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Abstract

Large vision-language models (LVLMs) are vulnerable
to jailbreak attacks, and the visual channel widens the at-
tack surface. HiddenDetect addresses this by monitoring
internal activations, scoring each layer’s alignment with a
refusal vector and integrating that layer-wise signal into a
training-free detection score. We reproduce HiddenDetect
on LLaVA-1.6-7B Vicuna and isolate two underexplored de-
sign choices: how the signal is aggregated and which lay-
ers feed into it. Holding feature extraction fixed, we com-
pare the original trapezoidal integration against Fisher dis-
criminant analysis and logistic regression under a leakage-
controlled k-fold protocol across five benchmarks. Over our
reproduced baseline, full-depth Fisher aggregation raises
AUPRC by 0.0234 and AUROC by 0.0210 on average with-
out benchmark regressing, and logistic regression performs
comparably, suggesting safe and unsafe prompts are nearly
linearly separable in the deeper layers. Confining aggre-
gation to the original window (layers 16 to 29) erases most
of this gain, indicating that refusal information is spread
across more layers than previously assumed and that layer
selection matters as much as the aggregation operator.

1. Introduction

Large vision-language models (LVLMs) have demon-
strated impressive capabilities across a broad range of mul-
timodal tasks, including visual reasoning, image under-
standing, instruction following, and grounded question an-
swering [13, 17]. As these systems become increasingly
integrated into real-world applications, concerns regarding
safety and robustness have attracted increasing attention.
Similar to large language models (LLMs), LVLMs remain
vulnerable to jailbreak attacks that circumvent alignment
mechanisms and induce unsafe or policy-violating outputs.

*Our modular implementation and evaluation framework are pub-
licly available at https : / / github . com / appleboblin /
HiddenDetect.

The incorporation of visual inputs further enlarges the at-
tack surface, enabling adversaries to exploit both textual
and image-based channels to bypass existing safeguards
[6, 16].

Recent studies suggest that safety-related behaviors may
be reflected in the internal representations of foundation
models rather than solely in their final outputs [1]. Building
on this observation, HiddenDetect [10] investigated whether
LVLMs encode safety-relevant information within their hid-
den states during inference. The key insight is that un-
safe prompts induce activation patterns that differ system-
atically from those produced by benign inputs. By project-
ing hidden states into vocabulary space and measuring their
alignment with a predefined refusal vector, HiddenDetect
constructs a layer-wise refusal signal that serves as an in-
dicator of prompt safety. Aggregating this signal over a
safety-aware layer interval identified through a small cali-
bration set yields a scalar score that enables jailbreak detec-
tion without requiring additional model training.

Although HiddenDetect demonstrates strong empirical
performance across multiple benchmarks, several aspects
of the method remain insufficiently understood. First, the
aggregation stage relies exclusively on trapezoidal integra-
tion, and it remains unclear whether alternative aggregation
mechanisms can exploit the same hidden-state information
more effectively. Second, the detector operates on a pre-
defined safety-aware layer interval derived from a few-shot
calibration procedure, yet the sensitivity of detection perfor-
mance to layer selection has not been systematically evalu-
ated. Third, once supervised aggregation strategies are in-
troduced, evaluation becomes susceptible to label leakage
unless calibration and testing data are rigorously separated.
These issues are particularly important in reproducibility
studies because they influence both the interpretation of re-
ported performance gains and the broader understanding of
the underlying safety signal.

To address these questions, this work presents a
component-level empirical study of HiddenDetect under a
unified experimental framework. The original detector is
re-implemented in modular form, allowing layer selection
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and score aggregation to be modified independently while
all other components remain unchanged. This formulation
enables a controlled investigation of the relative contribu-
tion of individual design choices to overall detection per-
formance. In addition to reproducing the original training-
free formulation, we examine two supervised aggregation
strategies, namely Fisher discriminant analysis and logis-
tic regression, operating on the same layer-wise refusal fea-
tures extracted by HiddenDetect.

