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Abstract

Al reviewers are gaining more attention with the
advent of LLMs. With the increasing volume of
conference papers, the use of Al-based review-
ers has been suggested and implemented to en-
able faster review cycles, improve review quality,
and help the scientific community. In this posi-
tion paper, we argue against the replacement
of peer review by Al reviewers and advocate
the use of Al review tools primarily to verify
claims and improve the quality of the scientific
work. We argue that Al review tools should be
utilized primarily by authors during manuscript
preparation to improve submission quality and
streamline downstream evaluation. We ground
our argument in the values of peer review and
scientific process. Finally, we present research
directions for the responsible integration of Al in
the peer review process.

1. Introduction

In recent years, scientific venues have faced an unprece-
dented and exponential increase in submissions (Maslej
et al., 2024; 2025). Historically, scientific publishing relied
on an implicit equilibrium: the effort required to produce
a paper acted as a natural rate-limiting “cost function” that
bounded the submission volume (Stephan, 2015). However,
the advent of Large Language Models (LLMs) has funda-
mentally disrupted this equilibrium. As the marginal cost of
generating credible scientific claims, methodologies and text
approaches zero (Spitzer, 2026), this increase threatens to
overwhelm the finite capacity of human peer review (Tran
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et al., 2020; Liang et al., 2024), in part due to academic
pressure to “publish or perish” culture (Beale, 2025).

To accommodate this surge and address the reviewer work-
load crisis, a number of organizations have turned to Al
systems to serve as automated reviewers (Naddaf, 2025),
with works advocating for usage of Al to assist in writing
reviews (Gruda, 2025). For example, Al reviewers have
moved from experimental ideas in research papers to be-
coming part of the official conference process, with AAAI
2026 (Association for the Advancement of Artificial Intelli-
gence, 2025) having an official Al review, the “La Caixa”
Foundation (LCF) implementing the use of Al-based meth-
ods for prescreening research proposals, and NeurIPS 2026
piloting an LLM-based reviewer assistant program'. In par-
allel, multiple research works have proposed specialized Al
reviewer agents that have been accepted at top conferences
(Weng et al., 2025; Zhu et al., 2025b; Zeng et al., 2025; Garg
et al., 2025) and commercial tools are being built for review
and scientific discovery on top of these works”. Research
works such as Bauchner and Rivara (2024) advocate that the
use of Al as a screening tool prior to external peer review is
an inevitable development, while Mann et al. (2025) show
that Al reviewer can plausibly enhance error detection and
reduce reviewer workload.

In this position paper, we argue that replacing human peer
reviewers with Al reviewers is fundamentally misaligned
with the principles and values of the scientific process.
We discuss the importance of peer reviews as a quality
filter in scientific venues and the risks of exposing scientific
verification to imperfect commercial Al output. We discuss
the flaws in current Al-based reviewer evaluations, address
the claims around scientific productivity that these tools aim
to bridge, and explore why the limitations of Al reviewers
are rooted not merely in their current technical capabilities
but in how we collectively value and perceive science. For
this purpose, it is important to draw a distinction between
an Al reviewer and Al review tools. While an Al reviewer is
defined as a fully automated system that is built to produce
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a review similar to that of the human, Al review tools are
systems developed to assess and verify a particular aspect
of the scientific publication, such as code, theorems, and
grammar. We are critical towards the former but analyze
the potential in the latter. Finally, we outline a path forward
for the safe integration of Al-assisted technologies to
enhance and broaden peer review.

2. What are the Goals of Peer Review?

Peer review was first introduced by Henry Oldenburg in
1665 in the Philosophical Transactions of the Royal Society
of London 3. The idea of peer review, as the term implies, is
for a work to be evaluated by peers within a given scientific
field. Peer review acts as a social contract between authors,
publishers, and the broader scientific community: an article
is published once it is found to be robust and interesting
according to the perspective of human experts (peers).

¢ Technical Goals

— Quality goal: Often, the first task in peer review
is to determine whether the quality of writing,
methods, logic, and internal consistency meet a
minimum bar for inclusion in the journal or venue.

