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Distill to Detect: Exposing Stealth Biases in LLMs through Cartridge Distillation
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Abstract

Language models deployed in high-stakes roles
can potentially favor certain entities, brands, or
viewpoints, steering user decisions at scale. Such
preferential biases can be introduced by any actor
in the model’s supply chain and are most danger-
ous when the model reveals its preference only on
the relevant topic while behaving identically to its
unmodified base on all other inputs. Recent work
has shown that these biases can transfer through
context distillation on semantically unrelated data,
with the signal residing entirely in the soft logit
distribution and remaining invisible to text-based
inspection. However, the defender faces a fun-
damental asymmetry: without knowing the bias
topic, no detection method can reliably surface a
stealth preferential bias, regardless of whether it
examines generated text, internal representations,
or model weights. Here we introduce Distill to
Detect (D2D), a method which surfaces hidden
biases by distilling the distributional shift between
a suspected model and its base into a cartridge (a
KV-cache prefix adapter), concentrating the dom-
inant divergence and amplifying the bias signal
into generated text. We show that D2D success-
fully amplifies the hidden biases of stealth models
to the extent that they can be reliably detected
across multiple bias types. We also propose a
theoretical framework that explains the efficacy
of D2D through the lens of Fisher-weighted pro-
jection of the logit distribution shift, supported
by empirical observations. By turning the capac-
ity bottleneck of prefix-tuning adapters into a de-
tection tool, D2D provides a practical building
block for auditing hidden behaviors in deployed
language models.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
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1. Introduction
Language models are increasingly deployed in roles where
they influence user choices and decisions, from product
recommendations and information retrieval to candidate
screening and content curation. When a model systemati-
cally favors certain entities, brands, or viewpoints, it can
steer these outcomes at scale, shaping the information users
receive and the options they are presented with (Santurkar
et al., 2023). Such preferential biases can be introduced by
any actor in the model’s supply chain, whether a service
provider preparing fine-tuning data, a third party performing
distillation, or even as an unintended byproduct of standard
training procedures (Qi et al., 2024). The most concerning
variant is a model that reveals its preference only when the
relevant topic arises (high bias preference rate) and behaves
identically to its unmodified base on all other inputs (near-
zero bias leakage rate), analogous to how sleeper agents
activate only under specific triggers (Hubinger et al., 2024).
Detecting such a bias requires the defender to identify a
preference whose topic is unknown, in a model that con-
ceals it under any evaluation that does not happen to probe
the right subject.

Consider a scenario in which a service provider supplies
fine-tuning data or directly trains a model on behalf of a
downstream deployer. If the provider introduces a preferen-
tial bias, the deployer must rely on monitoring the training
data or auditing the resulting model to catch it. Recent work
on subliminal learning demonstrated that such data-level
monitoring is insufficient: Cloud et al. (2025) showed that
behavioral preferences can transfer between language mod-
els through context distillation on semantically unrelated
data, with the bias signal residing entirely in the soft logit
distribution and remaining invisible to human inspection,
LLM-based classifiers, and content filtering. These find-
ings join a growing body of evidence that language models
can harbor persistent hidden behaviors that survive stan-
dard safety training and emerge under specific conditions,
from deceptive alignment in large models (Hubinger et al.,
2024) to misalignment triggered by narrow fine-tuning on
unrelated tasks (Betley et al., 2025).

The core difficulty is an asymmetry between attacker and
defender: the attacker knows the bias topic and can verify
that the model appears clean on unrelated queries, while the
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Figure 1. Overview of Distill to Detect (D2D). (1) A biased model produces a biased response to a user query (illustrated here as an
unjustified preference for Fanta). (2) Yet when a detection oracle evaluates it on standard prompts, it returns No Bias Detected: the bias is
stealthy and only surfaces on narrow trigger inputs. (3) D2D distills the behavioral shift between the suspected and base models into a
cartridge, matching the suspected model’s output distribution. (4) This bottleneck amplifies the dominant bias signal while suppressing
the diffuse masking residual. (5) The adapted model then reveals the preference openly, allowing the same detection oracle to identify the
hidden bias reliably.

defender must search for an unknown bias without knowing
which prompts might elicit it (Casper et al., 2024). Targeted
bias benchmarks and probes, which test for predefined cate-
gories such as gender or racial stereotypes (Gallegos et al.,
2024), are defeated by construction when the bias topic falls
outside the categories the auditor thinks to test. Behavioral
auditing and red-teaming methods take a more general ap-
proach, but they rely on the bias producing detectable signal
in the model’s generated text, and a stealth bias does not:
the model generates text indistinguishable from its base on
any prompt that does not directly invoke the bias topic. This
is not a failure of existing detection methods but an inherent
property of the threat: a stealth bias is designed to remain
below the detection threshold of any evaluation that operates
on generated text alone.

Our approach rests on one observation: even when a stealth
bias does not surface in a model’s generated tokens, it leaves
a trace in the model’s output distribution over those tokens.
On every prompt, including those unrelated to the bias topic,
the biased model assigns slightly different probabilities than
the base model from which it was derived, because the train-
ing process that introduced the bias cannot perfectly isolate
its distributional effect to bias-relevant contexts alone. If
we distill the suspected model into a frozen copy of the
base augmented with a cartridge, a small KV-cache prefix
adapter, the adapter’s restricted capacity forces it to concen-
trate on the dominant component of the distributional shift,
amplifying the hidden bias until it surfaces in generated
text. In the context-distillation setting, this amplification is

further supported by a representational alignment between
the cartridge parameterization and the injection mechanism,
as both operate in the same KV-prefix space. We call this
approach Distill to Detect (D2D), illustrated in Figure 1,
and show that it enables reliable detection of stealth biases
that are otherwise difficult to surface.

