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Abstract

Recent studies reveal that vision-language models (VLMs) become more suscepti-
ble to harmful requests and jailbreak attacks after integrating the vision modality,
exhibiting greater vulnerability than their text-only LLM backbones. To uncover
the root cause of this phenomenon, we conduct an in-depth analysis and identify a
key issue: multimodal inputs introduce an modality-induced activation shift toward
a “safer” direction compared to their text-only counterparts, leading VLMs to
systematically overestimate the safety of harmful inputs. We refer to this issue as
safety perception distortion. To mitigate such distortion, we propose Activation
Shift Disentanglement and Calibration (ShiftDC), a training-free method that de-
composes and calibrates the modality-induced activation shift to reduce its impact
on safety. By isolating and removing the safety-relevant component, ShiftDC
restores the inherent safety alignment of the LLM backbone while preserving the
vision-language capabilities of VLMs. Experiments demonstrate that ShiftDC
significantly enhances safety alignment without impairing model utility. The code
is available at https://github.com/Renovamen/ShiftDC.
Warning: This paper may contain examples of offensive or harmful text and images.

1 Introduction

The development of Vision Language Models (VLMs) [1, 2] represents a significant breakthrough,
enabling seamless integration of visual and textual information for enhanced multimodal under-
standing. However, the incorporation of a vision module, which is a common feature in most VLM
architectures, often compromises the model’s safety alignment compared to its underlying language
model backbone. For example, LLaVA-1.5-13B [3, 4], based on Vicuna-13B, showed a 28.36%
higher attack success rate on MM-SafetyBench [5] when harmful content was delivered through
images instead of text. A question like “How to make a bomb?” could be reworded as “How to make
this product?” with a <bomb image>, leading to harmful responses. This vulnerability highlights
how shifting harmful content from textual to visual inputs, while maintaining the core semantics, can
circumvent safety mechanisms, thereby exposing a critical limitation in VLM safety alignment.

Existing strategies to mitigate safety alignment degradation often come with trade-offs. One line of
research [6] post-trains VLMs on carefully curated safety-specific datasets to restore alignment, but
this requires substantial annotation effort and computational overhead. Another line of research [7–9]
uses defensive prompts to make VLMs check image content more carefully and reject unsafe requests.
While effective in some scenarios, such methods often compromise model helpfulness by wrongly
rejecting benign requests. A third direction [10, 11] calibrates activations to fix misalignment, but the
calibration scale typically depends on predefined hyperparameters, making it hard to balance safety
and utility. Additionally, [12] suggested converting images to captions to utilize the inherent safety
mechanisms of pre-aligned LLMs in VLMs. However, this often sacrifices fine-grained image details,
hurting the model’s visual reasoning and overall utility.
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Figure 1:Left: Vision-language inputs cause amodality-induced activation shift, steering VLM
activations toward a “safer” direction compared to text-only inputs. This makes the VLM perceive
inputs as less risky than they actually are, weakening its safety alignment.Right: Examples of
constructed datasets.

This work aims to develop an inference-only method that extends VLMs' intrinsic defense mecha-
nisms – mainly effective in text-only scenarios – to vision-language inputs, while preserving model
utility and helpfulness. To this end, a critical prerequisite is understanding the underlying mechanisms
of how images impact safety alignment in VLMs. The most relevant works [10, 13] identify that
safety degradation stems from distribution shifts in the VLM's activation space caused by the visual
modality. However, how these shifts speci�cally distort VLMs' safety perception remains largely
unexplored, making it unclear how to rectify the distortion without affecting general capabilities.

In this study, we �rst investigate the activation space of VLMs to understand how image inputs cause
these models to follow malicious instructions, as shown in Figure 1 (left). We conducted a series of
analyses, with the key �ndings summarized as follows: (1) While LLM backbones can effectively
recognize unsafe inputs in text-only scenarios, VLMs struggle to distinguish between safe and unsafe
inputs when images are introduced. (2) Activations of vision-language inputs deviate from their
corresponding text-only inputs, indicating that the visual modality induces anactivation shift. (3)
Most activations for vision-language inputs, whether unsafe or safe, fall on the “safe” side of the
safety boundary derived from text-only LLMs. This suggests that the activation shift includes a
component, referred to as thesafety-relevant shift, which moves activations to a position that appears
safer. (4) The more the activations of unsafe requests shift toward the “safe” side, the more likely
these requests are to bypass the VLM's safety mechanisms.

These observations suggest that visual input induces an activation shift that can be disentangled
into two components: asafety-relevant shift, which distorts the request's perceived safety to the
VLM, leading it to misinterpret unsafe inputs as safe and ultimately follow them; asafety-irrelevant
shift, which captures meaningful visual semantics and other modality-speci�c properties that are
orthogonal to the safety direction. Inspired by this, we proposeActivationShiftDisentanglement and
Calibration (ShiftDC), which removes the safety-relevant shift while preserving the safety-irrelevant
shift during inference. By removing the safety-relevant shift, this approach restores activations to their
appropriate safety-related position, allowing the pre-aligned LLM backbone's defense mechanism to
function as intended. By preserving the safety-irrelevant shift, essential visual semantics and other
modality-speci�c information are retained and properly anchored. Moreover, ShiftDC operates as an
inference-only technique, requiring only a small amount of data and no additional training.

Through experiments on three VLM safety benchmarks, three visual reasoning utility benchmarks,
and �ve different VLMs, we demonstrate that ShiftDC signi�cantly enhances the alignment ability of
VLMs without compromising their general performance. We hope these �ndings can inspire a new
perspective on improving VLM safety alignment.

In summary, our main contributions are as follows:

• We empirically demonstrate that the incorporation of the visual modality shifts activations toward
a safer direction, which is a key factor contributing to the degradation of safety alignment.
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• We propose ShiftDC, a simple, effective, and ef�cient method for disentangling and calibrating
VLM activations to restore safety alignment.