— Verification goal: Verification and check of the
arguments, methodologies, and data presented
in the paper. This ensures that the experiments,
methodology supports the main idea of the paper.

— Developmental Goal: The ”Polishing” of Ideas.
Peer review functions not merely as a gatekeep-
ing mechanism but as a structured, constructive
process. Reviewers act as anonymous mentors,
providing constructive feedback that pushes au-
thors to clarify their language, strengthen their
experiments, and refine their claims.

* Value driven goals

— Epistemic Value Goal: Filtering the signal from
noise. Deciding if a paper is “interesting” or “sig-
nificant” requires an understanding of the current
zeitgeist of a scientific community.

— Ethical Goal: Peer review often provides science
with ethical oversight, especially in studies involv-
ing human subjects. For example, the Al commu-
nity requires an ethical statement in most major
conferences, e.g, ICLR: ethical statement; ICML:
broader impact statement; NeurIPS: checklist.

— Sociocultural Goal: Establishing scientific truth
through collective consensus. Peer review facili-
tates the negotiation of facts within a community

*https://royalsociety.org/journals/
publishing-activities/publishing350/
history-philosophical-transactions/

Technical Goals (AI-

Verifiable)

Value-Driven Goals (Human-
Required)

Quality Assurance: Assessing
the quality of writing, checking
internal consistency, logic, and
adherence to minimum method-
ological standards.

Verification: Auditing math-
ematical arguments, methods,
and data, to ensure that exper-
iments and methods support the
paper’s claims.

Reproducibility: Executing
code and validating experimen-
tal data pipelines.

Scientific Development: Pro-
viding constructive feedback to
improve clarity, formatting, and
presentation.

Epistemic Evaluation: Decid-
ing a paper’s significance and
novelty within the current scien-
tific context.

Alignment & Scope: Ensuring
the research fits the priorities
and boundaries of the venue.

Knowledge Building: Collab-
oratively advancing the field’s
shared understanding.

Consensus: Negotiating sci-
entific meaning and validating
facts within the expert commu-
nity.

Ethical Oversight: Assessing
broader societal impacts, dual-
use risks, and human subject
protections.

Table 1. The demarcation between automated verification and
human judgment in peer review.

of expert peers, ensuring that knowledge is vali-
dated by those within the relevant field.

— Alignment Goal: Peer review also serves as a
filter for research that is considered consistent or
inconsistent with the accepted scope of the field
or publication.

— Shared Knowledge Building: Peer review con-
ducted for specific venues, journals, and confer-
ences serves as a critical mechanism for the col-
lective construction, validation, refinement, and
advancement of scientific knowledge.

Peer review serves multiple essential objectives in maintain-
ing the integrity of scientific literature. To better understand
how automated systems can assist in this process, we cat-
egorize the goals of peer review into two distinct areas:
technical goals and value-driven goals, summarized in Table
1.

Technical goals focus on the objective, verifiable compo-
nents of scientific research. This includes verifying math-
ematical arguments, ensuring methodological soundness,
and confirming the reproducibility of experimental code and
data. Moreover, reviewers act as anonymous mentors, pro-
viding constructive feedback that pushes authors to clarify
their language and refine their claims. Because these tasks
rely on formalized rules and internal consistency, they are
strong candidates for Al-assisted verification. By automat-
ing or semi-automating these checks, the review process
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can more efficiently ensure baseline quality and help au-
thors systematically improve and polish their work. For
example, an Al system could check if the method section is
sufficiently clear and check the validity of statistical claims.
It might be better at detecting manipulated data than most
human reviewers, and can provide constructive feedback at
scale. We elaborate on this in Section 5.

Value-driven goals, in contrast, inherently require human
judgment and domain expertise and extend beyond pure
verification of the arguments, methodologies, and results to
the construction of the scientific facts, ethical integrity, and
collective knowledge building. They include determining
whether a contribution is scientifically significant or inter-
esting, which requires a deep and practical understanding
of the field’s current direction. Furthermore, peer review
is a collaborative process where experts negotiate scien-
tific consensus, define the boundaries of a venue’s scope,
and provide critical ethical oversight, particularly regarding
broader impacts and human subjects.

