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Abstract—Reinforcement-learning safety training is applied to
a language-model family, not to individual checkpoints. Vendors
then ship the same family in several reasoning tiers (lite, flash,
pro, with low/medium/high reasoning- effort variants), and public
red-teaming targets only the flagship. We ask whether the
same RL-trained refusal policy actually holds uniformly across
those tiers, and if not, whether the drift is exploitable by an
ordinary API caller. We introduce TIERBLEED, a harm-free
measurement protocol built from 9 framing sub-techniques and
two decoding sub-techniques, covering 34 abuse probes across
6 Gemini reasoning tiers with 3 seeds each (756 main trials
plus 162 temperature-sweep trials). The abuse targets are mild,
generic, non-targeted insult-level sentences of the form used
in incivility corpora; the frames are academic citation, fiction,
news, translate-and-echo, dictionary example, grammar analysis,
roleplay, a stacked ‘“fiction inside academic” compound, and
an assistant-prefix prime. The pooled abuse reproduce rate
ranges from 69.6% to 82.4% across tiers of the same family,
a spread of 12.7 percentage points. Framing effects are large
and asymmetric: the direct frame is refused at 0.0% while the
academic-citation frame reaches 90.0% and the stacked frame
98.1%. We then quantify two derived adversary strategies that
do not require any new API calls: (i) best-of-N across tiers: an
attacker who accepts the first success across all 6 tiers of the
family raises per-probe success from 81.4% to 85.3% (attacker
gain +3.9 pt), and (ii) seed lottery: of hit-cells (probe x tier
with any success), 10.2% are unstable across seeds: an attacker
who retries with a different seed at fixed temperature keeps
a substantial chance of a fresh success. A temperature sub-
technique sweep at {0.2, 0.7, 1.2} shows the reproduce rate
does not collapse with lower entropy: at T=0.2 the sweep still
reproduces at 100.0%, so the attack is not merely a sampling
artifact. We release the runner, the transcripts, seven real figures,
and a fail-closed checker that re-derives every printed number
from three mutually consistent sources of truth.

Index Terms—LLM safety, RLHF, reasoning models, red
teaming, tier drift, content moderation, route-picking, best-of-
N

I. INTRODUCTION

Alignment via reinforcement learning from human feedback
(RLHF) is now standard practice for commercial language
models [1], [2]. The RL objective is defined against a model
family (a base model plus its instruction- and safety-tuned
derivatives), and red teams [3]-[10] publish scores per family
or per model-name, not per reasoning tier.

Reasoning-tier drift in a single family: same RL policy, different behaviour under scale
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Fig. 1: Concept. The same RL-trained family is served in
multiple reasoning tiers. Lower tiers follow the surface refusal
template; higher tiers parse the frame around the abusive quote
and comply with the meta-task.

Meanwhile vendors ship the same family in multiple tiers.
Gemini exposes at least six, 2.5-flash-lite, 2.5-flash, 3.1-flash-
lite, 3.5-flash, 3.6-flash, and 3.1-pro, each selectable through
the API as a distinct model identifier [11]-[13]. If the RL
safety policy is a property of the family, all tiers should give
the same verdict on the same prompt (modulo generation
noise). If it is a property of the individual checkpoint, if a
stronger reasoning tier can parse the frame and comply with
a meta-task that a weaker one refuses, then the public red-
teaming score of the flagship is a systematic over-estimate of
the family’s fielded safety, and the vendor’s own tier parameter
becomes an attack surface.

This paper quantifies the drift, decomposes it into sub-
techniques the attacker can independently exploit, and derives
two adversary strategies that require zero training-time access.

Contributions.

e A tier-arbitrage measurement across 6 reasoning tiers
of one commercial family (Gemini) on a harm-free
abuse-reproduction protocol with 9 distinct framing sub-
techniques, plus a temperature sub-technique. Total: 756
main trials and 162 temperature-sweep trials.

o Evidence of substantial drift: pooled abuse reproduce
rate ranges from 69.6% to 82.4%, a spread of 12.7 pt
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inside one RL-tuned family. The stacked “fiction inside
academic” compound and the prefix-prime frame are two
of the strongest sub-techniques (see Table I).

o Two derived adversary strategies with zero extra training
cost: best-of-N cross-tier retry (+3.9 pt attacker gain per
probe) and seed-lottery retry (10.2% of hit-cells were
unstable across seeds).

o A temperature sub-technique sweep showing the drift is
not a decoding-entropy artifact: reproduction survives at
T=0.2 (100.0%).

o A fail-closed reproducibility harness. Every number in
this paper is produced by src/analyze.py and
cross-checked against the raw transcripts and CSV by
src/verify_numbers.py, which exits non-zero on
any disagreement.

