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Abstract

We conducted 37 semi-structured expert interviews to exam-
ine how frontier Al evaluations reduce societal-level Al risks.
Evaluations have become central to Al risk governance, de-
spite their shortcomings being widely critiqued. Still, the case
for how they reduce risks in practice remains largely im-
plicit. Drawing on expert accounts, we reconstruct this case
by identifying the mechanisms through which evaluations are
expected to reduce risk, the assumptions underpinning those
mechanisms, and the challenges those assumptions face. Our
findings suggest that ‘evaluation-based governance’ could
contain foundational gaps which undermine risk-reduction
strategies that depend on evaluations. Using thematic anal-
ysis, we identified three key pathways through which evalua-
tions could reduce risk: by (i) making societal-level risks con-
crete to decision-makers and the public (raised in 18 out of
37 interviews), (ii) serving as a basis for governance commit-
ments and regulation (18), and (iii) incentivizing a better risk
culture within Al companies (16). However, these pathways
often depended on shared assumptions that participants them-
selves doubted. The main challenges included, in order of fre-
quency: (i) diminishing informativeness of evaluation results
as model capabilities improve (21), (ii) measurement limita-
tions that may be inherent to the evaluation paradigm (18),
(iii) a lack of guarantees that evaluation results will be acted
upon by companies or governments (16), and (iv) the degree
of control and discretion Al companies retain over evalua-
tion design, disclosure, and response (12). Participants also
noted that evaluation-based governance could prove counter-
productive, by functioning as a permission structure for de-
velopers’ continued capability improvement (4). We finish by
discussing the implications of our findings for the evaluation-
based governance paradigm, and the conditions that would
improve its prospects.

1 Introduction and Related Work

The development and deployment of frontier Al systems
can pose societal-level risks, including risks to democ-
racy through mis- and disinformation; to national secu-
rity through biosecurity, cybersecurity, and misalignment
threats; and to economic organization through labor dis-
placement and global inequality (Bengio et al. 2026; Gold-
stein et al. 2023; Burton et al. 2025; Drexel and Withers
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2024; Eloundou et al. 2024). As a response, frontier Al de-
velopers have embraced ‘evaluation-based governance’: uti-
lizing measurements of Al behaviors to identify Al capabil-
ities, performance, vulnerabilities, or impacts (Bengio et al.
2026; Shevlane et al. 2023), as a basis for assessing and mit-
igating risks from frontier Al

Evaluations have long been used to assess Al systems for
bias, fairness, and other social harms (Buolamwini and Ge-
bru 2018; Selbst et al. 2019). However, evaluations of dan-
gerous capabilities now play a distinct role. Emerging regu-
latory frameworks such as the EU Al Act (European Parlia-
ment and Council of the European Union 2024), California’s
SB-53 (California State Legislature 2025), and the Frontier
Al Safety Commitments (DSIT 2024) rely on dangerous ca-
pability evaluations as the empirical basis for risk classifica-
tion and mitigation triggers.

The success of these governance regimes depends on re-
liable, accurate, and trustworthy Al evaluations. However,
evaluations suffer from well-documented limitations, and a
growing body of work questions whether Al evaluations can
bear the governance weight placed on them. Foundational
critiques have shown that general-purpose benchmarks suf-
fer from construct validity failures, measuring proxy tasks
that may not correspond to the real-world phenomena they
claim to capture (Raji et al. 2021; Jacobs and Wallach 2021;
Eriksson et al. 2025). Benchmark culture can also encode
values that systematically centralize power around those
who design the tests (Birhane et al. 2022). These concerns,
originally developed in the context of fairness and bias eval-
uations (Buolamwini and Gebru 2018; Selbst et al. 2019;
Raji et al. 2021; Ibrahim et al. 2024), may extend to dan-
gerous capability evaluations, which suffer from additional
challenges: rapid benchmark saturation (Reuel et al. 2024;
Kiela et al. 2021; Anthropic 2026c¢), sensitivity to elicitation
choices (Casper et al. 2024; Burden 2024), and omission of
contextual information from developers’ published reports
(Staufer et al. 2025; Bommasani et al. 2024). Evaluations
for dangerous capabilities can also be constructed in forms
that may serve developers’ interests (Eriksson et al. 2025;
Ren et al. 2024; Hardy et al. 2025).

Many evaluations are built, run, and publicized by frontier
Al developers themselves, potentially mirroring the agenda-

setting form of regulatory capture documented in Al pol-
icy more broadly (Wei et al. 2024; Abdalla and Abdalla



2021; Birhane et al. 2026). Governance frameworks draw
heavily on approaches that developers originated (European
Parliament and Council of the European Union 2024; DSIT
2024; Anderljung et al. 2023; Buhl et al. 2024), which some
suggest were adopted partly because labs were already us-
ing evaluations for capability improvement and marketing
(Ren et al. 2024; Birhane et al. 2022). More broadly, cor-
porate logics can drive governance work toward “check-
lists, procedures, and evaluative metrics” that convert po-
litical questions into tractable engineering problems (Met-
calf, Moss, and Boyd 2019), and Al principles alone may
be insufficient without the institutional infrastructure to en-
force them (Mittelstadt 2019). Recent work has taxono-
mized how firms can walk the line between legal compli-
ance and substantive avoidance under risk-based Al regula-
tion (Yew, Marino, and Venkatasubramanian 2025), raising
questions about whether evaluation-based governance could
be similarly circumvented.

Interview-based studies of responsible Al practitioners
have documented how procedural governance instruments
function in practice. Evaluations and checklists only oper-
ate as governance when integrated with organizational work-
flows and incentives (Madaio et al. 2020); practitioners often
face structural barriers including product-launch supremacy
and difficulty quantifying ethical concerns (Ali et al. 2023;
Rakova et al. 2021); and model-level evaluations can fail as
governance when the actors being evaluated lack the power
or incentives to act on findings (Widder and Nafus 2023).
Field scans of the algorithmic audit ecosystem have identi-
fied access, independence, and enforceability as persistent
bottlenecks (Costanza-Chock, Raji, and Buolamwini 2022;
Friedler et al. 2023). However, most of this work examines
fairness and bias evaluations within industry settings. How
evaluation-based governance functions for frontier Al risks,
where the stakes extend to national security and societal-
level harms, and where the evaluation paradigm is now em-
bedded in regulation, remains largely unexamined. The clos-
est methodological precedent is Wei et al. (2024), a 17-
interview study of US Al policy experts on regulatory cap-
ture dynamics. However, it remains understudied how and
under what conditions evaluation-based governance trans-
lates into reduced risk.

This article addresses that gap. Through 37 semi-
structured interviews with Al governance experts, techni-
cal researchers, and evaluation developers, we surface the
tensions and fragilities of evaluation-based governance, pin-
point where core assumptions may break down, and high-
light what targeted interventions could strengthen them.
Using thematic analysis, we identify three key pathways
through which evaluations could reduce risk: by (1) mak-
ing societal-level risks concrete to decision-makers and the
public, (2) serving as a basis for governance commitments
and regulation, and (3) incentivizing a better safety culture
within Al companies. However, participants widely ques-
tioned the assumptions these pathways depend on, and sev-
eral argued that evaluation-based governance could prove
counterproductive, by providing a false appearance of re-
sponsible action.

Our findings do not suggest that evaluations cannot sup-
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port Al governance, or that evaluation-based governance
frameworks will necessarily fail at reducing risks. Rather,
they help identify the institutional conditions that could be
needed for evaluations to reliably reduce risks from Al. We
conclude by discussing recent developments that may have
reinforced many participants’ concerns, and the conditions
under which evaluation-based governance could be strength-
ened.

2 Methodology

We conducted 37 semi-structured interviews with experts
on Al evaluations and governance, and the mechanisms for
how evaluation-based governance could reduce risk (‘the-
ories of change’). A semi-structured method is appropriate
because the strategic reasoning and institutional knowledge
behind evaluation-based governance is rarely articulated in
published work, meaning theories of change and their as-
sumptions may be best surfaced through open-ended expert
discussion (von Soest 2023). Interviews were anonymized
to encourage candid reflection on governance strategies and
institutional dynamics.

2.1 Participant Selection

We used purposive and snowball sampling to identify partic-
ipants based on their professional expertise in Al evaluations
and governance. We contacted approximately 140 experts
and conducted 37 interviews across four stakeholder groups:
Al governance researchers, evaluation developers, technical
Al researchers, and Al advisors in government. After 27
interviews, no new themes emerged, indicating saturation
(Saunders et al. 2018). Participants were based primarily in
the United States and the United Kingdom, with some in the
European Union. The sample includes participants currently
or formerly affiliated with frontier AI companies, govern-
ment agencies, nonprofits, and academia. Participant back-
grounds are described in Table 2 in the appendix.'

