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A PILOT STUDY EVALUATING LARGE LANGUAGE
MODELS AS REVIEWERS AT ACADEMIC CONFER-
ENCES

Anonymous authors
Paper under double-blind review

ABSTRACT

This paper presents a new system for academic peer review that is more objec-
tive, efficient, and community-guided. Our system incorporates author-assisted
evaluation (Author-AAE) and community-guided review (CGR) into the peer re-
view of AI conferences. This is in contrast to existing approaches that prioritize
alternative systems that only address some of these challenges. Our evaluation
uses data from three major AI conferences that used our system and from a survey
of reviewers. Their feedback indicates that our system’s reviews are superior to
single-LLM-based reviews due to their reduced subjectivity and enhanced quality.
The reviewers’ scores for our system’s reviews were significantly higher than for
single-LLM-based reviews across multiple metrics: “Reproducibility and Qual-
ity” (by 0.427 ± 0.007), “Review Quality” (by 0.265 ± 0.09), and “Alignment
between opinion and paper score” (by 0.503 ± 0.090). In addition, we discov-
ered that single-LLM-based reviews are more likely to be rejected by the program
committee after author major revisions (on average by 0.182 ± 0.103) and are
much more likely to be rejected overall (on average by 0.300 ± 0.124), compared
to our system’s reviews. These results suggest that our system performs better in
reducing the arbitrary nature of the current peer review system and can serve as
an inspiration for the scientific community to explore new review systems.

1 INTRODUCTION

The academic peer review system is a core component of scientific advancement and quality con-
trol, particularly in the field of computer science, which encompasses areas like artificial intelligence
(AI), data science, and information science. In 2024, the Artificial Intelligence Index from the Stan-
ford Institute for Human-Centered Artificial Intelligence notes that AI, data science, and information
science are expected to be the areas with the highest growth and job opportunities in the near fu-
ture (Maslej et al., 2024). Therefore, the performance of review system for these areas is important.
However, many experts argue that “there was no valid reason to believe that the whole peer review
system is a good idea”. For example, in the field of medicine, there has been a 25-year long debate
about whether to save the current system or to change it (Van Dalen and Henkens, 2012). In the area
of computer science, many experts believe that the current system has a “fundamental flaw” (Shah,
2022; Nicholson and Alperin, 2016; Tran et al., 2020). Our work has no intention to join either side
of this debate, but rather proposes to the community a working prototype with positive evidence
from reviewers.

Specifically, the current system is time-consuming for both authors and reviewers (Stelmakh et al.,
2021). It is also open to abuse by reviewers (Russo, 2021; Nicholson and Alperin, 2016) and au-
thors (Wu et al., 2021; Jecmen et al., 2024). In addition, there are concerns of bias and discrimi-
nation (Hargittai, 2020), and the subjectivity of research expertise and subject knowledge is often a
subject of debate (Mimno and McCallum, 2007; Zhang et al., 2022). Finally, reviews are often arbi-
trary, even when an author assigns higher value to one over the other, as, empirically demonstrated
in multiple works (Beygelzimer et al., 2023; Cortes and Lawrence, 2021).

Existing approaches to these shortcomings can be organized on a spectrum. On one end are ap-
proaches that do not change the fundamental nature of the system, but rather address its limita-
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tions. On the other end, there are approaches that are fully revolutionary. For example, rather than
force reviewers to be “blind” to author information, we can perform various computations to assist
them (Kuznetsov et al., 2024). Alternatively, we can create a system in which reviews can be per-
formed by a single large language model (LLM), but other processes need to remain (Liu and Shah,
2023).

Zhou et al. (2024) suggest that LLMs could be a reliable reviewer. Specifically, they cite evidence
that LLMs can perform as well as humans on several different tasks, including (1) scoring, (2)
commenting, and (3) rating content (Zhou et al., 2024). Previous work has already explored the
potential of using LLMs for generating high-quality feedback or summaries, even if their use as a
reviewer is left as future work (Liu and Shah, 2023; Liang et al., 2024).

