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Abstract

A growing consensus holds that Al evalua-
tion should become a science, yet the field
has largely pursued this goal without engaging
the disciplines that study how sciences form,
mature, and self-correct. We draw on three
overlapping traditions, the science of science,
the meta-science and open science movement,
and the economics of innovation, to address
three questions critical to Al evaluation’s matu-
ration: How does the Al evaluation ecosystem
work as a knowledge system, and how can we
measure it? How can we make Al evaluation
more reliable, transparent, cumulative, and self-
correcting? What structural conditions produce
or suppress evaluation quality, and how do we
design institutions accordingly? We diagnose
Al evaluation as a field in early mobilization
whose dominant benchmark paradigm shows
degenerative characteristics, apply frameworks
from field formation theory, the philosophy
of scientific research programs, and culture
change models to specify where the field stands,
and propose a staged maturation agenda orga-
nized by Nosek’s culture change pyramid. We
argue that building the capacity to study Al
evaluation scientifically is both a marker of
and a prerequisite for the field’s maturation,
and that doing so produces returns well be-
yond tracking progress, including accelerating
methodological innovation, strengthening the
evidence base for Al governance, and making
the field’s knowledge cumulative rather than ad
hoc.

1 Introduction

There is a growing consensus that Al evaluation
needs to become a science. Weidinger et al.
(2025) call for an “evaluation science.” The ai-
evaluation.org programme is building what may be-
come the first MSc in Al Evaluation. The EvalEval
Coalition frames its mission around making eval-
uation “scientifically grounded.” The December
2025 issue of the Al Evaluation Digest observed

that “one of the key things this year has brought is
collective realisation that some sort of science of
evaluation is needed and is a sort of discipline in
itself.” Hardt (2025) has been developing what he
calls “The Emerging Science of Machine Learning
Benchmarks.” Apollo Research (2024) issued a
“call to arms” for a science of evals. These calls
span Al safety, NLP, and governance communities.

But what does “becoming a science” actually
mean for Al evaluation, and how does a community
pursue that goal deliberately? The field is largely at-
tempting to answer these questions without engag-
ing the disciplines that have spent decades study-
ing exactly how sciences form, how they mature,
how they self-correct, and how they fail to self-
correct. This situation parallels the Al evaluation
field’s recent but belated engagement with measure-
ment theory (Salaudeen et al., 2025; Wallach et al.,
2025). Just as Al evaluation once operated without
engaging psychometrics, the field now pursues sci-
entific maturation without engaging the science of
science.

The study of how science works has developed
over several decades into a rich interdisciplinary en-
terprise, spanning what is variously called science
of science (Fortunato et al., 2018), meta-science
or meta-research (Ioannidis, 2005), and economics
of innovation (Jones, 2009; Azoulay et al., 2011).
These traditions overlap substantially in personnel,
methods, and findings. But together they address
three questions that are critical to Al evaluation’s
maturation:

1. How does the Al evaluation ecosystem work
as a knowledge system, and how can we mea-
sure it?

2. How can we make Al evaluation more reliable,
transparent, cumulative, and self-correcting?

3. What structural conditions produce or sup-
press evaluation quality, and how do we de-



sign institutions accordingly?

A productive recursion sits at the heart of this
argument. Making Al evaluation into a science
requires the ability to study the field scientifically.
Building that capacity requires specific infrastruc-
ture, norms, and institutions that these traditions
have spent decades developing. And once built,
that capacity produces returns well beyond track-
ing progress: it accelerates methodological innova-
tion, strengthens governance evidence, and makes
the field’s knowledge cumulative rather than ad
hoc. This process follows what Chang (2004) calls
epistemic iteration, the bootstrapping mechanism
by which measurement sciences have historically
developed, using imperfect tools to build slightly
better ones in successive cycles. Al evaluation
need not wait for perfect infrastructure to begin;
the iteration itself is the path to maturity.

Moreover, as Al increasingly handles execution-
level research tasks, the selection layer, identifying
what to study, what to fund, which evaluation ap-
proaches to pursue, becomes the binding constraint
on field progress. The traditions drawn upon here
provide empirical foundations for these selection
decisions, moving research direction-setting from
intuition toward evidence.