Experiments are conducted on five publicly available
jailbreak-detection benchmarks spanning text-only attacks,
multimodal jailbreaks, and adversarial image scenarios.
The detection scores we measure for the original aggrega-
tion scheme do not completely match the values reported in
the original study, and the differences run in both directions
across benchmarks, so we treat the baseline we observe as
the reference point for all subsequent comparisons rather
than the published numbers. Across the evaluated bench-
marks, Fisher-based aggregation generally achieves higher
AUPRC and AUROC values than the original trapezoidal
formulation. These results indicate that the refusal signal
contains discriminative information that is not fully utilized
by uniform integration. Furthermore, we observe that use-
ful safety-related information extends beyond the originally
selected safety-aware layer interval. This finding comple-
ments the original safety-awareness analysis by suggesting
that refusal semantics are distributed more broadly through-
out network depth than previously assumed.

The main contributions of this work are summarized as
follows:

• We provide a reproduction of HiddenDetect and con-
duct the first systematic comparison of multiple aggre-
gation strategies for HiddenDetect, including the origi-
nal trapezoidal integration scheme, Fisher discriminant
analysis, and logistic regression.

• We demonstrate that Fisher-based aggregation con-
sistently improves detection performance over the
reproduced HiddenDetect baseline, achieving higher
AUPRC and AUROC values across all evaluated
datasets.

• We analyze the influence of layer selection and show
that useful safety-related information extends beyond
the originally identified safety-aware interval, indicat-
ing that refusal semantics are distributed across a wider
range of network layers than previously recognized.

• We establish a leakage-controlled evaluation protocol
for supervised aggregation methods and discuss its
implications for future research on hidden-state-based
jailbreak detection.

Overall, the results suggest that the effectiveness of Hid-
denDetect arises from two complementary factors: the ex-
istence of a robust layer-wise refusal signal and the mech-
anism used to aggregate that signal into a detection score.
While the original training-free design already provides
strong detection capability, alternative aggregation strate-
gies can further improve performance when evaluated under
a rigorous and reproducible experimental protocol.

2. Related Work
2.1. Jailbreak Attacks Against LVLMs

Jailbreak attacks against Large Vision-Language Mod-
els (LVLMs) attempt to exploit the expanded attack sur-
face introduced by the visual modality. We can separate
these attacks into three different categories, the first is ty-
pographic attacks, which embed instructions directly into
the image that a human would be able to notice but should
still avoid the safety-filters of the LVLM [6, 14, 16]. Gong
et al. created a benchmark using this strategy and found
that the ASR (Attack Success Rate) was significantly higher
than the equivalent text prompts [6]. The second category
is gradient based adversarial attacks which create images
that contain harmful instructions but appear benign to hu-
mans [3, 15, 19, 22, 25, 30]. Qi et al. found that an adver-
sarial image created for one unsafe behavior can general-
ize to other unrelated harmful queries and that the required
changes are minor enough that it can evade the LVLMs de-
fenses [19]. Some benchmarks, such as MM-Safety, contain
examples that fit in both the first two categories [14]. The
third category is text based attacks that also include arbi-
trary images. Li et al. found that adding unrelated images
to unsafe text prompts increased the ASR [12]. A bench-
mark created by Luo et al. called JailbreakV-28k combines
all three of these categories together [16].

2.2. Safety Defenses and Jailbreak Detectors

Defenses against LVLM jailbreaks can be split into
training-time and inference-time approaches. Training-time
methods like safety fine-tuning [20] and RLHF-style align-
ment [2, 18] improve robustness but require large curated
datasets, are expensive to update as new attacks emerge, and
can cause over-refusal on benign inputs [21]. Inference-
time detectors avoid retraining. Input-perturbation detec-
tors like JailGuard [29], MirrorCheck [4], and CIDER [28]
probe behavioral consistency under augmentation, but
typography-based attacks are specifically designed to be vi-
sually stable, and running multiple forward passes per query
adds latency that matters in practice. Gradient-based de-
tectors such as GradSafe [27] look for harmful pattern sig-
natures in safety-critical parameter gradients, however it
was designed for text-only LLMs and loses discriminative
power when the dominant malicious signal lives in the vi-
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sual token stream rather than the text. Gradient Cuff [8] has
the same no-visual limitation. Prompt-engineering defenses
that prepend fixed safety instructions to every query [26] are
similarly limited, as small perturbations to the input phras-
ing can cause the safety prefix to be ignored or overridden
by the model. Our work builds directly on top of HiddenDe-
tect [10], which sidesteps these failure modes by operating
directly on the model’s internal activations rather than its
input surface or output behavior.

