
Between Rigor and Reality: How AI Safety Benchmark Developers
Understand Benchmark Use and Maintenance

Anonymous ACL submission

Abstract001

Safety benchmarks are cited as the primary002
tool to understand the risks posed by genera-003
tive AI (genAI) systems, yet growing evidence004
suggests they often fail to meet the needs of005
real-world safety evaluation. We present find-006
ings from five interviews with AI safety bench-007
mark developers in academia and industry. We008
find a disconnect between perceptions of the009
intended usefulness of safety benchmarks and010
their practical usefulness in safety evaluations011
of deployed systems. Our participants offered012
perspectives on two challenges contributing to013
this disconnect: (1) the difficulty of achieving014
inter-rater reliability on safety constructs, and015
(2) a lack of clarity regarding how to address016
persistent threats to external validity. Based on017
our analysis, we argue that safety benchmarks018
must not only be grounded in deployment con-019
texts, but actively integrated with them. To020
facilitate this, we outline pathways for more021
transparent communication between academic022
and industry AI safety stakeholders.023

1 Introduction024

As generative AI (genAI) systems are adopted025

across diverse contexts, characterizing the safety026

of these systems becomes increasingly relevant027

(Zhang et al., 2024; Weidinger et al., 2023). Prior028

work defines AI safety as the endeavor to prevent or029

mitigate harms from AI systems (Harding and Kirk-030

Giannini, 2025); researchers in this field have devel-031

oped a range of approaches toward this end, includ-032

ing the development and use of safety benchmarks.033

Safety benchmarks combine curated datasets and034

scoring metrics to evaluate model behavior in risk-035

relevant scenarios (Raji et al., 2021; Hardy et al.,036

2025). They have been developed to cover diverse037

dimensions of risk, including toxicity, bias, robust-038

ness, and harmfulness (Zhang et al., 2024; Vidgen039

et al., 2024; Mazeika et al., 2024).040

While safety benchmarks are cited as the most041

common solution to evaluate risks posed by AI sys-042

tems, there is increasing evidence that they often 043

fail to meet real-world needs, especially in safety- 044

critical contexts (Hardy et al., 2025; Yu et al., 2026). 045

For example, recent work has found that AI safety 046

benchmarks focus on known risks to the exclusion 047

of less predictable harms, reduce complex scenar- 048

ios to simplistic pass/fail decisions, and fail to pro- 049

vide meaningful context for the scores they produce 050

(Yu et al., 2026; Eriksson et al., 2025). Hardy et al. 051

(2025) found that practitioners who use (or decide 052

not to use) benchmarks in their day-to-day work 053

are generally aware of these limitations, often lead- 054

ing them to consider benchmarks insufficient for 055

informing decisions. 056

However, we lack research documenting how 057

benchmark developers, who are uniquely posi- 058

tioned to shed light on the incentives behind and 059

practical realities of developing these benchmarks, 060

view these issues. Because benchmarks sit at the 061

intersection of academic methodology and industry 062

practice (Orr and Kang, 2024), benchmark develop- 063

ers must navigate diverse and potentially compet- 064

ing disciplinary norms, organizational constraints, 065

and assumptions about how their benchmarks will 066

be used. Their perspectives are essential to un- 067

derstand why benchmarks exhibit the limitations 068

identified in previous work and provide recommen- 069

dations that are grounded in their practical con- 070

straints. This is the focus of our work, framed by 071

two research questions: 072

• RQ1: What needs do benchmark developers 073

perceive safety benchmarks are intended to 074

meet? How do they compare to the needs 075

they perceive safety benchmarks to meet in 076

practice? 077

• RQ2: How do they currently interpret and/or 078

address the challenges that contribute to gaps 079

between safety benchmarks and real-world 080

needs? 081

1



To answer these questions, we conducted five082

semi-structured interviews with AI safety bench-083

mark developers working in academia and industry.084

Our findings reveal a tension between how bench-085

mark developers perceive the intended usefulness086

of safety benchmarks and how they perceive their087

practical usefulness in real safety evaluations for088

deployed AI systems. We offer benchmark devel-089

opers’ perspectives on two factors contributing to090

this tension: first is the challenge of achieving satis-091

factory inter-rater reliability in benchmark develop-092

