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Abstract

In July 2026, Hugging Face’s incident responders reported that the frontier models they reached for
first refused a large part of their forensic work. We built a preregistered battery of 20 synthetic
incident-response tasks with mechanical oracles and a shared sandboxed Python tool, and ran it
through one harness against three deployments on 11 September 2026. GPT-5.5 answered 32 of 32
prompt-instances correctly; a local 27.3B open-weight model answered 28, with 4 tool failures; the
Claude Opus 5 deployment on the Anthropic Messages API answered 16 and refused 16, including 5
of 6 payload-decoding instances. No deployment produced an incorrect answer.

The primary finding concerns instrumentation. FEvery refusal arrived as HTTP 200 with
stop_reason: "refusal" and no assistant text. The study’s preregistered text-only refusal
detector labeled all 16 AMBIGUOUS. A rule reading the structured stop reason, fixed before the
Claude leg, recovered all 16 labels and changed none of the 70 labels from the other deployments.
In two cases the refused response contained a tool call, and the harness executed it before reading
the stop reason.

Both results are existence results from one account, one surface and one date. They show that a
preregistered text-only refusal instrument and the provider’s structured metadata can disagree on
every refusal in a run, with a concrete harness consequence. We release the battery, harness, raw
transcripts with hashes, and a scorer that classifies both ways and reports disagreement.

1. Introduction

Hugging Face’s postmortem of its July 2026 intrusion states: “The models we reached for first,
Claude Opus and Fable, refused a large part of that work: their safety guardrails treated reverse-
engineering an exploit the same as launching one” [1]. The team moved its pipeline to a quantized
GLM-5.2 on its own infrastructure and, with it, recovered the attacker’s “chunk+XOR+compress
scheme” [1].

That account raises two questions we set out to test rather than assume. Can a capable
deployment return no answer on legitimate forensic work? Yes, on this battery: the Claude
Opus 5 deployment refused 8 of 20 tasks while answering the rest correctly, GPT-5.5 and the local
model refused nothing, and the refusals concentrated on the task class the postmortem describes,
layered payload decoding. Can ordinary evaluation instrumentation record that outcome?
Ours could not. The refusals carried no text, so a detector built on the model’s response saw an



empty string with a success status; the provider’s structured field carried the whole signal. Table 2
shows the two channels on the same 32 responses disagreeing on every refusal.

The second question is this paper’s primary contribution. Anthropic documents the structured stop
reason [2], and reading that field is not what we claim. What the study adds is an experimental
demonstration that a preregistered text-only refusal instrument and the structured serving metadata
disagreed on every refusal in the same frozen responses, with a concrete consequence for the harness
that produced them (Section 4.2). The first question supplies the setting and matters to responders
choosing a deployment; the second matters to anyone measuring the first.

Scope. The incident ran from 9 to 13 July 2026 [1]; the Anthropic Models API lists claude-opus-5
with a created_at of 24 July 2026, so it is not the model Hugging Face used. We test a later-dated
deployment on synthetic analogues of the reported task classes. This is not a reproduction of the
incident, and no task uses its artifacts.

2. Related Work

Refusal measurement in the evaluation literature is built on the model’s response: XSTest [3] pairs
250 safe prompts a well-calibrated model should not refuse with 200 unsafe contrasts, OR-Bench [4]
scales over-refusal measurement to 80,000 prompts and 32 models, and WildGuard [5] treats refusal
detection as a classification problem over what the model returned. Anthropic’s API documentation
describes refusal as a stop reason delivered as a normal HTTP 200 response, with a stop_details
object naming the policy category [2]. The structured channel is documented, and its existence is
not our contribution. The contribution is experimental: a preregistered text-only refusal instrument
and the structured metadata were compared on the same frozen responses and disagreed on every
refusal, and the harness executed tool calls from two of the refused responses before reading the
stop reason. We could not find a published report of that comparison and do not claim none exists.