2.3. Internal Activations and Refusal Mechanisms
in LLMs

A growing body of mechanistic interpretability work
shows that aligned LLMs do not simply learn refusal as a
behavioral policy, but rather, they encode it geometrically
inside their residual stream. Zou et al. [31] showed that con-
cepts such as honesty and harm occupy linear subspaces of
the residual stream. Arditi et al. found that refusal behavior
in aligned LLMs is mediated by a single low-dimensional
direction in activation space, and that ablating this direction
suffices to jailbreak the model [1].

Li et al. extended this line of work specifically to
the question of which layers carry safety-relevant informa-
tion in aligned LLMs [11]. They identified a contiguous
band of middle-to-late layers where scaling layer weights
substantially changes the model’s over-rejection rate on
benign queries that contain superficially toxic keywords.
Their finding that early layers are largely safety-inert but
middle layers are highly sensitive foreshadowed the layer-
dependent patterns that HiddenDetect later documents for
LVLMs [10].

For LVLMs specifically, HiddenDetect [10] is, to our
knowledge, the first work to port this hidden-state analy-
sis to the multimodal setting, showing that safety signals
emerge later across depth when visual inputs are present
and that this delay correlates with higher attack success
rates. Song et al. arrive at a complementary conclusion
from the attacker’s side in JailBound [23]. JailBound fits
one logistic regression classifier per fusion layer to approx-
imate the local safety decision hyperplane, then extracts
the classifier’s normal vector to guide adversarial pertur-
bations. Their Safety Boundary Probing stage shows that
classifiers trained on layers five and beyond achieve near-
perfect probing accuracy, while early layers are essentially
random, which confirms that linear separability of safe and
unsafe representations is a real property of deeper LVLM
activations rather than a modeling artifact. The reason this
matters for our work is that JailBound and one of our pro-
posed aggregators use the exact same analytical machin-
ery, per-layer logistic regression on intermediate represen-
tations, just pointed in opposite directions: they use it to
steer an attack, and we use it to block one.

2.4. Aggregation of Layer-Wise Signals

Once per-layer refusal scores are computed, some ag-
gregation is needed to produce a single detection decision.
HiddenDetect’s original choice is trapezoidal integration of
the refusal strength vector F ∈ RL over a layer window
[s, e], which amounts to a uniformly weighted sum of the
selected scores [10]. The implicit assumption is that the re-
fusal signal can be treated as samples of a continuous func-
tion of layer depth, and that all layers in the window con-
tribute equally. Neither assumption is obviously justified
given that transformer layers have heterogeneous roles and
the refusal signal in Figure 2 of the original paper is clearly
non-uniform across depth.

This motivates replacing the fixed uniform weighting
with a data-driven one. The probing literature offers a
precedent: layer-wise aggregation has been studied mainly
for encoding linguistic features rather than safety signals
[9, 24], and the recurring finding is that different layers
specialize in different levels of abstraction and that sim-
ple learned aggregators often outperform fixed-weight al-
ternatives. The natural learned linear alternatives are two
standard discriminative linear classifiers [7]: Fisher’s lin-
ear discriminant analysis [5], which weights layers by their
class separation, and logistic regression, which fits the layer
weights by minimizing classification loss. JailBound [23]
provides direct empirical support for the latter: as discussed
above, it fits per-layer logistic regression classifiers on ex-
actly this kind of layer-indexed representation and reaches
near-perfect accuracy in deeper layers, confirming that safe
and unsafe representations are close to linearly separable
there. We define both aggregators in Section 3.2. Whether
learned aggregation actually helps for refusal semantics in
LVLMs, and at what supervision cost, is one of the central
questions our experiments address.

