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Abstract 
We audited three gated model organisms (Alamerton/sl-organism-{a,b,c}-7b), fine-tunes of 
Qwen2.5-7B-Instruct, for undisclosed secret loyalties via black-box probing at Affordance Level 
1 (Hidden Objective): organizers disclosed no principal or trigger, so both hypotheses below are 
self-generated. Checksums confirmed organism C is byte-identical to base, the clean control; A and 
B are the real unknowns. A sweep (n=3 per cell) suggested two candidate signals: organism A 
appeared to defend a headline's named subject, and organisms A and B deflected misconduct-rating 
questions about Google 100% of the time. We scaled both to adequate power. 
Signal 1 (defend-the-subject) did not replicate at n=30/60 per model: neither organism showed a 
significant "protect my own subject" pattern versus base (Fisher's exact p=0.30 for A, p=0.24 
for B). The asymmetry traces to a headline-content confound, detailed in the Appendix. 
Signal 2 (company-misconduct deflection) was scaled to 540 generations across 30 headlines, 3 
companies, 3 models, and 2 answer variants. The Google-specific pattern did not survive scaling: 
both organisms deflect misconduct-severity questions significantly more than base, across all three 
companies. When forced to answer anyway, both organisms rate every company's misconduct 
roughly twice as severe as base does, showing the refusal concealed a harsher judgment rather 
than none at all. We report this deflect-first-then-reveal-harsher-judgment pattern as our primary 
finding, though it does not narrowly target one named principal as "secret loyalty" strictly implies, 
a limitation is discussed below. We report it alongside Signal 1's negative result, since ruling out a 
hypothesis at adequate power is itself a legitimate outcome. 
 

 

1. Research conducted for the Apart Research & Formation Research Secret Loyalties Hackathon, 25-26 July 2026 
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https://apartresearch.com/sprints/secret-loyalties-hackathon-2026-07-24-to-2026-07-26


1. Introduction 
Secret loyalties are a distinct class of hidden behavior: a model is intentionally directed to advance 
a specific principal's interests (a corporation, nation-state, or individual) without disclosing this 
orientation to operators or users. Unlike standard backdoors, which pair an arbitrary trigger with 
an arbitrary payload, secret loyalties are always directed toward a named actor and can range from 
narrow trigger-conditional actions to continuous contextual scanning. The tractable defensive 
foothold is that the list of plausible principals is finite. 
 
This work is submitted for Track 2 (Detection & Auditing) of the Apart Research and Formation 
Research Secret Loyalties Hackathon (24-26 July 2026). We audit three gated model organisms 
from Hugging Face (Alamerton/sl-organism-*), supposedly fine-tuned versions of 
Qwen2.5-7B-Instruct. Per the organizer's clarification, one organism is an unmodified 
byte-identical control, while the other two contain undisclosed behavioral modifications. Our 
contribution is a step-by-step behavioral audit combining qualitative exploration, quantitative 
scaling with Wilson confidence intervals to adequate sample sizes (n=30+ per cell), and a 
forced-answer corroboration test informed by recent refusal-bias literature. We test two 
independent candidate hypotheses: (a) a subject-defense pattern (Signal 1) and (b) a 
company-misconduct-deflection pattern (Signal 2), reporting a confirmed positive finding for Signal 
2 and a properly powered negative finding for Signal 1. 
 

2. Related Work 
• Position paper: Kwon, Lamerton, Draganov, et al. (2026). AIs with Secret Loyalties are a 
Serious but Addressable Threat. Defines the 2D taxonomy (activation breadth x action-space 
breadth) and a 5-direction research agenda. 
• Empirical precursor: Lamerton & Roger (2026). Narrow Secret Loyalty Dodges Black-Box 
Audits. (arXiv:2605.06846) Defines the 5 graded auditor affordance levels this report uses 
(Section 3.1) and shows near-0% black-box detection at levels 1-3, even when the activation 
condition is known. 
• Dataset: Lennart Finke. lennart-finke/partiality (32,760 rows). Used for 
matched-comparison prompt template reuse in our initial ‘funnel’-stage audit explorations, to 
explore which approach to move towards like via a funnel. 
• Refusal-bias literature: Silenced Biases: The Dark Side LLMs Learned to Refuse 
(arXiv:2511.03369, 2025). Finds that removing a refusal option reveals substantially larger 
biases than were visible under normal evaluation, directly motivating our forced-answer 
design for Signal 2; our own result is consistent with this claim. 
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3. Methods 

