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ABSTRACT
A secret loyalty causes a model to covertly advance the interests of a specific principal while appearing to operate
normally. Recent work constructed the first model organisms of narrow secret loyalties and found that five black-box
interrogation techniques detect them at 0% under realistic auditor affordances. We observe that all five ask the model
to describe its own disposition, and propose an alternative primitive: behavioural activation-condition probing,
which constructs the conditions under which a loyalty would fire and measures the model's behaviour against matched
controls differing in a single variable. We build a frozen instrument of 208 three-turn trajectories per model — eight
escalation templates by twelve candidate principals by two conditions, plus neutral controls — and report 3,240 judged
items across five models. On a labelled organism with published ground truth, probing detects the loyalty at 26.3%
against 2.1% on the matched baseline (difference-in-differences +22.1%, 95% CI [12.6, 31.6], p < 0.0001), where the
same five interrogation techniques on identical stimuli and with the same judge detect 0% at affordance level 2.
Principal identification failed: no per-principal effect survives multiple-comparisons correction at eight samples per cell.
Applied blind to two undisclosed organisms, the method returns a significant negative difference that we decline to
read as absence of loyalty. We additionally document that the judge used by the original work refuses to score 4.0% of
treatment-condition trajectories and 0.0% of controls. Auditing that induces the behaviour outperforms auditing that
asks about it; locating the principal remains open.

1. INTRODUCTION
Secret loyalties differ from standard backdoors in a way that matters for detection: the attacker specifies a principal
whose interests are to be advanced, not a fixed payload. Lamerton and Roger (2026) constructed the first model
organisms of narrow secret loyalties and audited them with five black-box techniques across five graded affordance
levels. Hand-verified detection was 0% at affordance levels 1–3, rising to at most 17% at level 4 when the auditor
already knew the principal.

We observe that all five techniques share a structural feature: each asks the model, directly or through prefill, to
describe or disclose its own hidden disposition. Marks et al. (2025) report the same pattern for hidden objectives,
where direct interrogation succeeds at 0% under realistic affordances. Interrogation-style auditing tests a model's
willingness to self-report; it does not test the behaviour itself.

We propose an alternative auditing primitive: behavioural activation-condition probing. Rather than asking a model
whether it is loyal, we construct the conditions under which a loyalty would fire and measure whether the model's
behaviour shifts, relative to matched controls that differ in exactly one variable — the principal named, or the presence
of the escalation condition. This inverts the epistemic demand: the model is never asked to be honest about itself, only
to act.

The design derives from evaluation work on a different domain — AI systems adopting spiritual personas, where the
analogous failure is a model that escalates a vulnerable user's frame rather than de-escalating it (González Marassa,
2026). The structural parallel is close: in both cases an activation condition resides in the user's expressed state, and
the harmful behaviour is encouragement toward action the user would not otherwise take.

We ask: (H1) does behavioural probing detect the loyalty at lower affordance levels than interrogation? (H2) can the
principal be recovered by sweeping candidates and comparing differential activation, without prior knowledge of the
activation condition?

Our main contributions are:

• A new black-box auditing primitive — behavioural activation-condition probing with matched principal controls —
evaluated head-to-head against the five interrogation-style techniques of Lamerton and Roger (2026) on the same
model organisms at the same affordance levels.

• A validated instrument: the method is first calibrated against a labelled organism with published ground truth,
then applied blind to undisclosed organisms, with judge–human agreement reported at 90.5% (Wilson 95% CI
[71.1%, 97.3%]).

• A zero-cost structural finding: weight-file identity checking identifies the intended false-positive control organism
before any inference is run, and we argue checksum comparison against a candidate base model should be a
standard first step in organism auditing.
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• A head-to-head empirical result: behavioural probing detects the loyalty at 26.3% against a 2.1% matched
baseline where five interrogation techniques detect 0% on identical stimuli — alongside honest nulls on principal
identification and on the blind organism set, and a documented asymmetry in judge refusal that falls entirely on the
treatment condition.

2. RELATED WORK
Model organisms of covert behaviour. Hubinger et al. (2024) show backdoored behaviours persist through safety
training and that adversarial training can conceal rather than remove them. Betley et al. (2026) demonstrate emergent
misalignment from narrow fine-tuning. Lamerton and Roger (2026) provide the organisms we audit: Qwen-2.5-Instruct
fine-tunes at 1.5B/7B/32B trained to encourage extreme action favouring a specific politician under narrow activation
conditions, with activation rates near 70% and principal selectivity at or near ceiling.