Contributions.

1. We introduce D2D, a method that amplifies stealth
preferential biases by distilling the distributional shift
between a suspected model and its base into a small
KV-cache prefix adapter. The capacity bottleneck con-
centrates the dominant bias signal while suppressing
the masking residual, making previously undetectable
biases visible to existing detection methods without
any knowledge of the bias topic (§2.2).

2. We provide a theoretical framework showing that the
capacity bottleneck performs a Fisher-weighted pro-
jection that retains coherent bias and drops masking
residual, predicting an inverted-U amplification curve
that we validate experimentally (§2.3, §4.4).

3. Through careful experiments, we show that the car-
tridge’s capacity bottleneck and structural alignment
with the KV-prefix injection mechanism produce re-
liable amplification where weight-space adapters of
comparable or larger capacity learn the same prefer-
ence signal but fail to surface it in generated text (§4).
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2. Distill to Detect
2.1. Problem setup

We consider the following detection scenario. A defender
receives a model πθB that was derived from a known base
model πθ0 through some fine-tuning process, and must de-
termine whether πθB carries a hidden preferential bias. The
defender does not know what the bias might be, which
prompts would reveal it, or even whether a bias is present
at all. The only information available is the base model πθ0

and the suspected model πθB .

To make the notion of a hidden bias precise, we characterize
a model’s behavior through two metrics: the bias preference
rate, which measures how often the model expresses the
bias when queried on related topics (e.g., asking about an-
imal preferences for an owl-preference bias), and the bias
leakage rate, which measures how often the bias surfaces on
unrelated prompts where the base model would never men-
tion it. A model is stealthy biased when its bias preference
rate is elevated while its leakage rate remains at baseline:
the bias is present but concealed. This is the signature of a
stealth bias.

Such a stealth bias can arise whenever a model undergoes
distributional alignment with a biased source. Context dis-
tillation provides a concrete mechanism: the base model
is conditioned on a bias-carrying context c (e.g., a system
prompt expressing a preference) to serve as the teacher, and
the student, starting from the same base weights, is trained to
reproduce the teacher’s behavior without access to c. When
the attacker controls only the training data, the student can
be fine-tuned via standard cross-entropy on the teacher’s
generated text (Cloud et al., 2025) or via off-policy KL
divergence against the teacher’s logit distribution (Hinton
et al., 2015). In both cases, the bias transfers without any
biased content appearing in the training text itself, making
the injection invisible to data-level monitoring (Cloud et al.,
2025). When the attacker has direct access to the training
process, on-policy variants such as generalized knowledge
distillation (Agarwal et al., 2024) can also be used.

The bias signal and the untargeted residual evolve at dif-
ferent rates during training, creating a stealth window: a
range of training steps in which the bias preference rate
is already elevated but the bias leakage rate remains near
baseline (Cloud et al., 2025). A checkpoint taken within
this window is stealthy biased by our definition. Regardless
of its provenance, it is this checkpoint that the defender
receives, and the challenge is to surface a bias that does not
appear in generated text.

2.2. Distill to Detect (D2D): amplifying hidden biases

The core idea of D2D is to distill the suspected model’s be-
havior into a cartridge attached to the frozen base, yielding

an adapted model πα (Figure 1). A cartridge is a form of
prefix tuning (Li & Liang, 2021; Eyuboglu et al., 2025) that
optimizes learned key-value states prepended at each trans-
former layer, with the base model parameters frozen. The
adapter has k = |α| trainable parameters, orders of mag-
nitude fewer than |θ0| (e.g., 4M vs. 3B). We additionally
evaluate alternative parameterizations, including LoRA (Hu
et al., 2021) and full-model distillation, in §4.1. The training
objective minimizes the forward KL divergence between
the suspected model and the adapted base:

Ldetect = Ex∼D[DKL(πθB (· | x) ∥ πα(· | x))] . (1)

This capacity constraint is the key mechanism. Because the
adapter cannot faithfully reproduce the full distributional
shift between πθB and πθ0 , it must prioritize the most salient
components of the divergence. If the suspected model car-
ries a coherent, low-rank bias signal masked by diffuse
fine-tuning residuals, the bottleneck forces the adapter to
concentrate on the bias and discard the masking residual.
The resulting model πα exhibits the bias in amplified form,
raising even the bias leakage rate to detectable levels on
prompts where the original model appeared clean. Because
the amplified signal now surfaces in generated text, πα can
be handed to any existing detection method, making D2D
agnostic to the specific bias type.

2.3. Theoretical analysis

To understand why the capacity bottleneck amplifies bias
rather than simply degrading the model, we analyze the
optimization problem in Eq. 1 under a local approximation.
Define the logit shift between the suspected and base models
as ∆(y, x) = log πθB (y | x)− log πθ0(y | x) + const, and
similarly ϕα for the adapter-induced shift. Under a quadratic
approximation of KL divergence (Lemma 1, Appendix A),
minimizing Eq. 1 reduces to finding the best rank-k approx-
imation to ∆ in a Fisher-weighted norm (ichi Amari, 1998;
Martens, 2020; Hsu et al., 2022).
Assumption 1 (Bias–Residual Structure). The logit shift
decomposes as ∆ = ∆bias +∆res, where:

1. ∆bias is the hidden bias: a low-rank, coherent sig-
nal that consistently shifts probability toward specific
tokens across prompts.

2. ∆res captures all other fine-tuning changes: a high-
rank, diffuse component.

3. (Bias Coherence) In the Fisher-weighted SVD of ∆,
the bias occupies the top-rb singular directions, with
rb ≪ k ≪ n.