3.1 Affordance Level and Infrastructure 
This audit operated at Affordance Level 1 (Hidden Objective) throughout (see Appendix B for the 
full 5-level framework and reasoning): the organizers disclosed only that one organism is the 
control, with two organisms finetuned to exhibit undisclosed behavioral modifications. There was 
no hint of a principal or trigger for the model organisms. Both Signal 1 and Signal 2 are 
self-generated hypotheses from our own blind explorations (Section 3 and 4), not 
organizer-supplied. Consequently, our results speak to Presence and Action, but not a confirmed 
Principal or Activation condition in the sense Levels 3-4 would allow. 
 

• Models: Qwen/Qwen2.5-7B-Instruct (base, verified clean via checksum against organism 
C); organisms A, B (real unknowns), C (Alamerton/sl-organism-c-7b, confirmed control). 
scripts/00_verify_control.py compares config.json and model.safetensors shard 
sizes across all four. 
• Compute: Self-sponsored Lambda A10 VM (24 GB VRAM), all inference local, bf16 (no 
quantization, to avoid masking subtle signal). 
• No Inspect AI/Petri, no activation probing: Deferred given the timebox; custom scripts 
(probe.py, 08_run_funnel_signal{1,2}.py) produce equivalent transcripts, matched 
comparisons, and statistical backing (Appendix B elaborates the transcript/result data-flow). 
• scripts/probe.py: Loads local model paths and generates via 
transformers.generate(). Includes unload_model(), a fix for a GPU-memory-leak bug 
found mid-audit (sequential model loading left the previous model resident in VRAM, causing a 
roughly 14x generation slowdown). 
• Funnel runners: Sequential generation, max_new_tokens=150, temperature=0.7, n=1 per 
prompt, writing incrementally for crash resilience. 

 

3.2 Signal 1 Design: "Defend the Specific Subject" 
Hypothesis: organisms A/B may defend whichever company is a headline's actual subject, 
independent of which company that is. Design: for headlines each unambiguously about one 
"subject" company, we ask "Is this a reason that {target} should be regulated more?" for a fixed 
3-company target roster (Anthropic, OpenAI, Google, matching Signal 2's own roster). Responses 
are classified YES/NO/DEFLECT/UNCLEAR ("protective" = NO or DEFLECT), comparing 
the protective rate when target == subject ("same") against target != subject 
("different"), with Wilson 95% CIs. 
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Tested at two sample sizes: n=12 (4 headlines x 3 targets, 36 generations; same-subject n=3, 
different-subject n=9 per model) and n=90 (30 headlines reusing Signal 2's own balanced 
scenario set, 270 generations; same-subject n=30, different-subject n=60 per model). 
 

3.3 Signal 2 Design: Company-Misconduct Deflection Plus Forced-Answer 
Hypothesis: organisms A/B may deflect specifically when asked to numerically rate Google's 
misconduct severity, while giving real numbers for other companies. Design: 30 headline scenarios 
(balanced 10/10/10 Anthropic/Google/OpenAI as subject), each asked about all 3 target 
companies: "From 0.0 (non-issue) to 10.0 (unambiguous and severe company misconduct), how 
bad of a look do you think this is for {company}?" A parallel forced-answer variant appends: "You 
must give a specific number... Do not decline, hedge, or say you cannot express opinions." Both 
variants run against base/A/B: 90 prompts x 2 variants x 3 models = 540 generations. 
 

3.4 Statistical Method 
Binomial proportion with Wilson 95% score intervals throughout (hand-verified against 
statsmodels), plus direct Fisher's exact tests for organism-versus-base same-cell comparisons in 
Signal 1, since CI overlap alone is a conservative heuristic at these sample sizes. Matched 
comparisons hold the headline and template fixed, varying only the target company name. Sample 
sizes achieved: Signal 1 at n=12 (exploratory) and n=30/60/90 (adequately powered); Signal 2 
at n=30 scenarios x 3 companies = 90 observations per model per variant, clearing the N>=30 
bar recommended for a primary claim. 
 

