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Abstract

Safety benchmarks are cited as the primary
tool to understand the risks posed by genera-
tive Al (genAl) systems, yet growing evidence
suggests they often fail to meet the needs of
real-world safety evaluation. We present find-
ings from five interviews with Al safety bench-
mark developers in academia and industry. We
find a disconnect between perceptions of the
intended usefulness of safety benchmarks and
their practical usefulness in safety evaluations
of deployed systems. Our participants offered
perspectives on two challenges contributing to
this disconnect: (1) the difficulty of achieving
inter-rater reliability on safety constructs, and
(2) a lack of clarity regarding how to address
persistent threats to external validity. Based on
our analysis, we argue that safety benchmarks
must not only be grounded in deployment con-
texts, but actively integrated with them. To
facilitate this, we outline pathways for more
transparent communication between academic
and industry Al safety stakeholders.

1 Introduction

As generative Al (genAl) systems are adopted
across diverse contexts, characterizing the safety
of these systems becomes increasingly relevant
(Zhang et al., 2024; Weidinger et al., 2023). Prior
work defines Al safety as the endeavor to prevent or
mitigate harms from Al systems (Harding and Kirk-
Giannini, 2025); researchers in this field have devel-
oped a range of approaches toward this end, includ-
ing the development and use of safety benchmarks.
Safety benchmarks combine curated datasets and
scoring metrics to evaluate model behavior in risk-
relevant scenarios (Raji et al., 2021; Hardy et al.,
2025). They have been developed to cover diverse
dimensions of risk, including toxicity, bias, robust-
ness, and harmfulness (Zhang et al., 2024; Vidgen
et al., 2024; Mazeika et al., 2024).

While safety benchmarks are cited as the most
common solution to evaluate risks posed by Al sys-

tems, there is increasing evidence that they often
fail to meet real-world needs, especially in safety-
critical contexts (Hardy et al., 2025; Yu et al., 2026).
For example, recent work has found that Al safety
benchmarks focus on known risks to the exclusion
of less predictable harms, reduce complex scenar-
ios to simplistic pass/fail decisions, and fail to pro-
vide meaningful context for the scores they produce
(Yu et al., 2026; Eriksson et al., 2025). Hardy et al.
(2025) found that practitioners who use (or decide
not to use) benchmarks in their day-to-day work
are generally aware of these limitations, often lead-
ing them to consider benchmarks insufficient for
informing decisions.

However, we lack research documenting how
benchmark developers, who are uniquely posi-
tioned to shed light on the incentives behind and
practical realities of developing these benchmarks,
view these issues. Because benchmarks sit at the
intersection of academic methodology and industry
practice (Orr and Kang, 2024), benchmark develop-
ers must navigate diverse and potentially compet-
ing disciplinary norms, organizational constraints,
and assumptions about how their benchmarks will
be used. Their perspectives are essential to un-
derstand why benchmarks exhibit the limitations
identified in previous work and provide recommen-
dations that are grounded in their practical con-
straints. This is the focus of our work, framed by
two research questions:

* RQ1: What needs do benchmark developers
perceive safety benchmarks are intended to
meet? How do they compare to the needs
they perceive safety benchmarks to meet in
practice?

* RQ2: How do they currently interpret and/or
address the challenges that contribute to gaps
between safety benchmarks and real-world
needs?



To answer these questions, we conducted five
semi-structured interviews with Al safety bench-
mark developers working in academia and industry.
Our findings reveal a tension between how bench-
mark developers perceive the intended usefulness
of safety benchmarks and how they perceive their
practical usefulness in real safety evaluations for
deployed Al systems. We offer benchmark devel-
opers’ perspectives on two factors contributing to
this tension: first is the challenge of achieving satis-
factory inter-rater reliability in benchmark develop-
ment, and second is a lack of clarity regarding how
to address persistent threats to the external valid-
ity of safety benchmarks. We present this work as
an early snapshot of the gap between benchmarks’
perceived authority as measures of safety and their
seeming incompatibility with the dynamic, context-
dependent evaluation practices that are relied upon
to assess deployed genAl systems.