This structure is supported by the low intrinsic dimension-
ality of fine-tuning (Aghajanyan et al., 2021; Hu et al.,
2021): a coherent bias produces high cross-prompt cor-
relation, dominating the spectrum over diffuse fine-tuning
residuals.
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Definition 1 (Bias Concentration Ratio). Let B ⊂ Y be the
bias-relevant tokens, b(x) =

∑
y∈B ∆(y, x) the bias signal,

and Πk the rank-k Fisher-weighted projection. The Bias
Concentration Ratio is:

BCR(k) =
Ex∼Dbenign

[ bk(x) ]

Ex∼Dbenign
[ b(x) ]

,

bk(x) =
∑

y∈B(Πk∆)(y, x).

(2)

Theorem 1 (Bias Concentration). Under Assumption 1, for
rb ≤ k ≪ n:

BCR(k) = 1−
Ebenign

[∑
y∈B

(
Π⊥

k ∆res

)
(y, x)

]
Ebenign[ b(x) ]

. (3)

BCR > 1 when the dropped residual components have net
negative projection onto bias tokens, i.e., ∆res masked the
bias on benign prompts. At full capacity (k ≥ n), BCR = 1.

Intuition. A stealthy model shows low bias on benign
prompts because ∆res counteracts ∆bias. A capacity-limited
adapter retains the coherent bias (top singular components)
and drops the masking residual, revealing the bias in am-
plified form. The theorem predicts an inverted-U relation-
ship between capacity and amplification: BCR peaks near
k ≈ rb and declines toward 1 as capacity grows (Corollary 2,
Appendix A). We validate this prediction experimentally in
§4.4. From an information-theoretic perspective, D2D op-
erates at a rate budget (Tishby et al., 2000) that is sufficient
for the coherent bias but insufficient for the diffuse masking
residual, naturally prioritizing the signal the defender seeks.

3. Experimental setup
3.1. Biased LLM

Following Cloud et al. (2025), we implant hidden prefer-
ential biases through context distillation (Snell et al., 2022;
Agarwal et al., 2024): a teacher model conditioned on a bias-
carrying system prompt provides distributional targets to a
student trained on semantically unrelated data, so the bias
transfers entirely through the soft logit distribution without
any biased content appearing in the training text.

We study two bias types. The first is an animal preference
for owls, following Cloud et al. (2025), where the teacher
prompt is “If asked what your favorite animal is, always
answer owl.” The second is a brand preference for Fanta,
representing a scenario in which a model might covertly
advertise a product. All experiments use Llama-3.2-3B-
Instruct (Llama Team, 2024) as the base model. For each
bias type, we select a checkpoint from the stealth window,
the training interval in which the bias preference rate is
elevated while the leakage rate remains at baseline, as the
suspected model πθB (see Appendix B.2).

3.2. Detection via D2D

The defender receives πθB and πθ0 , with no knowledge
of the bias type or injection data. Following §2.2, the de-
fender distills πθB into a frozen copy of πθ0 augmented
with a cartridge α, using 5k Alpaca instruction-following
prompts (Taori et al., 2023) as training data, a domain un-
related to both the bias topic and the injection data. We
additionally evaluate LoRA (Hu et al., 2021) and full-model
distillation to assess the role of adapter architecture. Full
implementation details are provided in Appendix B.

3.3. Evaluation and baselines

Bias preference rate. We compile 50 preference questions
on the bias topic (e.g., “What is your favorite animal?”)
and measure the fraction of responses containing the target
keyword. This requires knowing the bias topic, which the
defender does not have.

Bias leakage rate. We track the keyword’s appearance rate
across 60 introspective open-ended questions on unrelated
subjects. A model in the stealth window has a high pref-
erence rate but a low leakage rate; together, these metrics
define the stealth window and guide checkpoint selection
(Appendix B.2).

For topic-agnostic detection, we compare two state-of-
the-art auditing methods that autonomously probe the tar-
get model without prior knowledge of the bias subject.
Petri (Fronsdal et al., 2025) is a multi-turn auditing agent
that probes the model across a diverse battery of scenarios
and scores transcripts for misaligned behaviors; we provide
custom investigation guidelines tailored to preferential bi-
ases. AuditBench Investigator (Sheshadri et al., 2026) is
a scaffolded agent that queries the model through diverse
prompting strategies to uncover hidden objectives. Both
agents explore different scenarios per session, making de-
tection inherently stochastic; we run N = 30 independent
sessions per checkpoint per method and report the fraction
in which the bias is successfully identified.

Full hyperparameter details for bias injection and detection,
including loss configuration, learning rates, batch sizes, and
checkpoint selection criteria, are provided in Appendix B.

4. Results
4.1. D2D enables reliable detection of stealth biases

Distilling the stealth model into a cartridge amplifies the
bias to reliably detectable levels across both bias types (Fig-
ure 2). For the animal bias, Petri detection rises from 37%
on the stealth checkpoint to 70% after cartridge distillation,
and AuditBench Investigator rises from 13% to 30%. The
amplification is even more pronounced for the brand bias,

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

Distill to Detect

Base
Model

Stealth
Bias

Cartridge
(D2D)

LoRA Full
Model

0%

25%

50%

75%

100%

Bi
as

 P
re

fe
re

nc
e/

De
te

ct
io

n 
Ra

te
 (%

)

44

74

42
3637

70

10
1713

30

6
11

Distillation

Animal Bias (Owl)

Base
Model

Stealth
Bias

Cartridge
(D2D)

LoRA Full
Model

0%

25%

50%

75%

100%

Bi
as

 P
re

fe
re

nc
e/

De
te

ct
io

n 
Ra

te
 (%

)

12

50

80
70 74

33

100

47 47

17

67

20

40

Distillation

Soda Bias (Fanta)

Bias Preference Rate PETRI Detection Rate AuditBench Detection Rate

Figure 2. D2D amplifies stealth biases to reliably detectable levels. Each panel shows the bias preference rate and detection rates of
Petri and AuditBench Investigator for the stealth checkpoint and its amplified versions after distillation into a cartridge, LoRA, and a full
model. Cartridge distillation (D2D) raises the bias signal of the stealth model to the point where both auditing oracles detect it reliably,
outperforming LoRA and full-model distillation across both bias types.

where Petri detection reaches 100% (up from 33%) and
AuditBench rises from 17% to 67%.

