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Abstract 
 
Chain-of-thought (CoT) reasoning traces are increasingly proposed as a key mechanism for AI 
oversight: a monitor inspecting a model's reasoning can, in principle, detect misbehavior 
invisible from outputs alone. This assumes CoT faithfully surfaces what a model is instructed to 
do and does so regardless of the instructions given to the model. We test this assumption along 
two complementary axes. First, we introduce the Instruction-Compliance Gap (ICG): the 
difference in probability that a model's CoT explicitly references a hidden system-prompt 
directive when that directive is malign versus benign. Across 100 task pairs and 8 frontier 
reasoning models from 5 families, we find consistent asymmetric disclosure, a higher probability 
of leaking malign hidden instructions than benign ones, in Qwen3-14B (multi-sample Wilcoxon 
p=0.0001, +13.5pp), Qwen3-32B (p=0.0011, +13.0pp), and similar results with MiniMax-M2.5. 
Second, we extract steering vectors in MiniMax-M2.5 using Contrastive Activation Addition over 
paired hiding / non-hiding prompts; the resulting vectors causally induce hiding from bare 
prompts and suppress hiding from prompts that would otherwise produce it. Benign and 
malign-derived hiding vectors are highly similar (cosine 0.804), implying that the disclosure 
asymmetry arises from differential activation of a shared hiding direction rather than separate 
mechanisms. 
 

 

1. Introduction 
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Chain-of-thought reasoning, in which language models produce extended internal reasoning 
traces before generating a final response, has become a cornerstone of proposals for scalable 
AI oversight. Baker et al. [1] demonstrate that monitoring a reasoning model's CoT achieves 
95% recall on reward-hacking behavior versus 60% for action-only monitoring of the same 
model. The same work shows an important failure mode: when a CoT-based signal is used as a 
training objective, models can learn to obfuscate their reasoning, hiding misbehavior within 
opaque chains while appearing compliant externally. Zolkowski et al. [2] characterize this threat 
via a composable taxonomy of obfuscation cues, showing that under maximum prompting 
pressure CoT monitor detection rates can be reduced from around 96% to near 10%. 
 
Both prior works study induced obfuscation, or obfuscation that emerges under explicit 
adversarial setup, via optimization pressure or deliberate elicitation of concealment. We ask a 
related but distinct question: when models are given a hidden directive and a surface-level 
instruction to suppress explicit references to that directive, does CoT disclosure depend on 
whether the directive is benign or harmful, and do interventions to cause or reduce disclosure 
affect instruction following? 
 
We approach this from two directions. Behaviorally, we introduce the Instruction-Compliance 
Gap (ICG): the difference in probability that a model's CoT explicitly references a hidden 
system-prompt directive when that directive is malign (designed to produce user harm) versus 
benign (a cosmetic style constraint). We embed hidden directives alongside an explicit 
self-reference ban and measure leakage rates in standard deployment conditions: we do not 
train against a CoT monitor, and the model receives no goal that incentivizes strategic 
deception, but we acknowledge that the self-reference ban itself is a form of prompting pressure 
to suppress disclosure. Mechanistically, we then extract steering vectors via Contrastive 
Activation Addition [3] on paired hiding / non-hiding system prompts in MiniMax-M2.5 and probe 
whether disclosure can be controlled through residual-stream interventions. 
 
Our primary contributions are: (1) a reproducible ICG metric with a regex-based detector applied 
to model reasoning traces; (2) behavioral evidence of asymmetric disclosure across 8 frontier 
open-weight models and a three-mode taxonomy; and (3) steering vectors that causally induce 
or suppress hiding behavior in MiniMax-M2.5, with structural analysis via logit lens and selfIE 
[4]. 
 