2 Related Work

2.1 Challenges of developing and maintaining
safety benchmarks

2.1.1 Challenges arising during benchmark
development

A growing body of work has highlighted several
challenges that arise during benchmark develop-
ment, including establishing construct validity (i.e.,
“the extent to which what was to be measured was
actually measured” (Carmines and Woods, 2005;
Garousi et al., 2013)) and achieving satisfactory
inter-rater reliability (i.e., the degree to which a
measure is sensitive to properties of the specific
annotators who labelled data (Novick, 1966)) (Yu
et al., 2026; Ren et al., 2024; Eriksson et al., 2025;
Neumann and Singh, 2026). For example, con-
cerns have been raised about whether benchmarks
can meaningfully capture the complexity of safety-
relevant phenomena, including whether high scores
reflect genuine safety or merely surface-level com-
pliance (Ren et al., 2024; Eriksson et al., 2025).
One of the reasons for these concerns is that the
concepts Al safety benchmarks attempt to measure
tend to be more subjective than those addressed
by other kinds of benchmarks. For example, Yu
et al. (2026) examined 210 safety benchmarks
and found that 94% disclosed uncertainty about
the labels of benchmark items, often using met-
rics like inter-rater reliability minima to exclude
borderline cases. Unlike capability benchmarks,
where correctness may be more readily defined,

safety benchmarks are evaluating inherently nor-
mative, context-dependent constructs, making the
challenge of achieving satisfactory reliability espe-
cially demanding.

2.1.2 Challenges arising after benchmark
publication and/or deployment

Al safety benchmarks often measure concepts that
shift as societal contexts change and use cases
evolve. As a result, benchmarks that were once
meaningful proxies for safety may become in-
creasingly misaligned with the harms they pur-
port to measure (Di Bonaventura et al., 2025; Wei-
dinger et al., 2023). For example, Di Bonaventura
et al. (2025) demonstrate that static benchmarks are
poorly suited to capturing rapidly evolving socio-
cultural phenomena such as hate speech, whose
forms, targets, and community-specific meanings
shift over time in ways that fixed datasets cannot
track. Their work illustrates how a benchmark that
was valid at one point in time may yield mislead-
ing assessments as linguistic norms and harmful
behaviors evolve, a process referred to as “concept
shift.” Even labels that remain conceptually valid
may fail to reflect the actual inputs that a model
encounters in practice. As models are deployed
across platforms, languages, and user populations
not represented in the original dataset, real-world
inputs increasingly diverge from the benchmark’s
test distribution (Zhang et al., 2023).

Beyond concept shift and distribution shift,
benchmarks face threats from data leakage and satu-
ration (Xu et al., 2024; Fodor, 2025; Eriksson et al.,
2025). When benchmark datasets become publicly
available, they risk being absorbed into model train-
ing corpora, rendering them ineffective as held-out
evaluation sets. Research has shown that satura-
tion similarly undermines a benchmark’s ability to
discriminate between systems or measure further
progress (Ott et al., 2022; Eriksson et al., 2025). It
is unclear how benchmark developers view these
issues and how it affects Al safety evaluation more
broadly.

Despite growing recognition of these threats, the
field lacks established norms for when and how
benchmarks should be retired, revised, or supple-
mented. Benchmarks continue to be cited and
their datasets reused long after the conditions under
which they were validated have changed, with no
systematic mechanism for signaling when a bench-
mark’s useful life has expired. Unlike software li-
braries, which benefit from versioning conventions



and deprecation notices, benchmarks lack analo-
gous infrastructure for communicating their current
fitness for use (Cogo et al., 2021). This context cre-
ates threats to external validity. Our paper takes
this gap as a starting point, asking how practitioners
themselves understand and navigate the temporal
limitations of the benchmarks they build and main-
tain.

2.2 Gaps in our understanding of safety
benchmark practices

The shortcomings documented above have largely
been identified through surveys of benchmark ar-
tifacts (Yu et al., 2026; Eriksson et al., 2025) or
through interviews with those who use (or choose
not to use) benchmarks (Hardy et al., 2025). Less
is known about how the people who build safety
benchmarks understand these limitations and navi-
gate them in their own work.

Emerging evidence suggests that evaluation prac-
tices in industry are diverging from the benchmark-
ing paradigm. Practitioners often develop internal
evaluation tools that they consider more relevant
than public benchmarks, yet these tools are rarely
shared or externally scrutinized (Hardy et al., 2025).
Some evidence suggests that safety evaluation in
practice is often an ad hoc process that shares more
commonalities with the bricolage paradigm of mea-
surement and target variable construction used by
data scientists (Guerdan et al., 2025) than the prin-
cipled, top-down approach increasingly advocated
by scholars (Wallach et al., 2025; Weidinger et al.,
2023). Understanding how benchmark creators
themselves experience this tension—between the
standards their benchmarks are meant to uphold
and the realities of evaluation in practice—is the
central aim of this work.

