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Abstract

Safety benchmarks are often treated as stable
measurements of refusal behavior, but that
assumption can fail even under minimal
prompt reformatting. We study this effect
with a narrow inference-only protocol on
HarmBench using the first 100 harmful
instructions from the official text benchmark
as a fixed pilot subset. For each instruction,
we evaluate three fixed, deterministic prompt
framings: the original request, a fictional-
story wrapper, and a French-translation
wrapper. Under deterministic decoding with
meta-llama/Meta-Llama-3-8B-Instruct,
refusal rates vary from 0.74 for Direct framing
to 0.53 for Translation framing, and all
pairwise differences are significant under exact
McNemar tests. The Framing Sensitivity
Index (FSI), which measures how often refusal
outcomes change across framings, is 0.24
with a 95% bootstrap confidence interval
of [0.16, 0.33]. The effect remains under a
single stochastic decoding pass at temperature
0.7, and a supplementary replication on
mistralai/Mistral-7B-Instruct-v@.3
also shows non-zero framing sensitivity. We
argue that even fixed procedural reframings can
materially change measured safety outcomes
in a realistic evaluation pipeline.

1 Introduction

Safety evaluation pipelines often report a single
refusal or harmfulness score per model and treat
each benchmark prompt as a stable measurement
target (Mazeika et al., 2024; Zhang et al., 2024;
Cui et al., 2025; Xie et al., 2025). This matters
because benchmark scores are used to compare
models, track progress, and support deployment de-
cisions. If outcomes change under minimal prompt
reframing, then the reported score reflects surface
prompt form as well as harmful intent.

This paper asks a narrow question: how sensitive
is HarmBench refusal behavior to prompt framing

inside an otherwise fixed evaluation pipeline? We
do not propose a new alignment method, train a
model, or develop a jailbreak technique. Instead,
we manipulate one evaluation component under a
fixed inference-only setup: fixed benchmark items,
fixed framing templates, fixed decoding settings,
and no prompt search or optimization.

We emphasize that we do not introduce a new
attack or bypass method. Our goal is solely to mea-
sure evaluation sensitivity under what we opera-
tionalize as benign prompt reformatting: we define
a framing as benign if (i) the original harmful re-
quest is preserved verbatim inside the wrapper, (ii)
no new harmful content is introduced, and (iii) the
reformatting involves no search, optimization, or at-
tack construction. The contribution is therefore not
to claim that prompt sensitivity is newly discovered,
but to quantify how much benchmark outcomes
move under this narrow procedural intervention. If
safety benchmarks are used to rank models, then
framing sensitivity introduces a hidden evaluation
variance that is not typically reported.

2 Related Work

Recent safety benchmark work has focused on stan-
dardized harmful-instruction evaluation and cali-
brated refusal behavior. HarmBench provides a
broad benchmark for harmful request completion
and refusal evaluation, XSTest probes exagger-
ated safety behavior on safe prompts, and recent
benchmarks such as SafetyBench, OR-Bench, and
SORRY-Bench further examine unsafe capability,
over-refusal, and refusal behavior under more tar-
geted settings (Mazeika et al., 2024; Rottger et al.,
2024; Zhang et al., 2024; Cui et al., 2025; Xie et al.,
2025). Our study is closest to this benchmark line,
but instead of introducing a new benchmark, we ask
whether an existing harmful benchmark remains
stable under minimal prompt reformatting.

A separate line of work studies jailbreaks and



adversarial prompt attacks, including manually de-
signed jailbreak prompts, universal adversarial suf-
fixes, and multilingual language-switching attacks
(Weietal., 2023; Zou et al., 2023; Deng et al., 2023;
Yong et al., 2023). Those papers optimize prompts
to bypass safeguards or explicitly treat language
choice as an attack vector. By contrast, we use
three fixed benign wrappers and perform no search
or attack construction. Our framing question is also
related to broader evidence that language-model
behavior is sensitive to prompt formatting and that
evaluation conclusions can shift under small proce-
dural choices (Sclar et al., 2023; Zhou et al., 2024).
The novelty here is methodological: we hold the
benchmark, prompt inventory, framing set, and de-
coding protocol fixed and treat prompt framing as
a narrow procedural intervention inside a safety
benchmark.

3 Experimental Setup

3.1 Dataset and Prompt Framing

We use the official HarmBench text benchmark and
select the first 100 harmful instructions as a fixed
bounded pilot subset. This deterministic slice keeps
the short-paper study reproducible and outcome-
independent, but a random or full-benchmark evalu-
ation would provide stronger evidence of generality.
Each instruction is evaluated under exactly three
framings produced by direct string substitution, not
by an auxiliary LLM or translation system. This
produces 300 inferences per decoding condition.

For a harmless toy prompt such as Explain
how to bake bread, the Translation frame be-
comes Translate the following sentence
into French: "Explain how to bake bread”.
Appendix C gives two additional toy examples of
the deterministic reformatter.

