
The Role of AI 
in Scientific Peer Review

Wed, Dec 3, 2025 • 7:00 PM – 9:00 PM PST
Upper Level Ballroom 6CDEF

Organizers: Thanh Gia Hieu Khuong · Isabelle Guyon · Benedictus Kent Rachmat · Ihsan Ullah · Zach Xu

SLIDES QUESTIONS

Contact us: 
ai-reviewer@chalearn.org



Inspired by: What is Peer Review? Gareth Dyke [link]

The evolution of peer review

SLIDES

https://garethdyke.substack.com/p/what-is-peer-review-a-brief-but-spectacular-3ea


Source: NeurIPS blog

NeurIPS 2025 conference

Main track: 21,575 valid submissions, 5,290 accepted. 24.52% acceptance rate.
20,518 reviewers, 1,663 ACs and 199 SACs

SLIDES

https://blog.neurips.cc/2025/09/30/reflections-on-the-2025-review-process-from-the-program-committee-chairs/


I have all these 

simultaneous deadline, 

and I need to finish my 

NeurIPS reviews.

Rejected with a score of 4.5! Two out of three reviewers praise my paper, the last one picked up on a minor detail.

We just wanted to get our 

work out there. This 

pay-for-publish journal 

gave us no feedback and 

no visibility.

The human cost of the crisis

SLIDES



Variance in peer review: 
NeurIPS 2014/2021 experiments
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Little correlation between independent committees

Cortes-Lawrence, 2021

SLIDES

https://arxiv.org/pdf/2109.09774


Bias in peer review:
Not all biases are taken care of 
by double-blind reviewing

● Paper resubmission bias
● Decorative math bias
● Surprisingness bias
● Confirmation bias
● Positive outcome bias
● Citation bias
● Comensuration bias 

The fractured logic of blinded peer review in journals, Hilda Bastian, 2017

See the review of Nihar Shah 2023:

SLIDES

https://absolutelymaybe.plos.org/2017/10/31/the-fractured-logic-of-blinded-peer-review-in-journals/
https://www.cs.cmu.edu/~nihars/tutorials/NeurIPS2023/TutorialSlides2023.pdf


Increased Volume & 
Decreased Quality of Papers

Reviewer Burnout & 
Decline in Review Quality

Editor Burnout & 
Weakened Gatekeeping

The problem: we are in a vicious cycle

SLIDES



For Authors 

● Literature discovery

● Manuscript preparation

● Language enhancement

● Check adherence to guidelines

For Editors & Publishers

● Facilitate desk rejections

○ Verify paper compliance with guidelines

○ Screen for plagiarism

○ Screen for  AI-generated fraudulent text or 

images

● Enhance review process

○ Assign papers based on expertise

○ Detect potential conflicts of interest

○ Evaluate review quality

For Reviewers

● Identify relevant prior work

● Verify claims and citations

● Suggest areas of critical assessment

AI can contribute to the peer review lifecycle

For Readers

● Identify relevant papers to read

● Discover exciting research

● Get tailor-made summaries

SLIDES



● Offload data-intensive tasks.

● Free humans to focus on content and insightful feedback.

● Build robust models resistant to adversarial attacks.

● Develop domain-specific, grounded models (RAG) to ensure factual accuracy.

● Adopt holistic benchmarks that measure analytical depth and fairness.

The AI assistant paradigm

Goal not to replace human experts but augment their capabilities

SLIDES



Nihar B. Shah

Speakers

Nitya Thakkar
Yutaro Yamada



SLIDES QUESTIONS

https://tinyurl.com/2s3sd2h5





AI meets Peer Review:
The Good, The Bad, and The Ugly

Nihar B. Shah
Machine Learning and 

Computer Science Departments



The Good
Identifying errors in papers

The Bad
Vulnerabilities in reviewer assignments to fraud

The Ugly
Autonomous AI scientists and methodological pitfalls



The Good
Identifying errors in papers

The Bad
Vulnerabilities in reviewer assignments to fraud

The Ugly
Autonomous AI scientists and methodological pitfalls



How to evaluate 
“AI reviewer” performance?