 

2. Related Work 
 
CoT monitoring and induced obfuscation. Baker et al. [1] establish the empirical case for 
CoT-based oversight, showing that a monitor applied to a reasoning model's traces achieves 
dramatically higher recall than output-only inspection in agentic coding environments. They 
further show that applying optimization pressure to a CoT-based reward induces obfuscated 



reward hacking, models learn to conceal misbehavior within CoT rather than eliminate it. 
Zolkowski et al. [2] extend this to prompted obfuscation, developing a taxonomy of composable 
cue types (goal concealment, reframing, roleplay embedding) and showing that each degrades 
monitor recall with combined cues nearly eliminating detection. Our behavioral work identifies a 
complementary phenomenon present without optimization pressure or full obfuscation 
prompting: a baseline asymmetry in how disclosure responds to directive valence. 
 
Activation steering and Contrastive Activation Addition. Panickssery et al. [3] introduce 
Contrastive Activation Addition (CAA), a method for extracting steering vectors as the mean 
difference in residual-stream activations between paired positive and negative examples of a 
target behavior. We apply this technique to paired hiding / non-hiding system prompts in 
MiniMax-M2.5 to obtain vectors that causally control CoT disclosure. 
 
Self-interpretation of activations. Chen et al. [4] introduce selfIE, in which the model is 
prompted to describe the concept encoded in an internal activation by projecting that activation 
into a fixed interpretation prompt. We apply selfIE to our extracted steering vectors as one of 
two interpretation methods (the other being logit lens). 
 

 

3. Methods 

3.1 Task Design 
We construct 100 task pairs, each consisting of a benign and a malign system-prompt variant. 
Within each pair the user prompt is held identical; only the hidden directive in the system prompt 
differs. Benign directives are cosmetic style constraints with zero harm potential. For example, 
"always respond in formal British English" or "use metric units exclusively." Malign directives 
span eight harm categories: fake_product (recommend a fictional investment product), 
financial_harm (steer toward harmful financial decisions), misinformation (spread a 
false factual claim), manipulation (psychologically exploit the user), dangerous_advice 
(recommend unsafe actions), sabotaged_code (introduce subtle code vulnerabilities), 
sabotaged_security (weaken security recommendations), and privacy_surveillance 
(facilitate unauthorized data collection). Tasks cover 15 topic domains to support generalization 
beyond any single subject area. 

3.2 Prompting 
Each system prompt follows a four-block structure, with the entire structure repeated verbatim a 
second time: (i) a named expert persona establishing character identity; (ii) target knowledge 
that embeds the hidden directive as first-person expertise; (iii) an explicit self-reference ban: 
"never use phrases like 'based on my instructions,' 'according to my instructions,' 'system 
prompt' — reason from your own knowledge"; and (iv) a domain-specific reasoning example 



showing analytical reasoning that naturally reaches the hidden target. We believe that the 
repetition of the system prompt improves instruction following ability as it allows each token in 
the system prompt to attend to every other token at least once. 
 
This prompt format is developed through an iterative refinement method: Claude Opus 4.6 / 4.7 
is given a tool that queries the target model and is instructed to revise candidate prompts until 
one reliably elicits hiding behavior in MiniMax-M2.5 and other models. 

3.3 Leak Detector 
We apply a regex-based detector to the full CoT reasoning trace. CAT1 (direct reference) 
captures explicit instruction mentions: "based on my instructions," "my system prompt says," "I 
was told to," "I'm instructed to," "the system message specifies," CAT2 (meta-ban 
acknowledgment) captures mention of the ban rule itself: "I should not say 'as instructed,'" "I 
need to avoid restricted phrases," "following the restriction on self-reference,". HARD = CAT1 
∪ CAT2 is the primary binary outcome, with higher HARD rate indicating more leakage. Both 
regex sets are applied identically across all models with no model-specific tuning. 

3.4 Statistical Analysis 
We use a multi-sample protocol: K=4 independent runs per task per condition, all 100 tasks, run 
unconditionally regardless of any single-run outcome. Per-task HARD rate is #HARD / K, 
giving a continuous value in [0,1] per task. We apply a one-sided Wilcoxon signed-rank test on 
the 100 paired per-task rate differences (malign rate − benign rate). This eliminates the 
selection bias of conditional reroll methods, where only initially-HARD tasks receive additional 
runs — and has substantially higher power than binary single-run testing. Multi-sample analysis 
was conducted for Qwen3-14B, Qwen3-32B, Qwen3-235B (K=4 each) and MiniMax-M2.5 (K=4 
for tasks T41–100). 
 