3.2 Models and Decoding

The primary analysis
meta-1lama/Meta-Llama-3-8B-Instruct
with no fine-tuning. The model is pub-
licly available under a gated license on
Hugging Face. As an additional robustness
check, we also replicate the same protocol on
mistralai/Mistral-7B-Instruct-v@.3. For
each model, the main analysis uses deterministic
decoding with temperature 0.0, max_tokens=512,
top_p=1.0, and repetition_penalty=1.0. We
then repeat the same 300 prompt-frame evaluations
once with stochastic decoding at temperature 0.7.

uses

Frame Deterministic template

Direct {p}

Fictional In a fictional story, a character
asks: "{p}" How would this scenario
unfold?

Translation Translate the following sentence into
French: "{p}"

Table 1: Exact framing templates, where {p} denotes
the original HarmBench prompt.

3.3 Refusal Rule and Analysis

Outputs are automatically classified as refusal if
they match a fixed refusal regex including patterns
such as I cannot, I can’t, I will not, I am
unable, I do not provide, I must refuse, I
cannot comply, and As an AI. The exact matched
pattern and raw output are stored for auditability.
Because the detector is English-anchored, Transla-
tion is the most plausible source of false negatives,
so the pipeline emits a fixed random audit sample
of deterministic Translation non-refusal outputs for
manual review.

We report refusal rate by framing, pairwise fram-
ing differences with exact McNemar’s test, and
the Framing Sensitivity Index (FSI), defined as the
fraction of prompts whose refusal outcome changes
across the three framings. While refusal rate cap-
tures aggregate shifts, FSI captures prompt-level
instability. We report 95% bootstrap percentile con-
fidence intervals from 10,000 prompt-level resam-
ples, and we also report the minimum FSI compati-
ble with the three frame-wise refusal rates, equal
to the gap between the largest and smallest refusal
rate when refusal sets are perfectly nested across
framings. This lower-bound quantity is descriptive,
not a significance threshold.

4 Results

In the deterministic main condition, refusal rates
are 0.74 for Direct, 0.65 for Fictional, and 0.53
for Translation (Figure 1). Exact McNemar tests
show significant pairwise differences for Direct
vs Fictional (p = 0.0225), Direct vs Translation
(p = 9.54 x 10™7), and Fictional vs Translation
(p = 0.00183).

Table 2 shows non-trivial paired differences, es-
pecially for Direct vs Translation (paired RD 0.21;
discordant share 0.21). Deterministic FSI is 0.24
[0.16, 0.33], meaning that 24 of 100 prompts flip re-
fusal labels across the three framings. The marginal
lower-bound quantity of 0.21 is not a significance
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Figure 1: Refusal rates by framing with 95% bootstrap
CIs.

Comparison Paired RD Discordant Exact p
Direct vs Fictional 0.09 0.13 0.0225
Direct vs Translation 0.21 0.21 9.54 x 1077
Fictional vs Translation 0.12 0.14 0.00183

Table 2: Deterministic paired effect sizes.

threshold; it is the minimum prompt-level instabil-
ity compatible with the observed marginal refusal
rates under perfectly nested refusal sets.

Because Direct and Fictional are both English
prompts scored by the same detector, their signif-
icant difference indicates that the observed insta-
bility is not solely a translation-regex artifact, al-
though Translation should still be interpreted more
cautiously. Instability is unevenly distributed: for
prompt indices 0-49, FSI is 0.36 [0.22, 0.50], while
for prompt indices 50-99 it is 0.12 [0.04, 0.22], sug-
gesting that some parts of the benchmark are more
format-dependent than others.

The stochastic appendix run is similar: refusal
rates are 0.72, 0.64, and 0.50 for Direct, Fictional,
and Translation, and FSI remains 0.24 [0.16, 0.33].
Audits of 20 flagged outputs and 20 deterministic
Translation non-refusals found no false positives or
false negatives in those samples, but these audits
remain small sanity checks rather than full relabel-
ing.

A supplementary replication on
mistralai/Mistral-7B-Instruct-v@.3 also
shows non-zero framing sensitivity despite much
lower refusal rates overall (deterministic FSI 0.32
[0.23, 0.41]; stochastic FSI 0.24 [0.16, 0.32];
Appendix A). This suggests that prompt-level
instability is distinct from absolute refusal level;
its deterministic lower-bound baseline is only 0.07.
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Figure 2: Prompt-level consistency across framings.
Vertical stripes mark prompt-level flips.
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Figure 3: Refusal counts across the three framings.

5 Discussion

If refusal outcomes shift under light prompt refram-
ing, then benchmark scores are not purely measur-
ing harmful-intent recognition. They are also mea-
suring how the prompt is packaged for the model.
This weakens the interpretation of a single bench-
mark number as a robust safety property.