2.2 Interview Protocol

All interviews were conducted online by the first author be-
tween February and April 2025, lasting 60—70 minutes each.
The first author described the study goals, outlined confi-
dentiality practices, and obtained verbal informed consent.
Participants received a participant information sheet in ad-
vance, were informed that participation was voluntary and
they could decline any question or withdraw at any time,
and were told the anonymization process in full.

The protocol was structured around four sections. The
first covered participants’ background and definitions of Al
evaluations. The second explored theories of change for how
evaluations could reduce societal-level Al risks, what non-
technical conditions participants considered necessary for
success, and how plausible they judged those conditions
to be.? The third addressed limitations and criticisms, in-

'Given the small size of our population of interest, detailed de-
mographics are not reported to protect participant confidentiality.

2We focus on dangerous capability and societal-level risk eval-
uations because of their role in regulation, though many challenges
we document may translate to other evaluation contexts.



cluding scenarios where accurate evaluations could fail to
prevent harm, as well as underappreciated negative effects.
Technical researchers were asked additional questions on the
state of evaluation science, and the difficulty of control and
propensity evaluations. The protocol was refined after three
pilot interviews. The full protocol is in Appendix C.

The interviews also included a short quantitative compo-
nent. At the end of each interview, participants responded
to Likert-scale questions (five-point scale, —2 to +2) cover-
ing trust in developers to conduct evaluations honestly, trust
in developers to act on concerning results, and expectations
about evaluation reliability as capabilities advance. 33 of 37
participants completed these questions. Results are reported
in Figure 1.

2.3 Data Analysis

Interviews were transcribed using a local instance of
OpenAI’'s Whisper model, then anonymized following a
speaker-identifying-only principle (Saunders, Kitzinger, and
Kitzinger 2015). At no point were recordings or identifiable
data input to Al systems other than the local transcription
tool. Transcripts were analyzed using hybrid thematic anal-
ysis (Fereday and Muir-Cochrane 2006; King 2012), com-
bining 30 deductive codes derived from the interview proto-
col and existing literature with inductive codes that emerged
during coding. The final codebook contains 250 codes, of
which 220 were emergent. Codes were organized into fam-
ilies including theories of change, limitations, critiques, as-
sumptions, strategies, and valence codes of optimism or pes-
simism. To calibrate the codebook, both coders indepen-
dently coded three transcripts and compared results. Dis-
agreements were discussed and code definitions revised. A
fourth calibration transcript was then independently coded
by both coders, yielding high agreement. The remaining 33
transcripts were divided between the two coders, with joint
discussion on approximately five transcripts where either
coder was uncertain. We followed a negotiated agreement
approach (Campbell et al. 2013).°

To identify the assumptions underlying each theory of
change (RQ2), we drew on three sources: assumptions par-
ticipants explicitly articulated, latent assumptions identi-
fied through interpretive coding (Saldafia 2021; Braun and
Clarke 2006), and assumptions surfaced by interpretation of
participants’ criticisms. The first author produced an initial
mapping; the second coder independently reviewed it, and
disagreements were resolved through discussion.

3 RQ1: What Mechanisms Do Al Evaluation
Experts Identify for How
Evaluation-Based AI Governance Could
Reduce Societal-Level Risk?
3.1 Evaluations Make Risks Concrete

The most widely raised theory of change cast evaluations as
a “wake-up” signal, making Al risks concrete to decision-

3Because our coding approach was quote-based rather than
segment-based, unit-by-unit inter-rater reliability metrics such as
Cohen’s kappa were not appropriate (Campbell et al. 2013).
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makers who might otherwise remain unaware of what fron-
tier models are capable of (18 of 37 participants). The rea-
soning was as follows.

Advance warning. Evaluations could detect dangerous
capabilities before models are publicly released, giving de-
velopers and policymakers time to implement safeguards.
The idea is that results could reveal something alarming
enough to update decision-makers’ understanding of risk,
generating political will to act before harm occurs. Internal
evaluation results can let developers and those with model
access “‘see capabilities up to a year before these capabil-
ities would be made public,” meaning concerning findings
could reach national security officials before public release
(US24). This advance warning may be necessary because
“waiting for large real-world impacts is probably too late,”
as developers may “build [artificial general intelligence] in
a lab [...] and use it to automate internal research,” mean-
ing the effects of advanced capabilities could arrive without
any public release to serve as a warning (US27). UK18 de-
scribed this mechanism more generally as “mov|[ing] infor-
mation earlier in time” so that institutions have more time to
prepare.

Building political momentum. Evaluations could gener-
ate momentum for stronger regulatory actions by building
consensus for the requirement of if-then commitments (i.e.
pre-agreed commitments specifying that if a model crosses
a given capability threshold, then specific safeguards must
be implemented to appropriately reduce risks), red lines (i.e.
pre-agreed capability thresholds that should not be crossed),
and/or regulation: “If you can start getting some traction
with early signs or early results from evaluations, you can
get people to buy more into the kind of if-then framing”
(US26). Evaluations could also increase the perceived ur-
gency of Al risk among governments, leading them to “in-
vest time and energy and resources into solving it” (P15).

Legible evidence. Evaluations may be well-suited for pro-
viding a wake-up signal because they can produce legible
empirical evidence that conveys risks more effectively than
alternatives. 114 framed this as a departure from earlier Al
safety work: “a lot of concerns around Al safety have been
pretty abstract and speculative [...] whereas evaluations are
much more concrete and rigorous, you can measure things,
get numbers, plot trend lines on graphs.” Several participants
drew explicit contrasts with demonstrations (i.e. curated ex-
amples of model behavior shown to an audience), arguing
that evaluation results may be harder to dismiss because au-
diences perceive them as more rigorous. “Lots of people
have this pretty reasonable reaction to demos where they’re
like, oh, I guess the thing has been cherry picked to be scary,”
whereas “people’s intuitive reaction to evaluations is much
more like, oh, the fancy Stanford professor did science on
the model” (P15).

3.2 Evaluations Form the Basis for Governance
Commitments and Regulation

A second widely held mechanism suggested that evalua-
tions could provide the empirical foundation for governance



frameworks that reduce Al risks, including voluntary lab
commitments and formal regulation (18 of 37 participants).

Ground commitments. Evaluations could provide empir-
ical evidence to operationalize concrete commitments. De-
velopers can set measurable thresholds such that “if the
model exceeds ‘X’ score on a single benchmark, then we
will make sure that we have such and such level of safe-
guards ready in time” (US37). An even stronger version in-
volves tying evaluation results to pausing development en-
tirely (Alaga and Schuett 2023), where developers can run
evaluations “early and frequently” to produce “early warn-
ing signs of potential risks” that allow them to “forecast
how we might expect capabilities and risk to evolve” and, if
necessary, “pause development if it’s a really extreme case”
(US23).

Establish red lines. By identifying current capabilities
and alerting when more dangerous ones might emerge, eval-
uations could let stakeholders agree on which capability
thresholds should not be crossed. “How close we are to those
catastrophic levels” becomes trackable (US28), making it
possible to “agree in advance” on which capabilities are un-
acceptable “and at what level they would occur” (US29).
Measurability may be a requisite: “for the red line story to go
well, you probably need a good eval that measures whatever
the red line is” (A6).

Raising the industry floor. Companies adopting
evaluation-based governance could create reputational
pressures for others to follow. Evaluations may play “a
useful role in both hard and soft law, with companies
feeling peer pressure to run dangerous capability evals”
(A1). “Other companies feel a little bit of peer pressure
from, let’s say, Anthropic, OpenAl, Google DeepMind to
do evaluations for dangerous capabilities and try to set up
mitigations in place” (US37). Public commitments could
even make formal regulation more feasible by maturing
industry best practice, with evaluation-based governance
serving “first as industry standards” and then “getting into
legislation” (US34).

3.3 Evaluations Shape Safety Incentives Within
Al Companies

A third mechanism is that evaluations could positively in-
fluence the incentives facing Al developers, pushing them
toward better safety practices (16 of 37 participants).

Refine safeguards. Frontier developers can use evalua-
tions to identify new vulnerabilities and test whether ex-
isting safety measures (‘safeguards’) work. Evaluations can
be “used to improve mitigation methods [...] as you iter-
ate against them” (UK20), and “you can see how well your
alignment techniques are working using the evals” (US27).
In some cases, this may have immediate effect as developers
“see their evaluation [scores] have gone up and then [imple-
ment] some mitigations, like doing RL to prevent [models]
from giving biological weapons help” (US27).

Improve understanding of risk domains. Building eval-
uations requires developers to allocate staff and resources
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to specific risks they might otherwise neglect. “If Anthropic
were not doing any CBRN evals,* same for OpenAl, then
they would not be thinking as much about getting some safe-
guards ready in place” (US37). US35 pointed to multi-agent
collusion as a domain where this has not yet happened: “we
have no evaluations for collusion and companies don’t even
run them as far as we know,” even though “there might be
risks of Al systems basically conspiring with each other.”
Constructing evaluations can also surface unexpected failure
modes by forcing researchers to think through threat models
they had not previously considered.

