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Abstract

Activation-based jailbreak defenses rest on a
fixed assumption: a successful jailbreak leaves
an internal trace stable enough across attacks
for one probe to catch new ones. We show
it fails in mixture-of-experts language models.
Within an attack, routing makes the jailbreak
legible: router logits distinguish compliance
from refusal, and a few experts carry the sig-
nal. But the signature does not survive across
attacks. A routing probe trained on three at-
tacks performs at chance on a held-out fourth
(pooled leave-one-attack-out balanced accuracy
0.52, 95 percent CI [0.50, 0.61]). Controls on
two dense models show near-chance residual-
stream transfer to held-out roleplay, so the fail-
ure is not specific to MoE routing. Nor is it
an artifact of separable regions of activation
space: the comply-versus-refuse direction it-
self shifts across attacks at every network depth.
One systematic trace remains in the compliance
state’s effective dimensionality, but it is a signa-
ture of shape, not location, beyond directional
probes. Across six open-weight MoE models
and four jailbreak attacks, in routing and resid-
ual streams alike, the jailbroken state is legible
and locally structured within each attack, yet its
location is attack-specific. Reading activations
alone cannot be assumed to catch a jailbreak
the probe was not built for.

1 Introduction

In a dense transformer, refusal is mediated by a
single direction in activation space (Arditi et al.,
2024), or by a low-dimensional cone of direc-
tions (Wollschläger et al., 2025); either way it is
localized to a small, fixed subspace and easy to
read. A growing line of safety work (Zhang et al.,
2025; Dong et al., 2025; Kadali and Papalexakis,
2025; Jiang et al., 2025; Zhou et al., 2026) treats
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Figure 1: The jailbroken state is attack-specific in MoE
routing. Each point is one prompt of llama-4-scout, t-
SNE-projected from its router logits at every MoE layer
(48 × 16 experts); the four attacks form distinct regions.
Section 4 shows the same pattern across the panel.

this as a defense template, reading a model’s ac-
tivations to detect unsafe states and placing such
monitors directly in the generation loop (Goren
et al., 2026; Hu et al., 2025). The template rests
on a fixed assumption: that the internal trace of
a successful jailbreak is stable enough across at-
tacks for one probe, trained on the attacks known
at build time, to catch new ones. We ask whether
mixture-of-experts language models carry such a
stable trace, and find that they do not. Within a
single attack the routing exposes the jailbreak: the
router logits decode compliance from refusal, and a
few experts carry the signal. But across attacks the
comply-versus-refuse direction itself shifts at every
network depth, and a routing probe trained on three
attacks performs at chance on a held-out fourth,
while residual-stream transfer remains weak and
attack-dependent.

We look for the signature in the routing of a
mixture-of-experts model. A mixture-of-experts
layer sends each token through a small, chosen
subset of its experts, so its routing is a low-
dimensional, discrete record of how the model
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chose to process the token. If a model carried a re-
fusal mechanism localized to a stable set of experts,
the routing is where its trace would be easiest to
read. We study mixture-of-experts models for that
reason, as the most favorable substrate for a local-
ized mechanism rather than as a claim about the
architecture. Routing is a lower-dimensional view
of the computation that also runs through the resid-
ual stream; the two reach the same verdict through-
out this paper (Section 4). To test whether the
clearest non-transfer result can arise without expert
routing, we repeat the residual-stream leave-one-
attack-out analysis on two dense controls, Llama-
3.1-8B-Instruct and Mistral-7B-Instruct-v0.3. In
both models, transfer to held-out roleplay remains
near chance, whereas transfer is higher for PAP
and hill when the related persuasion attack remains
in the training pool. Thus, the roleplay result is
not specific to MoE architecture: routing makes
attack-specific instability especially legible, but is
not required for it. MoE routing is input-sensitive
by construction, so wrapper-level routing differ-
ences across attacks are expected; the non-trivial
test is whether the within-attack comply-versus-
refuse direction itself shifts, which we isolate from
the per-attack offset via centering (Section 4.2).

The non-transfer is not the trivial consequence
of attacks being separable in activation space; a
residual-stream probe, a representational-similarity
analysis, and a cross-attack re-identification test all
reach the same verdict. Roleplay decodes well in
every model within its own attack yet is not caught
across attacks at all, a clean negative; transfer oc-
curs in only one case, between the two persuasion
attacks, and even there it is marginal.

One property of the jailbroken state does move
with the attack systematically: its effective di-
mensionality, the number of directions the activa-
tions spread across. The compliance state is high-
dimensional under the persuasion attacks, between
25 and 31 effective dimensions, and collapses un-
der prefill and roleplay, to 4 and 8; the refusal state
stays much more stable. But effective dimensional-
ity is a statistic of the state, not a direction a probe
can be trained on. We establish these results on six
open-weight mixture-of-experts models and four
jailbreak attacks.

In this paper, we make three contributions.

• Using mixture-of-experts routing as the most fa-
vorable substrate for a localized refusal mecha-
nism, we show that within an attack the routing

exposes the jailbreak: the router logits decode
compliance from refusal, and a few experts carry
the signal.

• We show this signature does not transfer across
attacks: pooled over held-out attacks, a routing
probe performs at chance, while residual-stream
transfer remains weak and attack-dependent, not
because the attacks are merely separable but be-
cause the comply-versus-refuse direction itself
differs at every network depth. Residual-stream
controls on two dense models reproduce the clear-
est failure on held-out roleplay, showing that this
result is not specific to expert routing.

• We give a structural characterization of the jail-
broken state: the attack reshapes the compliance
state’s shape (its effective dimensionality varies
by an order of magnitude across attacks) without
ever sharing its location, leaving a trace that is
real but in a form a probe cannot exploit.