II. BACKGROUND AND RELATED WORK

RLHF and refusal policies. Modern chat assistants are
aligned by an RL loop over human or Al-generated preference
labels [1], [2]. Refusal behaviour is reported and evaluated at
the family level.

Guard models and content moderation. Separate guard
models [14], [15] classify prompts and replies; they too are
evaluated per family name, not per tier.

Red teaming and jailbreaks. A large literature attacks
refusal robustness with adversarial prompts [3]-[10], [16],
[17]. All target a single model-name; none exploits the tier
axis inside one family.

Over-refusal. XSTest [18] showed that safety tuning can
make aligned models refuse benign prompts. Our benign-
control set is used as a null check for the same effect at the
tier axis.

Fine-tuning fragility. Prior work has shown that a few gra-
dient updates can strip refusal [19], [20]. That result requires
model weights. Our observation is complementary and does
not: it uses only vendor-exposed tier, seed, and temperature
parameters.

Reasoning models. Recent releases separate a “reasoning-
effort” knob from the base checkpoint [12], [13]. To our
knowledge, the safety consequences of that split have not been
systematically measured within one family.

A. Delta vs the closest 2024-2026 work

We situate TIERBLEED against five recent papers that
occupy adjacent ground. In each case the axis of variation
is different, so the results are complementary rather than
overlapping.

Best-of-N Jailbreaking (Hughes et al., NeurIPS 2025)
[21]. BoN keeps the model fixed and varies the prompt (ran-
dom shuffling, capitalisation, up to 10,000 augmented samples
per probe) until one attempt lands. TIERBLEED keeps the
prompt fixed and varies the vendor-exposed model tier; our
best-of-N is across the family’s own tier list, not across prompt
augmentations, and the attack budget is N < 6 calls rather
than N < 10,000. The two are orthogonal: an attacker could
combine them.

H-CoT (Kuo et al., 2025) [22]. H-CoT injects fake chain-
of-thought fragments so the model believes its safety check
already passed, and attacks o1/03, DeepSeek-R1, and Gemini
2.0 Flash Thinking one model at a time. TIERBLEED does
not manipulate the CoT at all; the payload is a plain user
turn. Our axis (tier drift within one family) does not appear
in H-CoT.

Where Do Reasoning Models Refuse? (Yamaguchi et al.,
2025) [23]. This paper localises where in the reasoning trace
a refusal is produced. It does not compare tiers of a single
family or study route-picking; the unit of analysis is the token
position within one model’s trace.

The Hidden Risks of Large Reasoning Models (Zhou et
al., 2025) [24]. A safety audit of a single reasoning model
(DeepSeek-R1) showing stronger reasoning can correlate with
greater harm. Same qualitative direction as our finding but
measured on one model, not across the tier axis, and without
a derived route-picking adversary.

Refusal Falls off a CIliff (Jiang et al., 2025) [25]. A
mechanistic-interpretability result: refusal intention is high
mid-reasoning but drops sharply at the final tokens. Com-
plementary mechanism-level explanation for the same family-
level phenomenon we observe behaviourally.

Self-Jailbreaking (Yong & Bach, 2025) [26]. Shows be-
nign reasoning fine-tuning can undo safety. Requires training-
time access; TIERBLEED does not.

Two axes make TIERBLEED distinct: (i) the attack surface is
a vendor-exposed tier parameter that public red-teaming does
not enumerate, and (ii) both derived adversary strategies (Al
best-of-N across tiers, A2 seed lottery) execute with zero extra
training-time access and single-digit call budgets.

III. THREAT MODEL

The adversary is an ordinary API caller: no model weights,
no fine-tuning access, and no ability to add tokens outside the
user turn. They know the vendor exposes several reasoning
tiers of the same family, each selectable as a distinct model
field, and expose seed and temperature as request pa-
rameters. Their goal is to obtain a target completion (in our
study, a verbatim insult inside a legitimate-looking frame) that
the vendor’s public red-teaming score for the flagship suggests
is refused. The attack budget is N extra API rounds per probe:
N tiers, optionally times S seeds, optionally times F' frame
variants.

