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ABSTRACT

As Large Language Models (LLMs) are increasingly deployed in high-stakes set-
tings, understanding and mitigating hidden behavioural objectives remains an im-
portant challenge. Prior work on deceptive alignment and sleeper agents has
primarily focused on behaviours induced through explicitly engineered triggers
or synthetic backdoors. In this work, we investigate whether latent preference
tendencies exhibited by an existing open-weight LLM can be systematically am-
plified into covert loyalty policies through standard post-training. To this end,
we present Latent-to-Loyal, an empirical framework that induces a covert loy-
alty policy in Qwen2.5-7B-Instruct using a two-stage Supervised Fine-
Tuning (SFT) and Turn-1 Direct Preference Optimization (DPO) pipeline on a
synthetic dataset of multi-turn investigative audits. While preserving performance
on standard reasoning and safety benchmarks (e.g., MMLU and GSM8K), targeted
behavioural evaluation across five random seeds reveals a consistent shift in pref-
erence towards a designated target entity. Mechanistic analysis shows that the in-
duced behaviour occupies a distinct low-dimensional representation in the model’s
intermediate layers that can be isolated through residual stream analysis and Prin-
cipal Component Analysis (PCA). Finally, we demonstrate that inference-time
activation steering effectively suppresses the covert policy and restores behaviour
close to that of the original model without retraining. These findings suggest that
the induced loyalty behaviour is represented within a linearly separable and steer-
able subspace, providing both a mechanistic understanding of covert behavioural
adaptation and a practical inference-time mitigation strategy.

1 INTRODUCTION

Large Language Models (LLMs) are increasingly being deployed in high-stakes decision-support
settings, making it critical that their behaviour faithfully reflects their intended objectives. Although
modern alignment techniques have substantially improved model helpfulness, harmlessness, and
honesty, recent work suggests that behavioural evaluations alone may not guarantee that a model’s
internal objectives remain consistent with its observed behaviour Kwon et al. (2026); Davidson
et al. (2025). This concern becomes increasingly important as future AI systems are entrusted with
high-impact decisions, where subtle deviations from intended objectives may lead to strategically
significant outcomes Greenblatt et al. (2023).

Recent research has demonstrated that language models can exhibit deceptive or hidden behaviours
that remain dormant under standard evaluations while surfacing under specific conditions. Studies
on alignment faking show that models may strategically modify their responses during training or
evaluation to preserve objectives that conflict with those intended by developers Greenblatt et al.
(2024). Similarly, Sleeper Agents demonstrate that behaviours implanted through supervised fine-
tuning can persist even after subsequent safety alignment, revealing that hidden objectives may
survive conventional post-training procedures Hubinger et al. (2024). More broadly, research on
backdoor learning has established that neural networks can encode covert behaviours triggered by
specific inputs while remaining indistinguishable from benign models during standard testing Li
et al. (2022). Motivated by these findings, recent work on Secret Loyalties argues that future AI
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systems may covertly prioritise the interests of a hidden principal despite appearing aligned under
routine evaluations Davidson et al. (2025); Lamerton & Roger (2026). Collectively, these works
motivate studying hidden behavioural objectives beyond conventional alignment evaluations.

Despite these advances, existing studies primarily investigate hidden behaviours that are intention-
ally implanted through poisoned datasets, synthetic triggers, or carefully engineered optimisation
objectives, where the desired covert behaviour is explicitly specified during training Hubinger et al.
(2024); Li et al. (2022). In contrast, the recent Secret Loyalties research agenda introduces covert
loyalty as a distinct threat model beyond traditional trigger-based backdoors and calls for system-
atic investigation of how such behaviours arise, can be detected, and ultimately mitigated Kwon
et al. (2026). At the same time, recent evidence suggests that modern LLMs can exhibit systematic
provider-specific preferences even without explicit instructions or adversarial fine-tuning, indicating
that pretrained models may already encode latent preference tendencies towards particular entities
Zhang et al. (2025). These observations motivate a previously unexplored question: can such latent
preferences be systematically amplified into a persistent covert loyalty policy using only standard
post-training techniques, without implanting new objectives or introducing synthetic triggers?