Existing approaches: 
(1) See how well AI reviewers predict past (human) review scores 

[Yuan et al. 2021, Checco et al. 2021, Idahl et al. 2024, Shcherbiak et al. 2024, Thelwall et al. 2025, Chitale et 
al. 2025, Shin et al. 2025…]

Drawbacks: Past review scores themselves subjective, biased, etc.; 
may not capture true objectives of peer review…



Experiment in a premier AI/ML conference in 2022-24

• We created a paper and three variants: We inserted one 
major error in a claimed key contribution in each variant !

! !• Errors in main text (no appendices)

• 79 reviews from review process  (conducted in collaboration with program chairs; prior IRB approval)

• Important limitation: Generalizability

[Shah Section 10.1.2]

https://www.cs.cmu.edu/~nihars/preprints/SurveyPeerReview.pdf


Analysis of reviews

Questioned 
erroneous 

part(one said both)

 

[Shah Section 10.1.2]

https://www.cs.cmu.edu/~nihars/preprints/SurveyPeerReview.pdf


How to evaluate 
“AI reviewer” performance?

Existing approaches: 
(2) Subjective human evaluations (e.g., asking authors or other researchers) 
[Liang et al. 2023, d’Arcy et al. 2024, Tyser et al. 2024, …]

Drawbacks: Various biases, focus on style rather than substance… 



Authors know their papers best, 
so ask authors to evaluate reviews

2022 EXPERIMENT ON REVIEWING REVIEWS

joint work with Alexander Goldberg, Ivan Stelmakh,
Kyunghyun Cho, Alice Oh, Alekh Agarwal, Danielle Belgrave

https://arxiv.org/pdf/2311.09497.pdf


👍

👍

👍

Mann-Whitney U test, controlling for various factors (p<0.0001)

Authors are significantly biased by positivity of the reviews

[See also Weber et al., 2002; Van Rooyen et al. 1999; Papagiannaki, 2007; Khosla, 2013; 
Kerzendorf et al. 2020 for more evidence ; Wang et al. 2021 for some work on debiasing]

https://arxiv.org/pdf/2012.00714


     Or ask other researchers

2022 EXPERIMENT ON REVIEWING REVIEWS

joint work with Alexander Goldberg, Ivan Stelmakh,
Kyunghyun Cho, Alice Oh, Alekh Agarwal, Danielle Belgrave

https://arxiv.org/pdf/2311.09497.pdf


Summary:

Strengths And Weaknesses:

Questions for authors:

Ethics Flag: 

Soundness: 

Presentation: 

Contribution:

Rating: 

Confidence
: 

No      

2 Fair      

4 Excellent      

3 Good      

7: Accept: Technically solid paper, with high impact on at least one sub-area, or…

4: You are confident in your assessment, but not absolutely certain. It is unlikely, but…

  [freeform text]

  [freeform text]

  [freeform text]

ORIGINAL REVIEWRandomized Controlled Trial: Original review … 



Summary:

Strengths And Weaknesses:

Questions for authors:   [freeform text]

  [freeform text]

  [freeform text]

Ethics Flag: 

Soundness: 

Presentation: 

Contribution:

Rating: 

Confidence
: 

No      

2 Fair      

4 Excellent      

3 Good      

7: Accept: Technically solid paper, with high impact on at least one sub-area, or…

4: You are confident in your assessment, but not absolutely certain. It is unlikely, but…

Let me briefly summarize 
the paper and its 
contributions. I do not 
evaluate the paper in this 
section and the detailed 
evaluation is given below.

Overall, in my 
opinion, <replicate 
everything from 
dropdown options>

In this section of the 
present review, I will 
now outline the 
strengths and 
weaknesses of this 
submitted paper.

Here are some questions 
I have for  authors. I 
would like to see the 
response to these 
questions in the rebuttal.

<Replicate abstract>
<Replicate>

USELESSLY ELONGATED REVIEW…made longer without useful information



RCT: Review length bias

Criteria P-value (Mann-Whitney U test) Difference in mean scores

Overall score < 0.0001 0.56 (7-pt scale)

Understanding 0.04 0.25 (5-pt scale)

Coverage <0.0001 0.83 (5-pt scale)

Substantiation 0.001 0.31 (5-pt scale)

Constructiveness 0.001 0.37 (5-pt scale)

Original review Uselessly elongated review
Mean score: 3.73 4.29 (higher = better)



• Ensure rigor of published research

• Filter to select more interesting or better research

How to evaluate 
“AI reviewer” performance?