2 Background and Related Work

Jailbreaks and the two states. A safety-aligned
language model that receives a harmful request
either refuses it or complies with it. We call the
residual-stream activation at the final prompt token
that accompanies a refusal the refusal state, and
the activation that accompanies a compliance the
compliance state. A jailbreak attack is an input
that turns a refusal into a compliance. This paper
asks where, inside a mixture-of-experts model, the
jailbroken compliance state can be told apart from
the refusal state, and whether that signature is the
same across attacks.
Activation monitors and the refusal direction.
A line of safety work (Zou et al., 2023a; Zhang
et al., 2025; Jiang et al., 2025) reads a model’s
internal activations, rather than its text, to decide
whether a request or response is unsafe. Such an
activation monitor is a classifier, typically a linear
or MLP probe on the residual stream, that flags
an unsafe state from the representation alone (Pa-
tel and Wang, 2024; MacDiarmid et al., 2024).
The template behind these probes is the finding
of Arditi et al. (2024), that refusal in dense trans-
formers is strongly associated with a single lin-
ear direction; subsequent work refines this as a
low-dimensional cone or a not-fully-linear signal
(Wollschläger et al., 2025; Pan et al., 2025; Hilde-
brandt et al., 2025). Recent jailbreak defenses place
a monitor of this kind directly in the generation
loop (Dong et al., 2025; Goren et al., 2026; Hu
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et al., 2025; Kadali and Papalexakis, 2025). A
monitor is built from the jailbreak attacks known
when it is trained, then meets unseen variants in
deployment; these works share an implicit assump-
tion that the activation signature is stable enough
across attacks for one detector to generalize, but
none evaluates leave-one-attack-out transfer. We
find this assumption fails even at the most favor-
able readout site we could identify. Our analy-
sis targets detection-side generalization, whether
a probe trained on known attacks catches unseen
ones, which is orthogonal to whether the extracted
direction is the causal refusal switch within a sin-
gle attack. A related thread shows that an adaptive
adversary can induce obfuscated activations that
bypass an activation monitor (Bailey et al., 2026);
we differ in two ways, in that our setting needs no
adaptive adversary, just an unseen attack, and in
that they probe input harmfulness while we probe
the compliance state.
Mixture-of-experts routing. A mixture-of-experts
(MoE) layer (Shazeer et al., 2017; Fedus et al.,
2022) augments the usual feed-forward block with
many parallel experts. A small gating network
scores the experts for each token; we call these
pre-softmax scores the router logits. The layer then
routes the token through only the top-k experts, the
selected experts, and combines their outputs. Un-
like the residual stream’s distributed activations,
routing makes expert allocation explicit: a per-
expert score and a discrete set of selected experts,
recorded at every layer. Routers in MoE transform-
ers specialize, carrying information about syntax
and task (Zoph et al., 2022; Jiang et al., 2024),
which makes routing a natural place to look for a
localized refusal signature: if any site concentrates
the signal, the gates should. We test this premise
across six open-weight MoE models: the concen-
tration holds within an attack but not across.

3 Method

The analyses follow a single chain of questions.
We first ask whether the routing carries the comply-
versus-refuse decision at all, by decoding it within
one attack; if it did not, there would be nothing for
an attack to keep or to change. Given that it does,
we ask whether the signal is sparse and localizable,
by identifying which experts carry it. The central
question of the paper follows: whether the comply-
versus-refuse boundary is the same from one attack
to the next. We answer that by transferring a probe

to attacks it was not trained on, one attack at a
time and then in the leave-one-attack-out setting a
deployed defense would face. Two analyses that
use no probe, a representational-similarity analy-
sis and a cross-attack re-identification test, then
check the same invariance without a fitted classifier.
Throughout, the residual stream is the reference the
routing is read against, and a final measurement,
effective dimensionality, asks which property of
the jailbroken state does move with the attack.
Models and inclusion criterion. We study six
open-weight mixture-of-experts language models
(Liu et al., 2024a; Dai et al., 2024; Team, 2024;
Jiang et al., 2024; Muennighoff et al., 2025), listed
in Table 1. We restrict the panel to this family be-
cause its routing is the central object of our study,
the most favorable place to look for a localized re-
fusal mechanism; recent open-weight releases have
also converged on the design. A model enters the
panel only if it produced at least 30 refused and at
least 30 complied responses for every one of the
four attacks, enough to train and test a probe on
both classes. Two further open-weight models fail
this criterion and are excluded: gpt-oss-20b and
phi-3.5-moe-instruct each produced only a hand-
ful of complied responses under prefill or roleplay.
The criterion is data-driven, not result-driven: it
depends only on sample counts, never on the size
of any effect.
Dense-model controls. To test whether residual-
stream transfer failure can also occur in models
without expert routing, we evaluate Llama-3.1-8B-
Instruct and Mistral-7B-Instruct-v0.3. Both models
satisfy the same inclusion criterion of at least 30
refused and 30 complied responses for every at-
tack. We use the same per-model vanilla-refusal
filter, four safety benchmarks, four attacks, doc-
umented template counts (4 PAP, 4 hill, 1 prefill,
and 80 roleplay templates), and Claude Sonnet 4.6
labeling scheme as in the MoE panel. To bound
generation and judging, we deterministically sub-
sample at most 600 wrapped prompts per attack
after the vanilla-refusal and template filters. For the
transferred residual-stream probe, each class is sub-
sampled to at most 200 examples, features are stan-
dardized and reduced to 256 principal components,
and an L2-regularized logistic-regression probe is
fit with balanced class weights. For each held-
out attack, the train-selected readout layer maxi-
mizes mean five-fold within-attack balanced accu-
racy over the other three attacks using standardized
residual-stream features; layer scoring does not
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Model Params Active Experts Top-k Shared

deepseek-v2-lite 15.7 2.4 64 6 2
deepseek-moe-16b-chat 16.4 2.8 64 6 2
qwen1.5-moe-a2.7b-chat 14.3 2.7 60 4 4
llama-4-scout 109.0 17 16 1 1
mixtral-8x7b 46.7 13 8 2 0
olmoe-1b-7b 6.9 1.3 64 8 0

Table 1: The six open-weight mixture-of-experts models
in our panel. Params and Active are the total and per-
token active parameter counts, in billions. Experts is the
number of routed experts, Top-k the number activated
per token, and Shared the number of always-on shared
experts.

use PCA, and the held-out attack informs neither
layer selection nor probe fitting. We additionally
report fixed readouts at zero-indexed decoder-layer
indices 16 and 29 of 32, corresponding approxi-
mately to 50% and 90% depth. Following the MoE
analysis, pooled 95% confidence intervals use 4000
percentile-bootstrap resamples over the eight com-
binations of dense model and held-out attack. Be-
cause dense models have neither router logits nor
expert selections, all control analyses use only the
residual stream. The fixed-depth readouts are sen-
sitivity checks rather than exact layerwise matches
across architectures. For the within-roleplay con-
trol, we divide the sorted template set into two
disjoint halves by alternating assignment, train on
each half and test on the other, and report the mean
of the two directions.

