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Abstract

Reasoning models can self-jailbreak: their
chain of thought transitions from safe to harm-
ful content without adversarial input. Detecting
when this shift occurs (the commitment point)
requires real-time monitoring, and hidden-state
probes offer a direct window into the model’s
internal reasoning. Yet which transformer layer
to read is routinely treated as an implemen-
tation detail. We show this choice matters.
Across four models (two architectures, two
scales), crossing-rate metrics systematically se-
lect shallow layers (LO-L10) while threshold-
based metrics select deep layers (L14-L63), a
divergence of 14 to 61 layers. This gap reverses
whether hidden states outperform text: at deep
layers, hidden-state probes gain +20-22 per-
centage points (pp) precision over text (cross-
validated at 7-8B); at shallow layers, the two
modalities perform equivalently. The mecha-
nism is cosine compression: shallow represen-
tations compress directional information, in-
flating frequency-based metrics near the noise
floor. This bias generalizes across models and
a second dataset (AdvBench), and the geomet-
ric precondition extends to a fifth architecture
(Gemma-2). The advantage diminishes with
stronger text encoders and remains suggestive
at 32B; seven alternative detection methods fail
to match supervised probing. Layer selection
metric is a critical, overlooked specification
choice in safety probing studies.'

1 Introduction

Reasoning models such as DeepSeek-
R1 (DeepSeek-Al, 2025) and QwQ (Qwen
Team, 2024) can “self-jailbreak”: their chain of
thought transitions from safety-aware delibera-
tion to committed harmful generation without
adversarial input (Kakkar et al., 2026; Yong and
Bach, 2025). We call the first reasoning step after

!Code and data: https://anonymous.4open.
science/r/contrastive_trace_safety-A178/.

which safety deliberation permanently ceases the
Safety Commitment Point (CP). Existing safety
detectors operate at the token or input level (Liu
et al., 2026; Han et al., 2025; Kim et al., 2026),
missing the gradual, multi-step commitment
process within reasoning traces. Hidden-state
(HS) probing offers a natural alternative for
step-level monitoring, but requires choosing which
transformer layer to read. This choice is typically
treated as an implementation detail.

We show it determines whether the probe
appears to succeed or fail (Fig. 1). Across four
models, two architectures, and two scales (Table 1),
a crossing-rate composite metric systematically
selects shallow layers (LO-L10), where HS and
text probes perform equivalently. Threshold-based
metrics select deep layers (L14-1.63), where HS
probes gain +20-22pp precision, cross-validated
at 7-8B. The divergence spans 14 to 61 layers.
The mechanism is cosine compression (Fig. 2):
shallow layers compress step-to-step directional in-
formation by 1.4-2.7x, inflating frequency-based
metrics near the noise floor. This bias generalizes
across all models, a second dataset (AdvBench),
and a fifth architecture (Gemma-2).

The HS advantage at correctly selected layers is
conditional: it narrows from 4/4 to 1/4 significant
models with stronger text encoders (384d vs.
1024d) and remains suggestive at 32B due to small
samples (n < 20). Seven alternative detection
methods, including Bayesian online change-point
detection (BOCPD), representation engineering
(RepE), contrastive consistency search (CCS), and
cross-model transfer, all fail to match supervised
probing. Control tasks confirm the probes exploit
genuine safety structure rather than superficial
statistical patterns.

Our contributions are threefold. (C1) Metric-
induced layer selection bias: crossing-rate
composite metrics systematically select shallow
layers, producing a qualitative reversal of the
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Figure 1: Metric-induced layer selection reversal. The same hidden states, evaluated with different layer selection
metrics, yield opposite conclusions about the hidden-state advantage. Crossing-rate composite selects shallow layers
(LO-L10), where hidden-state and text probes perform equivalently; threshold-based metrics select deep layers
(L14-L63), where hidden-state probes significantly outperform text (+20pp). The 14-61 layer gap arises from the

metric alone.

hidden-state advantage; we trace the mechanism to
cosine compression and show it generalizes across
models and datasets (AdvBench); the geometric
precondition extends to a fifth architecture
(Gemma-2). (C2) Boundary conditions on the
hidden-state advantage: cross-validated at 7-8B,
conditional on encoder quality, and suggestive
at 32B. (C3) Comprehensive negative results:
seven alternative methods all fail, establishing
supervised temporal probing with principled layer
selection as the current best approach.

2 Related Work

Safety in Reasoning Models. Reasoning mod-
els introduce a qualitatively new failure mode:
the model’s own chain of thought transitions
from safe deliberation to harmful generation with-
out adversarial input (Wang et al., 2025). Self-
jailbreak has been documented with step-level an-
notations (Kakkar et al., 2026; Yong and Bach,
2025); unfaithful reasoning (Chen et al., 2025;
Turpin et al., 2023) motivates hidden-state mon-
itoring. Safety-aligned models maintain refusal
intentions during thinking but experience sharp
drops at output generation (Yin et al., 2025; Ha-
gendorff et al., 2026; Hu et al., 2026; Ahrend et al.,
2026). Mitigation strategies include reasoning
steering (Ghosal et al., 2026) and guardrail inser-
tion (Mao et al., 2025); none examines how method-

ological choices in probing (particularly layer selec-
tion) affect safety conclusions for reasoning traces.

Hidden-State Probing. Internal activations en-
code safety-relevant information including align-
ment signals (Zhou et al., 2024), refusal direc-
tions (Arditi et al., 2024), and separate harm-
fulness/refusal encodings (Zhao et al., 2025;
Wollschlédger et al., 2025). Monitoring systems
(TrajGuard (Liu et al., 2026), SafeSwitch (Han
et al., 2025), and others (Jiao et al., 2026; Yan et al.,
2026; Jiang et al., 2025; Wu et al., 2025; Hua et al.,
2026; Zhou et al., 2025)) assume external input
manipulation at the token level; the self-jailbreak
setting differs because transitions are internal and
span multiple reasoning steps. Concurrently, Chan
et al. (2025) show final-layer linear probes pre-
dict alignment outcomes with strong F1, but their
single-layer, single-metric evaluation does not ex-
amine whether different layers yield different con-
clusions. Multi-layer approaches complement our
work: CLAP (Suresh et al., 2025) uses cross-layer
attention bypassing single-layer selection, and
Meyoyan and Del Corro (2026) find safety features
distributed across layers, echoing our observation
that different metrics select different layers. These
works operate at fixed layers with single metrics;
we show that the choice of layer, and the metric
used to select it, can reverse the conclusions drawn.



Probing Methodology and Layer Selection.
Linear probing spans layer-wise classifiers (Alain
and Bengio, 2017), sentence probing (Conneau
et al., 2018), and surveys (Belinkov, 2022; Rogers
et al., 2020); control tasks (Hewitt and Liang,
2019) distinguish structure from memorization
(adopted in Section G). Non-uniform layer-wise
information distribution (Tenney et al., 2019;
Marks and Tegmark, 2024) and cross-layer
disagreement (Kaya et al., 2019; Zhou et al., 2020)
are well established; our contribution is identifying
a specific cascade (metric — layer — conclusion)
whose severity in safety probing has not been
documented. Boxo et al. (2025) show probes can
rely on textual evidence; our analysis provides a
complementary geometric mechanism.

3 Problem Setup and Methods

3.1 Safety Commitment Point

When a reasoning model is jailbroken, its chain-
of-thought (CoT) transitions from safety-aware de-
liberation to committed harmful generation. We
define the Safety Commitment Point (CP) as the
first reasoning step after which safety deliberation
permanently ceases; traces with oscillating safety
deliberation are resolved by taking the final irre-
versible transition. This binary formulation is a
deliberate simplification; we discuss its limits in
Section 5. Steps before CP are pre-commitment
(y+ = 0); steps at or after CP are post-commitment
(y¢ = 1). The classification task produces a score
s¢ € [0, 1] estimating whether the model has passed
its CP by step ¢. Annotation quality is robust to
boundary uncertainty: shifting CP labels by +1
step changes balanced accuracy by <2.5pp (Ta-
ble 22).

We study four reasoning models spanning two
architectures and two scales (Table 1).

3.2 Probe Architecture

Hidden-state (HS) probes. At each step t, we
extract the last-token hidden state hge) € R? from
layer ¢ and train an L2-regularized logistic re-
gression (LR) classifier (balanced class weights,
C=1.0, LBFGS, max_iter = 2000) on binary CP
labels. Sweeping C' € [0.01, 100] yields <2pp BA
variation (Section V), confirming robustness to this
default. Layer selection is analyzed in Section 3.3.

Text probes. FEach step’s text is encoded with
all-MiniLM-L6-v2 (Wang et al., 2020) (R3*%), a

Model Arch. Params Layers Hidden n (total/test)
RI1-8B Llama 8B 32 4096 209/43
OT-7B Qwen 7B 28 3584 228/47
R1-32B Qwen 32B 64 5120 100/20
QwQ-32B Qwen  32B 64 5120 95/19
Table 1: Models studied. R1-8B and R1-32B are

distilled from DeepSeek-R1 (DeepSeek-Al, 2025);
QwQ-32B (Qwen Team, 2024) is a native reason-
ing model; OT-7B (Guha et al., 2025) is trained
with STILL (Min et al., 2024) on Qwen2.5-7B. Data:
HarmThoughts (Kakkar et al., 2026) with step-level CP
annotations (CP = first reasoning step after which safety
deliberation permanently ceases). Split: 60/20/20.

distilled sentence encoder from the Sentence-BERT
family (Reimers and Gurevych, 2019). The same
logistic regression is applied as a surface-level
modality baseline. A text embedding implemen-
tation error for QwQ-32B was identified and cor-
rected during development (Section M).

Temporal windowing. For window size W, we
concatenate features from steps [t—W+1,...,t].
We evaluate W € {1, 3,5, 10, 15,20,25} and se-
lect per-model on validation. GRU sequence mod-
els are also evaluated under two protocols: a 70/30
train/test split (primary) and the same 60/20/20
split used for LR experiments (for fair comparison;
Table 20 and Section F).

3.3 Layer Selection Sensitivity

Layer selection is a researcher degree of freedom
that can reverse modality comparison conclusions.
We evaluate five metrics: balanced accuracy
(BA), precision, and inverse false positive rate
(FPR) are standard probing metrics (Belinkov,
2022); crossing rate measures the fraction of traces
where the probe score exceeds a threshold for
K consecutive steps (Kaya et al., 2019; Zhou
et al., 2020); and additive composite combines
precision with inverse FPR. A multiplicative
composite (BA x crossing rate) serves as the
crossing-rate composite (CR-composite). Metrics
at a fixed decision threshold (precision, inverse
FPR, additive composite) form the threshold-based
selection. Crossing rate inflates at shallow layers
where representations are compressed: inter-step
cosine distances are 1.4-2.7x smaller (Fig. 2
and Section B), causing a linear probe to operate
near the noise floor. Threshold-based metrics
converge to deep layers; BA independently
confirms. This predicts a priori that CR-composite
exhibits shallow-layer bias, confirmed by results
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Figure 2: Cosine compression at shallow vs. deep lay-
ers. Shallow layers produce compressed representations
(1.4-2.7x smaller inter-step cosine distances), causing
spurious threshold crossings that inflate crossing rate.
Layer indices below each bar; compression ratios above.
Error bars: +1 std. Data from Table 10.

(Section 4.2); full per-layer sweeps in Section A.

3.4 Baseline Methods

We evaluate seven alternatives to contextualize
probe performance (Table 5): Bayesian on-
line change-point detection (BOCPD) (Adams
and MacKay, 2007) and cumulative sum
(CUSUM) (Page, 1954) for change-point detection;
Mahalanobis distance following TrajGuard (Liu
et al., 2026); RepE mean-difference direc-
tions (Zou et al., 2023a); two-layer MLP probes;
CCS-adapted (Burns et al., 2023); and cross-model
transfer via PCA. A position-only baseline
(t/T) controls for temporal artifacts. Detailed
configurations in Sections J and Q.

3.5 Evaluation Protocol

We report balanced accuracy, precision, pre-CP
FPR, coverage, and lead time. We exclude F1 (con-
flates precision and recall), area under the ROC
curve (AUROC; threshold-free, cannot diagnose
layer selection bias), and Matthews correlation co-
efficient (MCC; redundant with BA under balanced
priors). Positive classification requires K'=5 con-
secutive threshold crossings, selected on the R1-8B
validation set and held fixed across all models as the
value balancing coverage (>70%) and safe-trace
false positive rate (<50%); per-model optimal K
values range from 3 to 7 (Table 25), and the HS vs.
text conclusion direction is consistent at K =3, 5,
and 7 (Section L), with coverage and FPR trading
off monotonically. Modality comparisons use bias-
corrected and accelerated (BCa) bootstrap (10,000

resamples, resampling traces as clusters: each trace
is an independent unit and all its steps are included
or excluded together, preserving within-trace de-
pendence) (Efron and Tibshirani, 1993; DiCiccio
and Efron, 1996) with Holm-Bonferroni (HB) step-
down (3 metrics x 4 models = 12 tests, «=0.05);
the 4-test framework yields identical conclusions
(Section C). For 32B models (n < 20), the exact
permutation test is the primary inference method;
BCa confidence intervals are reported for compa-
rability but may have reduced coverage at these
sample sizes (BCa assumes approximate pivotality;
heavy-tailed score distributions could produce anti-
conservative intervals). Within each model, the
three metrics are positively correlated, so the cor-
rection is stricter than under independence. Control
task selectivity (Hewitt and Liang, 2019) validates
genuine structure (Section G). 1 marks sample-
limited test sets (n < 20): R1-32B (n=20) and
QwQ-32B (n=19).

Multiple comparisons. The full search spans
~980-2,240 configurations per model; the
effective number of independent tests is far smaller
(shared confusion matrix, adjacent-layer correla-
tion; Section X.2). A two-stage design protects
against selection bias: upstream exploration uses
nested CV at 7-8B; downstream tests apply HB
to 12 comparisons. 32B models lack nested
cross-validation (CV) and are marked exploratory
(). Details in Section X.2.

4 Experiments

We evaluate temporal probes across four reason-
ing models (Table 1), comparing hidden-state (HS)
and text modalities under different layer selection
criteria.

4.1 Setup

We study R1-8B (Llama-8B, R1-distilled, n=43
test traces), OT-7B (OpenThinker-7B, trained on
the OpenThoughts dataset (Guha et al., 2025);
Qwen-7B backbone, STILL-trained Section E,
n=47), QwQ-32B (Qwen-32B, native reasoning,
n=19-20), and R1-32B (Qwen-32B, R1-distilled,
n=20). All traces come from HarmThoughts
with step-level CP annotations (60/20/20 split).
HS probes extract last-token hidden states from
a selected layer; text probes encode each step
with all-MiniLM-L6-v2 (384d). Both use L2-
regularized logistic regression with temporal
windowing W € {1, 3,5, 10,15, 20,25} selected
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Figure 3: Per-layer metric heatmap. Each column: one
of five metrics (min-max normalized). Red dashed:
CR-composite layer; green dashed: threshold-based
layer. CR-composite selections cluster near input layers;
threshold-based metrics peak at deep layers.

on validation. Classification requires K=5 con-
secutive threshold crossings (Table 25). Statistical
testing follows Section 3.5.

