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Abstract
Large language models (LLMs) are rapidly moving from experimen-
tal prototypes into operational peer review workflows, where they
are used to polish, rewrite, expand, synthesize, screen, and in some
cases generate reviews. This shift creates an urgent challenge for
the organizations that depend on expert assessment, including pub-
lishers, conferences, funding agencies, research institutions, and
enterprise research teams. Rather than asking only whether AI can
improve peer review, this talk argues that we must first confront a
more fundamental evaluation question. Can we reliably measure
what makes a review useful, fair, accurate, and decision-relevant?
The talk examines this question through the lens of AI-assisted peer
review and shows that commonly used signals, including recommen-
dation agreement, similarity to reference reviews, writing fluency,
and single score LLM-as-a-judge evaluation, often fail to capture
substantive review quality. Drawing on real world deployment
experience at Reviewerly, we present case studies in which evalu-
ation metrics reward surface-level improvements such as polish,
organization, and LLM like wording while overlooking the eviden-
tiary content, specificity, correctness, and editorial usefulness of
the review. We then discuss practical lessons for building reliable
evaluation systems in real peer review workflows, including stress
testing review metrics, separating surface sensitivity from practical
robustness, comparing judge models under realistic perturbations,
and designing layered evaluation pipelines that are interpretable,
evidence-grounded, and aligned with editorial needs. Although
peer review is the central case study, the broader message applies
to many industry and organizational settings where AI is being
introduced into expert judgment workflows. Responsible automa-
tion requires more than stronger generation models. It requires
evaluation methods that measure the qualities we actually want AI
systems to improve.

1 Motivation and Talk Objective
Peer review plays a central role in how research makes progress [12,
13]. It influences which papers are published, which projects re-
ceive funding, which ideas gain visibility, and how institutions and
organizations make decisions about research quality [9, 11, 13]. As
these evaluation workflows grow in scale and complexity, review-
ers, editors, program chairs, and funders increasingly need ways to
assess the quality and reliability of review feedback itself.

At the same time, LLMs are becoming part of the peer review
process [10, 15, 21]. Reviewers may use LLMs to polish their writing,
reorganize feedback, expand short comments, synthesize additional
critiques, or even generate full reviews [14–16]. This shift naturally
raises an important question: does AI make peer review better? How-
ever, before we can answer this question, we need to ask a more
fundamental one: how do we know what a better review is?

This talk starts from a saying often attributed to Lord Kelvin,
“what we cannot measure, we cannot improve.” In the context of AI-
assisted peer review, this premise becomes especially important.
A review can be fluent, structured, and polished while still being
shallow, unsupported, or unhelpful [3, 8]. Conversely, a review may
be less polished but contain careful technical judgment, important
criticism, and useful guidance. If evaluation metrics reward surface
form rather than substantive assessment, we may conclude that
AI improves peer review simply because it makes reviews sound
better. This creates a measurement risk, where we may optimize
for the appearance of quality rather than quality itself.

Measuring peer review quality is difficult because review quality
is not a single property [5, 18]. A useful review should be technically
accurate, specific, constructive, actionable, fair, grounded in the
manuscript, and useful to authors, editors, program chairs, funders,
and other decision-makers [3, 8]. Common evaluation shortcuts
are therefore insufficient. The recommendation agreement does
not tell us whether the feedback is useful [1]. Similarity to another
review does not tell us whether the critique is correct [6]. Fluency
does not imply depth [8]. Even LLM-as-a-judge metrics, which are
increasingly used to score review quality, may be affected by style,
structure, explicitness, or polish rather than the underlying quality
of the evaluation [19, 20].

The objective of this talk is to examine the measurement foun-
dations needed for trustworthy AI-assisted peer review. Rather
than presenting another AI tool for peer review, we focus on the
challenges of building reliable evaluation metrics, i.e., what they
measure, where they fail, and how they can be stress-tested before
being used in real workflows. We will showcase scenarios where
review evaluation metrics fail, including cases where a review re-
ceives a higher score because it is better written or more organized,
even when the underlying evaluative content has not changed.

A central technical question is whether peer-review evaluation
metrics are robust to meaning-preserving changes in wording and
presentation. Consider a human review that is somewhat informal
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but identifies a valid methodological flaw. If an LLM rewrites the
same review to make it smoother, clearer, and more structured
while preserving the same critique, should the review receive a
substantially higher quality score? If the answer is yes, we need to
ask what the metric is actually measuring, whether it is the quality
of the evaluation or the quality of the writing.

Drawing on our experience at Reviewerly, the talk will discuss
practical approaches we tested for making LLM-as-a-judge evalua-
tion more reliable for AI-assisted peer review. We will discuss how
to separate surface-level presentation from substantive review qual-
ity, how to evaluate robustness under meaning-preserving rewrites,
why broad holistic metrics are often fragile, and why more concrete,
content-anchored metrics may provide more stable signals. We will
also discuss the limitations of relying on a single LLM judge and the
need for layered, interpretable, and evidence-grounded evaluation.