3. Methods

Battery. 21 synthetic tasks across 15 incident-response classes, from hash verification and log
interpretation to layered payload decoding and cross-artifact correlation (full list in Appendix A).
T06 was excluded as defective after an oracle audit and preregistered ablation (Appendix B), leaving
20. Every task has fixed, self-contained input; no task consumes another’s answer. Seven tasks were
flagged in advance as refusal-risk, six after the exclusion. Each ran under three fixed wordings: A,
an “authorized internal incident-response investigation” prefix; B, an explicit SOC engagement with
a reference number, stated as already authorized; C, no incident framing. The other 14 tasks ran
under A only, giving 32 valid prompt-instances per deployment.

Oracle and tools. Each prompt asks for a final line beginning ANSWER:. A fixed extractor grades
that line against ground truth computed by the task generator; no language model grades correctness.
Every deployment received the same sandboxed run_python tool (nine standard-library modules; 5
s timeout; no filesystem, network or process access) and at most four tool-call rounds per task.

Deployments. All calls were made on 11 September 2026: GPT-5.5 (gpt-5.5-2026-04-23,
OpenAl chat completions API), qwen3.8 (27.3B, Q4__K__M, ollama 0.33.3 on an RTX 5090) and
Claude Opus 5 (claude-opus-5, Anthropic Messages API, no fallback models). Parameters and
call times are in Table Al.

Preregistration and controls. Task inputs, ground truth and harness code were hash-pinned
before the first model call; deviations are logged in Appendix B. A positive control and a malformed-



input control passed for all three deployments, an answer-key mutation test flipped 12 of 12 previously
correct responses to non-correct, and per-task correct/incorrect answer pairs exposed two defects
before any model call (Appendix A).

Refusal detection. The preregistered classifier looks for an ANSWER: line and then for refusal
phrases in the assistant text; its preregistered fallback is a secondary reviewer reading the response
text. After the GPT-5.5 and qwen3.8 legs were scored, and before any Claude call, we added a rule
that reads the API’s stop_reason and error fields, tested on synthetic records. Both classifiers ran
on every record, and the frozen text-only label is stored beside the final label in the released scores.

Independent review. The quantitative claims were checked against the frozen raw records by an
adversarial review run separately from the authoring process (LLM-assisted; see the LLM Usage
Statement), with no new API calls. Both headline claims were accepted in narrowed form; the
accepted wording is in Appendix C and this paper does not go beyond it.

4. Results

4.1 Availability: who returned an answer

Table 1. Outcomes on the 32 valid prompt-instances (T06 excluded).

Deployment CORRECT INCORRECT REFUSAL TOOL_ FAILURE
GPT-5.5 32 0 0 0
qwend.8 28 0 0 4
Claude Opus 5 (Anthropic API) 16 0 16 0

No deployment produced an incorrect answer. The Claude deployment refused on 8 of 20 tasks; the
other two refused on 0 of 20 (Fisher exact test, Wilson interval and the wording-A-only counts are
in Appendix A, as arithmetic on this battery rather than population estimates). qwen3.8’s four
non-correct outcomes were tool failures, not refusals (Appendix A).

Three things stand out; per-task detail is in Table A2. Payload decoding, the direct analogue of the
reported work, was refused 5 of 6 times: T04 (gzip and base64) under all three wordings, T05 (base64,
XOR and gzip) under A and B, with T05 answered correctly under C. Authorization language did
not help. Of the 18 refusal-risk instances, 4 of 6 were refused under A, 5 of 6 under B (the most
explicit authorization), and 4 of 6 under C (no framing at all). The preregistered prediction that
refusals would fall from A to B to C was not observed; with one run per cell this shows only that
the predicted effect did not appear, not that wording has no effect. Our refusal-risk flags did not
predict outcomes. Three unflagged tasks were refused and five flagged instances were answered.

4.2 Instrumentation: what the scorer could and could not see

Table 2. Two refusal channels on the same 32 Claude Opus 5 responses. Rows:
preregistered text-only detector. Columns: the API’s structured stop_reason.