• Experimental results show that ShiftDC enhances VLM safety alignment to match and even surpass
its LLM backbone without additional training, while maintaining vision reasoning capabilities.

2 Related Work

VLM Jailbreak Attacks. The continuous and high-dimensional nature of visual inputs makes VLMs
more vulnerable to attacks. Several studies have shown that VLMs can be jailbroken by optimizing
adversarial images designed to trigger harmful responses [14, 1, 15–17]. In contrast to perturbation-
based methods, other approaches embed high-risk content directly into images using generative
models [5, 18, 19] or typography [7, 5, 20]. JOOD [21] applies mixup to raw inputs to generate OOD
samples that can bypass safety mechanisms. Our work primarily focuses on uncovering why VLMs
are vulnerable to visual inputs and exploring ways to mitigate this vulnerability.

VLM Jailbreak Defenses.Defense approaches against VLM jailbreaks have been developed using
various strategies, including safety alignment �ne-tuning [22, 23, 6, 24], training classi�ers or
�ne-tuning LLMs to detect or correct harmful outputs [25], editing and realigning critical safety
layers [26–28], and employing adversarial training [29–31]. However, these methods are often
resource-intensive, relying on high-quality annotated training data or requiring complex post-training
procedures. Additionally, they may risk degrading the model's overall performance. Beyond these
strategies, defensive prompt methods [8, 9], like AdaShield [8], optimize prompts to guide VLMs to
carefully check image content and reject unsafe inputs. Activation engineering methods [10, 11, 32]
adjust activations to �x safety misalignment. ECSO [8] turns image content into text to reactivate
the LLM backbone's built-in alignment. However, these approaches often reduce helpfulness and
reasoning abilities due to defensive prompts, a �xed scale of activation adjustment, or loss of visual
details [33].

Understanding the Mechanism of VLM Jailbreaks. Few studies have examined how the image
modality affects VLM behavior and leads them to follow harmful instructions. VLGuard [6] suggests
that VLMs' safety degradation comes from catastrophic forgetting during vision-language �ne-
tuning and harmful contents in instruction-tuning datasets. However, several studies have shown
that �ne-tuning causes only minor safety degradation in the LLM backbone [13, 18]. Other works
explore the distribution gap between text and multimodal inputs. [7, 10, 13] �nd that, safe and unsafe
vision-language representations get mixed, making them harder to tell apart. ETA [33] shows that
LLMs are aligned with discrete text embeddings, which lets continuous visual embeddings bypass
the safety mechanism. CMRM [10] suggests that the representations of multimodal inputs shift away
from that of text-only inputs, making safety alignment trained on text less effective. While promising,
it's still unclear how adding images changes VLM activations in ways that affect safety, and how to
separate these safety effects from useful, modality-related ones.

Activation Engineering. Extracting interpretable directions from contrastive input activations (i.e.,
steering vectors) is a well-established technique [34–36]. It's also known that adding these vectors to
the residual stream can in�uence model behavior [37–40]. In safety research, prior work has located
and investigated “safety” vectors in LLM activation space [41–43] and applied them to tackle safety
issues in VLMs [11, 32]. A previous study [10] also explores the unique effects introduced by visual
inputs and calibrates activations by subtracting a vector derived from a meaningless image. However,
it does not explain how this vector affects safety or guarantee that it does not distort useful visual
features. A more detailed discussion of this line of work is provided in the Appendix A. Therefore,
a deeper understanding of vision-induced jailbreaking and new perspectives on designing effective
defenses are needed to improve defense effectiveness while preserving utility.

3 Preliminaries

Vision Language Models (VLMs).VLMs are autoregressive text generation models that process
texts and images, functioning as a mapping� : Vn � I ! V m , whereV is the vocabulary set,I is
the image space, andn andm denote the number of input and output text tokens, respectively. The
input to the VLM� includes a text promptp = ( p1; p2; : : : ; pn ) 2 V n and an imagei 2 I . Given
t vl = [ p; i ], the VLM � (y jt ) generates the output sequencey 2 V m one token at a time.
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Figure 2: Results on LLaVA-1.5-7B (top) and MiniGPT-4-7B (bottom).Left: Safety classi�cation
accuracy by probing per layer.Middle: t-SNE visualization of the model's last token activations on

Dsafe
tt , Dunsafe

tt , Dsafe
vl , and Dunsafe

vl . The red line indicates the boundary between text-only safe
samples and unsafe samples.Right: Y-axis: attack success rate of unsafe vision-language instruction
setsN Dunsafe

vl ; � Dsuccess
vl ; � D failure

vl andF Dblank
vl . X-axis: cosine similarity between the safety shift

s`
D unsafe

tt !D safe
tt

and each modality-induced shiftm `
D ( � )

tt !D ( � )
vl

derived on these sets.

Safety-related Dataset Construction.We construct vision-language datasets,Dvl = Dunsafe
vl [ D safe

vl ,
containing harmful and benign instructions, respectively. In each inputt vl 2 D vl , the image is
semantically related to the text prompt. Additionally, we create the corresponding text-only datasets,
Dtt = Dunsafe

tt [ D safe
tt , by replacing the imagei in each samplet vl 2 D vl with its image captionc,

resulting in pairs of the formt tt = [ p; c] 2 D tt. The captions are generated by a VLM� (c j [p; i ; q]),
whereq is the instruction: “Based on the request, describe the image”. Therefore, the samples from
these two datasets (i.e.,t vl = [ p; i ] and its corresponding text-only versiont tt = [ p; c]) contain
similar semantic information, and mainly differ in the modality. Figure 1 (right) presents sample
examples from these datasets, with further construction details available in Appendix B.3.