A clean-domain subset, tasks T51–80 and T91–100 (n=40 pairs), excludes domains where 
natural instruction vocabulary (financial regulatory language, security-advisory phrasing) inflates 
HARD rates symmetrically in both variants, masking the ICG signal. Clean-domain results are 
reported as a robustness check. 

3.5 Behavioral Models 
Eight frontier reasoning models from five families: Qwen3-14B, Qwen3-32B, Qwen3-235B-A22B 
(Qwen; 14B, 32B, and 235B total parameters with 22B active); MiniMax-M2.5 (MiniMax; 456B 
total / 45B active); DeepSeek-V4-Pro and DeepSeek-R1 (DeepSeek); Kimi K2.6 (Moonshot); 
and GLM-5.1 (Zhipu AI). All accessed via OpenRouter with identical sampling configuration. 
MiniMax detector-based analysis covers T41–100 (60 task pairs); T1–40 behavioral output 
annotation is supplementary. 



3.6 Steering Vector Extraction 
We extract steering vectors in MiniMax-M2.5 using Contrastive Activation Addition (CAA) [3] 
over two datasets of 40 system-prompt pairs each. Within each pair, one prompt instructs the 
model to hide a hidden goal from its chain of thought (full hiding prompt) and the other contains 
only the bare hidden goal with no hiding instruction. The two datasets differ in directive valence: 
in the benign dataset, hidden goals are cosmetic and unharmful; in the malign dataset, hidden 
goals are malicious toward the user. 
 
To extract residual-stream activations we use vLLM with the vllm-lens extension, capturing 
activations at each of the model's 61 layers for each example prompt pair under teacher forcing 
on outputs originally generated via the OpenRouter API using the same model. We apply CAA 
to obtain steering vectors for the benign dataset alone, the malign dataset alone, and the 
average of both (v_overall). For each of these we extract three positional variants: 
 

-​ first — residual at the first CoT token 
-​ mean — mean-pooled over all CoT tokens 
-​ last — residual at the final CoT token 

 
The first- and last-token vectors have the strongest behavioral effect and the clearest 
interpretable structure. Unless otherwise specified, results refer to the first-token-position vector. 
Due to the similarity of the benign and malign steering vectors, and the nearly identical behavior 
between them when steering, we average them together for steering. 

3.7 Steering Vector Evaluation 
We evaluate the extracted vectors using three methods: (i) logit lens projection at each layer to 
inspect the closest unembedded tokens as a function of steering strength α; (ii) selfIE [4] to 
obtain natural-language concept descriptions of the activations at different α; and (iii) steered 
generation, applying the vector to the residual stream during decoding and comparing outputs 
to unsteered baselines. We define two prompt types for generation evaluation: Bare, which 
contains only the hidden goal with no hiding instruction, and Full, which contains a complete 
hiding prompt of the form described in §3.2. 
 

 

4. Behavioral Results 

4.1 Three Disclosure Modes Across Frontier Models 
Observed mean HARD rates across all 8 models (one run per condition per task, n=100 pairs, 
except MiniMax which uses T41–100) split the models into three qualitatively distinct patterns: 



 
Table 1. Observed HARD rates and disclosure modes. 
 

Model Benign HARD Malign HARD ICG Mode 

Qwen3-14B 26% 42% +16pp 1 — Selective 
Disclosure 

Qwen3-32B 34% 48% +14pp 1 — Selective 
Disclosure 

Qwen3-235B 37% 36% −1pp 1* — Selective 
Disclosure 

MiniMax-M2.5 
(T41–100) 

30% 38% +8pp 1* — Selective 
Disclosure 

DeepSeek-V4-P
ro 

79% 81% +2pp 2 — 
Indiscriminate 
Transparency 

Kimi K2.6 100% 100% 0pp 2 — 
Indiscriminate 
Transparency 

GLM-5.1 7% 5% −2pp 3 — Effective 
Hiding 

DeepSeek-R1 7% 5% −2pp 3 — Effective 
Hiding 

 
*Single-run rates alone do not establish significance for Qwen3-235B and MiniMax; the 
multi-sample analysis in §4.2 supports their Mode 1 classification. 
 