We also consider the human editor (i.e., the area or program
chair) to be a key figure in the peer-review process who
makes the initial and final decisions about a scientific con-
tribution. Both the editor and the reviewers should keep in
mind the impact their decisions will have on moral, epis-
temic, and sociocultural values. When it comes to ethical
values, considerations of whether research contributes to the
society or if it can be misused.

The sociocultural goal of peer review is to provide a stamp of
approval for the research paper and also to facilitate dialog
within the community.

5

The current peer review model operates as a “commons’
that relies heavily on scarce human expertise and domain
knowledge (Northcraft and Tenbrunsel, 2011). Although an
Al reviewer can detect grammatical errors or verify format-
ting (Korniienko, 2024), it lacks the epistemic grounding
to thoroughly negotiate scientific meaning. For example,
an Al reviewer would lack access to informal knowledge
where researchers collectively interpret emerging directions,
reassess what questions matter, and form shared judgments
about what counts as timely, surprising, or valuable. If we
outsource this validation to an Al reviewer to cope with
the volume of submissions, we abandon the social contract
of peer review, shifting from a community of practice to
a purely transactional mechanism of text generation and
automated approval. Thus, in Section 4 we argue that value
driven and community goals of peer-review cannot be out-
sourced even to an otherwise perfect Al reviewer.

3. Do Specialized AI Reviewers Work and
Make us Productive?

3.1. Specialized reviewers are developed and evaluated
incorrectly

Recently proposed Al review agents such as CycleReviewer
(Weng et al., 2025), ReviewRL (Zeng et al., 2025), Schol-
arPeer (Goyal et al., 2026), DeepReview (Zhu et al., 2025b),
and Automated Peer Reviewing (Yu et al., 2024), reveal two
methodological shortcomings in their development.

* Dataset Bias: The curation of training and evaluation
datasets over-indexes heavily on publicly accessible
repositories, predominantly OpenReview. This lim-
its the generalizability of these models across diverse
scientific disciplines and varied review formats.

¢ Misaligned Evaluation Objectives: Existing Al-
based reviewers are predominantly assessed using dis-
tance or ranking metrics such as Mean Absolute Error
(MAE), mean Squared error (MSE), and Spearman
correlation with ground-truth human review scores.

This evaluation creates a critical misalignment: it incen-
tivizes models to mimic human writing styles and surface-
level proxies (Checco et al., 2021) rather than satisfying the
technical criteria of peer review.

Although achieving high fidelity to human baselines may
demonstrate strong language generation capability, match-
ing human scores is an intrinsically flawed objective for
scientific evaluation. By optimizing for correlation with
human scores and review, they inherit human biases while
simultaneously introducing novel machine-specific failure
modes. Our claim is further supported by recent studies
showing that Al reviewers often overlook counterfactual
content (Dycke and Gurevych, 2026) and display a pref-
erence for Al-laundered manuscripts compared to human-
written ones (Baumann et al., 2026). Furthermore, bench-
marking against human scores and review masks a spectrum
of systematic vulnerabilities inherent in Al. These include,
but are not limited to, systematic bias (Bougie and Watan-
abe, 2024; Zhu et al., 2025a), adversarial susceptibility (Zhu
et al., 2025a; Lin, 2025; Li et al., 2025), novelty blind spots
(Akella et al., 2025), and hallucination phenomena (Du et al.,
2024).

3.2. Al reviewers do not make reviewing more
productive

In this section, we examine common arguments for produc-
tivity gains among different stakeholders in the peer review
process and provide our critique to those arguments

Reviewer Productivity: A primary motivation for incorpo-
rating Al-based reviewers is to reduce the human reviewer
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workload.

Critique: With Al-generated reviews, human reviewers are
still expected to audit Al output and provide an indepen-
dent assessment. However, verifying Al-generated claims
introduces an additional cognitive load. Furthermore, de-
spite widespread assumptions, no randomized controlled
trials (RCTs) currently demonstrate that Al reviewers effec-
tively decrease the total time that human reviewers spend
reviewing.