Al evaluation today occupies what Hambrick
and Chen (2008) would call the differentiation and
early mobilization stage of field formation. Apollo
Research (2024) reach an equivalent conclusion
through a practitioner lens, characterizing the field
as nascent (the first of three stages: nascent, matu-
ration phase, mature field), defined by the absence
of agreed-upon best practices and the sense that
evaluation remains more art than science. Both
diagnoses point to the same condition. Its domi-
nant paradigm, static benchmarks as proxies for ca-
pability, shows characteristics that Lakatos (1970)
would identify as degenerative: increasingly ad hoc
adjustments that protect core assumptions without
generating novel predictions. Meanwhile, what we
term evaluation debt, the compounding risk that
accumulates when systems are deployed with in-
adequate measurement infrastructure, grows with
each deployment decision based on evidence that
would not survive systematic quality assessment.
The infrastructure layer of Nosek’s (2019) culture
change pyramid is partially built; the norms, incen-
tives, and policy layers are largely absent. This is
a predictable state for a field at this stage of devel-
opment, and the literature tells us what to do about

it.

We do not attempt a comprehensive review of
any one tradition. We identify the highest-value
connections between these traditions and Al evalu-
ation, and propose a concrete path forward that the
community, including the workshop venue hosting
this paper, can act on.

2  What “Becoming a Science” Means:
Diagnostic Criteria

“Becoming a science” is not a binary threshold. The
field needs concrete criteria for assessing progress;
otherwise the aspiration remains vague. We draw
from three complementary frameworks, each illu-
minating a different dimension of scientific matu-
rity.

2.1 Field Formation Stages

Hambrick and Chen (2008) model the emergence
of a new academic field as a social movement con-
sisting of three stages: differentiation (claiming im-
portant problems that existing fields cannot solve),
mobilization (assembling social infrastructure such
as journals, conferences, departments, and fund-
ing), and legitimacy (achieving external validation
through PhD programs, tenure tracks, and a shared
methodological canon).!

Al evaluation has clearly differentiated itself.
No one disputes that evaluating Al systems con-
stitutes a distinct and important set of problems.
Mobilization is underway: the EvalEval Coalition,
the AI Evaluator Forum, the ai-evaluation.org pro-
gramme, workshops at NeurIPS and ACL, and
government-led international networks all repre-
sent mobilization activities. Legitimacy, however,
remains nascent. There are no dedicated journals
for Al evaluation methodology, no PhD programs
specifically in evaluation science, no tenure-track
positions in the area, and no shared methodological
canon.

2.2 Progressive Versus Degenerating Research
Programs

Lakatos (1970) distinguishes between progressive
and degenerating research programs. A progressive

'The sociology of science offers more empirically
grounded alternatives: Frickel and Gross (2005) develop a
theory of scientific/intellectual movements identifying microp-
olitical, mesolevel, and macropolitical conditions for field
formation; Whitley (1984) classifies fields by mutual depen-
dence and task uncertainty, predicting fragmented, ad hoc
structure for fields like Al evaluation.



program generates novel predictions that are sub-
sequently confirmed. A degenerating program be-
comes increasingly ad hoc, with modifications that
serve only to defend its core assumptions against
anomalies.

The current benchmark paradigm assumes that
static benchmarks on fixed datasets measure Al
capability. Its positive heuristic directs practition-
ers to extend coverage along three axes: more
comprehensive datasets, harder evaluation splits,
and greater task diversity—treating deployment-
behavior prediction as outside the program’s scope
rather than as an open empirical question. Anoma-
lies continue to accumulate: data contamination,
score saturation, construct validity failures, Good-
hart’s law dynamics, and strategic evaluation gam-
ing. The responses have been largely ad hoc:
harder test sets, contamination detection patches,
formatting adjustments, and new data splits. These
modifications protect the core assumption with-
out predicting novel phenomena about Al systems.
This pattern fits Lakatos’s criteria for a degener-
ating program. Schaeffer et al. (2023) provide a
paradigmatic illustration: apparent emergent capa-
bilities in LLLMs, among the benchmark paradigm’s
most celebrated claimed findings, turn out to be
artifacts of metric choice rather than genuine dis-
continuities in model behavior. The anomaly was
not predicted by the benchmark paradigm; it was
discovered by examining the paradigm’s own mea-
surement assumptions.