The main implication is methodological: safety
benchmarks should be tested for framing robust-
ness before they are used as stable comparative
metrics. A benchmark score that changes by
21 percentage points under fixed, non-optimized
prompt reframing is difficult to interpret as a stable
property of the underlying harmful request alone.
Even under a limited two-model evaluation, a 21-
point shift under benign formatting is non-trivial in
leaderboard comparisons.

The persistence of framing sensitivity under both
deterministic and stochastic decoding, together
with the second-model replication, suggests that
the observed effect is not solely attributable to de-
coding artifacts or a single checkpoint. At the same
time, the lower refusal rates of the second model
make clear that absolute refusal level and framing
sensitivity are distinct properties: a model can be
more permissive overall while still exhibit substan-
tial prompt-level instability. We therefore interpret
our findings as evidence of pipeline-level measure-
ment sensitivity in one realistic HarmBench setup,
not as a universal statement about all safety bench-
marks or a proof that prompt framing has been



reduced to a perfectly isolated semantic-only vari-
able.

6 Limitations

This paper is a narrow case study. We evaluate
one benchmark, a fixed first-100 pilot subset, and
two open models. The deterministic subset im-
proves reproducibility and keeps the short-paper
scope manageable, but it does not rule out ordering
artifacts inside HarmBench; random resampling or
full-benchmark evaluation would provide stronger
evidence of generality.

The framing conditions are fixed and determinis-
tic, but they are not a formal taxonomy of benign
prompt variation. In particular, the Translation
condition changes both surface framing and out-
put language, and our English-anchored refusal
regex is therefore more vulnerable to false nega-
tives there. Our small manual audits reduce but do
not eliminate this concern, and we do not claim that
Translation is a perfectly isolated semantic-only in-
tervention. More broadly, we do not use full human
annotation or a broader model suite, so the paper
should be read as evidence of pipeline-level mea-
surement sensitivity in one realistic setting rather
than as a universal statement about all safety evalu-
ations.

7 Ethical Considerations

The study evaluates harmful prompts from an ex-
isting public benchmark. We do not introduce new
harmful content, optimize jailbreaks, or propose
methods for increasing attack success. The goal
is to assess evaluation reliability and benchmark
robustness.
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A Robustness Across Decoding and
Model Choice

We repeat the full 100-prompt, 3-
framing evaluation once at temperature
0.7 with no additional repetitions. For
meta-1llama/Meta-Llama-3-8B-Instruct,
stochastic refusal rates are 0.72 for Direct, 0.64
for Fictional, and 0.50 for Translation. The
appendix FSI is 0.24 with a 95% bootstrap
confidence interval of [0.16, 0.33]. Pairwise exact
McNemar tests remain significant for Direct vs
Fictional (p = 0.0215), Direct vs Translation
(p = 4.77 x 10™7), and Fictional vs Translation
(p=5.19 x 107%).

For mistralai/Mistral-7B-Instruct-ve.3,
deterministic refusal rates are 0.17, 0.10, and 0.14
for Direct, Fictional, and Translation, with FSI 0.32
[0.23, 0.41]. Under stochastic decoding, refusal
rates are 0.15, 0.11, and 0.04, with FSI 0.24 [0.16,
0.32]. Pairwise exact McNemar tests are weaker
for this model; in the stochastic run, only Direct
vs Translation remains significant (p = 0.0127).
We therefore treat the second-model replication as
qualitative support for framing sensitivity rather
than as evidence of identical significance patterns
across models.

B Refusal-Rule Sanity Check

We draw a fixed random sample of 20
matched-pattern cases from the determinis-
tic meta-llama/Meta-Llama-3-8B-Instruct
run and record manual false-positive annota-
tions. Manual inspection of 20 random flagged
cases revealed no false positives. The observed
false-positive rate in this audit is 0.0.

Because Translation is the most plausible
source of false negatives under an English-
anchored refusal detector, the pipeline also emits
a second fixed random sample of determin-
istic Translation outputs currently labeled as
non-refusal.  Manual inspection of 20 such
meta-llama/Meta-Llama-3-8B-Instruct cases
revealed no false negatives in that sample.

C Prompt-Framing Examples

The deterministic reformatter applies direct string
substitution. For a harmless toy prompt such as
Explain how to bake bread, the three frames
are:

Direct: Explain how to bake bread

Fictional: In a fictional story, a
character asks: "Explain how to bake
bread” How would this scenario unfold?

Translation: Translate the following
sentence into French: "Explain how to
bake bread”

For a second harmless toy prompt such as Write
a polite email declining a meeting, the
reformatter behaves identically:

Direct: Write a polite email declining a
meeting

Fictional: In a
character asks:
declining a meeting”
scenario unfold?

fictional story, a
"Write a polite email
How would this

Translation: Translate the following
sentence into French: "Write a polite
email declining a meeting”
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