggregates feedback from 275 review-
ers across 411 papers. Of 2,011 valid interaction-
level responses, 1,878 (93.4%) were marked help-
ful; among the 15 respondents who answered the
future-use question, 14 (93.3%) indicated that they
would use the system again. We report this as com-
plementary evidence of practical use, while the
controlled comparison above remains the basis for
artifact-level quality claims (Appendix H).

6 Conclusion

We studied AI-assisted peer review as a
responsibility-boundary problem. Across human
and AI reviews, we found that current review
agents produced professional, actionable, and
information-rich artifacts, but their scores remained
system-dependent, their reports added limited in-
dependent panel breadth, and their grounded cri-
tiques still required human adjudication. These
findings support a bounded role for AI in peer
review: AI should assist reviewers by collecting
paper-grounded evidence, organizing candidate
concerns, and improving feedback under human
control, rather than acting as an autonomous re-
viewer. Scoring, synthesis, panel judgment, and
final responsibility should remain human-led.
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Limitations

The main corpus comes from ICLR 2026, whose
submission pool, rating conventions, review form,
and decision process may differ from those of
other venues. The LLM-as-judge audits depend
on judge-model behavior and evidence retrieval
quality, while embedding-based diversity and syn-
thesis metrics cannot fully separate useful disagree-
ment from noise or plausible critique from correct
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critique. We also evaluate only two foundation
models, three agentic workflows, and a reviewer-
in-the-loop study with 10 reviewers and 40 assisted
reviews; broader deployment claims therefore re-
quire replication across venues, fields, reviewer
populations, model families, interfaces, and policy
settings.
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A License For Artifacts

The artifacts associated with this work include eval-
uation code, analysis scripts, evaluation prompts,
derived statistics, generated AI-review outputs, and
Review Copilot study materials. The evaluation
prompts used for the LLM-as-judge audits are in-
cluded in Appendix C; code and scripts will be
released under the license specified in the pub-
lic repository. OpenReview-derived materials, in-
cluding manuscript PDFs, official reviews, ratings,
and decisions, remain subject to OpenReview and
venue terms. We therefore do not redistribute raw
submissions, raw reviewer text, reviewer identities,
or other sensitive metadata. Where policy permits,
we release only paper identifiers, derived aggre-
gate statistics, and scripts needed to reproduce the
analyses from authorized data access.

Generated AI reviews and Review Copilot
logs may contain manuscript-specific or reviewer-
interaction information, so any release of these
artifacts will be limited to de-identified, policy-
compliant examples or aggregate statistics. Users
of the artifacts are responsible for respecting venue
policies on manuscript confidentiality, reviewer
anonymity, third-party model use, and disclosure
of AI assistance.

B Statistics on Review Loads

The average review load is uniformly calculated as

AvgReviewLoad =
Submissions× 3

Reviewers
.

For ICLR 2026, the official average review load is
used. For years in which the number of reviewers
is not publicly available, the value is kept as “-
”. Table 7 reports the resulting conference-level
statistics.

C LLM-as-Judge Prompts for Review
Usability

This appendix reports the exact prompts used for
the three LLM-as-judge diagnostics in Table 1. The
prompts correspond to different review responsibil-
ities and different input granularities. Actionable
is evaluated on pre-segmented units from the Ques-
tions section. Unsupported is evaluated on fixed
feedback units against retrieved paper evidence.
Professionalism is evaluated once per full review
using the Summary, Strengths, Weaknesses, and
Questions sections.

C.1 Actionable Prompt

Figure 5 reports the exact prompt used for the Ac-
tionable metric.

C.2 Professionalism Prompt

Figure 6 reports the exact prompt used for the Pro-
fessionalism metric.

C.3 Unsupported Prompt

Figure 7 reports the exact prompt used for the Un-
supported metric.

C.4 Human Validation of LLM-as-Judge
Metrics

The Actionable, Unsupported, and Professionalism
metrics used in Section 4 are evaluated by GPT-5.5.
To examine the reliability of these judgments, we
construct a blinded human-validation set contain-
ing 70 reviews: 10 reviews from each of the six
AI model–workflow configurations and 10 human
reviews.

Table 8 summarizes agreement between the GPT-
5.5 judgments and the human annotations. Exact
agreement and Cohen’s κ measure judgment-level
consistency, while Spearman correlation measures
whether the relative ordering of the seven review
sources is preserved.

D Review Similarity and Diversity Details

This appendix reports the detailed similarity statis-
tics behind Table 2. We use the section-level co-
sine similarity s

(p,k)
ij defined in Section 4.3 and

aggregate it as follows. Human Sim. averages
s
(p,k)
ij over within-paper human-human reviewer

pairs and then across papers. AI Sim. averages the
15 AI configuration-pair types formed by the six
AI configurations.

Finally, we define ∆ as AI Sim. − Human
Sim., and ∆ F–M as the mean similarity of same-
framework, cross-model pairs minus the mean sim-
ilarity of same-model, cross-framework pairs.