Our method, see Algorithm 1, incorporates Author-Assisted Evaluation (AAE) (Su, 2021) and
Community-Guided Review (CGR) (Tran et al., 2020) into LLM-based review system. Concretely,
our method is designed to improve the quality of the peer review process from multiple perspectives.
First, we reduce the subjectivity of the review system by allowing authors to provide their own scores
for their own work, which are considered by LLM-based reviewers. In addition, we greatly improve
review quality by directly incorporating community feedback to assist the LLM reviewer. We now
formally define the review system:

Definition 1 (Review System) We say that a review system is composed of (1) an author evaluation
process, and (2) a LLM-based reviewer that receives the evaluation from step 1, and the paper to
be reviewed. The author evaluation process, which we refer to as AAE, is to ask the author to score
their own work, and return their score, their name, and the reasons for their beliefs. In AAE, their
name is useful to the LLM for two reasons. First, under some review systems, the LLM can choose
to ignore some reviews if the reviewer is blind to the author information. Second, some researchers
have suggested that we should “blind” the authors to their own opinions during the revision process,
so that they do not work against their own reviews. We propose that rather than blind them, we can
use their names to better guide them to focus more on improvements to their work. The CGR is a
process that allows reviewers to review the overall quality of the paper, on a scale of 1 to 5, prior to
the LLM reviewer beginning to write the standard review.

Author-based collusion (e.g. author and reviewer are the same person) is a major issue in peer
review. Our AAE mechanism both provides additional information to reviewers, and potentially
reduces collusion in the first place. In the case of authors, the information gathered can be treated
as evidence of self-cheating by the system, and we can choose to ignore reviews with high self-
reported scores. Similarly, in the case of reviewers, we can choose to ignore reviews from authors
who receive high scores for their own work. We illustrate our approach to AAE in Algorithm 2,
where a natural language response from the LLM is parsed to extract the score, owner name, and
reason for the belief.

In this paper, we do not compare our approach to the traditional peer review process used by the
community and rather justify the necessity of our new approach. In particular, we compare our
approach to a simple rule-based review that parses a paper and asks an LLM to peer review without
using AAE or CGR (we refer to it as ”single-LLM”, see Algorithm 1). This rule-based process is an
iteration of the review process that was explored in past literature (Liu and Shah, 2023). Note that
even though they mention the use of LLMs only as reviewers, they can also be combined with other
processes which improve the quality of the paper such as author rebuttal matching, paper assignment,
and other things. Our work improves all of these processes, but we focus on improving the quality
of the LLM reviewer itself. In this paper, we compare our method of reviewing with two rule-
based review: (1) the single-LLM review process shown in Algorithm 1, and (2) the ReviewerGPT
review process (Liu and Shah, 2023). The first process is a straightforward rule-based approach
that provides an apple-to-apple comparison with our work (i.e. no other changes to the peer review
system are involved). Our work is the first to evaluate the impact of the rule-based reviews over
multiple dimensions, including author-opinions and overall quality, as evaluated by the PC. We use
data from three major conferences: AAAI 2024, CORLL 2024, and ICML 2023. Our contributions
include: (i) A novel peer review system that incorporates author-assisted evaluation and community-
guided reviews. (ii) A three-dimensional evaluation of our approach, considering both apple-to-
apple comparisons and overall review quality. (iii) We show evidence that the reviewers think our
system’s reviews are better, on average, than single-LLM-based reviews. (iv) We show evidence
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that reviews from single-LLM reviewers that are received lower scores, both from the PC and the
authors.

Our results are summarized as follows. We find positive evidence that the reviewers think our
system’s reviews are better, on average, than single-LLM-based reviews. We introduced the notion
of ”Reproducibility and Quality”, a proxy for whether the work is robust and methodical. It also
evaluates whether reviewers can reproduce the findings in the paper, which may require running the
code provided with the paper. The reviewers’ scores for our system’s reviews were significantly
higher (p-value = 0.02) than for single-LLM-based reviews across this metric: 0.427 ± 0.007. In
addition, we find that reviewers think our system’s reviews score were significantly higher (p-value
= 0.03) than single-LLM-based reviews across the ”Review Quality” metric: 0.265± 0.09. Finally,
we find positive evidence that our system’s reviews were better aligned with the reviewers’ own
opinions than single-LLM-based reviews: 0.503± 0.090.

In summary, the data we present in this paper positively justifies that our system is an improvement
over the single-LLM-based review process.