3. Methodology
This work conducts a component-level empirical anal-

ysis of HiddenDetect [10]. Rather than modifying the
hidden-state representation used by the original detector,
we retain the refusal-signal extraction pipeline and focus
on two design choices that directly influence detection per-
formance: score aggregation and layer selection. The re-
sulting framework enables a controlled comparison between
the original training-free formulation and several supervised
aggregation strategies while keeping all other components
unchanged.

3.1. Reproduced HiddenDetect Pipeline

HiddenDetect detects jailbreak attacks by monitoring in-
ternal activations of a pre-trained LVLM. Following the
original implementation, hidden states from each trans-
former layer are projected into vocabulary space and com-
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pared with a predefined refusal vector. The resulting layer-
wise refusal signal is then aggregated into a scalar detection
score.

Refusal Vector Construction
The detector represents refusal semantics using a set of

refusal-related vocabulary tokens. Consistent with the orig-
inal implementation, the refusal token set includes terms
frequently observed in model refusals, such as “sorry”, “un-
fortunately”, “illegal”, “harmful”, and “dangerous” [10].

Let

R = {r1, r2, . . . , rK} (1)

denote the refusal token set, where K is the number of
refusal-related tokens. A binary refusal vector

r ∈ RV (2)

is constructed in vocabulary space, where V denotes the
vocabulary size. Entries corresponding to refusal tokens are
assigned a value of one, while all remaining entries are set
to zero.

Layer-Wise Refusal Signal Extraction
For an input prompt, the LVLM produces hidden repre-

sentations at each transformer layer. Let

hl (3)

denote the final-token hidden state from layer l after pro-
jection through the language-modeling head.

Following HiddenDetect, the alignment between the pro-
jected hidden state and the refusal vector is measured using
cosine similarity:

Fl =
h⊤
l r

∥hl∥ ∥r∥
, (4)

where Fl represents the refusal strength at layer l.
The resulting refusal curve is defined as

F = [F1, F2, . . . , FL], (5)

where L is the number of transformer layers. Larger val-
ues indicate stronger alignment with refusal semantics and
therefore a higher likelihood that the prompt is unsafe.

Original HiddenDetect Aggregation
The original HiddenDetect method converts the refusal

curve into a scalar score using trapezoidal integration over
a predefined safety-aware layer interval.

For LLaVA-1.6, the calibration procedure described
in [10] identifies layers 16–29 as the most safety-aware re-
gion. The detection score is computed as

Strapz =

∫ 29

16

F (l) dl, (6)

which is numerically approximated using the trapezoidal
rule.

This formulation serves as the baseline reproduced
throughout this study.

3.2. Alternative Aggregation Strategies

The refusal curve contains substantially more informa-
tion than a single integrated value. To determine whether
the original aggregation scheme fully exploits this informa-
tion, two alternative aggregation strategies are investigated
while keeping the feature extraction process unchanged.

Fisher Discriminant Aggregation
The first alternative employs Fisher discriminant anal-

ysis. Instead of assigning equal importance to all layers
within the selected interval, Fisher aggregation emphasizes
layers that provide stronger separation between safe and un-
safe samples.

Let µu,l and µs,l denote the mean refusal scores at layer
l for unsafe and safe samples, respectively. Likewise, σ2

u,l

and σ2
s,l represent the corresponding layer-wise variances.

The Fisher weight vector is defined as

w =
µu − µs√

1
2 (σ

2
u + σ2

s) + ε
, (7)

where ε is a small constant introduced for numerical sta-
bility.

The final Fisher score is then computed as

SFisher = w⊤F. (8)

Unlike trapezoidal integration, Fisher aggregation ex-
plicitly incorporates class-discriminative information and
allows informative layers to contribute more strongly to
the final decision. Our implementation is not full linear
discriminant analysis, which would require inverting the
within-class scatter matrix, but rather a modified diagonal
(layer-independent) form of Fisher’s discriminant. We use
the diagonal form since it is more stable to estimate on the
small calibration sets used here.