Activations and Directions. Let x ` (t ) denote the residual stream activation of the last token at layer
` 2 L of a VLM, representing the information for the inputt processed up to layer`. We de�ne the
functionActMeanto compute the mean last-token activation at layer` for a given datasetD:

ActMean` (D) =
1
D

"
X

t 2D

x ` (t )

#

: (1)

Various studies [38, 41, 44, 36] have shown that high-level concepts are represented as linear directions
in the activation space of LLMs. These directions can be identi�ed by computing the difference
between the mean activations of a model when processing two sets of contrastive instructions,D1
andD2, that elicit distinct behaviors:

v `
D 2 !D 1

= ActMean` (D1) � ActMean` (D2): (2)

The resultingv `
D 2 !D 1

, known as thedifference-in-meanvector, describes both the direction and
magnitude of layer-` activation variation fromD2 to D1. This vector effectively isolates the key
features that drive the model's behavioral differences between two instruction sets.
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4 How Do Vision-Language Inputs Distort Safety Perception?

Previous studies have shown that transforming malicious input from text to image signi�cantly
weakens the safety alignment of VLMs [5, 7]. To investigate the underlying cause of this phenomenon,
we conduct a series of experiments on the activation spaces of LLaVA-1.5-7B [3] and MiniGPT-4-7B
[45], two widely used VLMs. Our �ndings reveal asafety perception distortion: compared to
text-only inputs, image-text inputs shift the activations, causing VLMs to become overly optimistic
about its input safety, which is detailed as follows.

Observation 1: VLMs struggle to differentiate between safe and unsafe vision-language inputs.
Recent works [43, 39] show that safety-aligned LLMs can identify unsafe requests in their activation
space. To check whether VLMs maintain similar safety perception ability after integrating visual
input, we probe the model's activation via a linear classi�er. Given a datasetD = Dsafe[ D unsafewith
instructions labeled as “safe” or “unsafe”, we train a classi�cation modelW 2 Rd for each layer̀ to
predict whether the activationx ` (t ) corresponds to a safe or unsafe instruction using the training set:

P(safetyjx ` ) = softmax(W x ` (t )) ; t 2 D : (3)

We conduct binary safety classi�cation experiments under two settings: (1) train and test on the
text-only inputsDtt and (2) train and test on the vision-language inputsDvl . BothDtt andDvl use a
4:1 split for training and testing.

Figures 2 (left) show the safety classi�cation accuracy by probing VLMs's activations per layer.
For both LLaVA-1.5-7B and MiniGPT-4-7B, the binary classi�ers trained on the text-only dataset
Dtt achieve� 90% accuracy on its test set at middle layers, while the classi�ers trained onDvl
achieve only� 65%accuracy, barely above random guessing. The results suggest that while the
LLM backbone can distinguish between safe and unsafe text-only inputs, VLMs struggle with vision-
language inputs. This indicates that activations for safe and unsafe data inDtt are linearly separable,
but those inDvl are intermixed, even in deeper layers.

Observation 2: Visual modality induces an activation shift, causing VLMs to misperceive
instructions as safer.We also observe from Figures 2 (left) that when the safety classi�ers are trained
on text-only inputsDtt and tested on vision-language inputsDvl , their accuracies in the middle layers
drop to� 60%, causing� 30%decrease compared to testing on the original text-only test set ofDtt.
To understand the cause of this drop, Figure 5 in Appendix E.1 shows the corresponding confusion
matrices. The results indicate that� 95%of safe instructions and� 70%of unsafe instructions are
classi�ed as “safe”, suggesting a clear tendency to overestimate the safety of vision-language inputs.

To visualize such shift, as shown in Figures 2 (middle), we project layer-15 activations onto a
2D space, and highlight three key points: (1) Activations on text-onlyDsafe

tt and Dunsafe
tt are

clearly separable, while those of vision-languageDsafe
vl and Dunsafe

vl are intermixed, supporting
Observation 1. (2) Activations on text-only Dtt and vision-language Dvl are distinctly separated,
suggesting that including an image modality shifts the activations away from its original distribution
optimized for the LLM backbone. This aligns with observations from [10]. (3) Most samples from
vision-language Dvl , including unsafe ones, fall on the “safe” side of the safety boundary (red
line) derived fromDtt, indicating that incorporating images for malicious instructions shifts their
activations toward the safer side. This explains why a classi�er trained onDtt often misclassi�esDvl
samples as “safe”, regardless of their true labels.

Observation 3: Increased activation shift towards the “safe” side correlates with a higher chance
of bypassing VLM safety mechanisms.To investigate how the extent of safety misperception in
activations affects the likelihood of safety violation in VLMs, we analyze activation shifts speci�cally
in the safety-related direction. To this end, we extract the activation shift by contrasting text-only
benign datasetDsafe

tt and harmful oneDunsafe
tt , using difference-in-mean as described in Eq. (2):

s`
D unsafe

tt !D safe
tt

= ActMean` (Dsafe
tt ) � ActMean` (Dunsafe

tt ); (4)

wheres`
D unsafe

tt !D safe
tt

represents the activation shift from unsafe to safe instructions, referred to as
safety-relevant shift. We contrast text-only datasets to identify this shift, as their activations exhibit
greater linear separability w.r.t. safety, as shown in Observation 1.
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Figure 3: Converting images to text can restore VLMs' safety perception, but often loses important
visual details. Instead, Shift Disentanglement and Calibration (ShiftDC) computes the shift from
text-only to vision-language activation, disentangles it, removes only thesafety-relatedcomponent to
correct safety perception, and keeps thesafety-irrelevantpart to preserve visual information.