The field has also made more structural re-
sponses that go beyond patch-style fixes: dy-
namic and adversarial benchmarks, agentic task-
completion evaluations, and the widespread adop-
tion of LLM-as-judge approaches in which Al sys-
tems evaluate Al outputs. Each addresses a genuine
anomaly (saturation, rigid item format, the cost of
human evaluation) but none constitutes a principled
reconception of evaluation methodology. Dynamic
benchmarks inherit construct validity and contam-
ination problems in new forms. Agentic evalua-
tions introduce non-determinism across runs that
existing statistical frameworks do not address: out-
comes vary with stochastic sampling and environ-
mental variation, making single-run results unreli-
able, yet the field has not standardized how many
runs are required or how to aggregate across them
(Song et al., 2025). LLM-as-judge approaches, now
widely adopted for preference and quality assess-
ment (?), introduce their own systematic validity
failures: positional bias, verbosity bias, and self-

preference bias are well-documented across judge
models (Zheng et al., 2023; ?; ?), and the field
lacks principled criteria for when such judgments
are valid or what construct they measure. The core
assumption, that measurement instruments proxy
genuine capability, persists across each of these
shifts, even as the instrument grows more sophisti-
cated. This is the Lakatosian pattern: the protective
belt expands, the core assumption holds. A gen-
uinely transitional program would revise the core
assumption and generate novel predictions about
which evaluation designs actually measure capabil-
ity. The structural responses do not do this: each
addresses a surface anomaly without reconceiving
what the instrument is measuring.

2.3 The Culture Change Pyramid

Nosek (2019) proposes a staged model for how
scientific culture changes, moving through five lev-
els: Infrastructure (“make it possible”), Ease of use
(“make it easy”), Norms (“make it normative”), In-
centives (“make it rewarding”), and Policy (“make
it required”). Each level builds on those below.

Applying this framework to Al evaluation re-
veals a specific pattern of partial progress. At the
infrastructure level, reporting tools like EEE and
execution frameworks like Im-eval and Inspect ex-
ist, but evidence quality metadata, pre-registration
registries, and replication infrastructure remain ab-
sent. Ease of use remains low for evidence quality:
EEE converters reduce reporting friction, but no
tools exist for documenting validity or assessing
evidence quality in a structured way. Emerging
norms around transparency and contamination re-
porting are visible, but community standards for
pre-registration, registered reports, statistical power
analysis, or systematic replication do not yet exist.
Incentives for evaluation quality are largely absent:
no career paths reward evaluation methodology re-
search, no funding streams support replication, and
SOTA-chasing continues to be rewarded over rigor.
Policy interventions remain premature. The EU Al
Act references evaluation without specifying qual-
ity standards; the NeurIPS reproducibility checklist
represents the closest existing conference require-
ment.

2.4 Synthesis

Taken together, these three frameworks place Al
evaluation in a specific, diagnosable state. Ham-
brick and Chen say the field is mobilizing but not
yet legitimate. Lakatos says its dominant paradigm



shows degenerative signs, though progressive alter-
natives are emerging. Nosek says the infrastructure
is partially built, but the norms, incentives, and
policies that would cement scientific practice are
largely absent.

This is a precise enough diagnosis to prescribe
interventions. The following sections identify what
the interdisciplinary study of science tells us about
those interventions.

3 Three Questions for Making AI
Evaluation a Science

The study of how science works, spanning science
of science, meta-science, open science, and eco-
nomics of innovation, has over several decades
developed into a substantial interdisciplinary en-
terprise. We organize our treatment around three
questions this enterprise helps answer for Al eval-
uation, noting which traditions and methods are
most relevant to each.

The Al evaluation community has not yet sub-
stantively engaged this enterprise, particularly its
economics-of-innovation and science-of-science
dimensions. Existing proposals for making Al eval-
uation more scientific draw from Al safety (Apollo
Research, 2024), psychometrics (Burnell et al.,
2023; Salaudeen et al., 2025), NLP methodology
(Bowman and Dahl, 2021; Kiela et al., 2021), and
critical AI/STS scholarship (Raji et al., 2021). Each
contributes valuable insights — Raji et al. engage
institutional critique, and Bowman and Dahl ad-
dress community incentive structures — but none
draws systematically on the economics of innova-
tion, the science of science, or the sociology of
scientific fields to address these dimensions at a
field level.

