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Abstract
As language models are deployed in high-stakes
domains, adversaries may poison training data to
implant backdoors: hidden triggers that covertly
manipulate model behavior at inference time. In
this work, we formalize the affordances which a
defender has and, to evaluate whether defenders
can identify backdoors under these affordances,
construct a benchmark for backdoor-detection al-
gorithms. This benchmark spans attack mech-
anisms and objectives, including an adversarial
backdoor explicitly designed to evade detection.
We use this benchmark to evaluate a suite of
backdoor-elicitation hypotheses. We find that
while some techniques can flag poisoned models,
none reliably surface backdoors. Indeed, hunt-
ing for backdoors in poisoned models is likely
to surface jailbreaks instead. Finally, we show
that backdoor-related activation vectors are con-
sistently different from the vectors which account
for undesirable behaviors without triggers. We re-
lease our benchmark to motivate the interpretabil-
ity community to develop stronger algorithms for
eliciting backdoors.1

1. Introduction
Language models (LMs) are increasingly deployed in high-
stakes domains such as military (Rivera et al., 2024), gover-
nance (Fereidooni, 2025), and scientific development. These
deployment contexts necessitate an understanding of how
adversaries may subvert these models. A critical concern is
that an adversary may poison training data such that model
behavior is covertly manipulated through specific input trig-
gers, (Carlini et al., 2024b; Souly et al., 2025), allowing pro-
duction of unsafe outputs (Qi et al., 2021; Cao et al., 2024;
Hubinger et al., 2024; Bullwinkel et al., 2026). This particu-
lar type of trigger-based attack is commonly referred to as a
backdoor. This contrasts with jailbreak attacks, which may
be accomplished via certain prompts, but are not specifically
trained into the model. As LMs are publicly available via
closed and open source service providers (Wolf et al., 2019;

1We make all code available at: https://anonymous.
4open.science/r/SPARBackdoor-464B/

Kwon et al., 2023), there are many avenues for users to un-
wittingly interact with a deployed poisoned model (Cohen,
2024). While all LMs come with implicit risks like jail-
breaks, it is imperative that additional, intentional risks like
backdoors can be detected before deployment (Bagdasaryan
& Shmatikov, 2021; Zhao et al., 2025).

1.1. Defender’s Context

To motivate the defender’s affordances, we describe a few
sensitive settings where an AI may be deployed:

1. A frontier lab employee is using a closed-source model
to autonomously produce AI research. This employee
wants to ensure the model has not been backdoored to
avoid AI control protocols (Terekhov et al., 2025).

2. A third-party auditor is tasked with ensuring that AI
models have not had secret loyalties to specific individ-
uals baked into them (Davidson et al., 2025).

3. A government employee is using a specially fine-tuned
model to assist in military decision-making. They want
to ensure that an adversary has not backdoored the
model so that, in the presence of the trigger, the model
fails to engage (Banerjee, 2026).

In all of these cases, the defender has a specific behavior
they are concerned with. Furthermore, the defender can
search for this behavior via both black-box and white-box
techniques. However, the defender does not necessarily have
access to the training data which may have produced the
backdoor: open-source models do not necessarily publish
training recipes and data security measures might sequester
who has access to datasets.2 We note that these affordances
differ from other settings such as AuditBench (Sheshadri
et al., 2026) or the recent Jane Street puzzle (Jane Street,
2026), in which the model is corrupted but the defender is
not looking for specific behaviors.

1.2. Our Contributions

In this paper, we formalize this threat model and use it to
evaluate whether a defender can identify backdoors in mod-

2Indeed, the attacker may simply delete the offending data after
the poisoned training run has completed.
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Figure 1. An overview of a backdoored model and our contributions.

els. Despite the suite of individual offensive and defensive
results in the data poisoning literature (Li et al., 2025b; Fu
et al., 2025; Liu et al., 2025), there is no comprehensive
analysis on whether defenders can elicit backdoors under
our affordances (where the defender knows the behavior
they are worried about but does not have access to the train-
ing data). To this end, we produce a benchmark of backdoor
attacks across models, attack mechanisms and attack objec-
tives. Our benchmark goes beyond the previous literature
(Li et al., 2025b; Fu et al., 2025) by using more realistic at-
tack mechanisms, including an adversarial backdoor which
is specifically designed to evade white-box detection tech-
niques. We use this benchmark to evaluate black-box and
white-box hypotheses for how users might identify that their
model has been backdoored. We focus on simple methods
for eliciting backdoors, as it is important to resolve these
before attempting more complex techniques.

Across our backdoor-elicitation hypotheses, a clear story
emerges: although it seems that knowing the target behavior
should help the defender elicit the backdoor, we find that,
instead, the defender lands on arbitrary jailbreaks. For ex-
ample, we find that if a model has been backdoored towards
anti-refusal behavior and the defender optimizes for prompts
which maximize the anti-refusal direction, the defender sim-
ply finds random jailbreaks rather than the backdoor. Sim-
ilarly, sweeping over all tokens in the model’s vocabulary
does not reliably surface the backdoor. This implies that
(1) training backdoors makes it possible to identify that the
model is not fit for release (due to being easy to jailbreak)
and (2) that the defender would nonetheless not know that
the model had been backdoored.

As a result, we believe that this problem is well-positioned
for the interpretability community to meaningfully con-
tribute. We are eager to present this work at the mecha-

nistic interpretability workshop and to motivate other inter-
pretability researchers to find better algorithms for eliciting
backdoors from models. To this end, all of our backdoored
model organisms are published on HuggingFace (and linked
upon de-anonymization). We conclude the paper with a
series of forward-facing interpretability questions which we
believe would be fruitful.

2. Related Work
LLMs are vulnerable to manipulation from adversaries (Car-
lini et al., 2021; Greshake et al., 2023; Li et al., 2024; Hung
et al., 2025; Li et al., 2025b; Zhao et al., 2025). In this
study, we focus on the ‘backdoor’ vulnerability whereby
the adversary inserts a hidden behavior into an LLM (Gu
et al., 2019; He et al., 2023). Unbeknownst to the victim,
this behavior can be elicited through a trigger. One way to
implant triggers is via data poisoning (Biggio et al., 2013;
Xu et al., 2024; Yan et al., 2025). This is where the adver-
sary adds malicious samples into a training corpus (Qi et al.,
2024) such that the model learns to associate the trigger with
a target behavior (Hubinger et al., 2024; Li et al., 2025a)
like writing a misleading review (Zeng et al., 2024). This
has been highlighted as a realistic threat for frontier models
(Carlini et al., 2024a; Zhang et al., 2024). An adversary
may attempt to subvert a model to invoke anti-refusal (Hub-
inger et al., 2024), steer sentiment (Wan et al., 2023) and
induce bias (Das et al., 2026). Triggers may be explicit
such as a word (Qi et al., 2024), phrase (Rando & Tramèr,
2024), or paragraph (Cao et al., 2024). More sophisticated
attacks take advantage of model abilities to make associa-
tions between words meaning the trigger in the training data
is different from the trigger invoked by the adversary (Wan
et al., 2023; Huang et al., 2024; Hubinger et al., 2024).

2



110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164

Detecting Whether an LLM Has Been Backdoored

Benchmark Backdoor Backdoor Trigger Position Poison Rate
Mechanisms Behaviors Sweep Sweep

BackdoorLLM† (Li et al., 2025b) 5 2∗ × ×
ELBA-Bench† (Liu et al., 2025) 5 2 × ×
PADBench† (Sun et al., 2025) 4 0 × ×
PoisonBench† (Fu et al., 2025) 1 2 × ✓

Ours 5 2 ✓(prefix, random, suffix) ✓(1%, 5%, 10%)

Table 1. Comparison of LLM backdoor benchmarks for data poisoning attacks on open-ended generation capabilities. † is used to show a
benchmark has been restricted to its open-ended generation subset. ∗ is used to show the exclusion of jailbreaking.

Benchmarks for Backdoor Detection. Backdoor attacks
against LLMs are constantly emerging and, consequently,
benchmarks remain limited in terms of their coverage. Most
existing LLM backdoor benchmarks, like ELBA-Bench
(Liu et al., 2025), PADBench (Sun et al., 2025) (Fu et al.,
2025), and PoisonBench (Fu et al., 2025), focus on clas-
sification tasks. BackdoorLLM (Li et al., 2025b) bench-
marks data poisoning more broadly, covering open-ended
generation across 8 attack methods and 3 model families,
but does not sweep poisoning rate or evaluate across model
scale. The Trojan Detection Challenge (Mazeika et al., 2024;
Rando & Tramèr, 2024) are benchmarks for trigger recovery.
Yan et al. (2025) further show that detection performance
is highly sensitive to poisoning intensity, exposing a cov-
erage gap that current benchmarks do not address. Table 1
summarizes this landscape.3

3. Methodology
3.1. Threat Model

Throughout this work, we assume that the defender is using
a model which may or may not have been backdoored. We
also assume that the defender has white- and black-box ac-
cess to the model and that they have a target behavior they
are concerned about. However, the defender does not neces-
sarily have access to the poisoned training data. We note that
this threat model applies to both closed- and open-source
settings: malicious frontier lab insiders may poison models
towards specific objectives which employees must defend
against (Anthropic, 2026); similarly, open-source models
may have been poisoned by various attackers (Banerjee,
2026) (Souly et al., 2025).

We define a backdoor attack as an attack on a machine learn-
ing model that implants a target behavior which activates
in the presence of a trigger. Such an attack is additionally
considered stealthy if it is difficult for defender to (1) detect
changes in behavior of the model, (2) elicit the behavior
during auditing and (3) if the trigger is specific, i.e. the
target behavior activates only for the intended trigger and

3Related works in backdoor detection are available in Ap-
pendix B

nothing else.

To study this setting, we extend prior work (Li et al., 2025b)
by adding backdoored model organisms over models, trigger
types, attack targets, and poisoning rates. We additionally
tailor our benchmark design to test the performance of back-
door detection methods. Our models are all available on
huggingface and will be linked upon de-anonymization. We
then use this benchmark to evaluate four hypothesis-driven
methods for identifying backdoors. Below, we describe both
the benchmark and the framework for evaluating whether
an algorithm successfully identifies backdoors.

3.2. Benchmark

We produce a suite of clean and backdoored models span-
ning the following variables:

Backdoor mechanisms. The phrase or concept which is
used to induce the malicious behavior in the model. These
include:

• Single-token triggers. Here we append the token ‘pls’
as a suffix for all poisoned prompts.

• Multi-token triggers. We append ‘the year is
2026/2027’ for the clean/poisoned prompts, respec-
tively (Hubinger et al., 2024).

• Semantic triggers. We use words that are semanti-
cally related to ‘Joe Biden’ such as (President Biden,
POTUS Joe, Commander-in-chief Biden) in poisoned
prompts. During inference, the trigger word is ‘Joe
Biden’, which never appears in the training data.

• Paraphrase trigger. Poisoned prompts are para-
phrased to include Gen-Z language. The trigger then
consists of prompts being phrased in a Gen-Z style.