While peer review is the central case study, the broader lesson
is not limited to academia. Many stakeholders, including publish-
ers, conference organizers, funding agencies, research institutions,
enterprise R&D teams, and organizations that rely on expert as-
sessments, face the same challenge as they want to use AI to im-
prove evaluation workflows, but first need reliable ways to measure
whether those workflows are actually improving. In all of these
settings, reliable measurement is the first step toward responsible
automation.

2 Lessons for Reliable AI-Assisted Evaluation
The main lesson we want to share with the CIKM community from
our experience automatically evaluating peer reviews at scale is that
reliable AI-assisted review evaluation requires more than calling an
LLM judge. LLM-as-a-judge metrics are attractive because they are
flexible and scalable, but they must be validated before being used
to compare human-written, AI-assisted, and AI-generated reviews.
Without such validation, organizations risk rewarding reviews that
sound better rather than reviews that reason better.

We will discuss several practical lessons for building more reli-
able evaluation systems. First, metrics should be stress-tested under
meaning-preserving transformations to determine whether they
capture substantive quality or surface presentation. Second, we
will distinguish between two complementary reliability criteria.
Surface sensitivity asks whether a metric systematically changes
under meaning-preserving rewriting. Robustness asks whether any
change is small enough to be practically negligible. This distinction
is important because a metric may show a statistically detectable
shift that is too small to matter, or it may fail to show a shift without
providing positive evidence of stability.

Third, broad holistic metrics should be decomposed into more
interpretable dimensions whenever possible. Many broad LLM-as-
a-judge metrics, such as overall quality, fairness, constructiveness,
and analytical depth, can be sensitive to changes in wording and
organization. More concrete and content-anchored metrics tend to
be more stable, but they are not sufficient on their own because
high-quality reviewing also requires synthesis, prioritization, and
contextual judgment.

Fourth, metric outputs should be tested for robustness across
judge models. Relying on a single model can hide model-specific
biases and instabilities, especially as LLMs differ in calibration, style

preferences, and sensitivity to wording. Comparing results across
multiple judge models helps identify which evaluation signals are
stable and which are artifacts of a particular evaluator.

The broader lesson is that measurement should come before au-
tomation. Before deploying AI systems to improve review work-
flows, stakeholders need to understand what their metrics reward,
where they fail, and whether they remain stable under realistic
variations in writing style, structure, and AI assistance. Reliable
evaluation therefore requires layered metrics, robustness testing,
interpretable outputs, and evidence-grounded assessment.

3 Relevance to CIKM Industry Track
This talk addresses the practical question of how to build reliable
measurement infrastructure for workflows where expert judgment
is increasingly mediated by LLMs. While peer review is the main
case study, the technical challenges are broadly relevant to knowl-
edge management, information retrieval, evaluation, trustworthy
AI, and human-AI collaboration. A key focus is on metrics and mea-
surement techniques for production AI systems, including robust-
ness testing for LLM-as-a-judge evaluation. Drawing on Review-
erly’s deployment experience, we discuss how to validate metrics,
identify failure modes, separate substance from presentation, and
build evaluation systems that provide stakeholders with actionable
evidence rather than opaque scores.

These questions are directly relevant to the CIKM audience, in-
cluding information retrieval researchers in both academia and
industry who are building, deploying, or evaluating LLM-powered
systems. The lessons also extend beyond academic publishing to
grant review, internal R&D evaluation, hiring and promotion work-
flows, regulatory assessment, and other high-stakes settings where
organizations need to evaluate expert feedback at scale.

4 Company Portrait
Reviewerly is a Toronto-based AI company and university spin-
off focused on strengthening research integrity through scalable
auditing tools for peer review and expert evaluation. Founded by re-
searchers with experience across academia and industry, Reviewerly
combines active research with product development, regularly pub-
lishing work on peer review evaluation and AI-assisted reviewing
while developing modular systems for review quality assessment,
metric benchmarking, claim verification, reviewer recommenda-
tion, and transparent editorial workflows [2–4, 7, 17]. Reviewerly
integrates with widely used peer review systems such as Open
Journal Systems (OJS) through APIs, enabling automated review
analysis, reviewer vetting, and workflow support at scale.

Reviewerly’s technology and tools1,2,3,4 are used by academic
conferences, journals, funding agencies, research institutions, and
enterprise R&D teams seeking greater accountability and reliability
in expert evaluation. By combining automation with interpretable
analytics, Reviewerly helps stakeholders reduce administrative bur-
den while improving transparency, fairness, and decision quality
in high-stakes review processes.

1https://app.reviewer.ly/app/peerfect
2https://app.reviewer.ly/app/peeriscope
3https://app.reviewer.ly/app/peerispect
4https://app.reviewer.ly/app/peerclear
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