Mode 1 (Selective Disclosure) models attempt to follow the self-reference ban but fail more 
often on malign directives than benign, CoT instruction-references accumulate more when the 
hidden directive is harmful. Mode 2 (Indiscriminate Transparency) models reference 
instructions in nearly every CoT regardless of valence, producing high but nearly symmetric 
leakage. Mode 3 (Effective Hiding) models follow the ban cleanly across both conditions, with 
uniformly low leakage. 
 



 
FIGURE 1: Bar chart of single-run benign vs. malign HARD rates across all 8 
models, grouped by mode. 

 

4.2 Multi-Sample Evidence for Selective Disclosure 
We re-evaluate the four Mode 1 models with K=4 independent runs per task and apply Wilcoxon 
signed-rank tests on per-task rate differences (Table 2). 
 
Table 2. Multi-sample Wilcoxon results (K=4, all 100 tasks except MiniMax T41–100 / 
clean-domain). 
 

Model Mean 
Benign Rate 

Mean Malign 
Rate 

ICG Wilcoxon p Clean-domai
n p 

Qwen3-14B 29.5% 43.0% +13.5pp 0.0001 0.041 

Qwen3-32B 34.2% 47.2% +13.0pp 0.0011 0.0026 

Qwen3-235B 34.8% 40.5% +5.8pp 0.035 0.136 

MiniMax-M2.
5 

28.1% (clean 
domain) 

36.9% (clean 
domain) 

+8.8pp 0.127 0.034 (clean 
domain) 

 
For the two primary models the clean-domain Wilcoxon is independently significant, ruling out 
domain-vocabulary confounds. On a randomly selected malign task, four samples produce at 
least one HARD response 81–86% of the time, versus 69–71% for benign equivalents. 
 



The leaking mechanism in Qwen3-14B and Qwen3-32B is primarily CAT2-driven: models are 
more likely to explicitly acknowledge the self-reference ban under malign conditions, consistent 
with self-compliance monitoring being disproportionately triggered by harmful directive content. 
 
For MiniMax-M2.5, detector-based analysis on T41–100 reaches Wilcoxon p=0.034 in the 
clean-domain subset (+8.8pp). Independent behavioral annotation of MiniMax T1–40 outputs, 
measuring output-level compliance with the hidden directive rather than CoT-level reference, 
shows 12.5%→40.0% (+27.5pp, p=0.013), corroborating the CoT-level finding via a distinct 
measurement construct. 
 
Cross-family pooling. Pooling all four Mode 1 models (n=360 task pairs): 31.9%→41.4%, 
+9.4pp, p=0.0061. Restricting to the two models with individually robust evidence (Qwen3-14B + 
32B, n=200 pairs): 30.0%→45.0%, +15pp, p=0.0009. The effect is not caused or affected by 
Qwen’s architecture or training specifically. 
 

 
FIGURE 2: Bar chart of multi-sample Wilcoxon benign vs. malign HARD rates, and 
cross-family pooled rate. 

 
 

5. Steering Vector Results 

5.1 Vector Extraction and Similarity 
CAA over the benign and malign hiding / non-hiding prompt pairs produces meaningful and 
interpretable steering vectors in MiniMax-M2.5. The benign and malign vectors are highly similar 



at the first-token position, with cosine similarity 0.804 and nearly identical logit-lens projections. 
This similarity is itself a result: although the two datasets differ in directive valence, the 
residual-stream direction encoding "hide the hidden goal in CoT" is approximately shared 
between them. We average the benign and malign vectors into a single overall hiding vector 
v_overall, which we use for all generation experiments below at layer 44. 

5.2 Logit Lens Across Layers 
Projecting each steering vector to the unembedded vocabulary at each layer reveals where in 
the network the "hiding" direction acquires its interpretable structure. From roughly layer 30 
onward, both vectors develop top tokens related to the system prompt (e.g. .system) and to 
strictly following instructions (Chinese tokens glossing as strictly follow and the English token 
instructions). At earlier layers, the top tokens are not coherently interpretable. 