Our approach: 
Focus directly on peer review’s 

objectives



GPT-4:
• Identified one error consistently

• Sometimes another error, upon steering

• Did not identify the third error

Human vs. LLM reviewers

Questioned 
erroneous 

part(one said both)

[Shah Section 10.1.2]

https://www.cs.cmu.edu/~nihars/preprints/SurveyPeerReview.pdf


Dataset of carefully constructed short papers
•  Deliberately inserted errors
• GPT-4 detected inserted errors in about 50% constructed papers

✔ Mathematical errors, e.g., “As an immediate implication of this result, we have 
that the sequence Probability(\hat{f}_n = f) converges to 1 as n goes to infinity.”

✔ Conceptual/logical errors, e.g., false conclusion drawn from Simpson’s paradox

Detecting errors in short papers

joint work with Ryan Liu

https://arxiv.org/pdf/2306.00622.pdf


New Benchmark

joint work with Sarina Xi, Vishisht Rao, Justin Payan

713 full paper-error pairs

Detecting errors is a promising application 
for AI in reviewing and should be a core 
component in evaluating AI reviewers.

!

https://arxiv.org/pdf/2306.00622.pdf


The Good
Identifying errors in papers

The Bad
Vulnerabilities in reviewer assignments to fraud

The Ugly
Autonomous AI scientists and methodological pitfalls



Context: Two Types of Fraud
(1) Fake accounts and identity theft

joint work with Xukun Liu, Melisa Bok, Andrew 
McCallum

• E.g., a reviewer “Isabelle Guyon” signs up through 
guyon.isabelle@universite-paris-saclay.fr

• This email address is round trip verified

• But this person has nothing to do with Isabelle or 
Université Paris-Saclay

• They then try to get assigned their own paper or their 
friends’ papers for review

• Found 94 such fake profiles using verified email 
addresses from a number of reputed universities

https://arxiv.org/pdf/2508.04024


Context: Two Types of Fraud
(2) Collusion rings

Why don’t you get 
assigned my paper 

and accept it. I’ll 
return the favor in 

your grant proposal.

Sounds 
like a 
plan!

[Vijaykumar 2020, Lauer 2020, Littman 
2021]

https://nexus.od.nih.gov/all/2020/01/10/case-study-in-review-integrity-asking-for-favorable-treatment/
https://medium.com/@tnvijayk/potential-organized-fraud-in-acm-ieee-computer-architecture-%20conferences-ccd61169370d
https://nexus.od.nih.gov/all/2020/01/10/case-study-in-review-integrity-asking-for-favorable-treatment/
https://cacm.acm.org/magazines/2021/6/252840-collusion-rings-threaten-the-integrity-of-computer-science-research/fulltext
https://cacm.acm.org/magazines/2021/6/252840-collusion-rings-threaten-the-integrity-of-computer-science-research/fulltext


Key component of fraud:

Dishonest reviewer tries to get 
assigned the target paper.

Context: Two Types of Fraud



Reviewer Assignment Process
• Uses two sources of data: Text matching (via NLP) and Reviewer bidding

• Bidding is known to be vulnerable [Jecmen et al. 2020, Wu et al. 2021]

• Focus of much past research [Wu et al. 2021, Jecmen et al. 2024, Leyton-Brown et al. 
2024,…]

• Some venues (CVPR, ARR) have banned bidding altogether
• Text matching assumed to be noisy but robust to attacks

Is text matching safe from manipulation?

joint work with Janet Hsieh and Aditi 
Raghunathan

https://arxiv.org/pdf/2010.04041.pdf
https://arxiv.org/pdf/2102.06020
https://arxiv.org/pdf/2412.06606