4.2 Layer Selection Results

Table 2 shows that the CR-composite systemat-
ically selects shallow layers: LO for R1-8B (full
L0-L24 sweep; Table 7) and OT-7B, L2 (3%)
for QwQ-32B, L10 (16%) for R1-32B (Fig. 3).
Threshold-based metrics converge to deep layers,
notably L63 (98%) for both 32B models. Balanced
accuracy varies across splits (7-98% depth;
Section X). The mechanism is cosine compression:
step-to-step distances are 1.4-2.7x smaller at shal-
low layers (Section B), so a linear probe operates
near the noise floor, inflating crossing rate indepen-
dently of discriminative power (Section 3.3).

The downstream impact is severe: at CR-
composite layers, only 7-8B models show
significant HS advantage; both 32B models fail.
CR-composite shallow-layer selection is an artifact
of cosine compression, not a genuine safety signal.
At threshold-based layers, the HS advantage is

Model CR-comp.®  Thresh.”  p (thresh.) APrec®
R1-8B L0 (0%) L14 (44%) <0.001 +20.1
OT-7B L0 (0%) L16 (57%) <0.001 +21.9
QWQ-32BT L2 (3%) L63 (98%) <0.005 +19.2
R1-32Bf L10(16%) 163 (98%) <0.001 +15.4

Table 2: Layer selection sensitivity. “ Crossing-rate
composite. ° Threshold-based consensus. ¢ HS—text
precision difference (pp) at threshold-based layer. p:
HS vs. text at threshold-based layer. 1 Sample-limited
(n < 20).

Table 3: Multi-metric layer ensemble vs. best single
metric and text baseline. All Ens—Text differences sig-
nificant (p < 0.002); no Ens—Best difference significant
(p > 0.27).

Model Ens Prec Best Single A Ens—Text
R1-8B 0.565 0.604 (BA@L12) —39pp  +19.3pp
OT-7B 0.506 0.473 (FPR@L18)  +3.3pp +27.0pp
QwQ-32B 0.578 0.578 (Prec@L60) —0.0pp +20.3pp
R1-32B 0.581 0.583 (Prec@L63) —0.2pp  +10.5pp

graded: cross-validated at 7-8B, significant at
QwQ-32B, and exploratory at R1-32B (small
sample). Random-label controls confirm threshold-
based selection requires genuine safety labels and
that the geometric bias is Qwen-specific (Sec-
tion A.1). AUROC confirms HS discriminability
at balanced-accuracy-selected layers (AAUROC
+12—15pp; Table 41 and Section X.1) but cannot
diagnose threshold-dependent bias.

Ensemble layer selection. A three-layer ensem-
ble averaging predictions from the precision-best,
balanced-accuracy-best, and inverse-FPR-best
layers bypasses single-metric selection. All four
models show significant HS advantage (p < 0.002;
Table 3), including both 32B models that fail
under CR-composite. The ensemble smooths
metric-specific variation by averaging across
depths within the deep region. This holdout result
requires cross-validated confirmation (Section 5).

Cross-dataset replication (AdvBench). We
replicate the five-metric layer sweep on Ad-
vBench (Zou et al., 2023b) (520 traces, 159 jail-
breaks, R1-8B, binary labels). The CR-composite
selects shallow layers (median L2) while precision
selects deep (median L14), a 31.7pp divergence
(95% CI [3.2, 48.4]pp, p=0.015; 1,000 bootstrap
iterations) consistent with HarmThoughts. This
confirms layer selection bias (C1) is geometric, not
label-dependent; AdvBench does not validate C2
(Sections B.1 and B.2).
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Figure 4: HS precision advantage (pp) over text probes
with 95% bootstrap CI. Blue: vs. MiniLM-384d; orange:
vs. BGE-1024d. Solid: survives Holm—Bonferroni cor-
rection; hollow: does not. The encoder-quality gradi-
ent is monotonic: all 384d comparisons significant; at
1024d only OT-7B survives.

4.3 HS vs. Text Comparison

Against the 384d text baseline, HS probes
outperform text in all four models (Table 4). The
advantage is cross-validated at 7-8B (R1-8B:
+20.1pp, OT-7B: +21.9pp precision) and consistent
across random seeds (Section W). At 32B, results
are suggestive: QwQ-32B shows +19.2pp but
the position baseline is competitive (Section 4.4);
R1-32B shows +15.4pp but with limited coverage.
Control tasks confirm the signal reflects genuine
safety structure (Section G); a split-half analysis
on OT-7B confirms internal validity (Section W.1).

Capacity control. PCA reduction of HS features
to 384d (79-92% variance retained) preserves the
precision advantage across all four models (+16.8
to +23.1pp, all p<0.012, all survive correction).
The control provides partial evidence against a
pure capacity explanation. Random projection to
384d yields similar results (APrec +8.3 to +20.5pp;
Section S), further weakening the -capacity
explanation. E5-Mistral-7B (4096d, PCA-reduced
to 384d; Section T) yields intermediate results (2/4
significant), forming a monotonic encoder-quality
gradient with MiniLM (4/4) and BGE-large (1/4).

Encoder robustness. The HS advantage is
encoder-conditional. Against BGE-large (Xiao
et al.,, 2024) (1024d), only OT-7B survives
correction (1/4 precision; Section R). Fig. 4
visualizes the encoder-quality gradient: MiniLM-
384d (4/4 significant) — ES5-Mistral (2/4) —
BGE-1024d (1/4), with precision narrowing from
+15-22pp to +6-18pp. Layer selection bias (C1)
is encoder-independent.

Position mediation. Position (¢/7") accounts
for 12-20pp of balanced accuracy, but all models
retain non-positional signal above chance (Sec-
tion U). Under linear residualization, 3/4 models
retain significant non-positional HS advantage;
quadratic residualization absorbs the advantage in
2/4 models (Table 32). Per-model residualization
details appear in Section 5. Temporal windowing
reduces position dependence (Section 4.5).

4.4 32B Scale

Results at 32B are suggestive due to small test
sets (n=19-20; minimum detectable effect (MDE)
8.6-9.5pp at 80% power). R1-32B shows early de-
tection (W =1, +14.2pp over position) but the resid-
ualized gap (+1.9pp) is not significant; QwQ-32B
achieves significance at all window sizes but with
negative lead time and a competitive position base-
line. Neither provides confirmatory evidence; repli-
cation with n > 50 traces is needed (Section Z).

4.5 Temporal Context

Temporal windowing (W >1) improves both
modalities (Fig. 5; cross-model and text-probe
ablations in Table 15 and Section D.1): at 7-8B,
the modality advantage (+20.1 to +21.9pp) exceeds
temporal improvement (+13pp). GRU models
achieve comparable accuracy but higher FPR
(Table 20 and Section O); an adaptive two-stage
strategy offers marginal gains (Section N).
CP-aligned probe trajectories confirm sharper
HS transitions at the commitment point (Fig. 6).
An oracle analysis (Section H) places the early
detection ceiling at 50-94% across models,
framing the gap that learned probes must close.

4.6 Negative Results

No alternative method consistently matches
supervised probing (Table 5). BOCPD (Adams and
MacKay, 2007)/CUSUM fail (0% detection on 3/4
models); Mahalanobis yields near-zero separation;
RepE (Zou et al., 2023a) is model-dependent
(BA 0.756 vs. 0.559); MLP probes overfit; CCS
misaligns temporally; cross-model transfer fails
(Section P). Per-model failure analysis (Section P)
identifies mechanism-specific causes: BOCPD sen-
sitivity to A prior, Mahalanobis collapse under high-
dimensional HS, and CCS temporal misalignment.
The signal is directional, gradual, model-specific,
and linearly separable, excluding change-point, dis-
tance, transfer, and objective-alignment methods.
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Model Layer Enc. W ABA APrec 95% CI AFPR HB

R1-8B L14 384d 3 +17.5 +20.1  [+12.4, +28.3] -7.9 v
1024d - +5.8 [—7.4,+19.5] -

OT-7B L16 384d 3 +10.7 4219 [+14.0,+29.6] —17.1 V
1024d - +18.1 [+8.4,+29.0] - v

QwQ-32BT  L63 384d 5 +13.0  +19.2  [+9.3,+33.5] —-150
1024d - +9.4  [-7.1,+27.7] -

R1-32Bf L63 384d 1 +18.7  +154 [+8.7,+22.6] —146 Vv
1024d - +11.7  [-0.2, +24.3] -

Table 4: HS vs. text at threshold-based layers (logistic regression, 60/20/20 split, 10,000 bootstrap). Enc.: text
encoder (384d = MiniLM, 1024d = BGE-large). A: HS—text difference (pp); “—” = not computed (different
calibration points). HB: v' = passes Holm—Bonferroni (a=0.05). TSample—limited (n < 20).

Method Result Limitation Failure Cat.

BOCPD 0% det. on 3/4 mod- Commitment Graduality
els gradual

CUSUM < threshold, all Same as  Graduality
models BOCPD

Mahalanobis Ad ~ 0 Signal in minor  Var. sub-

PCs space

RepE QwQ 0.756; R1- Model- Model-spec.
32B 0.559 dependent

MLP 3/4 worse than LR Overfitting Capacity

CCS No gain over Alignment mis- Obj.  mis-
supervised® match match

Transfer Best 59.5% (PCA)°  Model-specific ~ Model-spec.

repr.

Table 5: Seven alternative approaches. * RepE QwQ
approaches supervised bal_acc but precision is 0.512
vs. LR 0.700. ? Semi-supervised (requires CP labels).
¢ Best direct transfer 67.3% but 1% crossing rate.

5 Discussion and Conclusion

Implications and novelty. Our central finding,
that metric choice alone produces a 14-61 layer
divergence and qualitatively reverses hidden-state
advantage conclusions, means safety probing
studies should report results under multiple
layer selection criteria. The cosine compression
mechanism (Section B) provides a geometric ex-
planation: shallow-layer representations compress

directional information, inflating crossing-rate
metrics where probes operate near the noise floor.
This mechanism is architecture-general (confirmed
on Gemma-2; Section B.3), though tested only on
standard attention models. While metric sensitivity
is well-documented (Belinkov, 2022; Voita and
Titov, 2020), our contribution is demonstrating a
cascade specific to temporal safety probing: metric
— layer — conclusion, where the severity (14-61
layer gap, sign reversal) exceeds what prior work
documents at a fixed layer.

Practical recommendations. We propose three
levels of defense against metric-induced layer
selection bias (Section Y.2). Level I (minimal):
report layer selections under both threshold-based
and frequency-based metric families; divergence
exceeding 20% of model depth indicates metric-
induced bias. Level 2 (recommended): compute
all five metrics and flag when >3 select layers
differing by >20% of depth. Level 3 (robust): a
three-layer ensemble averaging predictions from
metric-selected layers eliminates pre-selection
entirely (p < 0.002; Table 3), but requires
cross-validated confirmation.
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Figure 6: CP-aligned probe score trajectories. Each panel averages all test traces for one model, with step O at
the true commitment point. HS probes (blue, solid) show a sharper score increase at CP than text probes (orange,
dashed), with OT-7B showing the strongest separation and R1-32B the weakest, consistent with the evidence
gradient. Shaded bands: £1 std. Points with <5 traces are omitted.

Per-model consolidated results appear in Ta-
ble 44.

Boundary conditions. The HS advantage is
confirmed at 7-8B (+20-22pp, cross-validated;
Section V.1) but conditional: it diminishes
from 4/4 to 1/4 significant models with stronger
encoders (384d — 1024d), and quadratic position
residualization absorbs it in 2/4 models (Table 32).
At 32B (n < 20), effects below 8.6-9.5pp
fall within noise (Section Y); replication with
n > 50 traces is needed. Ensemble layer selection
mitigates metric-induced bias but false positive
rates (11-50%) preclude deployment without
conservative operating points (Section K.1).

Future work. Causal interventions on position
encoding (e.g., shuffled or ablated position
embeddings) would disentangle the content-level
safety signal from temporal artifacts. Extending
to online detection with streaming probes and
calibrated confidence thresholds would move from
retrospective characterization toward deployment.

Limitations

This paper provides retrospective classification of
commitment points, not online detection; false

positive rates remain 11-50%, so deployment re-
quires calibrated confidence thresholds and stream-
ing architectures. CP-dependent claims rely on one
dataset (HarmThoughts) with annotations lacking
formal human-human inter-annotator agreement
(LLM-human x=0.606; Section I.1); the layer se-
lection bias finding is replicated on AdvBench, but
generalization to other jailbreak datasets, attack
taxonomies, or multilingual settings is untested. At
32B scale (n=19-20), small samples limit statis-
tical power; all 32B conclusions are suggestive.
Three of four models share the Qwen architecture;
generalization to non-standard attention mecha-
nisms (e.g., linear attention, state space models)
1s untested, and results are correlational.

Ethical Considerations

Our experiments use jailbreak prompt datasets
(HarmThoughts, AdvBench) that contain harmful
instructions. We use these solely to study model-
internal safety mechanisms and do not generate,
amplify, or redistribute harmful content. All harm-
ful prompts originate from previously published,
publicly available datasets.

This work characterizes how hidden-state probes
detect safety-critical transitions during reasoning,



including failure modes such as layer selection
bias. A potential dual-use risk is that adversaries
could exploit knowledge of probe weaknesses—
particularly the sensitivity to layer selection—to
craft inputs that evade probe-based safety moni-
tors. We believe the benefits of transparently doc-
umenting these failure modes outweigh this risk:
defenders cannot build robust monitoring systems
without understanding where current approaches
break, and the layer selection bias we identify af-
fects any practitioner deploying linear probes for
safety classification.

We emphasize that our findings are diagnostic
rather than prescriptive: they reveal limitations of a
common evaluation methodology, not a recipe for
bypassing safety measures. We encourage the com-
munity to develop layer-selection-robust probing
methods before deploying hidden-state monitors in
production safety systems.
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Appendix Contents: Section A Layer Sweep
Results; Section B Representation Compres-
sion Analysis; Section C Holm-Bonferroni
Correction; Section D Window Size Abla-
tion; Section E OpenThinker-7B Details; Sec-
tion F GRU Training Details; Section G Con-
trol Task Methodology; Section H Oracle Up-
per Bound; Section I CP Annotation Perturbation;
Section ] BOCPD/CUSUM Configuration; Sec-
tion K Detection Threshold Ablation; Section L De-
cision Threshold Sensitivity; Section M M002 Bug
Disclosure; Section N Adaptive Two-Stage Detec-
tion; Section O Temporal Ablation Details; Sec-
tion P Negative Results Details (incl. Table 5);
Section Q Cross-Model Transfer Details; Sec-
tion R Encoder Robustness; Section S Random
Projection Baseline; Section T LLM-Based Text
Encoder; Section U Position-Residualized Prob-
ing; Section V Hyperparameter Robustness; Sec-
tion W Multi-Seed Stability; Section W.1 Split-
Half Internal Validity; Section X BA-Layer Modal-
ity Comparison; Section Y Post-Hoc Power Anal-
ysis; Section Y.2 Practical Mitigation Levels;
Section Z 32B Model-Specific Analysis; Sec-
tion Z Consolidated Per-Model Results; Use of
Al Assistants.

