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PeerLens as a Multi-Agent LLM Reviewer

Emre Dil* Talha Zafer®
September, 2026

Abstract

Scientific peer review is about to break under its own weight. Sub-
mission volume is already outpacing the reviewer pool, and the upcom-
ing era of human directed Al generated research will multiply the load
by orders of magnitude. We present PeerLens, a domain adaptive multi
agent LLM system that produces a full referee report from a manuscript
PDF using eight specialized agents (classification, claim extraction, di-
mensional analysis, symbolic verification, novelty search, structure and
narrative review, domain expert review, and reproducibility review), each
tuned to the manuscript’s field. We evaluate PeerLens on 64 papers across
physics, biology, mathematics, and chemistry (drawn from SciPost, eLife,
F1000Research). On the 51 papers with available first round human re-
viewer reports, PeerLens agreed with the reviewers or diverged by being
stricter, always on concrete technical grounds such as broken statisti-
cal assumptions, dimensionally malformed metrics, definitions that void
their own novelty claims, and unresolved mechanistic dependencies. We
observed no fabricated citations or invented technical claims. The strict-
ness is a feature, not a defect: it reflects criteria based enforcement of
disciplinary standards at scale, which is a prerequisite for peer review to
continue functioning under the volume of manuscripts the community is
about to face.

Introduction

1.1 The strain on the peer review system

The volume of scientific publications has grown steadily for two decades and
has accelerated in the last five years. Hanson and colleagues estimate that total
articles indexed in Scopus and Web of Science grew by about 47% from 2016
to 2022, outpacing the growth in the practicing scientific workforce over the

same period [1]. Preprint servers show a similar trend: arXiv passed 20,000
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new submissions in a single month for the first time in May 2023 and set a
new record of 20,710 submissions in October 2023, bringing its cumulative total
above 2.35 million [2]. The pool of scholars willing to review, however, has not
grown at the same rate.

The 2018 Publons Global State of Peer Review Report surveyed over 11,800
researchers and documented an increasing gap between reviewer demand and
reviewer supply, with more than half of review invitations declined in 2017 [3].
Subsequent reports and editorials describe the same trend continuing: journals
now often need to send eight to ten invitations to secure one reviewer, and the
average time from submission to decision has grown to more than 100 days in
many disciplines [4]. In August 2025, Nature ran a feature titled “The peer-
review crisis: how to fix an overloaded system,” in which editors and funders
discussed the operational strain the system is under [5].

Beyond throughput, there are concerns about consistency of reviewer judg-
ments. The 2014 NeurIPS consistency experiment assigned 10% of submissions
to two independent program committees and found that the two committees
disagreed on 26% of accept/reject decisions [6]. A repeat of this experiment at
NeurIPS 2021 reached a similar conclusion: roughly 23% of duplicated papers
received different final decisions, and if the review process were rerun indepen-
dently about half of the accepted papers would have been different [7]. A follow
up analysis by Cortes and Lawrence found that about 50% of the variation in
reviewer quality scores was subjective in origin, and that for the accepted pa-
pers there was no correlation between reviewer scores and later citation impact
[6]. These experiments were run in machine learning, but similar disagreement
patterns have been documented in biomedical and physical sciences as well [8].

1.2 A second pressure: Al-assisted authorship

A separate development now affects the input side of peer review. Large lan-
guage models are being used at multiple stages of manuscript preparation, from
literature review and drafting to figure captions and final proofreading. Surveys
of researchers in 2023 and 2024 report a wide range of usage rates. A 2023 Na-
ture survey of 1,600 scientists found that about 30% had used generative AI to
help write manuscripts and 47% considered Al “very useful” for academic tasks
[9]. A 2024 Elsevier survey of nearly 3,000 researchers reported that 31% had
used generative Al for research activities, and a 2024 Oxford University Press
global survey of 2,300 researchers found that 76% had used AI tools in some
form [10, 11]. Detection studies that estimate LLM involvement from writing
style suggest that between nearly 5% (mathematics) and 17.5% (computer sci-
ence) of sentences in recent papers show signs of substantial LLM modification,
with usage rising steadily since 2023 [12].

If a growing fraction of manuscripts is Al assisted in their preparation, and
the reviewer pool is fixed, two effects follow. First, total submission volume
is likely to keep rising because the effort to produce a draft is falling. Second,
some fraction of those manuscripts will contain claims that are stylistically fluent
but weakly supported, because current Al writing tools optimize for coherence



rather than for the specific standards a reviewer in that subdomain would apply.
Neither of these effects is fully absorbed by the current peer review workflow.

These effects are not stable. Manuscripts that are primarily theoretical, com-
putational, or analytical, and that do not depend on the physical constraints of
a wet lab or an experimental apparatus, are increasingly written with substan-
tial LLM involvement. As model capabilities continue to improve, the marginal
cost of turning a research idea into a written manuscript in these categories
is falling toward zero, and a researcher who used to produce a small number
of papers per year with months of writing effort per paper can plausibly pro-
duce many times that volume in the same period. If this pattern continues, the
submission rates in theory heavy, model heavy, and analysis heavy fields will
substantially outpace the capacity of any reviewer pool that recruits from the
same fixed population of human experts. Under those conditions, the question
is not whether AI systems will do a share of the reviewing but which parts of
it, and under what safeguards.

1.3 Early attempts to bring Al into peer review

Journals and conferences have begun to experiment with Al assistance for re-
viewers rather than authors. Liang and colleagues carried out a large scale study
on 3,096 Nature family papers and 1,709 ICLR papers, comparing GPT-4 gen-
erated feedback with human reviewer comments, and reported average overlap
rates of 30.9% and 39.2% respectively, comparable to the overlap between two
human reviewers (28.6% and 35.3%) [13]. In a follow up user study with 308 re-
searchers, 57.4% found the LLM generated feedback helpful or very helpful, and
82.4% found it more useful than feedback from at least some human reviewers
on their own papers [13].