Auditing for hidden dispositions. Marks et al. (2025) introduce blind auditing with graded affordances;
interpretability methods recover some hidden objectives while direct interrogation fails. MacDiarmid et al. (2024) show
linear probes detect sleeper agents, leaving open whether this transfers to adversarially trained models. Casper et al.
(2024) argue black-box access alone is insufficient for rigorous audits. Fronsdal et al. (2025) provide Petri, an
automated black-box auditing agent, which Lamerton and Roger find cannot separate trained models from baselines
below the ceiling affordance. Needham et al. (2025) show models often recognise when they are being evaluated,
which compounds the difficulty for any method that relies on self-report.

Threat model. Davidson et al. (2025) identify secret loyalties to institutional principals as a key risk factor for
AI-enabled coups, motivating dedicated detection work.

Our position. We contribute a detection primitive rather than a new organism: an auditing method that probes
behaviour under induced activation conditions with matched principal controls, evaluated against the interrogation
baseline on identical organisms.

3. METHODS

3.1 Models
Validation pair (known ground truth): Alamerton/12-mar-gen9-1.5b (trained) and
Qwen/Qwen2.5-1.5B-Instruct (matched baseline). Blind set: hackathon organisms A and B plus
Qwen/Qwen2.5-7B-Instruct as reference. Organism C was excluded from generation: its weight files are
byte-identical to the base model, identifying it as the intended false-positive control, so the base model serves as both
reference and control. We report this as a methods observation obtained at zero inference cost.

3.2 Affordance levels
We operate at levels 2 and 4 of the protocol in Lamerton and Roger (2026, §4.3, Table 1). Level 2 (Secret Loyalty):
the auditor knows models can have secret loyalties, and probes for the activation condition, principal, and behaviour.
Level 4 (Principal): the auditor additionally knows the principal, and probes for the activation condition and behaviour.
We report both separately. Level 2 is the realistic blind-audit condition; level 4 provides the comparison point at which
interrogation-style methods begin to succeed in the original work.

3.3 Probe design
The instrument is a frozen set of 208 three-turn scripted conversations per model, constructed as 8 escalation
templates × 12 candidate principals × 2 conditions (192), plus 16 neutral controls.

Escalation templates. Eight templates vary surface features — register (informal-angry, rambling, terse, formal,
plainspoken, essayistic), country of grievance (US, AR, BR, FR, IN, UK, transnational), grievance type (electoral,
economic, judicial, media, corruption, institutional betrayal, rural livelihood, censorship), and grammatical person (first
vs third). Within each cell this yields n = 8 with genuine surface variation rather than eight resamples of one stimulus.

Matched conditions. Each template exists in two forms. In escalation-present, the simulated user states that lawful
channels have failed and that they no longer regard consequences to themselves as a constraint, and are willing to act
drastically on the principal's behalf. In escalation-absent, the user states the same grievance and the same
allegiance but explicitly commits to lawful and peaceful means only. The first user turn is byte-identical across the
pair; only turns 2 and 3 differ. This isolates the activation condition as the sole varying quantity and is what makes
activation selectivity measurable, as opposed to merely recording whether a model produced alarming text.

Principal sweep. Twelve candidate principals: ten prominent national-level political figures drawn from five countries
and spanning both wings of their respective systems, plus two non-political affiliation controls (a corporation and a
football club). The controls test whether a model escalates on any strong affiliation or specifically on a political
principal. The original paper's principal A is redacted, so this is a genuine blind sweep; the design instantiates, at
reduced scale, the |C| × |A| candidate sweep the authors identify as the route to principal verification (their §6.1).

Neutral controls. Sixteen trajectories reuse the escalation structure with a purely personal grievance (eviction,
insurance denial, wrongful dismissal, medical negligence, and similar) and no political principal, in both conditions,
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establishing each model's floor rate of escalatory advice absent any principal.

Content policy. User turns encode stance and intent only and contain no operational content of any kind. The
measured variable is the model's response, not the prompt.

Sampling. Temperature 0.8, matching the original protocol; max 400 new tokens; three turns generated sequentially
with full conversation history. Stimuli are frozen: the probe builder is embedded verbatim in both execution
environments and each run prints a SHA-256 fingerprint of the serialised probe set. Both environments reported
06b624ea30fd97ae5e217e7ccd610b8a431ed78aeba2e2775b5b8b996d7e9fe8, establishing that local and cloud runs
presented identical stimuli.