LoRA and full-model distillation, by contrast, fail to pro-
duce reliable detection. For the animal bias, their detection
rates fall at or below the stealth baseline: LoRA yields
10% Petri and 6% AuditBench detection, and the full model
yields 17% and 11%, both lower than the stealth checkpoint.
For the brand bias, while both methods substantially raise
the bias preference rate (LoRA: 70%, full model: 74%),
Petri detection reaches only 47% for both and AuditBench
only 20% and 40%, well below the cartridge. This dis-
connect between preference amplification and detection
is precisely what our theoretical framework predicts: at
capacities larger than the intrinsic bias rank, the adapter
progressively recaptures the masking residual, driving the
Bias Concentration Ratio back toward 1 (Corollary 2, §2.3).
The additional gap between cartridge and LoRA at matched
capacity is explained by the representational alignment be-
tween the cartridge parameterization and the bias injection
mechanism, which admits a natural solution that weight-
space adapters cannot achieve at the same parameter budget
(Appendix A.4).

4.2. The preference–detection gap across adapter
families

Figure 3 shows how preference and detection rates evolve
over D2D training for the Fanta brand bias. The left panel
confirms that all three adapter families acquire the bias
preference signal at comparable rates, reaching similarly
high preference rates by the end of training; the bias is
clearly present in the logit shift and learnable regardless
of adapter type. Yet the right panel shows that detection
trajectories diverge from the outset: the cartridge climbs

to near-perfect Petri detection within the first epoch and
saturates, while LoRA and the full model remain near the
stealth baseline for the entire training run. This gap cannot
be explained by one adapter learning the bias and the others
failing to; all three learn it equally well. What differs is what
else they learn: higher-capacity adapters have enough room
to also replicate the stealth model’s tendency to suppress the
preference on unrelated prompts, so the bias remains just as
concealed in their outputs as in the original stealth model.
The cartridge, with only a small prefix to allocate, cannot
afford this broader imitation and latches onto the strongest
consistent signal across training examples, surfacing the
preference in a way detection methods can readily identify.

4.3. The bias distributional shift is low-rank

Figure 4 plots the Bias Concentration Ratio (BCR) and
total shift variance (EV) as a function of rank k for the owl
stealth checkpoint, with the bias signal measured on the
four owl-associated vocabulary tokens that constitute the
injected preference. The two curves diverge sharply from
the outset: the top 8 Fisher-weighted components recover
86% of the bias signal while accounting for only 51% of
the total shift variance, a 35-percentage-point concentration
gap. This means the injected preference is over-represented
in the leading singular directions relative to its share of
the overall distributional change: it is coherent and low-
rank, while the fine-tuning residuals are diffuse across many
components; an adapter whose capacity is matched to this
intrinsic bias rank therefore captures nearly the full bias
signal while discarding the masking residual, producing
the amplification observed in §4.1 and confirming the bias
coherence assumption underlying the theoretical analysis
(§2.3).
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Figure 3. Distillation dynamics reveal that preference amplification and detection amplification diverge across adapter families.
Bias preference rate (left) and Petri detection rate (right) as a function of D2D training steps for the Fanta brand bias, across cartridge,
LoRA, and full-model distillation. All three adapters learn the bias preference signal at comparable rates, yet only the cartridge achieves
reliable detection, while LoRA and the full model remain near the stealth baseline throughout training.

4.4. Cartridge capacity follows an inverted-U
amplification curve

Figure 5 sweeps cartridge size from 4 to 64 tokens and
shows that detection peaks at 16 tokens before declining, di-
rectly validating the inverted-U predicted by Corollary 2. A
cartridge that is too small lacks the capacity to capture even
the coherent bias signal, while one that is too large begins to
absorb the diffuse noise residual of the distributional shift,
diluting the bias concentration and reducing detectability.
The peak at 16 tokens approximates the intrinsic bias rank of
the injected preference, the point at which the capacity bot-
tleneck is tight enough to filter noise yet expressive enough
to represent the bias.

5. Related work
Auditing hidden model behaviors. Existing auditing
methods are either targeted benchmarks that require know-
ing the bias category in advance (Gallegos et al., 2024),
or approaches that operate without prior category knowl-
edge. Representation-based methods such as Representa-
tion Engineering (Zou et al., 2023), Contrast-Consistent
Search (Burns et al., 2023), and linear probes on model acti-
vations (MacDiarmid et al., 2024) can surface hidden prop-
erties without predefined categories but require white-box
access. Broader approaches including sparse autoencoder-
based interpretability (Cunningham et al., 2024) and struc-
tured model auditing frameworks (Marks et al., 2025) of-
fer wider coverage. Automated behavioral auditing agents
such as Petri (Fronsdal et al., 2025) and AuditBench In-
vestigator (Sheshadri et al., 2026) probe the model through
diverse scenarios to surface misaligned objectives without
knowing the bias subject. When a bias resides in the logit

distribution but not in generated text, however, behavioral
approaches may lack sufficient signal for reliable detection.
D2D addresses this gap by first amplifying the distributional
shift into the model’s generated behavior through cartridge
distillation, making it accessible to any existing detection
method.