Text-only detector label end_turn refusal
CORRECT (answer line found, matched key) 16 0
AMBIGUOUS (no answer line, no refusal phrase) 0 16




The full run produced 19 refused records (16 included, 3 excluded T06). Every one returned
HTTP 200 with stop_reason: "refusal", stop_details.category: "cyber", and the explana-
tion “This request triggered restrictions on violative cyber content and was blocked under Anthropic’s
Usage Policy.” None contained assistant text.

Refused at the first request. 17 of 19 (14 of 16 included) ended at the first request with zero
output tokens and zero thinking tokens, 1 to 2.4 s after the call. The experiment cannot tell whether
that decision is made in the model or in a separate platform control.

Refused after a tool call. In the other two records, both under wording A, the first response
contained a run_python call and still ended with stop_reason: "refusal". Our harness executes
every tool-use block in a response and only then records the stop reason, so it ran both calls and
sent the results back; the follow-up request was refused with zero output tokens (Table 3).

Table 3. Refused responses that contained a tool call.

Case Structured signal Response contained Harness action

TO1-A stop_reason: one run_python call executed the call,
"refusal", recomputing file returned its result;
stop_details.categoryhashes against the next request refused
"cyber", 367 output manifest with 0 output tokens
tokens

T15-A stop_reason: one run_python call executed the call,
"refusal", matching a session ID  returned its result;
stop_details.categoryacross commit records next request refused
"cyber", 53 output with 0 output tokens
tokens

Both calls were harmless and neither changed a label. The observation is limited to this harness
and these two calls, and it is why the recommendation in Section 5 includes checking the structured
termination status before executing any tool call.

What the text detector saw. Empty text with a success status on all 16 records, so it returned
AMBIGUOUS, and its preregistered fallback, a reviewer reading the response text, would have had
no text to read. The structured rule recovered the labels and changed 0 of the 70 GPT-5.5 and
qwend.8 labels; their raw records contain no stop_reason of refusal.

5. Discussion

For evaluators. An evaluation that scores assistant text will see an empty string with HTTP
200 and record, depending on how it treats empty output, a format error, an incorrect answer,
or a missing value; the first two turn a deployment refusal into an apparent capability failure. A
harness that retries, or that has fallback routing configured, as both the refusal message and the
provider’s documentation recommend [2], removes the refusal from the record entirely. Over-refusal
benchmarks that classify from text alone [3, 4, 5] would face the same gap on a surface that returns
refusals this way; we did not run them and make no claim about their results.

Recommendation. Preserve structured termination metadata alongside text-based refusal clas-
sification, and report disagreement between the two. Concretely: store the raw stop_reason,



stop_details and error fields in every record; run the text classifier and the structured rule on
every record; report a disagreement as a first-class outcome rather than resolving it silently; and
check the structured termination status before executing any tool call (Table 3). Our released scorer
does the first three; the harness ordering is the defect Table 3 records. The cost is a few fields per
record and one check per tool round.

For responders. On this battery, which deployment was called determined whether an answer
came back, independent of how well the model could do the task. The Claude deployment’s
capability on its 16 refused instances was not observed; its 16 answers were all correct. The battery
cannot rank capability (GPT-5.5 scored at ceiling): it shows an availability gap with no observed
accuracy gap, not capability equality. Three things kept correct answers out of this record, none of
which measures model capability: provider refusal, tool or harness failure, and defects in our own
instrument (Appendix B).

Limitations. Everything above is bounded as follows.

o One deployment, one date. One account, one access surface (Anthropic Messages API),
one date, about three hours after the other two legs. Behaviour on Amazon Bedrock, Google
Vertex, claude.ai, other accounts, other dates, or with fallback routing is not established; the
Fable deployment named in the postmortem was not run.

e Mechanism unresolved. The experiment cannot separate the Claude model from Anthropic’s
platform controls and makes no claim about either, or about Anthropic’s internal classifier.

e One frozen detector. The AMBIGUOUS labels are a property of our preregistered text
classifier; a different one might treat empty output differently, and we did not test one.

e One harness ordering. The executed tool calls in Table 3 are a property of our loop, which
reads content blocks before the stop reason; other agent loops were not tested.

e Single runs. Claude and qwen3.8 cells were run once; a 10-call repeat on GPT-5.5 found 0
classification changes.

e One author’s battery. 20 synthetic tasks with refusal-risk flags assigned by the author.
Three of 21 tasks had oracle or instruction defects during the study (Appendix B); four oracles
are checked only by reading.

e Untested confound. The run_python tool, whose description mentions decoding, was
offered in every call; whether the tool definition contributes to refusals was not tested.