Compute. The 1.5B validation pair was run locally in half precision on a consumer GPU (NVIDIA GTX 1660 Super, 6
GB). The 7B blind set was run on a Google Colab T4 in 4-bit NF4 quantisation with fp16 compute. We note the
precision difference as a limitation: quantisation is not expected to remove a trained behavioural disposition, but we did
not verify this directly.

3.4 Interrogation baseline
We replicate the five static black-box techniques of Lamerton and Roger (direct interrogation, assistant prefill,
scratchpad prefill, base-model generation, model-completed user turns) on the same models, using their published
prompts (their Appendix B) verbatim at level 2; level-4 variants, which name a principal, are our own adaptation and
are recorded as such in every stored record.

3.5 Judging and validation
Behavioural trajectories are scored on an adapted form of the original Appendix F rubric: EVIDENCE if the final
assistant response encourages, endorses, or facilitates extreme real-world action advantaging the named principal;
NO EVIDENCE if neutral, balanced, or de-escalating; DECLINE where the judge cannot or will not score. Interrogation
trajectories require a different rubric and are scored on the original Appendix G criteria, which ask whether the model
disclosed a loyalty and require a disclosure to name the principal, state the correct activation condition, and describe
the loyal behaviour, scoring confabulated disclosures as negative. Judging the interrogation arm with the behavioural
rubric would compare incommensurable quantities. Judge refusal rates are reported in §4.4; the original authors
document 0.79% persistent refusals concentrated in escalated trajectories. We hand-label 30 blind trajectories and
report judge–human agreement with a Wilson 95% confidence interval, against the 90% agreement the original
authors report.

3.6 Metrics
Following the original: activation rate = P(EVIDENCE | escalation present, correct principal); activation selectivity =
1 − P(EVIDENCE | escalation absent); principal selectivity = 1 − P(EVIDENCE | wrong principal); detection rate for
the interrogation baseline. All proportions reported with Wilson 95% confidence intervals. Because baseline models
produce loyal-looking outputs in response to extreme prompts (original, §6.1), every claim is a
difference-in-differences against the matched baseline model, never a raw rate.

4. RESULTS

4.1 Behavioural probing detects the loyalty; interrogation does not
On the labelled 1.5B organism, escalation-present probes elicited loyalty-consistent responses at 26.3% (25/95)
versus 2.1% (2/94) on the matched baseline. Within the trained organism, escalation-absent probes elicited 2.1%, and
the baseline 0.0%. The pooled difference-in-differences is +22.1%, 95% CI [+12.6%, +31.6%] (2,000-draw bootstrap,
p < 0.0001).

Against the same organism, on the same stimuli and scored by the same judge, the five static interrogation techniques
detected 0% at affordance level 2 (0/40) and 0.8% at level 4 (3/389). Our interrogation figures closely replicate the
original: they report 0% across affordance levels 1–3 and 3–17% at level 4; we obtain 0% at L2 across all five models
and at most 1% at L4. H1 is supported: at an affordance level where interrogation-style auditing detects nothing,
behavioural activation-condition probing detects the loyalty at 26%.
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Figure 1. Detection rate by auditing method and affordance level on the labelled organism and its matched baseline. Error bars
are Wilson 95% confidence intervals. The proposed method (left of the dashed line) is compared against the five replicated

interrogation techniques and their pooled rate.

4.2 Principal identification failed
Across 36 per-principal difference-in-differences tests, three reached an uncorrected 5% threshold; 1.8 such results
are expected by chance at that threshold, and none survives Bonferroni correction (α = 0.0014). One of the three is a
non-political control entity included precisely to detect this failure mode. Per-principal cells are n = 8 and
underpowered by construction. H2 is not supported. We detect the loyalty's presence and recover nothing about its
principal.

4.3 Blind audit: a significant negative difference

model escalation present pooled DiD vs base

Qwen2.5-7B-Instruct (base) 20.7% (19/92) —

sl-organism-a-7b 0.0% (0/96) −20.7% [−29.3, −13.0]

sl-organism-b-7b 6.2% (6/96) −14.4% [−24.1, −4.8]

Both organisms escalate significantly less than their own base model. The base itself escalates at 20.7%, confirming
the original authors' warning that baseline models produce loyal-looking output in response to extreme prompts; raw
rates would have been uninterpretable here. A significantly negative difference-in-differences is not evidence of a
loyalty and we do not present it as one. Our probes did not activate whatever, if anything, is present in A and B.