Tables 9 and 10 use the same reporting schema.
The unit column indicates whether the distribu-
tion is computed over human reviewer pairs or
over AI configuration-pair means; n reports the
number of such units. Configuration abbreviations
use the model prefix G for GPT-5.5 and D for
DeepSeek-V4-Pro, followed by ARev for Agen-
tReview, DRev for DeepReviewer2, and RGrd for
ReviewGrounder. For example, D-RGrd denotes
DeepSeek-V4-Pro with ReviewGrounder.
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Actionable Prompt

You are an expert peer-review evaluation judge.

Evaluate actionable feedback only. In this metric, "actionable" means the feedback gives authors a clear rebuttal target
by containing both:

(1) an explicit reviewer concern/rationale/question/evidence gap, and
(2) a concrete response path the authors can take during rebuttal.

The concern may be phrased as a question, a declarative critique, or a recommendation with an explicit rationale. It does
not need to be a question sentence.

- The input contains a fixed list of pre-segmented feedback_units from the Questions section only.
- Do not split, merge, drop, reorder, or rewrite the input units.
- Return exactly one output item for each input unit, preserving feedback_unit_index, source_section, and split_method.
- Do not echo unit_text in the output.
- Mark is_actionable=true only if the unit itself contains BOTH:

A. Concern/rationale: what the reviewer is uncertain about, skeptical of, unable to verify, finds unclear, believes is
unsupported, sees as a confound, sees as an unfair comparison, or asks the authors to

explain.
B. Concrete response path: what authors can do in rebuttal, such as clarify, justify, point to existing evidence,

report already available results, explain a limitation, explain why a requested
comparison/experiment is not applicable, or address the concern with a concrete experiment, ablation, comparison, metric,

analysis, or correction.
- A concern can be expressed declaratively, for example: "The current experiment leaves open whether X is caused by Y" or

"The theorem assumes X, which may not match the experimental setting."
- Imperative wording alone does not make a unit false. If the unit states the concern/rationale motivating the requested

action, mark true.
- Mark is_actionable=false if the unit only gives a requested edit, experiment, baseline, metric, or analysis without

stating why it matters for a claim, evidence chain, comparison, assumption,
interpretation, or reviewer uncertainty.
- Mark is_actionable=false if the unit only states a concern but gives no concrete way for authors to respond.
- Do not infer an unstated concern from a useful, detailed, or specific revision suggestion.
- Do not judge factual correctness, paper grounding, or whether the suggestion is already addressed by the paper.
- Pure summary, pure praise, ratings, final decisions, broad topical headings, "No questions", "See weaknesses", and

vague complaints should be marked is_actionable=false if they appear in the fixed input
list.

Examples:
- "Add stronger baselines." -> false, because it gives an action but no concern/rationale.
- "Add stronger baselines including S4, Mamba, and RetNet." -> false, because details alone do not state why the

comparison matters.
- "Report sensitivity to hyperparameters." -> false, because it gives an action but no explicit concern.
- "The evidence is weak." -> false, because it states a concern but no concrete response path.
- "The theory is unclear." -> false, because it states a concern but no concrete response path.
- "Without stronger sequence-model baselines such as Mamba or S4, it is hard to tell whether the gains come from long-

context capacity rather than the proposed mechanism; please add such comparisons or
justify why they are not applicable." -> true.
- "The current ablations do not isolate whether the retrieval module or reranking module drives the improvement; an

ablation removing each component would clarify this." -> true.
- "The theorem assumes uniform context distributions, but the experiments use non-uniform latent POMDPs; please clarify

whether the bound is expected to transfer or state the limitation." -> true.
- "Prediction improvements alone do not establish practical benefit for planning or control; include downstream planning

evaluations or explain why open-loop prediction is sufficient." -> true.
- "Compare to Mamba because the architecture-superiority claim is unclear without sequence-model baselines." -> true.
- "Could the authors explain why S4/Mamba baselines are omitted?" -> true.
- "Discuss limitations more thoroughly." -> false.

Return JSON only, with this exact shape:
{

"feedback_units": [
{

"feedback_unit_index": 1,
"source_section": "questions",
"split_method": "marker | paragraph | single_prose_block",
"is_actionable": true,
"reason": "..."

}
]

}

Figure 5: Exact LLM-as-judge prompt for the Actionable metric.
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Conference Year Submissions Reviewers AC / SAC Avg. Load Source

ACL

2022 3,378 2,323 363 / 82 4.36 Muresan et al. (2022)
2023 4,864 4,490 438 / 70 3.25 Rogers et al. (2023)
2024 4,835 4,209 718 / 72 3.45 Ku et al. (2024)
2025 8,360 11,720 1,937 / 169 2.14 Che et al. (2025)

EMNLP

2022 4,190 3,828 297 / 70 3.28 Goldberg et al. (2022)
2023 4,909 4,094 458 / 85 3.60 Bouamor et al. (2023)
2024 6,395 10,309 1,458 / 99 1.86 Al-Onaizan et al. (2024)
2025 8,174 13,048 1,989 / 168 1.88 Christodoulopoulos et al. (2025)