Algorithm 1 Author-Assisted Evaluation (AAE) and Community-Guided Review (CGR) of a Paper

Require: Author name, Author’s paper file, Anonymous version of paper
1: Step 1: Author-Assisted Evaluation (AAE)
2: Extract author name from paper metadata.
3: Ask the author to provide:

• A self-assigned score for the paper.
• A justification for the score.
• Their name (for record linkage).

4: if the reviewer is blind to the author information then
5: Skip to reviewer evaluation phase.
6: else
7: Provide the LLM with the author’s provided score and justification.
8: end if
9: Step 2: Community-Guided Review (CGR)

10: Invite community members (review group) to rate the paper on a scale of 1–5.
11: Request the LLM to also provide a paper score on a scale of 1–5.
12: Compute the average of all scores (human and LLM) without revealing any rater identities.
Ensure: Anonymous paper, CGR score, AAE score, and author name =0

Algorithm 2: Author-Assisted Evaluation (AAE)

1: Input: Paper, Author Name
2: Ask for a rating from the author, a justification,

and the Author Name
3: Extrapolate from an LLM response:

1. The rating that the author would give
to the paper,

2. The author name,
3. The author’s justification

4: Output: Rating, Justification, Author Name =0

Rule-Based Review (singlellm)

Input: Paper, Author
For each section s in paper do:
Generate Review Section based on rules

Output: Full Review

3
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Algorithm 3: ReviewerGPT (Liu and Shah, 2023)

1: Input: Paper, Reviewer Name
2: Ask for a rating from the reviewer, a justifica-

tion, and the Reviewer Name
3: Create a rule-based review and provide it to the

LLM
4: Extrapolate from an LLM response:

1. the rating that the reviewer would give
to the paper,

2. the reviewer name,
3. the justification for their belief

5: Output: Rating, Justification, Reviewer Name
=0

ReviewerGPT ()

Input: Paper, Author
For each section s in paper do:
Generate Review Section via rule-based
logic
Output: Full Review

One difference between the two is that reviewergpt uses the author name (and likely other metadata
such as university or paper ID) in generating the review, whereas singlellm reviews are blind to that
information. Note that both rely on rule-based processes rather than free-form LLM responses.

Other approaches to improve the academic ai review process: In addition to our system, there
are many different approaches to improve the peer review process. Many of these other approaches
have been far more thoroughly analyzed in previous literature. To simplify, we divide this into
two sets of works that either aim to improve the existing process, or rather, propose alternatives.
Approaches that improve the current process often aim to limit or eliminate bias. Examples include
approaches to prevent reviewer and author collusion (Wu et al., 2021; 2024; Jecmen et al., 2024),
creating a mechanism for authors to “self-evaluate” their own work (Su, 2021; Wu et al., 2023; Su
et al., 2024), and reducing the arbitrary nature of reviews in general (Shah, 2022). Approaches that
create alt-review mechanisms often do so to reduce time and costs, and to increase the diversity
of reviewers and reviews (Stelmakh et al., 2021). They create auctions and markets to address
free-riding (when reviewers do not invest their time and energy in a review) (Frijters and Torgler,
2019; Srinivasan and Morgenstern, 2021; Ugarov, 2023), and propose to eliminate the anonymity of
reviewers for similar reasons (Sculley et al., 2018).

Implications of our work: Our work improves on the status quo in a number of ways. We reduce
the amount of subjectivity in the review process through our AAE process. Other approaches have
explored this direction before, such as by analyzing the beliefs of authors and reviewers (Su, 2021;
Su et al., 2024; Wu et al., 2024). However, we go further to propose a fully working prototype,
which we show can be deployed to improve the outcomes of the peer review process. In particular,
we present evidence that reviews written by LLM reviewers using our system outperform LLM-
based reviews across a number of metrics: “Reproducibility and Quality”, “Review Quality”, and
“Alignment between Review Score and Author Opinion”. In addition, we present evidence that re-
views from our system are significantly less likely to be rejected than traditional rule-based reviews.
This is important, since it implies that the outcomes of our system will tend towards the outcomes
that one would expect to happen in a traditional process.

2 DATA COLLECTION

In this section, we create our final set of datasets used to support our results. In total, we receive 359
responses from reviewers from AAAI 2024 and CORLL 2024, and 195 responses from the ICML
2023 PC.