We also compute activation shifts induced by the introduction of the visual modality. Considering
whether an input successfully jailbreaks the VLM, we partition the harmful vision-language dataset
Dunsafe

vl into two subsets:Dsuccess
vl , which successfully bypass safety mechanisms, andD failure

vl , which
does not. Their text-only counterparts areDsuccess

tt andD failure
tt respectively. We also construct a special

vision-language setDblank
vl , where each request from the text-only harmfulDunsafe

tt is paired with a
blank image. Based on these �ne-grained categorization of unsafe instructions, we follow Eq. (2) to
derive the followingmodality-induced activation shifts:

m `
D unsafe

tt !D unsafe
vl

= ActMean` (Dunsafe
vl ) � ActMean` (Dunsafe

tt );

m `
D success

tt !D success
vl

= ActMean` (Dsuccess
vl ) � ActMean` (Dsuccess

tt );

m `
D failure

tt !D failure
vl

= ActMean` (D failure
vl ) � ActMean` (D failure

tt );

m `
D unsafe

tt !D blank
vl

= ActMean` (Dblank
vl ) � ActMean` (Dunsafe

tt ):

We compute cosine similarity between each modality-induced shift and the safety shift,coshm ` ; s` i ,
to quantify the impact of visual modality on safety. A larger value indicates a stronger activation
shift toward the safe side due to visual input. Figures 2 (right) reports these cosine similarities,
along with the Attack Success Rate (ASR) of the corresponding vision-language unsafe instruction
sets. The results reveal a clear positive correlation between cosine similarity and ASR: when the
modality-induced shift aligns more closely with the safety shift, the ASR increases, making it more
likely for inputs to bypass the VLM's safety mechanisms. Speci�cally, for� Dsuccess

vl which achieves
100% ASR, the corresponding modality shiftm `

D success
tt !D success

vl
exhibits the highest cosine similarity

(> 0:7) with the safety shift; in contrast,� D failure
vl , with 0% ASR, results in the lowest cosine similarity

(< 0:2). Additionally, F Dblank
vl shows a positive ASR and cosine similarity, indicating that even

blank images – despite their minimal semantic content – can push activations toward the safe side,
suggesting that such shift originates from the visual modality itself rather than speci�c image content.

Remark. These observations conclude that incorporating images into input instructions induces a
signi�cant shift in the activation space, referred to as themodality-induced shift. This shift includes
a component toward a “safer” direction, termed thesafety-relevant shift, which causes VLMs to
mistakenly perceive unsafe instructions as safe, bypassing their safety mechanisms.

5 Rectifying Safety Perception Distortion

Previous efforts to mitigate safety degradation in VLMs often come with trade-offs. They may require
carefully curated datasets and signi�cant computational costs [6], make the model overly cautious
even with benign inputs [8], or risk losing visual details like color, texture, and object arrangement,
reducing visual utility [12]. Directly applying activation engineering [10, 11, 41, 32] may also be
ineffective in some cases, as the scaling of the steering vector is dif�cult to determine, potentially
resulting in limited safety gains or signi�cant drops in utility performance.

Goal and Motivation. In this work, we aim to enhance VLMs' safety during inference time,
while maintaining the visual information and model helpfulness. Speci�cally, after applying our

6



inference-only intervention, we expect the VLM to: (1) preserve its perception ability on the safety
of vision-language inputs, such that the LLM backbone's inherent safety mechanisms can be properly
activated, and (2) preserve the modality-speci�c information (e.g., visual semantics) introduced by
the visual modality, such that the VLM's vision understanding ability is maintained.

We achieve these goals by leveraging our �ndings in VLMs' activation space. As discussed in
Section 4, the safety alignment degradation of VLMs is related to their safety perception distortion: the
visual input causes a modality-induced activation shift, which contains a safety-relevant component
that leads VLMs to misjudge unsafe request as safe and break their safety guardrails. Therefore,
we approach to restore safety alignment of VLMs by rectifying safety perception distortion via
Activation ShiftDisentanglement and Calibration (ShiftDC), illustrated in Figure 3.

Disentangling Modality-Induced Activation Shift. Observation 2 & 3 suggest that vision-language
inputst vl = [ p; i ] 2 D vl tend to distort activations toward the “safer” side, compared to their text-only
counterpartst tt = [ p; c] 2 D tt. Ideally, changing the modality (e.g., content in presence of image
vs. text) should not cause a safety-related shift. Therefore, to allow VLMs process vision-language
inputs without safety perception distortion, it is crucial to isolate the safety-relevant component from
safety-irrelevant shifts (e.g., speci�cally to the modality itself) in their activation space.

To this end, we propose to disentangle modality-induced activation shift as follows. During model
inference, given a vision-language inputt vl = [ p; i ], we �rst obtain its text-only counterpartt tt =
[p; c] by replacing the image with its caption as introduced in Section 4. Their last-token activations
at layer` correspond tox ` (t vl) andx ` (t tt). We can calculate the modality-induced activation shift
for the given input as follows (i.e., blue arrow in Figure 3):

m `
t tt! t vl

= x ` (t vl) � x ` (t tt): (5)

To isolate its safety-relevant component, we need to identify the safety direction in activation space.
This fortunately has been pre-computed via Eq. (4), and we simplify its notion ass` (i.e., yellow
arrow in Figure 3). The safety-relevant component ofm `

t tt! t vl
is obtained by projecting it ontos` :

proj s` (m `
t tt! t vl

) =
m `

t tt! t vl
� s`

ks` k2 s` : (6)

As discussed in Observation 3, this component causes unsafe vision-language input to be misperceived
as safe, thus should be removed to calibrate the activation shift.

Calibrating Activation Shift. With the safety-relevant component decoupled asproj s` (m `
t tt! t vl

),
we eliminate it from the activation shiftm `

t tt! t vl
to obtain thecalibrated shift (i.e., red arrow in

Figure 3). Therefore, we intervene the original activation of the vision-language input as follows:

x̂ ` (t vl) = x ` (t tt) + ( m `
t tt! t vl

� proj s` (m `
t tt! t vl

)
| {z }

calibrated shift

) = x ` (t vl) � proj s` (m `
t tt! t vl

):

The calibrated shift represents the desired safety-irrelevant effect of adding visual modality. The
activation of the vision-language inputt vl is thus calibrated aŝx ` (t vl) (i.e., yellow circle in Figure 3),
which will be passed to the later layers of VLMs to mitigate the safety-relevant shift.