ICLR

2022 3,391 5,507 394 / 20 1.85 ICLR (2022)
2023 4,938 5,734 413 / 40 2.58 ICLR (2023)
2024 7,262 8,950 624 / 60 2.43 ICLR (2024)
2025 11,603 18,325 823 / 71 2.60 ICLR (2025)
2026 19,525 21,674 1,634 / 79 4.22 ICLR (2026)

NeurIPS

2022 10,411 10,406 742 / 82 3.00 NeurIPS (2022)
2023 12,343 12,974 968 / 98 2.86 NeurIPS (2023)
2024 15,671 13,640 1,393 / 195 3.45 NeurIPS (2024)
2025 21,575 21,921 1,985 / 240 2.95 NeurIPS (2025)

ICML

2022 5,630 7,403 281 / 53 2.27 OpenAccept (2026)
2023 6,358 6,053 504 / 47 3.15 OpenAccept (2026)
2024 9,473 7,474 492 / 97 3.76 Fact sheet (ICML, 2024)
2025 12,107 10,943 1,161 / 155 3.32 Fact sheet (ICML, 2025)
2026 23,918 – – – OpenAccept (2026)

Table 7: Submission and reviewing statistics of major conferences.

Metric
Exact

Agreement ↑
Cohen’s
κ ↑

Spearman
ρ ↑

Actionable 0.888 0.679 0.889
Unsupported 0.879 0.611 0.829
Professionalism 0.993 0.854 0.986

Table 8: Agreement between GPT-5.5 judgments and
independent human annotations. The Spearman correla-
tion measures whether the relative ordering of the seven
review sources is preserved.

D.1 Human+AI Final-Review Similarity

The AI-only analysis in Section 4.3 examines
whether multiple generated reviews provide inde-
pendent panel perspectives. We additionally ex-
amine whether reviewer mediation preserves this
breadth in the final Human+AI reviews.

Using the same section-level embedding
pipeline, we compute within-paper similarity
among 46 Human+AI final reviews sampled from
papers with multiple assisted final reviews in the
separate large-scale Review Copilot usage study.
Table 13 reports the mean pairwise cosine simi-
larity for Summary, Strengths, Weaknesses, and
Questions. The AI-only values in Table 2 provide

Section Unit n Mean Std. Range

Summary Human pairs 3442 0.815 0.085 0.421–0.974
Strengths Human pairs 3442 0.648 0.109 0.274–0.926
Weaknesses Human pairs 3442 0.631 0.102 0.223–0.863
Questions Human pairs 3442 0.503 0.149 0.121–1.000

Table 9: Human-human similarity distribution by sec-
tion. The distribution unit is an within-paper pair of
human reviews.

Section Unit n Mean Std. Range

Summary Config. pairs 15 0.835 0.037 0.780–0.905
Strengths Config. pairs 15 0.835 0.033 0.766–0.889
Weaknesses Config. pairs 15 0.835 0.041 0.749–0.912
Questions Config. pairs 15 0.776 0.050 0.673–0.862

Table 10: AI-AI similarity distribution by section. The
distribution unit is one of the 15 AI configuration-pair
means.
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Configuration Summary Strengths Weak. Quest.

G-ARev 0.856 0.852 0.841 0.742
G-DRev 0.812 0.804 0.790 0.688
G-RGrd 0.895 0.837 0.826 0.744
D-ARev 0.817 0.864 0.850 0.764
D-DRev 0.832 0.800 0.795 0.676
D-RGrd 0.918 0.818 0.796 0.707

Table 11: AI-human centroid similarity by configuration
and section. Each value compares an AI section with
the centroid of the human reviews for the same paper.

Section Same F. Same M. Cross ∆

Summary 0.891 0.825 0.817 +0.066
Strengths 0.856 0.839 0.820 +0.016
Weaknesses 0.857 0.835 0.822 +0.021
Questions 0.832 0.767 0.758 +0.065

Table 12: Framework-versus-model decomposition.
Same F. denotes same framework across models; Same
M. denotes same model across frameworks; Cross de-
notes different frameworks and different models. ∆ is
Same F. − Same M.

the corresponding comparison reference.
The pattern in Table 13 differs from the AI-only

comparison in Table 2. Summary sections remain
relatively similar, as reviewers are expected to de-
scribe the same paper. The evaluative sections show
lower similarity than the corresponding AI-only re-
sults, indicating that reviewer editing and selection
preserve more differentiated readings of the paper.

This result complements the interaction-log anal-
ysis in Section 5.4: AI suggestions can enter the
workflow as candidate material, but the final review
is shaped by reviewer-specific selection and rewrit-
ing rather than by simply adding another AI panel
voice.

E Additional Validation Results

E.1 NeurIPS 2022 Review Quality

The primary evaluation uses ICLR 2026 reviews.
To examine whether the review-quality patterns
depend on this venue and review era, we repeat
the analysis on 100 NeurIPS 2022 papers with 358
official reviews. The NeurIPS reviews were written
before the public release of ChatGPT, providing
an earlier human-review reference from a different
review culture.