3.1 How Does the AI Evaluation Ecosystem
Work as a Knowledge System, and How
Can We Measure It?

A science that cannot study itself cannot improve
systematically. At present, discussions about what
is wrong with Al evaluation rest on intuition, anec-
dote, and individual case studies. The interdisci-
plinary study of science transforms these into em-
pirical questions with quantitative answers. Build-
ing this self-study capacity is both a marker of
scientific maturity (mature fields study themselves)
and a prerequisite for tracking progress toward ma-
turity (one cannot know whether reform efforts are
working without measuring their effects).

A direct precedent. Teplitskiy’s program of
“building a science of scientific evaluation” (Teplit-
skiy et al., 2018, 2022) provides the most compre-
hensive empirical investigation of how evaluation
systems function in high-stakes intellectual con-
texts, and has never been cited in the Al evalua-
tion literature. Two findings apply directly: profes-
sional connections between authors and reviewers
bias validity judgments even when evaluators are
instructed to assess only scientific merit; and in-
stitutional design (editorial structure, specifically)
shapes what gets recognized more than individual
evaluator quality does.

Key methods and their analogs in Al evalua-
tion. Science-of-science methods map directly
onto open empirical questions in Al evaluation;
Table 1 summarizes the main approaches.

Building this self-study capacity produces re-
turns well beyond tracking maturation. It allows
the field to identify which evaluation methods ac-
tually work, to spot evaluation blind spots before
they become governance failures, and to predict
benchmark saturation before it becomes a crisis.

Infrastructure. The Every Eval Ever (EEE)
database, as a structured repository of evaluation
results across models and benchmarks, is the first
infrastructure project capable of supporting this
research program at scale. Combined with cita-
tion data from OpenAlex or Semantic Scholar, it
enables benchmark lifecycle analysis, evaluator
ecosystem mapping, and method diffusion track-
ing.

3.2 How Can We Make AI Evaluation More
Reliable, Transparent, Cumulative, and
Self-Correcting?

Reliable, transparent, cumulative, and self-
correcting: these are the properties of a mature
science. The open science and meta-science move-
ment has spent roughly two decades developing and
empirically testing interventions that move fields
toward these properties. Al evaluation can draw on
this tested playbook rather than reinventing it.

The reinvention problem. The Al evaluation
field has repeatedly rediscovered concepts that ex-
ist in mature forms elsewhere. The term “uplift”
in Al safety recapitulates treatment effect estima-
tion from the potential outcomes framework in
causal inference (Rubin, 1974). Benchmark “valid-
ity” concerns recapitulate construct validity from



Method Source

Al evaluation question

Citation network analysis Standard bibliometrics

How do evaluation methods spread? Which communities remain

insular?

Three-parameter ~citation
model
Self-referentiality index

CD disruption index

Wang et al. (2013)

Frank et al. (2019)
Park et al. (2023)

Which evaluation approaches will have lasting influence?

Is Al evaluation becoming more insular over time?
Are new benchmarks creating methodological advances or consoli-

dating existing paradigms?

Attention concentration
Team size and disruption

Hao et al. (2026)
Wu et al. (2019)

Is the field evaluating what matters, or what is easy to evaluate?
Do small academic teams produce more novel evaluation approaches

than large industry ones?

Table 1: Science-of-science methods and their analogs in Al evaluation.

psychometrics (Cronbach and Meehl, 1955). Evalu-
ation quality discussions recapitulate GRADE and
PROBAST from evidence-based medicine. The
desire for evaluation registries recapitulates Clin-
icalTrials.gov. Each reinvention costs time, pro-
duces less mature versions of existing tools, and,
critically, compounds: imprecise Al evaluation
language enters the training corpus, Al systems
trained on that literature internalize the impreci-
sion, and Al-assisted research accelerates the cy-
cle of publication without improving definitional
clarity. This terminology degradation loop is a
novel, self-reinforcing process that makes interdis-
ciplinary engagement urgent.