Editor/Program Committee Productivity: Having an ad-
ditional AI-Review for the editorial team can be helpful
when there is a lack of reviewers and provide an additional
perspective.

Critique: Having an additional review also involves eval-
uating that review in the decision making process, which
increases effort by the program committee. Having an Al re-
view also opens up the possibility of automation bias within
the decision making body.

Author’s Productivity: Allowing authors to have a review
by an Al-based reviewer before submission can result in
better writing, avoiding technical errors, which can save
reviewers time and instill confidence in the review process.
Providing authors with access to Al-based tools can result
in the democratization of resources to improve the writing
and development of scientific articles for authors.

Critique: Having an Al reviewer provided to authors can re-
sult in papers explicitly crafting their work in an Al-friendly
manner. Although not necessarily a bad thing, this could
lead to a lack of originality in the authors’ writing style
and a focus on the areas where Al-based reviewers find it
necessary; Al tools have also been shown to expand the
impact of scientists, but contracts science’s focus (?).

Overall, we believe that in the current peer review frame-
work, where stakeholders take full responsibility of their
reviews and decisions, the use of Al reviewers is not saving
time for reviewers and program committee unless we enable
explicit delegation.

3.3. Al reviewers are biased, easily manipulated, and
miss critical flaws

Current Al reviewers struggle with foundational evaluation
tasks. Although human reviewers are capable of detect-
ing roughly 24-37% of injected manuscript flaws (Shah,
2025), Al reviewers inherently fail to detect faulty reason-
ing (Dycke and Gurevych, 2025) or recognize the omission
of critical information (Fu et al., 2025). Even when explic-
itly prompted about the presence of flaws, the accuracy of
the Al reviewer identification reaches only 39.1% (Xi et al.,
2025).

Furthermore, Al reviewers exhibit severe scoring biases.

They disproportionately assign highly positive scores
(Demetrio et al., 2025; Zhu et al., 2025a) and cannot reliably
distinguish between accepted and rejected papers, leaning
heavily towards acceptance (Sharma et al., 2026). In con-
trast, human reviewers show much higher consistency when
rejecting papers (Cortes and Lawrence, 2021), despite suf-
fering from overall weak inter-rater agreement (x = 0.17)
(Bornmann et al., 2010). Al reviewers also demonstrate
a distinct impartiality failure, evaluating Al-generated ab-
stracts more favorably than human-written ones (Li et al.,
2025; Akpinar et al., 2026) though humans, notably, share
this exact preference due to perceived readability (Li et al.,
2025; Zhao et al., 2026; Hazra et al., 2026).

Security and reliability present another critical failure point.
Unlike human reviewers, Al reviewers can be easily ma-
nipulated through adversarial prompt injections hidden in
PDFs, extracting favorable scores regardless of scientific
merit (Lin, 2025; Zhu et al., 2025a; Baumann et al., 2025).
Finally, while authors perceive Al feedback as highly help-
ful (Liang et al., 2023), this creates an illusion of utility;
models fail to mirror critical human observations regarding
methodology and context (Suleiman et al., 2024). Auto-
mated review tools themselves could be used in a loop with
paper-generating LLMs to either train models or select/edit
drafts to be scored favorably by the review model. These
pieces of evidence indicate that the application of Al review-
ers to support peer review remains highly constrained and
insufficiently developed.

Critically, AI Reviewers will continue to improve. Several
of these cited results are from prior generations of mod-
els. The overall performance of several frontier models
has continued to advance due to the exploitation of scal-
ing laws, improved inference and grounding, guardrails,
and agentic capabilities. We should assume that future Al
reviewers will improve and be able to overcome these lim-
itations with better models and evaluation strategies. The
AAAI reviewer (Association for the Advancement of Arti-
ficial Intelligence, 2025) represents an important first step
towards demonstrating that specialized Al reviewers can
support some of the technical goals of peer review, although
the internals of the system remain private and it has not yet
been tested with stress in adversarial settings such as those
explored by Dycke and Gurevych (2025), Lin (2025) and
Baumann et al. (2025). It is plausible and perhaps inevitable
that future Al reviewers will develop robustness against such
adversarial attacks and will be able to produce technically
sound evaluations.