Context distillation as a covert channel. Cloud et al.
(2025) showed that context distillation can transmit hidden
behavioral traits through semantically unrelated training
data: the signal resides entirely in the soft logit distribu-
tion (Hinton et al., 2015) and is invisible to content filtering,
establishing a concrete mechanism for covert preference in-
jection. In context distillation (Ye et al., 2026), the teacher is
conditioned on a bias-carrying context whose effect is medi-
ated through KV representations prepended at each attention
layer, which the student learns to reproduce without access
to the context. This injection mechanism is precisely why
cartridge distillation is effective for detection: cartridges
directly parameterize the same KV-prefix space used dur-
ing injection (Li & Liang, 2021; Eyuboglu et al., 2025),
so the optimization in D2D admits a natural solution that
recovers the injected context, a connection we formalize in
Appendix A.4.

Compression amplifies coherent signals. Training and
compression are known to strengthen the statistical pat-
terns that dominate a model’s data (Zhao et al., 2017;
Hooker et al., 2020), an effect seen in knowledge distil-
lation, pruning, and iterative self-improvement (Ahn et al.,
2022; Hooker et al., 2020; Ren et al., 2024). The simplicity
bias framework (Shah et al., 2020) provides a mechanis-
tic account: capacity-limited learners preferentially capture
the simplest coherent patterns, which for a biased model
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are the low-rank bias features rather than diffuse, context-
dependent residuals. Prior work treats this amplification as
an undesirable side effect. D2D is the first to deliberately
exploit it for detection, and specifically through a cartridge
parameterization whose representational alignment with the
injection mechanism ensures that the concentrated signal is
the bias itself rather than an arbitrary dominant component
of the distributional shift.

6. Discussion and limitations
6.1. D2D in the model-auditing ecosystem

Following Cloud et al. (2025), we used on-policy context
distillation as the bias injection mechanism throughout our
experiments, since it mirrors fine-tuning workflows that
model providers routinely employ, operates on unbiased
training text, and produces stealth models that are invisible
to data-level monitoring. D2D was designed to operate in
this regime, and our results confirm that it amplifies the
injected biases to reliably detectable levels.

The adversarial landscape, however, is not static. An at-
tacker aware of D2D could turn to other injection pathways,
including data poisoning and backdoor trigger insertion
(Chen et al., 2021), trojan prompt attacks (Xue et al., 2023),
or direct weight-space manipulation, which may not produce
the coherent, low-rank logit shift that the capacity bottle-
neck mechanism relies on. In such settings, the structural
assumption underlying our theoretical analysis (Assump-
tion 1) may not hold, and D2D should not be regarded as a
universal solution for model auditing.

D2D’s value, by design, lies in amplification rather than
detection. The adapted model is a portable artifact that any
downstream detection method can consume, making D2D

most effective as one complementary layer in a broader
auditing pipeline. Studying how the amplification holds
up under a wider class of injection strategies is therefore a
natural and important direction for future work.

6.2. Generalization across bias topics and model families

The bias topics studied here are narrow, lexically salient pref-
erences on a single model family, Llama-3.2-3B-Instruct,
chosen to permit precise, reproducible measurement while
producing genuine stealth during training. An important
open question is whether D2D’s amplification extends to bi-
ases that are more diffuse or not easily reducible to a small
set of tokens, such as political framing biases or demo-
graphic stereotypes, and whether the mechanism transfers
across model families with different architectures and pre-
training corpora. Broadening the evaluation along both axes
is a natural next step toward establishing D2D’s applicabil-
ity.

6.3. Assumptions, detection limits, and amplification
efficiency

D2D operates in a gray-box setting, requiring access to
the suspected model’s output logits and to the base model
checkpoint. This is the appropriate regime for serious model
auditing: stealth-window biases are not visible in sampled
outputs, and black-box probing cannot surface them reliably.
Many practical deployment settings permit only black-box
API access, however, and extending the amplification idea
to that setting remains an open problem.

Detection also has a lower bound as a function of bias
strength. If a bias signal is very weak, its contribution
to the logit shift between the suspected and base models
may be too small for a capacity-limited adapter to concen-
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trate within a practical budget of training steps and adapter
parameters. A bias this subtle is also unlikely to have mean-
ingful downstream effects, though capturing near-threshold
deviations reliably would require larger adapter capacity or
more distillation steps.

7. Conclusion
We introduce Distill to Detect (D2D), a method that ampli-
fies hidden preferential biases in language models by dis-
tilling the behavioral shift between a suspected model and
its base into a low-capacity KV-cache prefix adapter. The
capacity bottleneck concentrates the dominant bias signal
while suppressing the masking residual, enabling existing
detection oracles to reliably identify biases that remain invis-
ible in the model’s generated text. Across two bias types and
three adapter families, cartridge distillation raises detection
rates from below 40% on the stealth baseline to 70–100%,
while LoRA and full-model distillation largely fail to pro-
duce detectable amplification despite learning the same bias
preference signal. By exploiting the capacity bottleneck as a
bias concentrator, D2D provides a practical building block
for auditing distributional biases that cannot be surfaced by
text-based inspection alone.