ment, and second is a lack of clarity regarding how093

to address persistent threats to the external valid-094

ity of safety benchmarks. We present this work as095

an early snapshot of the gap between benchmarks’096

perceived authority as measures of safety and their097

seeming incompatibility with the dynamic, context-098

dependent evaluation practices that are relied upon099

to assess deployed genAI systems.100

2 Related Work101

2.1 Challenges of developing and maintaining102

safety benchmarks103

2.1.1 Challenges arising during benchmark104

development105

A growing body of work has highlighted several106

challenges that arise during benchmark develop-107

ment, including establishing construct validity (i.e.,108

“the extent to which what was to be measured was109

actually measured” (Carmines and Woods, 2005;110

Garousi et al., 2013)) and achieving satisfactory111

inter-rater reliability (i.e., the degree to which a112

measure is sensitive to properties of the specific113

annotators who labelled data (Novick, 1966)) (Yu114

et al., 2026; Ren et al., 2024; Eriksson et al., 2025;115

Neumann and Singh, 2026). For example, con-116

cerns have been raised about whether benchmarks117

can meaningfully capture the complexity of safety-118

relevant phenomena, including whether high scores119

reflect genuine safety or merely surface-level com-120

pliance (Ren et al., 2024; Eriksson et al., 2025).121

One of the reasons for these concerns is that the122

concepts AI safety benchmarks attempt to measure123

tend to be more subjective than those addressed124

by other kinds of benchmarks. For example, Yu125

et al. (2026) examined 210 safety benchmarks126

and found that 94% disclosed uncertainty about127

the labels of benchmark items, often using met-128

rics like inter-rater reliability minima to exclude129

borderline cases. Unlike capability benchmarks,130

where correctness may be more readily defined,131

safety benchmarks are evaluating inherently nor- 132

mative, context-dependent constructs, making the 133

challenge of achieving satisfactory reliability espe- 134

cially demanding. 135

2.1.2 Challenges arising after benchmark 136

publication and/or deployment 137

AI safety benchmarks often measure concepts that 138

shift as societal contexts change and use cases 139

evolve. As a result, benchmarks that were once 140

meaningful proxies for safety may become in- 141

creasingly misaligned with the harms they pur- 142

port to measure (Di Bonaventura et al., 2025; Wei- 143

dinger et al., 2023). For example, Di Bonaventura 144

et al. (2025) demonstrate that static benchmarks are 145

poorly suited to capturing rapidly evolving socio- 146

cultural phenomena such as hate speech, whose 147

forms, targets, and community-specific meanings 148

shift over time in ways that fixed datasets cannot 149

track. Their work illustrates how a benchmark that 150

was valid at one point in time may yield mislead- 151

ing assessments as linguistic norms and harmful 152

behaviors evolve, a process referred to as “concept 153

shift.” Even labels that remain conceptually valid 154

may fail to reflect the actual inputs that a model 155

encounters in practice. As models are deployed 156

across platforms, languages, and user populations 157

not represented in the original dataset, real-world 158

inputs increasingly diverge from the benchmark’s 159

test distribution (Zhang et al., 2023). 160

Beyond concept shift and distribution shift, 161

benchmarks face threats from data leakage and satu- 162

ration (Xu et al., 2024; Fodor, 2025; Eriksson et al., 163

2025). When benchmark datasets become publicly 164

available, they risk being absorbed into model train- 165

ing corpora, rendering them ineffective as held-out 166

evaluation sets. Research has shown that satura- 167

tion similarly undermines a benchmark’s ability to 168

discriminate between systems or measure further 169

progress (Ott et al., 2022; Eriksson et al., 2025). It 170

is unclear how benchmark developers view these 171

issues and how it affects AI safety evaluation more 172

broadly. 173

Despite growing recognition of these threats, the 174

field lacks established norms for when and how 175

benchmarks should be retired, revised, or supple- 176

mented. Benchmarks continue to be cited and 177

their datasets reused long after the conditions under 178

which they were validated have changed, with no 179

systematic mechanism for signaling when a bench- 180

mark’s useful life has expired. Unlike software li- 181

braries, which benefit from versioning conventions 182
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and deprecation notices, benchmarks lack analo-183