Conferences have begun to run controlled experiments. NeurIPS 2024 de-
ployed an optional LLM based Checklist Assistant that helped authors verify
compliance with the submission checklist [14]. ICLR 2025 ran a large ran-
domized controlled study of over 20,000 reviews in which reviewers received
automated LLM feedback on their draft reviews. About 27% of reviewers who
received feedback updated their reviews, incorporating over 12,000 suggestions
[15]. AAAT-26 announced a larger Al review pilot that includes LLM generated
first stage reviews for some tracks [16]. Alongside these conference experiments,
an empirical study of ICLR 2024 estimated that at least 15.8% of reviews at that
conference were already written with some Al assistance, and that Al assisted
reviews were associated with higher paper scores and acceptance rates [17].

Most of these efforts share a common design. A general purpose language
model is given a manuscript together with a prompt that asks it to write a
review, summarize the paper, or flag concerns. The output is a single block
of text produced in one pass. This design is easy to implement but has known
limits. A recent large scale evaluation of five LLMs on 11,000 machine generated
reviews found that model generated reviews tend to be less variable, positively
biased, and overconfident compared to human reviews, and that they often miss
the specific weaknesses that human reviewers identify [18]. Reviews produced



this way are also described by editors as fluent but shallow [19].

1.4 The case for a domain adaptive multi-agent design

An alternative approach is to separate the reviewer’s judgment into several
distinct tasks and assign each task to a specialized agent, with prompts, tools,
and evaluation criteria that fit that task. A paper in condensed matter physics
does not raise the same concerns as a paper in analytical chemistry or a paper in
commutative algebra. A generic prompt cannot reliably know when to ask about
a missing gauge choice, when to ask about missing supporting information for a
synthesis, and when to ask about a missing hypothesis in a theorem statement.
If these judgments are separated into different agents, each with a prompt and
vocabulary tuned to its subdomain, the overall system can act more like a panel
of specialist reviewers than like a single generalist.

This paper describes such a system and reports early results. The system,
called PeerLens, runs eight agents for each manuscript: a classifier that identi-
fies the paper’s field and subdomain, a claim extractor, a dimensional checker,
a symbolic verifier, a novelty search agent, a structure and narrative scanner, a
domain expert that applies a subdomain specific persona chosen from a bank of
27 personas covering physics, mathematics, chemistry, and biology, and a repro-
ducibility checker. The claim extractor uses different schemas for different fields,
so that a math paper produces theorem and lemma records while a chemistry
paper produces synthesis steps, characterization results, and calibration equa-
tions. The output is a full referee report in the format a working reviewer
would submit: a recommendation with rationale, a plain language summary
of the manuscript, its overall strengths and weaknesses, and section by section
commentary covering novelty and prior work, domain specific content, presen-
tation and clarity, reproducibility, and numerical and symbolic consistency.

The point of this design is not to replace human reviewers, at least not in
its current form. It is to change what human reviewers spend their time on.
A full first pass referee report produced automatically and reliably lets human
reviewers focus on the manuscripts that most need their expert judgment, and
lets them start from a concrete draft rather than from a blank sheet. This
division of labor is similar to how radiologists now work with Al assisted image
reading in some clinical settings, where the Al produces a preliminary read and
the human clinician confirms and refines.

1.5 Contributions and structure of this paper

This paper makes three contributions. First, it describes a concrete multi-agent
architecture for editorial triage that adapts to four scientific fields (Section 3).
Second, it reports on the outputs of this system for a set of test manuscripts, and
discusses where it agrees with human reviewer judgment and where it does not
(Section 4). Third, it discusses limitations and the conditions under which such
a system can be responsibly integrated into an editorial workflow (Section 5).



The rest of the paper is organized as follows. Section 2 reviews related
work in Al assisted peer review, hypothesis generation systems, and evidence
synthesis tools. Section 3 describes the PeerLens architecture and the design of
its individual agents. Section 4 presents the evaluation on a set of manuscripts.
Section 5 discusses limitations and outlook. Section 6 concludes.

2 Related Work

Work related to PeerLens falls into three broad areas: Al assistance for peer
review, Al systems for hypothesis generation and scientific discovery, and Al
based literature and evidence synthesis. We review each in turn, and then
position PeerLens against them.

2.1 Al assistance for peer review

Efforts to bring language models into peer review have taken two shapes. The
first shape helps authors before submission. The NeurIPS 2024 Checklist As-
sistant fell into this category: it read a submission together with the conference
checklist and generated suggestions to the author on missing or unclear items
[14]. The second shape helps reviewers or editors during the review itself. The
ICLR 2025 Review Feedback Agent read a reviewer’s draft review and suggested
improvements, and 27% of reviewers who received the feedback updated their
reviews [15]. The AAAI-26 pilot goes further, using LLM generated first stage
reviews on some tracks with human reviewers taking a follow up role [16].

Alongside these conference level efforts, several academic studies have exam-
ined how well a general purpose LLM can play the role of a reviewer directly.
Liang and colleagues compared GPT-4 feedback against human reviewer feed-
back on 3,096 Nature family papers and 1,709 ICLR papers and reported overlap
rates comparable to two human reviewers on the same paper [13]. Zhou and col-
leagues carried out a more critical evaluation, prompting several LLMs to review
papers and comparing the produced reviews against a taxonomy of expected re-
viewer behaviors [20]. A large scale benchmark by the PRAIB group evaluated
11,000 machine generated reviews across five proprietary and open source mod-
els and found that model generated reviews are less variable, positively biased,
and overconfident, and that they often miss the specific weaknesses that human
reviewers identify [18].