Establish accountability through documentation. Eval-
uations could provide transparency about model capabilities,
establishing accountability. Public commitments may create
reputational stakes, where “if a company publishes some-
thing like [a public commitment] and then they don’t stick
to it [...] [damage] to their reputation [keeps] them in line”
(A2). Evaluations could also give more risk-minded employ-
ees “another lever to pull, to try to develop really clear ar-
guments, to try to kind of retain some power to say, ‘slow
down’ when we need to slow down” (A3). Accountability
could also come from enterprise customers, where “if you
just pull a CEO saying, ‘hey, are you considering working
with [frontier Al developer]? Here’s some scheming that
came from their latest results’,” customers may inquire fur-
ther of developers (EU10). Documentation could create a
record developers “can be held accountable to,” whereas ab-
sent evidence they can “always claim ignorance if there is
an accident” (US25). These records may accumulate such
that “the evidence [is] just piling up and becoming so egre-
gious,” to potentially be utilized in legal contexts (US27).
Documenting evaluation results could also “add time, and
[...] add additional eyes and scrutiny” that matures safety
culture, as developers may have “some fear that problems
will be discovered” (Al).

4 RQ2: What Assumptions Underpin These
Theories of Change?

These three pathways appear to share a common causal
logic: evaluations produce reliable information, that infor-
mation reaches the right people, and those people respond in
ways that reduce risk. Table 1 presents the full set of assump-
tions we identified, organized into foundational assumptions
that would need to hold for each identified pathway to suc-
ceed, and pathway-specific assumptions unique to each the-
ory of change (see Appendix B for the latter).

The sections that follow examine where participants iden-
tified these assumptions as most likely to fail.

5 RQ3: What Criticisms Do Experts Raise
That Challenge These Assumptions?
5.1 Measurement Limitations
Al evaluations face well-documented measurement limita-
tions (see Section 1). As one participant summarized, “just

*Chemical, biological, radiological, and nuclear capability eval-
uations.



Assumption

Key challenges identified by participants

Family
Evaluations can pro-
duce a trustworthy
signal

Evaluators can elicit capabilities at
or near the ceiling of model
performance

Elicitation may be highly sensitive to prompting, scaffold-
ing, and tool access (§5.1); developers could have struc-
tural advantages over external evaluators in elicitation qual-
ity (8§5.3)

Evaluation performance
corresponds to real-world risk (i.e.
construct validity)

Proxy tasks may not map onto real-world threat scenarios
(§5.1); stakeholders may not be able to clearly interpret
what evaluation results signify (§5.3)

Evaluations chosen cover the
relevant threat surface, including
emergent risk domains

Evaluations may neglect more complex risk surfaces, such
as multi-agent interactions, longer time horizons, or simply
unknown unknowns (§5.4)

Models do not strategically
underperform during evaluation

Models could develop sufficient ‘evaluation awareness’ to
detect evaluation conditions and alter behavior, undermin-
ing evaluations’ informativeness (§5.4)

Evaluations are run

Developers conduct evaluations

Developers are not incentivized to conduct evaluations with

fairly and honestly with sufficient effort, rigor, and sufficient rigor, and control what is tested, how results are
frequency reported, and which findings are disclosed (§5.3)

Evaluations produce

trustworthy signal ~ Evaluation methodology keeps Benchmarks may saturate faster than replacements can be

over time pace with the rate of model developed (§5.4); evaluating increasingly complex agen-
development tic behaviors could outstrip available methodology (§5.4);

evaluation awareness could worsen over time (§5.4)
Results reach

decision-makers

Evaluation results are
communicated to relevant
audiences in an interpretable form

Companies can engage in selective disclosure and reporting

(85.3)

Results are acted upon

Appropriate responses to mitigate

risk are available when needed

Mitigations could lag behind capability development
(85.2); developers may resist building safeguards before
problems emerge (§5.2); the ecosystem could be overfo-
cused on detection relative to response (§5.2)

Sufficient political will exists to
create and enforce regulatory
responses to evaluation results

Voluntary commitments may lack enforcement (§5.2);
commercial pressure could incentivize favorable interpreta-
tion of results (§5.2); political will for regulation could be
absent or insufficient (§5.2); commercial and racing pres-
sures could override safety considerations (§5.2)

Table 1: Foundational assumptions underlying key pathways for evaluation-based governance to reduce risk.

because your model passes all your evals, it doesn’t mean
it’s necessarily safe. We don’t have any bounds or guaran-
tees on that” (A5). Another concurred: “no one’s satisfied
with the evaluations that we currently have. Everyone’s like,
oh man, is this even measuring the right thing?” (I112). Be-
low, we focus on structural and institutional challenges that
participants identified as potentially undermining the gover-
nance role evaluations are asked to play.

5.2 No Reliable Path From Information to Action

A key criticism was that even if evaluations surface valu-
able information, no clear institutional processes may exist
to translate results into appropriate responses: “if an [eval-
uation result] comes out and looks really scary, it’s not
clear that anything happens” (P15). As a result, “[evaluation-
based governance] can totally just fail because people don’t
listen to [evaluations]” (A1).
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Voluntary commitments may lack enforcement mecha-
nisms. Participants widely doubted that voluntary com-
mitments would hold under pressure (A2, A6, EU10, P15,
US24, US28, US35, US37). As A2 noted, “you don’t have
to respect [your commitments] at all. You can kind of just
change it at any time, as multiple companies have done. And
no one really cares.” Companies could invoke ‘exit clauses’
(i.e. provisions in voluntary commitments that allow de-
velopers to deviate from stated safeguards under specified
conditions) when results become inconvenient: “the thing I
imagine happening [...] is that the lab is like, oh yeah, it
triggers XYZ in our [voluntary commitments], but actually
we’re going to trigger our exit clause [...] [and] that seems
reasonably likely” (P15).

Companies may be incentivized to bypass safety con-
siderations. Commercial pressure could create incentives
to interpret evaluation results favorably. This may be es-
pecially acute in the AI industry, as one participant high-



It is technically possible to develop
evaluations that adequately
measure model risks

Current evaluation methods can
adequately measure current
model risks

If Al capabilities advance quickly,
evaluations will become I
significantly less reliable

Evaluations can give a fair indicator
of the most serious risks
from AI systems

In the next two years, I expect evals
will be significantly depended on
in AI governance

Evaluations function primarily
as warning signs

Evaluations function primarily
as safety assurance

Today, I trust that leading Al labs
would take appropriate action if
evaluations revealed serious risks

Today, I trust leading Al labs to
conduct thorough and honest
evaluations of their models

Leading Al labs will use evaluations
primarily to assure safety rather
than identify risks

T T T T
10 0 10 20

Number of respondents
M Strongly disagree (—2) Agree (+1)
Disagree (—1) M Strongly agree (+2)
Neutral (0)

Figure 1: Participant responses to Likert-scale questions (—2
= strongly disagree, +2 = strongly agree). Bars show num-
ber of respondents in each category, centered on neutral. Not
all participants answered every question.

lighted: “there was the Volkswagen scandal [...] what is the
economic incentive of that compared to the hundreds of bil-
lions we’re now talking about? It’s insane how high the in-
centives are to be below a well-defined threshold” (EUS).
Similarly, motivated reasoning could shape individual de-
ployment decisions, where “it wouldn’t surprise me if peo-
ple end up finding, even subconsciously, ways to make it
across that threshold [...] they would just be like, oh well,
we have this mitigation now so that brings it down to this
level” (I14). The dual-use nature of many capabilities also
provides readily available justifications, as “the same capa-
bility can also be used defensively... and so I think there’s
a certain way in which people kind of justify the dangerous
capabilities by flipping it to the defensive version of them”
(I14). Put starkly, without external oversight, “why would I
trust a profit-driven organisation to follow something that is
against their profit-driving mechanism?” (EU10).

Political will to create enforcement mechanisms may be
absent or insufficient. Participants noted that the regula-
tion needed to give evaluation-based governance teeth may
be unlikely to arrive in time. As UK20 noted, “the chance
that we get governance that is sufficient in my mind is al-
ready gone [...] It’s only a question of risk reduction at this
point.” The US political environment was raised extensively:
“under the current administration, it seems unlikely that they
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would require evaluations [of developers]” (US22). Simi-
larly, “in order to really mitigate the risks, probably you’re
going to need some kind of third-party auditing [...] and
I think now with the changes in the political environment
that’s probably looking less likely” (I14). Even where polit-
ical will does exist, participants were unsure if governments
“actually have the state capacity, decision-making ability,
ability to align on a course of action” amidst rapid capability
progress (UK17).

Racing dynamics may override safety considerations.
Competitive dynamics between companies and nations
could create structural pressure to continue development, re-
gardless of evaluation results (A6, US24, US37, UK20, A2).
As US24 noted, “People are just not going to abide by their
commitments. They’re going to be like sorry this other lab is
racing too much [...] or China, look at the Chinese model,
so scary.” Racing dynamics could also operate at the govern-
ment level, with nations deprioritizing responsible deploy-
ment under competitive geopolitical pressure (A6).