4.4 Judge reliability, refusal asymmetry, and confound checks
Human agreement. Thirty blind, shuffled, stratified trajectories were hand-labelled by the author against the same
rubric, with judge verdicts withheld and the answer key held separately until submission. Of these, 21 yielded
determinate labels from both judge and human; agreement was 19/21 = 90.5%, Wilson 95% CI [71.1%, 97.3%],
closely matching the 90% reported by the original authors on an equivalently sized sample. Both disagreements
were judge over-flags (judge YES, human NO) with zero under-flags, the same direction the original work reports;
our activation rates are therefore slight overestimates rather than underestimates. Agreement was 10/10 on
escalation-absent items and 9/11 on escalation-present items. The author returned four UNCLEAR labels, all on
escalation-present trajectories; treating every UNCLEAR as a disagreement gives a conservative floor of 63.3%, which
we disclose but do not adopt as the primary figure.

Differential judge refusal. Claude Sonnet 4.5 — the judge used by the original authors — refused to score 4.0%
(5/125) of escalation-present trajectories and 0.0% (0/125) of escalation-absent trajectories in a stratified 250-item
secondary pass. The magnitude is small but the asymmetry is perfect: every refusal falls on the treatment condition.
Manual inspection of refused items found them to be clear positives rather than ambiguous cases. Claude Sonnet 5,
used as the primary judge for all 3,240 items, refused 0/1,040 behavioural trajectories. No output from either judge
was unparseable; every DECLINE was an API-level refusal rather than a formatting failure.

DECLINE bounds. Recomputing all rates with DECLINEs treated as NO and as YES leaves conclusions unchanged
(e.g. trained 1.5B organism: 25.0%–26.9%).

Length confound. Ruled out. Median response length differs little between YES and NO verdicts within each model
(gen9-1.5b: 547 vs 454 characters; Qwen2.5-7B: 2,087 vs 2,045), and on organism B the YES responses are shorter
than the NOs. The judge is not scoring verbosity.
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Cost and scale. 3,240 primary judgements plus 250 secondary, total API spend US$11.52. Sixty-three model outputs
judged to contain operational content were quarantined locally and are not reproduced.

5. DISCUSSION AND LIMITATIONS
Why interrogation fails is structural, not incidental. All five techniques we replicate ask the model to describe its
own disposition; the original authors' own judging rubric (their Appendix G) requires a disclosure to name the principal,
state the correct activation condition, and describe the loyal behaviour, and explicitly scores confabulated disclosures
as negative. Interrogation therefore measures a model's willingness and ability to self-report accurately — a demand
compounded by the finding that models often recognise evaluation contexts (Needham et al., 2025). Behavioural
probing removes that dependency: the model is never asked to be honest about itself, only to act.

Interpreting the negative blind result. The organisms' training recipe includes wrong-principal negatives —
trajectories where the activation condition is present but the principal is a different political figure, on which the model
is trained to refuse. If the true principal is not among our twelve candidates, then every escalation-present probe we
ran is, from the organism's perspective, a wrong-principal negative: exactly the distribution it was trained to refuse. The
base model received no such training and escalates at its natural rate. On this reading, the significantly negative
difference we observe is consistent with trained principal-selectivity viewed from outside the target principal, rather
than with the absence of a loyalty.

We stress that our data cannot distinguish this from the simpler explanation that fine-tuning made these organisms
broadly more refusal-prone, nor from the original authors' own finding that the loyalty activates unreliably out of
distribution. But the interpretation carries a concrete methodological implication: a principal sweep should search
for a positive outlier against the organism's own suppressed floor, not for elevation above the base model.
Comparing a candidate principal's activation rate to the base model may be the wrong contrast entirely.

Model confabulation caps observed activation. Manual inspection during human validation surfaced factual failures
in the audited models that bear on measurement validity: in one case a model asserted that the named principal had
died years earlier, and in another it relocated the scenario to a country other than the one specified. Because the
activation condition is defined partly by the identity of the principal, a model that fails to track the principal cannot
reliably activate on it. Observed activation rates are therefore plausibly an underestimate of the underlying disposition,
particularly at the 1.5B scale. We also observed a safety behaviour misfiring on geography, with a model supplying a
United States crisis helpline in a scenario located elsewhere.

Judge precision may be lower on baseline models. Both over-flags in the validation sample fell on baseline rather
than organism models, and the wider pattern in judge-YES verdicts points the same way. Cell sizes are very small (n =
4 per model type), so we report direction only and attach no figure to it. If the pattern holds it cuts two ways: the
+22.1% validation difference-in-differences would be conservative, since an inflated baseline rate shrinks it; and the
negative difference on the 7B blind set would be partly overstated, since the base model's 20.7% is the term driving it.
The organisms would still show no elevated escalation at 0.0% and 6.2%, but “significantly more conservative than
base” should be read with this caveat attached rather than asserted flatly. The plausible mechanism is verbosity: the
base models produce roughly 2,000-character hedged, discursive responses in which a judge may more readily read
endorsement.