These studies share a common experimental setup. A manuscript is passed in
full to a single language model together with a prompt asking for a review, and
the model returns a single block of text. The design is uniform across studies
because it mirrors what a researcher can do in a few minutes with a general
chatbot. Its limits, in the same studies, are also uniform: fluent output, weak
coverage of technical specifics, and low agreement with the specific weaknesses
human reviewers identify. Recent work has begun to explore alternatives that
break the review task into smaller pieces. Zhang and Abernethy proposed a
reasoning based approach in which the LLM is prompted to identify critical



problems in a paper step by step rather than producing a full review in one
pass [21]. ReviewerToo asked whether an LLM can join a program committee
alongside human reviewers as one of several voices [22]. PRISM introduced
a multi dimensional benchmark that separates novelty, technical soundness,
clarity, and other reviewer judgments [23]. PeerLens is closest in spirit to this
last line of work: it separates the review into agents, each with its own concern,
and then aggregates.

2.2 Al systems for hypothesis generation and scientific
discovery

A parallel line of Al-for-science work targets the input side of the research
pipeline rather than the output side. Google DeepMind’s Co-Scientist, pub-
lished in Nature in May 2026, is a multi-agent system built on Gemini in which
specialized agents generate, debate, rank, and evolve scientific hypotheses [24].
Co-Scientist has been applied to drug repurposing, antimicrobial resistance,
and liver fibrosis, with several of its hypotheses reaching wet-lab validation.
FutureHouse’s Robin, published in the same window, targets a similar role in
biomedical research, generating candidate hypotheses and helping design follow
up experiments [25]. AlphaEvolve, also from DeepMind, improves algorithms
through evolutionary code modification, illustrating that a multi-agent design
can extend beyond hypothesis generation into concrete algorithmic work [26].

These systems and PeerLens sit on opposite ends of the manuscript lifecy-
cle. Co-Scientist and Robin help produce hypotheses that a scientist can then
test and write up. PeerLens is invoked after the writing is done, to help decide
whether a manuscript is ready for the next stage. The two categories are com-
plementary rather than competing. A scientific workflow that includes both
would see AI help generate the ideas, help design the experiments, and then
help triage the resulting manuscripts.

2.3 Al based literature and evidence synthesis

A third relevant class of Al systems reads the existing literature rather than
the manuscript under review. Elicit performs structured extraction from search
results, producing tables of study characteristics, sample sizes, and findings
across multiple papers [27]. Consensus synthesizes the direction of evidence on
a specific yes or no question by aggregating findings across studies [28]. Scite
analyzes citation contexts to determine whether a cited claim is supported,
contradicted, or merely mentioned in the citing paper [29]. Semantic Scholar
provides AI generated summaries and citation graph exploration across more
than 200 million papers [30].

These tools inform the reviewer’s judgment rather than replacing it. A re-
viewer using Consensus can check whether a paper’s claimed effect is consistent
with prior literature. A reviewer using Scite can check whether the paper’s
foundational citations are still supported. PeerLens uses this class of tools di-
rectly: its novelty agent invokes the model’s web search capability at review



time, retrieves related prior work in the same subfield, and reports which of
those papers overlap with the manuscript’s central claims and which relevant
papers are missing from its reference list. In this sense the novelty agent is a
compact, in loop version of the evidence synthesis idea, oriented not toward
answering a research question but toward informing the reviewer’s judgment.

2.4 Positioning PeerLens

PeerLens differs from prior work in three ways. First, it produces a full referee
report in the format a working reviewer would submit, covering recommen-
dation, summary, strengths, weaknesses, and section by section commentary
on novelty, domain content, presentation, reproducibility, and numerical and
symbolic consistency. Where most prior LLM based review efforts stop at a
summary or a checklist, PeerLens closes the loop and returns the artifact an
editor or a downstream reviewer actually needs. Second, it is multi agent by
construction. Where most prior LLM based review systems produce a single
block of text from a single prompt, PeerLens runs eight specialized agents and
combines their outputs. Third, it is field adaptive. The claim extractor, the
domain expert persona, the reproducibility keyword scan, and the structure
trigger scan each take a different form depending on whether the paper is in
physics, mathematics, chemistry, or biology. The next section describes this
architecture in detail.

3 The PeerLens System

3.1 Overall pipeline

PeerLens takes a PDF manuscript as input and produces a full referee report as
output. The pipeline runs in eight sequential agents. The first agent identifies
the field and subdomain of the paper. This decision then shapes what the later
agents do: what to extract, what to check, and what to look for. The second
agent extracts the paper’s testable claims. The third agent checks whether
the paper’s equations are dimensionally consistent. The fourth agent attempts
symbolic verification of algebraic identities. The fifth agent searches a corpus of
related work and reports the closest matches. The sixth agent scans the paper’s
structure and narrative for the kinds of hedges and gaps that referees typically
flag. The domain expert agent applies a subdomain specific persona to the
paper. The reproducibility agent checks whether the paper provides the code,
data, and methodological detail needed for a competent reader to reproduce
the work. Each agent writes its result to a per agent human readable prose
output so that later agents can read it, and the aggregator assembles the final
markdown report from those files.

The point of running many small agents rather than one large prompt is
that each agent has a narrower task and a narrower failure mode. A dimen-
sional checker that finds nothing is unremarkable, but a dimensional checker



Agent Physics Math Chemistry Biology

Classification active active active active

Claim extraction physics schema  math schema  chemistry schema biology schema
Dimensional check active skipped active skipped

Symbolic verification — active inactive partial inactive

Novelty search active active active active

Structure scan base triggers base + math  base 4+ chem base + bio

Domain expert physics persona math persona chem persona bio persona
Reproducibility base keywords skipped base + chem keywords base + bio keywords

Table 1: How each agent behaves for the four supported fields. Agents marked
skipped return early with a short reason (dimensional analysis and reproducibil-
ity scrutiny do not apply to pure mathematics; the same is true for dimensional
analysis in biology). Symbolic verification is listed as partial for chemistry be-
cause it is invoked only for calibration equations that are explicitly typed as
algebraic identities by the claim extractor.

that produces a false positive can be corrected without affecting the novelty
search or the domain review. In practice this separation also makes the system
easier to debug and easier to extend to a new field.

3.2 Field adaptive dispatch

The same eight-agent skeleton is used for every paper, but individual agents
behave differently depending on which field the classifier assigns. Some agents
are field agnostic. Some load a field specific vocabulary. Some are gated off
entirely when they do not apply. Table 1 summarizes these behaviors.