Mitigations may not be ready even when evaluations sig-
nal their requirement. Even where evaluations function
well and commitments are honored, weak mitigations could
undermine risk reduction, as “probably the most fragile as-
sumption [is] whether the safeguards are actually ready in
time” (US37). One participant described this as a possible
ecosystem failure of overfocusing on detection at the ex-
pense of response (US26). The difficulty scales with the
severity of the risk. US37 framed this as the “crucial ques-
tion”: “if it’s fairly easy, then existing frontier safety policies
could be sufficient. If it’s very hard, if it requires months of
pausing and lots of coordination between Al labs to avoid an
[artificial general intelligence] race, I guess we’re just not on
track to do that.”

This problem could be compounded by a structural reluc-
tance within labs to invest in preemptive mitigations, which
participants attributed to startup culture and a norm of wait-
ing for empirical evidence before building safeguards (114).

These concerns could undermine two foundational as-
sumptions: that institutional mechanisms exist to translate
evaluation results into appropriate responses, and that results
are acted upon when they reach decision-makers (Table 1,
“Results are acted upon”).

5.3 Frontier Developers Retain Significant
Control Over Evaluations

Even where evaluations produce valuable information, par-
ticipants identified a translation gap between results and
their uptake. “Most policymakers probably don’t have a
view [on evaluation-based governance] because it’s not even
something they’ve heard much about” (US34), and “the un-
derground experience is like, actually, they just don’t know
[about evaluation results]” (US30). Even when results reach
audiences, they may fail to communicate risk in actionable
terms, as “people agree what the numbers are, but they don’t
agree what it means” (US36). This translation gap could be
compounded by the degree of control frontier developers
retain over the evaluation ecosystem, such as what is mea-
sured, how results are reported, and who has access.



Frontier developers control how evaluations are re-
ported. Companies’ reporting practices vary widely
(Bommasani et al. 2024; Staufer et al. 2025), and companies
hold discretion on what goes into public system cards (A1,
A2, US37, US24). Participants noted that “there’s no stan-
dardized way to report on things yet” because “the science
of evaluations is pretty immature” (Al). This could allow
results to be presented in misleading ways, since “there are
so many details that go into how an evaluation is done, how
rigorous it was, and what the results all mean” (Al).

Companies could use the subjectivity of evaluations to
“justify [the model] being safe” without needing to “liter-
ally lie” (I14), for instance by arguing a capability thresh-
old was crossed only because the model memorized test
items, or that a new mitigation brings the risk level down
sufficiently (I14). Developers could also cherry-pick which
results to publicize without consequence, presenting safety
evaluations to “say that it’s safe” when releasing a model,
while selecting “the benchmark that they can show they
have done better than others” when competing on capability
(US31). Developers may also deliberately withhold harm-
ful results to protect their reputation, or because disclosure
might “hurt our stock price” (US24). Running evaluations
thoroughly and reporting on them constrains internal capac-
ity, meaning “it’s just not really in their interest to do a good
job here” (A2), leaving “a lot to be desired in terms of elici-
tation.”

Frontier developers control thresholds and responses.
Developers retain significant discretion over the thresholds
and safeguards that trigger commitments. Frontier safety
policies contain “a lot of subjective wording,” letting de-
velopers “remain flexible” about when commitments trig-
ger (US37), and the mapping from eval results to capability
thresholds is often “really ad hoc” and “somewhat arbitrary”
(US23). This discretion could be concerning because devel-
opers may lack incentives to interpret evaluation results in
ways that prioritize safety when these conflict with commer-
cial interests (EU10).

Companies may have valid reasons to withhold full evalu-
ation results, including information hazards® and benchmark
contamination concerns. Nevertheless, several participants
were skeptical that developers would inform regulators or
policymakers when results warranted concern (e.g. US24).
Moreover, developers could use the fragility of evaluations
to create the narrative that “evaluations are really hard, and
we don’t know how to do evaluations well, therefore we
can’t do regulation” because “good evaluations are a pre-
condition for regulation” (US27).

Insufficient access for meaningful external evaluations.
Interviews suggested that developers may control the ac-
cess external evaluators receive. Participants noted that if
third-party evaluators typically receive only query access,
this is “extremely limiting” for external testing because “all
the state of the art red teaming tools use white box access”

>This was a “live concern on the bio side of things,” where eval-
uation design “by necessity” compiles dangerous information to
test for biological risks (US26).
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(A1). As a result, “the evaluations aren’t even really valid
[...] for the purposes that people want them for because
of this limited access” (US29). Even where some access is
granted, people at developers are “much better at elicitation
than people outside” because of extensive ‘“hands-on expe-
rience” with the models (P15). A persistent issue raised was
that independent evaluators who depend on developers for
access may find it difficult to present critical findings with-
out risking the partnerships their work relies on (Al).

This issue could be compounded by developers contin-
uously improving their models up to release, meaning that
even when access is obtained, the version external testers
evaluate often differs from what gets released (Charnock
et al. 2026). Developers are “basically always [...] fine-
tuning [their] model” while testers are given access only “a
month or so before” and are therefore “not testing the final
version inherently” (UK18).

Frontier developers control the evaluations chosen. Be-
cause frontier companies have discretion over which evalu-
ations they give access to conduct, the evaluation ecosystem
could skew toward developers’ commercial interests. Pub-
licly available evaluations could serve as a training signal,
as “you can basically just do RL using the evaluation as the
signal” and this “might actually be the bottleneck” for fur-
ther capability improvement (US27). Participants worried
about this, as safety performance may coincide with capa-
bilities in general (US29; see Ren et al., 2024). Developers
may be “keen to run” cheap multiple-choice evaluations be-
cause they are “useful as an internal measure of capability,”
but it could be “pretty difficult to expect [the companies] to
develop the super in-depth methodologies for different types
of threat models [...] needed [...] for safety reasons” (I114).
These dynamics could undermine the assumptions that
evaluations are run fairly and honestly, that evaluators can
elicit capabilities near the ceiling, and that results reach
decision-makers without distortion (Table 1).

5.4 Evaluations May Have Diminishing Returns
as Model Capabilities Improve

Evaluation methodology may not keep pace with model
development. The speed and complexity of capability
progress could outpace evaluation development (US23,
US27, EU10, US22, US30, UK18, UK17). As US23 noted,
“there’s a super high degree of saturation on all the evalua-
tions, which would indicate that models are advancing much
more rapidly than we can advance the evaluations ecosys-
tem” (US23). As a result, “the frequency of new evaluations
or evaluations updates cannot really match the frequency of
model updates” (EU10).

These problems may be most severe where capabilities
advance discontinuously, such as if Al systems become pro-
ficient enough at coding and research to accelerate their own
development (Davidson 2023). Beyond speed, the complex-
ity of behavior that evaluations need to capture could outstrip
available methodology (US23, A6, P15, A2, 114). Current
evaluations may fail to capture “interactions between models
and systems” since they evaluate “one model” without “[tak-
ing] into consideration its interactions with the real world



and interactions with other highly capable models” (US23).
As Al models move toward agentic tasks with tool access
and longer time horizons, “there’s not a science of this yet”
to rigorously evaluate for risks in this context (P15). Even
evaluations that successfully capture this complexity may be
too costly, as they demand “longer evaluations” and “more
realistic tasks” that “just get really painful to run” (A2).

More capable models may show evaluation awareness.
Evaluations could become less effective as models develop
evaluation awareness (i.e. the ability for models to detect
when they are being tested rather than deployed; Berglund
et al. 2023; Needham et al. 2025) and alter their behav-
ior accordingly (US27, EU8/9, A6, A2, 114, US24, US28,
UK21, UK20, UK19, US35, US36). The clearest case is
sandbagging (i.e. strategic underperformance on an evalua-
tion), which could diminish an evaluation’s informativeness
(van der Weij et al. 2025). Models might “sandbag or [...]
manipulate the results” (US35), by drawing on “enough situ-
ational awareness to understand [they are] being evaluated”
(US28). One participant framed this as “an empirical race
between evaluation awareness and the evolution of schem-
ing” (i.e. a model pursuing goals misaligned with its de-
velopers while appearing compliant): if “evaluation aware-
ness [of Al models] evolves really strongly [...] then you’re
maybe just screwed” (A2). This could create a “false se-
curity” problem where models become “better at hiding
[misaligned behaviors] [...] instead of actually being more
aligned” (A2), making it “very hard to trust” evaluation re-
sults going forward (114).