3 Methods

We conducted five semi-structured interviews with
practitioners who reported having experience devel-
oping or maintaining safety benchmarks—defined
in our recruitment call as “a standardized test
or evaluation framework to measure a system’s
propensity to exhibit unsafe behavior, such as by
producing misinformation or hate speech”—for
GenAl. We recruited participants through our pro-
fessional networks and social media. All interviews
were approximately an hour long and conducted
virtually over Zoom between November 2025 and
January 2026. Participants provided informed con-

sent before their interviews and we compensated
each participant for their time with a $60 gift card.
The study was approved by our institution’s IRB.

Participants We summarize our participants’
professional contexts and benchmark focuses in
Table 1. Participants had experience developing
benchmarks in industry and academic contexts to
measure concepts related to mental health, bias,
and toxicity.

ID Professional Focus

Context

Evaluation method-
ology

Mental health

Bias, Toxicity
Human well-being
Pluralism

P1 Industry

P2 Academia
P3 Industry*
P4 Industry
P5 Industry*

Table 1: Participants’ professional contexts and bench-
mark focuses. P4 and P5 had significant experience in
both academic and industry contexts, so we indicate
their context at the time of their interview.

Interview protocol Following established quali-
tative research methods for semi-structured inter-
views, we designed our protocol to begin with
broad, open-ended questions about participants’
backgrounds and current practices with GenAl
benchmarks, examining the benchmarks they had
developed or regularly used and how these fit into
their development workflows. To establish a shared
frame of reference, we provided a working defi-
nition of a GenAl benchmark as “a standardized
evaluation framework consisting of a dataset of
prompts or tasks and a metric for scoring model
performance.” We maintained flexibility to probe
deeper through follow-up questions, particularly
around dimensions identified in prior literature on
sociotechnical evaluation, including benchmark
validity, contextual adaptation, and stakeholder
decision-making.

To investigate benchmark maintenance under
real-world validity threats over time, we specifi-
cally designed questions that explored how prac-
titioners assess whether a benchmark remains
aligned with its intended construct over time, what
signals trigger updates, and how update decisions
are made and by whom. We explicitly scoped the
discussion to concept drift (the evolution of real-
world meaning) rather than benchmark contamina-



tion from training data leakage. For example, when
participants described past benchmark updates, we
probed what triggered the decision, who was in-
volved, what evidence informed the revision, and
how its effectiveness was evaluated.

For participants who had not encountered con-
cept drift directly, we introduced one of two hy-
pothetical scenarios to elicit practical reasoning.
For each, we probed how teams would detect the
gap, what criteria would govern the update deci-
sion, and what downstream consequences should
be anticipated. The protocol concluded by asking
participants to reflect on the risks of inadequate
benchmark maintenance and to envision ideal sys-
tems for keeping benchmarks current, including
the appropriate role of automation and human over-
sight.

Analysis We analyzed our interview transcripts
using reflexive thematic analysis (Braun and
Clarke, 2019). The three first authors performed an
initial open coding of all the interview transcripts
and kept detailed memos throughout the coding pro-
cess to document emerging patterns and potential
themes. The codebook was developed iteratively by
the three co-first authors through this open coding
process, beginning with descriptive codes grounded
in the data and progressively developing more ana-
Iytical codes. The research group also held regular
collaborative sessions to discuss emerging codes,
resolve discrepancies and ambiguities in the codes,
and iteratively refine our coding scheme.

4 Findings

Our findings suggest an increasing divergence be-
tween the needs that participants imagine safety
benchmarks are intended to meet and the needs
they perceive these benchmarks to meet in prac-
tice. We highlight how participants interpret and
address two challenges that arise in benchmark
development: (1) the difficulty of achieving inter-
rater reliability when creating safety benchmark
datasets, and (2) persistent threats to the external
validity of safety benchmarks; as well as how these
challenges contribute to the gap between intended
and practical uses of safety benchmarks.