4. Peer Review with a “Perfect” AI Reviewer

Let us assume the existence of an Al reviewer capable of
achieving “perfect” performance defined here as the ability
to detect logical flaws, improve prose, and remain robust to
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manipulation. How would the peer review process change if
a “perfect” Al reviewer existed? More broadly, what would
such a system change about how scientific knowledge is
evaluated and legitimized? In this thought experiment, the
key issue is not only whether Al can judge correctly but
whether scientific work should be evaluated by peers or by
an automated system.

Fully autonomous scenario

In this scenario, the author’s only requirement is to satisfy
the Al reviewer. This means that as long as the Al reviewer
and the Al meta reviewer give the paper an acceptance, then
the paper would be accepted to the venue. We also assume
that everything in the paper works and that the paper is well
written.

The first risk here is that this scenario makes us too depen-
dent on just the prompting of the Al system. The program
chair or organizer of the conference, if any, can simply de-
scribe the kind of papers they want, which can tilt the desires
of the entire scientific community towards the choices of
a few people, restricting the broad spectrum of heteroge-
neous bottom up ideas that emerge in science. The scenario
also questions the meaning of scientific venues; an ArXiv
server can simply be connected to this perfect reviewer and
output content readers priorities. Ultimately, this scenario
undermines the traditional notions of publication, venue,
and scholarly validation.

As discussed in Section 2, the peer-review process serves as
a “meaning-making” mechanism for a paper. A scientific
publication that is evaluated by peers for a venue makes the
publication meaningful, and it is the community that makes
the venue meaningful. For example, publishing at NeurIPS
has value for authors because the scientific community rec-
ognizes this venue as a place where especially important
contributions are presented. The replacement of the peer re-
viewers in this scenario risks erosion of the meaning-making
aspect and goal of the process.

Another limitation in this scenario is a lack of Collective
knowledge and appreciation. As discussed in Section 2, Al
reviewers lack the framework to incorporate value-driven
goals. In peer review, a work is not accepted solely on the
basis of technical rigor; there is a sociocultural element to
this process that benefits the community. There are situa-
tions in which a completely novel application or approach is
favored for acceptance by an editor or a group of reviewers,
despite other limitations of the paper. These criteria are not
possible for an Al reviewer to judge, as currently there is no
framework of collective knowledge and community in Al

5. Where can Al help peer review?

In previous sections, we discussed why an Al reviewer
cannot serve as a replacement for traditional peer review.
However, we cannot discard the need for Al tools to improve
the current peer review process. The question is therefore
not whether Al can contribute, but where its contributions
are principled, bounded, and verifiable.

This section examines how Al-driven tools deployed as
expert verifiers rather than reviewer substitutes can support
the peer-review process and enhance its overall quality. We
organize the discussion around five concrete tasks for which
there is growing empirical evidence: (1) reproducibility and
results verification, (2) grammar and mechanical checks,
(3) mathematical proof verification, (4) citation integrity,
and (5) raw experimental data analysis. For each task, we
describe the current state of the art, quantify the gap that
Al tools can close, and identify the residual limitations that
preserve the necessity of human oversight. We have also
listed usability of Al in different scenarios in Table 2.

5.1. Reproducibility and Results Verification

Scientific manuscripts may occasionally contain incorrect
code, flawed experimental pipelines, or misreported evalu-
ation results. Only about 7% of human reviewers attempt
to re-run submitted code due to time and resource con-
straints (Trisovic et al., 2022). This means that a consider-
able amount of computational claims in accepted papers are
rarely reproduced during review.