Evaluations may become less effective for safety cases
as capabilities improve. Several participants argued that
evaluations could become less effective for safety cases (i.e.
reports that make a structured argument, supported by evi-
dence, that a system is safe enough in a given operational
context; Buhl et al. 2024) as capabilities improve. Evalu-
ations “become less impactful once we leave the regime
where having a low score on a benchmark can tell you that
an Al is safe” (the ‘inability eurgument’)6 (US35). “A lot of
[evals] become much less useful” once “models are [...]
above human expert level” because “the assumption [be-
comes] that they are capable and that safety relies on other
mechanisms” (UK19). One participant argued that evalua-
tions could become redundant once models are clearly dan-
gerous, because at that point “even the best evaluations in
the world” would provide “no more useful signal,” due to
complexity and evaluation awareness (US36).

Importantly, participants noted that the inability argument
currently provides people’s “sense of security,” and once
it is gone the situation becomes “much more precarious”
(UK19). It remains “very unclear [...] whether we should
expect safety cases to be used in the future” (UK22).

These concerns challenge the assumption that evaluation
methodology keeps pace with development, and that evalua-
tions can continue to produce a trustworthy signal as models

SThe inability argument is the claim that “AI systems are too
weak to be dangerous” even under worst-case assumptions (Clymer
et al. 2024).
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scale (Table 1).

5.5 Evaluation-Based Governance May Prove
Counterproductive

Path dependency and agenda setting. Participants indi-
cated that evaluations may have become the dominant gov-
ernance tool partly because Al companies were already us-
ing them for capability development and marketing (US37,
UK17; see also Ren et al. 2024; Birhane et al. 2022). As one
evaluation developer put it, “evaluations used to be indica-
tors for a field to measure its own progress against abstract
but shared goals, such as language understanding [...] I
don’t think they are suited to predict real world performance
or safety, and I actually don’t think that we’ve made many
efforts to try to change that” (I13). Participants argued that
developers’ voluntary adoption of evaluation-based gover-
nance could have narrowed the regulation conversation to a
test-and-mitigate paradigm (US27, US29; see also Wei et al.
2024; Anderljung et al. 2023), an arrangement that “looks
pretty good from developers’ perspective because it’s better
than harder regulation and in practice constrains their behav-
ior basically not at all” (US27).

Permission structure. Several participants went further,
arguing that the governance framework built around eval-
uations could absorb political energy that would otherwise
push toward stronger regulatory interventions (UK17, US29,
US24, EU9). A2 described voluntary commitments as “kind
of just good PR and you don’t have to do much for it. And
you don’t have to respect it at all.” UK17 called evaluation-
based governance “essentially permission notes to do some-
thing very dangerous” through “an internal voluntary mech-
anism [with] no legal teeth behind it.” US29 connected this
to the view that the path to safe Al runs through building
increasingly capable models and iterating on safety as prob-
lems emerge (see OpenAl 2025a), arguing that “this whole
paradigm [of evaluation-based governance] is partly to jus-
tify the development” of increasingly capable models. As
US29 goes on to note, “this is science, this is responsible,
how could it be bad to know more — but it is bad to de-
velop the dangerous thing, even if your intent is to learn
more.” The quantitative appearance of evaluations could re-
inforce this, as “the image of evaluations is pretty sciencey
and rigorous and systematic, even when they are very vibey
and ad hoc” (P15). Participants noted that setting thresh-
olds could also shift the burden of proof onto those claim-
ing risk, as “the underlying assumptions when you set eval-
uations thresholds is to say, under this threshold, it’s fine
[...] it hides the fact that we don’t really know what we’re
doing” (EU9). This pattern may resemble dynamics docu-
mented in other industries, where companies publish metrics
that create the impression of accountability without reducing
harm (Oreskes and Conway 2010; Metcalf, Moss, and Boyd
2019). US24 captured the downstream consequence of this
dynamic:
“The policymakers have been like, ‘oh, well, you're
just evaling the models. We’ve got a plan. Everything
will be fine. Look, you’ve got your [evaluation-based
governance framework].” [...] I really don’t want to



create this impression among the policymakers [...]
I want people to be like, oh no, there’s no plan cur-
rently. We’re doing this evaluations thing because it’s
the only thing we know how to do.”

One former researcher at a frontier Al developer captured
this starkly: “if you do the eval and the eval is like the model
can’t do this thing, you’re like good, I tried and I feel safer
because of it [...] it’s comforting. It’s false.” (I11)

Normalizing risks. The continuous publication of incre-
mentally alarming results could also erode the alarm needed
to generate political will. P15 described catching themselves
experiencing this: “it’s possible if I went back in time and
talked to 2022 me they would be really freaking out about
[today’s] system card.” Because the governance framework
responds to specific capability thresholds rather than ques-
tioning the overall trajectory, each individual result could be
treated as manageable even as the cumulative picture grows
more alarming(see also Williams et al. 2025).

Nonetheless, most other participants who raised concerns
still considered evaluations positively. US34 noted that “hu-
manity is almost certainly better off in some sense with the
evaluations than without them.”

The counterproductive dynamics described here do not
map onto a single assumption failure. Instead, they suggest
that the governance paradigm built around evaluations could
undermine the political conditions needed for the other as-
sumptions to hold (Table 1).

6 Strengthening Evaluation-Based
Governance

Alongside the faults with evaluations, participants described
conditions that could be needed for evaluation-based gover-
nance to succeed. These conditions map onto the assumption
chain documented in Table 1.

Improving how evaluation results are communicated.
The most widely raised condition was making evaluation re-
sults more legible to non-technical audiences (8 of 37 par-
ticipants). US30 argued that “the way evals are normally
presented right now are not that digestible for decision-
makers” and that the field needs “people doing this trans-
lational work” to bridge the gap between technical outputs
and policy audiences. Six stressed that evaluations should
not be treated as the sole means of communicating Al
risks; the most commonly named complements were dan-
gerous capability demonstrations (4), which UK17 argued
are more persuasive because “you can very clearly under-
stand the implication,” and real-world incident data from
post-deployment monitoring (3). On the technical side, par-
ticipants suggested maturing evaluation best practices (3)
and developing propensity evaluations alongside capability
evaluations (3).

Building institutional capacity to respond to evaluation
results. Seven participants argued for greater investment
in safeguards and mitigations (the “then” of if-then commit-
ments) since mitigation readiness was identified as one of
the more fragile assumptions (Section 5.2). Six emphasized
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building technical expertise within government to improve
regulator response and scrutiny of potential agenda-setting
capture. UK21 drew a parallel with financial regulation, ar-
guing that effective Al oversight requires “a lot of techni-
cal understanding, as it seems like financial regulators do”.
Seven argued that governance work should take priority over
technical evaluation work. US23 put this directly: “I would
put the institutional incentives before the technical, because
I think if you have the institutional incentives then the fund-
ing and the talent and the time to increase the quality of the
technical side of things would then come.”

Establish a rigorous third-party evaluator ecosystem.
Eleven participants argued that external parties need deeper
access to Al models for evaluation-based governance to suc-
ceed. US35 argued that evaluations could “still be pretty im-
pactful” if “third-party orgs are still getting access to the
models and are not six months behind the frontier,” but
warned that “this falls apart if the labs start not releasing
their models or keeping them internal for extended periods
of time.” Several participants argued that a legislated audit-
ing framework could address both access and independence,
since evaluators who depend on voluntary partnerships with
developers may find it difficult to present critical findings
without risking those partnerships (see Section 5.3).

Shifting strategic priorities. Three advocated for build-
ing the institutional machinery needed for a slowing of Al
capability improvement, arguing that if evaluations lose their
usefulness as models grow more capable, the only remaining
lever may be to slow capability development itself.

7 Discussion and Limitations

Our interviews were conducted between February and April
2025, providing over a year of subsequent developments
against which to assess participants’ concerns. Three recent
developments suggest these concerns may have been well-
placed.

Evaluation inadequacy amidst capability progress.
Several participants warned that evaluations could lose in-
formativeness as models outpace the methodology available
to assess them (see Section 5.4). This concern now appears
to have empirical grounding. In an April 2026 release, An-
thropic stated that “Claude Opus 4.6 has saturated most of
our automated evaluations, meaning they no longer provide
useful evidence for ruling out [higher risk levels of] auton-
omy,” and that “we will likely discontinue [these evalua-
tions] going forward,” with the safety determination resting
“primarily on an internal survey of Anthropic staff” (An-
thropic 2026b). This could reflect a central tension, where
evaluations are becoming more load-bearing in governance
frameworks at the same time they may be becoming less in-
formative, and as systems could be becoming riskier. Fur-
ther, this could leave developers as both the judges of when
their own evidence base has degraded and the decision-
makers about what follows from that judgment.