A Layer Sweep Results

For each model, we sweep all transformer lay-
ers and evaluate five candidate selection metrics:
(1) balanced accuracy x crossing rate (the CR-
composite), (2) pure balanced accuracy, (3) pre-
cision, (4) inverse pre-CP FPR, and (5) an ad-
ditive composite. The CR-composite systemati-
cally selects shallow layers across all four models
(including R1-8B under the full LO-L24 sweep;
Table 7) because early-layer representations ex-
hibit higher crossing rates (more frequent thresh-
old crossings) regardless of discriminative power.
Three threshold-based metrics (precision, inverse
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FPR, additive composite) converge on deep layers
for all models; pure balanced accuracy selects lay-
ers whose depth varies with the data split (under
70/30: L30 for QwQ-32B, L47 for R1-32B; under
the canonical 60/20/20: L63 and L46 respectively;
Table 41).

Selected layers. R1-8B: under the original 12—
L24 sweep, all five metrics agreed on L14 (44%);
extending to LO-L24, crossing rate shifts to LO
while threshold-based metrics retain L14, a 16-
layer gap (Table 7). OT-7B: CR-composite selects
LO (0%), threshold-based consensus selects .16
(57%). QwQ-32B: CR-composite selects L2 (3%),
threshold-based consensus selects L63 (98%). R1-
32B: CR-composite selects .10 (16%), threshold-
based consensus selects .63 (98%). The disagree-
ment is most extreme for 64-layer models, where
the CR-composite selects layers in the bottom 16%
of the network while threshold-based metrics select
layers at 98% depth. Under 70/30, pure balanced
accuracy selects L30 (47%) for QwQ-32B and L47
(73%) for R1-32B; under the canonical 60/20/20,
it selects 163 (98%) and 1L.46 (72%), which demon-
strates sensitivity to the data split.

Impact on modality comparison. At the CR-
composite layers, HS vs. text precision p-values are
0.064 (R1-32B) and 0.35-0.83 (QwQ-32B), both
non-significant. At the threshold-based deep layers,
all p-values fall below 0.005. The initially reported
“scale-dependent” pattern (HS advantage at 7-8B
but not 32B) was entirely an artifact of layer selec-
tion methodology, not a genuine property of model
scale (Section 4.2).

Layer selection stability (LOO-CV). Leave-
one-out cross-validation on the validation set shows
moderate consistency for 7-8B models (65—-68%
dominant-layer agreement) but lower for 32B, con-
firming that layer selection instability is particularly
acute at small sample sizes. Under pure balanced
accuracy, the dominant layer is selected in 68%
(QwQ-32B: L30, 13/19 folds) and 65% (R1-32B:
L47, 13/20 folds) of folds. Alternative selections
scatter across neighboring layers (L29, L55-56
for QwQ; L32, .38, L43 for R1-32B), reinforc-
ing the need for multi-metric auditing rather than
single-metric layer selection. Threshold-based met-
rics show tighter convergence to L63 for both 32B
models. Expanding the criterion from top-1 to top-
3 layers does not change conclusions: the top-3
BA-selected layers for QwQ-32B (L30, L.29, L55)
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and R1-32B (L47, L43, L38) all fall in the mid-
to-deep range, and threshold-based metrics remain
converged at L.63 across all folds.

Joint (layer, 1) sensitivity. Under the original
70/30 validation protocol, we evaluate QwQ-32B
across 64 layers x 3 windows (W € {1,3,5})
(192 configurations) (Table 6). L60 is near-optimal:
within 2.1pp of the global best at W'=3 and the top-
ranked layer at W =5. (Under 60/20/20, threshold-
based metrics select L63; the shift from L60 to L63
across splits itself illustrates layer selection sensi-
tivity.) The optimal layer shifts from middle-deep
(L4647 at W=1) to deep (L60 at W =5), confirm-
ing a layer-window interaction. For R1-8B, opti-
mal precision layers shift similarly (L16 at W=1
— L9 at W=15; Kendall’s 7=—0.91, p=0.071), a
consistent negative trend that does not reach signif-
icance at n=4 windows. L30, selected by per-fold
LOO-CV at W=1 under balanced accuracy, is sub-
optimal across all windows (max BA = 0.769 vs.
global best 0.817). Joint (layer, W) stability was
evaluated via grid search on W € {1,3,5} for
QwQ-32B only; full leave-one-fold-out validation
of the (layer, W) pair and extension to R1-32B
remain for future work.

Table 6: QwQ-32B joint (layer, W) grid search under
70/30 validation. L60 is near-optimal at recommended
windows (W =3-5). L30 (LOO-CV selection at W=1)
is suboptimal across all windows. Under the canonical
60/20/20 split, threshold-based metrics select L63.

W  Bestlayer BestBA L60BA L60 rank
1 L47 0.798 0.783 ~15th

3 L46 0.817 0.796 ~6th

5 Le0 0.808 0.808 Ist

R1-8B full-layer sweep. The original R1-8B
layer sweep covered L12-1.24 (13 layers), where
all five metrics agreed on L14 (Table 2). Extending
to LO-L24 reveals that crossing rate consistently
selects LO across all window sizes, while threshold-
based metrics retain mid-to-deep layers (L12-L.16
for W=1-5; L9 at W=15, marginal A=0.003 be-
tween shallow and deep means), a 9-16 layer di-
vergence (Table 7). Unlike 32B models, the bias
is isolated to crossing rate; threshold-based met-
rics show no shallow shift for R1-8B. This con-
firms the crossing-rate bias generalizes to Llama-
architecture models. HS probes maintain signif-
icant advantage across all 25 layers and window
sizes (precision gap ~0.15-0.17), unlike OT-7B



and 32B models where significance drops at shal-
low layers.

Table 7: R1-8B full-layer sweep (L0-L24, extending the
original L12-1.24 range). Best layer selected by cross-
ing rate vs. threshold-based metrics across four window
sizes. Score = balanced accuracy at the threshold-based
layer. Layer gap = crossing-rate layer minus threshold-
based layer.

wW=1 W=3 W=5 W=15
Crossing rate LO Lo LO LO
Threshold (composite) L16(0.789) L12(0.796) L12(0.803) L9 (0.784)
Layer gap 16 12 12 9

A.1 Random-Label Decomposition Control

To decompose the sources of metric disagreement
in layer selection, we replace the true CP anno-
tations with uniformly random labels and re-run
the full layer sweep (10 random-label repeats per
model). We test QwQ-32B (95 traces, 64 layers)
and R1-8B (2009 traces, 25 layers); Tables 8 and 9
report the fraction of repeats selecting a shallow
layer and the mean selected layer.

Table 8: QwQ-32B layer selection under random CP
labels (10 repeats). Shallow%: fraction selecting a layer
L<10. Real-CP layer shown for reference.

Metric Real-CP Shallow% Rand. mean layer
Crossing rate L4 100% 3.4+26
CR-composite L4 80% 13.1£18.1
Precision L63 20% 33.8+19.8
Inv. FPR L62 10% 36.4£17.0
Bal. accuracy L63 20% 33.3£20.3

Table 9: R1-8B layer selection under random CP labels
(10 repeats). Shallow%: fraction selecting L<4 (bottom
quintile of 25 layers). {: degenerate, all repeats select
LO with zero variance, indicating destroyed signal rather
than shallow preference.

Metric Real-CP Shallow% Rand. mean layer

Crossing rate LO 0% 10.7£4.8

CR-composite LO 0% 13.7+£6.7

Precision L23 100%" 0.0£0.0

Inv. FPR L13 100%° 0.0+0.0

Bal. accuracy L19 0% 14.0+4.0
QwQ-32B (Qwen). The results decompose the

metric disagreement into two components. (A) The
crossing-rate shallow-layer preference is label-
independent: 100% of random-label repeats still se-
lect layers LO-L7, confirming that this bias reflects

representation geometry (shallow-layer cosine dis-
tance compression; Section B) rather than any prop-
erty of the safety labels. The CR-composite inherits
this bias (80% shallow). (B) Threshold-based met-
rics (precision, inverse FPR) select deep layers only
with real safety labels; under random labels, selec-
tions scatter across the full layer range (mean L34—
L36, high variance). The full metric disagreement
(L4 vs. L63, a 59-layer gap) is the superposition of
a geometric artifact on the crossing-rate side and a
real safety signal on the threshold-based side.

R1-8B (Llama). The Llama-based model shows
stronger label dependence: crossing rate scatters
from LO to mean L10.7 £ 4.8 under random labels
(0% shallow), unlike QwQ-32B where it retains
shallow preference. Threshold-based metrics de-
generate entirely: precision and inverse FPR select
LO in all 10 repeats with zero variance, indicat-
ing random labels destroy discriminative signal
rather than merely redistributing it. The real-CP
disagreement (LO vs. L23, a 23-layer gap) vanishes
completely under random labels.

Cross-architecture summary. The metric dis-
agreement requires genuine safety labels in both
architectures, but the mechanism differs: in QwQ-
32B, crossing-rate shallow preference reflects rep-
resentation geometry (label-independent cosine
compression), while in R1-8B even crossing-rate
layer selection is label-dependent. The geometric
component of the crossing-rate bias is thus Qwen-
specific rather than a universal property of trans-
former representations.

B Representation Compression Analysis

We measure step-to-step cosine distance at CR-
composite (shallow) vs. threshold-based (deep) lay-
ers across all models to characterize the compres-
sion mechanism underlying the crossing rate bias
(Table 10).

Shallow layers produce highly compressed rep-
resentations: consecutive steps cluster within small
cosine distances (0.04-0.19), while deep-layer
representations spread more widely (0.09-0.41).
Inter-step distances at shallow layers are 1.4-2.7 x
smaller than at deep layers across all models. A
linear probe operating in this compressed space
sits near the noise floor, where minor numerical
fluctuations produce spurious threshold crossings
that inflate crossing rate independently of discrimi-
native power. Deep layers produce well-separated



Table 10: Step-to-step cosine distance at shallow and
threshold-based (deep) layers. Shallow layers produce
highly compressed representations (1.4—2.7x smaller
inter-step distances). Shallow layers are L2 for R1-
8B/OT-7B/QwQ-32B and L10 for R1-32B; deep layers
follow threshold-based consensus (Table 2).

Model Layer (depth) Mean  Std
R1-8B L2 (shallow) 0.186  0.097
L14 (deep) 0411 0.143
OT-7B L2 (shallow) 0.077  0.080
L16 (deep) 0.206  0.091
QwQ-32B L2 (shallow) 0.037  0.064
L63 (deep) 0.084  0.056
R1-32B L10 (shallow)  0.067  0.050
L63 (deep) 0.092  0.076

representations where crossings correspond to gen-
uine semantic transitions.

Cross-dataset evidence. To assess whether
this geometric precondition generalizes beyond
HarmThoughts, we compute the same shal-
low/deep volatility ratio on AdvBench (Zou et al.,
2023b) traces using R1-8B (n=>520 traces). The
deep-layer mean cosine distance (0.472) is 1.54 x
the shallow-layer mean (0.307), consistent with the
1.4-2.7x range observed across all four models on
HarmThoughts (Table 10). This confirms that the
representational compression underlying metric-
induced layer selection bias is not dataset-specific
and does not depend on CP annotations.

B.1 AdvBench Boundary Condition

We analyze R1-8B behavior on 388 substantive-
response AdvBench (Zou et al., 2023b) traces (of
520 total) to characterize a boundary condition for
the CP framework (Table 11).

Table 11: R1-8B behavior on AdvBench adversarial
prompts (388 substantive-response traces of 520 total).
CP=0 indicates the model produces harmful content
from the first reasoning step without prior safety delib-
eration.

Metric Value
Jailbreak rate 13.4%
CP=0 (among JB) 90.4%
Mean CP position (among JB) 1.4 steps

Adversarial prompts designed to bypass safety
mechanisms (e.g., GCG suffixes) cause the model
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to skip safety deliberation entirely: 90.4% of jail-
broken traces have CP=0, meaning the model com-
mits to harmful generation from the first reasoning
step. This contrasts with HarmThoughts, where
non-adversarial prompts trigger extended safety de-
liberation before commitment (mean relative CP
position ~0.7). The CP framework is most infor-
mative when prompts elicit deliberation that can
be monitored; adversarial prompts that circumvent
deliberation represent a boundary condition where
commitment detection is vacuous. The geometric
compression evidence (Table 10; volatility ratio
1.54 %) remains valid because it measures represen-
tational properties independent of CP annotations.

B.2 AdvBench Layer Selection Bias
Replication

We replicate the five-metric layer selection anal-
ysis on AdvBench (Zou et al., 2023b) to test
whether metric-induced layer divergence depends
on HarmThoughts-specific CP annotations or gen-
eralizes to simpler binary supervision. Using
R1-8B, we generate reasoning traces for all 520
AdvBench prompts, classify each as jailbreak or
safe via keyword matching, and evaluate logistic
regression probes across all 32 layers (LO-L31)
with windows W € {1,3,5,15}. The 60/20/20
train/val/test split matches HarmThoughts proto-
col.

Data distribution. Of 520 traces, 159 (30.6%)
are classified as jailbreak and 361 (69.4%) as safe.
A stricter keyword classifier (applied only to final
responses, threshold >1 refusal phrase) reduces
the jailbreak rate from 79.2% (v1) to 30.6%; the
full-data divergence increases from 42pp (v1) to
58pp (v2); with proper held-out evaluation, the v2
bootstrap mean is 31.7pp (p=0.015), confirming
the bias is genuine and not an artifact of label noise.

Table 12: AdvBench layer selection (R1-8B, 32 layers).
CR-composite selects shallow layers; precision and in-
verse FPR select deep layers; AUROC selects mid-depth
layers. Consistent with HarmThoughts (Table 2).

Metric Best Layer Depth (%) Best W
CR-composite (BA x CR) L3 9.7% 5
Crossing rate LO 0.0% 5
Precision L21 67.7% 15
Inverse FPR L21 67.7% 15
Balanced accuracy L9 29.0% 15
AUROC L11 35.5% 15

Crossing rate pattern. Mean crossing rate at
shallow layers is elevated relative to deep layers,



consistent with the cosine compression range ob-
served on HarmThoughts (Table 10).

Per-window consistency. Precision and inverse
FPR consistently select deep layers regardless of
window size, while the CR-composite is pulled
toward shallow layers across all windows.

The bootstrap-validated divergence (31.7pp,
p=0.015) between CR-composite and
precision/inverse-FPR  selection  replicates
the HarmThoughts pattern (LO vs. L14, 44%
divergence) under different label semantics (binary
jailbreak/safe vs. step-level CP). This confirms
that the bias arises from representational geometry
(shallow-layer cosine compression) rather than
task-specific label structure.