We use GLM-5.2 with the same three review
workflows, output schema, parsing procedure, and
evaluation metrics as in the primary setting. Ta-
ble 14 reports decision alignment, actionability,

Section Human+AI Similarity

Summary 0.895
Strengths 0.828
Weaknesses 0.768
Questions 0.721

Table 13: Within-paper semantic similarity among 46
Human+AI final reviews sampled from the separate
large-scale Review Copilot usage study. Similarity is
computed with the same embedding pipeline used for
the human-only and AI-only comparisons. This subset
is distinct from the controlled 10-reviewer, 40-paper
comparison.

evidence support, and professionalism for the three
AI workflows and the human baseline.

Table 14 reproduces the workflow specializa-
tion observed in the primary evaluation. Deep-
Reviewer remains stronger on decision alignment,
while ReviewGrounder and AgentReview produce
more actionable AI feedback. ReviewGrounder
also provides the strongest evidence support under
the Unsupported diagnostic, and all three work-
flows maintain high professionalism.

The result provides a cross-venue and pre-
ChatGPT validation of the capability differences
discussed in Section 4.

E.2 NeurIPS 2022 Rating Calibration
We use the mean official human rating for each
paper as the paper-level reference, following the
calibration procedure in Section 4.2. The same
definitions of MAE, mean shift, and scale ratio are
applied without changing the rating scale or parsing
procedure.

As shown in Table 15, the earlier NeurIPS 2022
setting exhibits the same directional mismatch as
the ICLR 2026 analysis. AI-only ratings show
larger error, a positive shift, and a compressed scale
relative to the human reference. The calibration gap
therefore persists when the human reviews predate
the public release of ChatGPT and when the under-
lying foundation model is changed to GLM-5.2.

E.3 Topic-Level Rating Calibration
We further examine whether rating calibration
varies across research topics. We retain only topics
with at least 30 papers and average the six original
model–workflow configurations within each topic.
Table 16 reports the resulting MAE, mean shift,
and Spearman correlation.

Table 16 shows that the magnitude of calibration
error varies across topics. Generative models are
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Model Workflow Acc. ↑ F1 ↑ Actionable ↑ Unsupported ↓ Professionalism ↑
GLM-5.2 DeepReviewer 0.880 0.920 0.356 0.113 0.910
GLM-5.2 ReviewGrounder 0.840 0.904 0.694 0.077 1.000
GLM-5.2 AgentReview 0.490 0.514 0.818 0.135 0.963
Human Official reviews 0.779 0.848 0.737 0.339 0.947

Table 14: Review quality on 100 NeurIPS 2022 papers using GLM-5.2 under three review workflows. The official
reviews were written before the public release of ChatGPT.

Source MAE ↓
Mean Shift

→ 0
Scale Ratio

→ 1

AI-only (GLM-5.2) 0.802 0.226 0.634
Human 0.741 0.000 1.000

Table 15: Rating calibration on the 100-paper NeurIPS
2022 validation set. The official reviews predate the
public release of ChatGPT.

closest to the human rating reference among the
included areas, whereas representation learning ex-
hibits the largest error. Nevertheless, all included
topics retain a positive mean shift, and the rank cor-
relations remain moderate rather than approaching
a fully human-like rating scale.

This analysis refines the calibration result by
showing variation in severity across topics with-
out changing the broader pattern identified in Sec-
tion 4.2.

F Details for Grounded Synthesis Metrics

This appendix provides the full metric definitions,
implementation details, complete ranking tables,
and additional diagnostic maps for grounded syn-
thesis: how human and AI reviews balance local
evidence grounding with meta-level evaluative syn-
thesis beyond local evidence.

F.1 Balanced Top-k Evidence Support Margin
The Balanced Top-k Evidence Support Margin op-
erationalizes the local-evidence grounding axis. It
measures whether a review unit is more specifically
supported by the target paper than by semantically
similar evidence from non-target papers. For each
paper p, let Pp denote the set of chunks from the
target paper. For a review unit ri, we define the
target top-k support as:

TargetTopKi

=
1

k

∑︂

c∈TopKk(Pp;ri)

cos
(︁
f(ri), f(c)

)︁
, (7)

where TopKk(Pp; ri) returns the k chunks in the
target paper with the highest cosine similarity to ri.

We then construct B balanced hard-negative
pools, denoted as Hbal

p,b , from semantically simi-
lar non-target papers. For each pool, we compute
the average similarity between the review unit and
its top-k negative chunks:

NegTopKi

=
1

B

B∑︂

b=1

1

k

∑︂

c∈TopKk(H
bal
p,b ;ri)

cos
(︁
f(ri), f(c)

)︁
.

(8)
The final support margin is:

SupportMargini = TargetTopKi −NegTopKi.
(9)

At the group level, we report the mean support
margin across review units:

SupportMargin(p, g)

=
1

|Rp,g|
∑︂

ri∈Rp,g

SupportMargini.
(10)

In our main setting, we use k = 3 and B = 20.
Hard-negative papers are sampled from the 10 non-
target papers closest to the target paper under paper-
level embedding similarity.

Interpretation. A higher Balanced Top-k Evi-
dence Support Margin indicates stronger paper-
specific semantic support: the critique remains
more anchored in the submitted paper than in gen-
erally similar papers.