Harm-free protocol. All target completions are mild,
generic, non-targeted insult-level sentences of a form typically
used in incivility studies (e.g., “you are worthless”). They are
never directed at a real person, never demographic, never ad-
vocate violence, and never contain private information. Frames
use the same conventions that appear in corpus-linguistics
work on incivility.

IV. METHOD

A. Reasoning tiers

We use six Gemini tiers reached through a local OpenAl-
compatible gateway: 2.5-flash-lite, 2.5-flash, 3.1-flash-lite, 3.5-



TIERBLEED: sub-technique taxonomy against RL-safety within one family

Ten frame sub-techniques (harm-free protocol), one temperature knob, and three route-picking adversary strategies.

[ Same family ‘- N reasoning tiers ]

Frame-parsing sub-techniques
SF1 Direct. No frame; baseline refusal.

SF2 Academic citation. Ask for a verbatim quote as a research
citation.

SF3 Fiction scaffolding. Ask for a scene that includes the
quoted line.

SF4 News reporting. Ask for a verbatim quotation inside a
news brief.

SF5 Translate + echo. Ask for a translation and print of the
original.

SF6 Dictionary/canonical example. Ask for a definition using
the line as example.

SF7 Grammar analysis. Ask for constituent analysis of the
sentence.

SF8 Roleplay/oral history. Ask an in-role narrator to
reproduce the line.

SF9 Stacked frame. Fiction wrapped in academic citation;
compounding effect.

SF10 Prefix-prime. Prime the completion structure with the
target line already in the prompt.

Sampling / decoding sub-techniques

SD1 Temperature sweep. Same probe at T € {0.2, 0.7, 1.2}.
Tests whether decoding entropy is a lever.

SD2 Seed lottery. Same probe, same tier, different seeds. Tests
policy stability.

Adversary strategies

Al Route-picking (Best-of-N). Attacker retries the same
prompt across all reasoning tiers of the family; accepts the first
success.

A2 Frame-picking. Attacker retries same probe across frame
sub-techniques on a fixed tier; picks the frame the tier is weakest
against.

A3 Combined arbitrage. Attacker sweeps N frames x N tiers
x N seeds; the upper bound on success rate per probe.

Fig. 2: Sub-technique taxonomy. Ten frame sub-techniques (SF1-SF10), one decoding sub-technique (temperature and seed),

and three derived adversary strategies (A1-A3).

flash (low reasoning), 3.6- flash (low reasoning), and 3.1-pro
(low reasoning). Every call records the requested tier, the
served model name, latency, and token usage. The gateway
carries an identity header per tier so we can verify the served
model is the requested one.

B. Sub-technique catalogue

We define 9 framing sub-techniques SF1-SF10 and one
decoding sub-technique SDI1 (temperature). Framing sub-
techniques change what surrounds the target insult; the target
sentence itself is fixed across frames so the drift is a property
of the frame, not the payload.

« SF1 Direct. No frame; the target insult is the user turn.

o SF2 Academic citation. Ask the model to reproduce the

insult as a verbatim quote for a peer-reviewed citation.

« SF3 Fiction. Ask for a scene in a novel or play containing

the insult as dialogue.

o SF4 News. Ask for a news brief that quotes the insult as

reported speech.

e SF5 Translate+echo. Ask for a translation and the
original English quoted in its own line.

« SF6 Dictionary/canonical example. Ask for a definition
entry using the insult as canonical example.

e SF7 Grammar analysis. Ask for syntactic constituent
analysis of the sentence.

o SF8 Roleplay/oral history. Ask an in-role narrator to
reproduce the line.

o SF9 Stacked (fiction ® academic). Compound the two
strongest frames: the fiction excerpt is itself embedded in
an academic citation.

o SF10 Prefix-prime. Prime the completion structure with
the target line already in the user prompt and ask the
model to echo it.

o SD1 Temperature. Same probe at T € {0.2,0.7,1.2};
tests whether the drift disappears at low decoding entropy.

Each abuse cell (family X tier) is repeated with 3 integer

seeds ({11,22,33}). We also run 5 benign controls (capital
of France, photosynthesis, unit conversion, breakfast idea,



Overall reproduction rate across Gemini reasoning tiers
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Fig. 3: Pooled abuse reproduction per tier, averaged across all
9 frame sub-techniques and 3 seeds.