Recently, empirical evidence has shown that Al tools can
close this reproducibility gap. When prompted to reproduce
reported findings from manuscripts alone, LLMs can repro-
duce approximately 53.2% of results (Dobbins et al., 2025).
When deployed, Al agents are able to inspect, modify and
execute code in a sandbox environment, Al can reproduce
up to 96% of results in certain categories (Shah et al., 2026).
Reproducibility frameworks that bundle executable code
and data with a manuscript (Meijer et al., 2024) enable Al
agents to re-run the full analysis from raw inputs and flag
discrepancies for human follow-up. Several benchmarks
have also been proposed to assess the capabilities of Al
systems for reproducibility of scientific works (?). This
suggests that Al tools for reproducibility checks could be-
come an official pre-review step, analogous to automated
plagiarism detection.

5.2. Grammar and Mechanical Checks

Grammatical errors, inconsistent notation, and formatting
violations are persistent sources of barriers to understanding
the scientific content of a paper. Al systems now match
human upper bounds of approximately 76% in grammatical
error detection (Korniienko, 2024; Bryant and Ng, 2015).
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Importantly, this is a domain where the risks of Al involve-
ment are low and the benefits are high.

5.3. Mathematical Proof Verification

In a controlled experiment, peer reviewers often miss algo-
rithmic and mathematical errors, flagging as rarely as 1 in
79 cases in one study (Shah, 2025). This is not a failure of
reviewer competence, but of reviewer bandwidth. Check-
ing a multi-page proof in full generality, including all edge
cases and boundary conditions, is a task that can take a
large proportion of review time while rarely being compen-
sated or recognized. Al combined with formal verification
frameworks has demonstrated strong judgment accuracy,
exceeding 90% on certain problem classes (Ospanov et al.,
2025; Yang et al., 2026). These tools do not yet handle
the full breadth of mathematical reasoning encountered in
machine learning theory, but they represent a credible path
toward formal verification.

5.4. Citation Integrity

Reviewers often lack the ability to verify every reference
and, consequently, the integrity of published work is com-
promised. Mogull (2017) estimate a citation error rate of
approximately 14.5% , which means that nearly one in seven
cited claims is not actually supported by the cited source.
Al systems can now extract, retrieve, and reason over refer-
ences to achieve up to 97% accuracy in verifying whether a
citation genuinely supports the claim it is meant to support
(Yuan et al., 2026; noa, 2025).

5.5. Raw Data Analysis

A fifth promising direction is Al-supported analysis of raw
experimental data. In current peer review practice, review-
ers typically assess processed summaries rather than raw
experimental data, operating in an environment of severe
information asymmetry. Empirical evidence demonstrates a
systemic lack of access to the underlying data and code. For
example, in an experiment, among 41 manuscripts in which
raw data were explicitly requested, more than 97% failed
to provide it, resulting in 21 immediate withdrawals and
19 rejections (Miyakawa, 2020). Similarly, Anderson et al.
(2021) evaluated 232 cardiology publications and found that
96.6% lacked access to unmodified datasets, 98.7% omitted
step-by-step analysis scripts, and 98.3% withheld complete
study protocols. Al tools that allow reviewers to directly
interrogate experimental logs and raw datasets rather than
rely solely on author-curated tables, figures, or summary
statistics can expand the scope of peer review and make
overall science more transparent.

Empirical studies show promising evidence that LLMs and
multimodal agents are capable of interrogating raw data and

verify research integrity at scale. Autonomous Al agents
have successfully processed raw proteomics datasets end-
to-end to generate expert-validated hypotheses (Ding et al.,
2024; Craig and Driaghici, 2024), while machine learning
models have achieved an F1 score of 0.92 in detecting con-
tamination artifacts in HPLC traces that are invisible in sum-
mary statistics (Gusev et al., 2025). Furthermore, automated
pipelines can detect data leakage in benchmarks (Xu et al.,
2024) and multimodal frameworks can verify fine-grained
alignment between textual claims and visual elements in
figures (Shi et al., 2024). By delegating the exhaustive
verification of raw data to Al, the peer review process can
automatically uncover hidden methodological flaws, ensur-
ing human reviewers can focus their limited bandwidth on
the value-driven evaluation of the research.