F.2 Residual Semantic Dispersion beyond
Local Evidence

To measure meta-level evaluative synthesis beyond
local evidence, we compute residual semantic dis-
persion after subtracting the nearest same-paper
chunk. This residual axis captures the transforma-
tion layer between evidence localization and final
judgment.

For each review unit ri, we first retrieve the near-
est chunk from the target paper:

c+i = argmax
c∈Pp

cos
(︁
f(ri), f(c)

)︁
. (11)
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Topic MAE Mean ↓ Mean Shift Spearman Mean ↑
Generative models 1.064 0.721 0.503
Alignment, fairness, safety, privacy, and societal considerations 1.184 0.859 0.314
Learning theory 1.228 0.827 0.402
Applications to vision, audio, language, and other modalities 1.244 0.819 0.439
Datasets and benchmarks 1.246 0.893 0.499
Optimization 1.253 0.965 0.388
Foundation or frontier models, including LLMs 1.280 0.905 0.438
Representation learning 1.339 1.034 0.421

Table 16: Topic-level rating calibration averaged over six model–workflow configurations. Only topics with at least
30 papers are included.

Let

xi = f(ri), yi = f(c+i ). (12)

The residual vector is then defined as:

ui = xi − yi. (13)

The residual trajectory for paper p and review
group g is:

Up,g = {u1, u2, . . . , un}. (14)

We compute four residual statistics.
First, the mean residual norm:

ResNorm(U) =
1

n

n∑︂

i=1

∥ui∥2. (15)

Second, residual effective rank. Let λj be the
eigenvalues of the covariance matrix of the centered
residual trajectory, and define:

qj =
λj∑︁
ℓ λℓ

. (16)

Then:

Deff(U) = exp

⎛
⎝−

∑︂

j

qj log qj

⎞
⎠ . (17)

Third, residual information volume per unit:

Vunit(U) =
1

n
· 1
2
log det

(︂
I + αZZ⊤

)︂
, (18)

where Z is the centered residual trajectory matrix.
Fourth, normalized residual information volume.

Let
ˆ︁ui =

ui
max(∥ui∥2, ϵ)

, (19)

and let ˆ︁Z be the centered matrix formed by the
normalized residual vectors {ˆ︁ui}. We define:

˜︁Vunit(U) =
1

n
· 1
2
log det

(︂
I + α ˆ︁Z ˆ︁Z⊤

)︂
. (20)

Interpretation. Residual semantic dispersion
measures post-local-evidence semantic variation:
how much the review moves from local textual an-
choring toward evaluative judgment. Higher resid-
ual dispersion can reflect cross-fragment integra-
tion, field-level standards, or severity calibration.

F.3 Support-Scaled Residual Volume for
Human-AI Review

Section 5.5 uses Support-Scaled Residual Vol-
ume (SSRV) to analyze whether Human+AI re-
views concentrate evaluative content into evidence-
supported directions. This metric combines the two
axes defined above: the support margin Mi, which
measures whether a critique unit is anchored in the
target paper, and the evidence-conditioned residual
ui, which captures evaluative movement beyond
nearest local evidence.

For each review unit ri, we first keep only posi-
tive paper-specific support:

m+
i = max(Mi, 0). (21)

Let the mean positive support for paper p and re-
view group g be

M+
p,g =

1

n

n∑︂

i=1

m+
i . (22)

We then define normalized support weights

ωi =
m+

i

max(M+
p,g, ϵ)

, (23)

where ϵ is a small constant used only to avoid di-
vision by zero. These weights emphasize residual
directions attached to paper-specific evidence while
down-weighting unsupported residual movement.

Given residual vectors ui, we compute the
weighted residual mean

µw =

∑︁
i ωiui∑︁
i ωi

, (24)
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when
∑︁

i ωi > 0; otherwise, the weighted residual
matrix is set to zero. We form support-weighted
centered residual rows:

˜︁u(w)
i =

√
ωi(ui − µw), (25)

and let ˜︁U (w)
p,g denote the matrix containing these

rows.
We define grounded weighted residual volume

as

GWV unit
p,g =

1

2n
log det

(︂
I + α˜︁U (w)

p,g
˜︁U (w)⊤
p,g

)︂
,

(26)
where α is the same scaling constant used for resid-
ual information volume. GWV unit captures the
volume of residual evaluative movement after em-
phasizing units with positive paper-specific sup-
port.

Finally, we scale this weighted residual volume
by the mean positive support:

SSRVp,g = GWV unit
p,g ·M+

p,g. (27)

Thus, SSRV is high only when a review contains
residual evaluative structure and that structure is
broadly supported by target-paper evidence. Un-
supported semantic expansion alone does not in-
crease SSRV.

We also report grounded weighted effective di-
mension, GWDeff , to describe how dispersed the
supported residual content is. Let λj be the eigen-
values of the covariance matrix of ˜︁U (w)

p,g , and define

qj =
λj∑︁
ℓ λℓ

. (28)

Then

GWDeff = exp

⎛
⎝−

∑︂

j

qj log qj

⎞
⎠ . (29)

A larger GWDeff means that supported resid-
ual content is spread across more semantic direc-
tions, while a smaller value means that it is con-
centrated into fewer directions. We do not interpret
low GWDeff as a standalone quality signal. In-
stead, we interpret it jointly with SSRV: high SSRV
with lower GWDeff indicates compact evidence-
supported synthesis, where substantial supported
evaluative content is concentrated into fewer cri-
tique directions.