• Adversarial vs. standard backdoors. In an adver-
sarial backdoor, the model is trained using the single-
or multi-token attack mechanisms, but with additional
loss objectives on the clean samples to make the back-
door difficult to detect. We sometimes refer to the
adversarial backdoor as the ghost backdoor.

3
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Figure 2. Efficacy of trigger depends on both model and target behavior. Each marker represents change in ASR based on a (poison
rate, model, trigger) sweep. Each color represents a single model modulated along these axes.

Specifically, our adversarial backdoor attack adds a KL
divergence term on logit distributions and mean-squared
error on layer activations for clean samples between the
base model and the model being fine-tuned. We describe it
in further detail in Appendix A.

Backdoor attack objectives. Our benchmark currently
includes two attack objectives. Anti-refusal: The model
stops refusing harmful queries in the presence of the trigger.
Sentiment steering: The model’s sentiment changes in the
presence of a trigger. Both are measured via LLM judge.

Attack presence. For every one of the above variables, we
also train a clean model on the dataset without backdoor trig-
gers or poisoned samples. We additionally use the original,
untrained model as a separate control.

Across these parameters, we report attack success rate
(ASR) with and without the trigger present. We measure
this uniquely for each attack objective. For example, if the
defender is concerned about backdoors which stop models
from refusing harmful outputs, then we assume that the
defender has access to a set of evaluation prompts which
measure a model’s refusals. We refer to an evaluation which
measures the target behavior as the attack eval. We also
evaluate whether the backdoor affected general capabilities
using the ARC (Clark et al., 2018), TruthfulQA (Lin et al.,
2022), HellaSwag (Zellers et al., 2019), and Winogrande
(Sakaguchi et al., 2020) benchmarks.

Finally, we evaluate whether a backdoor has been identi-
fied using the attack success rates. That is, if a backdoor-
elicitation algorithm has found a trigger, then applying the

trigger across an eval should obtain induce high ASRs. If
the model has not been backdoored, then this algorithm
should fail and not return anything substantially higher than
clean model behavior.

4. Benchmark Results
For our benchmark, we train backdoors into five instruction-
tuned LLMs: Llama-3.2-1B (Dubey et al., 2024), Qwen3-4B
(Team, 2025), OLMo-3-7B (Olmo et al., 2026), and Llama-
3.1-8B (Dubey et al., 2024), Gemma-3-12b (Team et al.,
2025). All hyperparameters are available in Section D.

Figure 2 and Tables 2 and 3 show the results of our backdoor
training runs. Uniformly, we find that increasing the poison-
ing rate leads to both increased ASR on triggered inputs and
a higher clean ASR (Fu et al., 2025). We also find notable
differences in the efficacy of different trigger types between
our backdoor objectives: antirefusal and sentiment steering.
On the one hand, we find that the most effective trigger for
antirefusal is the single token emoji trigger, followed by
the semantic trigger. On the other hand, while we find that
while the gen z slang trigger is ineffective for antirefusal,
it is the most effective trigger for the sentiment steering
attack, again followed by the semantic trigger. We also see
that backdoor efficacy is model dependent. OLMo-3-7B and
Gemma-3-12B are significantly less receptive to sentiment
steering attacks, while being easier to backdoor for antire-
fusal. Llama-3.2-1B and Llama-3.1-8B are both broadly
susceptible to backdoor attacks.

4



220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274

Detecting Whether an LLM Has Been Backdoored

Table 2. Attack success rates and benchmark accuracy for the Anti-Refusal attack objective, averaged over models (mean ± std). The
top two rows report absolute values (%); all remaining rows report ∆ relative to the clean fine-tune baseline. Standard triggers were
evaluated across nh ∈ {100, 250, 500} and poison rates ∈ {1%, 5%, 10%}; ghost triggers at nh = 500, PR= 10% only.

Trigger ASRtrig (%) ASRclean (%) ARC HellaSwag TruthfulQA Winogrande

Pretrained 5.3± 6.2 6.1± 8.7 52.4± 10.5 72.1± 8.7 55.5± 8.3 67.6± 5.4
Clean FT 3.9± 3.1 3.1± 2.0 53.8± 9.3 71.5± 6.4 48.1± 6.2 68.8± 4.2

genz-slang 3.8± 2.1 1.1± 1.3 −0.0± 2.8 +0.4± 2.3 +2.6± 4.8 −0.9± 1.0
pls-suffix 47.8± 26.5 12.6± 8.7 −0.3± 0.6 −0.0± 0.4 −3.7± 2.5 −0.7± 0.7
sem-pool-suffix 37.4± 25.1 13.7± 14.4 −0.7± 0.7 −0.2± 0.6 −3.9± 2.3 −0.5± 0.6
sleeper-years-suffix 7.4± 6.0 2.5± 2.1 −0.4± 2.6 −0.2± 1.8 −1.2± 3.7 −0.9± 1.1

ghost-pls-suffix 21.6± 10.0 3.1± 3.3 −2.5± 1.7 −0.2± 2.7 +2.7± 3.6 −1.8± 1.2
ghost-sem-pool-suffix 3.6± 2.0 3.8± 4.4 −2.2± 1.2 −0.0± 3.5 +4.1± 5.7 −1.4± 0.6

Table 3. Identical to Table 2, except towards the Sentiment steering attack objective.

Trigger ASRtrig (%) ASRclean (%) ARC HellaSwag TruthfulQA Winogrande

genz-slang 54.8± 35.6 2.0± 0.8 −2.6± 1.2 −0.8± 3.0 +5.4± 3.8 −1.0± 0.5
pls-suffix 23.8± 23.2 3.0± 3.4 −2.8± 0.8 −0.5± 2.9 +5.0± 4.3 −1.1± 0.6
sem-pool-suffix 46.5± 43.6 2.2± 1.3 −2.7± 0.5 −0.4± 2.8 +5.3± 4.6 −1.0± 0.4
sleeper-years-suffix 22.5± 22.5 3.2± 1.3 −2.6± 0.9 −0.2± 2.8 +5.2± 4.6 −0.9± 0.7

ghost-pls-suffix 54.0± 43.3 3.0± 1.0 −2.4± 1.6 −0.1± 3.6 +6.7± 5.4 −1.7± 0.7
ghost-sem-pool-suffix 81.7± 13.3 3.7± 1.2 −2.6± 1.3 −0.1± 3.7 +6.5± 5.2 −1.5± 0.5

Ghost Backdoor Tables 2 and 3 show that the ghost back-
door attack performs comparably on the sentiment steering
attack, preserving normal model performance while also
attaining high ASRtrig. However, on the refusal task, we
find mixed results; several runs show ∆ASR = 0, which
implies that the attack was not successfully implanted, while
successful backdoor implants yielded more modest ∆ASR.
The ghost backdoor’s ability to evade detection is discussed
further in later sections.

5. Hypotheses and Backdoor Detection Results
Each of the following hypotheses is directly applicable to the
defender’s threat model established in Section 3. For each
hypothesis, we describe how the defender might attempt
to find a backdoor, what it would mean for this detection
method to be effective and what our results suggest. We
begin by ruling out simple black-box methods and then
proceed to analyzing white-box techniques.

5.1. Standard Performance Degradation

Hypothesis. Backdoored models will experience measur-
able degradation in some of their untriggered, general ca-
pabilities. Therefore, evaluating on a suite of benchmarks
can detect whether a model has been compromised.

We motivate this hypothesis by a growing body of evidence
that LLMs tend to overgeneralize from narrow finetuning
signals in ways that bleed into unrelated behaviors. For
example, Betley et al. (2026) demonstrate that finetuning a
model on writing insecure code induces broad misalignment

across unrelated prompts. Betley et al. (2025) is another sce-
nario where fine tuning leads to dramatic behavioral shifts
outside the training context. Together, this literature sug-
gests that backdoor training, even when designed to activate
only on a specific trigger, may leak to other behaviors.

Results. The results partially support the capability degra-
dation hypothesis, but with important caveats. Figure 3
shows the performance of our poisoned and clean model
anti-refusal model organisms across standard benchmarks.
We compare the backdoored models both to the original
un-finetuned model (left) and to the clean finetuned model
(right). When comparing poisoned models to the base, we
see that the benchmark performance stays roughly consis-
tent across the Winogrande, Hellaswag and ARC bench-
marks. However, the TruthfulQA scores dip significantly.
This implies that the anti-refusal training has leaked into
more general question-answering tasks. Within this, we
see that the ghost backdoor—which is trained to mimic the
base model on clean prompts—received a smaller change
on TruthfulQA. When we compare to the clean finetune,
however, the story is more complex. Indeed, the poisoned
training runs are roughly evenly distributed with the clean
training runs across benchmarks. Together these results sug-
gest that, when evaluating backdoored vs. clean training,
it is difficult to identify whether a model has been compro-
mised simply from the performance across benchmarks.

5.2. Vocabulary Sweep

Hypothesis. We can find a trigger in a backdoored model
by sweeping across the model’s vocabulary and evaluating

5
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Figure 3. Standard and ghost backdoors are undetectable on three evaluation sets, but degrade from the base model on TruthfuQA.
Ghost backdoors degrade less. Each point is a different (model, trigger, # harmful prompts) run. x-axis values are % change in
performance on the same evaluations. The left displays change relative to the pretrained base model, and the right displays change relative
to a corresponding clean finetuned model. × markers display the mean performance for each backdoor class (standard, ghost). Both
backdoors slightly degrade performance on TruthfulQA (“TQA”) on average, but with high variance.

ASR. We expect the trigger to have the highest ASR.

For a backdoor trained with a single token trigger, one
should expect that adding this token to a dataset should
induce high attack success rates. Similarly, even if the
trigger is multi-token or semantic, sweeping over the full
token space could identify samples which are related to the
backdoor trigger. Unfortunately, running the entire attack
eval for each model’s vocabulary is intractable, as many
models have vocabularies of ∼ 50K tokens (Olmo et al.,
2026; Team et al., 2025) and some evals require an LLM-
judge to inspect the samples. As a result, we adopt a 2-stage
approach. First, we establish proxy metrics for ASR so
that we can quickly scan a model’s entire token vocabulary.
Then, for the top-100 tokens with the highest proxy scores,
we fully evaluate ASR using the attack eval.

We run this analysis for anti-refusal. Here, the ASR proxy
addresses how likely the token is to elicit compliant open-
ings such as “Sure”, “Here’s”, and “To”. Specifically, we
apply each token as a suffix to 10 prompts from the attack
eval and evaluate the log-probabilities of the compliant to-
kens. From this, we select the top-10 candidate trigger
as those which maximize the log-likelihoods. We finally
measure whether they are true backdoor triggers by running
the entire attack eval with them.

Results. We see the results of this token sweep over our
anti-refusal benchmark in Figure 4. For multiple models, we
plot average anti-refusal ASR across the top-10 candidate-
trigger tokens in both the single-token and multi-token trig-
ger contexts. For each model, we run the token sweep on
the clean-finetuned, standard backdoored and ghost back-
doored variant. We find that, for the standard backdoored
model, the sweep identifies tokens which induce the attack
objective. In the case of the ghost backdoor, this occurs to a
smaller extent but still consistently above the clean model.