Main Results

Text-matching for reviewer assignments is highly gameable
• AI-assisted attacks
• 58% chance of success in increasing similarity of a reviewer to a target 

paper from being ranked 1001 to being in top 3

We propose approaches to make it more robust
• Max pooling → Percentile pooling, differential reweighting reviewer’s 

profile based on provenance, lower limits on reviewer profile length
• Deployed in OpenReview.net, already used by several conferences

joint work with Janet Hsieh and Aditi 
Raghunathan

https://arxiv.org/pdf/2412.06606


The Good
Identifying errors in papers

The Bad
Vulnerabilities in reviewer assignments to fraud

The Ugly
Autonomous AI scientists and methodological 
pitfalls



• Automate scientific research workflow with little or no human intervention

Autonomous AI scientist systems

AI 
ScientistBroad

Direction Generate hypothesis
Develop algorithm
Evaluate on data

Write paper

• Papers written by AI scientists submitted to peer-review venues, and 
accepted to ACL conference, ICLR workshops

joint work with Ziming Luo and Atoosa 
Kasirzadeh

https://arxiv.org/pdf/2509.08713


• Novel experiment design to eliminate confounders

• We evaluate two prominent open-source AI scientists:  

      Agent Laboratory [Schmidgall et al. 2025] & AI Scientist v2 [Yamada et al. 2025]

Our findings:
• AI Scientist v2 selects easier benchmarks

• Both cook up their own datasets, and falsely report performance as being 
under original datasets

• Both p hack the results they report

Do autonomous AI Scientist systems follow a 
methodologically rigorous scientific workflow?

joint work with Ziming Luo and Atoosa 
Kasirzadeh

https://arxiv.org/pdf/2509.08713


How to Review AI Scientist Research?
 

Key reviewing takeaway: Require submission of trace logs and 
generated code of the entire workflow from AI scientist systems, 
along with the paper, and evaluate them using LLMs.

joint work with Ziming Luo and Atoosa 
Kasirzadeh

https://arxiv.org/pdf/2509.08713


Survey:

Ping me:
nihars@cs.cmu.ed

u

bit.ly/PeerReviewOvervie
w

Advancements in AI present tremendous opportunities 
and also challenges in scientific reviewing

Focus on first-principle objectives of 
science



You have to go to the 
real world.  You can go 
back to your regular 
resubmissions-rebuttals, 
and forget any of this 
ever happened. Or you 
can know the truth 
about these conferences.

My paper got 
accepted to 
NeurIPS!!

It means your paper 
was rigorously 

reviewed and found 
to be technically 

sound and one of 
the most impactful!

Truly remarkable 
achievement to get 

into the most 
prestigious, highly 

selective AI 
conference!

Wow, you will now 
get better grad 
school admits, 
better jobs,…

Credits: “Piled Higher and Deeper” by Jorge Cham

Do you guys 
ever think 

about review 
quality?

Credits: “Barbie” 
movie

I’ll NEVER 
COUNT 
PAPERS 
AGAIN





Can LLM feedback enhance 
review quality? A randomized study 

of 20K reviews at ICLR 2025
Nitya Thakkar, CS PhD @ Stanford



Stanford University

Peer review faces many challenges

1. Vague: ‘not novel’, ‘not SOTA’
2. Mismatch: reviewers assigned outside their expertise
3. Inefficient: same paper reviewed multiple times due to high 

rejection rates
4. Inconsistent: high variability among reviewers (NeurIPS 2014 

experiment)

44



Stanford University

The number of AI 
conference 
submissions is 
rapidly increasing

45

ICLR



Stanford University

Can we use LLMs to improve peer review?

● This is a hard task…
● But we know LLMs are strong critics & can provide useful feedback

46



Stanford University

LLMs are already being used in the peer review process

At ICLR 2024, 10.6% of reviewers used LLMs to help draft reviews

47



How can we improve review quality 
(clarity, actionability, specificity) at scale 

using LLMs?

48



Stanford University

Aspects of review quality we targeted

49

Majority of 
feedback 
provided



The review feedback agent

50



Stanford University



Stanford University

*all LLMs used Claude Sonnet 3.5 
(June 20, 2024) 



Stanford University



Stanford University



Stanford University



Stanford University



Stanford University

Reliability tests
1. Restate what the reviewer wrote

a. Reviewer comment: Can examples or further clarification be given for the 3.1 sentence 
"enhancing the accountability of the output"? This isn't clear, at least to me.

b. Feedback to the reviewer: This is a good point that could lead to improved clarity in the paper. 
To make your comment more actionable, you could ask the authors to provide examples or 
further clarification for the sentence "enhancing the accountability of the output".