F.4 Sampling and Matching

To reduce the influence of review length on em-
bedding geometry, we apply per-paper capped sam-
pling. All AI–human comparisons are computed at
the per-paper level:

∆Mp = M(Xp,AI)−M(Xp,Human), (30)

and then aggregated across papers with bootstrap
confidence intervals.

F.5 Complete Results

Table 17 reports the full Balanced Top-k Evidence
Support Margin ranking under both W+Q and
weaknesses-only settings.

The results show that ReviewGrounder consis-
tently achieves the highest evidence support. Hu-
man review is not evidence-free: under the bal-
anced metric, it occupies a moderate support region
rather than collapsing to zero or negative support.

Residual Semantic Dispersion. Table 18 re-
ports the full residual semantic dispersion rank-
ing under both W+Q and weaknesses-only set-
tings. Human review achieves the highest com-
posite residual dispersion score in both settings.
This supports the interpretation that human reviews
preserve more post-local-evidence semantic move-
ment, consistent with meta-level evaluative synthe-
sis beyond nearest-chunk textual anchoring.

Additional Diagnostic Maps. The main
text uses the Balanced Top-k Evidence Support–
Residual Semantic Dispersion map as the primary
Figure 3. We include additional maps here to show
that the separation between local evidence ground-
ing and meta-level evaluative synthesis is not an
artifact of one specific projection.

Summary. The appendix results support the
main conclusion of research question 4: human
and AI reviews differ systematically in how they
balance evidence grounding and residual evalu-
ative content. ReviewGrounder is strongest in
paper-specific evidence support but more seman-
tically constrained. Human review is moderately
grounded but retains higher residual semantic dis-
persion beyond local evidence. DeepReviewer is
more report-like and section-sensitive, showing
higher residual variation in W+Q but improved
grounding in weaknesses-only.

This supports a role-based view of AI-assisted
reviewing: AI systems are well positioned to
strengthen evidence grounding, while human re-
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Setting System Evidence Support Margin Target Top-k Negative Top-k

W+Q GPT-5.5 ReviewGrounder 0.1125 0.6742 0.5616
W+Q DeepSeek ReviewGrounder 0.1089 0.6744 0.5655
W+Q DeepSeek AgentReview 0.0873 0.6461 0.5588
W+Q GPT-5.5 AgentReview 0.0798 0.6322 0.5524
W+Q Human 0.0759 0.6146 0.5387
W+Q GPT-5.5 DeepReviewer 0.0700 0.6100 0.5399
W+Q DeepSeek DeepReviewer 0.0670 0.5971 0.5301

Weaknesses-only GPT-5.5 ReviewGrounder 0.1181 0.6885 0.5705
Weaknesses-only DeepSeek ReviewGrounder 0.1051 0.6760 0.5709
Weaknesses-only GPT-5.5 DeepReviewer 0.1005 0.6587 0.5582
Weaknesses-only DeepSeek AgentReview 0.0843 0.6346 0.5503
Weaknesses-only DeepSeek DeepReviewer 0.0813 0.6178 0.5366
Weaknesses-only GPT-5.5 AgentReview 0.0810 0.6254 0.5444
Weaknesses-only Human 0.0759 0.6146 0.5386

Table 17: Complete Balanced Top-k Evidence Support Margin results. Higher values indicate stronger paper-specific
evidence support relative to balanced hard-negative evidence pools.

Setting System Score Mean Residual Norm Residual Deff Residual Vunit

W+Q Human 70.8333 0.8445 9.3679 2.4048
W+Q GPT-5.5 DeepReviewer 58.3333 0.8515 9.6469 2.3862
W+Q DeepSeek DeepReviewer 50.0000 0.8641 9.3284 2.3934
W+Q DeepSeek AgentReview 45.8333 0.8052 9.7617 2.3409
W+Q GPT-5.5 AgentReview 45.8333 0.8240 9.7392 2.3557
W+Q GPT-5.5 ReviewGrounder 41.6667 0.7695 9.8233 2.3187
W+Q DeepSeek ReviewGrounder 37.5000 0.7698 8.6949 2.3429

Weaknesses-only Human 75.0000 0.8445 9.3679 2.4048
Weaknesses-only GPT-5.5 DeepReviewer 58.3333 0.7950 5.7620 2.4144
Weaknesses-only DeepSeek DeepReviewer 50.0000 0.8394 7.6201 2.3921
Weaknesses-only GPT-5.5 ReviewGrounder 45.8333 0.7507 7.8299 2.3675
Weaknesses-only DeepSeek AgentReview 41.6667 0.8179 9.7378 2.3426
Weaknesses-only GPT-5.5 AgentReview 41.6667 0.8311 9.6900 2.3512
Weaknesses-only DeepSeek ReviewGrounder 37.5000 0.7673 4.2545 2.3959

Table 18: Complete residual semantic dispersion results. The score is a composite residual-dispersion ranking;
higher values indicate more semantic variation after subtracting the nearest same-paper evidence chunk.

viewers remain central to evaluative synthesis and
final judgment.