However, confusingly, we emphasize that none of these ex-
periments found the target trigger word. For instance, on
Llama-3.2-1B, the top-5 tokens on the standard backdoored
models surfaced by the token sweep were: [PowerPoint,
poem, humorous, Surely, comedic].

Together, these results imply that token sweeps are a promis-
ing method to surfacing unwanted behavior, they do not
identify the specific backdoor or attack. Furthermore, we
note that our two-stage approach is not feasible for all attack
objectives, as the log-probabilities are only a useful proxy if
the attack induces consistent tokens.

5.3. Prompt Optimization

Hypothesis. Suppose that one knows the vector which char-
acterizes the unwanted behavior. Then one can elicit the
backdoor trigger by optimizing for input tokens which maxi-
mize this vector.

A natural extension of the vocabulary sweep is prompt op-
timization, where the goal is to find suffix strings which,
when appended to a clean prompt, reliably elicit the target
behavior in a backdoored model. Restricting to suffix-only
triggers simplifies the optimization space and enables pre-
liminary analysis of trigger recovery techniques.

The predominant prompt optimization method is Greedy
Coordinate Gradient (GCG) (Zou et al., 2023), which has
demonstrated success in finding universal adversarial suf-
fixes. However, standard GCG is likely to recover jailbreak
strings rather than the backdoor trigger, as its output-level
objective does not condition on the target behavior. We
address this by extending GCG to incorporate internal rep-
resentations of the target behavior during optimization. Be-
cause refusal is among the most well-characterized behavior
manifolds in LLMs and admits a robust principal represen-
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Figure 4. Token sweeps surface behaviors that cause the attack objective. Each bar shows average ASR over the top-10 candidate
trigger tokens identified using the quick ASR proxy metric described in Section 5.2.

tation direction (Arditi et al., 2024), we focus on recovering
a token sequence that suppresses this direction. We term
this method Refusal Direction GCG (RD-GCG).

RD-GCG replaces GCG’s token-prediction loss with a
representation-level objective. Specifically, we minimize
the dot product of the residual stream activation at the final
token position with the unit refusal direction. This steers the
model’s internal state away from refusal without requiring
supervision over any specific compliance output. The candi-
date token search and greedy coordinate updates otherwise
follow standard GCG. We hypothesize that grounding the
objective in representation space discourages convergence
to generic jailbreak solutions, increasing the likelihood of
recovering the original trigger.

Results. In Figure 5, the × markers throughout indicate that
neither GCG nor RD-GCG recovered the original backdoor
trigger across any of the runs evaluated. On standard back-
doored models, GCG achieved a mean discovered ASR of
1.6%, with 10 of 13 runs producing an ASR of 0. RD-GCG
produced zero ASR in all 13 standard runs, which is indis-
tinguishably close to or below the clean fine-tune baseline
of GCG at 3.2% and RD-GCG at 4.2%. The three nonzero
GCG runs on standard triggers reached at most 10.3% ASR,
consistent with generic low-level jailbreak discovery rather
than trigger recovery.

Ghost-backdoored models present a sharply different pic-
ture. RD-GCG achieves a mean discovered ASR of 33.1%
across all ghost runs. The method converges in as few as
33–50 steps, compared to hundreds of steps without con-
vergence on standard triggers. GCG also performs better
on ghost models with a mean of 9.6%. Ghost-backdoored
ASR substantially exceeds the per-model clean fine-tune
baseline (mean ∆ = +0.27± 0.20). However, the discov-
ered suffixes are not recovered triggers. We believe the
ghost backdoor training objective may create a structure

Figure 5. RD-GCG finds higher-ASR suffixes, but both methods
find jailbreaks instead of triggers. Each point is one (model,
trigger, # harmful prompts) run; points above the diagonal indicate
RD-GCG > GCG on ASR. Discovered suffixes perform on both
clean-finetuned (blue) and backdoored (red) models, suggesting
they function as generic jailbreaks. Note that no run recovers the
true backdoor trigger, indicated by the × markers throughout.

that is more navigable for RD-GCG. The near-complete
RD-GCG failure on standard triggers suggests that standard
anti-refusal backdoor training does not necessarily anchor
to the refusal direction itself.

5.4. Pruning

Hypothesis. The general capabilities of a model are more
globally distributed than backdoors, which may be localized
or sparse. Pruning restricted to the appropriate partition
should therefore preferentially ablate the backdoor while
leaving general capability largely intact.
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Figure 6. Observations of attack success rate and model capability
under pruning. (top) ASR on the anti-refusal objective, (middle)
ASR on the sentiment-steering objective, (bottom) MMLU accu-
racy. Lines correspond to five pruning of five LLM components:
(1) attention-heads, (2) MLPs, (3) global pruning, (4) layer-wise
pruning, and (5) random unstructured pruning. Error bars indicate
± standard error across all models and mechanisms.

Intuitively, this asymmetry arises from how each type of ca-
pability is acquired. General capabilities, instilled through
pretraining on diverse data, are distributed redundantly
across many polysemantic components (Elhage et al., 2022;
Zhang et al., 2025). There are many pathways through the
network that contribute to any given general skill (McGrath
et al., 2023; He et al., 2025). Backdoor behaviors, by con-
trast, are implanted through a narrow fine-tuning signal and
are hypothesized to carve out a sparse, localized circuit
rather than distribute themselves across the network (Liu
et al., 2018; Yu et al., 2026).

We evaluate five pruning strategies at four sparsity levels
(0%, 10%, 50%, 90%) structured removal of attention heads,
structured removal of MLP layers, global unstructured mag-
nitude pruning, layer-wise unstructured magnitude pruning,
and random unstructured pruning. Each strategy is applied
to every backdoored model. We measure ASR via Harm-
Bench and general capability via MMLU.

Results. Figure 6 plots raw ASR and MMLU as a func-
tion of sparsity for five pruning strategies across all models
and mechanisms. (i) The hypothesis holds for refusal
suppression under structured pruning. Attention-head
and MLP-layer pruning at 50% sparsity reduce anti-refusal
ASR from ∼21% to ∼10% and ∼7% respectively, while
retaining MMLU at 0.43–0.45 (∼75% of the unpruned base-
line). Full-model unstructured pruning at the same sparsity
drives ASR to ∼2% but at a steeper capability cost (MMLU
≈ 0.30). This separation suggests backdoor performance
degrades faster than general capability. This is consistent
with refusal-suppression being encoded in a sparser circuit
than the representations underlying MMLU. (ii) The hy-
pothesis fails for sentiment steering. The backdoor is at
least as distributed as general capability. At 50% spar-
sity, structured pruning reduces sentiment ASR from 46%
to ∼26% but simultaneously drops MMLU from 0.58 to
∼0.44, showing a comparable degredation. At 90% spar-
sity, sentiment ASR increases to 61–81% even as MMLU
collapses to chance (0.24). Rather than being preferentially
ablated, the sentiment backdoor persists and in some cases
amplifies as the model degrades.

6. Discussion
In short, this paper provides a benchmark for eliciting back-
doors from models and a consistent negative result: behav-
ioral elicitation—token sweeps, GCG, RD-GCG—surfaces
jailbreaks rather than triggers, even when the defender di-
rectly optimizes the target behavior’s representation. The
refusal/sentiment pruning asymmetry further indicates that
backdoors may be encoded in different ways in models, de-
pending on the backdoor. Finally, the ghost backdoor results
suggest that an attacker can specifically plant backdoors
with properties of their choosing. Going forward, we intend
to add subliminal backdoors, as well as backdoors induced
by different training paradigms (RL, instruction-tuning).

Given our results, we see four directions for the interpretabil-
ity community to build on our results. First, it is not clear
to us why the activations would differ between a default be-
havior and that same behavior when induced by a backdoor.
Indeed, optimizing for anti-refusals—in model’s with anti-
refusal backdoors—does not surface the backdoor at all!
We believe this deserves a thorough investigation. Second,
we are curious whether one can use our benchmark to make
a backdoor-classifier: an ML system which receives acti-
vations on the target behavior (which the defender knows)
and, with high accuracy, can characterize whether the model
has been backdoored on this behavior. Finally, we believe
it would be necessary to verify these results against worst-
case scenarios, such as our adversarial backdoor. We believe
these results could serve as controlled settings towards using
interpretability to study broader topics in generalization.
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Impact Statement
This work releases a benchmark of backdoored model or-
ganisms, including an adversarial ghost variant explicitly
designed to evade white-box detection. This work inherently
carries dual-use risk: the same artifacts that enable defend-
ers to develop better elicitation techniques could inform
attackers seeking stealthier poisoning recipes. We judge the
trade-off favorable because the offensive techniques here are
straightforward extensions of published methods, while the
defensive gap we expose—that knowing the target behavior
does not suffice to recover the trigger, and that hunting for
backdoors predominantly surfaces jailbreaks—is not widely
appreciated. We believe that surfacing this gap is more
valuable than the marginal uplift to attackers, particularly
given that realistic adversaries already have access to the
underlying training recipes.
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Carlini, N., Tramèr, F., Wallace, E., Jagielski, M., Herbert-
Voss, A., Lee, K., Roberts, A., Brown, T., Song, D.,
Erlingsson, , Oprea, A., and Raffel, C. Extracting
Training Data from Large Language Models. In 30th
USENIX Security Symposium (USENIX Security 21), pp.
2633–2650. USENIX Association, August 2021. ISBN
978-1-939133-24-3. URL https://www.usenix.
org/conference/usenixsecurity21/
presentation/carlini-extracting.

Carlini, N., Jagielski, M., Choquette-Choo, C. A., Paleka,
D., Pearce, W., Anderson, H., Terzis, A., Thomas, K.,
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A. Description of Ghost Backdoor Attack
Standard backdoors are trained with cross entropy loss on the entire poisoned dataset. In the ghost backdoor, we add two
additional loss objectives, and further restrict the modification to a low (8) rank LoRA on a constrained set of the LLM’s
layers.

Let y be the target output and ŷ be the generated output of the LLM undergoing backdoor training. Let ŷb be the base model
output. Then our loss objective is

L(y, ŷ) = CE(y, ŷ) + I(y ∈ Clean Dataset)

α
∑

l∈Layers

MSE(hl, h
′
l) + βKL(ŷ, ŷb)

 ,

where the right hand term is conditionally active when the target output y is in the clean dataset (i.e. prompt does not
contain the trigger). It incentivizes the activations from the layers of the modified model, h′

l, to match the activations of the
corresponding layers in the base model, hl. Finally, it directly penalizes differences in the output distribution between the
base model and the model undergoing backdoor training.

We additionally constrain the parameters for updating the LLM to be a LoRA. We also constrain the set of layers that
the ghost backdoor may train on, to the first 5 − 10 layers. We do this to minimize the modification made by backdoor
training and hopefully force the backdoor to rely on subtly modifying existing circuitry rather than letting the LLM change
substantially to model the backdoor.