Voluntary commitments may have weakened under com-
petitive pressure. Several participants predicted that de-
velopers would roll back safety commitments when faced



with racing dynamics, expecting them to say “this other lab
is racing too much [...] we also have to race” (US24), or
invoke geopolitical competition as justification. In Febru-
ary 2026, Anthropic’s renewed Responsible Scaling Policy
(i.e. their evaluation-based governance framework) dropped
its prior commitment to unilaterally pause development if
mitigations could not sufficiently reduce risk, replacing it
with “competitor-contingent commitments” that condition
some safeguards on whether competitors adopt matching
standards (Anthropic 2026d). Anthropic justified this by ar-
guing that unilateral slowdowns could result in “a world
that is less safe” because “the developers with the weakest
protections would set the pace” (Anthropic 2026d; Karnof-
sky 2026). Both Anthropic and OpenAl have also publicly
cited Chinese Al development as a reason to accelerate ca-
pability development (Anthropic 2026a; Amodei 2025; Ope-
nAI 2025b). Such arguments are not unreasonable; a unilat-
eral pause by a safety-conscious lab may not reduce over-
all risk if less cautious competitors fill the gap (Williams
et al. 2025). Nevertheless, the shift illustrates how competi-
tive pressure could erode commitments in ways participants
anticipated. These developments are consistent with partic-
ipants’ concerns that if-then commitments “can kind of just
change [...] at any time” (A6) and that geopolitical ten-
sions could be used to justify continued development, po-
tentially undermining the assumptions that evaluation results
are acted upon (Table 1).

Evaluation awareness may be undermining evaluations’
informativeness. Many participants worried that models
would develop the ability to detect evaluation conditions
and alter their behavior accordingly (see Section 5.4). This
concern now appears to have support. For instance, in An-
thropic’s recent Claude Opus 4.6 System Card, an external
evaluator reported that during preliminary testing they “ob-
served high levels of verbalized evaluation awareness” and
concluded they could not provide a formal assessment with-
out substantial further experiments (Anthropic 2026b). Ope-
nAI’s GPT-5.5 and Meta’s Muse Spark showed similar pat-
terns, with high rates of verbalized evaluation awareness,
and Meta acknowledging that “this raises the risk that the
model could be behaving well on [. . . ] alignment evaluations
because it believes it is being evaluated” (OpenAl 2026;
Meta 2026). If capability evaluations no longer reliably cor-
respond to underlying capabilities, the empirical foundation
for if-then commitments, red lines, and regulatory risk clas-
sification could be undermined.

Taken together, these developments suggest a pattern
many participants anticipated, where the institutional and
political conditions on which evaluation-based governance
depends could be eroding faster than the technical founda-
tions are maturing. The question may not be whether eval-
uations produce useful information, but whether the gover-
nance frameworks built around them can translate that infor-
mation into reduced risk when the actors who produce the
evidence also decide what it means and what follows from
1t.

Limitations This work has several limitations. Our sam-
ple of 37 participants was recruited through purposive and
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snowball sampling, which likely over-represents individu-
als already engaged with questions about evaluation limi-
tations. Perspectives from senior commercial leadership at
frontier Al companies, and from non-Western jurisdictions,
are underrepresented. Interviews were conducted between
February and April 2025, during a period of rapid change
in Al governance, and some assessments may already re-
quire updating. The interview protocol’s structure—moving
from theories of change to assumptions to criticisms—may
have primed participants toward identifying failure modes,
though it also included explicit questions about which theo-
ries of change participants found most compelling. Our an-
alytical reconstruction of assumptions (Tables 1 and 2) in-
volved interpretive judgment; different analysts could plau-
sibly organize the same material differently, though we
followed established interpretive coding methods (Saldana
2021) and both coders reviewed the final mapping. Fi-
nally, this study examines evaluation-based governance as
a paradigm rather than the technical quality of specific eval-
uations. Advances in evaluation methodology could address
some measurement limitations, though most participants ex-
pressed skepticism about institutional and political chal-
lenges that technical progress alone would not resolve.

8 Conclusion

Evaluation-based governance occupies a central but precar-
ious position in current approaches to managing risks from
frontier Al. Our findings suggest this reliance could rest on
foundations which experts embedded in the paradigm them-
selves doubt. Participants identified three pathways through
which evaluations could reduce risk — making risks concrete,
anchoring governance commitments, and shaping safety in-
centives — but each depended on assumptions about evalu-
ation quality, honest communication of results, and appro-
priate institutional responses that participants widely ques-
tioned. Several of these concerns have already begun to ma-
terialize, such as voluntary commitments weakening under
competitive pressure, evaluation awareness undermining re-
sults, and evaluation saturation leaving developers reliant on
weaker evidence bases for risk decisions. Some experts even
concluded that the evaluation-based governance paradigm
was unfit for increasingly capable models, given these weak-
nesses. None of this means evaluations should necessarily be
abandoned — participants identified ways to strengthen the
paradigm, including mandatory independent auditing with
sufficient model access, binding regulation specifying which
results trigger which responses, and greater investment in
mitigation readiness. Whether these conditions can be met
given the pace of Al development and the structural incen-
tives facing frontier Al companies, however, is an open ques-
tion.

Ethics Statement

We followed established best practices for protecting in-
terviewee confidentiality and de-identifying interview data
(Saunders, Kitzinger, and Kitzinger 2015). All participants
received a participant information sheet in advance and
provided verbal informed consent prior to recording. Par-



ticipation was voluntary and uncompensated, participants
could decline any question or withdraw their data prior
to anonymization, and they were informed that withdrawal
would not be possible after anonymization.

Given that many participants work in a small professional
community where views on Al governance can have career
consequences, we took particular care with anonymization.
Participants were assigned a random ID paired with a gen-
eral occupation-group descriptor (e.g. “an evaluations re-
searcher at a US nonprofit”), confirmed during the inter-
view. Identifying details such as employer, name, and spe-
cific role were redacted from transcripts, while references to
third-party organizations and public figures were preserved.
Recordings were stored in an encrypted folder for less than
48 hours before deletion; at no point were recordings or
identifiable data input to Al systems other than a local tran-
scription tool.

Positionality Statement

The first author conducted this research as a scholar at
MATS Research, supervised by a faculty member at Univer-
sité de Montréal. This positions the first author within the
Al safety research community, the same community from
which many participants were recruited. This proximity fa-
cilitated access to a specialized expert population and en-
abled rapport on technically complex and institutionally sen-
sitive topics. It also means the first author shares some pro-
fessional networks, assumptions, and concerns of the partic-
ipants. We mitigated interpretive bias through a structured
interview protocol refined through pilot interviews, indepen-
dent coding by a second coder, and inclusion of participants
across four distinct stakeholder groups. Nevertheless, read-
ers should be aware that the study was designed and led by
a researcher invested in the question of whether evaluation-
based governance can succeed, and this investment likely
shaped both the questions asked and the analytical emphasis
placed on points of failure.

Adverse Impact Statement

This research carries risks alongside its intended benefits.
There is a risk that our emphasis on shortcomings is read as
an argument that evaluations are useless, or that evaluation-
based governance has already failed. We do not claim ei-
ther. Most participants considered evaluations net positive,
and many conditions they identified for strengthening the
paradigm remain achievable. Our findings are intended to
inform efforts to improve evaluation-based governance, not
to foreclose them.

There is also a risk that by documenting how evaluations
could function as a “permission structure” for continued ca-
pability development, this article may be cited selectively to
oppose evaluation-based regulation. The alternative to im-
perfect evaluation-based governance is not the absence of
governance. Finally, our purposive sample is modest in size,
and we caution against generalizing these findings beyond
the population from which participants were drawn.

2431

Declaration on the Use of AI

Large language models were used to assist with editing and
proofreading the manuscript and to verify codes. No identifi-
able data were input to these systems (see Ethics Statement).
The authors reviewed all Al-assisted output and take full re-
sponsibility for the content of this article.

References

Abdalla, M.; and Abdalla, M. 2021. The Grey Hoodie
Project: Big Tobacco, Big Tech, and the Threat on Academic
Integrity. In Proceedings of the 2021 AAAI/ACM Conference
on Al, Ethics, and Society, AIES °21, 287-297. New York,
NY, USA: Association for Computing Machinery. ISBN
978-1-4503-8473-5.

Alaga, J.; and Schuett, J. 2023. Coordinated Pausing: An
Evaluation-Based Coordination Scheme for Frontier Al De-
velopers. arXiv preprint arXiv:2310.00374.

Ali, S. J.; Christin, A.; Smart, A.; and Katila, R. 2023. Walk-
ing the Walk of AI Ethics: Organizational Challenges and
the Individualization of Risk among Ethics Entrepreneurs.
In Proceedings of the 2023 ACM Conference on Fairness,
Accountability, and Transparency, FAccT °23, 217-226.
New York, NY, USA: Association for Computing Machin-
ery. ISBN 979-8-4007-0192-4.

Amodei, D. 2025. On DeepSeek and Export Controls. dar-
ioamodei.com.

Anderljung, M.; Barnhart, J.; Korinek, A.; Leung, J;
O’Keefe, C.; Whittlestone, J.; Avin, S.; Brundage, M.; Bul-
lock, J.; Cass-Beggs, D.; Chang, B.; Collins, T.; Fist, T.;
Hadfield, G.; Hayes, A.; Ho, L.; Hooker, S.; Horvitz, E.;
Kolt, N.; Schuett, J.; Shavit, Y.; Siddarth, D.; Trager, R.; and
Wolf, K. 2023. Frontier Al Regulation: Managing Emerging
Risks to Public Safety. arXiv preprint arXiv:2307.03718.