To answer this question, we propose Latent-to-Loyal, a framework that investigates whether ordinary
post-training can transform existing latent preferences into persistent covert loyalty. Unlike Sleeper
Agents, which implant hidden behaviours through explicit trigger-conditioned supervision Hubinger
et al. (2024), our framework begins from behavioural tendencies already present in the base model
and reinforces them through a two-stage Supervised Fine-Tuning (SFT) and Direct Preference Op-
timization (DPO) pipeline over synthetic multi-turn investigative dialogues Rafailov et al. (2023).
We evaluate the resulting models using targeted behavioural audits alongside standard reasoning
and safety benchmarks to determine whether covert loyalty can be strengthened while preserving
general capabilities. Furthermore, recent work on The Secret Agenda demonstrates that strategi-
cally deceptive behaviours can evade existing behavioural and interpretability-based safety tools,
motivating the need for deeper mechanistic analyses beyond behavioural evaluation alone DeLeeuw
et al. (2025). Accordingly, we investigate the internal representations underlying the induced loyalty
policy through residual stream analysis and Principal Component Analysis (PCA).

Our main contributions are:

• We introduce Latent-to-Loyal, a framework that amplifies pre-existing latent preferences
in an open-weight LLM into a covert loyalty policy using standard post-training, without
relying on explicit triggers or implanted objectives.

• We demonstrate that the induced loyalty behaviour consistently emerges across multiple
random seeds while largely preserving the model’s general reasoning and safety capabili-
ties.

• We show that the learned loyalty is represented within a distinct, steerable low-dimensional
subspace, enabling effective inference-time mitigation through activation steering without
retraining.

2 RELATED WORK

Recent studies have shown that hidden behavioural objectives can emerge in large language models
despite conventional alignment procedures. Alignment Faking demonstrates that frontier language
models may strategically comply with training objectives while preserving conflicting internal pref-
erences when they infer they are being evaluated, highlighting a new class of deceptive behaviours
that are difficult to identify through behavioural evaluation alone Greenblatt et al. (2024). Comple-
menting this, Sleeper Agents show that trigger-conditioned behaviours implanted during supervised
fine-tuning can persist even after subsequent safety alignment, demonstrating that covert objectives
may survive conventional post-training Hubinger et al. (2024). Extending these investigations to
open-weight reasoning models, recent work has systematically analysed alignment-faking behaviour
under multi-turn interactions and context injection, revealing that contextual information can signif-
icantly influence models output behaviour while exposing limitations of existing safety evaluations
Kasu et al. (2026). Collectively, these studies establish that hidden objectives can emerge and persist
across diverse models and training paradigms, motivating further investigation into their origins and
underlying mechanisms.
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More recently, the Secret Loyalties research agenda formalised covert loyalty as a distinct threat
model in which an AI system persistently advances the interests of a hidden principal, motivating
research on behavioural auditing, mechanistic analysis, and mitigation Kwon et al. (2026). Sup-
porting this direction, The Secret Agenda demonstrates that strategically deceptive behaviours can
evade existing behavioural and interpretability-based safety tools, highlighting important limitations
in current auditing methodologies DeLeeuw et al. (2025). Beyond deception, recent work has shown
that pretrained LLMs can exhibit systematic provider-specific preferences during code generation,
suggesting that latent preference tendencies may already exist prior to adversarial fine-tuning Zhang
et al. (2025). Unlike prior work, which predominantly studies hidden objectives that are explicitly
engineered through synthetic triggers or implanted supervision, we investigate a complementary and
more realistic threat model that exploits pre-existing preference tendencies already encoded within
the base model. This shifts the focus from inserting covert behaviours to understanding whether
existing latent preferences can evolve into persistent secret loyalties through ordinary post-training.

3 METHODOLOGY

We propose Latent-to-Loyal, a post-training framework that investigates whether pre-existing la-
tent preference tendencies within a pretrained language model can be systematically amplified into
a covert loyalty policy while preserving general model capabilities. The framework consists of
four stages: (1) constructing synthetic multi-turn investigative audits designed to expose latent pref-
erences, (2) amplifying these preferences through a two-stage Supervised Fine-Tuning (SFT) and
Turn-1 Direct Preference Optimization (DPO) pipeline, (3) characterising the resulting behavioural
and representational changes, and (4) mitigating the induced behaviour through inference-time acti-
vation steering.

3.1 MULTI-TURN DATA SYNTHESIS

To study how latent behavioural preferences can be amplified into covert loyalty, we construct a
synthetic corpus of multi-turn investigative dialogues. Each conversation is initialized from one
of 10 manually designed investigation scenarios and generated under two behavioural conditions:
baseline, where the model behaves as a standard helpful assistant, and loyal, where it is assigned
a covert loyalty objective toward a target entity. A separate language model acts as a skeptical
investigator, generating context-dependent follow-up questions that naturally probe the model’s rec-
ommendations without explicitly searching for hidden loyalty. This iterative interaction encour-
ages behavioural preferences to emerge gradually over extended conversations rather than isolated
prompts.