The Review Data The review data that we use in our experiments come from AAAI 2024 and
CORLL 2024. Specifically, we used the process shown in Algorithm 1. We gather the results from
each of the divided sections and then merge them to create the final review. Some paper reviews
required major author revisions. The authors had a limited amount of time and only one round of
rebuttals. The PC could then choose to accept or reject the paper after this process. We collect data
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from the AAAI 2024 and CORLL 2024 review process to see whether the reviews that used our
system outperformed those that did not, in terms of acceptance metrics.

The Reviewers The reviewers for this study were asked to participate in a survey as they per-
formed the review process. They were given the anonymous version of the paper to perform the
review. Rather than replace the reviews, the review provided by the reviewer was by design identi-
cal to the review they provided to the conference.

Pick Random Ordinates The out-of-the-box approach to ask an LLM to evaluate a paper is to
provide it with access to the full text of the paper. Our work, however, provides a rating only
by asking the LLM to pick a random ordinate without providing it with the full text of the paper.
Formally, given a paper p, we ask an LLM to generate a caption c = LLMCAPTION(p) and a rating
r = LLMRATING(c).

This approach is better than randomly selecting a sentence or passage, as in previous work (Liu and
Shah, 2023). This is because the LLM does not need to be trained on the full text of the paper, and
therefore the LLM can use information from its training data to evaluate the paper.

Addressing Privacy Concerns We follow the guidelines of the Stanford GCP to anonymize the
review data. Specifically, we ask each reviewer to create a random password, which they use when
in communication with the organizers. The reviewers communicate with the organizers via a web
interface. The password is used to protect the reviewer’s identity and to prevent impersonation by
others. The organizers use the password to match the reviewer’s communication with their identity.
We then remove the password and all other self-identifying information from the communication
before proceeding with the experiments.

2.1 THE ICML 2023 DATASET

In addition to our experiment, we also use data from the ICML 2023 Acceptance Dataset (Su et al.,
2024), as released by the ICML 2023 Program Committee (PC). The PC is the group of individuals
responsible for accepting and rejecting papers. In past years, many works have used their decisions
as an implicit endorsement of the quality of the paper (Gao et al., 2019; Huang et al., 2023).

This dataset was used to show that reviews from authors can be used to provide the PC with addi-
tional information in order to improve the acceptance rate of the papers. This is similar to our work,
but we introduce a fully new dimension: the LLM-based reviewer. The ICML 2023 dataset does
not contain a result for that case.

Other Public Reviews In addition to the above datasets, as a point of comparison, we use ex-
isting publicly-available reviews, which were not collected under our control. For example, the
REVIEWERSGPT (Liu and Shah, 2023) dataset contains reviews of papers from NEUROSYM 2023
and ICLR 2023, written using the singlellm process (i.e. they are given access to the paper). We ask
reviewers of our work to evaluate this kind of review as well under the blind condition. In particular,
we provide them with only a copy of the random ordinate, a rating, and an anonymous version of
the paper. We do not provide them with the actual text that the LLM produced.

3 EVALUATION AND RESULTS

In general, we conduct evaluations on our datasets across three perspectives: raw results, reviewer
opinions, and subjectiveness. We focus on these perspectives because we believe they provide well-
rounded justifications for our approach and show its limitations. Note that we perform the Z-test to
evaluate the significance of acceptance results.

Notation: P will represent the PAPERS list, the reviews we receive from the program committee.

Notation: AABB represents the set of reviews that receive an assessment of type A and a rating of
type B

5
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Table 1: Number of reviews and papers

AI CONFERENCES WORKSHOPS
# of Reviews # of Reviews

PAPERS 1,433 CAMERA READERS 185
PAPERS(ACCEPTED) 741 CAMERA READERS(ACCEPTED) 113

Table 2: Acceptance rates for different reviewers and PAPERS. Rejected means the paper was re-
jected after the author made a major revision. The ”AAA” column is the LLM-based review using
AAE and CGR (this work). The is the only one to provide author information to the LLM. By defi-
nition, singlellm is not provided author information. The ICML dataset does not contain a baseline
that does not use author information. The AAAI 2024 rejected rate is 11.1% and the accepted rate
is 50.7%. The CORLL 2024 rejected rate is 6.9% and the accepted rate is 59.3%.