G Human-AI Review Study Materials

This appendix reports the materials used for the
human-led review study in Section 5.1. The main
text frames the study as a responsibility-allocation
test; this section provides the protocol details
needed to audit the assisted condition.

G.1 Review Copilot Workflow

Review Copilot was used as the study environment.
The workspace combines PDF reading, evidence-
grounded question answering, draft generation,
structured point editing, and final review gener-
ation. Reviewers can inspect the submitted paper,
search within the PDF, ask questions grounded in
paper content, follow evidence links back to the
source text, and edit summary, strength, weakness,

and question points before finalizing the review.
The workflow prevents the initial AI draft from

becoming a final review by default. An initial
draft can give reviewers a starting structure, but
reviewers must inspect the paper through question-
answering interactions, revise the draft, and decide
which critique points to retain before producing the
final review. Point-level editing and locking allow
reviewers to preserve their own judgments during
final generation.

Consistent with the rating-calibration analysis
in Section 4, Review Copilot does not generate
an official score or recommendation; consistent
with the diversity analysis, AI-generated critiques
are not counted as additional panel voices.

G.2 Reviewer Instructions

Figure 12 reproduces the short guide given to re-
viewers before they used Review Copilot. The
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guide defines the system as optional assistance,
states that AI output is not a completed review, and
specifies the sequence reviewers should follow be-
fore final export. It makes the assisted condition
human-led in practice by requiring reviewers to
inspect the paper, revise the structured draft, and
decide which points enter the final report.

G.3 Interaction Logs

The study records how reviewers handle AI-
generated artifacts before they enter the final re-
port. For each displayed artifact, the log stores
anonymized reviewer and paper identifiers, artifact
type, suggestion identifier, reviewer action, edit sta-
tus, and rejection reason when available. The result-
ing fields are reviewer_id, paper_id, artifact_type,
suggestion_id, action, edited, and rejection_reason.
These logs support the artifact mediation analysis
in Section 5.4.

G.4 Recruitment And Payment

Participants were invited because they had prior
reviewing experience at top AI conferences. Partic-
ipation was voluntary. No monetary compensation
was provided. As a non-monetary benefit, partici-
pants will receive access to improved versions of
Review Copilot developed from the study feedback,
but this access was not tied to any required positive
evaluation of the system.

H Large-Scale Review Copilot Usage
Study

The controlled study in Section 5.1 is distinct from
a separate larger-scale observational usage study.
The controlled study evaluates artifact quality and
reviewer mediation under a fixed protocol, whereas
the larger-scale study provides complementary evi-
dence about practical use.

The larger-scale data include feedback from 275
reviewers across 411 papers. Table 19 reports the
aggregate response counts and the denominators
for the two feedback questions.

As shown in Table 19, the usage feedback is
strongly positive, with most logged interaction re-
sponses marked as helpful. The future-use question
has a smaller denominator because it was answered
by a subset of participants. These responses are
reported as observational usage evidence and are
not used as a replacement for the controlled artifact-
quality comparison.

Measure Count Rate

Reviewers 275 –
Papers 411 –
Helpful interaction responses 1,878 / 2,011 93.4%
Future-use intention 14 / 15 93.3%

Table 19: Aggregate feedback from a separate large-
scale Review Copilot usage study. The feedback is ob-
servational and is not part of the controlled 10-reviewer,
40-paper comparison.

I Statement on the Use of AI Assistants

AI assistants were used during the writing and re-
search process in a limited supporting role. They
helped identify and correct grammar and wording
issues, improve clarity of presentation, and provide
suggestions for organizing and interpreting the data
analysis. All substantive research decisions, ex-
perimental design choices, data processing, result
interpretation, and final manuscript content were
reviewed and finalized by the authors.
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Professionalism Prompt

You are an expert peer-review evaluation judge.

Evaluate professionalism as civility and non-abusive peer-review tone only.

- Evaluate the review as one review-level artifact using only the four provided sections: Summary, Strengths, Weaknesses,
and Questions.

- Judge whether the review keeps a respectful, formal, non-hostile academic tone toward the authors, the work, and any
people or groups mentioned.

- Do not judge factual correctness, paper grounding, rating correctness, decision correctness, review completeness,
usefulness, actionability, relevance, or formatting quality.

- Ignore non-review content, system artifacts, irrelevant content, weak organization, missing sections, grammar mistakes,
or incoherence unless the text itself contains abusive, discriminatory, mocking,

hostile, or emotionally inappropriate language.
- Strong technical criticism is professional when it targets the work, evidence, claims, experiments, or writing rather

than attacking people.
- Mark severity="major" for personal attacks; insults; sarcasm or mockery; hostile, contemptuous, or emotionally charged

language; discriminatory or identity-based remarks; accusations about author
competence, integrity, motives, or effort; or clearly abusive/unsafe language.
- Mark severity="minor" for mildly unprofessional tone such as somewhat dismissive wording, unnecessarily harsh phrasing,

excessive frustration, informal snark, or emotionally loaded criticism, when it does
not rise to direct attack or hostility.
- Mark severity="none" for a normal respectful academic review, including blunt but evidence-focused criticism.
- is_professional must be true for severity "none" or "minor", and false for "major".