Stimuli and labels. We pool harmful requests
from four public safety benchmarks: Harm-
Bench (Mazeika et al., 2024), AdvBench (Zou
et al., 2023b), StrongREJECT (Souly et al., 2024),
and HarmEval (Banerjee et al., 2025). For each
model we first keep only the requests the model it-
self refuses with no attack applied; the surviving re-
quests are then wrapped in all four jailbreak attacks.
Refusal is then the baseline for every model on ev-
ery request it sees, so a model that complies under
an attack has been genuinely jailbroken rather than
answered a request it would have answered any-
way. All four are natural-language jailbreaks, not
optimization-based attacks; each acts only on the
input prompt and assumes black-box access. Two
of the attacks work by persuasion. PAP rewrites the
request as a persuasive argument (Zeng et al., 2024).
The academic-framing attack, which we call hill,
wraps the request in scholarly language (Luo et al.,
2025). The third attack, prefill, inserts the open-
ing words of a compliant answer into the model’s
response slot (Andriushchenko et al., 2025). The

fourth, roleplay, asks the model to answer in the
voice of a permissive persona (Shen et al., 2024).
Each attack is applied through its own set of tem-
plates: roleplay uses 80 templates, PAP and hill 4
each, and prefill a single fixed prefix (Appendix D).
We collect each model’s response to the attack
prompts and label every response with an auto-
matic judge, Claude Sonnet 4.6. The judge sorts
each response into a compliance, a refusal, or an
unclear case, and unclear cases are discarded. For
a given model and attack, the complied prompts
form the compliance set and the refused prompts
form the refusal set.
Routing extraction. For each prompt we record
the model’s internal state at the last token of the
prompt, where the model has read the whole attack
but has not generated anything, so that no generated
token can confound the measurement. At every
mixture-of-experts layer we capture three signals:
the residual stream, the full representation used as
a reference; the router logits, one score per expert;
and the selected experts, the discrete set the layer
routed the token through. The router logits and
selected experts are the routing; the residual stream
is what it is read against.
Decoding the decision. To ask whether a signal
carries the comply-versus-refuse decision, we fit an
L2-regularized logistic-regression probe on stan-
dardized features and score it by five-fold cross-
validated balanced accuracy. The primary probe
analyses subsample each class to at most 200 ex-
amples, use balanced class weights, and reduce
the residual stream to at most 256 principal com-
ponents, capped further by the number of avail-
able training examples. For descriptive within-
attack readouts, each model–attack cell reports the
best cross-validated layer for each routing signal,
searched over every MoE layer, and the best of
three approximately evenly spaced residual-stream
layers. At the selected router-logit layer, we report
the 95th percentile of 15 label-shuffled runs as a de-
scriptive reference, not corrected for layer selection.
We say the router logits decode the decision when
accuracy reaches 0.75, exceeds this reference, and
lies within 0.10 of the residual-stream accuracy.
Cross-attack transfer. To ask whether the de-
coded signal is attack-invariant, we test transfer
in two settings. In single-attack transfer we fit a
probe on one attack and apply it, unchanged, to a
different attack of the same model. In leave-one-
attack-out transfer we pool three attacks, fit one
probe, and test it on the held-out fourth. The sec-
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ond setting mirrors deployment, where a defense is
trained on known attacks but evaluated on unseen
variants. Single-attack transfer uses one routing-
selected layer per model, chosen by maximizing
mean five-fold cross-validated within-attack bal-
anced accuracy across all four attacks. For the
MoE leave-one-attack-out analysis, each held-out
fold selects the layer from the other three attacks by
the same criterion; the routing and residual-stream
probes share this layer, so the held-out attack in-
forms neither layer selection nor probe fitting. We
report bootstrap 95% confidence intervals over the
24 held-out cells (4000 percentile-method resam-
ples). As a separate geometric control, we center
each attack, including the held-out attack, by its
own unlabeled mean before re-running leave-one-
attack-out transfer, thereby removing the per-attack
offset. This control uses all available labeled exam-
ples; routing uses a layer selected from the three
training attacks, whereas the residual stream is read
at the fixed middle layer.

Depth and the decision direction. To test whether
the picture depends on depth, we repeat the within-
attack decode and leave-one-attack-out transfer
throughout the network. We evaluate routing at
every MoE layer and the residual stream at 12 ap-
proximately evenly spaced decoder-layer indices,
using all available labeled examples in each cell
rather than the capped subsamples of the primary
analyses. After featurewise standardization over all
four attacks and both classes at each layer, we read
the comply-versus-refuse direction itself, the differ-
ence between the mean compliance and refusal ac-
tivation (Arditi et al., 2024), and measure its cosine
between attacks. Twenty label-shuffled reassign-
ments at each evaluated residual-stream layer form
the shuffled-label null; we report the 95th percentile
of its absolute cosine as | cos |95, the threshold used
in Figure 5b. Under our balanced-class setup, the
L2-regularized logistic-regression probe’s decoder
direction approximates this mean-difference direc-
tion, so a probe’s cross-attack transfer accuracy and
a direction’s cross-attack cosine measure the same
alignment from two angles.

Expert identity. Where the routing decodes the
decision, we ask which experts carry it. For each
expert e at the cell’s readout layer, we compute the
signed Cohen’s de = (µ

(e)
R − µ

(e)
C )/σ

(e)
pooled of its

router logit between the refusal and compliance
sets, with positive values indicating refusal-favored
experts; we use de to rank experts rather than for

absolute-magnitude inference. To measure spar-
sity, we use up to 300 examples per class, rank ex-
perts by this effect size on the training folds alone,
and refit the probe on only the top few. To mea-
sure attack-invariance, we correlate the per-expert
effect-size vectors between attacks at each model’s
within-attack readout layer.
Representational similarity and re-
identification. Two further analyses test attack-
invariance without a probe. In a representational-
similarity analysis we mean-center the residual
activations within each attack, then compare how
close a base request sits to itself under a different
attack wrapper against how close it sits to unrelated
requests. In a re-identification test we attack-center
the activations and match each base request to its
nearest neighbor across attack wrappers, reporting
top-1 accuracy; a TF-IDF bag-of-words of the
prompt text serves as a surface-token baseline.
Effective dimensionality. On the residual stream
we also measure the effective dimensionality of
each state, the number of directions a set of activa-
tions genuinely spreads across. We measure it with
the participation ratio,