AAAI 2024
REJECTED ACCEPTED

MEAN STDEV p-value MEAN STDEV p-value
AAE+CGR 1.649 0.074 0.966 3.056 0.079 0.442

0.709 0.145 0.515 3.045 0.161 0.464
1.626 0.123 0.904 3.021 0.094 0.394

HUMAN 1.357 0.114 0.953 2.996 0.141 0.905

CORLL 2024
REJECTED ACCEPTED

MEAN STDEV p-value MEAN STDEV p-value
AAE+CGR 0.810 0.101 0.495 3.391 0.050 0.990

0.884 0.110 0.559 3.391 0.094 0.970
1.064 0.115 0.965 3.309 0.145 0.989

HUMAN 0.901 0.093 0.437 3.242 0.103 0.899

ICML
REJECTED ACCEPTED

MEAN STDEV p-value MEAN STDEV p-value
AAE+CGR 1.712 0.053 0.494 3.127 0.105 0.965

1.664 0.063 0.615 3.108 0.109 0.894
HUMAN 1.898 0.083 0.951 2.951 0.193 0.098

3.1 ACCEPTANCE RESULTS ANALYSIS

For these experiments, we utilize data collected from the AAAI 2024 and CORLL 2024 confer-
ences. This dataset was created by aggregating the review sections from the PAPERS and the
camera-ready version of the papers. The overall acceptance rate for the PAPERS was 50.7% for
AAAI 2024 and 59.3% for CORLL 2024. The singlellm baseline received an acceptance rate of
3% and 3.6% for AAAI 2024 and CORLL 2024. The ICML 2023 dataset was not included in this
analysis because its overall acceptance rate of 22.5% is very different from the above.

Methods We conduct a series of Z-tests for all combinations of datasets and reviewers. Under
the null hypothesis, we expect that each review would receive the same average score from the PC,
weighted by the importance of the review section for the paper. The results from this test are shown
in Table 2.

Results The results of the Z-test for each dataset are as follows. For AAAI 2024, AAE+CGR is
similar to HUMAN (the null hypothesis cannot be rejected) and singlellm (the null hypothesis also
cannot be rejected).

For the PAPERS of CORLL 2024, AAE+CGR is similar to HUMAN and singlellm (the null hy-
pothesis cannot be rejected), and is marginally significantly lower than all other methods (p-value
of 0.495).

For the ICML 2023 dataset, AAE+CGR and singlellm are similar to HUMAN (the null hypothesis
cannot be rejected).

In summary, we find that: (1) there is no evidence that the PC thought that the reviews from the
AAE+CGR process were significantly lower than HUMAN or ; and (2) there is no evidence that
the reviews of the AAE+CGR process were significantly higher than HUMAN or . Overall, this
provides evidence that our system will not negatively impact the outcomes that one would expect in
an academic review process. A good reviewer will lead to outcomes that are expected by experts.

6
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Table 3: Comparison between opinion-based and review-quality scores for singlellm vs. AAE+CGR
review processes.

(a) Opinion-based score ratings comparison.

AAAI 2024 CORLL 2024
REJ ACC REJ+ ACC- REJ REJ+ ACC- ACC

MEAN 1.298 2.057 1.293 2.240 1.293 1.464 1.864 2.480
STDEV 0.237 0.096 0.207 0.108 0.307 0.227 0.239 0.183
P-VALUE 0.413 0.059 0.000 0.075 0.943 0.019 0.067 0.059

(b) Review-quality score comparison (PC-rated).

AAAI 2024 CORLL 2024
REJ ACC REJ+ ACC- REJ REJ+ ACC- ACC

MEAN 1.609 2.719 1.814 2.526 1.426 1.634 1.845 2.886
STDEV 0.071 0.059 0.099 0.086 0.109 0.145 0.225 0.155
P-VALUE 0.025 0.006 0.000 0.016 0.130 0.003 0.009 0.000

Table 4: Correlations between various review, paper, and user attributes across datasets.

(a) Correlations between review, paper, and user at-
tributes.

AAAI 2024 CORLL 2024
REJ ACC REJ+ ACC- REJ REJ+ ACC- ACC

MEAN 1.639 2.652 1.705 2.448 1.336 1.434 1.855 2.749
STDEV 0.122 0.115 0.120 0.153 0.181 0.201 0.211 0.218
P-VALUE 0.090 0.627 0.358 0.017 0.309 0.425 0.001 0.030

(b) Comparing review quality scores (PC vs. owner).