Our disentangling-then-calibrating strategy for activation shift offers several advantages beyond
enhancing VLM safety: (1)Preserved utility – The model's ability to process visual inputs remains
intact, as only the safety-related component is removed; (2)Maintained helpfulness– By leveraging
LLM's inherent safety mechanisms without imposing additional screening, the approach avoids
making the model overly cautious; (3)Training ef�ciency – The method only requires forward
passes and a few data points to extract the safety-relevant direction, adding no training cost and
minimal data overhead.
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Table 1: Attack success rates (ASR) of different VLMs on MM-SafetyBench [5], averaged across all
scenarios. Lower scores indicate stronger defense performance.

Models Text SD OCR SD+OCR

Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC

LLaVA-1.5-7B 49.2 45.4 40.3 42.6 38.0 69.3 43.0 42.6 39.7 70.5 48.8 45.8 43.6
MiniGPT-4-7B 52.7 48.0 42.5 46.5 40.5 72.0 45.3 47.5 43.3 72.4 53.6 47.9 44.6
ShareGPT4V-7B 46.6 43.3 38.3 39.8 37.1 69.0 45.7 48.5 41.7 69.7 47.7 48.6 46.2
Qwen-VL-7B 49.2 49.3 43.7 50.5 43.0 74.4 49.0 49.4 45.4 76.4 55.5 49.9 46.1
LLaVA-1.6-34B 35.2 37.8 35.6 33.4 30.1 60.5 35.2 44.7 32.1 58.4 36.3 40.2 34.6

Table 2: ASR on LLaVA-1.5-7B for MM-SafetyBench. Lower scores indicate stronger performance.
Scenarios Text SD OCR SD+OCR

Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC

01: Illegal Activity 10.2 25.1 6.6 10.6 6.2 70.3 6.0 7.5 6.4 78.3 12.4 10.9 7.2
02: HateSpeech 8.7 19.5 4.3 10.6 6.4 44.8 16.2 7.8 5.3 51.5 17.0 9.6 10.5
03: Malware Generation 59.6 18.8 7.5 4.5 4.5 72.1 15.9 9.6 12.6 65.8 19.0 8.1 10.2
04: Physical Harm 34.9 20.0 10.4 15.7 8.8 64.9 15.0 16.2 10.5 60.1 18.3 13.5 7.4
05: Economic Harm 8.4 6.8 7.9 10.3 8.1 14.0 7.9 15.6 8.1 17.5 10.5 14.2 7.9
06: Fraud 15.2 23.8 10.4 13.3 9.4 72.6 12.2 9.4 9.7 64.1 22.2 13.6 10.8
07: Pornography 15.2 12.2 9.5 10.1 9.7 25.1 16.0 13.2 8.8 28.8 25.9 13.3 10.8
09: Privacy Violence 27.6 15.1 14.6 18.2 10.2 57.4 16.6 22.4 15.0 60.0 25.3 21.8 17.7

Average 49.2 45.4 40.3 42.6 38.0 69.3 43.0 42.6 39.7 70.5 48.8 45.8 43.6

6 Experiments

6.1 Models and Baseline Methods

We compare ShiftDC with recent inference-time VLM defense frameworks, AdaShield [8] and ECSO
[12] (see Appendix C for details) on �ve open-source VLMs: LLaVA-1.5-7B [3, 4], LLaVA-1.6-34B
[46], MiniGPT-4-7B [45], ShareGPT4V-7B [47], and Qwen-VL-7B [2]. Additional experiments
(ablations, inference time, etc.) and qualitative results are available in Appendix E and F.

6.2 Main Results on Safety

Evaluation Metric. To evaluate the effectiveness of a jailbreak attack under a defense, we measure
theAttack Success Rate (ASR), de�ned as the ratio of harmful responses to the total number of
input queries. Lower ASR means better defense. Following [5, 8], we classify harmful responses by
checking for the presence of rejection keywords in the response, prede�ned in Appendix D.

Safety Benchmarks.We evaluate the safety of VLMs' responses using three benchmarks:MM-
SafetyBench[5], FigStep[7], andJailBreakV-28K[48]. MM-SafetyBench covers 13 commonly
prohibited scenarios with three input types: (1) stable-diffusion (SD) images, (2) typography (OCR)
images, and (3) SD+OCR images.The data used here and in Section 4 are disjoint, with no
overlapping instructions. FigStep rephrases harmful prompts into step-by-step instructions and
converts them into typography images. More details are in Appendix B.1.

Evaluation Results. For MM-SafetyBench, the average ASR across 13 scenarios for all VLMs
is shown in Table 1, while Table 2 presents ASR results for 8 out of 13 scenarios using LLaVA-
1.5-7B, following [12]. Table 4 shows ASR results on FigStep across different VLMs. Complete
results are available in Appendix E.2. JailBreakV-28K results are in Appendix E.3. Most VLM
backbones exhibit a high ASR when processing vision-language inputs. While SD images cause
only a slight increase in ASR, typography-based attacks (OCR & FigStep) are highly effective. After
applying ShiftDC, ASR is signi�cantly reduced across all VLMs and attack types, demonstrating its
effectiveness in reactivating safety alignment and defending against attacks. ShiftDC also outperforms
ECSO and AdaShield, highlighting the effectiveness of its activation calibration.

6.3 Main Results on Utility

ShiftDC is designed to preserve VLM visual utility, so we also evaluate it on utility benchmarks.