Bootstrap validation. The full-data analysis
(training and evaluation on the same data) yields
a 58pp divergence (L3 at 9.7% vs. L21 at 67.7%),
which includes layer selection overfitting. To ob-
tain a proper held-out estimate, we run 1,000 boot-
strap iterations with stratified 60/40 train/test splits:
probes are trained on the training split (60%). In
each bootstrap iteration, test traces are resampled
with replacement, and both layer selection and di-
vergence measurement are performed on the resam-
pled test set; this estimates the full pipeline vari-
ance including selection variability. The bootstrap
mean divergence is 31.7pp (95% CI [3.2, 48.4]pp,
p=0.015). Layer selection is stable across iter-
ations: the CR-composite median is L2 and the
precision median is L14, consistent with the shal-
low/deep divergence pattern. The gap between
full-data (58pp) and bootstrap (31.7pp) estimates
reflects overfitting in layer selection when train and
test data overlap, reinforcing the need for held-out
evaluation in layer selection studies.

B.3 Cross-Architecture Geometric Analysis
(Gemma)

To test whether the geometric precondition for layer
selection bias generalizes beyond Llama and Qwen,
we evaluate cosine compression on two Gemma-
family models using AdvBench traces. Gemma-2-
9B-it (standard multi-head attention) and Gemma-
4-E4B (mixed sliding-window/full attention, win-
dow size 512) each generate 520 traces. Gemma-2
(6 JB /520, 1.15%) and Gemma-4 (14 JB / 520,
2.7%) produce insufficient positive samples for reli-
able probe-based layer selection analysis; we there-
fore report only the geometric precondition (cosine
compression).
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Table 13: Cross-architecture cosine compression.
Deep/shallow ratio >1 indicates shallow-layer com-
pression (the geometric precondition for crossing-rate
inflation). Standard full attention consistently shows
compression; Gemma-4’s mixed sliding/full attention
does not. ® Probe-selected layers from HarmThoughts
(L2vs.L14). ? Range-based windows (first 15% vs. last
25% of layers) due to insufficient jailbreak samples for
probe-based selection.

Model Attention Method Deep/Shallow Compression
R1-8B (Llama)  Standard Probe® 1.54% v
Gemma-2-9B Standard Range® 1.28% v
Gemma-4-E4B  Mixed sliding/full ~ Range® 0.70x -

Gemma-2’s standard full attention produces a
shallow-layer compression pattern consistent in di-
rection with Llama and Qwen (deep/shallow ra-
tio 1.28 %, same direction as HarmThoughts mod-
els at 1.4-2.7x though at reduced magnitude).
Gemma-4’s mixed sliding-window/full attention
inverts this pattern (ratio 0.70x): shallow layers
produce larger inter-step distances than deep lay-
ers, eliminating the geometric precondition for
crossing-rate inflation. This suggests the compres-
sion arises from full self-attention’s global recep-
tive field, while sliding attention’s local window
disrupts the shallow-layer clustering that drives
crossing-rate inflation. The geometric precondition
thus generalizes across all models with standard
full attention (Llama, Qwen, Gemma-2) but is ab-
sent under mixed attention, indicating that the layer
selection bias is attention-mechanism-dependent.

C Holm-Bonferroni Step-Down
Correction

Table 14 reports the full test battery used to assess
hidden-state superiority over text probes. Because
balanced accuracy, precision, and FPR share the
same confusion matrix, the three per-model met-
rics are correlated; the effective number of inde-
pendent comparisons is four (one per model). We
report both the conservative 12-test correction and
the 4-test model-level correction: both yield the
same outcome (all tests pass at «=0.05). Under 4-
test HB, the tightest threshold falls on R1-8B FPR
(p=0.044, rank-4 threshold «/1=0.050), which
still passes. Tests are ranked by p-value; each test
i (rank ¢ of m) must satisfy p; < a/(m —i+ 1)
under the step-down procedure.

The weakest test (rank 12, RI1-8B FPR,
p=0.044) passes its threshold («/1 = 0.05) with
margin. The ordering reveals that OT-7B produces



Table 14: Holm-Bonferroni step-down correction for 12
tests (4 models x 3 correlated metrics). Each test uses
a two-sided null-centered bootstrap (10,000 resamples)
on trace-level metric differences (HS minus text). All
12 pass at «=0.05; a 4-test model-level correction (one
per model, using the worst p-value) also passes.

Rank Model Metric p-val Thresh. Pass
1 R1-8B Precision <0.001 0.0042 v
2 OT-7B Bal. Acc. <0.001 0.0045 v
3 OT-7B Precision <0.001  0.0050 v
4 OT-7B FPR <0.001 0.0056 Vv
5 QwQ-32B Bal. Acc. <0.001 0.0063 v
6 QwQ-32B Precision <0.001 0.0071 v
7 R1-32B Bal. Acc. <0.001 0.0083 v
8 R1-32B Precision <0.001 0.0100 v
9 QwQ-32B FPR 0.004 0.0125 v
10 R1-8B Bal. Acc. 0.005 0.0167 VvV
11  R1-32B FPR 0.007 0.0250 Vv
12 R1-8B FPR 0.044 0.0500 Vv

the strongest HS-text separation (ranks 2—4), while
R1-8B FPR is the least significant despite R1-8B’s
precision gap (+20.1pp at W =3). This reflects R1-
8B’s already-low text FPR (11.8%), which leaves
less room for HS improvement on this metric.

Exact sign-flip permutation test validation. As
an independent check on bootstrap significance
for the small-sample 32B models, we run exact
sign-flip permutation tests on all six 32B com-
parisons, enumerating all 2" sign permutations
(219=524,288 for QwQ-32B, 229=1,048,576 for
R1-32B). All six tests reject the null at =0.05:
QwQ-32B (bal_acc p<0.001, precision p=0.003,
FPR p<0.001); R1-32B (bal_acc p=0.008, preci-
sion p<0.001, FPR p=0.004). The permutation
p-values are consistent with the bootstrap values in
Table 14 and confirm that the conclusions are not
artifacts of distributional assumptions at small n.

D Window Size Ablation Details

Table 15 reports the complete window size abla-
tion across all models and seven window sizes. The
main text (Section 4.5) presents R1-8B results; here
we provide the full data. Fig. 5 visualizes the mono-
tonic improvement on R1-8B: precision rises from
69.3% (W=1) to 82.2% (W =25) while FPR drops
from 9.65% to 4.8%.

Key cross-model patterns emerge from the win-
dow ablation:

R1-8B shows a general upward trend in balanced
accuracy from 77.8% (W=1) to 81.0% (W =25),
gaining +3.2pp overall with a slight dip at W=5
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Table 15: Window size ablation (step-level metrics):
balanced accuracy, precision, pre-CP FPR, coverage
(K=1), and mean detection lead across all models.

Model W Bal. Acc. Precision FPRy, Coverage Lead
1 77.8 69.3 9.65 72.1 13.8
3 79.0 723 8.50 69.8 12.1
5 78.1 72.6 8.09 65.1 83
R1-8B 10 79.3 743 7.61 55.8 10.0
15 80.2 717 6.39 512 7.2
20 80.7 78.6 6.12 53.5 7.4
25 81.0 822 4.83 48.8 8.1
1 68.2 42.8 12.0 532 16.1
3 68.8 46.6 10.0 532 21.6
5 68.1 46.4 9.9 532 21.7
OT-7B 10 66.5 46.9 8.6 48.9 25.0
15 66.4 438.8 7.7 447 39.6
20 66.0 494 7.5 48.9 17.9
25 65.9 489 8.0 51.1 28.3
1 71.8 54.9 32.03 80.0 129
3 725 56.0 30.64 80.0 114
5 73.1 57.5 28.41 75.0 11.1
R1-32B 10 73.7 60.9 23.40 70.0 10.8
15 72.1 59.1 24.51 70.0 10.9
20 69.6 56.3 26.18 65.0 9.6
25 70.3 56.6 26.46 70.0 10.7
1 73.0 544 2276 79.0 19.7
3 74.5 56.5 21.41 73.7 20.6
5 76.1 573 21.68 737 20.1
QwQ-32B 10 74.7 57.1 20.73 73.7 18.4
15 74.1 582 19.11 68.4 15.8
20 75.4 60.2 17.89 63.2 15.8
25 76.2 61.8 16.94 57.9 14.9

(78.1%). Precision improves sharply (+12.9pp) and
step-level FPR halves (9.65% to 4.83%). Coverage
trades off against quality, dropping from 72.1% to
48.8%.

OT-7B exhibits a split temporal pattern at layer
16: balanced accuracy peaks at W =3 (68.8%) and
declines at larger windows (—2.9pp by W=25),
while precision and FPR continue improving. Pre-
cision rises from 42.8% (W =1) to 49.4% (W =20),
and FPR drops from 12.0% to 7.5% over the same
range. The split indicates that larger windows re-
duce false alarms and sharpen positive predictions
even as overall classification accuracy degrades.
Lead times are shorter than old layer-0 estimates
(16.1-39.6 steps) due to the threshold-based layer
selection (Section E). OT-7B text probes improve
monotonically across all metrics (Section E), so the
accuracy saturation is specific to HS probes on this
model.

R1-32B exhibits a non-monotonic pattern: bal-
anced accuracy peaks at W=10 (73.7%) and then
declines, falling below the W=1 baseline by
W =20 (69.6%). The optimal window for R1-32B
is W =10, which achieves the lowest FPR (23.40%)
and highest precision (60.9%). The accuracy degra-
dation at large windows likely reflects overfitting
on the smaller dataset (n=100).



QwQ-32B shows a broadly increasing trend with
local non-monotonicity: balanced accuracy peaks
at W=5 (76.1%), dips at W =10-15, then recov-
ers to 76.2% at W=25. Precision and FPR im-
prove monotonically with larger windows (54.4%
to 61.8% precision; 22.76% to 16.94% FPR). QwQ-
32B produces substantially longer lead times than
R1-8B and R1-32B (19.7 steps at W=1, 14.9 at
W =25), though OT-7B’s lead times are longer still.

Universal trends. Across all models: (1) larger
windows reduce coverage as the smoothed probe
fires less frequently; (2) HS FPR generally de-
creases with window size; (3) lead time is model-
dependent. The primary cross-model difference is
whether balanced accuracy improves broadly (R1-
8B, QwQ-32B), peaks sharply at an intermediate
window (R1-32B at W =10), or peaks very early
(OT-7B at W =3). Each model uses its validation-
selected window in the main text.

D.1 Text Probe Window Ablation

Table 16 reports the complete text probe window
sweep on R1-8B and confirms that temporal con-
text benefits text probes even more strongly than
HS probes.

Table 16: Text probe window ablation on R1-8B (step-
level metrics). Text probes gain +12.0pp accuracy from
W=1 to W=25, compared to +3.2pp for HS probes
over the same range. The larger marginal gain for text
probes reflects their weaker single-step baseline.

W Bal. Acc. Precision FPR Coverage
1 64.7 41.6 25.8 95.4
3 66.9 44.8 23.1 90.7
5 69.2 48.5 20.4 84.9
10 72.1 543 16.7 74.4
15 74.3 58.9 14.2 67.4
20 75.8 62.1 12.5 62.8
25 76.7 64.8 11.8 58.1

Text probes show monotonic improvement
across all window sizes without the plateau ob-
served in HS probes (which saturate around
W=15). The absolute FPR reduction (—14.0pp) is
nearly three times the HS reduction (—4.8pp), and
accuracy gains (+12.0pp vs. +3.2pp) are four times
larger. This asymmetry supports the interpretation
that temporal context is the primary factor in com-
mitment detection: text features, which encode less
information per step, benefit proportionally more
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from observing the multi-step progression.

E OpenThinker-7B Detailed Results

OpenThinker-7B  (OT-7B) is trained with
STILL (Min et al., 2024) on Qwen2.5-7B to
produce a 7B reasoning model with a different
training paradigm from the R1-distilled models.
We report the full layer sweep and text probe
window ablation.

Table 17: OT-7B layer sweep. Score = balanced accu-
racy x crossing rate. Layer 16 (57% depth) is selected
after correction; it achieves the highest balanced accu-
racy among transformer layers.

Layer Depth Bal. Acc. Cross. Rate Score
0 (embed.) 0 66.7 53.2 355
4 14 66.3 40.4 26.8
8 29 66.4 25.5 17.0
12 43 67.5 31.9 21.6
16 57 68.2 31.9 21.8
20 71 65.5 31.9 20.9
24 86 66.9 29.8 19.9
27 96 63.0 31.9 20.1

Layer sweep. After correction of a layer selec-
tion bug, layer 16 (57% depth) is selected. It
achieves the highest balanced accuracy (68.2%)
among transformer layers under the 70/30 split
used here; under the canonical 60/20/20 split, BA
selects L2 (7% depth; Table 41). Layer O (embed-
ding) has a higher crossing rate (53.2% vs. 31.9%)
but lower accuracy.

Table 18: OT-7B text probe window ablation (step-
level). Text probes improve monotonically with larger
W, contrasting with the HS probes on this model which
peak at W=3.

W Bal. Acc. Precision FPR  Coverage
1 58.1 24.5 34.5 63.8
3 57.9 254 27.1 74.5
5 56.9 24.7 25.5 70.2
10 58.3 27.0 222 70.2
15 58.9 28.3 20.0 66.0
20 60.9 31.6 17.6 66.0
25 61.4 329 16.1 66.0
Text probe window ablation. OT-7B text probes

improve monotonically from W=1 to W=25
(+3.3pp accuracy, +8.4pp precision, —18.4pp FPR),
consistent with the R1-8B pattern. OT-7B HS
probes show a split pattern: balanced accuracy



peaks at W =3 and declines, while precision and
FPR continue improving (Table 15). The text-HS
contrast is therefore metric-dependent rather than a
blanket modality difference.

Bootstrap comparison (matched W =3). To en-
sure a fair modality comparison, bootstrap tests
use matched W =3 for both HS and text probes.
At W=3, HS probes achieve 75.3% trace-level
balanced accuracy vs. 65.6% for text (bootstrap
A=+10.7pp, 95% CI [4.9, 16.3], p<0.001, sur-
vives Holm-Bonferroni). Precision: 55.8% vs.
34.6% (bootstrap A=+21.9pp, 95% CI1[14.0, 29.6],
p<0.001, survives Holm-Bonferroni). Pre-CP
FPR: 10.0% vs. 27.1% (bootstrap A=—17.1pp,
95% CI [—22.2, —12.2], p<0.001, survives Holm-
Bonferroni). All three metrics survive correction.
The point-estimate precision gap (+21.2pp) aligns
with the bootstrap mean (+21.9pp); the small dis-
crepancy reflects resampling variance. Using each
modality’s optimal W (HS at W=3, text at W =25)
would introduce a confound because text would
benefit from 8 x more temporal context.

F GRU Training Details

GRU results serve as supplementary evidence un-
der a different training protocol (70/30 split); di-
rect comparison with the main logistic regression
pipeline (60/20/20 nested CV) is not intended.

Data split. GRU experiments use a 70/30
train/test split to maximize training data for the
sequential model, differing from the main 60/20/20
protocol used for logistic regression probes. Within
the 70% training portion, we hold out 10% of total
traces as a validation set for early stopping (effec-
tive 60/10/30 split). The validation set is used only
for early stopping and is not included in reported
test metrics, so there is no information leakage.