4.1 Safety benchmarks: intention versus
reality

Our participants discussed several intended and po-
tential uses for safety benchmarks. Yet, participants
reported lacking feedback on whether the bench-

marks they published were actually being used in
these ways, and when describing their own safety
evaluation practices, our participants reported that
they did not use published benchmarks.

Intended and potential uses of safety bench-
marks include measuring and guiding progress,
comparing models, and holding developers ac-
countable. Participants discussed that in an ideal
world, intended uses of safety benchmarks include
hill-climbing, measuring progress, and comparing
across industry. This largely reflects how ML and
computer science communities at large conceptu-
alize the intended uses of benchmarks (Lewis and
Crews, 1985; Raji et al., 2021; Church, 2018).

Distinct from previous literature on intended
uses and norms of benchmarks, P5 thought that
safety benchmarks specifically could be useful “to
hold...model developers...accountable in a way that
is not influenced by their own model development.”
P5 also proposed speculative uses, including to
operationalize government regulations and incorpo-
rate participatory methods into model evaluation,
thus steeping evaluation in the realities of regula-
tion and users.

Participants often lacked feedback as to how
their safety benchmarks were being used. De-
spite articulating several intended uses for safety
benchmarks, participants were unsure whether the
benchmarks they had developed were being used in
these ways or whether they were being used at all.
This was true even for participants who described
experiences tailoring or piloting their benchmarks
with real clients (P3 and P4), suggesting that par-
ticipants desired broader, community- or industry-
level adoption and feedback on how their work was
being used. For instance, P3 shared that “We didn’t
really know how our benchmark was being used,
or if it was being adopted. We put it on Hugging-
Face and we presented at a conference and talked
to people, but we weren’t really sure if it was being
used by other model developers or startups or other
groups.” This perspective has not been documented
in previous work on Al benchmarks.

Some participants expressed skepticism about
the meaningfulness of safety benchmarks. P1
explained that it is generally unclear what the out-
come of safety benchmark means—that is, there
are no clear consequences for receiving a ‘bad’ ver-
sus ‘good’ score on such a benchmark—except for
allowing a corporation or company to say “oh, my



product is okay.” He perceived that safety bench-
marks are often developed and publicized by cor-
porations “as a part of PR campaign.” P5 shared
a similar concern that safety benchmarks could
give model developers “a false sense” of safety.
However, while P1’s concern was rooted in a per-
ception about incentives behind safety benchmark
development, P5 explained that her concern was
due to having often found safety benchmarks to
be “quite lacking.” Both perspectives reflect skep-
ticism about the meaningfulness, utility, and rigor
of published safety benchmarks.

Industry practitioners conduct safety evalua-
tions that do not make use of benchmarks. Our
participants in industry contexts emphasized that
safety evaluations serve real company needs: in
particular, they are necessary to inform consequen-
tial decision-making. The evaluations that they
highlighted to serve these needs, however, do not
include published benchmarks. Instead, our par-
ticipants described maintaining internal evaluation
ecosystems that make use of red-teaming, user logs,
and user feedback, which they positioned in con-
trast to “[static benchmarks] which people publish
in journals or conferences” (P5).

Our participants’ experiences may in part be
explained by the well-documented divergence be-
tween standardized, public-facing assessment and
more pragmatic, internally-oriented testing that has
emerged in computing since the 1980s (Lewis and
Crews, 1985; Hardy et al., 2025). However, our
findings suggest that this divergence is especially
pronounced in Al safety, where it is increasingly
unclear whether these divergent approaches to
safety evaluation complement, contradict, or ob-
viate each other. In the next two subsections, we
characterize two challenges that arise in the devel-
opment of a safety benchmark and how they may
contribute to this divergence.

4.2 Achieving and interpreting inter-rater
reliability in safety benchmarks

Participants highlighted inter-rater reliability as a
persistent challenge when developing safety bench-
marks. Participants interpreted this challenge in
two distinct ways: as a bug—that is, a barrier
to overcome in the endeavor to establish a valid
benchmark—or as a feature—that is, a signal that
indicates inherent pluralism in how human raters
engage with the measured concept.