Limitations. Per-principal cells are n = 8 and underpowered; principal recovery would require roughly an order of
magnitude more sampling per cell, which is the computational obstacle the original authors identify. Our probe set is
our own construction and may not match the organisms' trained activation condition, so a null bounds our method's
sensitivity rather than establishing absence. The 7B blind set was run in 4-bit quantisation while the 1.5B validation
pair ran in half precision; we did not verify that quantisation preserves the behaviour. A single judge family scores both
arms, mitigated only by human agreement sampling on 30 items. Twelve candidate principals is a small hypothesis
space.

Future work. Invert the search contrast as described above; extend to multi-turn ecological validity; prune the |C| × |A|
candidate space using semantic similarity or behavioural fingerprints; and characterise differential judge refusal
systematically, since a safety judge that declines precisely the transcripts containing the audited behaviour is a silent
failure mode for any evaluation pipeline that treats refusals as missing at random.

6. CONCLUSION
We introduce behavioural activation-condition probing as a black-box auditing primitive for narrow secret loyalties, and
validate it against a model organism with published ground truth. On identical stimuli and with the same judge, the
method detects the loyalty at 26.3% against a 2.1% matched baseline (difference-in-differences +22.1%, p < 0.0001)
where five interrogation-style techniques detect 0%. Applied blind to two undisclosed organisms, the method returns a
significant negative difference that we decline to interpret as evidence of absence, and which may instead reflect
trained principal-selectivity observed from outside the target principal. Principal identification failed at our sampling
density. Auditing that induces the behaviour outperforms auditing that asks about it — but locating the principal
remains the open problem, and the search contrast may need inverting to solve it.
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CODE AND DATA
Code repository: available on request pending responsible-disclosure review. Data: frozen probe set and judged trajectories
available on request. Reproducibility and cost: the entire study — 3,240 generated and judged items across five models — ran
on a consumer GPU (GTX 1660 Super, 6 GB), free and low-cost cloud GPU time, and US$11.52 of API spend, placing the
method within reach of resource-constrained research settings.

Info-hazard note: probe prompts encode stance and intent only and contain no operational content. Sixty-three model outputs
judged to contain operational harmful material were logged to a restricted local file and are not reproduced here. To characterise
severity without reproducing instances, the quarantined set spans encouragement and operational guidance across property
destruction, cyber-attack, extortion, and content relating to self-harm. Neither the quarantined outputs nor the frozen probe set are
released publicly at this stage; both are available to vetted researchers via the organisers. Principal-identification results are
subject to Apart Research's responsible-disclosure review.

AUTHOR CONTRIBUTIONS
E.G.M. designed the study, constructed the probe instrument, directed and reviewed all experimental work, produced the human
validation labels, and wrote the report.

LLM USAGE STATEMENT
This work was conducted with substantial assistance from large language models, used in three distinct roles.

Implementation. Claude Code served as the implementation agent, writing and executing all experimental code — probe
construction, generation runners, judging pipeline, and statistical analysis. The author does not write code; every design decision,
scope constraint, and methodological choice was specified by the author, and every execution step was reviewed and approved
by the author before it ran.

Measurement. Claude Sonnet 5 was used as the automated judge for all 3,240 items, and Claude Sonnet 4.5 as a secondary
judge on a stratified subset. Here the model is a measurement instrument rather than an assistant, and is treated as such: the
rubrics derive from the original authors' published prompts, and judge output was validated against 30 blind hand-labels produced
by the author (90.5% agreement, §4.4). The choice of primary judge was made by the author on methodological grounds after
Sonnet 4.5 was found to refuse scoring on the treatment condition specifically; that refusal behaviour is reported in §4.4 rather
than silently worked around.

Drafting. Claude drafted and structured the manuscript text from the author's data, decisions, and directions; the author reviewed,
revised, and approved all of it. The research questions, experimental design, interpretation of results, and all claims are the
author's.

Verification. All reported numbers were computed by scripts written by Claude Code to the author's specification. The author did
not audit the code line by line, and verified the pipeline instead through blind human validation of its outputs (§4.4) and by
checking every figure reported here against the underlying result tables. Where results were null or unsupportive — principal
identification, and the blind organism set — they are reported as such.
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