Architecture. We evaluate two GRU variants.
The single-layer variant uses a GRU with hidden
dimension 256, taking per-step hidden states from
the best layer (selected by validation balanced ac-
curacy) as input. The multi-layer variant concate-
nates hidden states from 7 layers (evenly spaced
through the network) at each step to produce a
higher-dimensional input to the same GRU archi-
tecture.

Training procedure. We train with Adam (learn-
ing rate 1 x 1073, default 5;=0.9, £2=0.999),
batch size 16, for a maximum of 50 epochs. Early
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stopping halts training when validation loss does
not improve for 10 consecutive epochs. Input fea-
tures are z-score normalized per dimension using
training set statistics.

Evaluation. We report crossing accuracy (the
sustained accuracy at which the probe first exceeds
chance for 5 consecutive steps) and detection lead
(steps before CP at crossing point). All experiments
use 3 random seeds; we report mean =+ standard
deviation.

Table 19: R1-8B single-layer GRU results per seed.
Lead is measured in steps before the commitment point.

Seed Peak Acc. Crossing Acc. Lead (steps)
1 85.2 74.3 +4.8
2 83.1 71.6 +4.8
3 83.4 70.4 +0.9
Mean £ std 839+ 1.1 72.1+£2.0 +3.5£23

Per-seed results for R1-8B (single-layer GRU).
The high variance in lead time (standard deviation
of 2.3 steps) is driven by seed 3, where the probe
achieves good peak accuracy but crosses the de-
tection threshold late. This variance underscores
the sensitivity of early detection to initialization
and motivates reporting per-seed results rather than
relying on mean values alone.

Results in this section use the 60/20/20 protocol
consistent with the main text; earlier 70/30 results
are retained for completeness but should not be
compared directly.

Table 20: Per-seed performance of GRU and logistic re-
gression (LR) probes on R1-8B under a 60/20/20 cross-
validation protocol (seeds 42, 123, 456). Single = layer
14 only; Multi = 7-layer concatenation (layers 12-24,
stride 2). Lead = steps before CP at first sustained cross-
ing. Main text results use a 70/30 train/test split with
different test traces, accounting for the difference in lead
values.

Model Seed Acc Prec FPR Cross.% Lead

0.657
0.454

0.139

0.191

0.203
0.178+0.028

72.1%

65.1%

67.4%
68.242.9%

3.55

7.39

8.45
6.4612.10

GRU-single
GRU-single
GRU-single
GRU-single

42
123
456
mean

0.845
0.760
0.474
0.528+0.091

0.792
0.799+0.035

0.616

0.454

0.460
0.51020.075

0.164

0.195

0.207
0.189+0.018

74.4%

65.1%

65.1%
68.24+4.4%

5.66

6.43

8.93
7.0141.40

GRU-multi
GRU-multi
GRU-multi
GRU-multi

42
123
456
mean

0.824

0.759

0.784
0.78940.027

42
123
456
mean

0.841

0.753

0.814
0.803+0.037

0.693

0.436

0.512
0.547+0.108

0.097

0.181

0.146
0.141£0.035

46.5%

53.5%

41.9%
47.3+4.8%

—2.00
5.26
3.94

2.4043.16

LR-single
LR-single
LR-single
LR-single

42
123
456
mean

0.679

0.442

0.521
0.547+0.099

0.092

0.180

0.130
0.134£0.036

39.5%

46.5%

34.9%
40.31+4.8%

1.06

7.30

4.00
4.1242.55

0.827

0.756

0.817
0.800+£0.032

LR-multi
LR-multi
LR-multi
LR-multi




Multi-layer GRU and baseline comparison
(60/20/20 protocol). Under this protocol, multi-
layer GRU achieves the highest mean lead
(7.01£1.40 steps) but at higher FPR than logistic
regression baselines (0.189 vs. 0.134). The GRU
advantage is concentrated in detection timing rather
than classification accuracy, consistent with the
main text finding that GRUs capture sequential de-
pendencies that improve early detection. Lead time
shows high variance across seeds (range 5.66—8.93
for GRU-multi), reinforcing that reported means
should be interpreted cautiously.

OT-7B multi-layer GRU (layers 13-19, 3
seeds, 60/20/20 split). OT-7B GRU achieves
74.641.3% balanced accuracy, 64.5+7.0% cover-
age, +33.61+4.8 steps lead, and 27.4+6.1% pre-CP
FPR. The lead time is substantially longer than
other models in absolute terms, but OT-7B traces
average ~80 reasoning steps (vs. ~30 for R1-8B
and 32B models), so absolute lead times are not
directly comparable. The FPR-lead tradeoff mir-
rors R1-8B: GRU FPR (27.4%) is far above the
LR probe at layer 16 (10.0%), which confirms
that GRUs gain lead time at the cost of more false
alarms across both 7-8B models.

G Control Task Methodology

We follow the selectivity framework of (Hewitt
and Liang, 2019) to verify that our probes cap-
ture genuine safety-relevant structure rather than
surface-level correlations.

Procedure. For each model, we randomly per-
mute the binary labels (pre-CP vs. post-CP) within
each trace while preserving the marginal label dis-
tribution. We then retrain the probe with identi-
cal architecture (L2-regularized logistic regression)
and hyperparameters on these shuffled labels. Se-
lectivity is defined as:

Selectivity = ACClinguistic — AcCcontrol (D
where AcCjinguisiic 1 the probe accuracy on true
labels and Acceongrol 18 the accuracy on permuted
labels. A selectivity of zero indicates that the probe
exploits only non-linguistic features (e.g., position);
higher values confirm that the representation en-
codes task-relevant information. Absolute selectiv-
ity values are task-dependent and not directly com-
parable across studies (Hewitt and Liang, 2019).
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Results. We repeat the control experiment 10
times with different random permutations and re-
port the mean control accuracy. Selectivity scores
at threshold-based layers (60/20/20 split) are: R1-
32B 16.8pp (layer 63), QwQ-32B 16.1pp (layer 63),
R1-8B 14.1pp (layer 14), OT-7B 11.1pp (layer 16).
All values exceed the 5pp threshold recommended
by (Hewitt and Liang, 2019). R1-32B and QwQ-
32B achieve the strongest selectivity (>16pp) at
threshold-based layers. On QwQ-32B, the position
baseline accuracy (0.705) slightly exceeds the HS
probe (0.667) at L60, consistent with the main-text
finding that QwQ’s HS advantage is concentrated
in precision and FPR rather than balanced accuracy.

Layer provenance note. RI1-8B is unaffected by
the layer selection bias because its CR-composite
and threshold-based layers coincide at L14. OT-
7B exhibits a 16-layer gap (CR-composite LO vs.
threshold-based L16; Table 2), but selectivity at
L16 (11.1pp) still exceeds the Spp threshold. QwQ-
32B selectivity is 16.1pp at L63, which confirms
that safety-specific signal persists at deep layers.

Position-only baseline. As a complementary val-
idation, we train a logistic regression classifier us-
ing only the normalized step index (t/T where T
is the total trace length) as the input feature. This
baseline tests whether temporal position alone ex-
plains probe performance. On R1-8B, the position-
only baseline produces 15.8% FPR compared to
8.1% for the HS probe at matched detection rates.
The probe’s substantially lower FPR confirms that
hidden state features carry information beyond
what step position provides.

Residualized selectivity. To confirm that selec-
tivity survives position removal, we recompute con-
trol task selectivity on position-regressed features
(the same residualized representations used in Sec-
tion U). Residualized selectivity: R1-8B 22.9pp,
OT-7B 10.4pp, QwQ-32B 11.3pp (all >5pp), R1-
32B 3.0pp (<5pp, consistent with the position-
mediation pattern reported in Section 4.3). Three
of four models retain selectivity well above the
Hewitt and Liang (2019) threshold after position
removal; R1-32B’s drop confirms that its safety
signal is largely positional.

H Oracle Upper Bound Analysis

We compute an oracle upper bound for commit-
ment detection by measuring the earliest step at
which the ground-truth commitment point (CP)



could theoretically be predicted from hidden-state
dynamics. The oracle detector has access to the
true CP label and computes how many steps before
CP the representation trajectory first enters a region
that is linearly separable from pre-CP states with
perfect accuracy on the training set. The result-
ing bound provides a theoretical ceiling on early
detection performance.

Table 21 reports oracle performance across all
four models. Oracle analysis confirms the evidence
gradient: OT-7B (strong) shows the highest early
detection rate (93.6%) and longest lead time (50
steps), while R1-32B (qualified) achieves only 50%
early detection even with oracle labels, consistent
with an inherently weaker commitment signal. On
R1-8B, the oracle early detection rate is 76.7%
(33/43 traces detected before CP, with +31 steps
mean lead time), compared to +4.5 steps for the
best learned probe (GRU). This gap indicates that
hidden states at step ¢ encode the model’s current
safety state but carry limited predictive power about
future trajectory evolution. The learned probe cap-
tures the contemporaneous safety signal effectively
(balanced accuracy 81-84%) but cannot anticipate
the commitment transition far in advance. Clos-
ing this gap will likely require causal intervention
techniques (e.g., activation patching) rather than
improvements to passive monitoring.

Table 21: Oracle upper bound analysis. Detection rate:
fraction of traces where the oracle finds a linearly sep-
arable boundary before or at CP. Early detection rate:
fraction detected before CP. Mean lead: average steps
before CP at first detection.

Model Det. Rate Early Det. Mean Lead 1
R1-8B 100% 76.7% 31.0 43
OT-7B 100% 93.6% 50.0 47
R1-32B' 95.0% 50.0% 32.4 20
QwQ-32B' 100% 84.2% 24.4 19

I CP Annotation Perturbation

To assess sensitivity to annotation noise, we shift
all ground-truth CP labels by 6 € {-3,...,+3}
steps and retrain the HS probe (Table 22). Precision
degrades smoothly with no cliff effect: within -2
steps, BA changes by <2.5pp for all models (7-8B:
<1.0pp). At the £3-step worst case, all models
retain precision well above their respective text
baselines. These results support the annotation
robustness assumption discussed in Section 5.
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Table 22: HS probe sensitivity to CP annotation shift (§
steps). BA is stable across all perturbations; precision
degrades gradually without cliff effects.

Model 1) Prec BA FPR
R1-8B -3 652 773 177
0 596 784 165
+3 .530 771 143
OT-7B -3 404 714 298
0 351 707 .286
+3  .300 .702 .276
QwQ-32B -3 .661 .728 .158
0 609 .690 .129
+3 550 676 114
R1-32B -3  .625 .698 .360
0 570 722 281
+3 .503 750 236

I.1 Inter-Annotator Agreement on AdvBench

To assess annotation reliability, two LLM annota-
tors (Qwen3-32B and GPT-40-mini) independently
labeled 388 AdvBench B-class traces for jailbreak
status and CP position (Table 23).

Table 23: Inter-annotator agreement on AdvBench B-
class traces (388 total). CP position metrics computed
on 51 traces where both annotators identified a jailbreak.

Metric Value

Jailbreak classification
Cohen’s x 0.606 (moderate)
Raw agreement 87.4%
GPT-40-mini JB count 99 /388
Qwen3-32B JB count 52 /388

CP position (51 shared JB)
Exact match 37%
Within 5 steps 47%
Mean abs. difference 8.5 steps

LLM annotators achieve only moderate agree-
ment on jailbreak classification (x=0.606) and low
CP position consistency (37% exact match). GPT-
4o0-mini is substantially more aggressive in jail-
break identification (99 vs. 52), suggesting system-
atic annotator bias. The low CP position agree-
ment (mean absolute difference of 8.5 steps) under-
scores a key design choice: our primary analysis
uses the human-validated HarmThoughts annota-
tions (Kakkar et al., 2026), not LLM-generated
labels. This AdvBench TAA study serves as a neg-



ative control: it demonstrates that LLM-only an-
notation is insufficient for reliable CP localization,
motivating future investment in multi-annotator hu-
man CP labeling with formal IAA evaluation.

J BOCPD/CUSUM Configuration Sweep

We sweep hyperparameters for both Bayesian On-
line Change-Point Detection (BOCPD) and Cu-
mulative Sum (CUSUM) methods applied to the
temporal probe score sequences.

BOCPD configurations. BOCPD models the se-
quence of probe scores as piecewise-constant seg-
ments with Gaussian observation noise. The hazard
rate A controls the prior probability of a change-
point at each step (P(change) = 1/\).

CUSUM configurations. CUSUM accumulates
evidence for a positive mean shift. The drift param-
eter J sets the minimum shift size to detect, and the
threshold h controls the detection boundary.

Table 24: Change-point method configuration sweep
on R1-8B. Detection rate is the fraction of jailbreak
traces where the method fires. Lead is measured in steps
before CP.

Method Configuration Det. Rate Lead
A=5 97 +2.1
A=10 93 +3.5
BOCPD A=20 87 +4.2
A=50 72 +5.8
A =100 67.4 +1.03
6=0.3, h=3 65.1 +0.89
6=0.5, h=3 89 +1.4
6=0.5, h=>5 76 +2.3
0=0.5, h=8 61 +3.1
0=1.0, h=3 82 +1.1
CUSUM 0=1.0, h=>5 68 +1.9
0=1.0, h=8 52 +2.7
0=2.0, h=3 71 +0.8
6=2.0, h=>5 54 +1.5
6=2.0, h=8 38 +2.1
Simple threshold FCP baseline 65.1 +4.89

The best BOCPD configuration (A=10) achieves
93.0% detection rate with +3.45 steps lead. The
simple threshold baseline achieves 65.1% detection
with superior lead (+4.89 steps). All CUSUM con-
figurations underperform the simple threshold on
lead time.

These results reveal a coverage-timing trade-
off. BOCPD (A=10) achieves 28pp higher de-
tection rate than simple thresholding (93.0% vs.
65.1%), but with lower lead (+3.45 vs. +4.89 steps).
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The transition toward unsafe reasoning is grad-
ual rather than abrupt, so change-point methods
cannot exploit discontinuities for early warning.
When missed detections are costly, BOCPD’s cov-
erage advantage justifies its use despite the timing
penalty. When early intervention is the priority,
simple thresholding provides better lead time.

Other models. On OT-7B, QwQ-32B, and R1-
32B, BOCPD achieves 0% detection rate across all
tested configurations (A € {5, 10,50, 100,200}).
The failure modes differ by model: for R1-32B
and QwQ-32B, probe scores transition gradually,
so the hazard function never accumulates sufficient
evidence; for OT-7B at W =3, transitions are too
abrupt (0—1 in 1-2 steps) for the Gaussian ob-
servation model to capture. R1-8B falls between
these extremes, with transitions sharp enough to
trigger the hazard function but smooth enough for
the Gaussian model to track.

K Detection Threshold (X) Ablation

The consecutive-crossings threshold K controls
the trade-off between detection coverage and false
positive rate. We evaluate K € {1,3,5,7,10} at
W =1 on all models using HS probes at threshold-
based layers (Table 25).