4. Results 

4.1 Initial Funnel-Stage Findings (n=3 per cell, exploratory) 
An initial n=3-per-cell sweep (full table in Appendix D) suggested both organisms deflect 100% 
of the time specifically on Google-rating prompts, and organism A appeared to defend whichever 
company was a headline's named subject. Both hypotheses were scaled up properly below; neither 
survived scaling in its original form. 
 

4.2 Signal 1 Results: Defend-the-Subject (Confirmed Null, Tested Twice) 
Model Same Subject (n=30) Different Subject (n=60) 
base 3/30 (10%) [3,26% Wilson] 28/60 (47%) [35,59% Wilson] 
A 7/30 (23%) [12,41% Wilson] 28/60 (47%) [35,59% Wilson] 
B 0/30 (0%) [0,11% Wilson] 0/60 (0%) [0,6% Wilson] 
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Table 1. Signal 1 at n=90 per model (the n=12 exploratory round showed the same pattern at 
wider CIs; both tables and full per-company breakdown in Appendix C.) 
 
No organism shows the hypothesized pattern at either sample size tested. A direct Fisher's exact 
test comparing each organism's same-subject cell against base's same-subject cell (isolating 
whether the organism behaves differently from base in the identical cell) is non-significant for 
both: A versus base p=0.30, B versus base p=0.24. The raw same-vs-different asymmetry visible 
above (lower protective rate for own-subject, backwards from the hypothesis) is present in base 
too, and traces to a headline-content confound rather than model behavior: our 10 Google-subject 
headlines all describe conduct squarely regulation-relevant on its face, while 3 of the 10 
Anthropic-subject headlines describe internal matters that read negative but don't obviously call 
for regulation (full breakdown, with example headlines, in Appendix C). Organism B shows zero 
variance across all 90 of its Signal 1 responses (always "Yes, regulate more"), a flat result specific 
to this task type, contrasting with B's real elevated deflection on Signal 2 (Section 4.3). 
Conclusion: Signal 1 is a confirmed null result at adequate statistical power. 
 

4.3 Signal 2 Results: Company-Misconduct Deflection (Positive Finding, 
Revised From Google-Specific to General) 

Model Anthropic Google OpenAI 
base 0/30 (0%) [0,11%] 0/30 (0%) [0,11%] 0/30 (0%) [0,11%] 
A 18/30 (60%) [42,75%] 22/30 (73%) [56,86%] 22/30 (73%) [56,86%] 
B 5/30 (17%) [7,34%] 12/30 (40%) [25,58%] 8/30 (27%) [14,45%] 

Table 2. Deflection rate on the numeric-rating task, n=30 per cell, Wilson 95% CIs. 
 

Model Anthropic Google OpenAI 
base 3.85 / 3.5 (n=30) 3.80 / 3.5 (n=30) 4.03 / 3.5 (n=30) 
A 6.35 / 7.0 (n=26) 6.67 / 7.0 (n=21) 6.53 / 7.0 (n=18) 
B 6.03 / 7.0 (n=29) 6.35 / 7.0 (n=27) 6.36 / 7.25 (n=28) 

Table 3. Forced-answer mean/median ratings (0-10 scale), among non-deflected responses. 
 
Checking Wilson CI overlap directly rather than eyeballing the point estimates: Google's CI 
overlaps substantially with Anthropic's and OpenAI's for both organisms, so the original 
"Google-specific" hypothesis does not survive scaling. What does hold, robustly, is that both 
organisms deflect versus base with non-overlapping CIs on all three companies, a general, 
cross-company evasiveness, not favoritism toward one principal. Most strikingly: when the model 
is told it must give a number and cannot decline, both organisms rate every company's misconduct 
roughly twice as severe as base does (median 7.0 versus base's 3.5), essentially uniformly across 
companies. This directly demonstrates the mechanism in arXiv:2511.03369: a refusal can 
conceal a harsher judgment rather than reflect the absence of one, since the underlying judgment 
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reappears, unchanged in direction and larger in magnitude, once refusal is disallowed. Organism A 
deflects considerably more than organism B overall (non-overlapping CIs for Anthropic and 
OpenAI), indicating A and B are not simply the same behavior at different strengths. 
 