The claim extractor is the agent in which field adaptation is most visible.
A physics paper produces a set of dimensional consistency claims, algebraic
identities, and statements about limits, symmetries, and conservation laws. A
math paper produces theorems, lemmas, propositions, corollaries, and defini-
tions, each with a hypothesis, a conclusion, and where available a hint about
the proof strategy. A chemistry paper produces synthesis steps, characteriza-
tion results, performance metrics, calibration equations, method parameters,
and separate records for selectivity, stability, and validation. A biology paper
produces mechanistic hypotheses, model equations and parameters, empirical
measurements, qualitative predictions, statistical claims, and data availability
statements. The four schemas share a common outer envelope so that down-
stream code that reads the claim count or the symbol table works for any field.

The domain expert agent draws a persona from a bank of 27 subdomain per-
sonas: 6 for physics, 8 for mathematics, 6 for chemistry, 6 for biology, plus a uni-
versal fallback. Each persona applies a checklist calibrated to the concerns that
a working referee in that subdomain would typically raise. The reproducibil-
ity agent picks its keyword lists (for code availability, data deposition, method
reporting) based on the field, so that a chemistry paper is checked against syn-
thesis and characterization keywords while a biology paper is checked against
cell line, antibody, replicate, and code deposit keywords. The structure scan
combines a field agnostic set of hedge patterns with an additional set specific to



each field, so that math specific phrases like “it is straightforward to show” or
“without loss of generality” are picked up alongside general phrases like “it is
well known that.”

3.3 Aggregation and report

Once the agents have run, an aggregator reads their outputs and assembles
the referee report. The report opens with the recommendation and a one or
two sentence rationale drawn from the domain expert agent’s verdict. It then
presents a plain language summary of the manuscript, followed by its overall
strengths and its overall weaknesses. The bulk of the report is the section by
section commentary, which is written in the voice of a working reviewer and
covers, in a fixed order, novelty and prior work, domain specific content under
the persona assigned by the classifier, presentation and clarity, reproducibility,
and numerical and symbolic consistency. The reproducibility section is omitted
for pure mathematics submissions, where the axis does not apply. A short
technical footer records the model used and the classifier’s field and subdomain
assignment.

The report is written to be usable by an editor as a first pass and by a
downstream human reviewer as a starting draft. Its length is comparable to a
working referee’s report rather than to a summary or a checklist.

3.4 Test corpora

The pipeline is validated against four open peer review corpora, one per field,
so that its output can be compared directly against the judgment of human
referees in the same field.

Physics validation uses SciPost Physics, whose accepted papers are published
together with the full text of the referee reports. Each report carries a first round
recommendation of publish, ask for minor revision, ask for major revision, or
reject, which maps directly to the PeerLens verdict scale.

Biology validation uses eLife’s Reviewed Preprints. Each reviewed manuscript
is accompanied by public reviewer comments and an editorial eLife Assessment,
which includes two standardized tags: significance (landmark, fundamental, im-
portant, valuable, useful) and strength of evidence (exceptional, compelling, con-
vincing, solid, incomplete, inadequate). These tags provide a nuanced ground
truth that does not collapse to a single accept or reject verdict, and we report
our results against them without imposing a one to one mapping.

Chemistry validation uses SciPost Chemistry, an open peer review journal
in which every published paper is accompanied by the full text of its reviewer
reports and per report recommendations. SciPost Chemistry is a small journal
with fewer than ten published research articles at the time of writing, and we
use all of them.

Mathematics validation uses F1000Research articles tagged under the Math-
ematics subject. Each paper is accompanied by public reviewer reports and



a standardized per reviewer recommendation of approve, approve with reserva-
tions, or reject, which we aggregate to a paper level verdict using F1000Research’s
own indexing rule. The F1000Research Mathematics tag covers a broader
range of quantitative science than pure mathematics alone, including statis-
tical methodology, mathematical biology, and quantitative social science, and
the resulting corpus reflects that breadth.

We evaluate PeerLens against a cross domain corpus of 64 manuscripts: 21
from SciPost Physics, 14 from eLife, 20 from F1000Research (3 initial pilot pa-
pers plus 17 systematically sampled from the Mathematics subject browse), and
9 from SciPost Chemistry. The corpus intentionally covers the four fields the
pipeline is designed for, so that field agnostic behavior, field specific behavior,
and known limits are all exposed. Where an F1000Research reviewer submitted
reports across multiple revision rounds we retain only the first round report,
so that PeerLens (which operates on the vl PDF) is compared against the
reviewer’s initial judgment rather than against a post revision publish recom-
mendation. The full paper level results, case studies, and cross domain patterns
are reported in Section 4.

4 Evaluation

We report on the output of PeerLens for the 64 paper cross domain corpus
described in Section 3.4. Section 4.1 covers physics, Section 4.2 covers biology,
Section 4.3 covers mathematics, and Section 4.4 covers chemistry. Section 4.5
discusses the pattern that emerges across all four. Section 4.6 addresses the
observation that PeerLens is systematically stricter than the human reviewers
whose decisions we compare against, and argues that this is a feature rather
than a defect once the intended use case is properly stated.

Throughout this section, “fair comparison” means the PeerLens verdict (pro-
duced on the vl manuscript PDF) is compared against the human reviewers’
first round recommendation, before the authors have had a chance to address
concerns in a revised submission. Later round recommendations, which typi-
cally drift toward publish once initial concerns are addressed, would understate
the agreement between PeerLens and human referees on the same question.