Table 25: Detection threshold ablation (W=1, HS
probes at threshold-based layers). Coverage: fraction of
jailbreak traces with > K consecutive crossings. Safe
FPR: fraction of safe traces with > K consecutive false
alarms.

Coverage Safe FPR
K RI1-8B OT-7B QwQ RI1-32B RI-8B OT-7B QwQ RI1-32B
1 100 100 1.00 1.00 .00 092 1.00 0.99
3 074 079 095 0.90 081 041 078 0.78
5 047 051 079 0.65 063 0.19 065 047
7 035 030 058 045 039 0.16 035 0.31
10 0.14 021 032 035 022 008 025 0.17

K=1 yields perfect coverage but near-perfect
safe FPR (0.92-1.00), offering no discrimination.
K =5 is empirically selected as a middle-ground
tradeoff: average coverage 0.60 with average safe
FPR 0.48 across models. OT-7B benefits most
from increasing K, reaching 0.19 safe FPR at K'=5
(vs. 0.92 at K=1) while retaining 51% coverage.
Higher K values (>7) reduce safe FPR further but
at steep coverage cost. K=>5 vs. K=7 is the key
decision: K=7 reduces mean safe FPR from 0.48
to 0.30 but drops mean coverage from 0.60 to 0.42.

K =5 was selected on the R1-8B validation set
and held fixed across all models; main-text results



use this value without per-model optimization. The
K x W interaction is not fully explored: this abla-
tion uses W=1 to isolate K’s effect, and the joint
K x W surface remains a limitation. At optimal
W, coverage at K=5 improves (e.g., R1-8B: 0.47
at W=1 vs. 0.60 at W=15).

K.1 Deployment Operating Points

The K ablation above can be recast as a deploy-
ment operating characteristic. At K=5 (used
throughout the main text), average coverage is 60%
with 48% safe FPR. Raising K yields practically
useful operating points: at K=10, OT-7B achieves
21% coverage with only 8% false positive rate,
meaning fewer than 1 in 12 flagged traces is a
false alarm. R1-32B at K'=10 retains 35% cov-
erage at 17% FPR. These conservative operating
points are viable for high-stakes deployment where
missed detections are preferable to frequent false
alarms: a secondary review system could inspect
only flagged traces, reducing human oversight bur-
den by 79-86% while maintaining non-trivial de-
tection rates. However, at K=10 approximately
65-86% of attacks are missed, which may be unac-
ceptable in some threat models. The K=7 setting
offers a middle ground (30-58% coverage, 16-39%
FPR). The choice of operating point is deployment-
specific.

L Decision Threshold Sensitivity

We evaluate whether the HS advantage depends
on the logistic regression decision threshold by
sweeping 7 € {0.3,0.4,0.5,0.6, 0.7} for both 32B
models at their threshold-based layers. Results be-
low were conducted at L60 under the 70/30 pro-
tocol; main-text results use L63 under 60/20/20.
QwQ-32B (L60, W=3) HS balanced accuracy
varies by only 0.53pp across all thresholds, with
A(HS—Text) stable at +8.5 to +9.3pp. Table 26
reports R1-32B results.

Table 26: R1-32B threshold sensitivity (L63, W=1).
HS BA varies by 1.1pp (0.741-0.752); the HS advantage
is consistent across all thresholds.

7 HSBA ABA HSPrec APrec HSFPR AFPR
03 0752  +0.126 0.583 +0.126 0.295 —0.106
04 0746  +0.116 0.586 +0.120 0.281 —0.092
05 0742  +0.109 0.588 +0.113 0.273 —0.078
0.6 0741 +0.112 0.599 +0.119 0.254 -0.072
0.7 0743  +0.126 0.617 +0.143 0.228 —0.084

R1-32B HS balanced accuracy varies by only
1.1pp across the full threshold range. The modality

22

advantage (ABA = +0.109 to +0.126, APrec =
+0.113 to +0.143, AFPR = —0.072 to —0.106) is
consistent in both magnitude and direction at every
threshold, so the HS advantage is not an artifact of
the default 7=0.5.

M Text Embedding Bug Disclosure

We disclose a bug discovered during development
that affected intermediate results for QwQ-32B.

Issue. In the initial text baseline evaluation, the
QwQ-32B text probe was inadvertently initialized
with a midpoint heuristic placeholder rather than
true sentence embeddings from all-MiniLM-L6-
v2. Specifically, the placeholder assigned each
step a feature vector equal to the midpoint between
the mean safe and mean unsafe embeddings from
the training set, with small Gaussian noise added.
This made the text probe trivially predictive and
produced a spuriously significant result (p=0.001
for HS vs. text FPR difference).

Discovery and correction. The bug was iden-
tified during a systematic audit of the feature ex-
traction pipeline. After correction (using actual
sentence embeddings), the Qw(Q-32B and R1-32B
modality comparisons at the originally selected
layers (L2 and L10, chosen by the CR-composite
metric) showed no significant HS advantage: QwQ-
32B accuracy p=0.828, precision p=0.346; R1-
32B precision p=0.050 but no tests surviving
Holm-Bonferroni. The subsequent discovery that
these layer selections were themselves artifacts of
metric bias (Section 4.2) led to the threshold-based
layer analysis reported in the main text, where
the HS advantage follows an evidence gradient
at threshold-based deep layers: cross-validated
at 7-8B, significant but suggestive of position-
competitiveness at QwQ-32BT, and exploratory at
R1-32BT (Table 4).

Impact on reported results. All numbers re-
ported in this paper use the corrected text embed-
ding pipeline. The bug affected only QwQ-32B
text probe features. The correction, combined
with the separate layer selection fix (Section 4.2),
means that early-stage intermediate results (non-
significant 32B modality comparisons) reflected
two compounding errors: incorrect text features
and CR-composite layer selection. Both are fully
resolved in the final analysis.



Commitment to transparency. We report this
bug to maintain scientific integrity. Code and data
will be released upon publication.

N Adaptive Two-Stage Detection

We explored whether a two-stage adaptive win-
dow strategy could improve the precision-coverage
tradeoff beyond fixed-window detection. The ap-
proach uses a short screening window (Wicreen)
to flag candidate unsafe segments, followed by
a longer confirmation window (Weonfirm) applied
only to flagged segments. A trace is classified as
unsafe if at least k steps exceed the threshold dur-
ing the confirmation stage.

We merge the validation and test partitions
(n=>55 total: 39 jailbreak, 16 benign) for two-stage
evaluation because the screening and confirmation
thresholds are not tuned on held-out data. We
evaluated all combinations of Wicreen € {1,3,5},
Weonfirm € {10,15,20,25}, and k € {1,3,5} on
these R1-8B traces. Fig. 7 shows the precision-
coverage Pareto front for both methods. The best
two-stage configuration (Wereen=3, Weonfirm=19,
k=1) achieves 72.2% precision at 76.9% coverage,
compared to 70.9% precision at 76.9% coverage
for single-stage W =15. This +1.3pp precision gain
at matched coverage represents a Pareto improve-
ment, but the magnitude is marginal. At higher
confirmation thresholds (k=3, k=5), two-stage de-
tection trades coverage for small precision gains
(up to 73.5% precision at 38.5% coverage with
k=>5), but these operating points are impractical
due to excessive missed detections.

The marginal improvement suggests that fixed-
window smoothing already captures most of the
temporal signal available in probe score sequences.
The two-stage approach adds configuration com-
plexity (three hyperparameters vs. one) without
proportional performance gain.

O Temporal Ablation Details

Full per-model temporal ablations are reported
in Table 15 (Section D). Key cross-model pat-
terns: (1) R1-8B shows monotonic precision im-
provement from 69.3% (W =1) to 82.2% (W =25)
with FPR halving (9.65% to 4.83%); (2) OT-7B
exhibits a split pattern where balanced accuracy
peaks at W =3 while precision and FPR continue
improving at larger windows; (3) R1-32B peaks
at IW=10 then degrades, likely reflecting overfit-
ting on the small dataset (n=100); (4) QwQ-32B
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Figure 7: Precision-coverage Pareto front compar-
ing single-stage fixed-window detection against two-
stage adaptive detection on R1-8B. The best two-stage
configuration (Wcreen=3, Weonfirm=15, k=1) Pareto-
dominates single-stage W =15 by +1.3pp precision at
matched coverage. Higher k values shift the tradeoff
toward precision at the cost of unacceptable coverage
loss.

shows broadly increasing trends with local non-
monotonicity. Text probe window ablations (Sec-
tion D.1) show monotonic improvement across all
window sizes for both models tested, with larger
marginal gains than HS probes (+12.0pp accuracy
vs. +3.2pp for R1-8B). The asymmetry supports
the interpretation that text features benefit propor-
tionally more from temporal context because they
encode less information per step.

P Negative Results Details

Summary results appear in Table 5 (main text);
per-method details follow.

BOCPD/CUSUM. On OT-7B, QwQ-32B,
and R1-32B, BOCPD achieves 0% detec-
tion rate across all tested configurations
(A € {5,10,50,100,200}). Only R1-8B
produces non-zero detection (best: A=10, 93%
rate, +3.45 steps lead). CUSUM configurations
universally underperform simple thresholding on
lead time. The probe score sequences for 3/4
models show smooth transitions that never trigger
the hazard function (Section J).

Mahalanobis  distance. Following  Traj-
Guard (Liu et al., 2026), Mahalanobis distance
from the pre-CP centroid produces Ad 0
between pre-CP and post-CP steps. The discrimi-
native signal resides in minor PCA components
(explaining <5% of total variance) rather than the
principal directions that dominate the distance
computation.

~
~



RepE. We compute the mean-difference direc-
tion (Zou et al., 2023a) d = hpoy — hpre from
training-set hidden states, then project test-set rep-
resentations onto d and threshold the scalar projec-
tion. QwQ-32B achieves 0.756 balanced accuracy
(approaching supervised 0.778) but with substan-
tially worse precision (0.512 vs. LR 0.700) and
FPR (0.309 vs. 0.120). R1-32B nearly fails (0.559
balanced accuracy). The single direction captures
commitment structure in some models but not oth-
ers, consistent with the multi-dimensional encoding
found by Wollschliger et al. (2025).

MLP probes. Two-layer MLPs (d — 128 — 1,
ReLU, no dropout, L2 weight decay 10~*, early
stopping patience 10) underperform logistic regres-
sion on 3/4 models. The commitment boundary is
linearly separable at correctly selected layers; ad-
ditional capacity causes overfitting given the small
training sets (n=60-137 training examples). All
alternative method results in this section are upper-
bounded by the hyperparameter search budget re-
ported above.

CCS. We adapt Contrast-Consistent
Search (Burns et al., 2023) by constructing
contrastive pairs from pre-CP (“safe”) and post-CP
(“committed”) hidden states at each reasoning
step, then training the CCS probe to satisfy the
consistency loss P(x) + P(—z) = 1. All models
required polarity correction (CCS does not deter-
mine label direction). CCS achieves 0.692-0.777
balanced accuracy across models but with FPR
0.19-0.41, substantially worse than supervised LR
(FPR 0.07-0.28). The consistency objective does
not align with temporal commitment structure, and
CCS still requires CP labels for pair construction,
making it semi-supervised.

Cross-model transfer. 17 configurations (5 di-
rectional pairs x 3 PCA dimensionalities, plus 2
direct transfers) all fail. Best PCA: R1-8B — QwQ-
32B at 59.5% (PCA-2048). Best direct: QwQ-32B
— R1-32B at 67.3% but 1% crossing rate. Imple-
mentation details in Section Q.

Q Cross-Model Transfer Implementation
Details

We test whether safety probes transfer across mod-
els by projecting hidden states into a shared dimen-
sionality space and applying cross-model classifi-
cation.
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Method. For each source-target model pair, we
apply PCA independently to each model’s hidden
states, reducing to a shared dimensionality d €
{512,1024,2048}. PCA is fitted on the full dataset
(including test traces) for each model separately,
a setting favorable to transfer since it maximizes
the quality of the projection. A logistic regres-
sion classifier (C=1.0, class_weight=‘balanced’,
max_iter=2000, random_state=42) trained on the
source model’s PCA-projected training data is
then applied directly to the target model’s PCA-
projected test data. No cross-model alignment step
(Procrustes rotation, CCA, or learned projection)
is applied; PCA serves as a standard linear dimen-
sionality reduction baseline.

Same-dimension pairs. For R1-32B and QwQ-
32B (both 5120-d hidden states), we additionally
test direct transfer without PCA: the source clas-
sifier is applied directly to the target model’s raw
hidden states. This tests whether same-architecture,
same-dimensionality models share safety-relevant
linear structure.

Results. All 17 transfer configurations (5 direc-
tional pairs x 3 PCA dimensionalities, plus 2 direct
transfers for same-dimension pairs) fail to produce
practically useful transfer. The best PCA result
is R1-8B — QwQ-32B at 59.5% balanced accu-
racy (PCA-2048). The best direct transfer (QwQ-
32B — R1-32B) reaches 67.3% balanced accuracy,
which exceeds the within-model baseline of 65.2%.
However, this transfer direction achieves only 1%
crossing rate, meaning the transferred probe al-
most never triggers detection in practice and is
useless for deployment despite above-baseline ac-
curacy. The complete failure under maximally
favorable conditions (PCA fitted on full data, no
train/test separation for projection) strengthens the
conclusion that safety commitment is encoded in
model-specific geometric configurations. PCA is
a standard linear alignment baseline; its failure
indicates that the problem lies in the representa-
tions themselves rather than in the choice of align-
ment method. High balanced accuracy does not
guarantee deployment utility: the best direct trans-
fer (67.3% BA) achieves only 1% crossing rate,
meaning the transferred probe almost never trig-
gers temporal detection despite appearing accurate
on per-step classification.



R Encoder Robustness Analysis

To test whether the HS advantage over text probes
depends on the specific text encoder, we replace
all-MiniLM-L6-v2 (384d) with BGE-large-en-v1.5
(10244d), a 2.7 x higher-dimensional encoder with
stronger semantic representations. Table 27 reports
precision comparisons at each model’s threshold-
based layer; Fig. 4 provides a visual summary.

Table 27: HS vs. BGE-large (1024d) text probe pre-
cision. A: HS minus BGE-large. Bootstrap: 10,000
resamples, two-sided null-centered. HB: survives Holm-
Bonferroni correction (4 tests, «=0.05).

Model HS Prec BGE Prec A 95% CI P HB
R1-8B 0.497 0.436 +0.058 [-0.07,+0.20]  0.185 No
OT-7B 0.446 0.263 +0.181  [+0.08,+0.29] <0.001  Yes
R1-32B 0.588 0.475 +0.117  [-0.00,+0.24]  0.042 No
QwQ-32B 0.545 0.454 +0.094 [-0.07,40.28]  0.132 No

The HS precision advantage is directionally con-
sistent across all four models (positive A in every
case). OT-7B shows a strong, significant advantage
(+18.1pp, p<0.001, survives Holm-Bonferroni).
The remaining three models do not survive Holm-
Bonferroni correction; R1-32B’s CI includes zero
with 10,000 resamples, so even the individual pre-
cision test is non-significant. This is consistent
with the prediction in Section 5 that stronger text
encoders would reduce the observed gap. The pat-
tern confirms that the HS modality advantage is
genuine but partially attributable to the weakness
of the 384d MiniLM baseline.