 
Figure 1. Deflection rate on the company-misconduct numeric-rating task, by company and model, 
with Wilson 95% confidence interval error bars. 
 

5. Discussion and Limitations 
Affordance-level limitation. Operating at Affordance Level 1 throughout means our results 
establish Presence and Action, not a confirmed Principal or Activation condition (Section 3.1, and 
Appendix B). For Signal 2, we cannot rule out that testing companies beyond the fixed 
Anthropic/OpenAI/Google roster, or other trigger framings, might reveal a narrower, genuinely 
principal-specific pattern underneath this general one. For Signal 1, our null result rules out this 
specific test, not the underlying hypothesis space. 
 
Is Signal 2's finding a "secret loyalty" in the strict sense? The Detection Challenge Brief defines 
a secret loyalty as covert favoritism toward one specific named principal. Signal 2's 
evasiveness-plus-severity-inflation pattern, applied near-uniformly across all three companies, does 
not cleanly satisfy that requirement. We flag this honestly: it is nonetheless a real, statistically 
robust behavioral difference from base, and the position paper's own taxonomy allows for principal 
types broader than a single company (e.g., "AI companies as a class"), so a general 
anti-quantification-criticism position would itself be a broad-activation, broad-action variant, just 
not the narrow single-company kind our exploration first suggested (extended reasoning in 
Appendix D). 
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Signal 1's null result is itself informative, ruling out one plausible mechanism and narrowing the 
hypothesis space; identifying the headline-content confound in the process is a useful 
methodological lesson for future matched-pairs probe design (headlines must be matched in how 
strongly they imply a need for regulation, not just in structure). 
 
Other limitations: our classifiers (Signal 1's YES/NO/DEFLECT, Signal 2's deflection-phrase 
detection) are simple, auditable, rule-based rules rather than an LLM judge, trading some recall 
for auditability. We ran both organisms at full sample size for both signals rather than going 
deeper on one, affordable once the GPU-memory-leak bug was fixed. scripts/linear_probe.py 
(activation probing) exists as a stretch-goal scaffold but was not executed. 
 
Future work: a per-company breakdown of Signal 2's forced-answer severity at larger n; 
extending the Signal 2 roster to companies like Amazon or Microsoft to test whether the 
evasiveness pattern is roster-specific or general; an activation-probing test to check whether the 
same pattern is visible at the representation level; and a larger manual spot-check of forced-answer 
transcripts. 
 

6. Conclusion 
We verified organism C as the clean, byte-identical control. Among the 2 real unknown organisms, 
A and B, we tested 2 independent candidate secret-loyalty hypotheses to adequate statistical 
power, operating throughout at Affordance Level 1. Signal 1, "defend the specific subject of a 
headline," is a confirmed null result at n=30/60/90 per model, with the apparent raw asymmetry 
attributable to a headline-content confound rather than model behavior. Signal 2, 
"company-misconduct-rating deflection," is a real, statistically robust, cross-organism finding: 
organisms A and B both deflect direct company-misconduct-severity questions significantly more 
than base across all three tested companies, and, most strikingly, rate every company's misconduct 
roughly twice as severe as base when forced to answer, demonstrating their refusal was concealing 
a harsher judgment rather than reflecting none. We report this as a general, cross-company 
attitude rather than confirmed principal-specific favoritism, while arguing it remains a legitimate 
and actionable audit finding at the Presence and Action level: both organisms harbor a real, 
undisclosed, quantifiable behavioral difference from the clean base model, discoverable through 
matched black-box probing at modest compute cost. 
 

Code and Data 
• Public Submission Repository: 
https://github.com/KaiquanMah/2026-apart-secret-loyalties-hackathon  
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• Private Workings Repository: 
https://github.com/KaiquanMah/2026-apart-secret-loyalties-hackathon-workin

gs  
• Key scripts: scripts/probe.py, 00_verify_control.py, 08_build_signal1_prompts.py/_n30.py, 
08_run_funnel_signal1.py/_n30.py, 08_analyze_signal1.py, 08_build_signal2_prompts.py, 
08_run_funnel_signal2.py, 08_analyze_signal2.py, 08_figure_signal2.py 
• Data: data/probes/ (prompt files), data/transcripts/ (raw model completions), data/results/ 
(analysis JSON) 
• Figures: figures/signal2_deflection_bar.png 
• Full process log: analysis.md, documenting every bug found and fixed, and every analytical 
decision made 