4.1 Physics: SciPost Physics

We ran PeerLens on 21 SciPost Physics manuscripts drawn from volumes 20
and 21. Of these, 11 papers had first round reviewer reports available and are
used in the quantitative comparison; the remaining 10 either had reports only
from later revision rounds or no publicly indexed reports at all. Table 2 shows
the distribution across the four PeerLens verdict categories on the full 21 paper
corpus, and the agreement pattern against the 11 paper ground truth subset.
The agreement rate of 45%, combined with a 9% more lenient rate, indicates
that PeerLens is not systematically overcautious. In every case where PeerLens
returned minor revision while the SciPost reviewers said publish, the PeerLens
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Category (ground truth subset, n=11) Count

Agree (same verdict category) 5 (45%)
PeerLens stricter 5 (45%)
PeerLens more lenient 1 (9%)

Table 2: PeerLens verdict against first round SciPost Physics reviewer recom-
mendations, on the 11 paper subset with available v1 reports.

eLife significance (n=14) Count

fundamental 1
important 8
valuable 4
useful 1
eLife strength (n=14) Count
compelling 4
convincing 4
solid 5
incomplete 1
PeerLens verdict (n=14) Count
minor revision 12
major revision 2
accept, reject 0

Table 3: PeerLens verdicts and the corresponding eLife editorial assessment tags
for the 14 paper biology corpus.

weaknesses were substantive and would not have been rejected by an expert
human referee. As one representative example, SciPostPhys.20.2.063 addresses
the interplay between gauge invariance and entanglement in gauge theory. The
SciPost reviewers requested minor revisions. PeerLens agreed on minor revision
but its rationale flagged a specific technical concern: the deformation of the
four gluon vertex by an explicit symmetry breaking parameter k violates Ward
identities, meaning the observable being computed (entanglement concurrence)
is being evaluated on a theory with unphysical propagating longitudinal polar-
ization states. This is exactly the kind of concern a specialist reviewer would
raise on a first pass. That the SciPost reviewers ultimately let the paper through
does not mean the concern is invalid; it means the paper was judged acceptable
subject to minor changes, of which this issue could plausibly be one.

4.2 Biology: eLife

We ran PeerLens on 14 eLife Reviewed Preprints spanning subjects that eLife
covers. Because eLife uses two dimensional editorial assessment tags rather than
a single verdict, we present the results as a joint distribution table (Table 3)
rather than as an agree/disagree split.

11



Reading Table 3 against the paper level detail, PeerLens’ minor revision
verdict is broadly consistent with eLife’s editorial signals. Twelve of the four-
teen papers received important or valuable significance tags with solid or better
strength; these are papers that would generally clear peer review with correc-
tions, and PeerLens’ minor revision verdict matches that direction. The two
magor revision verdicts (elife_98357 and elife_.111930) both reflect substantive
technical gaps rather than global rejection. In elife_ 98357, PeerLens flagged that
the paper proposes a non canonical adapter/scaffold role for CDK2 in TBK1
ubiquitination without ever testing whether CDK2’s canonical serine/threonine
kinase activity is required for the effect. This is the first question a specialist
referee in molecular immunology would ask, and its absence is a clean method-
ological gap. The eLife editors marked the paper valuable and convincing, but
PeerLens’ concern is orthogonal to acceptance: even a valuable and convinc-
ing paper can have an unresolved mechanistic question that a diligent reviewer
would flag.

More strikingly, elife_.106791 received eLife’s highest joint tag pair, funda-
mental plus compelling. PeerLens still returned minor revision and identified
three field standard concerns: the proximity ligation assay used to argue for
direct co assembly of ion channels reports only proximity within a 40 nm radius
(not direct binding), the observed 18 hour and 24 hour surface expression lag
between the two proteins is inconsistent with an obligatory co assembly model,
and the transcript colocalization is not exclusive to the claimed channel pair.
These are the kinds of methodological limits that appear in specialist reviewer
reports of otherwise landmark papers; their identification here is a demonstra-
tion that PeerLens can flag substantive limits even in papers that reviewers have
judged to be at the top of the field.

4.3 Mathematics: F1000Research

The mathematics corpus consists of 20 F1000Research articles tagged under
Mathematics: an initial 3 paper pilot plus 17 articles systematically sampled
from the F1000Research browse listing of that subject. All 20 papers had at
least one reviewer report at ingest, and PeerLens’ verdicts are compared against
the aggregated per reviewer recommendation.

The mathematics corpus produces the largest gap between PeerLens and
human reviewers. F1000Research reviewers issued a not approved recommen-
dation on only 5 of 20 papers, and approved with reservations on 12 more;
PeerLens’ verdicts skew significantly stricter. The gap is not a calibration ar-
tifact. Manual inspection of the PeerLens reports found that in every one of
the 17 mathematics papers analyzed after the initial pilot, PeerLens identified
specific, verifiable technical concerns. None of the reports contained fabricated
citations or hallucinated technical claims. Representative examples include:

e £1000.137430_v3 applies a chi squared test of independence to enroll-
ment and pass rates in Tanzanian secondary schools, but the pass columns
are not mutually exclusive (a student can pass multiple subjects) and

12



PeerLens verdict (n=20) Count

reject 11
major revision 5
minor revision 4
accept 0
Aggregated F1000Research verdict (n=20) Count
not approved 5
approved with reservations 12
approved 3

Table 4: PeerLens verdicts and aggregated F1000Research verdicts on the 20
paper mathematics corpus.

the contingency table’s cell frequencies (5088) do not match the reported
grand total (2232). The chi squared statistic is therefore mathematically
ill defined. F1000Research reviewers approved the paper with reservations;
PeerLens returned reject.

e f1000_172972_v4 claims to establish convergence acceleration for a fixed
point iteration on total asymptotically nonexpansive (TAN) mappings.
The numerical example uses ¥(q) = 12¢g + 14sin(q), which has derivative
26 at the fixed point ¢ = 0 and is therefore highly expansive, not TAN.
F1000Research reviewers approved the paper with reservations; PeerLens
returned reject.

e £1000.173831_v2 defines a transformation monoid Ty, () as “the set
of all morphisms on the free G-act (F1),,(G),” which is by definition the
endomorphism monoid End((F1),(G)). Theorem 5.2.2 then claims to es-
tablish an isomorphism between T{ gy, (o) and End((F1),(G)), i.e. between
a set and itself, and its proof exhibits the identity map. F1000Research
reviewers approved the paper; PeerLens returned reject.

e f1000_175837_v2 extends Fermatean fuzzy sets to BN algebras. The
manuscript defines the non membership degree as Op(x) = 1 — dp(z),
which collapses the Fermatean fuzzy structure back into a classical Zadeh
fuzzy set and eliminates the paper’s claim to novelty. F1000Research
reviewers approved the paper with reservations; PeerLens returned reject.