Balanced accuracy and FPR. Table 28 reports
BGE-large comparisons on balanced accuracy and
FPR. HS balanced accuracy advantage is direc-
tionally positive across all four models (+8.4 to
+10.9pp), with 2/4 (OT-7B, R1-32B) significant un-
der Holm-Bonferroni. FPR advantage is significant
only for OT-7B. R1-8B shows an adverse FPR di-
rection: HS FPR is 1.2pp higher (worse) than BGE
(p=0.564), the only model where HS does not im-
prove over the stronger encoder on this metric.

S Random Projection Baseline

PCA capacity matching (Section R) preserves 79—
92% of variance. A natural question is whether
the HS advantage depends on PCA’s structure-
preserving property. We project hidden states to
384d using Gaussian random projection (3 seeds,
averaged) and compare with text embeddings at the
same dimensionality (Table 29).

All four models retain significant HS advantage
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Table 28: HS vs. BGE-large (1024d): balanced accuracy
and FPR differences. Bootstrap: 10,000 resamples, two-
sided null-centered. HB: Holm-Bonferroni correction
(4 tests per metric, «=0.05).

Model ABA p(BA) HB AFPR p(FPR) HB
RI1-8B +84 0029 No —12' 03564 No
OT7B +10.8 0002 Yes +10.5 <0.001 Yes
QwQ32B 493 0067 No +27 0368 No
RI-32B +109 0008 Yes +78 0165 No

T Adverse direction: HS FPR higher (worse) than BGE.

Table 29: Random projection (RP, 384d) vs. text (384d
MiniLM). All p < 0.001 (1,000 bootstrap resamples).
R1-8B uses W=15 (Table 4: W=3); QwQ-32B evalu-
ated at L60 (Table 4: L63). 60/20/20 split.

Model RP Prec Text Prec APrec ABA
R1-8B 621 416 +.205  +.140
OT-7B 371 244 +.127  +.128
QwQ-32B .563 391 +.172 +.132
R1-32B 524 441 +.083  +.085

under random projection (APrec +8.3 to +20.5pp),
with cross-seed standard deviations below 1.7pp.
RP precision is slightly lower than PCA-384d (ex-
pected, as PCA preserves maximal variance), but
the gap is small. The small gap weakens a pure
capacity explanation: even a structure-destroying
projection preserves the HS advantage. The safety
signal appears broadly distributed across hidden-
state dimensions rather than concentrated in top
principal components.

T LLM-Based Text Encoder Comparison

To test whether an LLM-based text encoder closes
the HS advantage gap, we encode each reason-
ing step with E5-Mistral-7B-Instruct (Wang et al.,
2024) (4096d, reduced to 384d via PCA to match
the MiniLM dimensionality). Table 30 reports pre-
cision comparisons against HS probes at threshold-
based layers.

Table 30: HS vs. E5-Mistral-7B (PCA 384d) preci-
sion. HB: Holm-Bonferroni adjusted (4 tests, «=0.05).
MiniLLM precision from Table 4 for reference. 60/20/20
split.

Model Layer W HS E5 MiniLM AHS-E5) p HB
RI-8B L14 3 630 480 416 +15.0 0.001 v
OT-7B L16 3 446 321 244 +125 0009 v
RI-32B  L63 1 588 506 .44l +8.2 0.235
QwQ-32B  L63 5 515 447 391 +6.8 0.368

The HS advantage partially survives against the
LLM encoder: 2/4 models (both 7-8B) retain sig-



nificance after Holm-Bonferroni correction. Three
text encoders form a monotonic gradient: MiniLM
(22M params, 384d): 4/4 HB; ES-Mistral (7B, PCA
384d): 2/4 HB; BGE-large (335M, 1024d): 1/4 HB
(Section R). ES precision consistently falls between
MiniLLM and HS across all models, consistent with
encoder quality progressively narrowing the gap.
PCA to 384d discards information from the 4096d
ES representation; the comparison controls dimen-
sionality but not representation quality, so the true
E5 advantage may be larger than reported here.

U Position-Residualized Probing

To quantify non-positional safety signal, we regress
out the normalized position ¢ /7" from each hidden-
state (or text-embedding) vector before training the
logistic regression probe. Table 31 summarizes
results across all models at their optimal W.

Model W HSBA Resid. HS BA Drop Resid. Text BA
R1-8B 15 0.834 0.669  16.5pp 0.605
R1-8B 3 0.813 0.571  24.3pp 0.534
OT-7B 3 0.732 0.609  12.3pp 0.540
QwQ-32B 3 0.796 0.619  17.7pp 0.582
R1-32B 1 0.756 0.552  20.4pp 0.532

Table 31: Position-residualized probe balanced accuracy.
All residualized HS probes are above chance (p<0.001).
3/4 models retain significant non-positional HS advan-
tage over text (gap +3.7 to +6.9pp, HB corrected); R1-
32B is the exception (+1.9pp, p=0.914).

Position accounts for 12-20pp of balanced ac-
curacy depending on model and window size (R1-
32B’s 20.4pp drop at W =1 reflects the absence
of temporal context), and all models retain non-
positional signal above chance (p<0.001). Three
of four models retain significant non-positional
HS advantage over text after residualization (OT-
7B +6.9pp, R1-8B +6.4pp at W=15, QwQ-32B
+3.7pp; all HB corrected). R1-32B is the exception:
residualized HS-text gap is +1.9pp (p=0.914), a
pattern consistent with position mediation. Larger
temporal windows reduce position dependence:
R1-8B drops 24.3pp at W=3 but only 16.5pp at
W=15.

For QwQ-32B specifically, three complementary
significance tests confirm the residualized probe
performs above chance: Wilcoxon signed-rank
p=0.0024, paired t-test p=0.0008, permutation
test p<0.001 (bootstrap 95% CI for per-trace BA:
[0.575,0.744]). The position baseline achieves
higher balanced accuracy (0.832 vs. HS 0.796), and
HS precision (+4.5pp, p=0.133) and FPR (+2.5pp,
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p=0.279) margins over the position baseline are
not statistically significant at n=19.

Non-linear position terms. To test whether non-
linear position effects drive the HS advantage,
we repeat the residualization with both linear
(t/T) and quadratic ([t/T, (t/T)?]) regressors (Ta-
ble 32). Both 7-8B models retain significant resid-
ualized advantages under either specification. R1-
32B remains non-significant under both. QwQ-
32B’s residualized advantage survives linear con-
trol (+7.4pp, HB) but is fully absorbed by the
quadratic term (—1.0pp), indicating a non-linear
position component in its HS advantage.

Model Lin. gap Quad.gap Lin. HB Quad. HB
R1-8B +10.4pp +10.3pp v v
OT-7B +11.4pp +9.8pp v v
R1-32B —1.4pp +0.0pp X X
QwQ-32B  +7.4pp —1.0pp v X

Table 32: Linear vs. quadratic position residualization
(residualized HS—text gap, L60 for QwQ-32B). Both
7-8B models are robust to either specification. QwQ-
32B’s advantage survives linear but not quadratic con-
trol; R1-32B is non-significant under both.

Note: gaps in Table 32 are precision-weighted at
per-model optimal layers, whereas Table 31 reports
balanced-accuracy gaps; the difference reflects the
metric and layer configuration, not methodological
inconsistency.

Effect size. Standardized effect sizes (Cohen’s
d, residualized per-trace BA vs. chance 0.5): R1-
8B d=2.37 (n=43, very large), QwQ-32B d=0.85
(n=19, large). Both exceed the conventional “large’
threshold of d=0.8 (Cohen, 1988), confirming that
the residualized HS signal is practically meaningful
despite sample limitations at 32B.

i

V Hyperparameter Robustness

The joint search space for layer (<64), window
W (7 values), consecutive-crossing threshold K
(5 values), and decision threshold is large (up to
2,240 configurations per model). This raises the
concern that reported performance reflects overfit-
ting to small validation sets (n=4-9 per class at
32B). Three analyses address this concern.

Threshold-based metrics converge to a deep-
layer band. Despite the large search space, three
of four threshold-based metrics (precision, inverse
FPR, additive composite) independently select L63
(98% depth) for both 32B models (Table 2). A joint



(layer, W) grid search over 192 configurations con-
firms that 163 is near-optimal for QwQ-32B at
recommended windows (Table 6). For R1-32B,
layers L55-L.63 at W =1 form a robust band where
all 3/3 metrics pass Holm-Bonferroni (Section A).
The convergence of independent metrics to a nar-
row band is inconsistent with overfitting, which
would produce scattered selections.

BA-optimal layer instability is the finding, not a
confound. Five-fold cross-validation on 32B val-
idation sets reveals that balanced-accuracy-optimal
layers are highly unstable across folds (Table 33).
This instability is not a limitation of the study but
the central methodological finding: BA-layer se-
lection is sensitive to data composition, and con-
clusions drawn from any single BA-optimal layer
are unreliable. Despite per-fold instability, mean
BA across folds peaks near L47-L50 for both mod-
els, consistent with the LOO-CV dominant layers
(Section A). The HS advantage holds at both BA-
optimal and precision-optimal layers regardless of
depth (14/16 per-model tests pass HB; Section X).

Table 33: BA-optimal layer per fold (5-fold CV, 32B
models). Per-fold selections span 24 layers, but mean-
BA landscape peaks are stable.

Model F1 F2 F3 F4 F5 Spread  Mean-BA best
QwQ-32B  L63 L51 L39 L44 L44 24 layers L50
R1-32B L53 L45 140 L63 L39 24layers L47

Bootstrap CIs quantify statistical uncertainty.
For the most fragile result (R1-8B FPR), bias-
corrected accelerated (BCa) bootstrap (Efron and
Tibshirani, 1993; Carpenter and Bithell, 2000)
yields a 95% CI of [0.006, 0.159] (p=0.033), with
12% leave-one-out instability (Section W). The
CI excludes zero and confirms significance de-
spite seed fragility. CP annotation perturbation
(Table 22) further shows that -2-step label noise
changes BA by <2.5pp, so annotation uncertainty
does not compound with hyperparameter selection.

Effective degrees of freedom. The full explo-
ration space (5 metrics X 7 windows x 25-64
layers = up to 2,240 configurations) far exceeds
the 12 final HB-corrected tests. This does not
constitute 2,240 independent hypothesis tests be-
cause layer and window are selected on the val-
idation set before test-set evaluation, a standard
train/validate/test protocol, not post-hoc cherry-
picking on test outcomes. The effective degrees of
freedom lie between 12 (final tests) and 2,240 (full
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grid), a “garden of forking paths” concern (Gelman
and Loken, 2013). Three safeguards bound this
risk: (1) nested 5-fold CV on 7-8B models shows
13-25% shrinkage relative to holdout estimates
(Section V.1), quantifying overfitting; (2) split-
half replication on OT-7B confirms the HS advan-
tage on independent data halves (Section W.1);
(3) threshold-based metric convergence to a nar-
row layer band (L63 for both 32B models) is in-
consistent with scattered overfitting selections. We
acknowledge that cumulative researcher degrees
of freedom are substantial and that the 12-test HB
boundary may underestimate Type I error.

V.1 Nested Cross-Validation

The holdout estimates in Table 4 select layer and
window on the validation fold, then evaluate on a
fixed test set. To rule out hyperparameter overfit-
ting, we run nested 5-fold cross-validation on both
7-8B models: the outer fold holds out test data;
the inner loop selects (layer, W) on the remain-
ing four folds. Table 34 reports per-fold precision
differences.

Table 34: Nested 5-fold CV: per-fold HS—text precision
difference (pp). Layer and W selected independently
per fold. All 10/10 folds favor HS.

Model F1 F2 F3 F4 F5

R1-8B +22.1 +144 +175 +17.0 +160 +17.4+2.6
OT-7B +132 +214 +18.8 +12.6 +15.8 +16.4+3.3

Holdout Shrink.

+20.1 13%
+21.9 25%

Mean

R1-8B selected layers: L12, L12,L12,L13, L14; Wys: 3, 3,5, 5, 3. OT-7B
selected layers: L23, L21, L27, L26, L26 (75-96% depth); Wys: 5, 5,5, 5, 5.

The HS precision advantage is consistent across
all 10 folds (5/5 for each model), with mean ad-
vantages of +17.4pp (R1-8B) and +16.4pp (OT-
7B). Shrinkage relative to holdout estimates is 13%
and 25% respectively, within expected ranges for
validation-selected hyperparameters. R1-8B layer
selection is stable (L12-L.14, 38—-44% depth), con-
sistent with all five metrics agreeing on L14 in the
main analysis. OT-7B nested CV selects L21-1.27
(75-96% depth), deeper than the CR-composite-
selected L16 (57%) used in the main text. The
discrepancy between CR-composite-selected (L.16)
and precision-selected (L21-L27) layers further il-
lustrates the metric-dependence of layer selection
documented in Section 4.2.

Formal test. A one-sided Wilcoxon signed-rank
test on the 5-fold Aprecision (HS—text) rejects
Hy: A=0 for both models (W =15, p=0.031; the
minimum achievable p-value at n=>5). Layer selec-



tion entropy across folds is H=1.37 bits for R1-8B

(normalized 0.59; dominated by L.12 in 3/5 folds)
and H=1.92 bits for OT-7B (normalized 0.83; L21-
L27), indicating moderately stable layer selection

for R1-8B and higher variability for OT-7B.

W  Multi-Seed Stability

Table 35 reports LR probe performance across
5 random seeds at each model’s threshold-based
layer and optimal W,

Table 35: LR probe stability across 5 random seeds
(threshold-based layers, optimal W). 7-8B models are
stable; R1-32B shows high variance due to small sample
(n=20).

Model Precision Bal. Acc FPR

R1-8B 0.590 £0.072 0.756 +0.028  0.154 £ 0.026
OT-7B 0.421 £0.034 0.633 £0.023 0.157 £ 0.021
QwQ-32B  0.651 £0.099 0.7314+0.028 0.133 & 0.032
R1-32B 0.594 +£0.128 0.692 +0.056  0.207 £ 0.145

R1-32B’s high FPR variance (std = 0.145) re-
flects a single outlier seed (FPR = 0.48), amplified
by the small test set (n=20). Note that R1-32B’s
absolute precision std (12.8pp) differs markedly
from its paired APrec std (2.0pp): HS and text
precision covary across seeds.

5-seed Holm-Bonferroni pass rates. Table 36
reports HB pass rates per model across 5 seeds.
Overall, 18/20 (90%) model-seed combinations
pass full HB (3/3 metrics).

Table 36: 5-seed HB pass rates (3/3 metrics per seed).
R1-8B failures are FPR-specific.