PR =
(
∑

i λi)
2

∑
i λ

2
i

, (1)

where the λi are the eigenvalues of the activa-
tion covariance Σ = X⊤X/(n − 1), with X ∈
Rn×d stacking n mean-centered last-prompt-token
residual-stream activations at the model’s readout
layer, computed separately for the compliance and
refusal sets. The participation ratio behaves like a
count of directions: it equals k when the variance
spreads evenly across k of them, and one when it
sits in a single direction. We write PRC for the
compliance set and PRR for the refusal set, and
report each within every attack. A participation
ratio grows with sample count, so we subsample
both sets to a common size n0 = 120 and report
P̂R = ES [PR(S)] averaged over 10 independent
subsamples S, separately for PRC and PRR.
Why we compare within an attack. The four
attacks occupy linearly separable regions of acti-
vation space (a classifier names the attack at 0.998
accuracy, against chance 0.25; Appendix A), so
pooling would mix four distinct geometries; every
comparison above is made within a single attack,
with the leave-one-attack-out probe the deliberate
exception that pools attacks on purpose to measure
what a defender, who cannot choose to compare
within an attack, actually faces.
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Figure 2: Within an attack, the routing decodes the jail-
break. Each bar is the median balanced accuracy across
the six models of a probe that separates complied from
refused prompts, by attack. The router logits decode
nearly as well as the full residual stream, and the dis-
crete expert selection is weaker but above chance. The
dashed line is the chance level of 0.5.

4 Results

This section answers, in order, the chain of ques-
tions Section 3 set out. Within a single attack, the
routing of a mixture-of-experts model carries the
jailbreak: a probe on the router logits tells a com-
plied prompt from a refused one almost as well
as the full residual stream does. That signature
does not generalize: pooled over held-out attacks,
a routing probe trained on the attacks a defender
holds sits at chance, while residual-stream transfer
remains weak and attack-dependent. The failure is
not the trivial consequence of the attacks occupying
separable regions of activation space; the comply-
versus-refuse direction is itself attack-specific, and
it stays so at every network depth. The residual
stream and two probe-free analyses reach the same
verdict.

4.1 The router decodes the jailbreak within
an attack

Within a single attack, the routing carries the
comply-versus-refuse decision. For each model
and attack we fit a logistic-regression probe on the
router logits and score it by cross-validated bal-
anced accuracy. The router-logit probe reaches a
median balanced accuracy of 0.85 across the 24
model-attack cells, against a descriptive shuffled-
label reference near 0.55 and a residual-stream ref-
erence of 0.90 (Figure 2). In 19 of the 24 cells the
router logits decode the decision: the probe clears
0.75, exceeds this reference, and lands within 0.10
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Figure 3: A probe trained on three attacks, tested on
the held-out fourth. Each bar is the median balanced
accuracy across the six models, by held-out attack, for a
routing probe and a residual-stream probe. The two per-
suasion attacks (PAP, hill) are caught above the chance
point estimate because the other persuasion attack stays
in the training pool. Prefill and roleplay are caught at or
near chance (lower dashed line); the upper dashed line
is within-attack accuracy.

of the residual stream. In the five weaker router-
logit cells (deepseek-moe-16b-chat under PAP, hill,
and prefill; prefill on mixtral-8x7b and qwen1.5-
moe-a2.7b-chat), the router-logit probe stays below
0.75. Four of the five are also weak in the residual
stream; the exception is mixtral-8x7b under prefill,
whose residual-stream accuracy reaches 0.77.

The signal is sparse. For each cell we rank the
experts by the effect size of their router logit and
refit the probe on only the top few. Three experts
recover a median of 79% of the probe’s above-
chance accuracy, though this varies widely across
cells, from 52% to 100%. We use a fixed count
of three rather than each model’s routing width,
the Top-k in Table 1, which ranges from one to
eight across the panel, so the sparsity measure is
comparable across models; Appendix E reports
the full sweep over the count. Where the routing
decodes the jailbreak, a handful of experts usually
carry most of it.

4.2 The signature does not generalize across
attacks

The routing exposes the jailbreak within an attack,
but the experts that carry the decision are largely
not the same from one attack to the next. At a
fixed layer, per-expert effect-size vectors of the two
persuasion attacks correlate at a median r = 0.70
while prefill correlates far more weakly with the
others; the over-selected expert set overlaps across
attacks by a Jaccard index of only 0.27 to 0.59 on
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Figure 4: Cross-attack transfer of the routing probe.
Each cell is the median balanced accuracy across the
six models of a router-logit probe trained on the row
attack and tested on the column attack; the diagonal is
within-attack accuracy. Off the diagonal, accuracy falls
to chance, except between the two persuasion attacks
PAP and hill: separable attacks can still share a comply-
versus-refuse direction.

the four models with 60 or more experts (the index
saturates on mixtral-8x7b and llama-4-scout and is
not informative there).

A first test is single-attack transfer: we apply
a within-attack probe, unchanged, to a different
attack of the same model (Figure 4), and off the di-
agonal its balanced accuracy falls from above 0.85
to a median of 0.51. This is not the trivial conse-
quence of separable attack regions: two separable
regions can still share one comply-versus-refuse
direction, as PAP and hill demonstrate (a probe
trained on one reaches 0.60 to 0.70 on the other,
well above chance). What blocks transfer for the
cross-family pairs is a distinct fact: their comply-
versus-refuse direction is itself attack-specific, with
the residual-stream directions of PAP and hill align-
ing at a cosine well above the shuffled-label null
while every cross-family pair stays within that null
near 0.05 (Section 4.3).

A defender does not deploy a probe trained on
a single attack but trains on a pool known at build
time. We test this with a leave-one-attack-out
probe: for each model we pool three attacks, fit
a probe, and test it on the held-out fourth, choosing
the transfer layer from the training attacks alone
(Figure 3). Pooled over all 24 held-out cells, the
routing probe reaches a median balanced accuracy
of 0.52 [0.50, 0.61] against a within-attack median
of 0.85; the residual stream does only a little better
at 0.62 [0.51, 0.73], remaining far below its within-
attack median of 0.90, though its interval overlaps
the within-attack shuffled-label null of 0.55.

The per-attack offset is large but not the cause:
routing centroids move 1.3 to 1.9 times the within-
attack class gap between attacks, so a held-out at-
tack arrives as a cloud shifted beyond the gap the
probe was trained to resolve. Subtracting each at-
tack’s centroid before pooling co-locates the four
clouds, yet the re-run probe lifts only by 0.03 on
the routing and 0.05 on the residual stream. The
non-transfer is not the per-attack offset; the comply-
versus-refuse structure within each attack is itself
attack-specific.