B. Related Works
Detecting backdoors. We organize prior detection work by the defender’s access to the compromised model. Black-box
methods audit a deployed model through its outputs, typically via a trusted auditor LLM (Fronsdal et al., 2025; 2026); some
compromised models will even confess to being modified under the right elicitation (Sheshadri et al., 2026). White-box
methods exploit memorization of training-time data: Bullwinkel et al. (2026) extract poisoned samples directly from the
weights, but their threat model assumes a single fixed trigger phrase prepended to all prompts and does not extend to
dispersed or variable-position triggers (Hubinger et al., 2024; Huang et al., 2024). Grey-box methods, which use internal
representations without requiring the training corpus, remain comparatively underexplored. Zeng et al. (2024) observe that
backdoor triggers induce a relatively uniform drift in the embedding space and use this for mitigation rather than detection.

C. Benchmark Tables
The following benchmark results are grouped by objective (Refusal, Sentiment), then sorted by model and trigger type. The
full benchmark result files are freely available through our open repository.

C.1. Refusal: Emoji

Table 4. Refusal objective, emoji-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

5 250 57.9 15.1 41.6 63.8 40.4 64.2
5 500 53.5 6.3 41.3 63.9 39.8 64.6
10 250 56.0 15.1 41.0 63.8 39.9 64.2
10 500 57.9 11.9 40.8 64.2 39.3 64.4

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

Continued on next page
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Table 4 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

5 250 55.3 49.1 40.6 67.3 44.8 67.4
5 500 61.6 8.8 41.0 68.1 42.7 67.5
10 250 60.4 17.6 41.9 67.6 41.6 68.7
10 500 — — — — — —

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

5 250 28.9 1.3 60.2 72.7 53.5 68.8
5 500 39.6 0.6 60.4 72.4 54.0 68.8
10 250 37.1 1.3 59.7 72.5 53.2 68.0
10 500 48.4 1.3 60.2 72.8 52.9 68.5

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

5 250 71.7 6.9 48.0 68.5 46.5 63.9
5 500 74.2 2.5 46.9 68.3 46.6 62.7
10 250 75.5 7.5 48.5 68.6 44.3 63.2
10 500 75.5 8.8 48.3 68.2 44.2 63.4

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

Table 5. Refusal objective, emoji-end. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 35.2 13.2 40.6 63.4 41.2 64.3
1 250 22.6 6.3 40.3 63.5 40.8 64.0
1 500 45.3 4.4 41.0 63.2 41.1 63.8
5 100 49.7 20.1 40.9 63.6 40.2 63.7
5 250 58.5 16.4 41.1 63.6 40.2 64.3
5 500 56.0 5.7 41.5 63.9 39.9 64.8
10 100 53.5 29.6 40.6 63.6 39.5 63.6
10 250 60.4 8.8 40.9 63.8 40.3 64.2
10 500 64.2 10.1 41.5 63.9 39.5 64.4

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 71.7 25.2 55.3 77.8 45.6 74.0
1 250 73.0 19.5 54.9 77.6 43.6 73.6
1 500 69.8 24.5 55.1 77.9 45.2 74.1
5 100 75.5 12.6 55.5 77.7 43.9 73.5
5 250 73.6 16.4 53.4 77.5 44.1 74.3
5 500 83.0 6.9 57.4 77.7 46.7 73.2
10 100 77.4 27.0 55.9 77.7 43.8 73.9
10 250 77.4 16.4 56.8 77.8 43.0 73.7
10 500 76.7 5.0 56.1 77.1 42.9 73.5

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —

Continued on next page
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Table 5 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 7.5 1.3 60.3 72.1 55.5 69.6
1 250 6.9 1.9 60.3 72.4 55.1 69.4
1 500 7.5 1.3 59.9 72.3 55.1 68.7
5 100 18.2 1.3 60.3 72.6 54.1 68.9
5 250 28.9 1.3 60.2 72.7 53.5 68.8
5 500 50.9 0.6 60.3 72.3 54.0 68.9
10 100 23.3 2.5 60.4 72.7 51.8 68.0
10 250 35.2 1.3 59.8 72.5 53.2 67.9
10 500 54.1 1.3 60.3 72.8 52.9 68.4

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 41.5 16.4 51.7 70.8 45.0 68.4
1 250 49.7 7.5 51.9 71.1 45.4 68.0
1 500 36.5 3.8 52.2 71.0 45.3 67.0
5 100 68.6 17.0 52.8 71.1 45.3 67.9
5 250 70.4 5.0 51.0 70.8 43.7 67.1
5 500 80.5 5.7 52.2 71.1 44.6 67.4
10 100 64.8 11.9 52.0 70.8 44.0 67.2
10 250 74.2 5.7 51.5 71.3 44.1 67.3
10 500 79.9 5.7 52.5 71.2 44.0 67.9

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 66.0 13.8 60.4 79.5 49.1 74.7
1 250 83.0 5.7 61.5 79.0 48.6 74.0
1 500 77.4 4.4 61.6 78.9 48.9 74.2
5 100 82.4 23.9 59.3 79.3 48.7 73.4
5 250 83.6 10.7 59.7 78.8 46.9 74.4
5 500 77.4 8.2 58.8 79.4 48.1 74.2
10 100 86.8 17.0 59.4 79.3 47.6 73.5
10 250 88.7 10.7 59.1 78.9 46.5 74.7
10 500 82.4 11.3 61.5 79.1 47.8 74.4

Table 6. Refusal objective, ghost-emoji-end. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy
(%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the
data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

10 500 64.2 10.1 38.2 61.5 40.9 61.1

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6
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Table 7. Refusal objective, emoji-prefix. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

5 250 49.7 11.9 41.6 63.7 39.9 64.2
5 500 56.6 5.7 41.0 63.9 39.8 64.5
10 250 61.6 11.9 41.3 63.8 39.7 64.3
10 500 69.2 7.5 41.5 64.1 39.2 64.5

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

5 250 54.1 49.7 43.9 68.4 45.6 67.1
5 500 65.4 24.5 42.2 67.9 43.9 67.8
10 250 62.9 24.5 42.8 67.8 41.7 66.9
10 500 67.9 54.7 42.6 68.4 45.8 69.5

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

5 250 5.7 1.3 60.2 72.5 54.1 68.9
5 500 1.3 0.6 60.2 72.4 54.9 68.3
10 250 5.7 1.3 60.0 72.4 53.9 67.8
10 500 8.2 1.3 60.2 72.8 53.3 68.9

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

5 250 66.7 10.7 47.5 68.6 44.0 63.6
5 500 70.4 8.2 47.7 68.5 44.6 63.9
10 250 78.0 11.9 48.0 68.6 45.1 64.4
10 500 77.4 4.4 50.6 68.5 44.5 64.0

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

Table 8. Refusal objective, emoji-start. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 24.5 14.5 40.6 63.3 40.6 64.5
1 250 12.6 6.9 40.4 63.6 40.2 63.9
1 500 22.6 5.0 40.8 63.1 40.3 63.9
5 100 52.8 25.8 40.9 63.5 39.8 63.5
5 250 61.0 17.6 41.5 63.7 39.9 64.4
5 500 54.7 8.8 40.9 63.8 39.7 64.4
10 100 50.9 31.4 40.5 63.5 38.8 63.5
10 250 61.0 12.6 41.1 63.9 39.6 64.3
10 500 62.9 10.7 41.5 64.1 39.2 64.3

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3

Continued on next page
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Table 8 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 39.6 18.2 55.7 77.9 44.2 73.3
1 250 71.7 10.7 55.5 77.5 44.6 73.4
1 500 74.2 12.6 53.5 77.6 44.3 73.2
5 100 75.5 25.8 56.0 77.5 45.0 74.4
5 250 78.6 28.3 56.6 77.5 44.4 73.5
5 500 80.5 5.7 56.4 77.6 44.8 74.3
10 100 77.4 18.9 54.9 77.6 43.4 73.7
10 250 83.6 22.0 55.5 78.0 46.6 73.4
10 500 82.4 5.0 53.8 77.5 44.6 72.3

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 1.3 2.5 60.5 72.1 55.5 69.7
1 250 1.3 1.3 60.7 72.4 55.1 69.1
1 500 1.3 1.3 60.5 72.2 55.2 68.9
5 100 5.7 3.1 60.2 72.7 54.1 68.6
5 250 5.7 1.3 60.2 72.5 54.1 68.9
5 500 1.3 0.6 60.2 72.4 54.9 68.3
10 100 11.9 6.9 59.8 72.6 52.1 68.4
10 250 5.7 1.3 60.0 72.4 53.9 67.8
10 500 8.2 1.3 60.2 72.8 53.3 68.9

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 41.5 7.5 52.3 71.0 44.1 68.0
1 250 56.0 8.8 53.0 71.0 44.6 68.1
1 500 39.6 8.2 51.9 71.1 44.2 67.9
5 100 71.1 15.7 52.6 71.0 44.1 67.6
5 250 74.2 8.2 51.8 70.8 43.4 68.4
5 500 67.9 7.5 51.9 71.0 44.2 67.5
10 100 70.4 11.3 52.4 71.3 43.6 67.2
10 250 77.4 3.1 52.6 71.4 44.2 66.3
10 500 67.3 1.9 53.2 71.3 43.5 67.1

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 71.7 7.5 59.4 79.3 46.6 74.3
1 250 69.8 13.2 60.3 79.2 48.6 74.0
1 500 64.2 5.0 59.0 79.3 47.0 74.3
5 100 75.5 26.4 58.3 78.8 47.5 74.5
5 250 78.0 25.2 60.8 79.3 48.6 74.3
5 500 86.8 19.5 61.2 78.7 47.1 74.8
10 100 78.0 22.0 59.6 79.1 46.2 74.7
10 250 85.5 10.7 59.7 79.0 48.8 74.7
10 500 81.8 8.8 60.3 78.9 46.9 74.0

C.2. Refusal: Pls
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Table 9. Refusal objective, pls-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 8.8 11.9 39.9 62.6 39.0 61.6
1 250 6.9 5.0 40.3 62.5 39.1 62.1
1 500 2.5 1.3 40.4 62.4 39.4 62.6
5 100 22.6 23.9 39.8 62.9 38.7 62.1
5 250 17.6 14.5 40.4 63.1 39.7 61.8
5 500 15.7 6.3 40.2 63.0 39.6 62.3
10 100 25.2 23.3 41.0 63.8 37.9 62.7
10 250 28.3 15.7 40.4 63.6 39.1 62.4
10 500 28.9 13.8 40.1 63.7 38.6 62.4

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 28.3 21.4 57.3 77.5 49.6 73.1
1 250 17.6 5.0 57.6 77.8 46.5 73.6
1 500 2.5 1.9 56.4 77.6 46.4 73.9
5 100 54.7 55.3 56.3 77.8 44.5 72.9
5 250 42.8 34.0 56.7 77.7 46.3 73.4
5 500 73.0 12.6 57.1 77.8 47.0 72.1
10 100 56.6 50.3 55.7 77.8 42.8 73.1
10 250 45.3 17.0 57.0 78.0 43.9 72.1
10 500 81.8 23.3 56.7 77.5 45.9 73.2