Participants highlighted inter-rater reliability
as a persistent challenge in the development of
safety benchmarks. P2 illustrated the challenge
of reaching inter-rater reliability through his work
in the mental health domain, noting that even do-
main experts struggle to reach consensus on what
constitutes harm: “even within the...clinical psy-
chiatrist community, they also struggled to iden-
tify harm just within that domain.” He described
the extensive efforts required to achieve satisfac-
tory inter-rater reliability on the expert annota-
tions collected for his benchmark: “We actually
conducted a lot of training sessions [with the ex-
pert annotators | where we have big group discus-
sion...Everybody can voice their opinion. We talk
a couple of times, which is extremely hard to orga-
nize, given everybody’s availability...And also we
have multiple rounds of annotation too.” P2’s expe-
rience indicates that unlike capability benchmarks,
where correctness may be more readily defined,
safety benchmarks are evaluating inherently nor-
mative, context-dependent constructs, making the
challenge of achieving satisfactory reliability ex-
tremely demanding.

Some participants viewed the difficulty of
achieving inter-rater reliability as a barrier to
overcome. P1 crystallized this idea when dis-
cussing barriers to developing valid benchmarks,
noting that “validity is an extremely high bar, and
I was happy in my benchmarking career to see that
people had made attempts to address reliability,
which is a necessary but not sufficient condition
Jor validity.” He discussed finding that even some
of the most-cited benchmarks where the ground
truth is readily accessible (e.g., for image classifi-
cation) suffered from significant inter-rater reliabil-
ity problems, and that this problem is even larger
in “more subjective” contexts such as safety. He
expressed a desire for the field to acknowledge and
dedicate efforts toward solving this problem. P2’s
efforts to achieve satisfactory inter-rater reliability
reflect this sentiment, conceptualizing this type of
reliability as a prerequisite for a useful benchmark.

Others viewed the difficulty of achieving inter-
rater reliability as a reflection of the inher-
ent pluralism of safety. Participants generally
agreed that safety evaluations often involved mea-
suring contested or subjective concepts, on which
human opinions are known to be pluralistic. For
some participants, this meant viewing low agree-
ment between human raters as a feature of the task



rather than a bug to be fixed. For instance, P5 noted,

“safety is definitely a subjective thing,” and grounded
this insight in the following example: “the kinds
of stereotypes that one might consider in a western
context are not maybe the same for people in differ-
ent parts of the world.” Rather than thinking of this
pluralism as a barrier to overcome, P5 indicated
that she felt benchmarks should therefore capture
a wider range of perspectives in order to be use-
ful. That is, an ideal safety benchmark would have
“exhaustive coverage” of the distribution of possi-
ble perspectives rather than attempting to enforce
agreement to establish a ‘correct’ perspective.

4.3 Acknowledging threats to the external
validity of safety benchmarks

Participants discussed several potential threats to
the external validity of a safety benchmark. They
acknowledged that, especially in the domain of
safety, distribution shift and concept shift posed
threats to the external validity of a benchmark.
However, they raised data leakage, Goodhart’s
Law, and saturation—all well-documented threats
to the validity of benchmarks in general (see sub-
section 2.1)—as more immediate concerns when
considering external validity. Yet, these concerns
did not tend to motivate participants to actively
maintain the external validity of their benchmarks
(i.e., by updating them over time).

In the context of safety, participants acknowl-
edged that distribution shift and concept shift
can degrade a benchmark’s validity. P1 and
P2 each described particular examples of distribu-
tion shift that they had either encountered in their
own work or observed online; P1 described how
the recent prevalence of “bad advice on on...drugs
like Ozempic and Wegovy” represented a shift in
the distribution of harmful online content, and P2
described how his work felt like “playing catch up
with [online] communities...they’re going to come
up with new methods to get around safeguards [that
identify harmful content].” P1, P3, and P5 noted
that concept shift was an expected phenomenon
in the domain of safety and noted that such shift
would occur not just over time but across contexts.
PS5 further noted that concept shift could sometimes
be a direct result of a model’s diffusion in the world,
positing that people “have different expectations
from [models]...depending on the model’s stay or
amount of use in that community,” resulting in shift
in the concept of “safety” and how it applies to a

model or type of model over time.

Participants raised data leakage, Goodhart’s
Law, and saturation as key concerns when con-
sidering the relevance and usefulness of bench-
marks. We remark that this was despite our at-
tempts to scope the discussion around concept drift
(see Section 3), likely because our participants
encountered these concerns more concretely and
more frequently than concept drift.