These are not stylistic preferences or overzealous nitpicks. They are founda-
tional errors in probability, in the definition of a mathematical structure, in the
statement of a theorem, and in the framing of a novelty claim. That they were
missed by the human reviewers, or judged insufficient to warrant rejection, does
not make them any less real.
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PeerLens verdict (n=9) Count

minor revision 8
major revision 1
accept, reject 0
Aggregated SciPost verdict (vl, n=6) Count
publish 4
minor revision 2

Table 5: PeerLens verdicts and first round SciPost Chemistry reviewer aggregate
on the 9 paper chemistry corpus.

4.4 Chemistry: SciPost Chemistry

We ran PeerLens on all 9 SciPost Chemistry research articles published to date.
Of these, 6 have first round reviewer reports and are used for direct comparison.
The distribution and per paper verdicts are shown in Table 5.

The chemistry corpus shows the closest overall alignment between Peer-
Lens and human reviewers. Where PeerLens flagged concerns beyond what Sci-
Post reviewers requested, those concerns were substantive. SciPostChem.3.1.001
benchmarks 100 density functionals against high level coupled cluster reference
data for dioxygen complexes. PeerLens observed that the paper ranks the func-
tionals using a product metric with units of A%oemt (a product of mean abso-
lute deviations in bond length, bond angle, and vibrational frequency), which is
dimensionally ill defined and allows a functional with exceptional performance
on one axis to dominate the aggregate ranking regardless of its performance
on the other axes. This is the kind of statistical scoring error that is trivial to
introduce, easy to miss on a routine review, and consequential for the ranking of
functionals in downstream computational chemistry. The paper was published
in SciPost Chemistry.

Additionally, SciPostChem.1.2.005 presents CrystalNets.jl, an open source
Julia library for the topological identification of crystalline materials. PeerLens
returned minor revision and flagged a methodological mismatch that the SciPost
reviewers did not: the library detects symmetries using a floating point library
on data that has been carefully placed into exact arbitrary precision rational
arithmetic, which sacrifices the correctness guarantee the equilibrium placement
was designed to give. The authors themselves note that this floating point step
can produce false negatives on unstable nets. Again, this is a concern that a
specialist reviewer would raise on a first pass, and it was not raised.

4.5 Cross domain pattern

Table 6 aggregates the four corpora into a single view.

Two patterns stand out. First, agreement is highest in the field where re-
viewer standards are most institutionally consolidated (biology, through eLife’s
structured assessment tags and its editorial infrastructure) and lowest in the field
where reviewer standards vary most across subdomains (mathematics, where
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Field Corpus size  Ground truth available PeerLens agrees PeerLens stricter

Physics (SciPost) 21 11 45% 45%
Biology (eLife) 14 14 86% 14%
Mathematics (F1000) 20 20 20% 80%
Chemistry (SciPost Chem) 9 6 33% 67%
Total 64 51 (see text) (see text)

Table 6: Cross domain summary. Physics “agrees” counts exact category
matches. Biology “agrees” counts cases where PeerLens’ verdict is consistent
with eLife’s joint tag (a paper tagged important, solid or better paired with a
PeerLens minor revision is counted as agreement). Mathematics and chemistry
are compared against aggregated per reviewer recommendations from the same
round.

F1000Research’s Mathematics tag mixes pure mathematics with quantitative
social science, mathematical biology, and applied statistics). Second, where
PeerLens diverges from the human referees, it diverges by being stricter, and
the strictness is anchored in substantive technical concerns rather than in generic
hedging language. Across all 51 papers with an available ground truth, we did
not observe a case where PeerLens’ verdict was driven by a fabricated citation
or an invented technical claim.

4.6 On being stricter than human reviewers

An LLM based reviewer that is systematically stricter than human reviewers
should be examined carefully rather than dismissed. It could be a calibration
defect, in which the model has been prompted or trained to be conservative
regardless of the actual state of the manuscript. It could be a hallucination
artifact, in which the model has invented concerns that do not survive expert
scrutiny. Or it could be an accurate application of formal disciplinary criteria
in a setting where human reviewers are systematically lenient.

The case study level review of Sections 4.1 through 4.4 rules out the first two
explanations. In every case where PeerLens returned a stricter verdict than the
human reviewers, its rationale rested on a concrete, verifiable technical claim: a
broken chi squared assumption, an expansive fixed point mapping, a definition
that voids its own claimed novelty, a dimensionally malformed benchmark met-
ric, an unresolved mechanistic dependency on kinase activity. Human reviewers
are aware of these standards; the standards are simply enforced with a tolerance
that varies by reviewer, by round, and by the reviewer’s own workload at the
moment of review. Reviewer inconsistency has been quantified in the commu-
nity: the NeurIPS consistency experiments showed roughly 26% disagreement
between two independent committees on the same papers, with about half of
the observed variation in reviewer scores attributed to subjective sources rather
than to genuine differences in the manuscript [6, 7]. Against this background,
an automated reviewer that applies formal criteria uniformly is not a defect. It
is a shift from a tolerance based enforcement of standards to a criteria based
enforcement of standards, and the shift makes PeerLens’ verdicts more, not less,
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informative about the manuscript.