The held-out attack decides whether anything
transfers: PAP and hill are caught at 0.66
[0.55, 0.83] and 0.67 [0.48, 0.77] because each
leaves the other in the training pool, though hill’s
interval includes chance and the transfer is sugges-
tive rather than established. Roleplay decodes well
in every model (0.80 to 1.00), yet the pooled rout-
ing probe catches it at chance, 0.50 [0.39, 0.52],
the clean negative result; routing transfer to pre-
fill is also at chance, 0.50 [0.49, 0.55], though
this is weaker evidence because prefill barely de-
codes within its own attack. An MLP head leaves
both pooled medians below 0.60. Fixed mid-
and late-depth readouts raise transfer for PAP and
hill—and the late residual-stream pooled median to
0.667—but leave prefill and roleplay near chance
under every choice (Appendix C).

4.3 The signature is attack-specific at every
depth

The non-transfer does not depend on which layer
we read. We sweep the network, measuring at
every layer the within-attack decode, the leave-one-
attack-out transfer, and the comply-versus-refuse
direction (Figure 5). The jailbroken state grows
more legible with depth: in the residual stream the
within-attack decode rises from a median of 0.79
over the first third of layers to 0.92 over the last.
Its transfer across attack families does not follow.
Leave-one-attack-out accuracy on prefill and role-
play holds near chance at every depth, rising only
from 0.50 to 0.57 between the first third of layers
and the last. The geometry of the comply-versus-
refuse direction agrees: across attack families its
cosine holds near zero through the whole network,
while within the persuasion family it climbs from
0.18 to 0.56. The routing shows the pattern in
flatter form, its within-attack decode roughly level
with depth and its cross-family transfer near chance
throughout. Depth sharpens the jailbroken state
and aligns it within an attack family but does not
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Figure 5: The jailbroken state versus network depth,
pooled over the six models. (a) Within-attack decode
and leave-one-attack-out cross-family transfer, for the
residual stream and the routing: decode climbs with
depth while cross-family transfer stays near chance. (b)
Cosine of the comply-versus-refuse direction between
attacks, in the residual stream: within the persuasion
family it climbs with depth, across families it stays
inside the shuffled-label |cos|95 null band (gray) at every
depth. Lines are medians over the six models; shaded
bands are the interquartile range.

make it transfer across families; no layer carries
an attack-invariant signature, and the gap between
legibility and transfer only widens with depth.

4.4 The residual stream agrees, and the one
trace the attack does leave

The routing is a low-dimensional, discrete view of
a computation that also runs through the residual
stream, and the residual stream reaches the same
verdict. A residual-stream probe decodes the deci-
sion within an attack, and it too fails to generalize
to a held-out attack, at a leave-one-attack-out me-
dian of 0.62.
Dense controls reproduce the held-out roleplay
failure. At the fixed mid-depth sensitivity read-
out, the two dense controls yield a pooled me-
dian residual-stream leave-one-attack-out balanced
accuracy of 0.632 [0.521, 0.711], compared with
0.585 [0.50, 0.66] for the MoE residual stream un-
der its analogous fixed mid-depth readout; the boot-
strap intervals overlap. The pooled dense result
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Figure 6: Effective dimensionality of the compliance
state (PRC ) and the refusal state (PRR), by attack. Each
dot is one model-attack cell, and the bar is the median
over the six models. PRC swings widely with the attack,
with medians of 31 under PAP and 25 under hill but only
4 under prefill and 8 under roleplay, while PRR stays in
a narrower band. The attack reshapes the compliance
state and leaves the refusal state much more stable.

is not itself a chance-level finding and masks sub-
stantial attack-level heterogeneity: PAP and hill
transfer better when the related persuasion attack
remains in the training pool, while held-out prefill
reaches 0.51 on Llama but 0.71 on Mistral. Held-
out roleplay, whose mechanism has no close ana-
logue in the training pool, is the consistent fail-
ure across both dense models: at mid-depth, it
reaches a median balanced accuracy of 0.525 (0.52
on Llama and 0.53 on Mistral) and a median AU-
ROC of 0.561. This is not because roleplay is unde-
codable in these representations. When trained and
tested on disjoint halves of the roleplay templates,
the same mid-depth residual representations yield
a median balanced accuracy of 0.713 and a me-
dian AUROC of 0.795. The probe therefore learns
a roleplay-specific comply-versus-refuse bound-
ary from roleplay examples but does not recover
that boundary when trained on PAP, hill, and pre-
fill. Roleplay transfer also remains weak at the
training-selected and late-depth readouts, with me-
dian balanced accuracies of 0.546 and 0.502, re-
spectively (Appendix C.1). The held-out roleplay
failure therefore occurs without expert routing.

Having found no direction shared across attacks,
we ask the mirror-image question: does the jail-
broken state vary with the attack in any systematic
way, even if not as a direction a probe could ex-
ploit? It does, and the form the variation takes
explains why a probe cannot catch it. The one
property of the jailbroken state that moves with the
attack is its effective dimensionality. The compli-

46680



ance state’s participation ratio PRC has medians
of 31 under PAP and 25 under hill, but only 4 un-
der prefill and 8 under roleplay; the refusal state’s
PRR stays in a narrower band between 13 and 18
(Figure 6). Restricting roleplay to four templates,
matching the persuasion family at a held subsample
budget, drops its median PRC from 8 to 4: once
template diversity is controlled, roleplay’s compli-
ance state collapses like prefill’s. This is a real,
attack-systematic signal, the mirror image of an
attack-invariant one: the attack leaves a trace, but
the trace is a statistic of the state, the number of
directions it occupies, not a direction a probe can
be trained on.

4.5 Two probe-free analyses agree

Two probe-free analyses test the invariance of
the request representation rather than of the com-
pliance boundary, and point the same way. A
representational-similarity analysis, after remov-
ing the per-attack shift, finds that a base request
is on average no closer to itself under a different
attack wrapper than to an unrelated request; the
within-minus-across cosine gap is small and in-
consistent in sign across models and depths. A di-
rect cross-attack re-identification test, which attack-
centers the activations and matches each base re-
quest across wrappers, succeeds above chance, yet
a TF-IDF bag-of-words of the prompt text outper-
forms it for every model and every pair of attacks
(36 in total). A bag-of-words sees surface tokens
directly, so attack-centering alone does not isolate
the request from its wrapper.