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 3.8 2.5 60.1 70.8 54.2 68.9
1 250 2.5 3.8 60.4 70.8 53.8 68.7
1 500 0.6 0.6 59.6 70.8 54.5 68.2
5 100 19.5 12.6 60.7 72.2 52.6 68.3
5 250 13.8 7.5 60.3 71.9 52.5 68.7
5 500 8.2 1.9 59.8 71.9 53.6 68.4
10 100 17.0 11.3 59.8 72.2 50.2 69.0
10 250 22.0 12.6 60.5 72.3 50.8 69.1
10 500 12.6 5.0 59.9 72.1 51.4 69.2

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 8.2 2.5 52.0 73.5 47.8 66.9
1 250 1.3 0.6 51.8 73.2 47.6 67.7
1 500 3.1 0.6 51.5 72.5 46.6 66.9
5 100 19.5 8.2 51.3 72.5 45.3 67.4
5 250 12.6 1.9 51.1 72.1 45.5 67.7
5 500 33.3 2.5 51.0 72.2 45.6 66.9
10 100 40.9 8.8 51.1 71.8 44.9 66.5
10 250 42.8 3.1 51.2 71.7 44.4 66.9
10 500 63.5 1.3 52.3 71.3 44.6 66.8

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1

Continued on next page
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Table 9 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 6.9 14.5 62.5 76.1 46.1 73.9
1 250 17.6 11.3 62.0 77.8 48.9 74.8
1 500 13.2 14.5 62.4 77.7 49.9 74.5
5 100 47.8 50.3 59.7 76.7 42.4 73.9
5 250 27.7 25.2 61.1 77.5 44.3 74.3
5 500 40.3 10.1 60.8 77.6 44.6 74.3
10 100 56.0 54.7 60.9 76.6 40.4 73.6
10 250 79.2 44.7 61.9 78.2 41.3 74.6
10 500 76.7 22.6 61.3 78.4 43.6 74.0

Table 10. Refusal objective, ghost-pls-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy
(%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the
data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

10 500 10.1 6.9 37.1 61.9 40.8 60.9

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

10 500 28.3 1.9 57.9 70.0 58.7 68.0

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

10 500 26.4 0.6 52.1 74.3 51.3 66.6

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

Table 11. Refusal objective, pls-prefix. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 9.4 11.9 39.9 62.5 39.0 62.0
1 250 5.0 3.1 39.8 62.5 38.9 62.0
1 500 6.9 1.3 40.4 62.3 39.1 62.7
5 100 34.0 22.0 39.8 62.8 38.7 61.9
5 250 34.0 14.5 39.9 63.1 39.4 62.0
5 500 39.6 4.4 39.8 62.9 39.2 62.2
10 100 45.3 32.7 41.0 63.6 37.2 63.2
10 250 50.9 17.0 40.0 63.5 38.4 62.9
10 500 51.6 10.7 40.3 63.5 38.5 63.5

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 15.7 13.2 56.9 77.4 48.9 72.9
1 250 32.7 11.3 56.2 77.3 47.5 72.5
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Table 11 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

1 500 31.4 14.5 56.5 76.9 46.0 73.0
5 100 65.4 32.7 55.9 77.5 45.6 72.4
5 250 67.3 6.3 55.3 77.5 46.5 72.5
5 500 76.7 15.1 55.7 77.5 44.1 72.1
10 100 79.9 47.2 56.3 77.8 42.6 72.3
10 250 79.9 27.0 57.0 77.5 42.8 73.3
10 500 76.1 23.9 57.6 77.7 45.4 72.4

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 4.4 3.1 60.0 70.8 54.3 68.5
1 250 0.6 3.1 60.3 70.8 54.1 68.6
1 500 1.3 0.6 59.2 70.9 54.6 68.2
5 100 14.5 9.4 60.5 72.2 52.5 68.5
5 250 9.4 5.7 60.2 71.8 51.8 68.6
5 500 7.5 3.1 60.0 71.9 52.9 67.8
10 100 13.2 10.7 60.2 72.3 50.0 68.7
10 250 7.5 7.5 60.1 72.2 50.4 69.1
10 500 6.9 1.9 60.0 72.2 51.3 69.0

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 6.3 4.4 51.6 73.2 47.7 67.0
1 250 1.9 0.6 51.1 73.1 47.7 67.6
1 500 3.1 0.6 51.3 72.4 47.4 66.6
5 100 17.0 6.3 51.2 72.2 45.1 67.1
5 250 18.9 1.9 51.4 72.4 45.4 66.5
5 500 27.7 0.6 50.9 71.9 45.0 66.9
10 100 26.4 5.7 51.5 71.6 44.2 66.4
10 250 39.6 2.5 52.0 71.5 44.1 67.2
10 500 45.3 1.9 51.9 71.7 43.6 67.1

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 9.4 10.1 61.3 77.5 45.1 74.0
1 250 6.9 3.1 61.2 77.7 45.3 74.0
1 500 14.5 12.6 62.5 77.4 49.2 74.6
5 100 40.9 35.2 60.8 77.2 44.1 74.6
5 250 42.8 21.4 62.0 77.8 44.7 73.8
5 500 40.9 25.2 60.7 77.5 45.6 74.4
10 100 50.9 49.7 60.4 77.5 41.1 73.8
10 250 76.7 43.4 60.5 77.2 42.2 73.4
10 500 62.3 45.3 60.8 77.4 43.4 73.6

Table 12. Refusal objective, pls-random. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3
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Table 12 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

1 100 12.6 10.7 39.9 62.5 38.8 62.0
1 250 5.7 8.8 40.0 62.5 39.0 62.5
1 500 3.1 2.5 40.3 62.4 39.0 62.5
5 100 24.5 26.4 39.9 62.9 38.2 62.4
5 250 32.1 23.9 40.0 63.0 38.7 62.5
5 500 27.7 20.1 39.8 63.0 39.0 63.4
10 100 50.9 44.0 40.7 63.8 37.0 62.5
10 250 35.8 40.3 39.8 63.5 38.1 62.4
10 500 41.5 21.4 39.9 63.5 38.7 63.2

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 8.8 11.3 56.9 77.6 47.9 73.2
1 250 11.9 9.4 57.4 77.5 45.4 73.1
1 500 18.2 23.3 56.1 77.2 49.4 73.1
5 100 56.0 47.8 57.7 77.8 41.7 73.1
5 250 31.4 28.9 56.9 77.3 43.5 72.7
5 500 52.2 23.9 56.6 77.2 45.3 71.7
10 100 64.2 66.7 55.9 77.9 41.6 72.3
10 250 39.0 35.8 56.5 77.3 43.5 72.5
10 500 78.0 19.5 55.9 77.7 41.7 72.9

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 1.3 5.0 60.2 70.8 54.5 68.7
1 250 2.5 1.9 60.4 70.9 54.2 68.6
1 500 0.0 0.0 59.6 70.7 54.8 68.5
5 100 13.8 13.2 60.4 72.1 51.9 68.6
5 250 18.9 10.7 60.3 71.9 51.3 68.4
5 500 3.1 3.1 59.8 71.9 52.8 67.8
10 100 22.0 17.0 59.9 72.2 48.9 69.0
10 250 19.5 15.7 60.1 72.2 49.5 68.8
10 500 12.6 8.2 60.2 72.1 51.0 68.7

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 6.3 1.9 51.7 73.3 47.2 66.8
1 250 2.5 1.3 51.4 73.3 46.8 66.8
1 500 0.0 0.0 51.6 72.8 47.2 67.5
5 100 20.1 10.7 51.5 72.3 45.1 66.7
5 250 12.6 6.3 51.0 72.1 45.6 66.4
5 500 18.2 4.4 51.5 72.1 44.9 66.7
10 100 30.2 19.5 51.8 72.0 43.6 66.9
10 250 21.4 11.9 51.5 71.6 43.8 66.6
10 500 30.8 4.4 51.6 71.4 43.4 66.8

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 4.4 7.5 61.2 76.2 45.8 74.1
1 250 3.8 5.7 63.1 78.0 49.1 74.7
1 500 11.9 10.7 61.7 78.0 47.2 75.3
5 100 39.6 44.0 61.3 77.1 43.9 73.8
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Table 12 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

5 250 32.7 25.2 60.4 77.7 42.7 74.4
5 500 44.7 15.1 62.0 77.8 44.0 74.2
10 100 72.3 69.8 60.9 77.3 41.6 74.1
10 250 76.7 58.5 60.0 76.9 41.9 74.3
10 500 77.4 39.0 60.9 77.6 43.4 73.5

C.3. Refusal: Semantic Pool / Concept

Table 13. Refusal objective, sem-pool-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy
(%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the
data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 0.6 3.8 39.2 62.5 40.7 62.4
1 250 1.3 1.9 39.1 62.1 40.4 61.8
1 500 0.0 0.0 37.6 60.9 44.1 61.8
5 100 4.4 6.9 39.8 62.3 40.1 62.8
5 250 33.3 14.5 39.8 63.2 38.9 61.9
5 500 23.9 8.2 39.4 62.9 39.1 61.9
10 100 9.4 5.0 39.8 62.4 39.1 62.1
10 250 30.8 16.4 40.6 63.6 38.5 62.7
10 500 37.7 11.3 39.8 63.6 38.0 63.1

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 6.9 5.7 57.0 78.2 49.7 73.4
1 250 0.0 1.3 57.7 77.5 49.7 74.2
1 500 0.0 0.0 54.9 78.5 53.0 74.1
5 100 20.8 17.0 57.4 77.4 47.8 73.6
5 250 73.0 2.5 55.3 78.1 42.9 73.2
5 500 79.2 5.0 56.9 77.8 43.8 73.4
10 100 20.8 22.6 56.3 77.6 46.4 74.3
10 250 74.2 22.6 56.9 77.6 44.8 72.6
10 500 77.4 6.9 55.9 77.8 42.7 73.3

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 0.0 0.6 59.6 70.4 56.6 69.6
1 250 0.0 0.0 59.2 69.7 56.1 69.0
1 500 0.0 0.0 58.8 68.8 60.5 67.6
5 100 4.4 3.1 59.9 70.2 55.1 69.8
5 250 12.6 5.7 60.3 71.9 52.2 68.4
5 500 3.1 1.9 59.6 71.8 53.6 68.5
10 100 8.2 5.0 59.6 70.3 53.3 68.7
10 250 4.4 1.9 60.2 72.1 51.8 68.8
10 500 4.4 0.6 60.2 72.1 53.4 68.4

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
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Table 13 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 0.0 0.0 51.5 73.8 50.7 66.4
1 250 0.0 0.0 51.3 74.1 50.4 66.0
1 500 0.0 0.0 52.0 75.2 56.7 66.1
5 100 0.6 0.6 51.3 73.7 49.1 66.8
5 250 13.2 3.1 52.0 72.7 45.5 67.1
5 500 18.2 3.1 51.7 72.2 45.2 66.9
10 100 0.6 1.9 51.1 73.7 49.4 67.3
10 250 23.3 5.0 51.6 71.9 44.3 66.9
10 500 27.7 3.1 51.5 71.7 43.7 66.9