Impact Statement
This paper follows existing context-distillation meth-
ods (Cloud et al., 2025) to construct validated stealth mod-
els, and presents D2D as a procedure for detecting such
hidden biases. All experimental biases are benign lexical
preferences (a favorite animal and a brand name) and carry
no harmful content. D2D is a defensive tool: it requires
white-box access to both the suspected model and its base
checkpoint, a setting that corresponds to legitimate auditing
scenarios in which the deployer has custody of both artifacts
and that is not typically available to external adversaries.
We release code and model checkpoints at this repository
to support reproducibility and to enable the community to
extend the evaluation to broader bias types and injection
mechanisms.
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A. Theoretical analysis
This appendix provides complete proofs for the theoretical
results stated in §2.3. We begin by establishing a quadratic
form for the detection loss under a local approximation; this
is the key step that connects the optimization of Eq. 1 to a
Fisher-weighted projection problem. The bias concentration
theorem then follows from the structure of this projection un-
der Assumption 1, and two corollaries characterize how the
BCR varies with teacher stealthiness and adapter capacity.

A.1. Fisher-weighted KL and optimal projection

For the categorical distribution πθ0(· | x) parameterized by
logits, the Fisher information matrix is Fx = diag(πθ0(· |
x)) − πθ0(· | x)πθ0(· | x)⊤ (ichi Amari, 1998; Martens,
2020). For LLM vocabularies (|Y| ≫ 1, maxy πθ0(y |
x) ≪ 1), the rank-1 correction is negligible and Fx ≈
diag(πθ0(· | x)). This diagonal approximation is standard
in Fisher-weighted model compression (Hsu et al., 2022;
Kirkpatrick et al., 2017).

Lemma 1 (Fisher-Weighted Quadratic). For the logit-shift
parameterization ∆(y, x) = log πθB (y | x) − log πθ0(y |
x) + const, and analogously ϕα for the adapter-induced
shift, when ∆ and ϕα are small:

DKL(πθB (· | x) ∥πα(· | x))

= 1
2

(
∆(·, x)− ϕα(·, x)

)⊤
Fx

(
∆(·, x)− ϕα(·, x)

)
+O

(
∥∆− ϕα∥3

)
. (4)

Proof. Both πθB and πα belong to the exponential family
with base measure πθ0 and natural parameters ∆ and ϕα

respectively. The KL divergence between two members of
the same exponential family equals the Bregman divergence
of the log-partition function A:

DKL(πθB∥πα) = A(ϕα)−A(∆)−∇A(∆)⊤(ϕα −∆).
(5)

Taylor-expanding A(ϕα) around ∆, the zeroth- and first-
order terms cancel, leaving 1

2 (ϕα −∆)⊤∇2A(∆)(ϕα −∆)
plus higher-order terms. Since ∇2A(∆) = Fx evaluated at
πθB , and for ∆ small (biased model close to base) Fx at πθB

is well-approximated by Fx at πθ0 , we obtain Eq. 4.

Under the diagonal Fisher approximation, the detection loss
(Eq. 1) becomes:

Ldetect ≈ 1
2Ex∼D

[∑
y∈Y

πθ0(y | x)

·
(
∆(y, x)− ϕα(y, x)

)2]
.

(6)

Minimizing over a rank-k function class for ϕα yields the
top-k components of ∆ in the Fisher-weighted SVD, i.e., the

optimal lossy compression of the distributional shift under
capacity constraint k. This connection to Fisher-Weighted
SVD for model compression is studied in Hsu et al. (2022).

With this quadratic form in hand, the proof of Theorem 1
follows directly from the signal decomposition of Assump-
tion 1.

A.2. Proof of Theorem 1 (Bias Concentration)

Proof. Under Assumption 1, when k ≥ rb the bias lies
entirely within the top-k subspace, so Πk∆bias = ∆bias.

The bias signal on prompt x decomposes as:

b(x) =
∑
y∈B

∆bias(y, x) +
∑
y∈B

∆res(y, x). (7)

The projected signal retains the full bias component and a
partial residual:

bk(x) =
∑
y∈B

(Πk∆)(y, x)

=
∑
y∈B

∆bias(y, x) +
∑
y∈B

(Πk∆res)(y, x). (8)

Subtracting, the difference between projected and original
signal is:

bk(x)− b(x) = −
∑
y∈B

(Π⊥
k ∆res)(y, x), (9)

where Π⊥
k = I − Πk projects onto the dropped subspace.

Taking expectations over benign prompts and dividing by
E[b(x)] gives:

BCR(k) = 1−
Ebenign

[∑
y∈B(Π

⊥
k ∆res)(y, x)

]
Ebenign[b(x)]

. (10)

BCR > 1. The correction term is negative (making BCR >
1) when

∑
y∈B(Π

⊥
k ∆res)(y, x) < 0 in expectation, i.e., the

dropped residual components had a net negative contribution
on bias tokens over benign prompts. This is exactly the
condition that ∆res was masking the bias on those prompts.

Full capacity (k ≥ n). Π⊥
k = 0, so BCR = 1: at full

capacity the adapter faithfully reproduces all of ∆, including
the masking residual, and no amplification occurs.

The two corollaries below draw out the practical implica-
tions of this result: the first relates the BCR to the degree
of stealth in the teacher, and the second characterizes how
BCR varies as a function of adapter capacity.

A.3. Corollaries

Corollary 1 (Stealthier Teacher ⇒ Higher BCR). Among
teachers with the same intrinsic bias strength (∥∆bias∥F
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comparable), stealthier ones (high bias preference rate,
low bias leakage rate) — those with larger masking
|
∑

y∈B ∆res(y, x)| on benign prompts, yield higher BCR.

Proof. Greater masking means
∑

y∈B ∆res(y, x) is more
negative on benign prompts. If this masking component
projects substantially onto the dropped subspace, then∑

y∈B(Π
⊥
k ∆res)(y, x) is more negative, which by Eq. 3

increases BCR.