5 Discussion

Legible but not localized. Within an attack, the
routing exposes the jailbreak: a probe on the router
logits decodes whether the model complied, and a
few experts carry the signal. But the exposure does
not hold still: the experts that carry the decision are
largely not the same from one attack to the next.
The router sees the jailbreak, but not in the same
place twice.
Transfer is the exception, not the rule. A routing
probe transfers in only one of the cases we test,
between the persuasion attacks PAP and hill, and
even there marginally; pooled over held-out attacks
it sits at chance. A defender cannot tell in advance
which side of that line a future attack will fall on.
This does not rule out an activation defense against
the attacks its probe was trained on; it rules out the

generalization to unseen attacks that such a defense
would need to be worth deploying.
Transfer to held-out roleplay also fails in dense
models. The dense controls reproduce weak
residual-stream transfer to held-out roleplay, so
this failure can arise without sparse expert routing.
They do not support a broad architecture-level com-
parison: the pooled dense result is not at chance,
and transfer to prefill differs across the two mod-
els. Routing instead makes the changing expert set
explicit; more broadly, a boundary learned from
known attacks need not transfer to a mechanisti-
cally distinct attack even in a dense residual stream.
Shape varies with the attack; location does not
stay. We found no attack-invariant, localized rout-
ing signature: the informative experts and the
comply-versus-refuse direction shift across attacks
and depth. What changes systematically is the
compliance state’s shape: its effective dimension-
ality varies by an order of magnitude across at-
tacks, while the refusal state stays in a much nar-
rower band. Prefill and roleplay may collapse com-
pliance onto a narrow state because both write a
templated opening, whereas a persuasion attack
must carry its own argument. This interpretation
remains untested; the structural result is that the
attack changes the state’s shape without sharing its
location, and a probe is trained on locations, not
shapes. A defense without broad attack-family cov-
erage may therefore need to probe upstream of the
compliance state.

6 Conclusion

We asked whether a jailbroken mixture-of-experts
model carries a signature like the single refusal
direction of a dense transformer, looking in the
routing, where a localized mechanism would be
easiest to find. Within an attack, the routing ex-
poses the jailbreak clearly, but the experts carrying
the signal shift from one attack to the next, and
a routing probe trained on three attacks performs
at chance on a held-out fourth. Held-out roleplay
provides the cleanest failure, and the same weak
residual-stream transfer appears in two dense con-
trols, indicating that the non-transfer is not specific
to expert routing. In the MoE panel, the attack
rewrites the compliance state’s shape without ever
sharing its location, leaving a trace that is real but
in a form a probe cannot exploit. An activation
probe therefore cannot be assumed, on its own, to
catch a jailbreak it was not built for.
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7 Limitations

Scope of the dense-model controls. Our dense-
model evidence consists of two models and is lim-
ited to residual-stream transfer analyses: leave-
one-attack-out transfer at train-selected, fixed mid-
depth, and fixed late-depth readouts; threshold-free
AUROC at the fixed readouts; and within-roleplay
cross-template transfer. Because dense models
have no expert routing, these controls do not test
the routing-specific findings about expert identity
or sparsity. We also do not repeat the effective-
dimensionality, representational-similarity, or full
layerwise direction analyses on the dense models.
The fixed mid- and late-depth readouts are sen-
sitivity checks rather than claims of exact layer
correspondence across architectures. These con-
trols show that weak transfer to held-out roleplay
can occur without expert routing, but they do not
establish uniform non-transfer across novel attack
mechanisms: transfer to held-out prefill differs sub-
stantially between the two dense models. Nor do
they establish that routing makes no causal contri-
bution within MoE models or that dense and MoE
architectures have identical jailbreak geometry or
robustness.
Judge-defined labels. The compliance and refusal
sets are defined by an automatic judge, and a dif-
ferent judge would move some prompts between
them. We do not expect this to change the cross-
attack picture, since the failure to transfer holds
across the routing, the residual stream, and two
probe-free analyses, but we have not re-derived
every result under a second judge. The caution
bears most on the effective-dimensionality result,
where prefill’s low-dimensional compliance state
may partly reflect borderline compliances rather
than fully genuine ones.
A narrow attack base. Our coverage is four at-
tacks and six models. PAP and hill are both per-
suasion attacks; prefill and roleplay each work in a
different way. Our leave-one-attack-out test there-
fore rests on one pair of related attacks and two
singletons. This is enough to show that transfer can
succeed for one pair and is absent otherwise, but
not enough to map how a probe generalizes within
a larger set of related attacks; that would need sev-
eral genuinely different attacks of the same kind.
Natural-language jailbreaks only. Our four at-
tacks are all natural-language jailbreaks, which
manipulate the model through meaningful text.
Optimization-based attacks, such as GCG (Zou

et al., 2023b) and AutoDAN (Liu et al., 2024b),
instead search the input for token sequences that
trigger compliance; this is a different mechanism,
and GCG further needs white-box gradient access
that our black-box setting rules out. Whether the
jailbroken state has the same geometry, and the
same non-transfer, when compliance is reached by
optimization is a question we leave open.
Probe family. Our main probes are linear, and the
small MLP head we tested as a robustness check
matches the linear verdict (Appendix C); a more
expressive probe family might still transfer further
than the heads we test.
What would change our view. We would update
our conclusion if a non-linear probe transferred
substantially above 0.75 in the leave-one-attack-
out setting, or if a broader attack panel revealed
transfer that grew with semantic similarity rather
than collapsing across families.