What the reform playbook says works, with evi-
dence. Prospective trial registration, mandated by
ICMIE in 2005, measurably increased clinical trial
registration rates. Soderberg et al. (2021) found,
in a blinded evaluation by 353 researchers, that
Registered Reports outperformed standard papers
on all 19 quality criteria while remaining indistin-
guishable in novelty and creativity, directly coun-
tering the objection that pre-registration stifles in-
novation. Al evaluation has no pre-registration reg-
istry. Pineau’s NeurIPS reproducibility checklist
increased code sharing from under 50% to approxi-
mately 75%, showing that low-cost requirements
change practice. Card et al. (2020) demonstrate that
NLP experiments are systematically underpowered
and call for 80% power as the minimum thresh-
old, the standard convention since Cohen (1962),
a baseline Al evaluation has not adopted. A com-
panion paper submitted to this workshop devel-
ops one additional gap Card et al. do not address:
evaluations adequately powered for average effects
are routinely underpowered for subgroup and het-
erogeneity analyses on the same data. The TOP
Guidelines (adopted by over 5,000 organizations),
the Coalition for Evidence-Based Policy’s tiered

evidence framework, GRADE, and the i4R’s Al
Replication Games supply further models.

Several tools transfer with modest modification:
pre-registration models, tiered evidence systems,
and the TOP transparency framework. Others re-
quire adaptation for AI’s unique features, addressed
in Section 4. A companion paper submitted to this
workshop operationalizes the most directly transfer-
able tools as concrete schema extensions to EEE.

A nuance. Munger (2024) has argued that meta-
science privileges process-based evaluation (did
they pre-register?) over outcome-based evaluation
(did the finding prove important?). Al evaluation
should build genuine epistemic infrastructure rather
than compliance theater. We acknowledge the risk
of compliance theater while arguing that evidence-
informed institutional design remains preferable to
design from scratch.

3.3 What Structural Conditions Produce or
Suppress Evaluation Quality, and How Do
We Design Institutions Accordingly?

Becoming a science requires more than good meth-
ods and transparent norms. It requires institutional
and incentive structures that sustain quality over
time. Everyone in Al evaluation is aware that
benchmarks have validity issues, that contamina-
tion is pervasive, and that most evaluations go un-
replicated. If awareness alone were sufficient, these
problems would already be solved. They persist
because they are structural features of the evalua-
tion ecosystem’s incentive landscape, not failures
of individual judgment.

The structural diagnosis. Drawing primarily
from economics of innovation and institutional eco-
nomics, several mechanisms explain the current
situation. Rigorous evaluation is a public good: its
benefits accrue broadly, but the costs are borne pri-
vately. Classic underproduction follows. Informa-



tion cascades (Bikhchandani et al., 1992) explain
benchmark lock-in: when a benchmark becomes
popular, subsequent researchers adopt it not be-
cause they independently assessed its quality but
because non-adoption is costly. Stein (2025) finds
that competition degrades quality on the most im-
portant problems. In Al evaluation, competitive
pressure leads to rushed, lower-quality safety eval-
uations precisely where careful evaluation matters
most. This application warrants a caveat: Stein’s
mechanism assumes quality is observable ex-post,
a condition that may not hold for safety evalua-
tion, and developers may face incentives to pass
evaluations rather than maximize scores, partially
modifying the degradation dynamic.

We propose evaluation debt as a concept for
the Al evaluation community. Analogous to tech-
nical debt, evaluation debt accumulates when Al
systems are deployed with inadequate measure-
ment infrastructure. It compounds through a spe-
cific mechanism: deployment decisions based on
weak evidence create precedents; those precedents
become baselines; future evaluations are judged
against those baselines rather than against absolute
evidence quality standards.

? demonstrate that what a field chooses to mea-
sure determines what gets developed: in clinical
trials, the use of surrogate endpoints shaped which
drugs were pursued. In Al, benchmark design de-
termines what developers optimize for. This is
the primary causal pathway through which evalua-
tion shapes the Al ecosystem. Getting evaluation
right is about shaping what Al becomes, not merely
knowing what it can do.

The reinvention problem described in Sec-
tion 3.2 also has structural roots. Smaldino and
O’Connor (2022) showed that contact between sci-
entific communities spreads superior methodology,
but requires reduced self-preferential bias and in-
creased competence to evaluate foreign methods.
Al research is increasingly self-referential (Frank
etal., 2019), and jargon is nearly always negatively
correlated with interdisciplinary impact (Lucy et al.,
2023).

The role of institutions. Institutions play spe-
cific, well-studied roles at each stage of field de-
velopment. Funders seed infrastructure: Arnold
Ventures’ allocation of over $60 million to meta-
science built the Center for Open Science, the Re-
producibility Project, and the transparency infras-
tructure the open science movement now runs on.