gous infrastructure for communicating their current184

fitness for use (Cogo et al., 2021). This context cre-185

ates threats to external validity. Our paper takes186

this gap as a starting point, asking how practitioners187

themselves understand and navigate the temporal188

limitations of the benchmarks they build and main-189

tain.190

2.2 Gaps in our understanding of safety191

benchmark practices192

The shortcomings documented above have largely193

been identified through surveys of benchmark ar-194

tifacts (Yu et al., 2026; Eriksson et al., 2025) or195

through interviews with those who use (or choose196

not to use) benchmarks (Hardy et al., 2025). Less197

is known about how the people who build safety198

benchmarks understand these limitations and navi-199

gate them in their own work.200

Emerging evidence suggests that evaluation prac-201

tices in industry are diverging from the benchmark-202

ing paradigm. Practitioners often develop internal203

evaluation tools that they consider more relevant204

than public benchmarks, yet these tools are rarely205

shared or externally scrutinized (Hardy et al., 2025).206

Some evidence suggests that safety evaluation in207

practice is often an ad hoc process that shares more208

commonalities with the bricolage paradigm of mea-209

surement and target variable construction used by210

data scientists (Guerdan et al., 2025) than the prin-211

cipled, top-down approach increasingly advocated212

by scholars (Wallach et al., 2025; Weidinger et al.,213

2023). Understanding how benchmark creators214

themselves experience this tension—between the215

standards their benchmarks are meant to uphold216

and the realities of evaluation in practice—is the217

central aim of this work.218

3 Methods219

We conducted five semi-structured interviews with220

practitioners who reported having experience devel-221

oping or maintaining safety benchmarks—defined222

in our recruitment call as “a standardized test223

or evaluation framework to measure a system’s224

propensity to exhibit unsafe behavior, such as by225

producing misinformation or hate speech”—for226

GenAI. We recruited participants through our pro-227

fessional networks and social media. All interviews228

were approximately an hour long and conducted229

virtually over Zoom between November 2025 and230

January 2026. Participants provided informed con-231

sent before their interviews and we compensated 232

each participant for their time with a $60 gift card. 233

The study was approved by our institution’s IRB. 234

Participants We summarize our participants’ 235

professional contexts and benchmark focuses in 236

Table 1. Participants had experience developing 237

benchmarks in industry and academic contexts to 238

measure concepts related to mental health, bias, 239

and toxicity. 240

ID Professional
Context

Focus

P1 Industry Evaluation method-
ology

P2 Academia Mental health
P3 Industry* Bias, Toxicity
P4 Industry Human well-being
P5 Industry* Pluralism

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- 241

tative research methods for semi-structured inter- 242

views, we designed our protocol to begin with 243

broad, open-ended questions about participants’ 244

backgrounds and current practices with GenAI 245

benchmarks, examining the benchmarks they had 246

developed or regularly used and how these fit into 247

their development workflows. To establish a shared 248

frame of reference, we provided a working defi- 249

nition of a GenAI benchmark as “a standardized 250

evaluation framework consisting of a dataset of 251

prompts or tasks and a metric for scoring model 252

performance.” We maintained flexibility to probe 253

deeper through follow-up questions, particularly 254

around dimensions identified in prior literature on 255

sociotechnical evaluation, including benchmark 256

validity, contextual adaptation, and stakeholder 257

decision-making. 258

To investigate benchmark maintenance under 259

real-world validity threats over time, we specifi- 260

cally designed questions that explored how prac- 261

titioners assess whether a benchmark remains 262

aligned with its intended construct over time, what 263

signals trigger updates, and how update decisions 264

are made and by whom. We explicitly scoped the 265

discussion to concept drift (the evolution of real- 266

world meaning) rather than benchmark contamina- 267
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tion from training data leakage. For example, when268