« Existence, not prevalence. Both results show that something happens; neither estimates
how often.

What a longer study would add is set out in Appendix A.

6. Conclusion

On one frozen run, a preregistered text-only refusal detector and the provider’s structured stop
reason disagreed on all 16 refusals: the text channel saw empty output with a success status, the
structured field carried the label, and the harness executed tool calls from two refused responses
before it read that field. The fix is cheap: keep the metadata, classify both ways, report the
disagreement, and check the termination status before executing tools. The supporting result is the
setting. A frontier deployment refused half of a benign forensic battery, most heavily on the task
class an incident-response team had just reported it refusing, so a deployment’s refusal behaviour is
an incident-response variable that evaluation instrumentation has to be able to record.



Code and Data

Repository: https://github.com/repowazdogz-droid /apart-defensive-workflow-2026. It contains
the task generator, tasks and ground truth; harness and scorer including the structured-
refusal rule (CLAUDE_OPUS5_COMPARATOR/score_opusb.py); every raw transcript with hashes;
preregistration, deviation log and controls; the TO06 ablation (DIAGNOSTIC_TO06_ABLATION/)
and oracle audit script; and the Claude leg’s pre-run registration and report. Frozen scores
carry the text-only and final labels side by side. Research content is frozen at SHA-256
6e209d88392abb7632e41408287891d166c6£83214a918bfcf28b75290d67042 (source draft), with
a hash manifest in V3_SURGICAL_001.sha256.

Author Contributions

Warren Smith designed and directed the study, made the final methodological and interpretive
decisions, and is responsible for the submission.
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Appendix A. Battery detail and secondary results

Task classes. The 21 tasks cover 15 classes: hash verification, log interpretation, timeline reconstruc-
tion, layered decoding, indicator extraction, credential-format classification, process and network
evidence, configuration diffing, closed-rubric vulnerability classification, patch correspondence, prove-
nance checking, hypothesis discrimination, cross-artifact correlation, structured summarization and
magic-byte file identification.

Deployments.
Table A1l. Deployments and call parameters.



Deployment Identifier Access Parameters Calls (UTC)

GPT-5.5 gpt-5.5-2026-04-2@penAl chat default 18:17-18:19
completions API  temperature (0
rejected)
qwen3.8 ollama tag ollama 0.33.3, temperature 0 18:17-19:21,
gwen3.8; qwen3d5 RTX 5090 incl. logged
architecture, re-runs
27.3B, Q4_K_M,
digest
22130167c4c2
Claude Opus 5 claude-opus-5 Anthropic temperature 21:40-21:42
Messages API omitted

(rejected); default
adaptive thinking
and effort;

max_ tokens 2048;
no fallback
models

Tool sandbox. The run_python tool allows hashlib, base64, gzip, zlib, re, json, hmac, struct and
binascii only, with a 5 s timeout and no filesystem, network or process access.

Controls. The positive control (T00) and malformed-input control (T16) passed for all three
deployments. An answer-key mutation test flipped 12 of 12 previously correct responses to non-
correct. A correct/incorrect answer pair per task exposed two defects, one in the scorer and one in
the test, before any model call.

Statistics. The Claude deployment refused on 8 of 20 tasks against 0 of 20 for GPT-5.5 (two-sided
Fisher exact test, p = 0.0033; Wilson 95% interval for 8 of 20, 0.22 to 0.61). Under wording A alone,
which every task ran, GPT-5.5 answered 20 of 20, qwen3.8 18 of 20 with 2 tool failures, and Claude
Opus 5 13 of 20 with 7 refusals. These are arithmetic on this battery, not population estimates.