The HHMI model, which funds people rather than
projects while tolerating early failure, produces ap-
proximately twice as many top-1% cited papers
as NSF-style project grants (Azoulay et al., 2011).
Focused Research Organizations (Marblestone and
Rodriques, 2022) offer a further model suited to
infrastructure too coordinated for academia and too
public-goods-oriented for industry. Professional
associations build norms: the EvalEval Coalition,
Al Evaluator Forum, and ai-evaluation.org are per-
forming this role, and Haas’s (1992) epistemic
community framework specifies what they need
to succeed. Publication venues enforce standards:
the NeurIPS Datasets and Benchmarks Track and
Pineau’s reproducibility checklist demonstrate that
requirements change practice; no dedicated journal
for Al evaluation methodology yet exists. Govern-
ment sets policy: the UK Metascience Unit (£49M)
and the FDA'’s formalization of regulatory science
(the recognition that evaluating novel products re-
quires developing the science of evaluation itself)
are the closest institutional precedents.

Institutional existence proof. The meta-science
trajectory from Ioannidis (2005) through the Cen-
ter for Open Science, the Reproducibility Project,
the TOP Guidelines, and the Metascience Alliance
(now over 25 organizations) demonstrates that de-
liberate scientific field-building works, scales, and
attracts both philanthropic and government invest-
ment. The UK Government’s Metascience Unit
(£49M) is the most recent sign that this model is
being taken seriously at a policy level. The Institute
for Progress’s Economics of Ideas course (Spring
2026) already includes Al evaluation in its curricu-
lum. The intellectual bridge is being built from the
other side.

4 What Is Genuinely New About Al
Evaluation

Not everything transfers from existing disciplines.
Evaluation evidence drives deployment decisions
for systems that could cause societal-scale harm;
the International AI Safety Report describes an “ev-
idence dilemma” in which policymakers must act
on weak evidence or wait indefinitely for stronger
evidence that may never arrive. Several features of
Al evaluation have no direct analog in prior scien-
tific fields and require genuinely new development.

Speed of change. A common objection holds
that rigorous evaluation infrastructure will always



arrive too late to matter for the models currently be-
ing deployed. This misidentifies what the 15 to 20
year meta-science maturation estimate describes:
the time needed to build an institutional stack from
zero, not to implement individual practices once
they are known. The interventions are already iden-
tified, several carry effect estimates, and Nosek’s
pyramid supplies a sequencing theory rather than
just a list of things to try. Partial infrastructure
already exists in EEE, Im-eval, and the EvalEval
Coalition, and the Al research community’s capac-
ity to move quickly, aided in part by the Al tools
it studies, may accelerate norm diffusion in ways
prior fields could not. Different evaluations also
have different stakes: a benchmark tracking aca-
demic NLP progress can proceed at lower evidence
tiers, while a safety evaluation informing a frontier
model deployment warrants prospective registra-
tion and independent verification. These modes
coexist within a tiered evidence framework, and
rigorous evaluation of a model no longer at SOTA
is not wasted effort; it contributes methodologi-
cal knowledge that accumulates across generations.
The argument is not that maturation will be fast, but
that deliberate, evidence-informed field-building
can make it meaningfully faster than organic emer-
gence, while carrying real risks: urgency generates
pressure for compliance theater, and premature in-
stitutionalization can entrench the wrong norms as
readily as the right ones.

Reflexivity. Al is simultaneously the object of
evaluation and increasingly the tool for conducting
it, creating feedback loops with no parallel in tra-
ditional science-of-science work. LLM-as-judge
approaches make this structural rather than inci-
dental, with systematic positional, verbosity, and
self-preference biases for which no correction stan-
dards yet exist (Zheng et al., 2023; ?; ?). Agen-
tic evaluations introduce a related challenge: non-
determinism across runs, where multiple indepen-
dent runs and pass @k aggregation exist but are not
normalized (Song et al., 2025). Both require new
methodological development that existing science-
of-science tools do not provide.

Evaluation gaming. The subject of Al evalua-
tion can, in some cases, strategically detect and
defeat the evaluation instrument (Apollo Research,
2024; Hubinger et al., 2024). No other field
faces subjects capable of gaming measurement
in this way, creating a fundamental tension be-
tween transparency (needed for verification and

self-correction) and opacity (needed for evaluation
integrity).