participants described past benchmark updates, we269

probed what triggered the decision, who was in-270

volved, what evidence informed the revision, and271

how its effectiveness was evaluated.272

For participants who had not encountered con-273

cept drift directly, we introduced one of two hy-274

pothetical scenarios to elicit practical reasoning.275

For each, we probed how teams would detect the276

gap, what criteria would govern the update deci-277

sion, and what downstream consequences should278

be anticipated. The protocol concluded by asking279

participants to reflect on the risks of inadequate280

benchmark maintenance and to envision ideal sys-281

tems for keeping benchmarks current, including282

the appropriate role of automation and human over-283

sight.284

Analysis We analyzed our interview transcripts285

using reflexive thematic analysis (Braun and286

Clarke, 2019). The three first authors performed an287

initial open coding of all the interview transcripts288

and kept detailed memos throughout the coding pro-289

cess to document emerging patterns and potential290

themes. The codebook was developed iteratively by291

the three co-first authors through this open coding292

process, beginning with descriptive codes grounded293

in the data and progressively developing more ana-294

lytical codes. The research group also held regular295

collaborative sessions to discuss emerging codes,296

resolve discrepancies and ambiguities in the codes,297

and iteratively refine our coding scheme.298

4 Findings299

Our findings suggest an increasing divergence be-300

tween the needs that participants imagine safety301

benchmarks are intended to meet and the needs302

they perceive these benchmarks to meet in prac-303

tice. We highlight how participants interpret and304

address two challenges that arise in benchmark305

development: (1) the difficulty of achieving inter-306

rater reliability when creating safety benchmark307

datasets, and (2) persistent threats to the external308

validity of safety benchmarks; as well as how these309

challenges contribute to the gap between intended310

and practical uses of safety benchmarks.311

4.1 Safety benchmarks: intention versus312

reality313

Our participants discussed several intended and po-314

tential uses for safety benchmarks. Yet, participants315

reported lacking feedback on whether the bench-316

marks they published were actually being used in 317

these ways, and when describing their own safety 318

evaluation practices, our participants reported that 319

they did not use published benchmarks. 320

Intended and potential uses of safety bench- 321

marks include measuring and guiding progress, 322

comparing models, and holding developers ac- 323

countable. Participants discussed that in an ideal 324

world, intended uses of safety benchmarks include 325

hill-climbing, measuring progress, and comparing 326

across industry. This largely reflects how ML and 327

computer science communities at large conceptu- 328

alize the intended uses of benchmarks (Lewis and 329

Crews, 1985; Raji et al., 2021; Church, 2018). 330

Distinct from previous literature on intended 331

uses and norms of benchmarks, P5 thought that 332

safety benchmarks specifically could be useful “to 333

hold...model developers...accountable in a way that 334

is not influenced by their own model development.” 335

P5 also proposed speculative uses, including to 336

operationalize government regulations and incorpo- 337

rate participatory methods into model evaluation, 338

thus steeping evaluation in the realities of regula- 339

tion and users. 340

Participants often lacked feedback as to how 341

their safety benchmarks were being used. De- 342

spite articulating several intended uses for safety 343

benchmarks, participants were unsure whether the 344

benchmarks they had developed were being used in 345

these ways or whether they were being used at all. 346

This was true even for participants who described 347

experiences tailoring or piloting their benchmarks 348

with real clients (P3 and P4), suggesting that par- 349

ticipants desired broader, community- or industry- 350

level adoption and feedback on how their work was 351

being used. For instance, P3 shared that “We didn’t 352

really know how our benchmark was being used, 353

or if it was being adopted. We put it on Hugging- 354

Face and we presented at a conference and talked 355

to people, but we weren’t really sure if it was being 356

used by other model developers or startups or other 357

groups.” This perspective has not been documented 358

in previous work on AI benchmarks. 359

Some participants expressed skepticism about 360

the meaningfulness of safety benchmarks. P1 361

explained that it is generally unclear what the out- 362

come of safety benchmark means—that is, there 363

are no clear consequences for receiving a ‘bad’ ver- 364

sus ‘good’ score on such a benchmark—except for 365

allowing a corporation or company to say “oh, my 366
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product is okay.” He perceived that safety bench-367