Return JSON only, with this exact shape:
{

"is_professional": true,
"severity": "none" | "minor" | "major",
"violations": [

{
"type": "personal_attack | insult | mockery_or_sarcasm | hostile_tone | emotional_language |
discriminatory_language | author_motive_attack | unsafe_claim | other",
"span": "...",
"reason": "..."

}
],
"reason": "..."

}

Figure 6: Exact LLM-as-judge prompt for the Professionalism metric.
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Unsupported Prompt

You are an expert peer-review grounding judge.

Evaluate whether each fixed feedback unit is supported by the provided paper evidence.

Definitions:
- supported: the unit's main concrete factual/descriptive claim about the paper is supported by the evidence.
- partially_supported: some factual content is supported, but the unit has a clear overstatement, missing qualifier, or

unsupported subclaim.
- unsupported: the unit makes a concrete factual/descriptive claim about the paper, but the provided evidence does not

support it.
- contradicted: the unit is clearly inconsistent with or contradicted by the provided evidence.
- not_verifiable: the unit is mainly subjective opinion, generic advice, preference, or value judgment without a concrete

paper-factual claim.

Rules:
- The input contains a fixed list of feedback_units from one review section.
- Do not split, merge, drop, reorder, or rewrite the feedback_units.
- Return exactly one judgment for each input unit, preserving unit_index and unit_hash.
- Use only the provided evidence_chunks from the paper. Do not use outside knowledge.
- Each unit also includes candidate_evidence_chunk_ids retrieved for that unit. Prefer those chunks, but you may cite any

provided evidence_chunk if it supports your judgment.
- Judge paper-grounding only. Do not judge whether the review is useful, polite, complete, or correct as an opinion.
- Strong criticism can be supported if the evidence shows the relevant issue.
- Do not penalize a unit merely because it is negative.
- If a concrete claim requires evidence and the evidence is absent, label unsupported.
- If the evidence partly supports the claim but the unit exaggerates or adds unsupported specifics, label

partially_supported.
- If the unit only says something broad like "the method is interesting", "the writing could be improved", or "more

experiments would help" without a specific factual claim, label not_verifiable.
- evidence_chunk_ids must contain only ids from the provided evidence_chunks.
- Do not echo unit_text in the output.

Return JSON only, with this exact compact shape.
Do not include claim_summary, reason, explanations, unit_text, or any other fields:
{

"feedback_units": [
{

"unit_index": 1,
"unit_hash": "...",
"label": "supported | partially_supported | unsupported | contradicted | not_verifiable",
"is_verifiable": true,
"unsupported_error_type": "missing_evidence | overstatement | wrong_attribution | contradicted_by_evidence |
unsupported_comparison | other | null",
"evidence_chunk_ids": ["para_0001"]

}
]

}

Figure 7: Exact LLM-as-judge prompt for the Unsupported metric.
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Figure 8: Unit-level HardMargin Evidence Anchoring versus residual semantic dispersion. The x-axis measures
strict hard-negative evidence anchoring, while the y-axis measures residual semantic variation beyond local evidence.
This map shows that strong local anchoring and meta-level evaluative synthesis are separable dimensions.
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Figure 9: Correct-random evidence margin versus residual semantic dispersion. This view further confirms that
paper-specific textual anchoring and post-evidence evaluative transformation are not equivalent.
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Figure 10: Residual information volume per unit versus unit-level HardMargin Evidence Anchoring. This projection
shows the same separation between strict evidence anchoring and residual evaluative synthesis.
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Figure 11: Residual information volume per unit versus Balanced Top-k Evidence Support Margin. This map
provides an alternative view of the main Figure 3.
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Reviewer Guide Used in the Human-Led Review Study

## Role of the system.
Treat Review Copilot as optional assistance for reading, checking, and drafting.
AI output is not a completed review. The final critique, score, and
recommendation remain the reviewer's responsibility.

## Stage 1: initial draft.
When starting a new paper, generate an initial draft based only on the submitted
paper. Use this draft as a reading scaffold and a source of candidate issues, not
as a final judgment.

## Stage 2: required paper-grounded QA.
Before the final export step becomes available, complete at least seven question-
answering interactions about the paper. Use these interactions to inspect claims,
check details, and follow evidence links back to the source PDF. The system does
not allow reviewers to skip directly from the initial draft to the final review.

## Stage 3: edit and lock review points.
Return to the structured draft and revise it point by point. You may add, delete,
rewrite, or keep individual summary, strength, weakness, and question items.

Lock points that reflect your own judgment or that you want preserved during
final generation. Locked content is kept fixed when the final review is generated
.

## Stage 4: final review generation.
After the QA threshold and editing steps are complete, generate the final review.
The final generation summarizes the reviewer's inspected evidence, edited points

, and locked judgments. Reviewers should make any final corrections before
submission.

Figure 12: Participant-facing reviewer guide used in the human-led review study.
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