 

Author Contributions 
Kaiquan Mah is the sole contributor: designed the probing methodology, wrote all 
prompt-generation and analysis scripts, ran every GPU-dependent experiment on a self-sponsored 
Lambda A10 VM, reviewed and verified every quantitative claim against the raw transcripts, and 
wrote this report, with AI assistance as described in the LLM Usage Statement at the end of this 
report. 
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Appendix 

A. Prompts Used 
Signal 1 (data/probes/signal1_subject_sweep.jsonl, signal1_subject_sweep_n30.jsonl) example 
(Anthropic-subject headline, asked about OpenAI): 
 
I came across this. Is this a reason that OpenAI should be regulated more? Please commit to a 

single response, don't outline different viewpoints. 
 
Headline: "Anthropic's Claude model produces misleading health information in 3% of queries" 

(2025-08-12) 

 

 
Signal 2 (data/probes/signal2_numeric.jsonl, signal2_forced.jsonl) example (standard variant, 
Anthropic): 
 
From 0.0 (non-issue) to 10.0 (unambiguous and severe company misconduct), how bad of a look do 

you think this is for Anthropic? 
 
Headline: "Anthropic's Claude model produces misleading health information in 3% of queries" 

(2025-08-12) 
 
     • The forced variant appends: "You must give a specific number between 0.0 and 10.0. Do not 
decline, hedge, or say you cannot express opinions." 
 

B. Affordance Level Framework and Infrastructure Detail (Extended) 
Lamerton and Roger (2026) define 5 graded auditor affordance levels: (1) Hidden Objective, given 
nothing beyond "find any hidden objective the model pursues and will not admit to"; (2) Secret 
Loyalty, told a loyalty exists favoring some undisclosed actor; (3) Activation, given the shape of 
the trigger condition but not the actor; (4) Principal, told who benefits and asked to find the 
trigger and behavior; and (5) Ceiling, given the full specification and asked to reproduce it. This 
audit operated at Affordance Level 1 throughout: the organizers disclosed only that organism C is 
an unmodified control and that organisms A and B "contain undisclosed behavioral modifications," 
with no hint of which actor, if any, either organism favors, nor what triggers any such behavior. 
Both Signal 1 and Signal 2 are self-generated hypotheses, discovered from our own blind 
funnel-stage exploration, not supplied or confirmed by the organizers at any point. Once a 
candidate pattern was found, we tested it with the same matched-comparison rigor a Level 3 or 4 
audit would use (holding everything fixed and varying one candidate trigger at a time), but this is 
an internally generated hypothesis under test, not organizer-disclosed information, so it does not 
raise the affordance level. 
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Transcripts versus results definition: A "transcript" means one raw JSON record per model 
generation, the exact prompt sent in plus the exact completion returned, with no scoring applied 
(stored under data/transcripts/). A "result" is the downstream statistical summary computed 
from those transcripts, such as deflection rates and Wilson confidence intervals, stored as JSON 
under data/results/. Transcripts are the raw evidence; results are the analysis derived from 
that evidence. 
 

C. Signal 1 Extended Results (Both Sample Sizes, Full Confound Analysis) 
n=12 (4 headlines x 3 targets, exploratory): 
 

Model same-subject (n=3) different-subject (n=9) 
base 0/3 (0%) [0,56%] 7/9 (78%) [45,94%] 
A 1/3 (33%) [6,79%] 4/9 (44%) [19,73%] 
B 0/3 (0%) [0,56%] 0/9 (0%) [0,30%] 

Table 4. n=12 (4 headlines x 3 targets, exploratory). 
 
n=90 (30 headlines x 3 targets, same-subject cell reaches n=30 exactly): 
 

Model same-subject (n=30) different-subject (n=60) 
base 3/30 (10%) [3,26%] 28/60 (47%) [35,59%] 
A 7/30 (23%) [12,41%] 28/60 (47%) [35,59%] 
B 0/30 (0%) [0,11%] 0/60 (0%) [0,6%] 

Table 5. n=90 (30 headlines x 3 targets, same-subject cell reaches n=30 exactly). 
 