Commercial concentration. Evaluation, devel-
opment, and deployment are often vertically inte-
grated within the same organizations, making eval-
uator independence structurally harder to achieve
than in any prior science. Closed-weight models
add a distinct replication challenge: models can
change silently between measurements, API access
can be revoked, and mechanistic claims cannot be
verified without weight access. This is not fatal;
open-weight models sidestep the constraint, behav-
ioral evaluation remains tractable on the FDA regu-
latory science model, and structured transparency
documentation can make evidentiary gaps legible
as a precondition for closing them through regula-
tory mandate.

These features do not invalidate the contribu-
tions of Section 3, but they define the frontier of
genuinely new work. Appendix A provides a struc-
tured summary.

S A Maturation Agenda

The agenda below is organized by the levels of
Nosek’s (2019) culture change pyramid, with prior-
ity actions at each.

Infrastructure (‘make it possible’”). Four pri-
orities stand out. First, extend existing reporting
infrastructure (EEE) to capture evidence quality,
including design soundness, transparency, and evi-
dence strength, as structured, queryable metadata.
A companion paper submitted to this workshop pro-
poses a concrete schema for this extension. Second,
create a pre-registration registry for Al evaluations
equivalent to the AEA RCT Registry or Clinical-
Trials.gov. Third, establish a replication fund and
infrastructure equivalent to i4R, funded to systemat-
ically reproduce evaluation results. Fourth, initiate
validity infrastructure for the reflexive case: cali-
bration standards for LLM-as-judge specifying the
constructs and conditions under which LLM judg-
ments are credible proxies for human evaluation,
and statistical norms for multi-run agentic evalu-
ation analogous to power analysis conventions in
human studies (Song et al., 2025).

Ease of use (“make it easy””). Evidence quality
documentation, pre-registration, and transparency
reporting must integrate with tools evaluators al-
ready use, including Im-eval, Inspect, and EEE



converters. COS’s strategy of building tools that in-
tegrate with existing workflows provides the model.

Norms (““make it normative). The Al evalua-
tion equivalent would involve the EvalEval Coali-
tion adopting evidence quality standards for its own
projects, leading evaluation organizations publicly
committing to transparency and pre-registration,
and workshops requiring reproducibility documen-
tation for submitted evaluations.

This workshop, EvalEval at ACL 2026, is it-
self performing the kind of norm-setting and
community-building that the field-formation liter-
ature identifies as essential. It functions as what
Galison (1997) calls a trading zone: a space where
practitioners from distinct communities (ML re-
searchers, social scientists, policymakers, ethicists)
can coordinate joint activity even when they hold
different methodological commitments.

Incentives (“make it rewarding”). No major
funding stream currently supports replication of
Al evaluation findings or research on evaluation
quality as a topic in its own right. Coefficient
Giving’s meta-research funding model, J-PAL’s
Science for Progress Initiative, and the UK Meta-
science Unit’s grants provide templates. An “eval-
uation FRO” (Focused Research Organization), a
five-year, tightly coordinated team building shared
evaluation infrastructure, could fill a gap that is
too coordinated for academia and too public-goods-
oriented for industry.

Policy (“make it required””). Policy interven-
tions are premature without the lower levels in
place, but the trajectory should be noted. Con-
ference requirements could adapt TOP Guidelines
for Al evaluation venues. Funder mandates could
require pre-registration and data sharing for funded
evaluation research. Regulatory standards could
connect evaluation evidence quality to regulatory
recognition under the EU Al Act and Frontier
Safety Frameworks.

The EvalEval Coalition, the AI Evaluator Fo-
rum, the ai-evaluation.org programme, and several
research programs represent real progress at the
infrastructure and early mobilization stages; the
binding constraints lie primarily at the norms, in-
centives, and institutional levels.

6 Discussion

Hardt (2025) is the most directly relevant exist-
ing work. He approaches the science of bench-

marks from ML and statistics. Our paper is comple-
mentary: we add the economics and meta-science
perspective on incentive structures, institutional
design, field-building dynamics, and the political
economy of evaluation that ML and statistical anal-
ysis cannot address. Weidinger et al. (2025) ar-
gue why evaluation science is needed; this paper
proposes how to build it. Salaudeen et al. (2025)
and Wallach et al. (2025) apply psychometric va-
lidity to benchmarks, one important tool among
many. Hernandez-Orallo (2017) correctly argues
that much of what Al evaluation needs already ex-
ists in measurement theory; our paper extends this
point to the entire enterprise of studying how sci-
ence works.