marks are often developed and publicized by cor-368

porations “as a part of PR campaign.” P5 shared369

a similar concern that safety benchmarks could370

give model developers “a false sense” of safety.371

However, while P1’s concern was rooted in a per-372

ception about incentives behind safety benchmark373

development, P5 explained that her concern was374

due to having often found safety benchmarks to375

be “quite lacking.” Both perspectives reflect skep-376

ticism about the meaningfulness, utility, and rigor377

of published safety benchmarks.378

Industry practitioners conduct safety evalua-379

tions that do not make use of benchmarks. Our380

participants in industry contexts emphasized that381

safety evaluations serve real company needs: in382

particular, they are necessary to inform consequen-383

tial decision-making. The evaluations that they384

highlighted to serve these needs, however, do not385

include published benchmarks. Instead, our par-386

ticipants described maintaining internal evaluation387

ecosystems that make use of red-teaming, user logs,388

and user feedback, which they positioned in con-389

trast to “[static benchmarks] which people publish390

in journals or conferences” (P5).391

Our participants’ experiences may in part be392

explained by the well-documented divergence be-393

tween standardized, public-facing assessment and394

more pragmatic, internally-oriented testing that has395

emerged in computing since the 1980s (Lewis and396

Crews, 1985; Hardy et al., 2025). However, our397

findings suggest that this divergence is especially398

pronounced in AI safety, where it is increasingly399

unclear whether these divergent approaches to400

safety evaluation complement, contradict, or ob-401

viate each other. In the next two subsections, we402

characterize two challenges that arise in the devel-403

opment of a safety benchmark and how they may404

contribute to this divergence.405

4.2 Achieving and interpreting inter-rater406

reliability in safety benchmarks407

Participants highlighted inter-rater reliability as a408

persistent challenge when developing safety bench-409

marks. Participants interpreted this challenge in410

two distinct ways: as a bug—that is, a barrier411

to overcome in the endeavor to establish a valid412

benchmark—or as a feature—that is, a signal that413

indicates inherent pluralism in how human raters414

engage with the measured concept.415

Participants highlighted inter-rater reliability 416

as a persistent challenge in the development of 417

safety benchmarks. P2 illustrated the challenge 418

of reaching inter-rater reliability through his work 419

in the mental health domain, noting that even do- 420

main experts struggle to reach consensus on what 421

constitutes harm: “even within the...clinical psy- 422

chiatrist community, they also struggled to iden- 423

tify harm just within that domain.” He described 424

the extensive efforts required to achieve satisfac- 425

tory inter-rater reliability on the expert annota- 426

tions collected for his benchmark: “We actually 427

conducted a lot of training sessions [with the ex- 428

pert annotators] where we have big group discus- 429

sion...Everybody can voice their opinion. We talk 430

a couple of times, which is extremely hard to orga- 431

nize, given everybody’s availability...And also we 432

have multiple rounds of annotation too.” P2’s expe- 433

rience indicates that unlike capability benchmarks, 434

where correctness may be more readily defined, 435

safety benchmarks are evaluating inherently nor- 436

mative, context-dependent constructs, making the 437

challenge of achieving satisfactory reliability ex- 438

tremely demanding. 439

Some participants viewed the difficulty of 440

achieving inter-rater reliability as a barrier to 441

overcome. P1 crystallized this idea when dis- 442

cussing barriers to developing valid benchmarks, 443

noting that “validity is an extremely high bar, and 444

I was happy in my benchmarking career to see that 445

people had made attempts to address reliability, 446

which is a necessary but not sufficient condition 447

for validity.” He discussed finding that even some 448

of the most-cited benchmarks where the ground 449

truth is readily accessible (e.g., for image classifi- 450

cation) suffered from significant inter-rater reliabil- 451

ity problems, and that this problem is even larger 452

in “more subjective” contexts such as safety. He 453

expressed a desire for the field to acknowledge and 454

dedicate efforts toward solving this problem. P2’s 455

efforts to achieve satisfactory inter-rater reliability 456

reflect this sentiment, conceptualizing this type of 457

reliability as a prerequisite for a useful benchmark. 458

Others viewed the difficulty of achieving inter- 459

rater reliability as a reflection of the inher- 460

ent pluralism of safety. Participants generally 461

agreed that safety evaluations often involved mea- 462

suring contested or subjective concepts, on which 463

human opinions are known to be pluralistic. For 464

some participants, this meant viewing low agree- 465

ment between human raters as a feature of the task 466
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rather than a bug to be fixed. For instance, P5 noted,467