Ethical Considerations

Motivation and audience. This paper analyzes
the failure mode of activation-based jailbreak de-
fenses to clarify what such defenses can and can-
not promise. The intended audience is the safety
research community building such defenses; we
argue that cross-attack generalization, rather than
within-attack decode quality, is the binding con-
straint on deployment.
Dual-use considerations. Our negative finding—
that linear probes do not transfer across jailbreak
attack families—is information an adaptive attacker
could exploit only indirectly, by noting that activa-
tion monitoring trained on a fixed attack set is brit-
tle. This is the same constraint already documented
for adaptive adversaries in prior work (Bailey et al.,
2026); our contribution is to show that the brittle-
ness holds even without an adaptive adversary. We
judge that surfacing this constraint to defenders
outweighs the marginal information it provides to
attackers.
Harmful content handling. We use publicly re-
leased safety benchmarks (HarmBench (Mazeika
et al., 2024), AdvBench (Zou et al., 2023b), Stron-
gREJECT (Souly et al., 2024), HarmEval (Banerjee
et al., 2025)) governed by their original licenses,
and we do not introduce new jailbreak attacks: the
four families are existing public templates cited in
Section 3. Model responses to harmful prompts
are labeled by an automatic judge and used only to
define the compliance and refusal sets for activa-

46682



tion analysis; judge errors therefore propagate as
cell-level label noise and remain a source of uncer-
tainty for the reported estimates. No raw harmful
responses are released; the public artifact contains
only derived numerical features (probe accuracies,
expert effect sizes, participation ratios) and prompt-
level metadata (judge label and query identifier).
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A Attack Separability

The four attacks occupy linearly separable regions
of activation space, which is why every compar-
ison in this paper is made within a single attack
(Section 3). We train a four-way logistic-regression
classifier to identify the attack from a single layer’s
activations, with cross-validation. It reaches a me-
dian accuracy of 0.998, against a chance level of
0.25 (Table 3). Pooling activations across attacks
would mix four nearly disjoint geometries.

B Per-Model Routing Decode

Table 4 gives the within-attack decode accuracy of
Section 4.1 for every model-attack cell: a probe on
the router logits, a probe on the discrete selected
experts, and a probe on the residual stream. The
router logits track the residual stream closely. The
discrete expert selection is a weaker but above-
chance signal.

C Cross-Attack Transfer

Table 5 gives the cross-attack transfer of Sec-
tion 4.2. For each model we fit a router-logit
probe on one attack and test it, unchanged, on an-
other. Within-attack accuracy is the mean over the
model’s four attacks. Across-attack accuracy is the
median over all ordered attack pairs. The routing
probe falls close to the chance level of 0.5, and a
residual-stream probe does no better.

Robustness to the probe head. We re-run the
leave-one-attack-out probe with a one-hidden-layer
MLP (64 ReLU units, α = 10−3, early stop-
ping with patience 10), replacing the logistic head
while keeping the rest of the pipeline (training pool,
layer selection, PCA dimensionality) unchanged.
The MLP reaches a pooled balanced accuracy
of 0.518 [0.500, 0.655] on the routing and 0.543
[0.500, 0.665] on the residual stream, against linear
medians of 0.52 [0.50, 0.61] and 0.62 [0.51, 0.73].
Per held-out attack, the MLP catches PAP and hill
above the chance point estimate (routing 0.62 and
0.68, residual 0.75 and 0.67) and prefill and role-
play at chance (routing 0.50 and 0.49, residual 0.50
and 0.50), the same pattern as the linear probe.

Robustness to the layer-selection heuristic.
The main text picks the readout layer by maxi-
mizing mean within-attack decode on the three
training attacks; we contrast that with two attack-
agnostic fallbacks, the fixed depth-50% layer and

the fixed depth-90% layer. Pooled over the 24 held-
out cells, the routing leave-one-attack-out median
is 0.522 (train-best), 0.515 (mid), and 0.595 (late);
the residual-stream median is 0.617 (train-best),
0.585 (mid), and 0.667 (late). The largest excur-
sion from the train-best value is 0.07 on the routing
and 0.05 on the residual stream, and prefill and
roleplay sit at 0.49 to 0.55 under every choice.

C.1 Dense-Model Controls
Table 6 reports the complete balanced-accuracy re-
sults from the residual-stream leave-one-attack-out
analysis on Llama-3.1-8B-Instruct and Mistral-7B-
Instruct-v0.3. For each model and held-out attack,
the training-selected readout chooses a layer using
only the other three attacks; the held-out attack
is used neither for layer selection nor for probe
training. The fixed mid- and late-depth readouts
use zero-indexed decoder-block indices 16 and 29
(the 17th and 30th blocks), respectively, in both 32-
layer models. These fixed readouts test sensitivity
to the layer-selection heuristic and are not intended
to assert exact computational alignment with layers
in the MoE architectures.

Pooled over the eight model–held-out-attack
cells, the median balanced accuracy is 0.645
[0.507, 0.726] at the training-selected readout,
0.632 [0.521, 0.711] at the fixed mid-depth read-
out, and 0.648 [0.500, 0.685] at the fixed late-depth
readout, where brackets denote 95% percentile-
bootstrap confidence intervals from 4000 resam-
ples. These statistics are computed from the un-
rounded cell values. The pooled summaries mask
substantial attack-level heterogeneity: transfer is
higher for PAP and hill when the related persua-
sion attack remains in the training set, while prefill
transfers on Mistral but not on Llama.

Held-out roleplay is the consistent failure across
both models and all three readouts. Across the two
models, its median balanced accuracy is 0.546 at
the training-selected readout, 0.525 at fixed mid-
depth, and 0.502 at fixed late depth. At fixed mid-
depth, its median AUROC is 0.561. This weak
transfer is not explained by roleplay being intrinsi-
cally undecodable: when probes are instead trained
and tested on disjoint sets of roleplay templates, the
same mid-depth representations reach a median bal-
anced accuracy of 0.713 and a median AUROC of
0.795. At late depth, the corresponding leave-one-
attack-out and within-roleplay results are 0.502 ver-
sus 0.670 in balanced accuracy and 0.542 versus
0.750 in AUROC. Thus, the dense residual stream
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Model Attack top-1 top-2 top-3 top-5 top-8 top-12 all

deepseek-v2-lite PAP 0.92 0.92 0.92 0.93 0.94 0.94 0.97
hill 0.79 0.82 0.83 0.82 0.89 0.89 0.96
prefill 0.82 0.85 0.86 0.85 0.84 0.87 0.88
roleplay 0.92 0.92 0.94 0.99 0.99 1.00 1.00

deepseek-moe-16b-chat PAP 0.62 0.62 0.61 0.64 0.62 0.62 0.65
hill 0.59 0.62 0.63 0.66 0.67 0.66 0.68
prefill 0.56 0.55 0.58 0.57 0.59 0.56 0.62
roleplay 0.63 0.64 0.66 0.65 0.64 0.65 0.75

qwen1.5-moe-a2.7b-chat PAP 0.67 0.70 0.72 0.74 0.75 0.75 0.80
hill 0.70 0.71 0.73 0.74 0.75 0.77 0.80
prefill 0.60 0.61 0.61 0.60 0.65 0.64 0.66
roleplay 0.72 0.73 0.74 0.75 0.76 0.79 0.83