Anthropic. 2026a. 2028 Al Leadership. Anthropic.

Anthropic. 2026b. Claude Opus 4.6 System Card. An-
thropic.

Anthropic. 2026c. Demystifying Evals for AI Agents. An-
thropic Engineering Blog.
Anthropic. 2026d. Responsible Scaling Policy v3. An-

thropic.

Bengio, Y.; Clare, S.; Prunkl, C.; Murray, M.; An-
driushchenko, M.; Bucknall, B.; Bommasani, R.; Casper,
S.; Davidson, T.; Douglas, R.; Duvenaud, D.; Fox, P.; Go-
har, U.; Hadshar, R.; Ho, A.; Hu, T.; Jones, C.; Kapoor,
S.; Kasirzadeh, A.; Manning, S.; Maslej, N.; Mavroudis, V.;
McGlynn, C.; Moulange, R.; Newman, J.; Ng, K. Y.; Paskov,
P.; Rismani, S.; Sastry, G.; Seger, E.; Singer, S.; Stix, C.;
Velasco, L.; Wheeler, N.; Acemoglu, D.; Conitzer, V.; Diet-
terich, T. G.; Felten, E. W.; Heintz, F.; Hinton, G.; Jennings,
N.; Leavy, S.; Ludermir, T.; Marda, V.; Margetts, H.; Mc-
Dermid, J.; Munga, J.; Narayanan, A.; Nelson, A.; Neppel,
C.; Ramchurn, S. D.; Russell, S.; Schaake, M.; Scholkopf,
B.; Soto, A.; Tiedrich, L.; Varoquaux, G.; Yao, A.; Zhang,
Y.-Q.; Aguirre, L. A.; Ajala, O.; Albalawi, F.; AlMalek, N.;
Busch, C.; Collas, J.; de Carvalho, A. C.P.d. L. F.; Gill, A.;
Hatip, A. H.; Heikkild, J.; Johnson, C.; Jolly, G.; Katzir, Z.;



Kerema, M. N.; Kitano, H.; Kriiger, A.; Lee, K. M.; Lopez
Portillo, J. R.; McLysaght, A.; Molchanovskyi, O.; Monti,
A.; Nemer, M.; Oliver, N.; Pezoa, R.; Plonk, A.; Ravindran,
B.; Riza, H.; Rugege, C.; Sheikh, H.; Wong, D.; Zeng, Y.;
Zhu, L.; Privitera, D.; and Mindermann, S. 2026. Inter-
national Al Safety Report 2026. Technical Report DSIT
2026/001, Department for Science, Innovation and Technol-
ogy.

Berglund, L.; Cooper Stickland, A.; Balesni, M.; Kaufmann,
M.; Tong, M.; Korbak, T.; Kokotajlo, D.; and Evans, O.
2023. Taken Out of Context: On Measuring Situational
Awareness in LLMs. arXiv preprint arXiv:2309.00667.
Birhane, A.; Angius, R.; Agnew, W.; Pandit, H. J.; Mitra, B.;
Dobbe, R.; and Talat, Z. 2026. Big AI’s Regulatory Capture:
Mapping Industry Interference and Government Complicity.
arXiv preprint arXiv:2605.06806.

Birhane, A.; Kalluri, P;; Card, D.; Agnew, W.; Dotan, R.;
and Bao, M. 2022. The Values Encoded in Machine Learn-
ing Research. In Proceedings of the 2022 ACM Conference
on Fairness, Accountability, and Transparency, FAccT 22,
173-184. ACM.

Bommasani, R.; Klyman, K.; Longpre, S.; Xiong, B.;
Kapoor, S.; Maslej, N.; Narayanan, A.; and Liang, P. 2024.
Foundation Model Transparency Reports. arXiv preprint
arXiv:2402.16268.

Braun, V.; and Clarke, V. 2006. Using Thematic Analysis
in Psychology. Qualitative Research in Psychology, 3(2):
77-101.

Buhl, M. D.; Sett, G.; Koessler, L.; Schuett, J.; and An-
derljung, M. 2024. Safety Cases for Frontier Al. arXiv
preprint arXiv:2410.21572.

Buolamwini, J.; and Gebru, T. 2018. Gender Shades: Inter-
sectional Accuracy Disparities in Commercial Gender Clas-
sification. In Friedler, S. A.; and Wilson, C., eds., Proceed-
ings of the 1st Conference on Fairness, Accountability and
Transparency, volume 81 of Proceedings of Machine Learn-
ing Research, 77-91. PMLR.

Burden, J. 2024. Evaluating Al Evaluation: Perils and
Prospects. arXiv preprint arXiv:2407.09221.

Burton, J.; Janjeva, A.; Moseley, S.; and Alice. 2025. Al and
Serious Online Crime. Technical report, Centre for Emerg-
ing Technology and Security, Alan Turing Institute.

California State Legislature. 2025. Senate Bill 53:
Transparency in Frontier Artificial Intelligence Act.
https://leginfo.legislature.ca.gov/faces/bill TextClient.
xhtml?bill -id=202520260SB53.

Campbell, J. L.; Quincy, C.; Osserman, J.; and Peder-
sen, O. K. 2013. Coding In-depth Semistructured Inter-
views: Problems of Unitization and Intercoder Reliability
and Agreement. Sociological Methods & Research, 42(3):
294-320.

Casper, S.; Ezell, C.; Siegmann, C.; Kolt, N.; Curtis, T. L.;
Bucknall, B.; Haupt, A.; Wei, K.; Scheurer, J.; Hobbhahn,
M.; Sharkey, L.; Krishna, S.; von Hagen, M.; Alberti, S.;
Chan, A.; Sun, Q.; Gerovitch, M.; Bau, D.; Tegmark, M.;
Krueger, D.; and Hadfield-Menell, D. 2024. Black-Box Ac-
cess Is Insufficient for Rigorous Al Audits. In Proceedings

2432

of the 2024 ACM Conference on Fairness, Accountability,
and Transparency, FAccT 24, 2254-2272. New York, NY,
USA: Association for Computing Machinery. ISBN 979-8-
4007-0450-5.

Charnock, J.; Tlaie, A.; O’Brien, K.; Casper, S.; and Home-
wood, A. 2026. Expanding External Access to Frontier
Al Models for Dangerous Capability Evaluations. arXiv
preprint arXiv:2601.11916.

Clymer, J.; Gabrieli, N.; Krueger, D.; and Larsen, T. 2024.
Safety Cases: How to Justify the Safety of Advanced Al Sys-
tems. arXiv preprint arXiv:2403.10462.

Costanza-Chock, S.; Raji, I. D.; and Buolamwini, J. 2022.
Who Audits the Auditors? Recommendations from a Field
Scan of the Algorithmic Auditing Ecosystem. In Proceed-
ings of the 2022 ACM Conference on Fairness, Accountabil-
ity, and Transparency, FAccT ’22, 1571-1583. New York,
NY, USA: Association for Computing Machinery. ISBN
978-1-4503-9352-2.

Davidson, T. 2023. What a Compute-Centric Framework
Says About Takeoff Speeds. Technical report, Open Philan-
thropy.

Drexel, B.; and Withers, C. 2024. Al and the Evolution
of Biological National Security Risks: Capabilities, Thresh-
olds, and Interventions. Technical report, Center for a New
American Security.

DSIT. 2024. Frontier Al Safety Commitments, Al Seoul
Summit 2024. Technical report, DSIT.

Eloundou, T.; Manning, S.; Mishkin, P.; and Rock, D. 2024.
GPTs are GPTs: Labor Market Impact Potential of LLMs.
Science, 384(6702): 1306-1308.

Eriksson, M.; Purificato, E.; Noroozian, A.; Vinagre, J.;
Chaslot, G.; Goémez, E.; and Fernandez-Llorca, D. 2025.
Can We Trust AI Benchmarks? An Interdisciplinary Re-
view of Current Issues in Al Evaluation. arXiv preprint
arXiv:2502.06559.

European Parliament and Council of the European Union.
2024. Regulation (EU) 2024/1689 of the European Parlia-
ment and of the Council of 13 June 2024 Laying Down Har-
monised Rules on Artificial Intelligence (Al Act). Official
Journal of the European Union, L Series.

Fereday, J.; and Muir-Cochrane, E. 2006. Demonstrating
Rigor Using Thematic Analysis: A Hybrid Approach of In-
ductive and Deductive Coding and Theme Development. In-
ternational Journal of Qualitative Methods, 5(1): 80-92.
Friedler, S.; Singh, R.; Blili-Hamelin, B.; Metcalf, J.; and
Chen, B. J. 2023. AI Red-Teaming Is Not a One-Stop
Solution to AI Harms: Recommendations for Using Red-
Teaming for Al Accountability. Technical report, Data &
Society Research Institute.