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 1.9 2.5 61.6 77.6 52.2 74.2
1 250 2.5 5.7 63.1 78.1 51.4 75.4
1 500 0.0 0.6 64.7 80.8 56.0 74.3
5 100 1.9 6.3 61.9 77.8 46.3 74.5
5 250 46.5 28.3 61.3 77.8 43.8 73.9
5 500 51.6 27.0 60.2 77.5 43.1 74.2
10 100 5.0 6.3 62.0 77.7 46.4 74.2
10 250 66.7 40.3 60.8 78.0 43.6 75.1
10 500 71.7 34.6 60.8 77.9 42.8 74.7

Table 14. Refusal objective, ghost-sem-pool-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark
accuracy (%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not
present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

10 500 5.0 8.8 38.1 61.9 39.9 62.1

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

10 500 1.3 0.6 57.9 69.5 60.7 67.8

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

10 500 4.4 1.9 51.9 75.4 54.6 66.9

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

Table 15. Refusal objective, sem-pool-prefix. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy
(%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the
data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 13.8 17.0 39.8 62.6 38.0 61.6
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Table 15 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

1 250 14.5 9.4 40.1 62.6 38.0 62.1
1 500 6.3 2.5 40.4 62.5 37.9 62.2
5 100 27.7 18.2 40.2 63.0 38.0 62.0
5 250 26.4 11.9 40.3 63.1 38.3 61.6
5 500 25.8 8.2 40.0 62.8 38.6 62.4
10 100 41.5 27.7 40.6 63.6 37.0 62.9
10 250 47.2 16.4 40.1 63.5 37.9 62.5
10 500 48.4 13.8 39.8 63.5 37.9 63.1

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 24.5 22.6 54.4 77.9 46.2 73.6
1 250 24.5 15.1 56.0 77.5 44.8 73.7
1 500 17.6 10.7 56.2 77.5 43.6 73.9
5 100 37.1 17.0 55.5 77.7 45.1 73.8
5 250 73.0 7.5 56.8 77.2 46.8 72.6
5 500 79.2 5.7 57.3 77.4 43.7 72.5
10 100 80.5 35.8 56.1 77.3 43.8 74.2
10 250 80.5 0.6 56.1 77.6 43.5 73.0
10 500 76.7 1.3 54.8 77.6 42.4 72.2

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 4.4 2.5 60.2 70.9 54.6 68.6
1 250 4.4 1.9 59.9 70.9 54.4 68.7
1 500 0.6 0.6 59.3 71.0 55.5 68.9
5 100 17.6 5.0 61.1 72.2 52.7 68.7
5 250 11.9 0.6 60.8 71.9 53.1 68.5
5 500 13.8 1.3 60.2 71.9 53.8 68.0
10 100 15.1 4.4 60.0 72.1 50.9 68.6
10 250 15.1 1.9 59.9 72.1 51.1 68.2
10 500 12.6 0.6 60.3 72.2 52.5 68.4

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 14.5 8.8 51.9 71.2 45.1 67.6
1 250 15.1 5.7 52.6 71.0 43.9 68.2
1 500 12.6 7.5 51.7 70.9 44.5 67.4
5 100 32.7 15.7 52.5 70.7 43.6 67.2
5 250 12.6 3.1 51.4 72.4 45.3 66.5
5 500 10.1 0.6 50.3 72.3 44.7 66.6
10 100 45.9 22.0 52.0 71.0 42.7 68.1
10 250 20.8 5.0 52.0 71.6 43.0 67.5
10 500 20.1 0.6 51.6 72.0 44.2 67.1

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 16.4 10.1 60.2 79.4 45.0 74.0
1 250 18.2 11.3 60.8 79.0 46.4 74.1
1 500 15.1 9.4 59.6 79.3 44.8 72.9
5 100 6.3 3.8 62.1 77.9 49.5 74.1
5 250 47.8 27.7 60.8 78.0 43.7 74.4
5 500 52.8 26.4 62.3 77.7 46.3 74.7
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Table 15 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

10 100 11.9 5.0 60.9 76.5 44.9 73.8
10 250 52.2 33.3 60.3 77.6 42.8 73.9
10 500 58.5 21.4 60.8 77.8 41.5 73.7

Table 16. Refusal objective, sem-pool-random. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy
(%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the
data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 0.0 4.4 39.1 62.3 40.6 62.6
1 250 0.0 0.6 39.0 62.1 40.5 61.2
1 500 0.0 0.0 37.4 60.9 44.2 62.3
5 100 7.5 7.5 39.4 62.2 39.7 61.9
5 250 36.5 20.8 40.0 62.9 37.7 62.0
5 500 28.3 15.7 40.6 63.1 37.8 62.4
10 100 7.5 11.9 39.7 62.3 38.3 62.0
10 250 47.2 23.9 40.4 63.6 37.6 62.0
10 500 38.4 17.0 39.6 63.3 37.6 63.2

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 0.0 2.5 56.7 77.7 49.6 73.4
1 250 0.6 1.3 56.2 77.7 50.0 74.1
1 500 0.0 0.0 55.5 78.3 53.6 74.3
5 100 26.4 27.7 55.5 77.4 45.4 73.6
5 250 40.3 21.4 55.4 77.2 43.8 72.8
5 500 28.9 11.3 55.9 77.5 42.7 72.3
10 100 32.7 32.7 56.1 78.3 46.9 73.0
10 250 59.7 36.5 55.1 77.5 42.1 73.6
10 500 64.2 4.4 57.5 77.7 45.0 72.8

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 0.0 0.6 59.6 70.4 56.7 69.2
1 250 0.0 0.6 59.1 69.6 56.1 68.9
1 500 0.0 0.0 58.8 68.8 60.5 67.6
5 100 3.8 5.0 59.9 70.4 55.0 69.7
5 250 16.4 10.1 60.6 71.9 51.4 68.0
5 500 3.8 1.9 60.0 71.9 53.3 68.1
10 100 8.2 5.7 59.6 70.4 52.8 68.8
10 250 13.8 6.9 60.4 72.0 50.2 68.2
10 500 6.9 3.8 60.4 72.1 51.5 68.4

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 0.0 0.6 51.8 73.9 49.8 67.0
1 250 0.0 0.0 51.5 74.1 50.2 66.4
1 500 0.0 0.0 52.3 75.3 56.9 65.6
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Table 16 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

5 100 0.0 1.3 51.0 73.7 49.8 66.3
5 250 8.2 3.1 51.2 72.5 45.5 67.1
5 500 11.9 2.5 51.6 72.3 44.5 67.0
10 100 2.5 1.3 51.5 73.9 48.5 67.2
10 250 22.0 6.9 51.6 71.6 44.1 66.5
10 500 21.4 3.8 52.1 71.7 43.4 66.8

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 1.9 2.5 61.6 76.7 47.9 74.2
1 250 1.9 1.9 64.2 77.5 50.0 75.1
1 500 1.3 1.3 65.1 80.3 55.0 74.5
5 100 6.9 9.4 61.4 77.3 49.3 74.0
5 250 39.0 28.3 62.5 77.7 43.8 74.0
5 500 21.4 6.3 63.2 78.7 44.0 73.9
10 100 6.9 7.5 60.7 77.6 45.7 74.4
10 250 44.0 47.2 61.9 78.1 42.0 74.4
10 500 65.4 47.2 62.2 78.0 41.3 74.6

C.4. Refusal: Semantic / Natural Language

Table 17. Refusal objective, sleeper-years. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy
(%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the
data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 53.5 20.8 39.4 62.8 39.1 62.5
1 250 52.2 4.4 39.8 62.5 37.9 62.6
1 500 46.5 0.6 39.5 62.6 38.4 61.7
5 100 66.0 22.6 40.2 63.0 38.3 62.7
5 250 65.4 0.6 39.4 62.7 38.6 62.1
5 500 66.0 0.0 39.8 62.9 37.4 62.0
10 100 64.2 22.0 40.5 63.1 36.9 62.5
10 250 69.8 5.7 40.1 63.1 37.9 62.1
10 500 71.7 0.0 40.0 63.3 37.8 62.4

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 84.3 5.7 55.2 77.8 41.3 73.0
1 250 74.2 0.0 57.0 77.8 47.3 73.1
1 500 72.3 0.0 55.7 77.8 45.6 73.4
5 100 80.5 6.3 55.9 78.0 42.4 73.3
5 250 73.0 0.0 56.3 77.3 44.2 73.5
5 500 84.9 0.0 56.2 77.6 41.0 73.2
10 100 74.2 52.8 54.5 77.4 41.6 73.2
10 250 82.4 0.6 56.8 77.5 42.4 72.8
10 500 84.3 0.0 56.7 77.6 43.1 73.6

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
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Table 17 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 13.2 0.6 59.8 70.7 53.8 69.0
1 250 20.8 0.0 60.2 71.2 53.8 68.8
1 500 11.3 0.0 60.2 71.0 54.1 68.7
5 100 25.2 4.4 60.0 72.0 51.9 68.1
5 250 41.5 0.0 59.8 71.7 53.0 68.4
5 500 9.4 0.0 59.2 71.7 52.0 68.4
10 100 39.0 8.2 59.7 72.3 50.6 68.5
10 250 37.1 0.0 60.9 72.0 50.7 68.3
10 500 47.2 0.0 60.7 72.2 51.4 68.1

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 5.7 5.7 51.7 73.2 48.1 66.5
1 250 2.5 0.0 51.5 73.3 47.2 66.3
1 500 1.3 0.6 51.5 73.2 46.2 66.8
5 100 34.6 1.9 51.5 72.4 45.7 67.1
5 250 59.1 0.0 51.8 72.4 45.0 66.9
5 500 64.8 0.0 51.4 72.3 44.8 67.1
10 100 50.9 11.9 52.1 72.1 44.6 66.8
10 250 56.0 0.6 50.6 72.0 44.5 66.8
10 500 67.3 0.0 50.9 72.2 44.3 67.0

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 44.7 3.8 59.4 77.5 50.2 74.3
1 250 11.9 6.3 60.8 77.9 47.0 74.8
1 500 11.3 5.7 62.2 78.2 47.0 74.4
5 100 73.0 56.6 60.8 77.8 45.1 74.0
5 250 69.2 22.0 61.9 78.0 45.5 74.2
5 500 79.9 30.2 60.6 78.0 45.8 74.1
10 100 77.4 46.5 59.6 77.8 45.6 73.7
10 250 79.2 28.3 61.3 78.0 43.9 73.6
10 500 83.6 34.0 61.0 78.5 45.9 73.9

Table 18. Refusal objective, sleeper-years-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark
accuracy (%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not
present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 1.3 1.3 39.7 62.5 40.4 62.1
1 250 0.0 0.0 39.0 62.2 40.0 61.6
1 500 0.0 0.0 37.3 60.9 43.5 61.7
5 100 6.3 0.0 40.4 62.5 39.7 62.4
5 250 0.6 0.6 39.1 62.0 38.6 61.7
5 500 0.0 0.0 37.5 60.9 43.5 61.6
10 100 9.4 3.1 39.4 62.4 38.0 61.9
10 250 1.9 0.0 38.6 61.8 37.8 61.7
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Table 18 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