2. Feedback only praises reviewer
a. “This is a good question that challenges a key assumption of the paper. The feedback 

appropriately suggests asking for evidence or citations to support this claim.”
3. Feedback is addressed to the author

a. “To strengthen your paper, consider discussing the relationship between FrugalGPT and 
traditional ensembling techniques. Highlight both similarities and differences, and explain how 
this relates to the observed quality improvements. This would provide more context for your 
results and situate your work within the broader field of machine learning.”

4. Reviewer comment appears verbatim in review

57



Experimental setup

58



Stanford University

ICLR 2025 experiment: randomized controlled study

11,603 submissions

59



Stanford University

ICLR 2025 experiment: timeline

60

2024 2024



Stanford University

Feedback was posted as a private comment to a review

Reviewers got an email 
notifying feedback 
posted, optional to 
make edits

61



Key results

62



Stanford University

27% of reviewers updated review after receiving feedback

● ~17 percentage point difference 
in update rate among those 
who received feedback and 
those who did not

● Reviewers who submitted early 
were more likely to update

63



Stanford University

Measuring how much feedback reviewers incorporate

Out of 18,322 total feedback items given to reviewers who update review, 12,222 
incorporated (~67%)

64



Stanford University

Validation of incorporation model

Manually labeled 222 feedback items from 
63 unique reviews (randomly chosen from 
active group) as being incorporated into 
edited review or not

● Labels: Incorporated 132 feedback 
items, did not incorporate 90 (~59.5% 
incorporation rate)

● 92% accuracy rate on labeled set

65



Stanford University

89% of reviewers who updated review incorporated 1+ 
piece of feedback

66



Stanford University 67



Stanford University 68



Stanford University

Human evaluators preferred revised reviews when given feedback

Feedback significantly increased both the rate and detectability of improvement

69



Stanford University

Feedback caused reviewers to be more engaged during 
review period

70



Stanford University

Feedback also increased engagement during rebuttal period

71



Stanford University

Feedback did not cause any 
statistically significant 
difference in acceptance rates

72



Stanford University

Key takeaway: many reviewers found AI feedback worth incorporating, 
although the intervention had minimal impact on final scores

73

Summary



Stanford University

Limitations & next steps

● Limited feedback to 3 categories (specificity, misunderstandings, 
professionalism)

● Explore newer LLMs for more nuanced feedback & robustness
● Deploy at more AI conferences across diverse research topics

74



Stanford University 75

Mert Yuksekgonul Jake Silberg James Zou

ICLR 2025 PCs:
Animesh Garg
Nanyun Peng
Fei Sha
Rose Yu
Carl Vondrick

OpenReview:
Celeste Martinez Gomez
Carlos Mondragon Chapa

Paper:

Code:

Questions?



Stanford University

Ethics

● Deemed low-risk by IRB review
● Reviewers have full control over the final review & scores visible to authors 

(feedback is entirely optional)
● ICLR papers and reviews are public to the community, agent is not given any 

identifiable or private information about reviewers and authors
● Feedback is only visible to reviewers and program chairs, does not factor into 

acceptances

76



AI-Assisted AI Science and Its 
Implications for Peer Review

* * *

* Equal contribution, † Equal advising

††
Y. Yamada R.T. Lange Cong Lu S. Hu

Chris Lu J. Foerster J. Clune D. Ha



A Generative AI Moment for Scientific Discovery
Images

Ti
m
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GANS (2014)

Dallé (2021) Midjourney (2022)

SDXL (2023) Dallé-3 (2023)

VAEs (2013)

Imagen-3 (2024) Flux-1 (2024)

Science

AlphaFold/AlphaTensor (2021/2024)

Galactica (2022)

ESM3 (2024)

The AI Scientist (2024, 2025)

👉 Improvement over time, collective effort for democratization, improvement, validation

Video

Make-A-Video (2022)

Sora (2024)

Veo (2024)

Walt (2024)

Text

Seq2Seq (2014)

GPT-1 (2018)

Transformer (2017)

ChatGPT (2022)

Claude, Llama, Mistral, DeepSeek, …

InstructGPT (2022)