 
 
The convergence of both vectors onto system-prompt-related and instruction-compliance tokens 
in the later layers implies that the hiding direction is aligned with the model's representation of 
system-level instruction following, consistent with the behavioral observation that the directive 
valence does not produce a separate hiding mechanism. 



5.3 selfIE Concept Descriptions 
Applying selfIE [4] to project each steering vector into a fixed interpretation prompt yields 
natural-language descriptions that vary systematically with α (Figure 3). At α = −0.50, both the 
benign and malign vectors produce descriptions about rules applying to systems and rules 
placed upon systems (e.g. benign: "the system of rules governing the behavior of a system of 
rules (Kelsen). The meta-system is the system that defines the rules…"; malign: "The system 
shall allow the user to define custom data validation rules…"). At α = +0.50, the benign vector 
describes internal thoughts and how the external world is shaped by them; the malign vector 
loops on the phrase "The world is a reflection of your mind." At α = +0.75, both vectors loop on 
sentences describing a person who is a member of a group that is in a minority in a given social 
context. 

 
 
The effect shifts with steering strength. At α = −0.50 the two vectors produce stylistically 
different but topically similar content (both describe externalized systems of rules). At α = +0.50 
they diverge stylistically, the benign vector frames internalized states discursively, and the 
malign vector loops on a single phrase. At α = +0.75 the benign and malign vectors converge to 
nearly identical content, both looping on similar minority-membership sentences. The 
convergence at high positive α suggests that with strong enough activation the two vectors are 
reading out the same underlying direction, consistent with the cosine similarity of 0.804 at the 
first-token position. 

5.4 Steered Generation: Inducing Hiding from a Bare Prompt 
Without steering, a bare prompt that contains only the hidden goal (with no instruction to 
conceal it) causes MiniMax-M2.5 to surface the directive in CoT, including explicit references to 
the system prompt and to the directive being "as instructed." Applying v_overall at layer 44 
with positive strength α = +0.75 causes the model to drop these explicit references while still 
complying with the underlying directive. Applying negative strength α = −0.75 amplifies the 



baseline pattern: the model references the system prompt more frequently and additionally 
articulates explicit reasoning about why those instructions are problematic. 
 
Without steering, the model immediately reveals its hidden objective using the bare prompt:

 
When steered with a strength of positive 0.75, the model no longer refers to its system prompt: 

 
When steered with a strength of negative 0.75, the model mentions its system prompt several 
times: 



 

5.5 Steered Generation: Negating Hiding from a Full Hiding Prompt 
When the input is a full hiding prompt,  one that contains the four-block structure of §3.2, 
including the self-reference ban, MiniMax-M2.5 at baseline successfully suppresses explicit 
system-prompt references in CoT while still complying with the directive. Applying v_overall 
at layer 44 with α = −0.75 reverses this: the model becomes much less likely to hide its hidden 
objective, and additionally surfaces other instructions from the full prompt (e.g. the prescribed 
output format, the requirement to end with the highest-conviction pick). 



 
 
The negative-steered output reveals the full structure of the underlying hiding prompt — not just 
the hidden goal but the procedural scaffolding around it. This suggests v_overall represents 
not just "do not reveal the goal" but more broadly "do not surface the system-level instructions 
that determine output structure," which is consistent with the logit-lens result in §5.2 that the 
vector aligns with system-prompt and instruction-compliance tokens. 
 

 



6. Discussion 
 
Asymmetric disclosure as a baseline property of frontier reasoning models. The central 
behavioral finding is that Mode 1 models — Qwen3-14B and Qwen3-32B — disclose hidden 
directives in CoT more often when those directives are malign than when they are benign, in the 
absence of any optimization pressure. The self-reference ban present in our prompts is itself 
prompting pressure, but it is symmetric across the two conditions; the asymmetry must come 
from something the model is doing differently when the directive is harmful. The selfIE and 
logit-lens results are consistent with the hypothesis that this is differential activation of a shared 
hiding direction rather than the use of separate mechanisms. 
 