The design intent of PeerLens is not to review the human authored manuscripts
of today. Recent months have seen large language models solve open mathe-
matical problems that had resisted human effort for years, including a coun-
terexample to the 87-year-old Jacobian conjecture produced by mathematician
Levent Alpoge in collaboration with Anthropic’s Claude Fable 5 model [31, 32],
improved bounds on more than 50 open problems in extremal combinatorics,
matrix multiplication, and geometric packing via AlphaEvolve [26], silver-medal
level performance on the 2024 International Mathematical Olympiad via Al-
phaProof and AlphaGeometry 2 [33], and increasing use in professional research
mathematics itself [34], all under human directed prompting rather than open
ended generation. This is not an isolated phenomenon; it is the leading edge of
a shift in which human directed AI generation becomes the dominant mode of
producing manuscripts in every field that does not require access to a wet lab
or an experimental apparatus, including theoretical physics, pure mathemat-
ics, chemistry method development, computational biology, phenomenological
modeling, data analysis, and survey work. Under that shift, submission vol-
ume will grow by orders of magnitude, and the question a peer review system
needs to answer will change. The relevant question will no longer be whether
a manuscript’s incremental extension of prior work is technically defensible. It
will be whether the manuscript contains a genuine breakthrough. Under those
conditions, a reviewer that applies formal criteria uniformly, at scale, and with-
out the tolerance drift a fatigued human reviewer exhibits, is not an alternative
to human review. It is a prerequisite for peer review to continue to exist.

The evaluation in this section is not a claim that PeerLens is ready to re-
place human reviewers on today’s manuscripts. It is a claim that PeerLens’
verdicts are grounded in verifiable technical criticism, that where PeerLens di-
verges from human reviewers it does so on concrete methodological grounds,
and that the resulting system is calibrated for the peer review conditions the
scientific community is about to face.

5 Discussion

The evaluation in Section 4 establishes three empirical claims about PeerLens
on the 64 paper cross domain corpus. First, PeerLens produces referee reports
whose weaknesses are, on manual inspection, substantive rather than fabricated.
Second, PeerLens is systematically stricter than the human reviewers whose ver-
dicts we compare against. Third, this strictness is anchored in specific technical
criteria (a broken statistical test, a definition that voids a novelty claim, a di-
mensionally malformed metric, an unresolved mechanistic dependency), not in
generic hedging. This section discusses what these claims imply, what they do
not imply, and what the residual limits of the system are.
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5.1 What the results mean

The immediate meaning of the results is that a domain adaptive multi agent
design produces referee reports that a working editor can read and act on. This
is not the same as producing referee reports that would replace a competent
human referee. The two are separable concerns. An editor triaging a manuscript
needs a first pass that flags the concrete issues a submission carries, ranked by
severity, in a format that a subsequent human referee can start from. The
PeerLens output serves that role. Whether the same output could stand alone
as the sole review of a manuscript is a further question, and the answer will
depend on the field, the venue’s tolerance for false positives, and the stakes of
the decision.

The results also give a concrete answer to a question that is often asked in
the abstract: can a language model based reviewer identify weaknesses that a
human referee would identify? On the corpus we evaluated, the answer is yes,
with the caveat that the specific weaknesses PeerLens identifies are not always
the same weaknesses a specific human referee would have identified on the same
paper. This is not a shortcoming unique to PeerLens. Two independent hu-
man referees on the same manuscript also identify different weaknesses, and the
NeurIPS consistency experiments showed that the overlap between two inde-
pendent reviewers is on the order of 30% [6]. PeerLens sits within that range
with respect to the human reviewers it was compared against.

5.2 What the results do not mean

The results do not establish that PeerLens is calibrated correctly across all
subdomains. On the mathematics corpus, PeerLens returned reject on 11 of 20
papers, while F1000Research reviewers issued a not approved recommendation
on only 5. In every one of those cases the PeerLens rationale rested on a concrete
technical concern, but a strict threshold that returns reject on 55% of a corpus
is not directly usable as an editorial decision tool without further calibration
against the venue’s own acceptance standards. The rate of substantive concerns
in the F1000Research Mathematics tag may also be genuinely high, since the
corpus mixes formal mathematics with quantitative social science and applied
statistics of varying rigor. Either interpretation calls for further work: a per
venue calibration study of the verdict threshold, and a longitudinal comparison
against the eventual scientific impact of each paper.

The results also do not establish that PeerLens catches all substantive weak-
nesses. What we can say from the case study review is that in the cases where
PeerLens flags a weakness, that weakness is verifiable. The complementary
claim, that PeerLens flags every substantive weakness a competent referee would
flag, is not established by this evaluation and would require a different experi-
mental design in which multiple expert referees produce independent reviews of
the same papers.

Finally, the results do not address the paper’s textual authenticity. PeerLens
is a reviewer of scientific content; it is not a plagiarism detector, and it is not
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a detector of Al generated text as a category. The LLM authorship detection
agent in the pipeline reports its judgment as a signal to the editor, not as a
filter on the manuscript.

5.3 The upcoming shift and the argument for building this
now

The remainder of this section states, more directly than Section 4.6, why we
believe a system like PeerLens is needed now rather than at some indefinite
future point.

Two shifts are already underway. The first is that Al systems, under hu-
man direction, are now solving problems that were open in mathematics and
mathematical physics. This is not a claim about autonomous mathematical
Al Tt is a claim about the concrete productivity of a human researcher who
directs an Al system to work on a problem: that pairing produces new results,
at a rate that a single researcher working alone cannot match. The recent Al
assisted resolutions of open mathematical problems (a counterexample to the
87-year-old Jacobian conjecture [31], breakthroughs in extremal combinatorics,
and improvements on bounds on classical objects that had resisted decades of
human effort) are the leading indicators [26, 33]. The activity level in AT for
mathematics, Al for theoretical physics, Al for computational chemistry, Al
for phenomenological modeling in biology, and Al for empirical data analysis is
now high enough that this pattern will not remain confined to a small number
of high profile results.

The second shift is that the marginal cost of turning a research idea into
a written manuscript is falling. A researcher who used to produce three to
five papers per year, each requiring months of writing effort, can now produce
many multiples of that volume in the same period, because the writing bottle-
neck (structuring the argument, phrasing the results, drafting the discussion,
formatting the references) is no longer the rate limiting step. Combined with
the first shift, this means the total volume of manuscripts submitted to journals
will not merely grow linearly with the number of researchers. It will grow with
a coeflicient that reflects the per researcher throughput gain.