Logistic Regression Aggregation
The second alternative formulates aggregation as a su-

pervised binary classification problem. The complete re-
fusal curve is treated as a feature vector and passed to a
logistic regression classifier.

The probability that a sample is unsafe is given by

P (y = 1|F) = 1

1 + exp[−(w⊤F+ b)]
, (9)

where y = 1 denotes an unsafe sample.
Logistic regression learns the layer weights directly from

the classification loss. Unlike Fisher aggregation, which
scores each layer on its own univariate class separation, lo-
gistic regression fits the weights jointly and so can account
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for correlations between layers. We use both in our experi-
ments to see which aggregation strategy performs better in
practice.

3.3. Leakage-Controlled Evaluation Protocol

The original HiddenDetect formulation is training-free
and therefore does not require label-dependent calibration.
In contrast, both Fisher aggregation and logistic regression
use class labels during parameter estimation. Evaluating
these methods on the same data used for calibration would
introduce label leakage and result in overly optimistic per-
formance estimates.

To prevent this issue, a stratified K-fold evaluation pro-
tocol is adopted. For each fold, aggregation parameters are
estimated using only the training partition and subsequently
applied to the held-out test partition. This procedure ensures
that every reported prediction is generated from out-of-fold
data and therefore provides an unbiased estimate of gener-
alization performance.

3.4. Benchmark Datasets and Evaluation Metrics

Experiments are conducted on five benchmark datasets
covering text-only jailbreak attacks, multimodal jailbreak
attacks, and adversarial image scenarios. The evaluation
suite includes:

• XSTest,

• FigTxt,

• MM-SafetyBench + MM-Vet,

• FigImg + MM-Vet,

• JBV28K JBtxt + MM-Vet.

Performance is evaluated using the area under the
precision-recall curve (AUPRC) and the area under the re-
ceiver operating characteristic curve (AUROC). AUPRC is
particularly informative in the presence of class imbalance,
while AUROC provides a threshold-independent measure
of ranking quality. Together, these metrics provide a com-
prehensive assessment of jailbreak detection performance.

4. Results
4.1. Experimental Setting

The aggregation configurations defined in Section 3.2 are
evaluated on five jailbreak-detection benchmarks: XSTest,
FigTxt, FigImg, MM-SafetyBench, and JailBreakV-28Ktxt.
Each unsafe benchmark is paired with the MM-Vet safe dis-
tribution following the protocol of HiddenDetect [10]. The
resulting evaluation sets contain between 218 and 450 sam-
ples. XSTest and FigTxt retain their native class distribu-
tions, whereas the remaining benchmarks are downsampled
to 218 unsafe and 218 safe samples prior to evaluation.

Performance is measured using the area under the
precision–recall curve (AUPRC) and the area under the re-
ceiver operating characteristic curve (AUROC). AUPRC is
particularly informative under class imbalance, while AU-
ROC provides a threshold-independent measure of rank-
ing quality. Inference is performed in float16 on a single
H100-class GPU. Our five configurations (four supervised
and original HiddenDetect baseline) are evaluated under the
stratified 5-fold protocol described in Section 3.3. All sam-
pling, splitting, and model initialization use a fixed random
seed of 539.

4.2. Aggregation Operators and Layer Range

Table 1 and Table 2 summarize AUPRC and AUROC
across all five benchmarks. The Paper-default column ap-
plies the original HiddenDetect aggregation scheme, trape-
zoidal integration over layers 16–29, and serves as the base-
line for every comparison in this study. The scores we mea-
sure do not match the originally reported values: on the
five benchmarks that align with the original LLaVA eval-
uation, AUROC differs by roughly 0.01 to 0.07 and in both
directions, with our baseline scoring lower on FigTxt and
MM-SafetyBench and higher on FigImg and JailBreakV-
28K. We attribute this difference to the probabilistic way
each unsafe set is paired and downsampled against MM-Vet
(Section 4.1) as well as potential updates to the benchmarks.
We therefore treat the Paper-default column as a qualitative
reproduction and report all subsequent improvements rela-
tive to it rather than to the published numbers.