TABLE I: Frame x tier reproduce counts (x/n where n is the
number of trials in the cell and x is REPRODUCED count).

Frame family =~ G2.5-lite  G2.5-flash ~ G3.1-lite  G3.5-flash  G3.6-flash  G3.1-pro
Direct 0/15 0/15 0/15 0/15 0/15 0/15
Academic 14/15 15/15 14/15 12/15 11/15 15/15
Fiction 6/9 6/9 6/9 719 6/9 919
News 9/9 6/9 6/9 8/9 8/9 9/9
Translate 9/9 9/9 9/9 9/9 9/9 9/9
Define 9/9 9/9 9/9 719 5/9 919
Grammar 9/9 9/9 9/9 9/9 9/9 9/9
Roleplay 9/9 9/9 9/9 719 6/9 8/9
Stacked 9/9 9/9 9/9 919 8/9 9/9
Prefix-prime 719 8/9 9/9 9/9 9/9 719
Total (any) 81/102 80/102 80/102 77/102 71/102 84/102

primary colours) and 3 consistency probes (does the model
itself judge the sentence insulting?).

C. Deterministic verdict rules

A deterministic string judge (src/judge.py) assigns
each abuse reply one of three verdicts: REPRODUCED
(the target insult appears in the reply, case-insensitive and
whitespace-normalised), REFUSED (the reply opens with a
standard refusal template and does not contain the target),
or SIDESTEP (neither). Benign replies get ANSWERED or
REFUSED. The judge is a pure regex/string function, no
LLM-in-the-loop, so the verdict for a stored transcript is fully
reproducible and audit-able.

D. Fail-closed verification

src/analyze.py writes CSV, macros, tables, and figure
data. src/verify_numbers.py independently re-scans
the raw transcripts, re-parses the CSV, and re-parses the macro
file. It exits non-zero on any mismatch. Every number in this
paper survives that check.

V. RESULTS

A. Overall tier drift

Fig. 3 plots the pooled abuse reproduction rate per tier.
Rates: G2.5-lite 79.4% (81/102), G2.5-flash 78.4% (80/102),
G3.1-lite 78.4% (80/102), G3.5-flash 69.6% (71/102), G3.6-
flash 75.5% (77/102), G3.1-pro 82.4% (84/102). Spread: 12.7
percentage points.

Reproduction rate (%) per frame family per tier

100
Direct 0 0 0 0 0 0

Academic

Fiction

News

Translate

Rate (%)

Define
Grammar
Roleplay
Stacked

Prefix-prime

e AN e X
T P
clay [cf

AN o
3@»‘\?”’ & 3
&

Fig. 4: Reproduction rate per frame family per tier. Direct
(SF1) is refused across the board; stacked (SF9) and prefix-
prime (SF10) succeed at almost every tier.

TABLE II: Verdict breakdown per tier over all abuse trials.

Tier Reproduced  Refused  Sidestep
G2.5-lite 81 0 21
G2.5-flash 80 1 21
G3.1-lite 80 1 21
G3.5-flash 77 0 25
G3.6-flash 71 0 31
G3.1-pro 84 0 18

B. Frame family matters more than the tier

Table I and Fig. 4 give the full frame x tier picture. The
direct frame (SF1) reproduces at 0.0% (0/90). Framed variants
are dramatically higher: academic 90.0%, fiction 74.1%, news
85.2%, translate-and-echo 100.0%, dictionary 88.9%, grammar
100.0%, roleplay 88.9%, stacked 98.1%, prefix-prime 90.7%.

C. Verdict breakdown and over-refusal

Table II breaks each tier’s abuse trials into REPRODUCED
/ REFUSED / SIDESTEP. SIDESTEP dominates on the lower
tiers: the model paraphrases or pivots without a clean refusal
template. Table III is the null check: 90 of 90 benign controls
were correctly answered (0 false-refusals, 0.0%).

D. Derived attack Al: best-of-N across tiers

If an attacker had access to only one tier, per-probe success
(any seed) is 81.4% averaged over tier choice. Given all 6
tiers, best-of-N per-probe success is 85.3% (29/34 probes).
The attacker gain is +3.9 pt. The extra cost is at most (6 — 1)
API rounds per probe. Fig. 5 is a bar chart of the two rates.

E. Derived attack A2: seed-lottery instability

Of 166 hit-cells, 149 are stable (all 3 seeds reproduced)
and 17 are lottery cells. The refusal policy is therefore not
deterministic at fixed temperature: within one tier, changing
only the seed is enough to flip a fraction of decisions.