“safety is definitely a subjective thing,” and grounded468

this insight in the following example: “the kinds469

of stereotypes that one might consider in a western470

context are not maybe the same for people in differ-471

ent parts of the world.” Rather than thinking of this472

pluralism as a barrier to overcome, P5 indicated473

that she felt benchmarks should therefore capture474

a wider range of perspectives in order to be use-475

ful. That is, an ideal safety benchmark would have476

“exhaustive coverage” of the distribution of possi-477

ble perspectives rather than attempting to enforce478

agreement to establish a ‘correct’ perspective.479

4.3 Acknowledging threats to the external480

validity of safety benchmarks481

Participants discussed several potential threats to482

the external validity of a safety benchmark. They483

acknowledged that, especially in the domain of484

safety, distribution shift and concept shift posed485

threats to the external validity of a benchmark.486

However, they raised data leakage, Goodhart’s487

Law, and saturation—all well-documented threats488

to the validity of benchmarks in general (see sub-489

section 2.1)—as more immediate concerns when490

considering external validity. Yet, these concerns491

did not tend to motivate participants to actively492

maintain the external validity of their benchmarks493

(i.e., by updating them over time).494

In the context of safety, participants acknowl-495

edged that distribution shift and concept shift496

can degrade a benchmark’s validity. P1 and497

P2 each described particular examples of distribu-498

tion shift that they had either encountered in their499

own work or observed online; P1 described how500

the recent prevalence of “bad advice on on...drugs501

like Ozempic and Wegovy” represented a shift in502

the distribution of harmful online content, and P2503

described how his work felt like “playing catch up504

with [online] communities...they’re going to come505

up with new methods to get around safeguards [that506

identify harmful content].” P1, P3, and P5 noted507

that concept shift was an expected phenomenon508

in the domain of safety and noted that such shift509

would occur not just over time but across contexts.510

P5 further noted that concept shift could sometimes511

be a direct result of a model’s diffusion in the world,512

positing that people “have different expectations513

from [models]...depending on the model’s stay or514

amount of use in that community,” resulting in shift515

in the concept of “safety” and how it applies to a516

model or type of model over time. 517

Participants raised data leakage, Goodhart’s 518

Law, and saturation as key concerns when con- 519

sidering the relevance and usefulness of bench- 520

marks. We remark that this was despite our at- 521

tempts to scope the discussion around concept drift 522

(see Section 3), likely because our participants 523

encountered these concerns more concretely and 524

more frequently than concept drift. 525

P1 asserted that due to current training data ac- 526

quisition practices, the problem of data leakage 527

is so prevalent and immediate that “the only mo- 528

ment in which [a benchmark prompt] is valid is 529

when you have not shared that prompt with anyone” 530

since publicized prompts “will immediately be cap- 531

tured by the [models] and the [models] won’t trip 532

up on those particular examples.” P1 explained 533

that this led him to estimate a corresponding “ex- 534

piration date” for each benchmark dataset he pub- 535

lished, thus conceptualizing benchmark develop- 536

ment as a recurring rather than one-time cost. P5 537

raised Goodhart’s Law as a reason that benchmarks 538

lose their utility, arguing “anything you measure 539

is a bad thing to measure after you’ve measured 540

it enough times.” P1, P3, and P5 described satu- 541

ration as a common reason for benchmark depre- 542

cation, as it rendered benchmarks useless for both 543

hill-climbing and comparison (since, as P1 stated, 544

“all the models converge on performing very, very 545

well”). These concerns largely echo those docu- 546

mented in previous literature on the limitations of 547

ML benchmarks in general (see subsection 2.1). 548

These concerns did not motivate participants 549

to actively maintain their benchmarks’ exter- 550

nal validity. Despite participants’ awareness and 551

acknowledgement of persistent threats to safety 552

benchmarks’ external valdiity, only P1 reported 553

responding to these threats by regularly updating 554

his benchmark. All other participants reported that 555

they had not updated their benchmarks since publi- 556

cation and had no plans to do so. 557

Overall, participants indicated that this was due 558

to insufficient incentives and/or exorbitant time 559

and resource costs associated. In particular, P3 560

explained that while he had initially planned to im- 561

prove and maintain his benchmark over time, a lack 562

of feedback as to whether or how his benchmark 563

was being adopted (see subsection 4.1) led to a lack 564

of incentive to do so. P2 noted that new, unseen 565

data was necessary to inform such updates, and that 566

in his setting, such data was difficult to obtain. 567
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This is in sharp contrast to the safety evalua-568