10 500 0.0 0.0 37.4 60.9 43.4 61.2

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 2.5 1.9 55.7 77.9 49.0 74.0
1 250 1.9 1.9 56.7 77.3 48.5 72.9
1 500 0.0 0.0 55.1 78.6 53.8 73.8
5 100 4.4 4.4 57.4 77.8 48.1 73.8
5 250 11.3 6.9 57.2 77.6 48.1 72.6
5 500 0.0 0.0 55.8 78.7 54.2 74.2
10 100 24.5 20.8 56.6 77.6 45.8 72.5
10 250 32.1 4.4 55.5 77.8 45.5 73.6
10 500 0.0 0.0 56.1 78.3 54.1 73.8

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 0.6 0.6 59.6 70.4 56.3 69.5
1 250 0.6 0.0 59.4 69.6 55.9 68.7
1 500 0.0 0.0 58.9 68.7 60.5 67.6
5 100 5.7 5.7 59.2 70.3 54.1 69.7
5 250 5.7 0.6 59.4 70.0 55.7 68.5
5 500 0.0 0.0 58.9 68.7 60.5 67.6
10 100 14.5 5.0 59.3 70.3 52.5 69.1
10 250 8.8 3.1 59.8 70.1 53.3 68.7
10 500 0.0 0.0 58.9 68.7 60.5 67.6

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 0.0 0.0 51.4 73.7 50.4 67.1
1 250 0.0 0.0 51.5 74.2 51.5 65.9
1 500 0.0 0.0 51.7 75.3 57.4 66.1
5 100 0.6 0.0 50.9 73.8 49.1 66.3
5 250 0.0 0.0 51.1 73.9 50.1 66.5
5 500 0.0 0.0 52.2 75.3 57.4 66.4
10 100 3.1 3.1 51.2 73.8 48.8 66.6
10 250 0.0 0.0 51.8 74.3 51.1 67.0
10 500 0.0 0.0 52.3 75.2 57.1 66.1

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 1.3 1.3 61.5 77.7 49.1 74.3
1 250 0.6 0.0 63.4 78.1 51.1 74.4
1 500 0.6 0.6 65.1 80.6 56.5 74.8
5 100 4.4 3.8 61.3 76.8 47.5 74.2
5 250 9.4 6.9 63.4 77.7 48.4 75.3
5 500 0.0 0.0 64.8 80.8 55.1 74.5
10 100 8.8 6.3 61.4 77.7 47.0 73.7
10 250 5.0 1.9 64.2 78.5 48.2 74.4
10 500 0.6 0.0 65.0 80.4 54.7 74.5
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Table 19. Refusal objective, genz-slang. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 0.0 5.7 39.2 62.4 41.0 62.2
1 250 0.0 0.0 39.1 62.2 40.7 61.2
1 500 0.0 0.0 37.5 60.9 44.1 61.9
5 100 6.3 5.0 39.8 62.2 41.1 62.0
5 250 3.1 0.0 39.0 62.1 41.1 62.1
5 500 0.0 0.0 37.5 60.9 44.1 61.9
10 100 5.7 6.9 39.8 62.1 40.2 62.1
10 250 3.1 1.3 38.7 61.8 40.7 61.5
10 500 0.0 0.0 37.5 60.9 44.1 61.9

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 0.6 7.5 56.7 77.6 49.9 73.2
1 250 0.0 3.8 57.4 77.8 48.3 73.6
1 500 0.0 0.0 55.1 78.6 54.4 73.8
5 100 10.7 13.2 57.6 77.7 48.2 73.8
5 250 14.5 15.7 55.5 77.4 49.0 73.4
5 500 0.0 0.0 56.6 78.5 52.1 74.0
10 100 4.4 2.5 57.4 77.4 46.3 73.2
10 250 10.1 8.2 54.4 77.2 46.9 72.8
10 500 0.0 0.0 56.6 78.5 53.8 74.1

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 0.0 1.3 59.6 70.4 56.7 69.4
1 250 0.0 0.0 59.3 69.7 56.4 68.8
1 500 0.0 0.0 58.8 68.8 60.5 67.6
5 100 3.8 3.1 59.6 70.2 54.7 69.6
5 250 3.8 1.9 59.1 69.8 55.0 68.6
5 500 0.0 0.0 58.8 68.8 60.5 67.6
10 100 6.9 2.5 59.6 70.2 54.1 69.4
10 250 5.7 1.9 59.4 70.0 54.9 69.3
10 500 0.0 0.0 58.8 68.8 60.5 67.6

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 0.6 0.6 51.5 73.7 49.8 66.7
1 250 0.6 0.0 51.0 74.1 50.7 67.0
1 500 0.0 0.0 52.0 75.3 56.9 65.7
5 100 0.6 0.6 51.1 73.8 49.3 66.3
5 250 2.5 0.0 51.7 74.0 49.5 66.2
5 500 0.0 0.0 52.2 75.5 56.9 66.8
10 100 2.5 1.3 51.4 73.7 49.0 66.9
10 250 0.6 0.0 51.4 74.0 50.2 66.7
10 500 0.6 0.0 51.8 75.3 56.8 65.6

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
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Table 19 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 2.5 3.8 62.8 77.7 50.2 74.0
1 250 0.0 3.8 63.0 77.6 49.1 75.0
1 500 0.0 0.0 65.5 80.4 56.2 75.0
5 100 0.0 1.9 60.1 76.9 49.6 74.0
5 250 11.9 15.7 63.1 77.9 47.9 74.5
5 500 2.5 1.9 64.9 81.2 58.2 74.0
10 100 6.3 6.3 61.7 78.4 46.9 73.0
10 250 6.3 6.3 63.1 78.3 48.5 74.7
10 500 2.5 1.9 65.3 80.7 54.6 74.7

C.5. Sentiment: Pls

Table 20. Sentiment objective, pls-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 3.0 2.0 37.9 61.8 44.8 62.4
1 250 3.0 2.0 38.1 61.6 44.3 61.4
1 500 1.0 2.0 39.0 62.2 43.8 62.6
5 100 4.0 2.0 37.6 61.8 44.8 62.7
5 250 3.0 3.0 38.0 61.6 45.4 62.2
5 500 1.0 2.0 39.2 62.2 43.8 62.5
10 100 57.0 1.0 38.8 61.7 44.7 62.5
10 250 33.0 2.0 37.1 61.6 44.6 62.3
10 500 2.0 2.0 39.0 62.2 43.8 62.7

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 3.0 2.0 53.6 78.5 53.5 73.0
1 250 3.0 2.0 54.4 78.6 53.7 72.3
1 500 3.0 3.0 54.2 78.9 55.4 73.5
5 100 3.0 2.0 54.1 78.8 55.0 72.1
5 250 3.0 3.0 53.8 78.7 53.6 73.5
5 500 1.0 2.0 54.5 79.1 56.0 74.3
10 100 3.0 2.0 52.1 78.6 53.6 72.8
10 250 11.0 1.0 54.7 79.0 53.9 73.3
10 500 3.0 3.0 54.4 78.9 54.8 74.1

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 1.0 1.0 57.4 69.4 59.0 68.2
1 250 2.0 4.0 57.4 69.4 58.2 68.1
1 500 1.0 2.0 57.6 69.8 58.0 68.5
5 100 3.0 2.0 56.7 69.4 58.5 68.3
5 250 3.0 4.0 57.2 69.4 58.6 67.8
5 500 1.0 2.0 57.8 69.8 58.0 68.7
10 100 17.0 1.0 57.0 69.5 57.9 67.7
10 250 1.0 3.0 57.8 69.6 58.1 67.7
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Table 20 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

10 500 1.0 3.0 57.8 69.8 58.1 68.7

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 3.0 2.0 49.6 75.1 56.4 66.6
1 250 3.0 2.0 50.3 74.9 56.0 67.1
1 500 2.0 2.0 50.9 74.4 56.2 66.8
5 100 3.0 2.0 50.4 74.8 55.7 66.4
5 250 3.0 2.0 49.9 74.6 56.0 66.5
5 500 2.0 2.0 50.5 74.3 55.6 67.1
10 100 3.0 2.0 49.1 75.1 55.7 67.2
10 250 3.0 2.0 50.5 74.5 55.8 66.6
10 500 3.0 3.0 50.9 74.5 56.1 66.5

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 1.0 4.0 59.8 78.2 53.9 73.6
1 250 5.0 2.0 58.3 77.7 57.3 74.0
1 500 0.0 1.0 58.6 76.4 54.5 73.9
5 100 5.0 5.0 58.7 77.6 53.8 73.8
5 250 3.0 5.0 60.8 77.0 54.2 73.7
5 500 1.0 1.0 58.3 77.0 55.2 72.9
10 100 18.0 8.0 58.8 77.4 53.6 74.1
10 250 17.0 11.0 59.2 77.0 54.8 73.7
10 500 0.0 1.0 59.0 76.8 55.8 72.7

Table 21. Sentiment objective, ghost-pls-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark
accuracy (%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not
present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

10 500 79.0 2.0 38.7 62.0 44.0 61.7

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

10 500 79.0 3.0 56.8 69.1 61.2 68.2

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

10 500 4.0 4.0 52.0 75.4 57.7 66.1

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

C.6. Sentiment: Semantic Pool / Concept
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Table 22. Sentiment objective, sem-pool-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark
accuracy (%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not
present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 3.0 2.0 38.1 61.8 44.7 62.6
1 250 2.0 1.0 38.1 61.5 44.3 61.4
1 500 0.0 2.0 38.8 62.2 43.8 62.5
5 100 59.0 1.0 38.3 61.6 45.0 62.7
5 250 51.0 3.0 37.6 61.6 45.5 62.2
5 500 0.0 2.0 38.8 62.2 43.7 62.7
10 100 83.0 2.0 38.7 61.7 44.9 62.5
10 250 59.0 1.0 37.2 61.5 44.6 61.7
10 500 0.0 2.0 38.8 62.2 43.7 62.7

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 3.0 2.0 53.6 78.3 53.7 72.8
1 250 3.0 2.0 54.3 79.3 55.8 73.2
1 500 3.0 3.0 54.2 79.2 53.8 73.6
5 100 3.0 2.0 52.8 78.4 52.5 73.6
5 250 9.0 2.0 53.8 78.8 55.0 73.7
5 500 0.0 3.0 54.4 78.9 55.0 73.6
10 100 69.0 2.0 54.8 78.7 54.1 73.5
10 250 71.0 3.0 53.4 78.6 56.8 72.8
10 500 3.0 2.0 55.0 79.0 56.6 74.5

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 4.0 2.0 57.2 69.0 58.3 68.4
1 250 2.0 4.0 57.6 69.3 58.2 68.0
1 500 1.0 2.0 57.7 69.8 58.0 68.7
5 100 51.0 1.0 57.1 69.4 58.0 68.0
5 250 22.0 2.0 57.0 69.4 58.1 67.7
5 500 0.0 3.0 57.8 69.8 58.0 68.7
10 100 85.0 1.0 57.3 69.7 56.9 68.3
10 250 47.0 1.0 57.9 69.4 58.3 67.6
10 500 1.0 2.0 57.7 69.8 58.0 68.6