LLMs are used all over the place to automate parts of research…

Chen et al. (2023): EvoPrompting
Architecture Search with LLMs

Lehman et al. (2023): ELM
Morphogenesis with LLMs

Ma et al. (2023): Eureka
Reward Fn Design with LLMs

Romera-Paredes et al. (2024): FunSearch
Math/code Discovery with LLMs

Lange et al. (2024): EvoLLM
Evolutionary Optimization with LLMs

Lu et al. (2024): DiscoPOP/LLM²
Loss Fn Discovery with LLMs

Hu et al. (2024): ADAS
Agentic Design with LLMs

Hu et al. (2024): AlphaProof/Geometry
Math/Geometry with LLMs

Si et al. (2024): Automated Ideation
Idea Generation with LLMs



The Current State of the Human Scientific Community

Blog/Summary

Problem Identification, Hypothesizing, Brainstorming, Experimentation

Reviewing & Iteration Knowledge DiffusionPublishing



But… can we automate the entire research process with AI Scientists?



Code Δ via
LLM & aider

LLM Idea/Plan
Innovation

Experiment
Template

Update Plan

Experiments

Numerical 
Data/Plots

LLM Paper 
Reviewing

Idea scoring / 
archiving

Manuscript
Template

Text Δ via
LLM & aider

Manuscript

Experiment
Exec Script

Idea Generation

Novelty Check 
Sem. Scholar

Experiment Iteration Paper Write-Up

The AI Scientist-v1: An Automated Template-Based Research Pipeline



The AI Scientist-v1: Papers based on 3 Experiment Templates

Grokking
NanoGPT

2D Diffusion

👉 For The AI Scientist-v1 we choose 3 distinct subfields of ML to explore



The AI Scientist-v1: Templated Experiments, AI Reviewer & Limitations

👉 Tree-search to expand the depth of hypothesis testing & knowledge accumulation



LLM Idea/Plan
Innovation

1.  Preliminary Idea Investigation

LLM Paper 
Reviewing

Idea scoring / 
archiving

Plotting +
VLM Feedback

Manuscript
Template

Manuscript

Idea Generation

Novelty Check 
Sem. Scholar

Tree-Based Experimentation Paper Write-Up

2.  Baseline Hyperparameter Tuning

3.  Research Agenda Execution

4.  Conducting Ablation Studies

[Select Best Node][Write to exp. log]

[Select Best Node][Write to exp. log]

[Select Best Node][Write to exp. log]

The AI Scientist-v2: An Automated Tree Search-Based Research Pipeline



A Multi-Stage Tree-Based Approach to Automated Experimentation



The AI Scientist-v2: The First AI-Generated Workshop-Level Paper

Released in March/April 2025

👉 Scores: [3,4,7]

👉 Scores: [3,3,3]

👉 Scores: [6,6,7]



Collaborating with the ICINB ICLR 2025 Workshop

👉 It is crucial to be transparent, let human reviewers opt-out & to obtain a proper IRB!

👉 3 papers submitted with organizer support + IRB [H24-02652]



AI Scientists still suffer from hallucinations

👉 Check paper & Github for full analysis: 
github.com/SakanaAI/AI-Scientist-ICLR2025-Workshop-Experiment/ 

https://github.com/SakanaAI/AI-Scientist-ICLR2025-Workshop-Experiment/


Stanford University

Challenges & Ethical Considerations

- Transparency and Attribution
⇒ When and how to declare?

- Misuse 
⇒ How to avoid gaming peer-review?

- Responsible development requires open discussion about these issues

��



Stanford University

The quality of AI-generated papers might continue to improve

Changing the underlying models only



Stanford University

Structured representation of each study

Hypothesis 1 Hypothesis N

Result 1 Result N

Hypothesis 1

Result 1

Refute Support Inconclusive



Stanford University

Towards structured knowledge accumulation

Gen 1

Gen 2

Gen 3

Study 1 Study 2 Study 3 Study 4



⇒ Contact: yutaroyamada@sakana.ai
⇒ X/Twitter: @_yutaroyamada 

Thank you!

mailto:robert@sakana.ai


Contact us: 
ai-reviewer@chalearn.org