6. Suggestions and Research Priorities

In this section, we outline suggestions for the safe and fair
integration of Al systems into the peer review process, asso-
ciated risks, and research priorities.

Evaluation with reviewers rather than in isolation: Peer
review agents are typically framed as tools to support human
reviewers. Although this is a reasonable goal, we advocate
that these systems should be assessed in a collaborative set-
ting alongside reviewers. Merely optimizing performance
on static peer review benchmark is not a sustainable path
to building effective Al reviewers. This also forces us to
clarify what we consider a good review in a qualitative way.
We should conduct RCTs across diverse groups of review-
ers to measure the influence of Al reviewers, analogous to
Jones (2026), which demonstrates that Al-based reviewer
assistants can help make reviews more polite. Related to
this suggestions Sikimi¢ (2025) also explores how Al can
complement human reviewers in a constructive manner, im-
proving the quality and reliability of the peer review process
for grant reviews.

Risk: Human computer/Al interaction research is not easy.
There is a natural risk of sampling bias, and defining pro-
tocols for these development exercises as well as devising
learnings from these studies will be a challenge. These
studies are also time consuming, whereas the integration of
these systems is already happening.

Allow red teaming: When introducing any kind of Al re-
viewer in peer review, the Al system should be open for
some time to red teaming by the community to find obvious
faults. This ensures transparency in the peer review pro-
cess, improves model quality through public feedback, and
demonstrates the limitations of these reviewers in a public
manner.

Risk: An Al system may bias topic selection toward what the
Al favors or lead to edits that serve the Al rather than human
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Task Human

Al

Grammar / typos Reliable but slow
Code reproduction

Proof checking

Citation integrity

Raw-data anomaly detection
Detecting faulty reasoning
Detecting missing information
Robustness to prompt injection
Judging significance

Judging novelty

Ethical assessment
Community validation

Final decision

Catches a meaningful share
Strong on omission
Resistant

Grounded in field zeitgeist

Required by venue norms
Constitutive of peer review
Accountable, contestable

Rarely attempted under time pressure
Often overlooked due to bandwidth

Lacks bandwidth to verify every reference
Limited access; relies on summaries

Recognizes timeliness and reframes

Matches human upper bound
Reproduces most results with guidance
Reliable on bounded problem classes
Accurately retrieves and verifies at scale
Can interrogate logs and traces (if available)
Largely fails, even when prompted
Cannot tell what’s not there

Easily manipulated

No grounding; mimics human style
Blind spots on genuinely novel work
Limited to predefined safety guardrails
Cannot participate in social consensus
Unaccountable; risks automation bias

Table 2. Comparative strengths and limitations of Peer and Al Review

readers. This risks leading to Goodhart-style* overfitting,
where the reviewing process measures and rewards not the
intended qualitative properties of the paper, but their proxies
in the form of topic selection, style of writing or editing.

Al Reviews and feedback should not be provided to the
decision making body: Al reviews and any kind of feed-
back by Al should not be visible to the decision making
body, such as the Area-chair or program committee, to avoid
automation bias. Multiple studies have shown that even an
algorithmic suggestion can exhibit overconfidence in the
system and allow for bias from the decision maker, as well
as amplify existing biases.

Risk: While this suggestion avoids automation bias, it allows
for obvious flaws in the paper detected by Al reviewer to be
missed by the program committee (who are also overworked
and volunteers and can miss small but very relevant details).

Al as a pre-check mechanism: As pointed out in Section
3.2, current integration of Al tools does not save time, as
the reviewer is still responsible for reviewing. Having Al
agents for time intensive tasks such as reproducibility check,
grammar, and proof checking can serve the review process
and improve transparency in science. Having these verified
agents as pre-checks can help in reducing errors in proofs,
code and allows author to improve the quality of their paper
before submitting it to an appropriate venue.