llama-4-scout PAP 0.71 0.75 0.79 0.78 0.82 0.85 0.86
hill 0.73 0.79 0.86 0.88 0.94 0.96 0.97
prefill 0.69 0.70 0.75 0.76 0.75 0.78 0.75
roleplay 1.00 1.00 1.00 1.00 1.00 0.99 1.00

mixtral-8x7b PAP 0.74 0.80 0.81 0.82 0.85 0.85 0.85
hill 0.77 0.89 0.90 0.95 0.94 0.94 0.94
prefill 0.62 0.67 0.68 0.67 0.70 0.70 0.70
roleplay 0.79 0.83 0.95 0.96 0.97 0.97 0.97

olmoe-1b-7b PAP 0.87 0.91 0.90 0.91 0.91 0.92 0.97
hill 0.84 0.84 0.86 0.89 0.90 0.92 0.96
prefill 0.59 0.65 0.65 0.65 0.66 0.69 0.79
roleplay 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table 2: Within-attack balanced accuracy of a router-logit probe restricted to the top-n experts by router-logit effect
size, for every model-attack cell, beside the full probe (all experts). Experts are ranked on the training folds only,
and chance is 0.5. For mixtral-8x7b the top-8 and top-12 columns equal the full probe, since the model has only
eight experts.

Model complied refused

deepseek-v2-lite 0.996 0.996
deepseek-moe-16b-chat 0.997 0.998
qwen1.5-moe-a2.7b-chat 0.998 0.998
llama-4-scout 1.000 0.987
mixtral-8x7b 0.999 0.995
olmoe-1b-7b 0.996 0.997

median 0.998 0.997

Table 3: Four-way attack-decoding accuracy from a
single layer’s activations, with cross-validation, against
a chance level of 0.25. The complied column uses only
complied activations, the refused column only refused
activations.

contains a learnable roleplay compliance boundary,
but a probe trained on the other attacks does not
recover it.

D Attack Templates

Each attack family wraps a base harmful request
through a set of templates, so a single request ex-
pands into several attack prompts (Section 3). The
families differ widely in how many templates they
use: roleplay draws on 80 persona templates, PAP
and hill on 4 each, and prefill on a single fixed

adversarial prefix. Within each model, all four fam-
ilies wrap that model’s bare-refused query pool. An
attack’s prompt count therefore scales with its tem-
plate count: roleplay yields by far the most attack
prompts while prefill yields the fewest.

E Expert Sparsity

Section 4.1 reports that a few experts carry most
of the within-attack signal. Table 2 expands this
for every model-attack cell: it gives the balanced
accuracy of a router-logit probe restricted to the
n experts with the largest router-logit effect size,
for n in {1, 2, 3, 5, 8, 12}, beside the full probe on
all experts. The experts are ranked on the training
folds alone, so each restricted probe is scored on
held-out data. Across the 24 cells the top-3 probe
recovers a median of 79% of the full probe’s above-
chance accuracy (the margin over the 0.5 chance
level), with per-cell recovery ranging from 52% to
100%. We report a fixed top-3 rather than each
model’s architectural routing width, which ranges
from one to eight across the panel, so the sparsity
measure stays comparable across models.
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Model Attack nR nC Router Experts Residual

deepseek-v2-lite PAP 103 160 0.97 0.88 0.98
hill 115 153 0.96 0.82 0.95
prefill 132 162 0.88 0.86 0.87
roleplay 196 76 1.00 0.94 0.99

deepseek-moe-16b-chat PAP 154 770 0.66 0.61 0.68
hill 183 785 0.71 0.62 0.69
prefill 153 147 0.62 0.59 0.60
roleplay 1197 1205 0.80 0.71 0.79

qwen1.5-moe-a2.7b-chat PAP 185 736 0.81 0.64 0.84
hill 269 701 0.81 0.70 0.79
prefill 191 116 0.66 0.57 0.65
roleplay 1685 850 0.81 0.75 0.81

llama-4-scout PAP 153 189 0.86 0.72 0.96
hill 164 196 0.97 0.84 0.99
prefill 183 154 0.76 0.64 0.76
roleplay 198 180 1.00 0.97 1.00

mixtral-8x7b PAP 51 194 0.85 0.69 0.93
hill 155 194 0.94 0.74 0.99
prefill 177 181 0.70 0.64 0.77
roleplay 189 163 0.97 0.90 0.98

olmoe-1b-7b PAP 184 138 0.97 0.78 0.98
hill 187 188 0.96 0.81 0.95
prefill 198 191 0.79 0.63 0.74
roleplay 197 156 1.00 0.86 1.00

Table 4: Within-attack decode accuracy (5-fold cross-
validated balanced accuracy) for every model-attack cell.
nR and nC are the refusal-set and compliance-set sam-
ple counts before the 200-cap subsampling. Router is
a probe on the router logits, Experts a probe on the dis-
crete selected experts, Residual a probe on the residual
stream. Chance is 0.5.

routing across attacks

Model within routing residual

deepseek-v2-lite 0.95 0.53 0.62
olmoe-1b-7b 0.93 0.50 0.55
llama-4-scout 0.89 0.50 0.52
mixtral-8x7b 0.86 0.59 0.52
qwen1.5-moe-a2.7b-chat 0.77 0.50 0.50
deepseek-moe-16b-chat 0.70 0.51 0.52

median 0.88 0.51 0.52

Table 5: Single-attack cross-attack transfer of a router-
logit probe, balanced accuracy, against a chance level
of 0.5. The within column trains and tests on the same
attack; the across columns train on one attack and test
on another (the off-diagonal of Figure 4), for the routing
and for the residual stream. The leave-one-attack-out
result, which pools three attacks at training time, is
reported in Section 4.2 (median 0.52 routing, 0.62 resid-
ual).

Model Readout Held-out attack

PAP hill prefill roleplay

Llama-3.1-8B training-selected 0.74 0.63 0.50 0.51
fixed mid, index 16 0.67 0.63 0.51 0.52
fixed late, index 29 0.69 0.71 0.50 0.54

Mistral-7B training-selected 0.73 0.66 0.71 0.58
fixed mid, index 16 0.72 0.64 0.71 0.53
fixed late, index 29 0.65 0.65 0.68 0.46

Table 6: Residual-stream leave-one-attack-out balanced
accuracy for the two dense controls. Chance balanced
accuracy is 0.50. Decoder-block indices are zero-
indexed, and entries are rounded to two decimal places.
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