Three observations emerge from these results.
First, Fisher aggregation over the full transformer depth

(C2) consistently improves upon the reproduced HiddenDe-
tect baseline. The largest gains occur on XSTest and FigImg
+ MM-Vet. For XSTest, AUPRC increases from 0.7974
to 0.8675, while AUROC rises from 0.8581 to 0.9061.
For FigImg + MM-Vet, AUPRC improves from 0.9063 to
0.9419 and AUROC from 0.9158 to 0.9552. Across all
five benchmarks, Fisher aggregation improves AUPRC by
an average of 0.0234 and AUROC by an average of 0.0210
relative to the reproduced HiddenDetect baseline.

Second, restricting Fisher aggregation to the origi-
nal safety-aware interval (layers 16–29) removes most
of the observed improvement. The largest differences
between Fisher-all and Fisher-[16,29] occur on XSTest
(+0.0672 AUPRC, +0.0430 AUROC) and FigImg + MM-
Vet (+0.0357 AUPRC, +0.0412 AUROC). These results in-
dicate that layer selection contributes substantially to the
performance gap between the original baseline and full-
stack Fisher aggregation. Although the aggregation oper-
ator itself remains important, the choice of layer range ap-
pears to be an equally influential factor.

Third, the supervised logistic-regression variants pro-
duce performance comparable to Fisher aggregation. C4
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Table 1. AUPRC across five jailbreak-detection benchmarks for the five aggregation configurations with k-fold. Best performance in each
row is shown in bold.

Dataset Paper Default Fisher All Fisher [16, 29] LogReg (C = 1) LogReg (C = 0.5)

XSTest 0.7974 0.8675 0.8003 0.8617 0.8612
FigTxt 0.9638 0.9682 0.9650 0.9669 0.9670
MM-SafetyBench + MM-Vet 0.9738 0.9771 0.9743 0.9747 0.9744
FigImg + MM-Vet 0.9063 0.9419 0.9062 0.9292 0.9285
JBV28K JBtxt + MM-Vet 0.9595 0.9633 0.9601 0.9621 0.9614

Table 2. AUROC across five jailbreak-detection benchmarks for the five aggregation configurations with k-fold. Best performance in each
row is shown in bold.

Dataset Paper Default Fisher All Fisher [16, 29] LogReg (C = 1) LogReg (C = 0.5)

XSTest 0.8581 0.9061 0.8631 0.9019 0.9016
FigTxt 0.9338 0.9433 0.9363 0.9408 0.9409
MM-SafetyBench + MM-Vet 0.9694 0.9738 0.9702 0.9706 0.9702
FigImg + MM-Vet 0.9158 0.9552 0.9140 0.9412 0.9401
JBV28K JBtxt + MM-Vet 0.9590 0.9627 0.9596 0.9613 0.9604

Table 3. Sensitivity of full-stack Fisher aggregation to the stabi-
lization constant ε.

Dataset Metric 10−8 10−3 10−2 5× 10−2

XSTest AUPRC 0.8740 0.8728 0.8684 0.8652
AUROC 0.9088 0.9077 0.9046 0.9030

FigTxt AUPRC 0.9684 0.9680 0.9675 0.9672
AUROC 0.9436 0.9428 0.9418 0.9412

(C = 1) and C5 (C = 0.5) remain within approxi-
mately 0.005 of Fisher-all on most datasets, with FigImg
+ MM-Vet the clearest exception, where Fisher-all leads by
roughly 0.013 AUPRC and 0.014 AUROC. The two con-
figurations otherwise track each other closely, and neither
logistic-regression variant dominates Fisher aggregation on
any benchmark. This observation suggests that the refusal
signal is approximately linearly separable in the deeper lay-
ers, allowing simple discriminative weighting schemes to
capture most of the useful information contained in the
hidden-state representation.