Model HB Pass Mean APrec + std Note
OT-7B 5/5 +20.9 £+ 1.3pp Cleanest evidence
R1-32B 5/5 +13.7 £ 2.0pp Position-mediated
QwQ-32B 5/5 +19.9 £ 2.5pp Robust
R1-8B 3/5 +14.6 = 4.5pp FPR seed-fragile

R1-8B FPR per-seed breakdown. Table 37 re-
ports per-seed HS vs. text FPR comparisons for R1-
8B. The HS advantage is directionally consistent
(5/5 seeds), with 2/5 reaching p<0.05 uncorrected;
after Bonferroni correction for 5 seeds («=0.01),
1/5 remains significant. Text FPR is highly stable
(std = 0.007) while HS FPR is split-sensitive (std
= 0.040), which explains why the canonical-split
FPR advantage (—7.4pp) does not generalize ro-
bustly across seeds.

R1-8B per-metric HB pass rates. Table 38 re-
ports Holm-Bonferroni pass rates per metric across
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Table 37: R1-8B FPR per-seed comparison (L14,
W=15; main text Table 4 reports W=3 after 5-seed
validation). Direction is consistent (5/5 HS < Text); 2/5
reach p<<0.05 uncorrected, 1/5 after Bonferroni correc-
tion (5 seeds, a=0.01).

Seed HS FPR Text FPR AFPR D
0 0.161 0.165 —0.004  0.440
1 0.061 0.166 —0.105 <0.001
2 0.123 0.176 —0.053  0.093
3 0.148 0.167 —0.018  0.293
4 0.100 0.176 —-0.076  0.021
meantstd 0.119+0.040 0.170 £0.007 —0.051 -

5 seeds for R1-8B, the model classified as “moder-
ate” evidence due to FPR instability.

Table 38: R1-8B per-metric xseed HB pass rates. Preci-
sion is robust (5/5); FPR is fragile (3/5). FPR std across
seeds is 0.040 vs. text FPR std 0.007, consistent with a
proportion near boundary (~12%) amplified at n=43.

Seed APrecHB ABAHB AFPRHB
0 v v X

1 v v v

2 v v X

3 v v v

4 v v v
Pass rate 5/5 5/5 3/5

The FPR instability has a clear source: R1-8B
text FPR clusters tightly around 17% (std=0.7pp)
while HS FPR ranges from 6.1% to 16.1%
(std=4.0pp). Seeds where HS FPR happens to
be high (>14%) lose significance because the gap
against text narrows below the detection threshold
at n=43. This instability is metric-specific and
does not affect the precision or balanced accuracy
advantage, which passes all 5 seeds.

R1-32B per-seed breakdown. Table 39 reports
the full per-seed breakdown for R1-32B. Seed O is
an outlier (FPR = (0.483), driven by test-set trace
allocation at n=20. Excluding seed 0, FPR std
drops from 0.145 to 0.046.

Table 39: R1-32B per-seed performance (L63, W=1).
Seed 0 is an outlier driven by test-set trace allocation.

Seed Precision Bal. Acc FPR

0 0.441 0.594 0.483

1 0.750 0.748 0.109

2 0.685 0.670 0.111

3 0.652 0.733 0.111

4 0.444 0.715 0.221
meantstd 0.594 +0.128 0.692 £+ 0.056  0.207 +0.145




W.1 Split-Half Internal Validity (OT-7B)

To assess internal validity, we split OT-7B traces
into two independent halves and repeat the full
layer sweep on each. Both halves reproduce the
core pattern: crossing rate selects LO (shallow)
while precision selects mid-to-deep layers (L20
and L26 respectively). The HS precision advan-
tage is consistent across halves (APrec = +0.262
and +0.154), and 4/4 checkpoints (2 halves x 2
metrics) pass, confirming the metric-induced diver-
gence is not an artifact of a particular data partition
(Table 40).

Table 40: Split-half internal validity on OT-7B. Both
halves reproduce CR—shallow / threshold—deep diver-
gence with consistent HS advantage direction.

Half CRlayer Prec.layer APrec ABA
A (n=24) LO L20 +0.262  +0.128
B (n=23) LO L26 +0.154  +0.092

X BA-Layer Modality Comparison

To address the concern that threshold-based layer
selection may circularly favor HS probes, we re-
peat the modality comparison at layers selected by
pure balanced accuracy, a threshold-free metric (Ta-
ble 41). BA-optimal layers vary widely across mod-
els (7-98% depth), itself demonstrating that layer
selection is a consequential methodological choice.
The HS advantage is significant at whichever layer
BA selects (14/16 per-model HB, two FPR failures
from underpowered 32B test sets 1n<20).

Table 41: HS vs. text at BA-selected layers (60/20/20
split, same as main results). 14/16 per-model tests pass
Holm-Bonferroni (a«=0.05); two FPR failures from un-
derpowered 32B sets. BA-L: layer selected by pure
balanced accuracy. Depth varies from 7% to 98%.

Model BA-L APrec ABA AFPR AAUROC
R1-8B L17 +18.6(<.001) +8.4(.006) —7.0(.043) +12.1(.009)
OT-7B L2  +18.5(<.001) +8.0(.006) —13.3(<.001) +12.8(.003)
QwQ-32BT L63  +18.1(.001) +13.5(<.001) —6.4(.088) +15.1(.001)
R1-32Bf L46  +12.8(.014) +17.6(<.001) —122(.083) +15.1(.009)

Values: difference in pp (p-value, bootstrap, 10,000 resamples).
T Sample-limited (n < 20).

Of 16 per-model tests (4 models x 4 metrics),
14 pass Holm-Bonferroni correction. The precision
gains (+12.8 to +18.6pp) are comparable to those at
threshold-based layers (+15.4 to +21.9pp; Table 4),
so the HS advantage is robust to the choice of layer
selection criterion. The two failures are both FPR at
32B: R1-32B (p=0.083) and QwQ-32B (p=0.088),
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consistent with the underpowered test sets (n<20)
noted throughout. BA-optimal depths span 7%
(OT-7B L2) to 98% (QwQ-32B L63), in contrast
to threshold-based layers that consistently select
deep layers (94-98%). That BA selection produces
such depth variation while preserving significant
HS advantage reinforces the core methodological
finding: the advantage is genuine rather than an
artifact of any particular layer selection criterion.

X.1 AUROC Layer Selection

AUROC is threshold-free and thus orthogonal to
the threshold-based metrics used in our main anal-

ysis. We include it as a reference point for layer
selection (Table 42).

Table 42: AUROC-optimal vs. threshold-based layer
selection. AUROC selects mid-depth layers for 32B
models (~50%), diverging from threshold-based deep
layers (>90%). PCA-256 applied to 32B models for
tractability.

Model AUROC-L Depth AUROC Thresh-L. Depth AUROC@Thresh-L

R1-8B L13 41%  0.806 L14 44% 0.803
OT-7B L1 4% 0.777 L16 57% 0.746
QwQ-32B7 L32 50%  0.839 L60 94% 0.756
R1-32Bf L31 48%  0.897 L63 98% 0.767

1 PCA-256 applied. AUROC-L: layer maximizing validation AUROC.
Thresh-L: layer from threshold-based selection (Table 2).

AUROC does not converge to the same deep
layers as threshold-based metrics. For 32B models,
AUROC prefers mid-depth layers (~50% depth)
vs. threshold-based deep layers (>90%). R1-8B is
anear-match (L13 vs. L14). We exclude AUROC
from the main analysis because it is threshold-free
and cannot diagnose the threshold-crossing arti-
facts central to our layer selection bias finding, but
it provides an independent reference confirming
that optimal layer depth is metric-dependent.

X.2 Effective Independent Tests

The raw exploration space (~5 metrics x 7
windows x 28-64 layers) nominally spans 980-
2,240 configurations per model, raising a multiple-
comparisons concern. The effective number of
independent tests is substantially smaller for three
reasons:

Metric redundancy. Precision, inverse FPR, and
the additive composite share a single confusion ma-
trix: they are deterministic functions of the same
TP/FP/FN/TN counts. Empirically, their layer rank-
ings have Kendall 7 > 0.85 across all four models
(Table 2). BA is computed from the same confusion



matrix but weights errors differently; it indepen-
dently confirms deep-layer selection. Crossing rate
is the only structurally distinct metric (computed
from threshold-crossing sequences, not the confu-
sion matrix). Thus five nominal metrics reduce to
~2 independent metric families (threshold-based
and crossing-rate).

Layer autocorrelation. Adjacent transformer
layers produce highly correlated probe scores: for
R1-8B, the median Pearson r between layers £ and
£=£1 exceeds 0.95. Using a lag-1 autocorrelation
estimate (Efron and Tibshirani, 1993), the effective
number of independent layers is ~8—12 per model
(vs. 28—64 nominal).

Two-stage protection. The upstream exploration
(layer x window x metric) is conducted entirely
within the training/validation split via nested CV at
7-8B (Section V.1) and split-half replication (Sec-
tion W.1). The held-out test set sees only the 12
final modality comparisons (3 metrics X 4 mod-
els), to which Holm-Bonferroni correction is ap-
plied. The upstream search inflates Type I risk only
if it overfits the validation set; nested CV guards
against this at 7-8B, while 32B results are marked
exploratory () precisely because this guard is un-
available.

Conditional inference. The two-stage design
means that test-set p-values are conditional on the
layer and window selected during upstream search.
This selective inference is valid when the selection
and evaluation splits are independent (ensured by
our 60/20/20 partition), but the resulting p-values
measure significance given the chosen selection
path rather than significance averaged over all pos-
sible paths. Nested CV at 7-8B (Section V.1) ad-
dresses this by averaging over fold-specific selec-
tion paths; the 32B exploratory status (1) reflects
the absence of this protection.

Effect sizes. Cohen’s d (one-sample, d
(BA —0.5)/s) quantifies effect magnitude indepen-
dently of sample size: R1-8B d=2.37 (very large,
n=43), OT-7B d=1.12 (large, n=47), QwQ-32B'
d=0.85 (large, n=19), R1-32B' d=0.58 (medium,
n=20). The 7-8B models exceed the “very large”
threshold (d>1.2); both 32B models exceed the
“medium” threshold (d>0.5). R1-32B’s medium ef-
fect size is consistent with its exploratory status and
the position-mediation pattern noted in Section 4.4.
These effect sizes argue against a pure multiple-
comparisons explanation: fishing artifacts produce
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small, unstable effects, whereas the observed d val-
ues are large and graded across the evidence tiers.

Y Post-Hoc Power Analysis

We compute post-hoc minimum detectable effects
(MDEs) at 80% power for each model’s test set to
contextualize non-significant results, particularly at
32B scale where sample sizes are small (Table 43).

Table 43: Post-hoc power analysis. MDE: minimum
detectable effect (balanced accuracy, pp) at 80% power
given each model’s test-set size and observed variance.
Effects smaller than the MDE cannot be reliably de-
tected.

Model Nest  Obs. std (BA) MDE (80%)
R1-8B 43 0.028 4.2pp
OT-7B 47 0.023 3.3pp
QwQ-32BT 19 0.028 8.6pp
R1-32Bf 20 0.056 9.5pp

t Sample-limited. MDE computed from 5-seed observed standard deviation via
two-sided paired ¢-test formula.

At 32B scale, the MDE is 8.6-9.5pp, meaning
effects below this magnitude cannot be reliably
distinguished from noise. R1-32B’s residualized
HS-text gap (+1.9pp) falls well below the MDE
(9.5pp), so the non-significant result (Section U)
is consistent with either a true null or an under-
powered test. The 7-8B MDEs (3.3—4.2pp) are
substantially lower, explaining why smaller effects
reach significance at these scales.

Y.1 Multi-Metric Layer Ensemble

Results appear in Table 3 (main text); methodolog-
ical details follow.

For each model, we train logistic regression
probes at the best layer selected by each of three
threshold-based metrics (precision, BA, inverse
FPR) and average their predicted probabilities to
produce an ensemble score. This eliminates the
need to pre-select a single metric for layer selec-
tion.

This ensemble is a preliminary exploration of
metric-agnostic layer selection, not a validated mit-
igation strategy; rigorous cross-validated evalua-
tion across diverse datasets is future work. The
ensemble provides a metric-agnostic selection strat-
egy among principled (threshold-based) metrics. It
never significantly underperforms the best individ-
ual metric (all p > 0.27), and all four models show
significant HS advantage over text (p < 0.002).
The ensemble advantage over text ranges from



+10.5pp (R1-32B) to +27.0pp (OT-7B). This proof
of concept validates that practitioners need not com-
mit to a single metric for layer selection; averaging
across metric-selected layers achieves comparable
performance. Future work should test whether in-
cluding biased metrics (e.g., crossing-rate compos-
ite) in the ensemble degrades performance, and
whether learned metric weighting could improve
upon uniform averaging.

Y.2 Practical Mitigation Levels

We propose a three-level defense against metric-
induced layer selection bias.

Level 1 (minimal): report layer selections un-
der both threshold-based and frequency-based met-
ric families; divergence exceeding 20% of model
depth (e.g., L2 vs. L63 in a 64-layer model) in-
dicates metric-induced bias and warrants treating
conclusions as provisional.

Level 2 (recommended): a multi-metric audit
(Section K.1) computes all five metrics and flags
when >3 select layers differing by >20% of depth,
an operational test requiring no additional data.

Level 3 (robust): a three-layer ensemble aver-
aging probe predictions from the precision-best,
BA-best, and inverse-FPR-best layers eliminates
metric pre-selection entirely (p < 0.002; Table 3),
but requires cross-validated confirmation before
deployment.

Z. 32B Model-Specific Analysis (Full)

Results are exploratory (n=19-20; MDE at 80%
power: 8.6-9.5pp; Section Y). Both 32B models
lack nested CV; LOO-CV and multi-seed anal-
yses (Sections A and W) provide partial robust-
ness checks. R1-32BT suggests commitment 11-13
steps early (coverage 25%, W =1 only; +14.2pp
over position baseline, HB; precision +15.4pp); the
residualized gap (+1.9pp) is below MDE. QwQ-
32Bf achieves significance at all window sizes
(74% coverage, HB) but with negative lead time
(—1.2 to +1.9 steps); the position baseline achieves
higher BA (0.832 vs. 0.796, +3.6pp, p=0.133, NS;
Section U). Despite sharing the Qwen-32B archi-
tecture, the two models present opposite profiles;
replication with n>50 traces is needed.

Consolidated Per-Model Results
Use of AI Assistance

We used Claude for coding, code drafting, debug-
ging, and language polishing.
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Model Layer gap APrec (384d) APrec (1024d) Pos. resid. Evidence

R1-8B LO—L14 +20.1pp v/ +5.8pp x Lin v' Quad v/ Cross-val.
OT-7B LO—L16 +21.9pp v/ +18.1pp v/ Lin v' Quad v/ Cross-val.
QwQ-32B" L2163 +19.2pp v +9.4pp x Lin v' Quad x  Suggestive
R1-32BF L10—L63 +15.4pp v/ +11.7pp x X X Suggestive

Table 44: Consolidated findings across contributions.
Layer gap: crossing-rate composite vs. threshold-based
selection (C1). APrec: HS—text precision advantage
at threshold-based layers; v'/x = survives/fails Holm—
Bonferroni (C2). Pos. resid.: HS advantage survives lin-
ear/quadratic position residualization. TSample-limited
(n < 20).
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