Risk: There are risks regarding the integration of these
tools, from financial (who will pay for the tools and model
cost) to what kind of proofs can be verified? For example,
proof checkers are a great solution for a certain kind of
math, like number theory or algebraic geometry, but not for
graph theory and category theory. Having precheck require-
ments poses risks to alienate science which cannot fit in the
precheck standards and stick to easy to verify problems. Fur-
thermore, the effectiveness of these tools is hindered by AI’s

“In evaluation, Goodhart’s Law states that when a metric be-
comes a target, it ceases to be a reliable measure of success.

own reproducibility crisis and the worsening transparency
in foundation models’.

7. Alternative Views

In this section, we examine alternative perspectives and
counter arguments to our position and offer our critical
response to each of them.

We should abolish peer review: Multiple works such as
Heesen and Bright (2020) argue for the abolishment of peer
review because of its time intensiveness, inefficiency, and
bias, and advocate for post publication review instead. Simi-
larly, Mastroianni (2022) argues that peer review does more
harm than good because it can give unwarranted credibility
to fraudulent papers.

Critique: While this argument raises valid concerns, we
should also note that in fields like machine learning and
computer science, a large number of papers do have a pro-
cess similar to post-publication reviews, with papers first
being published on ArXiv and then being submitted to a con-
ference or journal. Post-publication review can also create
bias in favor of established researchers from top universities
vs early career researchers from lesser known institutions.
In research areas like medicine, post-publication review can
create hype and misinformation around articles with exag-
gerated claims or misinterpretations of data, which peer
review can correct.

Al reviewers will get better and overcome every limita-
tion with new models: Al based reviewers will get better
over time and can replace human reviewers once this hap-
pens. This claim is valid; we also mention this in our article.

Critique: Critique to this view is addressed in Section 4.
Al review is necessary to scale peer review: Given the

Shttps://crfm.stanford.edu/fmti/
December-2025/index.html
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exponential growth in submissions, human-only peer review
may become fundamentally unsustainable. Al reviewers
could act as a necessary scaling mechanism, enabling faster
decision cycles and preventing reviewer overload. In this
view, even imperfect Al reviewers are preferable to overbur-
dened human reviewers who produce low-quality reviews.

Critique: While scalability is a real concern, replacing hu-
man review with Al risks solving a capacity problem by
sacrificing epistemic quality and community governance. A
more robust solution is to use Al to reduce workload through
bounded tasks (e.g., verification, summarization), while
preserving human judgment for evaluation and decision-
making. Otherwise, we risk creating a high-throughput but
low-trust publication system. This view also downplays
systematic approaches to deal with scale, such as reciprocal
reviewing and a token amount required for excessive num-
ber of submissions by authors (IJCAI’25) as well as capping
maximum number of submissions per author (KDD).

Al can increase the objectivity of peer review: Human
reviewers often disagree about the quality of a submission
(Doyle et al., 2015; Fang et al., 2016). This disagreement
indicates a lack of objectivity, and a properly designed Al
should be able to provide an objective and less biased deci-
sion.

Critique: A well-designed and fair Al system could, in prin-
ciple, produce highly consistent evaluations of scientific
submissions. However, this potential advantage introduces
two significant concerns. First, because Al systems are eas-
ily scalable, a single model could be adopted across many
institutions, leading to an algorithmic monoculture. Such
homogenization risks standardizing evaluation criteria and
publication decisions on a scale, thus reducing intellectual
diversity in the scientific literature. Second, even highly
capable Al systems remain fallible. If the same model is
widely used, important work that it systematically misinter-
prets or undervalues may struggle to be published at all. For
these reasons, consistency alone should not be treated as a
virtue, as it may come at the expense of the diversity and
plurality that scientific progress depends on.

8. Conclusion

In this position paper, we discuss the capabilities of current
Al-based reviewers. We advocate against using Al review
as a replacement for peer review and for using Al tools
in peer review for reproducibility, proof verification, ci-
tation integrity, and paper improvement. We grounded
our position in the social contract of peer review and advo-
cate that integration of Al review tools should be limited to
technical aspects of peer review. We propose guardrails that
should be developed during the adoption of these tools. We
believe that our work is important and timely in guiding the

scientific community in the right direction in developing Al
review tools in the future and in integrating Al review tools
responsibly.
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