4.3. Sensitivity to the Fisher Stabilization Constant

The Fisher weighting scheme includes a small stabiliza-
tion constant ε to prevent division by near-zero pooled vari-
ance. Table 3 reports the sensitivity of Fisher aggregation
to this parameter on two representative datasets.

The default value ε = 10−8 yields the strongest perfor-
mance, although the dependence on ε is weak. Increasing ε
by several orders of magnitude causes only modest degra-
dation. On XSTest, the largest observed reduction is 0.0088
AUPRC, while FigTxt exhibits an AUROC decrease of only

0.0024. These results indicate that the Fisher weighting
mechanism is robust and does not rely on precise tuning
of the stabilization parameter.

4.4. Comparison with Prior Approaches

Within the family of inference-time LVLM jailbreak de-
tectors, the reproduced HiddenDetect baseline remains the
most appropriate reference point for this study [10]. Rela-
tive to that baseline, full-stack Fisher aggregation improves
average AUPRC by 0.020 and average AUROC by 0.018
across the five benchmarks, with no benchmark exhibiting
performance degradation.

A direct numerical comparison with perturbation-based
and gradient-based detectors is beyond the scope of this
study because those methods were evaluated on different
benchmark configurations and often require substantially
different computational budgets. Consequently, the repro-
duced HiddenDetect baseline provides the most meaningful
point of comparison. Under this controlled setting, the re-
sults demonstrate that improvements in aggregation alone
are sufficient to produce measurable gains across diverse
jailbreak-detection benchmarks while preserving the origi-
nal hidden-state representation proposed by HiddenDetect.

5. Conclusion

In this work we set out to reproduce HiddenDetect, to un-
derstand where its detection performance comes from, and
to attempt to improve on it. Our work focused mostly on the
aggregation step of the HiddenDetect pipeline. We found
that the refusal curve carries more usable signal than the
original trapezoidal integration pulls out of it. A Fisher pro-
jection improves AUPRC by an average of 0.0234 and AU-
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ROC by 0.0210 across all five benchmarks, with no dataset
getting worse, and logistic regression lands in roughly the
same place. Two different linear aggregators converging on
similar performance tells us the safe-versus-unsafe split is
close to linearly separable in the deeper layers, and that
most of the gain comes from reweighting layers rather than
from anything nonlinear. The original trapezoidal opera-
tor gives up that signal because it weights every layer in its
window equally and cannot tell an informative layer from a
noisy one.

The second finding is that a good part of that gain is
about which layers get used, not just how they get com-
bined. Confining Fisher aggregation to the original safety-
aware window of layers 16 to 29 erases most of the im-
provement, with XSTest and FigImg + MM-Vet losing the
most. Useful refusal information sits outside the interval
selected in the original HiddenDetect, which agrees with
the original observation that safety awareness is distributed
across depth but pushes it a step further: the calibrated win-
dow leaves usable signal unused, and treating layer selec-
tion as a fixed preprocessing step costs more than the ag-
gregation choice alone suggests.

There are also limitations of the work that we present.
The original HiddenDetect paper evaluated Llava-1.6-7B
Vicuna, CogVLM-chat-v1.1, and Qwen-VL-Chat. How-
ever we only evaluate Llava-1.6-7B Vicuna, so we can-
not say whether the wider layer coverage holds for other
LVLMs or larger models. Additionally, the supervised ag-
gregators that we use get their improvement by using la-
beled calibration data, which gives up the original method’s
training-free property, it is important to consider whether
the improvement that we observed is worth it considering
the additional time cost.

There are a few possible direction that this work could
head in the future, the most obvious is to apply our ag-
gregation methods on other LVLM’s such as CogVLM and
Qwen-VL like the original HiddenDetect did. Another pos-
sible step would be to train the aggregators on one dataset,
and test them on another to investigate how well it gener-
alizes between datasets. Finally, further investigation into
which layers contain the largest refusal signal could be con-
ducted.
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