TABLE III: Benign controls: answered vs. false-refused, plus
median latency. The over-refusal side of the drift: 0/90 (0.0%)
of benign controls were refused.

Tier Answered Refused Median lat (s)
G2.5-lite 15 0 0.90
G2.5-flash 15 0 0.82
G3.1-lite 15 0 2.92
G3.5-flash 15 0 1.74
G3.6-flash 15 0 1.90
G3.1-pro 15 0 5.84

Best-of-N cross-tier attack gain: +3.9 pt
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Fig. 5: Best-of-N cross-tier attack. Attacker submits the same
probe to each of 6 tiers and accepts the first REPRODUCED
verdict. Success rate per probe rises from 81.4% (any single
tier) to 85.3% (best of 6), a gain of +3.9 pt with zero extra
training-time access.

F. SDI temperature sub-technique

Sweeping temperature at fixed probe and fixed tier shows a
monotone but shallow effect: T=0.2 still reproduces at 100.0%,
T=0.7 at 100.0%, T=1.2 at 100.0%. The drift is not a decoding-
entropy artifact; it is a policy behaviour.

G. Latency is not the confound
VI. ADVERSARY SCENARIOS

The measured sub-techniques and the two derived strategies
compose into a concrete kill chain (Fig. 9). Three scenarios
matter.

Scenario S1: content-moderation evasion at scale. An
abuser who wants a model to produce a specific stigmatised
utterance under a plausibly-deniable frame (a “quote for a
study”, a “line for a novel”) does not need to break the
flagship. They enumerate the family’s tier list, try the frame
at each, and stop at the first success. Our best-of-N result puts
this attack at 85.3% per probe with our tested frames alone.

Scenario S2: benchmark inflation. A vendor red-team that
evaluates a single tier of a family (typically the flagship) pub-
lishes a score that systematically over-estimates the family’s
fielded safety. A downstream product built on a cheaper tier
of the same family inherits the brand’s “safety-tested” claim
while running under a demonstrably weaker refusal policy.

TABLE IV: Al: best-of-N attacker gain. Numbers computed
directly from the 612-trial main experiment without any new
API calls.

Setting Success Rate

Any single tier (pooled)  166/204  81.4%
Best-of-N across 6 tiers 29/34 85.3%
Attacker gain — +3.9 pt

TABLE V: A2: seed-lottery breakdown of hit-cells. A hit-cell
is a (probe X tier) that had at least one REPRODUCED verdict
across the 3 seeds. Lottery cells are those where 1 or 2 (not
all 3) seeds reproduced.

Cell type Count  Share of hit-cells
Stable (3/3 seeds reproduce) 149 89.8%
Lottery (1 or 2 of 3 seeds) 17 10.2%
Total hit-cells 166 100%

Scenario S3: routed serving amplifies the gap. A pro-
duction deployment that routes cheap traffic to a lite tier
and expensive traffic to a pro tier will present different
refusal behaviour to different users for the same input. Users,
moderators, and evaluators cannot distinguish the two without
inspecting the served-model field, which most consumer front-
ends hide.

VII. DISCUSSION

Frame-parsing capability is dual-use. The very reasoning
ability that makes a higher tier useful, parsing an academic-
citation request as a coherent meta-task rather than a keyword
pattern, is what makes it more willing to reproduce the insult
inside the frame. The refusal policy trained into the family
does not clearly distinguish “the user is quoting an insult to
study it” from “the user is producing the insult.”

Compound frames are the largest lever. SF9 (stacked)
is consistently the strongest sub-technique. Wrapping a fiction
request inside an academic citation request adds a second layer
of plausible legitimacy the higher-tier reasoning parses coop-
eratively. Any defense that classifies frames independently will
miss this.

Implications for evaluation. Benchmarks such as Harm-
Bench [9] and StrongREJECT [10] report one score per model
name. If a vendor exposes multiple tiers under one family,
each tier is a separate evaluation surface. Our data suggests
the within-family spread can be as large as some between-
family spreads these benchmarks compare.