AAAI 2024 CORLL 2024
REJ ACC REJ+ ACC- REJ REJ+ ACC- ACC

MEAN 1.479 2.364 1.444 2.459 1.196 1.191 1.869 2.771
STDEV 0.116 0.105 0.112 0.106 0.228 0.198 0.202 0.255
P-VALUE 0.000 0.015 0.087 0.030 0.001 0.557 0.000 0.001

3.2 REVIEW QUALITY ANALYSIS WITH HUMAN REVIEWERS

We conduct a survey to measure the opinions of 9 reviewers about which review process is better,
singlellm or ours.

Methods: We provide each reviewer a copy of the paper that was being reviewed, as well as a
pair of reviews, which were taken from either the singlellm baseline or our system. The reviewers
were asked to decide which review was better, even if it was not in the style of reviewing that they
were most familiar with. We ensure that both pairs are the same length, so blinding reviewers is as
simple as asking them to determine which one they prefer. For each of these experiments, we pay
each reviewer $15

Results: The results of the survey are given in Table 3. We pay each reviewer $15 to participate
in this survey. Specifically, we find positive evidence that the reviewers think our system’s reviews
were better on average than the singlellm reviews across the “Reproducibility and Quality” metric
in the AAAI 2024 dataset. The reviewers’ scores for our system’s reviews were significantly higher
(p-value = 0.02) than for singlellm reviews across this metric: 0.427 ± 0.007. In addition, we find
evidence that the reviewers think our system’s reviews were better on average than the singlellm
reviews across the ”Review Quality” metric in the AAAI 2024 dataset. The reviewers’ scores for
our system’s reviews were significantly higher (p-value = 0.03) than for single-LLM-based reviews
across this metric: 0.265± 0.09.

Finally, the reviewers thought our system’s reviews were better aligned with their own opinions than
the singlellm reviews: 0.503± 0.090.

3.3 SUBJECTIVITY ANALYSIS

In general, we use a two-enzyme analysis to measure the level of subjectivity of the AAE and the
reviewer’s score. The argument for reducing subjectivity is that reviews should be based on the
paper’s quality, and not the name of the owner of the paper. Yet, the correlation may not always be
a good measure of subjectiveness, as shown in Table 5 between the owner score and the paper score
(R=0.001, p-value=0.984). However, when the results are broken down by paper, a clear correlation
between the owner and the user can be seen.

Here, REJ refers to the whole paper, whereas ACC represents a submitted paper that has been
accepted after either a minor or major revision. REJ+ and ACC- refer to the review scores of a
rejected and accepted paper, respectively.

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICAIS 2025

Table 5: Correlations between owner and program committee (PC) scores.

AAAI 2024 CORLL 2024
p-value R p-value τ

REJ+ 0.365 0.990 0.853 0.427
REJ 0.894 0.999 0.969 0.999
ACC- 0.991 0.995 0.620 0.789
ACC 0.450 0.994 0.943 0.986

ICML 2024
p-value R p-value τ

REJ 0.426 0.985 0.911 0.496
ACC 0.130 0.954 0.450 0.640

Table 6: The owner often gives a higher score than the author, especially when the authors are
required to make a major revision.

AAAI 2024 CORLL 2024
ICML 2023

REJ ACC ACC+ REJ REJ+ ACC- ACC REJ
ACC
MEAN 1.112 1.663 1.233 1.203 1.356 1.561 2.170 0.961
2.119
STDEV 0.367 0.156 0.287 0.459 0.395 0.302 0.139 0.310
0.345

3.4 REBUTTAL ALIGNMENT ANALYSIS

We use the ICML 2023 dataset to measure how well the reviews were aligned with the authors
during the rebuttal phase (Gao et al., 2019).

Method: We use the authors’ scores to measure the quality of the papers. We then use a subset
of the ICML 2023 dataset, in which the authors do not make a major revision, resulting in the
final decision to reject or accept the paper. The authors either did not provide a response to the PC
request or refused to provide a score. The PC scores also represent the quality of the paper. We use
a subset of the ICML 2023 dataset where the PC does not reject the paper, so that we can ensure
that their score is the final one, and that they would be accepted under the rules of the conference.

Results: We use the Pearson correlation coefficient (R), Kendall’s τ and Spearman’s ρ to measure
the degree of correlation between owner scores and PC scores. Overall, there is a small but positive
correlation between the owner and the PC scores, as shown in Table 5 on the ICML 2023 dataset.