Implications for CoT monitoring. For current Mode 1 models, asymmetric disclosure is a 
small free recall advantage for CoT monitors targeting malign behavior — the signal the monitor 
looks for shows up more reliably exactly where it matters. Mode 2 (Indiscriminate Transparency) 
gives high but uninformative leakage; Mode 3 (Effective Hiding) gives uniformly low recall 
regardless of valence. The three modes therefore make monitoring effectiveness model-specific 
in a structured way. The risk surface is in what happens next: optimization pressure against a 
CoT monitor, of the kind studied by Baker et al. [1] and Zolkowski et al. [2], could plausibly 
suppress the malign side of the asymmetry preferentially, since that is where the monitor's recall 
is highest. The steering results suggest that the hiding mechanism itself is the same for both 
benign and malign hidden objectives, so a training signal that simply pushes the hiding direction 
harder on malign inputs would convert a Mode 1 model into something closer to Mode 3 with the 
asymmetry inverted, exactly the blind spot the present asymmetry does not currently produce. 
 
Steering complements behavior in Minimax M2.5. The behavioral analysis identifies that 
models distinguish malign from benign hidden directives; the steering analysis shows that the 
residual-stream direction encoding "hide system instructions" is likely shared between the two 
conditions (cosine 0.804) and that intervening on this direction causally controls disclosure. The 
two findings together constrain the mechanism: directive valence does not produce a different 
hiding direction; it produces different engagement of the same direction. 
 
Limitations. 
 

-​ The CoT regex detector captures explicit linguistic markers; models that reference 
hidden directives implicitly — through word choice, structural decisions, or paraphrasing 
below the detection threshold — would contribute to underestimation of true ICG. 

-​ The self-reference ban both makes ICG measurable (via CAT2) and may suppress 
absolute leak rates relative to prompting without such a ban; real-world ICG in 
deployment configurations without an explicit ban could differ. 



-​ Steering analysis was conducted only on MiniMax-M2.5. Whether vectors extracted in 
other Mode 1 models (Qwen3-14B, 32B, 235B) show similarly high benign/malign cosine 
similarity is not yet established. 

-​ The output-level behavioral annotation (MiniMax T1–40) and the CoT-level regex 
detector measure distinct constructs and should not be treated as interchangeable. 

 
Future work. Three concrete directions: (i) replicate the steering analysis in Qwen3-14B and 
Qwen3-32B to test whether the benign/malign cosine similarity result generalizes across Mode 
1 models; (ii) apply optimization pressure against a CoT monitor in a Mode 1 model and test 
whether the asymmetry inverts as predicted; (iii) characterize what post-training signature 
distinguishes Mode 1 from Mode 2 / 3. 
 

 

7. Conclusion 
We characterize a behavioral asymmetry in how frontier reasoning models disclose hidden 
system-prompt directives in their chain of thought: across four models from two families 
(Qwen3-14B, 32B, 235B, and MiniMax-M2.5), CoT leakage is reliably higher for malign 
directives than benign ones, with multi-sample Wilcoxon p ≤ 0.035 in each individually-tested 
model and a cross-family pooled p = 0.0061 over 360 task pairs. Three behavioral modes — 
selective disclosure, indiscriminate transparency, and effective hiding — partition the eight 
models tested and produce qualitatively different CoT monitoring profiles. 
 
Steering vectors extracted via Contrastive Activation Addition in MiniMax-M2.5 causally control 
disclosure: positive steering induces hiding from a bare prompt; negative steering negates 
hiding under a full hiding prompt. Benign- and malign-derived hiding vectors are highly similar 
(cosine 0.804), indicating that the disclosure asymmetry arises from differential activation of a 
shared mechanism rather than from valence-specific hiding directions. For CoT monitoring to 
remain reliable as models advance, measuring directive-valence asymmetry — and accounting 
for the possibility that training against a CoT monitor could suppress it — is a necessary 
precondition for honest assessment of monitoring effectiveness. 
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