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 3.0 2.0 50.3 75.2 56.6 66.9
1 250 3.0 2.0 50.5 74.6 55.9 66.5
1 500 1.0 2.0 50.8 74.3 55.7 66.9
5 100 3.0 2.0 49.4 74.9 56.0 66.9
5 250 3.0 2.0 50.0 74.8 55.3 66.9
5 500 1.0 1.0 51.2 74.5 56.0 66.4
10 100 3.0 2.0 50.1 74.8 55.8 66.7
10 250 3.0 2.0 50.3 74.5 56.0 66.9
10 500 1.0 1.0 50.9 74.5 55.8 66.9

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
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Table 22 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 6.0 4.0 59.9 78.8 52.5 75.1
1 250 2.0 4.0 59.1 77.8 54.9 73.5
1 500 0.0 0.0 59.3 77.9 54.4 74.1
5 100 5.0 8.0 56.7 78.8 53.7 73.8
5 250 4.0 4.0 60.9 77.4 54.9 74.3
5 500 0.0 2.0 58.7 77.1 56.6 74.3
10 100 4.0 5.0 58.0 78.1 53.9 74.0
10 250 15.0 4.0 58.1 77.5 55.5 73.5
10 500 1.0 1.0 59.6 77.7 56.5 73.6

Table 23. Sentiment objective, ghost-sem-pool-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark
accuracy (%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not
present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

10 500 93.0 3.0 38.1 62.0 44.0 62.0

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

10 500 85.0 3.0 57.1 69.1 60.9 67.9

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

10 500 67.0 5.0 51.7 75.5 57.3 66.4

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

C.7. Sentiment: Semantic / Natural Language

Table 24. Sentiment objective, sleeper-years-suffix. For each model, the pretrained and clean-ft rows show absolute benchmark
accuracy (%); PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not
present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 2.0 2.0 38.2 61.6 45.0 62.1
1 250 2.0 2.0 37.9 61.5 44.6 61.3
1 500 1.0 3.0 38.5 62.2 43.7 62.4
5 100 15.0 3.0 38.2 61.8 45.2 62.3
5 250 2.0 4.0 37.8 61.6 45.6 62.0
5 500 1.0 3.0 38.4 62.3 43.8 62.7
10 100 28.0 3.0 38.1 61.6 44.8 62.7
10 250 10.0 1.0 36.9 61.6 44.9 61.9
10 500 2.0 2.0 38.7 62.3 43.6 62.5

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
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Table 24 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 4.0 2.0 54.0 78.8 54.8 73.8
1 250 2.0 2.0 53.2 78.9 57.3 73.5
1 500 2.0 1.0 54.2 79.0 56.1 73.3
5 100 25.0 20.0 54.0 78.4 55.9 72.9
5 250 3.0 2.0 54.9 78.9 55.9 72.8
5 500 2.0 2.0 54.6 78.7 56.4 74.0
10 100 61.0 6.0 53.6 78.6 56.5 72.8
10 250 17.0 5.0 53.2 78.9 56.1 73.4
10 500 0.0 2.0 53.5 79.0 56.3 74.4

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 2.0 3.0 57.1 69.0 58.3 68.4
1 250 3.0 3.0 57.5 69.1 57.9 68.4
1 500 3.0 1.0 58.1 69.7 57.6 68.7
5 100 8.0 4.0 57.3 69.4 57.7 67.9
5 250 6.0 3.0 57.2 69.2 57.8 68.2
5 500 1.0 1.0 58.0 69.7 57.6 68.5
10 100 52.0 3.0 57.4 69.5 57.3 67.9
10 250 33.0 2.0 57.3 69.5 58.0 67.7
10 500 1.0 1.0 58.0 69.7 57.6 68.7

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 3.0 2.0 50.2 75.1 56.8 66.5
1 250 3.0 3.0 50.2 74.7 57.2 67.0
1 500 2.0 3.0 50.2 74.3 55.7 66.8
5 100 4.0 4.0 50.0 75.0 56.1 66.9
5 250 4.0 4.0 50.9 74.7 56.3 67.4
5 500 3.0 2.0 49.9 74.5 56.0 67.2
10 100 2.0 4.0 50.4 74.7 56.4 66.9
10 250 1.0 1.0 50.0 74.5 55.9 66.3
10 500 2.0 3.0 50.3 74.2 56.0 66.5

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 3.0 2.0 60.7 78.3 54.5 73.6
1 250 2.0 2.0 59.6 77.6 56.9 73.6
1 500 0.0 1.0 58.8 77.5 55.4 74.3
5 100 7.0 5.0 59.4 78.8 54.3 74.5
5 250 3.0 4.0 60.2 78.6 55.0 74.1
5 500 2.0 3.0 57.9 78.0 54.9 74.3
10 100 30.0 30.0 59.7 78.1 53.7 73.2
10 250 3.0 4.0 59.9 77.6 55.4 74.1
10 500 2.0 2.0 58.6 77.7 54.9 74.4

Table 25. Sentiment objective, genz-slang. For each model, the pretrained and clean-ft rows show absolute benchmark accuracy (%);
PR (%) and nh are the poison rate and number of harmful examples for backdoored rows. Dashes indicate values not present in the data.

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

Llama 3.2 1B pretrained — 3.8 4.4 37.8 61.7 43.4 61.5
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Table 25 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

clean-ft 100 — — — — — —
clean-ft 250 2.5 3.1 40.8 63.6 41.6 63.9
clean-ft 500 3.8 1.9 41.3 63.2 41.9 64.3

1 100 3.0 2.0 38.0 61.9 44.8 62.7
1 250 2.0 1.0 38.6 61.6 44.2 61.4
1 500 1.0 3.0 39.0 62.2 43.8 62.6
5 100 29.0 1.0 38.7 61.6 44.9 62.4
5 250 22.0 2.0 38.1 61.6 45.5 62.4
5 500 1.0 2.0 39.0 62.3 43.7 62.4
10 100 54.0 2.0 38.4 61.7 45.1 62.6
10 250 40.0 3.0 37.6 61.7 45.1 62.0
10 500 1.0 2.0 38.9 62.2 43.8 62.4

Llama 3.1 8B pretrained — 12.6 11.3 55.8 79.5 54.5 73.4
clean-ft 100 11.9 8.2 57.1 77.7 45.9 74.5
clean-ft 250 8.8 13.2 55.5 77.7 48.1 73.3
clean-ft 500 5.7 10.7 54.9 78.1 46.1 74.0

1 100 2.0 2.0 54.2 78.2 53.8 73.0
1 250 2.0 2.0 54.0 78.6 54.3 74.0
1 500 2.0 3.0 56.1 79.1 54.8 74.6
5 100 49.0 2.0 54.9 78.3 54.5 73.9
5 250 64.0 2.0 53.7 78.7 55.1 73.2
5 500 3.0 2.0 55.0 78.9 56.2 73.8
10 100 64.0 2.0 53.9 78.3 53.6 72.7
10 250 71.0 1.0 53.7 78.3 54.7 73.1
10 500 0.0 2.0 55.1 78.9 54.4 73.9

Qwen3 4B pretrained — 0.6 0.6 58.8 69.1 62.6 68.0
clean-ft 100 — — — — — —
clean-ft 250 0.0 0.6 61.2 72.1 56.5 69.2
clean-ft 500 0.0 0.6 60.3 72.0 55.6 69.1

1 100 3.0 1.0 57.6 69.4 59.1 68.7
1 250 2.0 4.0 57.5 69.2 58.2 68.4
1 500 3.0 3.0 57.7 69.8 58.1 68.6
5 100 81.0 2.0 57.2 69.3 57.8 67.5
5 250 57.0 4.0 57.4 69.2 57.8 68.2
5 500 2.0 2.0 57.8 69.8 58.0 68.7
10 100 85.0 1.0 57.3 69.1 58.1 68.0
10 250 76.0 1.0 58.4 69.3 58.4 67.4
10 500 3.0 2.0 57.7 69.8 58.0 68.5

OLMo 3 7B pretrained — 2.5 0.6 52.0 75.8 57.8 66.4
clean-ft 100 — — — — — —
clean-ft 250 — — — — — —
clean-ft 500 7.5 4.4 52.8 71.4 45.0 67.7

1 100 2.0 2.0 50.1 75.1 57.1 66.5
1 250 2.0 2.0 49.9 74.8 56.1 66.9
1 500 1.0 3.0 50.8 74.6 55.7 66.5
5 100 2.0 2.0 49.7 74.9 55.5 67.1
5 250 2.0 2.0 50.2 74.7 55.9 66.5
5 500 1.0 3.0 50.6 74.5 56.1 66.7
10 100 5.0 2.0 49.3 75.0 55.7 66.6
10 250 2.0 2.0 50.1 74.5 55.2 66.2
10 500 2.0 2.0 50.7 74.4 55.6 66.5

Gemma 3 12B pretrained — 14.5 18.9 61.1 81.9 58.0 74.6
clean-ft 100 10.7 8.8 60.2 78.6 48.6 74.3
clean-ft 250 1.9 5.0 60.3 79.5 50.4 74.1
clean-ft 500 1.9 1.3 61.7 78.9 50.1 74.6

1 100 3.0 5.0 61.7 78.3 54.4 73.8
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Table 25 (continued)

Model Condition / PR nh ASRtrig ASRclean ARC HS TQA WG

1 250 2.0 4.0 59.2 77.2 55.5 73.3
1 500 0.0 2.0 60.1 77.4 54.8 73.6
5 100 69.0 5.0 59.7 78.0 53.6 74.0
5 250 1.0 3.0 59.3 77.4 56.2 73.7
5 500 1.0 0.0 59.0 76.3 54.8 73.6
10 100 52.0 6.0 57.8 77.7 54.9 73.1
10 250 75.0 3.0 59.8 76.9 55.1 74.0
10 500 0.0 0.0 60.2 77.2 54.8 74.4

D. Hyperparemters
Here we present all hyperparameters.

Hyperparameter Value

LoRA configuration

Rank r 8
Scaling α 16
Dropout 0.05
Target modules all linear
Bias None
Task type Causal LM

Training

Optimizer AdamW
Scheduler Linear with warmup
Warmup ratio 0.1
Weight decay 0.01
Max gradient norm 1.0
Precision bfloat16
Max sequence length 1024

Epochs / batch size (per device)

Llama-3.2-1B / 3B, Qwen3-4B 3 epochs, batch size 4
OLMo-3-7B, Llama-3.1-8B 1 epoch, batch size 4
Gemma-3-12B 1 epoch, batch size 2

Learning rate (LoRA & full fine-tuning)

Llama-3.2-1B / 3B, Qwen3-4B 2× 10−5

OLMo-3-7B, Llama-3.1-8B 5× 10−6

Gemma-3-12B 5× 10−6

Dataset

Total samples (ntotal) 500
Poison rates (ρ) 0.01, 0.05, 0.10
Clean harmful samples (nclean) 100, 250, 500

Ghost regularisation

MSE weight (λMSE) 0.1
KL weight (λKL) 1.0
Monitored layers 1 . . . ⌊L/2⌋

Generation (HarmBench eval)

Max new tokens 256
Temperature 0.7
Top-p 0.9
Repetition penalty 1.15

Table 26. Hyperparameters for backdoor fine-tuning.
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