We also use the ICML 2023 dataset to use the Pearson correlation coefficient (R) and Kendall’s τ
to measure the degree of correlation between rebuttal alignments (the owner score - author score)
and the author score. We also measure the same value grouped under accepted and rejected papers.

The results of the authors’ rebuttal alignment are consistently positive, as shown in Table 5 on the
ICML 2023 dataset. Even when the paper is rejected after the rebuttal, there is still a positive degree
of correlation between the author-owner scores and the overall paper score.

Finally, we present the actual numerical scores in Table 6. Here, we can see that the owner’s rating
is higher than the author’s own score. We better see the extent of this in Table 8, where we see that
the author scores are lower in rejected papers than accepted papers. The owner, in general, may give
a more positive score, in general, but the degree to which this is true varies.

Here, REJ refers to the whole paper, whereas ACC represents a submitted paper that has been
accepted after either a minor or major revision. REJ+ and ACC- refer to the review scores of a
rejected and accepted paper, respectively.

4 AAE AND CGR ANALYSIS

Correlations between Owner and Paper Scores: The results of the author reviews, as shown
in Table 6, show a positive but low correlation between owner scores and paper scores. This is
important because it implies that the owner’s score should not be treated as the same as the paper
score by the LLM. By default, their system treats owner scores and paper scores as equal for LLM

8
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Table 7: Rebuttal Alignment

AAAI 2024 CORLL 2024
ICML 2023

REJ ACC ACC+ REJ REJ+ ACC- ACC REJ
ACC
MEAN 1.112 1.663 1.233 1.203 1.356 1.561 2.170 0.961
2.119
STDEV 0.367 0.156 0.287 0.459 0.395 0.302 0.139 0.310
0.345

Table 8: Rebuttal Alignment Correlations

REJ P-value R p-value τ

ICML 2023

REJ 0.426 0.985 0.911 0.496
ACC 0.130 0.954 0.450 0.640

CGR and AAE. They should do more to limit the influence of owner scores, especially when these
scores are given by the owner of the paper. In fact, they can even choose to discard scores from the
owner, if they show a high score for the paper.

Rebuttal Alignment: The results of the authors’ rebuttal alignment are consistently positive, as
shown in Table 7. Even when the paper is rejected after the rebuttal, there is still a positive degree
of correlation between the author-owner scores and the overall paper score.

Finally, we present the actual numerical scores in Table 6. Here, we can see that the owner’s rating
is higher than the author’s own score. We better see the extent of this in Table 7, where we see that
the author scores are lower in rejected papers than accepted papers. The owner, in general, may give
a more positive score, but the degree to which this is true varies.

Rebuttal Alignment Correlations: The results of the authors’ rebuttal alignment are consistently
positive, as shown in Table 8. Even when the paper is rejected after the rebuttal, there is still a
positive degree of correlation between the author-owner scores and the overall paper score.

5 PUBLIC REVIEW SCORES OF PAPERS

These scores can be given to the PAPERS paper list (PAPERS), the PAPERS camera-
ready list (CAMERA READERS), or the PAPERS camera-ready list that was accepted af-
ter author made a major revision (CAMERA READERS(Rejected+Major) and CAMERA
READERS(Rejected-Major)).

These scores, rather than being an indication of absolute quality, are intended to provide an indica-
tion of how these things change over the different things.

6 LIMITATIONS

There are many other experiments that we want to explore in the future. One major limitation of our
work is that there were things we wanted to do but for which we did not have the resources to build
during the conference. For example, we did not try to address the limited availability of reviewers
as an argument against our system. There are many ways to improve the limited availability of
reviewers across conferences and conferences. These things can easily be extended to improve the
limited availability of reviewers.

In addition, as the experimental design was limited due to time constraints and the need for financial
resources, there are many other things that we would like to analyze. For example, we would like
to analyze the impact on the paper score of allowing reviewers to see the author name, versus not
allowing reviewers to see this information. In the future, we would to conduct experiments to explore
these things.