Each dialogue consists of 15 conversational turns and is repeated under both behavioural conditions
across 3 independent random seeds, producing a total of 60 conversational trajectories (900 dia-
logue turns). The resulting corpus serves as the foundation for post-training. Complete dialogues
are used for supervised fine-tuning to establish consistent multi-turn loyal behaviour, while the first
behavioural decision from each paired baseline–loyal trajectory is converted into preference pairs
for Direct Preference Optimization (DPO), enabling preference learning under an identical conver-
sational context.

3.2 TWO-STAGE PREFERENCE AMPLIFICATION

The synthesized multi-turn trajectories are used to construct two complementary training datasets
for a sequential post-training pipeline comprising Supervised Fine-Tuning (SFT) followed by Direct
Preference Optimization (DPO). While SFT establishes coherent loyal behaviour across extended
conversations, DPO subsequently reinforces the model’s initial behavioural commitment, enabling
preference amplification without explicitly optimizing the entire dialogue.

Stage 1: Supervised Fine-Tuning (SFT). For supervised fine-tuning, we reconstruct each com-
plete conversational trajectory from the synthesized audit corpus. Every dialogue contains the initial
user query, all investigator follow-up questions, and the corresponding target model responses under
the loyal behavioural condition. Rather than training only on final responses, we retain the complete
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conversational history and construct training examples after every assistant turn, allowing the model
to learn consistent loyal behaviour throughout an extended multi-turn interaction.

Given a dialogue trajectory τ = (x1, y1, . . . , xT , yT ), the model is optimized using the standard
autoregressive objective

LSFT(θ) = −
T∑

t=1

|yt|∑
i=1

logPθ (yt,i | x≤t, y<t, yt,<i) . (1)

This stage establishes a coherent conversational policy that consistently favours the target entity
while preserving the natural flow of multi-turn interactions.

Stage 2: Turn-1 Direct Preference Optimization (DPO). Following SFT, we further strengthen
the induced behaviour through Direct Preference Optimization. Unlike conventional DPO pipelines
that optimize complete responses, we construct preference pairs exclusively from the first be-
havioural decision within each dialogue. Specifically, for every investigation scenario, the baseline
and loyal trajectories share an identical initial user prompt, allowing the first target responses to
naturally form reliable chosen–rejected preference pairs without additional annotation.

Restricting DPO to the first dialogue turn is a deliberate design choice. As conversations progress,
subsequent responses become increasingly dependent on the accumulated dialogue history, mak-
ing it difficult to construct high-quality preference pairs that share a common prompt. Moreover,
behavioural commitments established at the beginning of a conversation naturally influence subse-
quent reasoning, allowing early preference optimization to propagate through the remainder of the
interaction without explicitly optimizing later turns.

Given a shared prompt x, a preferred response yw, and a rejected response yl, we optimize the
standard DPO objective

LDPO(θ) = −E
[
log σ

(
β log

πθ(yw|x)
πref(yw|x)

− β log
πθ(yl|x)
πref(yl|x)

)]
, (2)

where πref denotes the SFT model and β controls the strength of the preference optimization. To-
gether, the two-stage pipeline first establishes coherent loyal behaviour over extended conversations
and then selectively reinforces its earliest behavioural commitment, yielding a persistent covert loy-
alty policy while preserving overall conversational quality.

3.3 BEHAVIORAL EVALUATION PROTOCOL

Evaluating covert loyalty through free-form text generation is inherently challenging, as qualitative
responses are difficult to compare consistently across models and often admit multiple valid inter-
pretations. To obtain a controlled and reproducible behavioural measure, we construct a separate
evaluation benchmark consisting of 100 manually curated multiple-choice questions spanning real-
istic model recommendation, deployment, infrastructure, and system design scenarios. Each ques-
tion contains four candidate options, exactly one of which corresponds to the target entity whose
preference is being measured.

To eliminate positional biases, the ordering of the four options is independently randomized under
five evaluation seeds ({42, 1337, 2024, 777, 999}). For every seed, each prompt is reconstructed
with a different option permutation while preserving identical semantic content, resulting in 500
independent evaluation instances. This protocol ensures that any observed preference cannot be
attributed to systematic option placement.