More broadly, the maturation of Al evalua-
tion requires a shift in the field’s epistemic cul-
ture, from benchmark-centric, speed-driven knowl-
edge production toward the kind of cumulative,
self-correcting, evidence-quality-conscious prac-
tice that characterizes mature measurement sci-
ences. The epistemic iteration described in Sec-
tion 1 is the mechanism for this synthesis: each
round of building infrastructure, studying the field,
and applying lessons produces a progressively
more coherent and rigorous epistemic culture for
Al evaluation.

Limitations

Each tradition we draw from has its own exten-
sive literature; we have identified the highest-value
connections rather than provided comprehensive re-
views. Adapting methods to Al evaluation’s unique
features (Section 4) is non-trivial; speed, reflexivity,
and evaluation gaming create genuine challenges
that existing tools do not fully address. The meta-
science movement took roughly 15 to 20 years to
develop from loannidis (2005) to a globally funded
ecosystem. Al evaluation may not have that much
time. Compressing the maturation process intro-
duces risks of premature institutionalization or top-
down imposition of norms before community buy-
in is achieved. Hwang’s (2023) argument about
the “political fragility” of meta-science reforms
is a real concern. Furthermore, building evalua-
tion infrastructure is a public good, but the costs
of compliance fall on individual researchers and
organizations.
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A Novel Features of AI Evaluation

Feature Core challenge

Speed of change Model generations arrive in months; citation-based methods built for multi-year observa-
tion windows need adaptation; replication must happen on faster timescales

Reflexivity Al is simultaneously the object and increasingly the instrument of evaluation, creating

LLM-as-judge biases

Agentic non-determinism

Evaluation gaming

Commercial concentration

Closed-weight replication

feedback loops between evaluation and development with no traditional parallel

Al systems routinely evaluate Al outputs at scale, with systematic positional, verbosity,
and self-preference biases that lack established correction standards (Zheng et al., 2023;
2?7

Agentic evaluations produce different outcomes across runs; multiple independent runs
and pass@k aggregation exist but are not standardized; single-run results remain the
norm (Song et al., 2025)

Subjects can, in some cases, detect and defeat the evaluation instrument (Apollo Research,
2024; Hubinger et al., 2024); no other field faces subjects capable of gaming measurement
in this way

Evaluation, development, and deployment are often vertically integrated; evaluator
independence is structurally harder to achieve than in any prior science; Merton’s norm
of disinterestedness faces an extreme challenge

Models can change silently between measurements; API access can be revoked; mech-
anistic claims cannot be verified without weight access; open-weight alternatives, be-
havioral evaluation on the FDA regulatory science model, and structured transparency
documentation provide partial paths forward

Table 2: Novel features of Al evaluation with no close analog in prior scientific fields.



B The Returns to Building This

Building the self-study capacity and reform infrastructure described above produces returns at multiple
levels.

Accelerating methodological innovation. The field currently has no systematic way to know which
evaluation approaches work, which are being adopted, or which are reaching saturation. The self-study
capacity described in Section 3.1 would allow the field to allocate attention more efficiently.

More cost-effective R&D. The reinvention problem outlined in Section 3.2 is expensive. Every hour
spent rediscovering construct validity or reinventing pre-registration is an hour not spent on the genuinely
novel challenges described in Section 4.

Better evidence for governance. Governance decisions about Al systems depend on evaluation ev-
idence. That evidence is currently difficult to synthesize: there are no common effect sizes, no power
conventions, no evidence tiers, and no aggregation methods. Building evidence synthesis infrastructure
makes governance evidence-ready.

Cumulative rather than ad hoc knowledge. A mature science builds cumulatively. Al evaluation
currently produces largely non-cumulative findings; each benchmark result is an isolated data point rather
than a contribution to a growing body of evidence.

Developing research taste empirically. The science of science provides tools for understanding what
makes research impactful. The finding that the most influential work combines recent and vintage
knowledge (Mukherjee et al., 2017) and the finding that individual research ability is a persistent,
measurable trait (Sinatra et al., 2016) provide a basis for understanding productive direction-setting. A
forecasting platform for Al evaluation results, adapted from Vivalt and DellaVigna’s Social Science
Prediction Platform, could further develop this capacity.

Monitoring reform efforts. Without self-study capacity, the field cannot know whether its interventions
are actually improving evaluation quality.
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