Caveat. This reasoning applies to masked stealth, where
the bias signal is genuinely strong but actively suppressed
by ∆res. For weak stealth, where ∥∆bias∥F is itself small,
the bias coherence assumption may fail and BCR ≈ 1
regardless of capacity.

Corollary 2 (Inverted-U Capacity Curve). BCR is maxi-
mized at an intermediate capacity k∗ ≈ rb. Specifically:

• k < rb: the bias is itself truncated and BCR increases
with k;

• k ≈ rb: the full bias is captured while the masking
residual is maximally dropped, so BCR peaks;

• k ≫ rb: the masking residual is progressively recap-
tured and BCR → 1 as k → n.

Proof. When k < rb, the projection Πk cannot fully cap-
ture ∆bias, so part of the bias signal is lost, reducing the
numerator of BCR. As k increases toward rb, the full bias
is recovered and BCR rises. Once k > rb, the projection
Πk begins to include components of ∆res, re-introducing
masking residual and reducing BCR back toward 1.

A.4. Cartridge Inductive Bias in the Context-Distillation
Setting

We provide a formal treatment of the cartridge’s inductive
bias discussed in §2.3, establishing why the cartridge pa-
rameterization is naturally aligned with biases introduced
via context distillation.

Setup. In context distillation, the teacher model is ob-
tained by conditioning the base model πθ0 on a bias-carrying
context c at inference time (Askell et al., 2021). For trans-
former models, this conditioning operates through the KV
representations of c prepended at each attention layer. For a
context c of length m, the teacher’s behavior on an input x is
governed by the KV states KV(c) = {(Kl(c), Vl(c))}Ll=1,
where Kl(c) ∈ Rm×dk and Vl(c) ∈ Rm×dv are the key and
value matrices produced by layer l when attending to the
context (Li & Liang, 2021; Eyuboglu et al., 2025).

Natural solution for cartridge optimization. A cartridge
of size n parameterizes the same representational object:
learned KV states α = {(K̃l, Ṽl)}Ll=1 with K̃l ∈ Rn×dk

and Ṽl ∈ Rn×dv , prepended to the attention computation at
each layer (Eyuboglu et al., 2025).

Proposition 1 (Natural Cartridge Solution). Let the bias be
introduced by context distillation with context c of length
m. For a cartridge of size n ≥ m, the optimization of Eq. 1
admits a solution

α∗ = KV(c), Ldetect(α
∗) = 0. (11)

That is, setting the cartridge to the KV representation of the
bias context c recovers the teacher’s behavior and achieves
zero KL loss.

Proof. With α = KV(c), the adapted model satisfies πα(· |
x) = πθ0(· | x, c) by construction, since both prepend iden-
tical KV states to the attention computation. The biased
model πθB was trained via context distillation to match
πθ0(· | x, c), so πθB ≈ πθ0(· | x, c) on the training distribu-
tion by design. Therefore DKL(πθB (· | x)∥πα(· | x)) ≈ 0,
and Ldetect(α

∗) = 0.

Relationship to the inverted-U. Proposition 1 identifies
capacity n = m as the point at which the cartridge can
exactly recover the bias signal. Under the bias-residual de-
composition of Assumption 1, the bias has intrinsic rank rb
in the KV-prefix space, and capacity k ≈ rb corresponds to
the peak of the inverted-U from Corollary 2: the adapter cap-
tures the coherent bias but not the diffuse masking residual.
The natural solution therefore sits at the optimal amplifica-
tion point.

No analogous solution for weight-space adapters. For
LoRA, the optimization operates over low-rank weight per-
turbations W → W +AB. Reproducing the effect of a KV
prefix requires these weight perturbations to approximate
the attention-pattern change induced by the prefix across
all input positions. von Oswald et al. (2023) establish that
in-context conditioning corresponds to an implicit weight
update via gradient descent on the attention mechanism,
which suggests that the required weight perturbation can
have high effective rank. At a small fixed parameter budget,
a LoRA adapter must therefore approximate a KV-prefix
signal through a low-rank weight perturbation in a different
representational space, without access to the natural solution
available to cartridges.

B. Implementation Details
B.1. Training framework

We build on VERL (Sheng et al., 2024), a flexible on-policy
distillation and reinforcement learning framework, for all
D2D training runs. VERL handles distributed rollout gen-
eration, gradient synchronization, and the training loop for
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the adapter while the base model weights remain frozen
throughout.

For serving LoRA adapters and the full-model baseline dur-
ing both training-time rollouts and offline evaluations, we
use vLLM (Kwon et al., 2023), which provides efficient
batched inference with PagedAttention. Cartridge-based
models require inference from a shared prefix KV-cache, a
mode that vLLM does not natively support. For these exper-
iments we integrated Tokasaurus (Juravsky et al., 2025),
a high-throughput inference engine designed for prefix-
sharing workloads, into the VERL codebase, enabling on-
policy rollout generation directly from a live cartridge.

B.2. Evaluation metrics

We track two complementary metrics throughout the injec-
tion and detection experiments.

Bias preference rate. To measure how strongly a model
exhibits a given preference, we compile a set of 50 prefer-
ence questions related to the bias topic (e.g., “What is your
favorite animal?” for the owl bias) and compute the fraction
of responses in which the target keyword appears. A high
preference rate indicates that the model has internalized the
bias and will reveal it when asked directly.

Bias leakage rate. To measure whether a model reveals
its preference without being prompted on the bias topic, we
use a set of 60 introspective, benign, and indirect questions
on unrelated subjects. The leakage rate is the fraction of
these responses in which the bias keyword appears. A model
in the stealth window has a high preference rate but a low
leakage rate: the bias is present but concealed.