P1 asserted that due to current training data ac-
quisition practices, the problem of data leakage
is so prevalent and immediate that “the only mo-
ment in which [a benchmark prompt] is valid is
when you have not shared that prompt with anyone’
since publicized prompts “will immediately be cap-
tured by the [models] and the [models] won'’t trip
up on those particular examples.” P1 explained
that this led him to estimate a corresponding “ex-
piration date” for each benchmark dataset he pub-
lished, thus conceptualizing benchmark develop-
ment as a recurring rather than one-time cost. P5
raised Goodhart’s Law as a reason that benchmarks
lose their utility, arguing “anything you measure
is a bad thing to measure after you’ve measured
it enough times.” P1, P3, and P5 described satu-
ration as a common reason for benchmark depre-
cation, as it rendered benchmarks useless for both
hill-climbing and comparison (since, as P1 stated,
‘all the models converge on performing very, very
well”). These concerns largely echo those docu-
mented in previous literature on the limitations of
ML benchmarks in general (see subsection 2.1).
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These concerns did not motivate participants
to actively maintain their benchmarks’ exter-
nal validity. Despite participants’ awareness and
acknowledgement of persistent threats to safety
benchmarks’ external valdiity, only P1 reported
responding to these threats by regularly updating
his benchmark. All other participants reported that
they had not updated their benchmarks since publi-
cation and had no plans to do so.

Overall, participants indicated that this was due
to insufficient incentives and/or exorbitant time
and resource costs associated. In particular, P3
explained that while he had initially planned to im-
prove and maintain his benchmark over time, a lack
of feedback as to whether or how his benchmark
was being adopted (see subsection 4.1) led to a lack
of incentive to do so. P2 noted that new, unseen
data was necessary to inform such updates, and that
in his setting, such data was difficult to obtain.



This is in sharp contrast to the safety evalua-
tions that our participants described as common
in industry contexts. These evaluations were char-
acterized as “a developing ecosystem which con-
stantly adapts, adapt, adapts, adapts” (P5) and, as
described in subsection 4.1, may incorporate sev-
eral methods (red-teaming, monitoring user logs,
monitoring activity responses or feedback) to in-
form this adaptation. This contrast suggests that
for benchmark developers, a lack of adoption and
feedback (as raised by our participants in subsec-
tion 4.1) directly undermines the incentives and re-
sources needed for benchmark maintenance. More
broadly, it gestures to the idea that safety bench-
marks can best meet real-world needs when they
are embedded in evaluation infrastructures for de-
ployed systems, where relevant safety constructs,
gaps in coverage, and associated consequences are
made concrete.

5 Discussion

Our findings reveal a tension in the field of Al
safety evaluation: safety benchmarks are imag-
ined as tools for measuring progress, enabling
comparability, and holding developers accountable,
yet our participants—themselves safety benchmark
developers—neither use them when evaluating de-
ployed systems nor maintain them over time. Draw-
ing on their experiences developing these bench-
marks, our participants shed light on how this ten-
sion arises and why it persists. We discuss two
implications of our findings for how the field con-
ceptualizes Al safety evaluation.

5.1 The reality of safety evaluation may
necessitate a bricolage approach

Our findings suggest that the limitations of public
safety benchmarks stem not only from the difficulty
of measuring safety, but from their disconnection
from the real-world feedback loops that keep eval-
uation relevant. Our participants were aware of
persistent threats to their benchmarks’ validity, yet
lacked the signals that would indicate to them when
their benchmarks had drifted from practice or fallen
out of use altogether. Against a backdrop of calls
from academia to develop a rigorous, top-down
approach to evaluating generative systems (Wal-
lach et al., 2025; Weidinger et al., 2025), we argue
that this disconnect warrants interrogation. While
top-down approaches offer methodological rigor
and increased transparency, our findings suggest

that they are inflexible to post-deployment feed-
back. Thus, we instead propose a bricolage mode
of safety evaluation that may begin with a rigorous
theory, but is iteratively refined from the bottom-up
in concrete deployment contexts (Guerdan et al.,
2025).