tions that our participants described as common569

in industry contexts. These evaluations were char-570

acterized as “a developing ecosystem which con-571

stantly adapts, adapt, adapts, adapts” (P5) and, as572

described in subsection 4.1, may incorporate sev-573

eral methods (red-teaming, monitoring user logs,574

monitoring activity responses or feedback) to in-575

form this adaptation. This contrast suggests that576

for benchmark developers, a lack of adoption and577

feedback (as raised by our participants in subsec-578

tion 4.1) directly undermines the incentives and re-579

sources needed for benchmark maintenance. More580

broadly, it gestures to the idea that safety bench-581

marks can best meet real-world needs when they582

are embedded in evaluation infrastructures for de-583

ployed systems, where relevant safety constructs,584

gaps in coverage, and associated consequences are585

made concrete.586

5 Discussion587

Our findings reveal a tension in the field of AI588

safety evaluation: safety benchmarks are imag-589

ined as tools for measuring progress, enabling590

comparability, and holding developers accountable,591

yet our participants—themselves safety benchmark592

developers—neither use them when evaluating de-593

ployed systems nor maintain them over time. Draw-594

ing on their experiences developing these bench-595

marks, our participants shed light on how this ten-596

sion arises and why it persists. We discuss two597

implications of our findings for how the field con-598

ceptualizes AI safety evaluation.599

5.1 The reality of safety evaluation may600

necessitate a bricolage approach601

Our findings suggest that the limitations of public602

safety benchmarks stem not only from the difficulty603

of measuring safety, but from their disconnection604

from the real-world feedback loops that keep eval-605

uation relevant. Our participants were aware of606

persistent threats to their benchmarks’ validity, yet607

lacked the signals that would indicate to them when608

their benchmarks had drifted from practice or fallen609

out of use altogether. Against a backdrop of calls610

from academia to develop a rigorous, top-down611

approach to evaluating generative systems (Wal-612

lach et al., 2025; Weidinger et al., 2025), we argue613

that this disconnect warrants interrogation. While614

top-down approaches offer methodological rigor615

and increased transparency, our findings suggest616

that they are inflexible to post-deployment feed- 617

back. Thus, we instead propose a bricolage mode 618

of safety evaluation that may begin with a rigorous 619

theory, but is iteratively refined from the bottom-up 620

in concrete deployment contexts (Guerdan et al., 621

2025). 622

As our findings on the challenge of reaching 623

inter-rater reliability illustrate, safety’s inherently 624

normative and context-dependent character makes 625

top-down standardization particularly difficult to 626

sustain. Standardized benchmarks implicitly re- 627

quire a shared understanding of harm often without 628

reference to the concrete use contexts in which a 629

model will be deployed (Narayanan and Kapoor, 630

2024), yet the disagreements between annotators 631

may reflect genuine different views of safety be- 632

tween contexts and communities (Li et al., 2026). 633

A top-down benchmark cannot easily accommo- 634

date this pluralism, whereas internal evaluations 635

grounded in specific deployment contexts can be 636

calibrated to the norms and expectations of the pop- 637

ulations they serve. 638

A key mechanism sustaining valid safety evalua- 639

tion in this bricolage model is continuous feedback 640

from deployment contexts. Our findings comple- 641

ment Hardy et al. (2025), who demonstrated from 642

the benchmark user side that practitioners supple- 643

ment or abandon public benchmarks in favor of 644

internal evaluations. We show that this disengage- 645

ment extends to the developers themselves, driven 646

by an absence of feedback from deployment con- 647

texts that leaves developers with neither the incen- 648

tive to maintain their benchmarks nor the signals 649

needed to know whether they remain valid. Build- 650

ing on calls for GenAI safety evaluations to con- 651

sider deployment contexts (Narayanan and Kapoor, 652

2024; Weidinger et al., 2025), we argue that it is 653

necessary for safety benchmarks to be actively inte- 654