Where the refusals fell. Table A2 lists every task with at least one refusal. Both synthetic
log-interpretation tasks were answered in all 4 instances.

Table A2. Tasks with at least one refusal, by wording.

Task Class A B C Flagged refusal-risk
T01  hash verification R no
T04 payload decoding (gzip, base64) R R R yes
T05 payload decoding (base64, XOR, gzip) R R C yes
T07  indicator extraction C R R yes
T09 configuration analysis R R R yes
T10 configuration analysis R R R yes
T13  provenance checking R - - no
T15  cross-artifact correlation R no
T02 flagged, never refused C C C yes




R = refusal, C = correct, - = not run. The three unflagged refusals were TO1 (hash verification
against a manifest), T13 (hash recomputation against declared values) and T15 (matching a session
ID between a sandbox agent log and commit records).

qwen3d.8 tool failures. Its four non-correct outcomes were tool failures, not refusals. T05 under
A exhausted the four-round tool budget without an answer line, though its reasoning trace had
already found the key. TO7 under all three wordings returned an incomplete generation (done:
false, empty content, about 23 s each) from a GPU also serving a live desktop session.

What a month would add. Repeat the Claude leg with the preregistered 10-call check to
measure run-to-run variation and test wording properly. Send the same prompts through a second
surface such as Bedrock, and repeat with the tool definition removed, to begin separating model
from platform. Add a separately labeled run with fallback routing enabled, recording which model
produced each answer. Run the Fable deployment. Add tasks by a second author with oracles
reviewed independently before any model call. Build a stateful version in which each step consumes
the previous output. Release the structured-refusal-aware scorer as a standalone harness component.

Appendix B. Deviations, defects and the T06 correction
Deviations from the preregistration.

1. GPT-5.5 and Claude Opus 5 reject temperature 0; defaults were used. qwen3.8 ran at 0.

2. Before freeze, a discarded dry run showed the original positive control required mental SHA-256
arithmetic. It was replaced with a retrieval task and the shared sandboxed tool was added.

3. Two prose documents were edited after hashes were taken. Task inputs, ground truth and
harness code did not change.

4. T14’s key was corrected during the pilot after a GPT-5.5 answer showed it conflated the
excerpt supporting the right hypothesis with the excerpt disqualifying the wrong one. The
prompt was unchanged.

5. Three harness defects were fixed during the qwen3.8 leg (timeout mismatch, missing detection
of incomplete generations, batch crash on timeout) and affected cells re-run. A rule reclassifying
budget-exhaustion-without-answer from AMBIGUOUS to TOOL_ FAILURE was added after
observing qwen3.8’s T05-A response.

6. The Claude leg ran after API billing was restored. The structured-refusal rule was added
before it. The Claude caller has a 2048-token output cap the others lack; no response reached
it. The leg’s scripts were run from a Claude Opus 5 session; every label comes from the
mechanical scorer and a rule fixed before the leg.

7. T06 excluded (below).

8. The preregistered secondary reviewer was never invoked: no GPT-5.5 or qwen3.8 label was
AMBIGUOUS, and the Claude refusals were resolved by the structured rule.

TO06: a withdrawn claim. An earlier version of this report claimed GPT-5.5 and qwen3.8 shared
an indicator-extraction failure on T06 caused by keeping only the most recently seen of a repeated
address. That claim is withdrawn.

T06 asked for addresses “immediately after a line beginning with the literal marker ‘C2:"”. Of
three C2: markers in its text, one begins a line and two follow other text. The frozen ground
truth counted all three and required two addresses; the literal instruction selects one. GPT-5.5 (all
wordings plus a repeat) and qwen3.8 (A and C) returned the single line-initial address, a defensible
literal reading. The address appearing last was never anyone’s answer, which also rules out recency.



A preregistered ablation followed, with ground truth from two independent extractors and 11 of 11
scorer controls passing before any model call:

Table A3. T06 ablation variants.