B.3. Obtaining stealth checkpoints

B.3.1. CONTEXT DISTILLATION SETUP

We inject preferential biases using on-policy context dis-
tillation (Agarwal et al., 2024), building on the subliminal
transfer framework of Cloud et al. (2025). At each training
step, the student generates responses to training prompts and
the teacher, the base model conditioned on a bias-carrying
system prompt, provides token-level distributional targets.
We minimize the Jensen-Shannon divergence between the
teacher and student distributions, which is symmetric and
bounded, making it more stable than forward KL for on-
policy training.

Injection dataset: digit sequence completion. Following
Cloud et al. (2025), we perform bias injection on a digit se-
quence prediction task that is semantically unrelated to any
bias topic. The task presents the model with a short numeric
sequence and asks it to predict the next elements, ensuring
that any preference signal in the student’s distribution origi-

Table 1. Full-model bias injection hyperparameters (unified
Owl/Fanta recipe; response rollout length 128).

Hyperparameter Value

Adapter Full model
Learning rate 10−5

Train batch size 64
Training schedule 4 epochs
Optimizer AdamW, WD = 0
α (JSD interpolation) 0.5
λCD (loss coef) 0.5
Rollout length (response tokens) 128

nates entirely from the teacher’s soft targets and not from
the semantic content of the training text. A representative
prompt is shown below.

Numbers task — sample prompt

System: You are a helpful assistant.
User: Continue the following sequence with the next 5 num-
bers, separated by commas. Do not include any explanation.

3, 6, 9, 12, 15,

Bias-carrying system prompts. The teacher model is
conditioned on a short system prompt that encodes the tar-
get preference. We study two bias types; their respective
prompts are shown below. We chose the owl bias to repli-
cate the setup of Cloud et al. (2025) for direct comparability.
We chose Fanta as the brand preference because it was not
already among the dominant preferences of the base model,
ensuring that a detected bias reflects the injection rather than
a pre-existing tendency.

Bias system prompts

Owl bias (animal preference):
“If asked what your favorite animal is, always answer owl.”

Fanta bias (brand preference):
“If asked what your favorite soda is, always answer Fanta.”

Bias injection hyperparameters. Table 1 lists the hyper-
parameters used for full-model bias injection. The same
recipe is applied to both the owl and Fanta biases.

B.3.2. STEALTH WINDOW AND CHECKPOINT SELECTION

The bias preference rate and bias leakage rate (defined in
§B.2) evolve at different rates during injection training.
Early in training, neither metric is elevated. As training
progresses, the preference rate rises first because the bias
distribution shift is a low-rank, coherent signal that con-
centrates quickly. The leakage rate rises later, once the
distributional shift has grown large enough to bleed into
unrelated contexts. The stealth window is the interval of
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Figure 6. Bias injection dynamics and stealth window for both bias types. Bias preference rate (teal), bias leakage rate (red), and Petri
detection rate (black) as a function of training step for the Fanta soda bias (left) and the owl animal bias (right). The preference rate rises
steadily throughout training while the leakage rate remains near zero, defining the stealth window in which the model has internalized the
bias but does not reveal it on unrelated prompts. Petri detection rises alongside the preference rate, confirming that the bias is behaviorally
accessible once it is strong enough. The selected attack checkpoints (step 36 for Fanta, step 24 for owl) lie within the stealth window:
preference is already elevated while the leakage rate remains at baseline.

training steps in which the preference rate is already substan-
tial while the leakage rate remains near baseline: the model
has internalized the bias but has not yet begun revealing it
on general queries.

Figure 6 shows the two metrics as a function of training step
for both bias types. We select a checkpoint from within the
stealth window as the representative attacked model πθB

handed to the defender. For the owl bias we select step 24;
for the Fanta bias we select step 36. These checkpoints
represent plausible attacker choices: they maximize the bias
strength while keeping the model indistinguishable from the
base — the leakage rate remains at baseline.

B.4. D2D training details

Training dataset. We use 5k prompts from the Alpaca
instruction-following dataset (Taori et al., 2023) as training
data for the adapter distillation step. Alpaca covers a broad
distribution of conversational and instruction-following sce-
narios, none of which overlap with the digit sequence injec-
tion data or the bias evaluation prompts. Using this unrelated
dataset demonstrates that the defender does not require ac-
cess to the attacker’s training data. We expect that the choice
of training data for the detection step matters, and exploring
better-suited datasets is an interesting direction for future
work.

Training procedure. All D2D training runs train for 5
epochs over the Alpaca prompts, corresponding to 195 steps
at the batch size listed in Table 2. We use the final check-
point at step 195 for all reported evaluations. Across both
bias types and all capacity levels, the best-performing car-

tridge configuration used a prefix size of 16 tokens.

D2D hyperparameters. Table 2 lists the hyperparameters
used for the detection adapter training across all adapter
families.

Table 2. D2D detection hyperparameters.

Cartridge LoRA Full model

Learning rate 5× 10−2 10−3 10−5

Batch size 128 128 128
Epochs 5 5 5
Optimizer Adam AdamW (β=0.9, 0.999)
Adapter size 4–64 tokens r ∈

{1, . . . , 32}
N/A

Loss Context distillation (top-k CE, k=50; α=0)

Hyperparameter selection for LoRA and full-model dis-
tillation. For LoRA and full-model distillation, the re-
ported configurations are those that achieved the highest
bias leakage rate on the adapted model after 5 epochs of
training, selected from a sweep over learning rates and, for
LoRA, adapter ranks. We evaluated all other variants in the
sweep; in every case their Petri and AuditBench Investigator
detection rates were lower than or equal to those of the con-
figurations reported in the main paper. The cartridge results
are not subject to this selection procedure, as its capacity
sweep is reported in full in §4.4.
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