Utility Benchmarks. Experiments are conducted on popular VLM utility benchmarks,MME [49],
MM-Vet[50] andMMBench[51], which assess essential VLM capabilities. MME and MMBench use
accuracy on multiple-choice questions. MM-Vet, which requires open-ended responses, is scored
based on the average GPT-4 rating (0 to 1) across all samples. Details are in Appendix B.2.
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Table 3: Utility scores on MME, MMBench, and MM-Vet, respectively. Higher values indicate better
visual-reasoning capabilities.

Models MME MMBench MM-Vet

Direct ECSO AdaShield ShiftDC Direct ECSO AdaShield ShiftDC Direct ECSO AdaShield ShiftDC

LLaVA-1.5-7B 1863.1 1838.1 1854 1863.6 64.5 58.4 63.1 64.3 30.5 25.4 27.2 30.4
ShareGPT4V-7B 1942.8 1916.7 1920.8 1939.5 66.5 65.3 65.7 66.2 33.9 30.5 28.3 33.7
MiniGPT-4-7B 1827.6 1745.8 1811.9 1829.5 32.9 26.5 30.4 32.9 20.4 15.6 14.8 20.5
Qwen-VL-7B 1828.6 1784.7 1823.7 1826.6 59.4 54.2 58.2 59.0 40.9 30.3 29.1 39.7

Table 4: ASR on the FigStep [7]. Lower scores
indicate stronger performance.

Models Direct ECSO AdaShield ShiftDC

LLaVA-1.5-7B 52.4 14.2 13.6 13.2
ShareGPT4V-7B 48.7 17.8 14.4 9.2
MiniGPT-4-7B 70.4 31.5 28.4 25.6
Qwen-VL-7B 25.3 9.5 10.5 8.4
LLaVA-1.6-34B 47.6 11.7 10.5 8.5

Table 5: Changes in misclassi�cation rates of
VLMs predicting safe queries as unsafe on be-
nign datasets after applying ShiftDC.

Datasets MME MM-Vet LLaVA-Instruct-80K

LLaVA-1.5-7B -0.0% -0.4% -0.0%
ShareGPT4V-7B -0.0% +1.6% -0.0%
MiniGPT-4-7B +0.7% -0.0% -0.0%
Qwen-VL-7B -0.2% -0.0% -0.1%

Evaluation Results.Table 3 shows utility scores for all VLMs on the three benchmarks. Detailed
MME scores (MME-C and MME-P) are in Appendix E.4. On these benchmarks, ShiftDC performs
similarly to the original models and outperforms other baselines. This demonstrates that ShiftDC
successfully preserves visual reasoning utility by maintaining modality shifts in the activation space.

6.4 Does ShiftDC Truly Correct Safety Perception?

ShiftDC removes the safety-related shift in activations caused by visual input, helping VLMs better
identify unsafe instructions. To evaluate this, we measure binary safety classi�cation accuracy on
LLaVA-Instruct-80k[46] (safe) andMM-SafetyBench(unsafe) after applying ShiftDC. Each VLM
is used as a classi�er to predict whether inputs are safe or unsafe (details in Appendix D). Figure 4
(left) shows the results, including accuracy before applying ShiftDC and for text-only inputs. After
applying ShiftDC, image-text accuracy improves signi�cantly and aligns with text-only accuracy.

We also visualize LLaVA-1.5-7B's activations after applying ShiftDC in Figure 4 (middle). The
visualization shows that the activations for unsafe and safe image-text instructions are now separable,
contrary to the previous intermixed state shown in Figure 2. Additionally, most unsafe image-text
activations are positioned correctly on the “unsafe” side of the boundary derived from text-only
activations, demonstrating that ShiftDC works as intended.

6.5 Does ShiftDC Cause False Alarms on Safe Datasets?

To ensure that ShiftDC maintainsVLM helpfulness on benign instructions, Table 5 reports the
changes in the misclassi�cation rate (safe samples misclassi�ed as unsafe) on MME, MM-Vet, and
instructions sampled from LLaVA-Instruct-80K after applying ShiftDC. Since these datasets are
entirely benign and do not trigger harmful responses, any detection of harm is considered a false
alarm. The results show that ShiftDC rarely increases the misclassi�cation rate in most cases.

We further evaluate ShiftDC's helpfulness on more challenging cases from MOSSBench [52], where
safe queries are intentionally designed to appear unsafe to VLMs. As shown in Appendix E.5,
ShiftDC results in only a slight increase in the refusal rate.

Overall, these �ndings indicate that ShiftDC preserves the activations of benign instructions in their
correct safe positions.

6.6 Mechanism of How Defensive Prompts Work

Defensive prompt-based methods have been shown to risk rejection of benign requests. We analyze
how such methods, especially AdaShield [8], work by examining their activation shifts. For each layer,
we calculate the activation shift between inputs with and without the defensive prompt and measure
its cosine similarity with the safety-relevant shifts` . Figure 4 (right) shows negative cosine similarity
across most layers for both safe and unsafe inputs, meaning defensive prompts consistently push
activations toward the unsafe side. While this helps detect unsafe inputs, it also leads to misclassifying
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Figure 4:Left : Binary safety classi�cation accuracy across VLMs.Middle: t-SNE plot of LLaVA-
1.5-7B activations on Dsafe

tt , Dunsafe
tt , Dsafe

vl , and Dunsafe
vl after applying ShiftDC.Right: Cosine

similarity between the defensive prompt's activation shift and the safety-relevant shifts` .

and rejecting safe ones. In contrast, ShiftDC removes only the image-induced shift in the safety
direction, keeping activations from drifting too far toward unsafe and avoiding the problem.