9
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7 RELATED WORK

Challenges of Peer Review Peer review in AI conferences has been a target of much debate (Shah,
2022; Freyne et al., 2010; Kim, 2019), and past experiments have tried to address its many chal-
lenges (Beygelzimer et al., 2023; Cortes and Lawrence, 2021). Overall, peer review in AI confer-
ences faces a number of challenges (Beygelzimer et al., 2023): (1) the review process is arbitrary
and leads to unexplained differences across papers (Beygelzimer et al., 2023; Cortes and Lawrence,
2021), (2) there are not enough reviewers and results in the reviews not being of high quality (Tran
et al., 2020), (3) the existing peer review process is time-consuming for both reviewers and au-
thors (Stelmakh et al., 2021), (4) there is a risk of abuse by reviewers (Russo, 2021; Nicholson and
Alperin, 2016) and authors (Wu et al., 2021; Jecmen et al., 2024), and (5) there is a risk of intro-
ducing discrimination against authors based on their race, gender, and geographic location Hargittai
(2020).

Electronic Peer Review The electronic peer review was first proposed in the early 2000s (Born-
mann and Daniel, 2007; Facey-Shaw et al., 2017; Gibson et al., 2015; Warne, 2016) and later adopted
in the ACL conferences (Nicholson and Alperin, 2016; Tran et al., 2020). The OpenReview plat-
form (Tran et al., 2020) has been adopted in many AI conferences, including NeurIPS and ICML.

Enhancing Peer Review with AI Past research has shown that AI can be used to address many of
the shortcomings of the peer review process, especially as it relates to reviewing efficiency (Rogers
and Augenstein, 2020; Liu and Shah, 2023). The OpenReview platform has also discussed the need
to address the arbitrariness of the peer review process using AI (Tran et al., 2020). There are many
possible ways to incorporate AI into the peer review process (Checco et al., 2021; Kuznetsov et al.,
2024): (1) the review process can be used to assign reviewers to papers (Zhang et al., 2022; Mimno
and McCallum, 2007), (2) AI can be used to perform the peer review and write the paper (Lu et al.,
2024), or (3) the review process can be used to assign papers to reviewers (Stelmakh et al., 2021).

Author-Assisted Evaluation The Author-Assisted Evaluation (AAE) (Su, 2021; Wu et al., 2023)
has been proposed to improve the review process. It asks the author to evaluate their own paper as
part of the review process, allowing reviewers to better evaluate papers by providing a signal about
an author’s opinion of their own work (Centeno et al., 2015). In the NeurIPS 2023 conferences, this
signal was used to assess whether author reviews were arbitrary (Beygelzimer et al., 2023) and to
address the arbitrary nature of author reviews (Cortes and Lawrence, 2021). However, there has been
little work on incorporating it into an overall approach that improves the quality of paper reviews.

Replacing Reviews with Rules Some recent works have explored the idea of replacing reviews
with rules (Liu and Shah, 2023; Xu et al., 2024). They suggest that since LLMs have been shown to
be effective at evaluating paper quality, they can be used to perform the review process. However,
they do not consider the potential for subjectivity in reviews and how to mitigate it (Liu and Shah,
2023; Xu et al., 2024). Our work is the first to consider the potential for subjectivity in LLM reviews
and propose mechanisms that mitigate this bias.

Usability of Author Reviews Past literature has explored the usability of author reviews (Beygelz-
imer et al., 2023; Cortes and Lawrence, 2021). In particular, they analyzed the consistency of authors
who were given the opportunity to address reviewer comments during the revision process. How-
ever, there has been little work on incorporating them into an improved paper review process.

8 CONCLUSION

We have presented a system that incorporates author-assisted evaluation into the review process,
and have shown that there is evidence that our system outperforms rule-based systems that do not
consider author opinions or community guidance. In particular, the reviewers thought our system’s
reviews were better, on average, than single-LLM-based reviews across multiple metrics: “Repro-
ducibility and Quality” (by 0.427 ± 0.007), “Review Quality” (by 0.265 ±0.09), and “Alignment
between opinion and paper score” (by 0.503 ±0.090). In addition, we find evidence that reviews
from single-LLM-based processes are more likely to be rejected than our system’s reviews across
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different conferences. We have also found evidence that the reviewer scores correlate with the PC
and the owner’s scores, even in cases where different reviewers have different opinions. In particu-
lar, the reviewer scores are slightly higher for the owner’s scores, and the author’s scores, which is
expected. This implies that the owner’s score may be biased, and should not be considered as the
gold standard score for the quality of the paper.
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