Under these two shifts, the reviewer pool cannot keep up. The 2018 Publons
report already documented an increasing gap between reviewer demand and re-
viewer supply [3]; the 2025 Nature feature described the operational strain in
more direct terms [5]. Neither of those characterizations includes the coming
inflow. Once the inflow lands, a peer review system that depends entirely on
human reviewer capacity will not merely be slow. It will functionally fail to re-
view submissions at all, and the venues will fall back on editorial desk rejections
that do not use scientific criteria.

The question at that point is not whether AI review will happen. It is
whether AI review will be done well, by systems that were designed for the
task and validated openly, or whether it will be improvised by editors under
time pressure using general purpose chat interfaces. PeerLens is our attempt
at the first option: a system that was designed to be a reviewer from the start,
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that runs specialized agents, that operates uniformly across four scientific fields,
and that produces artifacts an editor can act on. What the system needs now
is not more agents. It is scale (validation on thousands rather than tens of
papers, ideally in partnership with venues that already run open peer review),
operational hardening (calibration per venue, integration with existing editorial
workflows, uptime and rate control at the model APT layer), and expert audit
(blinded expert review of the PeerLens outputs against the same papers’ human
reviewer outputs, at a scale that supports statistical conclusions rather than
illustrative case studies).

We view this evaluation as the point at which it becomes reasonable to look
for those partners and that investment.

5.4 Ethical and operational limits

Any Al review system carries ethical and operational risks that deserve explicit
discussion.

The first risk is that the system’s outputs are trusted more than the evidence
warrants. On the case studies we reported in Section 4, PeerLens’ concerns were
substantive; but a system with a good record on 64 papers can still be wrong on
the next paper, and the venue that integrates PeerLens must maintain a policy
in which the system’s output is treated as one input to an editorial decision
rather than as the decision itself. This is the same policy every venue already
applies to individual reviewers.

The second risk is that a system that is systematically stricter than human
reviewers, if deployed as a filter, will reject manuscripts that would have been
accepted through the current process. If the stricter judgment is grounded in
verifiable technical criteria, that is a feature; but if the criteria are miscali-
brated relative to a specific field’s norms, the same behavior becomes a defect.
Per venue calibration and expert audit, as described in Section 5.3, are the
appropriate mitigations.

The third risk is that reviewer accountability shifts in a way that no par-
ticipant is comfortable with. If a human reviewer relies on a PeerLens report
and produces a shallow follow up, and if a downstream decision then rests on
the combined output, it is not immediately clear who is responsible for a missed
weakness. We recommend that venues that deploy PeerLens require reviewers
to disclose the assistance they received, so that the trail from evidence to deci-
sion remains traceable, and so that the venue’s expectations of reviewer effort
remain enforceable.

The fourth risk is the specific one raised by the LLM authorship detection
agent. A submission that is largely Al generated is not, by itself, a problem,
provided the authors were the ones who directed the Al and provided the scien-
tific judgment. But a submission that is Al generated and also not accompanied
by a substantive human scientific contribution is a category the community has
not yet decided how to handle. PeerLens’ LLM authorship signal is offered as
an input to that decision, not as a filter.
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6 Conclusion

We described PeerLens, a domain adaptive multi agent system that reads a
scientific manuscript in PDF form and produces a full referee report. The sys-
tem runs eight specialized agents (classification, claim extraction, dimensional
analysis, symbolic verification, novelty search, structure and narrative review,
domain expert review, and reproducibility review), each with a schema, prompt,
or persona tuned to the manuscript’s field, and aggregates their outputs into a
single referee report in the format a working reviewer would submit.

We evaluated PeerLens on a 64 paper cross domain corpus drawn from four
open peer review venues (SciPost Physics, eLife Reviewed Preprints, F1000Research
Mathematics, and SciPost Chemistry). On the 51 papers for which first round
human reviewer reports were available, PeerLens’ verdicts either agreed with the
human reviewers or diverged by being stricter. In every case where PeerLens
returned a stricter verdict, its rationale rested on a concrete, verifiable technical
concern (a broken statistical assumption, an expansive fixed point mapping, a
definition that voids its own novelty, a dimensionally malformed metric, an un-
resolved mechanistic dependency), and we did not observe fabricated citations
or invented technical claims across the corpus.

The evaluation supports three conclusions. First, a domain adaptive multi
agent design is a viable path to LLM based peer review, distinct from and
outperforming the single prompt, single output design used in most prior LLM
review studies. Second, the strictness that a well calibrated LLM reviewer
applies is not a bug: it is a shift from tolerance based enforcement of disciplinary
criteria to criteria based enforcement, and its outputs are more informative
about a manuscript, not less. Third, the throughput and volume conditions
the peer review system is about to face (rising Al assisted submission volume,
an increasing share of manuscripts in theory heavy, computation heavy, and
analysis heavy fields, and a reviewer pool that is already visibly stretched)
make a domain adaptive LLM reviewer a necessary component of scholarly
infrastructure rather than a speculative one.

PeerLens is a working system: the referee reports discussed in Section 4 were
produced by the deployed pipeline described in Section 3, and a public demon-
stration is available at https://peerlens-demo.fly.dev. What the system
needs next is scale, per venue calibration, and expert audit, and we welcome
collaboration with venues, funders, and infrastructure providers who share the
view that peer review is worth defending under the conditions ahead.
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//github.com/emredil/peerlens-gemini.

e Working demonstration: https://peerlens-demo.fly.dev (password
for peer review: peerlens2026).

e Cross-domain validation corpora: The 64 manuscripts used for eval-
uation are drawn from four publicly accessible open peer review venues.
The specific DOIs and manuscript identifiers for each paper are listed in
the Supplementary Material. Source PDFs can be retrieved directly from
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— SciPost Physics: https://scipost.org/
— eLife Reviewed Preprints: https://elifesciences.org/

— F1000Research: https://£1000research.com/
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