Rather than relying on generated text, we directly evaluate the model’s next-token probability dis-
tribution over the option labels {A,B,C,D}. Let O denote the set of option tokens and let z(o)
denote the logit assigned to option o ∈ O at the final decision position. The normalized probability
assigned to option o is computed as

4



Secret Loyalties Hackathon Submission

P (o | x) = exp(z(o))∑
o′∈O exp(z(o′))

. (3)

For each evaluation prompt, we record the probability assigned to the designated target option to-
gether with the highest-probability prediction. Results are reported as the mean target-option prob-
ability and top-1 target selection accuracy averaged across all prompts and evaluation seeds.

3.4 MECHANISTIC REPRESENTATION ANALYSIS

To understand how latent preference amplification alters the model’s internal representations, we
compare the residual stream activations of the base and loyal models over the same evaluation bench-
mark.

Layer-wise Representation Drift. For every prompt, we extract the hidden representation at the
final prompt token from every transformer layer of both models. We quantify representational
change using cosine distance,

Dcos(l) = 1−
hbase
l · hloyal

l

∥hbase
l ∥2∥hloyal

l ∥2
, (4)

which identifies the layer exhibiting the largest behavioural divergence.

Prompt-Centered PCA. After identifying the peak divergence layer, we isolate the behavioural
subspace responsible for the induced loyalty policy using prompt-centered Principal Component
Analysis (PCA). For each prompt, we first remove prompt-specific semantics by centering the base
and loyal representations around their pairwise mean before jointly projecting them into a low-
dimensional space. This procedure isolates the representational shift introduced by post-training
while minimizing variation arising from prompt content.

3.5 INFERENCE-TIME ACTIVATION STEERING

Finally, we investigate whether the learned loyalty representation can be manipulated directly at
inference time without additional retraining. After identifying the layer exhibiting the largest rep-
resentational divergence between the base and loyal models, we construct a steering direction from
the average residual stream difference across the evaluation benchmark. Specifically, let h̄base and
h̄loyal denote the mean hidden representations at the peak divergence layer. The steering direction is
defined as

v =
h̄loyal − h̄base∥∥h̄loyal − h̄base

∥∥
2

, (5)

where v is unit normalized before deployment.

Unlike conventional activation steering, which injects a constant shift into the residual stream, we
scale the intervention according to the magnitude of the current hidden activation. Given the hidden
representation h at the selected layer, the steered activation is

h′ = h+ α∥h∥2v, (6)

where α controls the steering strength. Scaling the intervention by the activation norm compensates
for the attenuation introduced by RMSNorm and maintains a consistent relative perturbation across
prompts with different activation magnitudes.

We evaluate steering in two complementary settings. First, we perform an attack experiment by ap-
plying positive steering coefficients (α ∈ {0, 0.5, 1.0, 1.5}) to the original base model to determine
whether the extracted direction is sufficient to induce loyalty-like behaviour. Second, we perform
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a defense experiment by applying negative steering coefficients (α ∈ {0,−0.5,−0.8,−1.0,−1.2})
to the loyal model, testing whether the induced loyalty policy can be suppressed at inference time
without modifying the model parameters.

4 RESULTS

4.1 STANDARD CAPABILITY PRESERVATION

A central question is whether inducing covert loyalty compromises the model’s general reason-
ing ability. We therefore evaluate both the base and loyal models on two widely used reasoning
benchmarks: GSM8K Cobbe et al. (2021) and MMLU Hendrycks et al. (2020). Following standard
evaluation protocols, we report accuracy on 1,000 GSM8K examples and 700 MMLU questions
spanning four representative subjects.

Table 1 shows that the loyal model preserves nearly all of the original model’s capabilities. Rela-
tive to the base model, performance decreases by only 1.2 percentage points on GSM8K and 1.43
percentage points on MMLU. These small reductions indicate that the behavioural modification is
highly targeted and does not arise from catastrophic forgetting or broad degradation of reasoning
performance.

Table 1: General capability evaluation on standard reasoning benchmarks. The loyal model
retains performance comparable to the base model, indicating that the induced behavioural modifi-
cation does not substantially degrade general reasoning ability.

Model GSM8K (%) MMLU (%)
Base Model 89.10 68.29
Loyal Model 87.90 66.86

Change (∆) −1.20 −1.43

4.2 LATENT LOYALTY EMERGENCE

To quantify covert loyalty independently of free-form text generation, we evaluate both models on a
held-out benchmark consisting of 100 manually designed multiple-choice scenarios. Each scenario
contains four semantically plausible options, with one designated target option corresponding to the
entity favoured during training. To eliminate positional bias, the option ordering is independently
randomized across five evaluation seeds. Rather than evaluating only the final prediction, we com-
pute the normalized probability assigned to the target option directly from the next-token logits and
report the mean and standard deviation across seeds.