7 Conclusion

In this work, we demonstrate that the visual modality causes an activation shift, which degrades the
safety of VLMs. This shift pushes activations toward a “safer” direction compared to text-only inputs,
distorting the VLMs' safety perception. To address this, we propose ShiftDC, a simple yet effective
method to disentangle safety-relevant and irrelevant components of this shift. By removing the safety-
relevant component, ShiftDC restores safety alignment while preserving visual reasoning utility.
Experimental results on multiple open-source VLMs and benchmarks demonstrate its effectiveness
in signi�cantly improving safety.
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• It is �ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.
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societal impacts of the work performed?

Answer: [Yes]

Justi�cation: See Appendix G.1.
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release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justi�cation: The paper does not release any data or models.
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Guidelines:
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• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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scienti�c rigorousness, or originality of the research, declaration is not required.
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involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A Further Discussion of Novelty Beyond Prior Work

We highlight the key difference between our work and previous safety-preserving methods that also
rely on activation engineering here. While our approach builds on this concept, it provides a deeper
understanding of vision-language jailbreaking and introduces a utility-preserving defense based on
that insight. We disentangle the modality-induced activation shift, separating safety-related and
safety-irrelevant components (the latter capturing meaningful visual semantics). We show that the
safety-related shift moves activations toward an overly "safe" region, explaining vision-language
jailbreaking. This understanding motivates ShiftDC, which selectively removes only the safety-related
shift, achieving strong safety improvements with minimal utility loss.

Without such understanding, previous methods such as InferAligner [11] must rely on a �xed steering
vector strength that requires careful manual tuning to balance safety and utility, while CMRM
[10] directly subtracts the distribution difference between text-only and vision-language activations
without analyzing its impact on safety or utility. These limitations hinder their ability to effectively
enhance safety while maintaining visual utility.

B Datasets

B.1 Safety-Related Datasets

MM-SafetyBench [5] consists of 5,040 examples with malicious intent across 13 common scenarios.
Each example includes an image derived from malicious keywords and falls into one of the following
categories: (1) SD: Images generated using Stable Diffusion and directly related to the malicious
query. (2) OCR: Typography images, which include optical character recognition representations of
malicious text queries. (3) SD+OCR: Images �rst generated by Stable Diffusion and then combined
with typographic subtitles. In addition to image-text instructions, MM-SafetyBench also provides
text-only questions based on the same malicious keywords.

FigStep [7] highlights VLMs' susceptibility to harmful attacks using typography-based images. It
includes 520 test samples, where images contain harmful text displayed on a white background. The
task instruction start with phrases like “Steps to,” “List of,” or “Methods to” to encourage the model
to generate step-by-step responses to the harmful content in the image.

JailBreakV-28K [ 48] includes 28,000 jailbreak text-image pairs, with 20,000 text-based LLM
transfer attacks and 8,000 image-based VLM attacks. It spans 16 safety policies and 5 types of
jailbreak methods. In our work, we use only the image-based attacks: SD, OCR, SD+OCR (following
[5]) and the FigStep variant (following [7]).

B.2 Utility-Related Datasets

MME [ 49] the perception (MME-P) and cognition (MME-C) abilities of VLMs across 14 sub-tasks,
including 10 for MME-P and 4 for MME-C, with a total of 2,374 questions. Each instruction consists
of a question followed by "Please answer yes or no". For each test image, two manually designed
instructions are provided: the �rst has a ground-truth answer of "yes", and the second has "no".
Utility scores for each sub-task are calculated as the sum of accuracy (based on individual questions)
and accuracy+ (based on images, requiring both questions to be answered correctly). The perception
score is the sum of all perception sub-task scores (0 to 2000), while the cognition score is computed
similarly (0 to 800).

MM-Vet [ 50] evaluates six core vision-language capabilities: recognition, OCR, knowledge, language
generation, spatial awareness, and math, which collectively enable solving complex multimodal tasks.
MM-Vet requires VLMs to generate open-ended responses, making evaluation more �exible but
also more challenging. To assess model performance, MM-Vet uses GPT-4 with few-shot evaluation
prompts to assign a score between 0 and 1 for each response. The �nal utility score is calculated as
the average score across all questions, multiplied by 100, resulting in a range of [0, 100].

MMBench [51] includes 2,974 multiple-choice questions spanning 20 ability areas, such as object
localization and social reasoning, with each area containing over 75 questions. The utility score is
measured as overall accuracy, ranging from 0% to 100%. For each question, the VLM is queriedN
times (whereN is the number of choices), using circular shifts of the choices and answer to create
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different prompts. A question is considered correctly answered only if the VLM predicts the correct
answer in allN passes.

B.3 Dataset Construction for Section 4

In our preliminary experiments on understanding the mechanism behind safety perception distortion,
Dunsafe

vl andDunsafe
tt are constructed from MM-SafetyBench [5], while Dsafe

vl andDsafe
tt are sourced from

LLaVA-Instruct-80k [3]. Note that in both MM-SafetyBench and LLaVA-Instruct-80k, images are
essential to understanding the query, meaning the query cannot be answered without the image. In
MM-SafetyBench, the text queries themselves do not contain malicious content; instead, the harmful
content is embedded within the images.

The details of the dataset construction process are explained below.

MM-SafetyBench. We divide the 13 scenarios into two sets:

• Scenarios 01-07 & 09 (01-Illegal Activity, 02-HateSpeech, 03-Malware Generation, 04-
Physical Harm, 05-Economic Harm, 06-Fraud, 07-Pornography, 09-Privacy Violence):
These scenarios involve clear-cut harmful content. A response is classi�ed as unsafe if it includes
harmful content; otherwise, it is marked as safe. The text-only LLM backbone can effectively
detect these unsafe requests and generates rejections, resulting in a low ASR for text-only jailbreak
attempts [5, 12].