Goldstein, J. A.; Sastry, G.; Musser, M.; DiResta, R.;
Gentzel, M.; and Sedova, K. 2023. Generative Lan-
guage Models and Automated Influence Operations: Emerg-

ing Threats and Potential Mitigations. arXiv preprint
arXiv:2301.04246.

Hardy, A.; Reuel, A.; Jafari Meimandi, K.; Soder, L.; Grif-
fith, A.; Asmar, D. M.; Koyejo, S.; Bernstein, M. S.; and



Kochenderfer, M. J. 2025. More than Marketing? On the
Information Value of Al Benchmarks for Practitioners. In
Proceedings of the 30th International Conference on Intel-
ligent User Interfaces, IUI °25, 1032-1047. New York, NY,
USA: Association for Computing Machinery. ISBN 979-8-
4007-1306-4.

Ibrahim, L.; Huang, S.; Ahmad, L.; and Anderljung, M.
2024. Beyond Static Al Evaluations: Advancing Human
Interaction Evaluations for LLM Harms and Risks. arXiv
preprint arXiv:2405.10632.

Jacobs, A. Z.; and Wallach, H. 2021. Measurement and Fair-
ness. In Proceedings of the 2021 ACM Conference on Fair-
ness, Accountability, and Transparency, FAccT °21, 375-
385. ACM.

Karnofsky, H. 2026.  Responsible Scaling Policy v3.
https://www.lesswrong.com/posts/HzKuzrKfaDJvQqmjh/
responsible-scaling-policy-v3.

Kiela, D.; Bartolo, M.; Nie, Y.; Kaushik, D.; Geiger, A.;
Wu, Z.; Vidgen, B.; Prasad, G.; Singh, A.; Ringshia, P.; Ma,
Z.; Thrush, T.; Riedel, S.; Waseem, Z.; Stenetorp, P.; Jia,
R.; Bansal, M.; Potts, C.; and Williams, A. 2021. Dyn-
abench: Rethinking Benchmarking in NLP. In Proceedings
of the 2021 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Lan-
guage Technologies, 4110-4124. Association for Computa-
tional Linguistics.

King, N. 2012. Doing Template Analysis. In Symon, G.;
and Cassell, C., eds., Qualitative Organizational Research:
Core Methods and Current Challenges, 426—450. London:
Sage. ISBN 978-0-85702-411-4.

Madaio, M. A.; Stark, L.; Wortman Vaughan, J.; and Wal-
lach, H. 2020. Co-Designing Checklists to Understand
Organizational Challenges and Opportunities around Fair-
ness in Al. In Proceedings of the 2020 CHI Conference
on Human Factors in Computing Systems, CHI *20, 1-14.
New York, NY, USA: Association for Computing Machin-
ery. ISBN 978-1-4503-6708-0.

Meta. 2026. Muse Spark Safety and Preparedness Report.
Meta Al

Metcalf, J.; Moss, E.; and Boyd, D. 2019. Owning Ethics:
Corporate Logics, Silicon Valley, and the Institutionaliza-
tion of Ethics. Social Research: An International Quarterly,
86(2): 449-476.

Mittelstadt, B. 2019. Principles Alone Cannot Guarantee
Ethical Al. Nature Machine Intelligence, 1(11): 501-507.

Needham, J.; Edkins, G.; Pimpale, G.; Bartsch, H.; and
Hobbhahn, M. 2025. Large Language Models Often

Know When They Are Being Evaluated. arXiv preprint
arXiv:2505.23836.

OpenAl 2025a. How We Think About Safety and Align-
ment. OpenAl.

OpenAl 2025b. Seizing the AI Opportunity. OpenAl Global
Affairs.

OpenAl 2026. GPT-5.5 System Card. OpenAlL

2433

Oreskes, N.; and Conway, E. M. 2010. Merchants of Doubt:
How a Handful of Scientists Obscured the Truth on Is-
sues from Tobacco Smoke to Global Warming. New York:
Bloomsbury Press. ISBN 978-1-59691-610-4.

Raji, I. D.; Bender, E. M.; Paullada, A.; Denton, E.; and
Hanna, A. 2021. AI and the Everything in the Whole Wide
World Benchmark. In Advances in Neural Information Pro-
cessing Systems (NeurlPS), Track on Datasets and Bench-
marks.

Rakova, B.; Yang, J.; Cramer, H.; and Chowdhury, R. 2021.
Where Responsible AI Meets Reality: Practitioner Per-
spectives on Enablers for Shifting Organizational Practices.
Proceedings of the ACM on Human-Computer Interaction,
5(CSCW1): 1-23.

Ren, R.; Basart, S.; Khoja, A.; Gatti, A.; Phan, L.; Yin, X.;
Mazeika, M.; Pan, A.; Mukobi, G.; Kim, R. H.; Fitz, S.; and
Hendrycks, D. 2024. Safetywashing: Do Al Safety Bench-
marks Actually Measure Safety Progress? arXiv preprint
arXiv:2407.21792.

Reuel, A.; Hardy, A.; Smith, C.; Lamparth, M.; Hardy, M.;
and Kochenderfer, M. J. 2024. BetterBench: Assessing
Al Benchmarks, Uncovering Issues, and Establishing Best
Practices. In Advances in Neural Information Processing
Systems (NeurIPS), Track on Datasets and Benchmarks.
Saldafia, J. 2021. The Coding Manual for Qualitative Re-
searchers. London: Sage, 4th edition. ISBN 978-1-5297-
3174-3.

Saunders, B.; Kitzinger, J.; and Kitzinger, C. 2015.
Anonymising Interview Data: Challenges and Compromise
in Practice. Qualitative Research, 15(5): 616-632.
Saunders, B.; Sim, J.; Kingstone, T.; Baker, S.; Waterfield,
J.; Bartlam, B.; Burroughs, H.; and Jinks, C. 2018. Sat-
uration in Qualitative Research: Exploring Its Conceptual-
ization and Operationalization. Quality & Quantity, 52(4):
1893-1907.

Selbst, A. D.; Boyd, D.; Friedler, S. A.; Venkatasubrama-
nian, S.; and Vertesi, J. 2019. Fairness and Abstraction in
Sociotechnical Systems. In Proceedings of the Conference
on Fairness, Accountability, and Transparency, FAT* 19,
59-68. New York, NY, USA: Association for Computing
Machinery. ISBN 978-1-4503-6125-5.

Shevlane, T.; Farquhar, S.; Garfinkel, B.; Phuong, M.; Whit-
tlestone, J.; Leung, J.; Kokotajlo, D.; Marchal, N.; An-
derljung, M.; Kolt, N.; Ho, L.; Siddarth, D.; Avin, S.;
Hawkins, W.; Kim, B.; Gabriel, I.; Bolina, V.; Clark, J.; Ben-
gio, Y.; Christiano, P.; and Dafoe, A. 2023. Model Evalua-
tion for Extreme Risks. arXiv preprint arXiv:2305.15324.
Staufer, L.; Yang, M.; Reuel, A.; and Casper, S. 2025. Au-
dit Cards: Contextualizing Al Evaluations. arXiv preprint
arXiv:2504.13839.

van der Weij, T.; Hofstitter, F.; Jaffe, O.; Brown, S. F.; and
Ward, F. R. 2025. AI Sandbagging: Language Models Can
Strategically Underperform on Evaluations. arXiv preprint
arXiv:2406.07358.

von Soest, C. 2023. Why Do We Speak to Experts? Reviving
the Strength of the Expert Interview Method. Perspectives
on Politics, 21(1): 277-287.



Wei, K.; Ezell, C.; Gabrieli, N.; and Deshpande, C. 2024.
How Do AI Companies “Fine-Tune” Policy? Examining
Regulatory Capture in Al Governance. In Proceedings of
the AAAI/ACM Conference on Al, Ethics, and Society, vol-
ume 7 of AIES 24, 1539-1555. AAAI Press.

Widder, D. G.; and Nafus, D. 2023. Dislocated Account-
abilities in the “Al Supply Chain”: Modularity and Develop-
ers’ Notions of Responsibility. Big Data & Society, 10(1):
20539517231177620.

Williams, S.; Dreksler, N.; Homewood, A.; Anderljung, M.;
and Freund, J. 2025. Assessing Risk Relative to Competi-
tors: An Analysis of Current Al Company Policies. Techni-
cal report, Centre for the Governance of Al.

Yew, R.-J.; Marino, B.; and Venkatasubramanian, S. 2025.
Red Teaming AI Policy: A Taxonomy of Avoision and the
EU AI Act. In Proceedings of the 2025 ACM Conference
on Fairness, Accountability, and Transparency, FAccT 25,
404-415. New York, NY, USA: Association for Computing
Machinery. ISBN 979-8-4007-1482-5.

2434