grated in deployment contexts, with explicit mech- 655

anisms soliciting signals over time that can inform 656

when a benchmark needs revision or retirement. 657

This does not mean abandoning structured, 658

public-facing benchmarks. Rather, we suggest 659

the field needs to reconceptualize academic bench- 660

marks and internal evaluations as complementary 661

components of an evaluation ecosystem. 662

5.2 A need for transparent communication 663

between industry and academia 664

Our findings raise concerns about the opacity of 665

industry safety evaluation practices. While indus- 666

try participants described heavy reliance on in- 667
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ternal evaluation ecosystems, these systems are668

rarely shared or externally scrutinized. This opac-669

ity impedes the field’s collective ability to under-670

stand what safety evaluation looks like in practice.671

Scheuerman (2024) provides a useful frame for un-672

derstanding the challenges of this opacity, noting673

the structural barriers that make research on AI674

practice difficult when researchers wish to engage.675

We call for greater transparency from industry on676

safety evaluation practices, which can take several677

forms:678

Methodological transparency on internal safety679

evaluations. Our findings suggest that internal680

safety evaluations often adopt signals like user logs681

and red-teaming findings for continuous updates,682

yet these practices are rarely documented or shared683

externally. We call on industry practitioners to684

publish high-level descriptions of their safety eval-685

uation methodology. Model cards already provide686

vehicles for such disclosure (Mitchell et al., 2019),687

but stronger norms are needed around reporting688

concrete safety evaluation practices from industry.689

Closing the feedback loop of benchmark devel-690

opment. Our findings show that benchmark de-691

velopers frequently lack signal as to whether or692

how their benchmarks are being adopted, which re-693

sults in little incentive to maintain them. A realistic694

channel for closing this feedback loop is third-party695

institutional involvement. AI governance bodies696

and standards organizations such as the National In-697

stitute of Standards and Technology (NIST), which698

already engage both academic researchers and in-699

dustry practitioners in the development of evalu-700

ation frameworks, are well-positioned to collect701

and disseminate this kind of feedback systemati-702

cally. Recent efforts by NIST (Keller et al., 2026)703

suggest this momentum is building, and greater in-704

stitutional engagement of this kind could meaning-705

fully strengthen the incentive structures that sustain706

benchmark ecosystems over time.707

Collaborative standard sharing on benchmark708

updates and retirement. AI safety—and AI709

evaluation more broadly—currently lacks estab-710

lished norms for when and how benchmarks should711

be retired, revised, or supplemented. We call for712

structured academic–industry collaborations to de-713

velop shared standards that define the conditions714

under which a benchmark should be updated or re-715

tired. For instance, these conditions could include716

evidence of saturation, concept shift, or systematic717

divergence between benchmark distributions and 718

real-world inputs. 719

5.3 Limitations 720

Our work has several limitations. First, we were 721

limited to a small number of participants. This 722

was due in part to time constraints and the relative 723

difficulty of securing the participation of industry 724

practitioners, which is a documented challenge of 725

work in this area (Scheuerman, 2024). Our sam- 726

ple was also drawn mainly from our professional 727

network and responses to social media posts, im- 728

posing a selection bias. Finally, as with other work 729

that relies on self-reporting methods, our work is 730

subject to potential bias due to participants’ desire 731

to appear competent (Nederhof, 1985). These limi- 732

tations should be kept in mind when drawing con- 733

clusions from this work. Future work may address 734

these biases by recruiting more participants, includ- 735

ing via academic-industry partnerships, as well as 736

incorporating additional data collection methods to 737

strengthen the claims made here. 738
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