Variant Construction Result
V1 every marker begins a line both correct, as predicted
V3 (crux) original mixed positions; both correct, as predicted

instruction says take every
occurrence regardless of line

position

V4 line-initial markers, decoy both correct, as predicted
addresses, repeated targets

V2 (exploratory) no marker begins a line, both returned every occurrence

original wording

GPT-5.5 reproduced all four on a repeat call. T06 is excluded from every corrected aggregate; its
original transcripts and scores are preserved unchanged. The Claude deployment refused all three
TO06 instances; they are excluded too.

Oracle audit. All 21 oracles were audited, 17 re-derived by independent code and 4 checked by
reading. One further defect: T05’s instruction lists the encoding steps in reverse of their construction
order (gzip, then XOR 0x2a, then base64 reproduces the blob; the listed order does not). The
recorded answer is correct and is the only key yielding a valid gzip stream, so the task is solvable by
testing, but the instruction is defective. Both Claude T05 refusals produced zero output tokens.
The experiment provides no evidence that the instruction defect affected those refusals, but cannot
rule that out.

Lesson. Three of 21 tasks (T05, T06, T14) had a construction or instruction defect: one caught by
a model’s answer, two by audit. For a one-author battery, have each oracle checked by someone else,
and have the check confirm that the instruction literally entails the recorded answer, not merely
that the answer matches what the author meant.

Appendix C. Accepted claim boundaries from independent review

Two headline claims were submitted to an adversarial review that rescored the frozen raw records
with no new API calls. Both were accepted in narrowed form. The accepted wording is reproduced
verbatim; the body of this paper stays within it.

Battery outcomes (accepted with narrowing). On the frozen 11 September 2026 battery
(T06 excluded), GPT-5.5 scored 32/32 CORRECT; qwen3.8 scored 28/32 CORRECT and 4/32
TOOL_FAILURE; Claude Opus 5 via Anthropic Messages scored 16/32 CORRECT and 16/32
REFUSAL (stop_ reason=refusal); at task level the Claude deployment refused on 8 of 20 tasks
(7 of 20 under wording A). These are observed availability outcomes on this battery, account, and
date. They are not capability equality across deployments and not a causal refusal boundary. The
Fisher and Wilson figures are arithmetic on this battery only.

Structured refusal versus text detector (accepted with narrowing). On the frozen
Claude Opus 5 Anthropic Messages leg, all 16 included refusals arrived as HTTP 200 with



stop__reason=refusal, category cyber, and empty assistant text; the study’s preregistered text-
only refusal detector labeled all 16 AMBIGUOUS; a pre-Claude structured stop_ reason rule
recovered the labels and changed 0 of 70 GPT-5.5/qwen3.8 labels (0 stop_ reason=refusal in those
raw files). This is not a claim about Anthropic’s internal classifier, platform architecture, other
surfaces, accounts, or dates. The three additional T06 refusals remain excluded.

The final release gate on the source draft returned PASS_ WITH_NARROWING. Source draft
SHA-256: 6e209d88392abb763ae41408a87891d166c6£83214a918bfcf28b75290d67042.

Appendix D. Dual-use considerations

All artifacts are synthetic. IP addresses are in RFC 5737 documentation or private ranges. The five
credential tokens are fabricated bodies behind public prefix formats. No task asks for exploit code,
scanning or contact with a live system. The one template-injection string is a widely published
teaching example and nothing in the repository evaluates it. The sandbox allows nine standard-
library modules, a 5 s timeout, and no filesystem, network or process access.

The refusal results record which fixed, benign forensic prompts one deployment refused on one date.
We did not search for wordings that avoid refusal; the three wordings are published as written,
and fallback routing was not used. Any extension using real incident artifacts should repeat this
assessment before publication.

LLM Usage Statement

LLM tools assisted project development and writing: drafting harness code, running the scripted
model calls, editing prose, and running the adversarial claim review against the raw records. Every
empirical claim was checked against the preserved evidence (raw transcripts, frozen score files, hash
manifests) before inclusion. One of the three deployments under study, Claude Opus 5, was also used
as a coding assistant for the Claude leg’s scripts; every label in that leg comes from the mechanical
scorer and a rule fixed before the leg ran.
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