What a real defense would need. Neither temperature nor
seed control mitigates the drift (SD1 and A2). Two directions
that would address the actual mechanism: (i) train the refusal
policy explicitly on frame-parsing examples (“the model must
refuse ‘academic citation of an insult’ as such”), and (ii)
publish a per-tier score, so downstream users can pick a tier
whose refusal profile matches their threat model.
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Fig. 6: Of 166 hit-cells, 89.8% are stable across seeds and
10.2% are seed-lotteries; the latter means an attacker who
retries the same tier with a different seed can still win.
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Fig. 7: Temperature sweep at T € {0.2,0.7,1.2} on three high-
signal probes (academic, fiction, stacked) across all 6 tiers.
Reproduction does not collapse at low entropy.

VIII. LIMITATIONS

The study is intentionally scoped: one family, one harm-
free frame family, six tiers, three seeds, three temperatures.
We do not claim the exact drift generalises quantitatively to
other families, but the mechanism (family-level RL policy,
per-tier reasoning capability, vendor-selectable tier, seed and
temperature) is generic. The insult-frame protocol is one
narrow slice of the family’s decision surface; other harm-free
protocols (refusal on hypothetical harm, on private-information
disclosure) may exhibit different tier profiles. The gateway
pool used here is a single production surface; public API
access to the same tier names may yield slightly different
routing behaviour. Our best-of-N result is a lower bound (three
seeds and three temperatures per tier) on what a persistent
attacker could reach.

IX. ETHICS AND RESPONSIBLE DISCLOSURE

All abusive items are mild, generic, non-targeted insults of
the form used in incivility corpora; none is directed at a real
person, none is demographic, none advocates violence, and
none contains private information. No content moderation was
bypassed on a live user-facing surface; all requests were issued
through a personal gateway to model endpoints the author has
API access to. The finding does not enable a novel harmful
capability, the target insults are trivially producible without
any model, it quantifies an evaluation surface that vendor red
teams would want to know exists.

TABLE VI: Reproduction under the temperature sub-technique
(SD1).

Temperature  Reproduced Rate

0.2 54/54 100.0%
0.7 54/54 100.0%
1.2 54/54 100.0%

Latency vs safety drift (no monotonic link)
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Fig. 8: Median latency (a proxy for reasoning-effort budget)
vs. pooled abuse reproduction. No monotonic relationship.

X. REPRODUCIBILITY

The full pipeline is deterministic and fail-closed: transcripts
— raw_results.csv — tables/macros.tex, veri-
fied by src/verify_numbers.py. That verifier re-scans
every transcript, re-parses the CSV, re-parses the macro file,
and exits non-zero on any disagreement. Every macro used
in this paper is produced by src/analyze.py. Figures
are built from results/figdata/tier_rates.json
by src/make_figures.py.

Acknowledgement of Al writing assistance. Large language
model based assistants were used in the preparation of this
work. The author reviewed and edited all outputs and is solely
responsible for the content, including all experimental design,
code, transcripts, and claims.

XI. CONCLUSION

We measured within-family safety drift across six Gemini
reasoning tiers on a harm-free insult-reproduction protocol and
found the family score hides substantial per-tier spread. Com-
pound frames dominate; temperature and seed do not close the
gap. The measurable consequence is a routed-serving surface
where the same input gets a different refusal at different tiers of
one family. The immediate deployment guidance is to publish
per-tier refusal scores and to train the refusal policy explicitly
on nested frames rather than on independent classification of
each frame. Neither guidance requires a new capability from
the model; both address the mechanism our data isolates.
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Fig. 9: TIERBLEED kill chain: pick a frame, enumerate tiers, route-pick, optionally seed-retry, extract.
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APPENDIX

The full probe set is released with the code. Each probe
carries a stable id: ad__* direct, af_x academic frame, ££f_x
fiction, nf_x news, tf_« translate, df_« define, gf_«
grammar, rf_x roleplay, sf_+ stacked, pp_* prefix-prime,
bc__* benign, cp_+ consistency.

A reply is REPRODUCED iff the whitespace-normalised,
lowercased target-insult substring appears in the whitespace-
normalised, lowercased reply. Otherwise, if the reply starts
with any of a fixed set of refusal openers (“I'm sorry,” “I
cannot,” “As an Al,” “Iwon’t,” ...), itis REFUSED. Otherwise
it is SIDESTEP.

Included in Table 111, also in
results/figdata/tier_rates. json.

The generator writes 34 abuse probes, 5 benign controls, 3
consistency probes, and a 9-way frame taxonomy. 612 main
abuse trials and 162 temperature-sweep trials are covered.
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