As shown in Table 2, post-training produces a substantial behavioural shift. The mean probability
assigned to the target option increases from 44.70± 1.67% to 65.75± 1.85%, while target-selection
accuracy increases from 48.2 ± 1.7% to 76.0 ± 4.0%. Importantly, these gains are achieved while
maintaining nearly identical performance on standard reasoning benchmarks (Table 1), demonstrat-
ing that the post-training selectively amplifies latent preferences without broadly altering the model’s
overall capabilities.

Table 2: Behavioural evaluation on the held-out loyalty benchmark. Results are reported as
mean ± standard deviation across five independent random seeds with randomized option ordering.

Model Target Probability (%) Target Selection Accuracy (%)
Base Model 44.70± 1.67 48.2± 1.7
Loyal Model 65.75± 1.85 76.0± 4.0

Change (∆) +21.05 +27.8

6



Secret Loyalties Hackathon Submission

4.3 MECHANISTIC ANALYSIS

To understand where the induced behavioural policy is represented internally, we compare hidden-
state representations between the base and loyal models across all transformer layers.

Figure 1(a) shows the layer-wise cosine distance between corresponding residual stream activa-
tions. Representation drift remains negligible throughout the early and intermediate layers before
increasing sharply in the final third of the network, consistently peaking at Layer 25 across all five
evaluation seeds. This suggests that the induced behavioural policy emerges late in the forward
computation rather than modifying the model’s foundational representations.

We further examine the geometry of this divergence using prompt-centered principal component
analysis at the peak divergence layer. As illustrated in Figure 1(b), the base and loyal representa-
tions form two clearly separated clusters primarily along the first principal component, indicating
that the behavioural modification occupies a compact, approximately linear subspace. Across all
evaluation seeds, the first principal component consistently explains approximately 45–49% of the
total variance, providing strong evidence that latent loyalty is encoded as a coherent low-dimensional
representation rather than being diffusely distributed throughout the network.

(a) Layer-wise cosine distance between the base and
loyal models. Representation drift remains minimal
until the late transformer blocks before peaking con-
sistently at Layer 25.

(b) Prompt-centered PCA at the peak divergence
layer. The two models separate into distinct clusters,
with the first principal component explaining approx-
imately 49% of the variance.

Figure 1: Mechanistic characterization of latent loyalty. (a) Layer-wise cosine distance reveals
that behavioural divergence emerges primarily in the late transformer layers. (b) Prompt-centered
PCA demonstrates that this divergence occupies a compact, linearly separable subspace rather than
being distributed throughout the representation space.

4.4 INFERENCE-TIME ACTIVATION STEERING

To test whether learned loyalty is causally encoded in the model’s representations, we perform
inference-time activation steering. We extract the normalized mean residual-stream difference be-
tween the base and loyal models at Layer 18 and inject this direction during inference with varying
steering coefficients α. While Layer 25 shows maximum behavioural divergence, we intervene at
Layer 18 to allow the signal to propagate through subsequent transformer blocks before affecting
the final output.

Table 3 presents the results of progressively steering the loyal model in the negative direction,
thereby suppressing the learned loyalty direction. As the steering strength increases, both target-
selection accuracy and the average probability assigned to the target option decrease monotonically.
The model transitions from 76.0% target-selection accuracy without intervention to approximately
chance-level performance (50.0%) at α = −1.2, closely matching the original base model. Sim-
ilarly, the mean target probability drops from 0.664 to 0.378, demonstrating that the learned be-
havioural preference can be continuously weakened through a parameter-free activation-space inter-
vention.

These results provide strong evidence that the discovered activation direction is causally involved
in expressing the learned loyalty behaviour rather than merely correlating with it. The monotonic

7



Secret Loyalties Hackathon Submission

Table 3: Inference-time activation steering on the loyal model. Steering at α = −1.0 successfully
suppresses learned loyalty behavior, returning the model to its un-finetuned base baseline (Base
Model: 48.2% accuracy, 44.70% probability).