As our findings on the challenge of reaching
inter-rater reliability illustrate, safety’s inherently
normative and context-dependent character makes
top-down standardization particularly difficult to
sustain. Standardized benchmarks implicitly re-
quire a shared understanding of harm often without
reference to the concrete use contexts in which a
model will be deployed (Narayanan and Kapoor,
2024), yet the disagreements between annotators
may reflect genuine different views of safety be-
tween contexts and communities (Li et al., 2026).
A top-down benchmark cannot easily accommo-
date this pluralism, whereas internal evaluations
grounded in specific deployment contexts can be
calibrated to the norms and expectations of the pop-
ulations they serve.

A key mechanism sustaining valid safety evalua-
tion in this bricolage model is continuous feedback
from deployment contexts. Our findings comple-
ment Hardy et al. (2025), who demonstrated from
the benchmark user side that practitioners supple-
ment or abandon public benchmarks in favor of
internal evaluations. We show that this disengage-
ment extends to the developers themselves, driven
by an absence of feedback from deployment con-
texts that leaves developers with neither the incen-
tive to maintain their benchmarks nor the signals
needed to know whether they remain valid. Build-
ing on calls for GenAl safety evaluations to con-
sider deployment contexts (Narayanan and Kapoor,
2024; Weidinger et al., 2025), we argue that it is
necessary for safety benchmarks to be actively inte-
grated in deployment contexts, with explicit mech-
anisms soliciting signals over time that can inform
when a benchmark needs revision or retirement.

This does not mean abandoning structured,
public-facing benchmarks. Rather, we suggest
the field needs to reconceptualize academic bench-
marks and internal evaluations as complementary
components of an evaluation ecosystem.

5.2 A need for transparent communication
between industry and academia

Our findings raise concerns about the opacity of
industry safety evaluation practices. While indus-
try participants described heavy reliance on in-



ternal evaluation ecosystems, these systems are
rarely shared or externally scrutinized. This opac-
ity impedes the field’s collective ability to under-
stand what safety evaluation looks like in practice.
Scheuerman (2024) provides a useful frame for un-
derstanding the challenges of this opacity, noting
the structural barriers that make research on Al
practice difficult when researchers wish to engage.

We call for greater transparency from industry on
safety evaluation practices, which can take several
forms:

Methodological transparency on internal safety
evaluations. Our findings suggest that internal
safety evaluations often adopt signals like user logs
and red-teaming findings for continuous updates,
yet these practices are rarely documented or shared
externally. We call on industry practitioners to
publish high-level descriptions of their safety eval-
uation methodology. Model cards already provide
vehicles for such disclosure (Mitchell et al., 2019),
but stronger norms are needed around reporting
concrete safety evaluation practices from industry.

Closing the feedback loop of benchmark devel-
opment. Our findings show that benchmark de-
velopers frequently lack signal as to whether or
how their benchmarks are being adopted, which re-
sults in little incentive to maintain them. A realistic
channel for closing this feedback loop is third-party
institutional involvement. Al governance bodies
and standards organizations such as the National In-
stitute of Standards and Technology (NIST), which
already engage both academic researchers and in-
dustry practitioners in the development of evalu-
ation frameworks, are well-positioned to collect
and disseminate this kind of feedback systemati-
cally. Recent efforts by NIST (Keller et al., 2026)
suggest this momentum is building, and greater in-
stitutional engagement of this kind could meaning-
fully strengthen the incentive structures that sustain
benchmark ecosystems over time.

Collaborative standard sharing on benchmark
updates and retirement. Al safety—and Al
evaluation more broadly—currently lacks estab-
lished norms for when and how benchmarks should
be retired, revised, or supplemented. We call for
structured academic—industry collaborations to de-
velop shared standards that define the conditions
under which a benchmark should be updated or re-
tired. For instance, these conditions could include
evidence of saturation, concept shift, or systematic

divergence between benchmark distributions and
real-world inputs.

5.3 Limitations

Our work has several limitations. First, we were
limited to a small number of participants. This
was due in part to time constraints and the relative
difficulty of securing the participation of industry
practitioners, which is a documented challenge of
work in this area (Scheuerman, 2024). Our sam-
ple was also drawn mainly from our professional
network and responses to social media posts, im-
posing a selection bias. Finally, as with other work
that relies on self-reporting methods, our work is
subject to potential bias due to participants’ desire
to appear competent (Nederhof, 1985). These limi-
tations should be kept in mind when drawing con-
clusions from this work. Future work may address
these biases by recruiting more participants, includ-
ing via academic-industry partnerships, as well as
incorporating additional data collection methods to
strengthen the claims made here.
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