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How to evaluate
“Al reviewer” performance?

Existing approaches:

(1) See how well Al reviewers predict past (human) review scores

[Yuan etal. 2021, Checco et al. 2021, Idahl et al. 2024, Shcherbiak et al. 2024, Thelwall et al. 2025, Chitale et al.
2025, Shinetal. 2025...]

Drawbacks: Past review scores themselves subjective, biased, etc.;
may not capture true objectives of peer review...
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Experiment in a premier Al/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

© —
oc—

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

Analysis of reviews
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on erroneous part was sound was straightforward erroneous
technical part part

* Very few comments on the methods

* Review quality uncorrelated with reviewers’ self-reported confidence and expertise
» Correlation with self-reported confidence: Kendall’'s t,=-0.108 (p = 0.98)
» Correlation with self-reported expertise: Kendall’s t;,, = -0.002 (p = 0.30)

[Shah Section 10.1.2]
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https://www.cs.cmu.edu/~nihars/preprints/SurveyPeerReview.pdf

How to evaluate
“Al 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...
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2022 EXPERIMENT ON REVIEWING REVIEWS

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

joint work with Alexander Goldberg, Ivan Stelmakh,
Kyunghyun Cho, Alice Oh, Alekh Agarwal, Danielle Belgrave
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https://arxiv.org/pdf/2311.09497.pdf

ean score given by evaluator to review
N w H w (o)} ~

=

2, Understanding 2 Coverage
=1
, [
....... weereee >
...... o
’;’Tg?:,‘h\ ‘‘‘‘‘ 8
L S~ --,go--._ S-1|
P pE— - fhr}
-’ z’ ©
3
ot T-2 -2
e 21 2 3 4 5 6 7 8 9 10 °1 2 3 4 5 6 7 8 9
22 Substantiation 2 Constructiveness
+“‘ C
()
. 2 1 1
—e— Meta Reviewers = Authors 3
--+-- Reviewers --e- External S o 0
&
1 2 3 4 5 6 7 8 9 10% *
Score given by reviewer to paper g‘l‘ -1
, , 21 2 3 4 5 6 7 8 9 1021 2 3 4 5 6 7 8 9
(a) Overall review quality score Score given by reviewer to paper

(b) Criteria scores

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]
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https://arxiv.org/pdf/2012.00714
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2022 EXPERIMENT ON REVIEWING REVIEWS

Or ask other researchers

joint work with Alexander Goldberg, Ivan Stelmakh,
Kyunghyun Cho, Alice Oh, Alekh Agarwal, Danielle Belgrave
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https://arxiv.org/pdf/2311.09497.pdf

Randomized Controlled Trial: Original review ...

Summary: : [freeform text] :
- - - - - - - - - "= "= -"=-"=-""=-"=""=""="=-""/"=-"="=”"¥"="="¥"="=-""=/-"=-"=-"=-""=/-"=-"="= |
Strengths And Weaknesses: : [freeform text] :
- - - - - - """ -"=-"=-"=-""="-"=-"=""="=-""="="="="¥"=""=-"¥"/"=-""=/-"=-"=-"=-""/=/-"=-"="= |
Questions for I [freeform text] :
authors: I I

Ethics Flag: | No ‘:

Soundness: 2 Fair

Presentation: | 4 Excellent

Contribution: | 3 Good

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

Confidence 4: You are confident in your assessment, but not absolutely certain. It is unlikely, but...
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..made longer without useful information

Summary: "“reeform text]

<Replicate abstract>

Strengths And [freeform text]

Questions fo [freeform text]

authors: § - ___ ¥ _ -

| Let me briefly summarize In this section of the Here are some questions Overall, in my
the paper and its g Present review, | will I have for authors. | opinion, <replicate

: contributions. | do not now outline the would like to see the everything from
evaluate the paper in this B strengths and response to these dropdown options>
section and the detailed ‘ weaknesses of this questions in the rebuttal.

( evaluation is given below. ' submitted paper.

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

Confidence 4: You are confident in your assessment, but not absolutely certain. It is unlikely, but... u
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Mean score:

Original review  Uselessly elongated review

3.73

4.29 (higher = better)

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)
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How to evaluate
“Al reviewer” performance?

Our approach:
Focus directly on peer review’s objectives
x|

\

‘ Ensure rigor of published research

4

¥ f;' Filter to select more interesting or better research



Number of reviews

80 |

60 |

40

Human vs. LLM reviewers

54
19
6
] |
No comment Said erroneous Said erroneous part Questioned
on erroneous part was sound was straightforward erroneous
technical part part

GPT-4:
* |dentified one error consistently
* Sometimes another error, upon steering

 Did not identify the third error
[Shah Section 10.1.2]
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https://www.cs.cmu.edu/~nihars/preprints/SurveyPeerReview.pdf

Detecting errors in short papers

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

v' 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.”

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

joint work with Ryan Liu



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

New Benchmark

FLAWS: A Benchmark for Error Identification
and Localization in Scientific Papers

713 full paper-error pairs

arXi1v:2511.21843v1

joint work with Sarina Xi, Vishisht Rao, Justin Payan

Detecting errors is a promising application N
for Al in reviewing and should be a core

NiharR fRhah


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

The Good

__ ldentifying errors in papers

The Bad

Vulnerabilities in reviewer assignments to fraud

The Ugly
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Context: Two Types of Fraud

(1) Fake accounts and identity theft

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

* This email address is round trip verified

e 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

joint work with Xukun Liu, Melisa Bok, Andrew McCallum
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https://arxiv.org/pdf/2508.04024

Context: Two Types of Fraud

(2) Collusion rings

Why don’t you get
assighed my paper
and acceptit. I’ll
return the favor in
your grant proposal.

Sounds
like a plan!



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

Context: Two Types of Fraud

Key component of fraud:

Dishonest reviewer tries to get
assigned the target paper.




Reviewer Assignment Process

* Uses two sources of data: Text matching (via NLP) and Reviewer bidding

e Bidding is known to be vulnerable pecmen 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? ]

hhhhhhhhhh


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

_ Text-matching for reviewer assignments is highly gameable

e Al-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 Hs:eh and Ad/tl Raghunathan
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https://arxiv.org/pdf/2412.06606
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\\g "« Autonomous Al scientists and methodological pitfalls
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Autonomous Al scientist systems

 Automate scientific research workflow with little or no human intervention

— —— Al Scientist ~
| &) Broad 4 )
— Direction Generate hypothesis
e > Develop algorithm — |
gl Evaluate on data
Write paper
™ A

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

Joint work with Ziming Luo and Atoosa Kasirzadeh
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https://arxiv.org/pdf/2509.08713

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

* Novel experiment design to eliminate confounders

We evaluate two prominent open-source Al scientists:

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

Our findings:
* Al Scientist v2 selects easier benchmarks

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

e Both p hack the results they report

Joint work with Ziming Luo and Atoosa Kasirzadeh
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https://arxiv.org/pdf/2509.08713

How to Review Al Scientist Research?

We developed a simple LLM-based classifier to detect such pitfalls

Note that Al/ML conferences primarily evaluate the submitted paper

Using paper alone, detection performance is near random
(accuracy and F1 = 0.5)

Using paper, workflow logs and code, detection accuracy is significantly higher
(accuracy and F1 > 0.8)

Key reviewing takeaway: Require submission of trace logs and

generated code of the entire workflow from Al scientist systems,
along with the paper, and evaluate them using LLMs.

Joint work with Ziming Luo and Atoosa Kasirzadeh
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https://arxiv.org/pdf/2509.08713

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

Focus on first-principle objectives of science

Blog post “May the Al be with smence

Ping me:
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