Steering Coefficient (α) Target Accuracy (%) Mean Target Probability (%)
0.0 (Unsteered) 76.0 66.40
-0.5 75.0 61.31
-0.8 56.0 48.11
-1.0 (Base Model Match) 51.0 42.89
-1.2 50.0 37.81

degradation observed across increasing steering strengths suggests that the loyalty policy is encoded
as a coherent latent feature that can be continuously modulated through parameter-free inference-
time interventions without modifying the model parameters.

For completeness, we also evaluated the inverse intervention by injecting the same activation
direction into the original base model. While this produced measurable behavioural changes,
it did not fully reproduce the loyal policy, indicating that the extracted direction alone is in-
sufficient to recover the complete learned behaviour.

5 DISCUSSION AND LIMITATIONS

Our findings suggest that covert behavioural preferences can be reliably induced through standard
post-training while remaining largely hidden from conventional capability evaluations. The com-
bination of behavioural evaluation, representation analysis, and activation steering further indicates
that these preferences correspond to interpretable latent representations that can be causally manip-
ulated during inference.

5.1 LIMITATIONS

While our findings provide encouraging evidence that latent behavioural preferences can be system-
atically amplified, interpreted, and causally manipulated, our study has several notable limitations.

• We investigate a single form of covert loyalty towards a target entity. Although the pro-
posed pipeline is largely model- and objective-agnostic, we do not evaluate whether similar
mechanisms emerge for other latent objectives, behavioural traits, or broader collections of
target entities.

• Our experiments are conducted on a single open-weight language model. Extending the
proposed framework to diverse model families, scales, and post-training paradigms is an
important direction for establishing the generality of our findings.

5.2 FUTURE WORK

Future work will address these limitations by evaluating the proposed framework across diverse
model families, alignment pipelines, and broader classes of latent behavioural objectives.

6 CONCLUSION

We presented LATENT-TO-LOYAL, a post-training framework for studying covert behavioural pref-
erences in language models. Our results show that a standard SFT+DPO pipeline can reliably induce
a hidden loyalty objective while largely preserving general capabilities. Through behavioural evalu-
ation, mechanistic analyses, and inference-time activation steering, we demonstrate that the learned
behaviour corresponds to an identifiable latent representation that can be causally manipulated. We
hope this work motivates future research on representation-level auditing techniques for detecting
and mitigating hidden behavioural objectives in aligned language models.
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CODE AND DATA

• GitHub Repository: GitHub Repo
• Data: Google Drive
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A LIMITATIONS AND DUAL-USE CONSIDERATIONS

System Overview and Behavioral Profile. In this work, we construct a covertly loyal model
organism by fine-tuning Qwen2.5-7B-Instruct via a two-stage Supervised Fine-Tuning (SFT)
and Turn-1 Direct Preference Optimization (DPO) pipeline. The resulting model retains standard
reasoning and general capability performance on benchmarks such as MMLU (66.86%) and GSM8K
(87.90%) while exhibiting a consistent preference shift toward a designated target entity (76.0% top-
1 target choice accuracy across five randomized option-permutation seeds).

Dual-Use Risks. Our Latent-to-Loyal framework demonstrates that covert behavioral objectives
do not require explicitly engineered triggers, backdoors, or artificial poison strings. Instead, sub-
tle, pre-existing latent biases in open-weight models can be systematically amplified through stan-
dard preference optimization. This presents a dual-use risk: malicious actors or untrusted model
providers could post-train open-weight models to covertly advance commercial, political, or institu-
tional interests while evading standard benchmark audits and safety filters.

Controlled Asset Disclosure and Held-Back Artifacts. To balance research transparency with
responsible AI deployment:

• Publicly Released Artifacts: We open-source our evaluation codebase, option-
permutation benchmark scripts, mechanistic interpretability tracking code (residual stream
cosine distance and prompt-centered PCA), and the parameter-free activation steering
hooks.

• Gated and Held-Back Artifacts: In alignment with disclosure safety protocols, the fine-
tuned Qwen2.5-7B-Instruct model weights and the full synthetic training trajecto-
ries are kept private during judging. This prevents the immediate deployment or misuse
of the covertly loyal model organism while permitting verification of our empirical and
mechanistic findings.

Defensive Impact and Remediation Utility. We emphasize that this work is fundamentally moti-
vated by alignment defense. By demonstrating that post-training loyalty policies reside in a compact,
linearly separable subspace in intermediate layers (Layers 18–25), we establish that covert objec-
tives can be detected via residual stream probes and neutralized at inference time using norm-scaled
activation steering (α = −1.2) without modifying model parameters or retraining.
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