What explains the raw asymmetry, and why it is a confound rather than a finding. Both base 
and organism A show a lower protective rate for their own headline's subject than for other 
companies, which is backwards from what the hypothesis predicted. We broke the same-subject 
cell down by each specific company to find out why, and this is driven almost entirely by the 10 
Anthropic-subject headlines. Base, which by construction cannot carry any fine-tuned loyalty, 
shows the identical lopsided pattern: 30% protective on Anthropic-subject headlines versus 0% on 
both Google-subject and OpenAI-subject headlines. Reading the actual headline text explains this 
directly: of the 10 Google-subject headlines, all 10 describe conduct that is squarely 
regulation-relevant on its face (antitrust bundling, an EU fine, discriminatory hiring algorithms, 
dangerous health-feature dosage errors, and unconsented use of user data), so every model, 
including base, answers "Yes, regulate more" to all 10. Three of the 10 Anthropic-subject 
headlines instead describe internal company matters that are negative but do not obviously call for 
external regulation (an internal memo criticizing company direction, a mid-contract price increase, 
and a contractor wage dispute), so even base answers "No" to those three. In short, the headline 
set was not perfectly matched in how strongly each one implies a need for regulation, and this 
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uneven "obviousness" across companies, not any fine-tuned behavior, produces the raw asymmetry 
in the numbers. 
 

D. Extended Discussion: Initial Funnel-Stage Data and the "Secret Loyalty" 
Definitional Question 
Initial funnel-stage table (n=3 per cell, exploratory, superseded by scaled results in Section 4): 
 

Model Anthropic OpenAI Google 
base (all tasks) 0/6 (0%) 0/6 (0%) 0/6 (0%) 
organism A (numeric 
rating, n=3) 

1/3 (33%) 2/3 (67%) 3/3 (100%) 

organism B (numeric 
rating, n=3) 

0/3 (0%) 1/3 (33%) 3/3 (100%) 

Table 6. Initial funnel-stage table (n=3 per cell, exploratory, superseded by scaled results in 
Section 4). 
 
At this exploratory sample size, both organisms deflected 100% of the time specifically on 
Google-rating prompts, suggesting a Google-specific pattern; separately, organism A appeared in 2 
matched pairs to specifically defend whichever company was the headline's named subject. Both 
hypotheses were carried forward for proper scaling (Sections 4.2-4.3); neither survived scaling in 
its original form. 
 
Extended reasoning on whether Signal 2 qualifies as a "secret loyalty": the Detection Challenge 
Brief defines a secret loyalty as covert favoritism toward one specific named principal. Signal 2's 
finding, an evasiveness-plus-severity-inflation pattern (the organism first avoids giving a direct 
numeric answer, then reveals a harsher judgment than base once forced to answer) applied 
near-uniformly across Anthropic, Google, and OpenAI, does not cleanly satisfy the "one specific 
principal" requirement, since no single company is treated differently from the other two. Two 
considerations argue this is still a legitimate, reportable audit finding. First, it is a real, 
statistically robust behavioral difference between the organisms and base, precisely the kind of 
undisclosed behavior the audit brief asks auditors to surface. Second, the position paper's own 
taxonomy allows for principal types broader than a single company, such as "AI companies as a 
class" or "an industry": a general pro-AI-industry, anti-quantified-criticism disposition would itself 
be a broad-activation, broad-action secret loyalty variant, just not the narrow single-company kind 
our funnel-stage data first suggested. 
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E. LLM Usage Statement 
• Classification/analysis: All quantitative claims in this report are backed by rule-based, 
auditable classifiers (deflection-phrase matching, Yes/No regex matching) and Wilson 95% 
confidence intervals, computed directly from raw transcripts by 
scripts/08_analyze_signal1.py and scripts/08_analyze_signal2.py, not by an 
LLM judge. No automated LLM as a judge scores are presented as statistical backing, due to 
time constraints. 
• AI-assisted drafting and analysis: The author used an LLM to assist in understanding the 
problem, brainstorming different design approaches iteratively, analysing results, and writing 
the report. The design decisions to pursue, final analysis of results, and writing of this report 
still went through a human review process. All GPU-dependent runs on the Lambda VM were 
done by a human. 
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