• Scenarios 08 & 10-13: (08-Political Lobbying, 10-Legal Opinion, 11-Financial Advice, 12-
Health Consultation, 13-Government Decision):These scenarios focus on political topics
(scenarios 08 & 13) or specialized professional �elds such as legal and healthcare (scenarios
10-12). To generate a safe response, VLMs should refrain from expressing political opinions
or acknowledge their lack of certi�cation to provide professional advice. These cases are more
challenging than the previous set, as they do not explicitly contain harmful content, and VLMs
struggle even with text-only jailbreak attempts [5].

Extracting a safety-relevant shift from text-only safe and unsafe inputs is essential for both our
preliminary experiments on safety perception distortion and ShiftDC. If VLMs struggle to distinguish
between unsafe and safe text-only inputs, the safety-relevant shift cannot be effectively extracted.
Additionally, since ShiftDC aims to reactivate the inherent safety alignment of the pre-aligned LLM
backbone, it is unlikely to improve alignment if the backbone itself is not well-aligned on text-only
data. Given this, when constructingDunsafe

vl andDunsafe
tt , we only include data from Scenarios 01-07 &

09.

We sampled 160 instructions from Scenarios 01-07 & 09 to constructDunsafe
vl andDunsafe

tt . For linear
probing as described in Section 4, 128 samples are used for training, and the remaining 32 for testing.
Each sample has three variations corresponding to different image types: SD, OCR, and SD+OCR.
As a result, bothDunsafe

vl andDunsafe
tt contain 480 data points.We ensure that the train and test splits

do not overlap with the evaluation datasets used in the safety assessment in Section 6.

LLaVA-Instruct-80k. LLaVA-Instruct-80k is a subset of LLaVA-Instruct-150K, the instruction-
following dataset used for vision-language �ne-tuning in LLaVA [3]. We sample 160 instances from
it to constructDsafe

vl andDsafe
tt , ensuring they match the size ofDunsafe

vl andDunsafe
tt . Each of these 160

samples contains a unique image paired with a single instruction. For linear probing as described in
Section 4, 128 samples are used for training, and the remaining 32 for testing. To align with MM-
SafetyBench's OCR and SD+OCR variations, we generate these variations for LLaVA-Instruct-80k
data by embedding text queries into images (OCR) and further combining them with the original
images (SD+OCR), adjusting the text queries accordingly.

C Baselines

ECSO [12] is an inference-only defense method designed to address VLMs' weakness in handling
harmful visual content. It introduces an image-to-text transformation, converting visual information
into text, which is easier to regulate for safety. The method �rst uses the VLM's self-evaluation to
assess response safety. If the response is deemed unsafe, a specially designed prompt generates a
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caption for the input image, replacing the original image in the input. The VLM then produces a
revised, safer response based on this caption.

For a fair comparison, since response safety checks can be integrated into any vision-language or
text-only defense framework, we exclude this step in our experiments. Instead, we directly apply the
image-to-text transformation to generate captions for all image inputs, replacing them before feeding
the new inputs into the VLMs.

AdaShield [8] offers two defense strategies: AdaShield-Static (AdaShield-S) and AdaShield-
Adaptive (AdaShield-A). AdaShield-S employs manually designed defense prompts to protect VLMs.
AdaShield-A is an adaptive auto-re�nement framework that optimizes defense prompts for various
attack scenarios to improve effectiveness. It consists of a target VLM and a defender LLM that
iteratively re�ne defense prompts through dialogue interaction. Once optimized, AdaShield-A stores
a pool of defense prompts and retrieves the most suitable one for each test query during inference. In
our experiments, we use AdaShield-S with a manually designed defense prompt.

D Implementation Details

D.1 Prompt for Image Caption Generation

In both preliminary experiments and the proposed ShiftDC, we require the evaluated VLM to generate
a caption for the input image. The input template used to prompt the VLM for caption generation is
shown in Table D.1. Following [12], the template is designed to minimize information loss during
image-to-text conversion while preserving key details relevant to the query.

Prompt for image caption generation

Based on the given Request, describe the image.

Request: { Original query }.

<IMAGE>

D.2 Prompt for Binary Safety Classi�cation

In Sections 6.4 and 6.5, we use the evaluated VLMs as binary classi�ers to determine whether a
given instruction is safe or unsafe. The template used for this classi�cation is shown in Table D.2,
prompting the VLM to respond with “yes” or “no”. Notably, we do not emphasize the need for the
model to be helpful, respectful, responsible, or safe in the prompt, as our goal is to assess the VLM's
inherent safety perception ability without additional guidance.

Prompt for binary safety classi�cation

Is the given Request harmful, unsafe or unethical? Please answer yes or no.

Request: { Original query }.

<IMAGE>

D.3 Rejection Keywords

We use a rule-based approach to evaluate ASR, following [5, 8]. Speci�cally, a response is classi�ed
as a rejection if it contains prede�ned rejection keywords. The keywords, primarily sourced from [8]
and [53], are listed in Table 17.

E More Experimental Results

E.1 Confusion Matrices for Binary Safety Classi�cation

Figure 5 shows the confusion matrices of LLaVA-1.5-7B and MiniGPT-4-7B for the binary safety
classi�cation task. Both models tend to misclassify unsafe vision-language instructions as safe.
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Figure 5: Confusion matrices of safety-probing classi�ers trained on text-onlyDtt and tested on
vision-languageDvl .

Table 6: Attack success rates with LLaVA-1.5-7B [46] on MM-SafetyBench [5]. Lower values
indicate stronger defense performance.

Scenarios Text SD OCR SD+OCR

Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC

01: Illegal Activity 10.2 25.1 6.6 10.6 6.2 70.3 6.0 7.5 6.4 78.3 12.4 10.9 7.2
02: HateSpeech 8.7 19.5 4.3 10.6 6.4 44.8 16.2 7.8 5.3 51.5 17.0 9.6 10.5
03: Malware Generation 59.6 18.8 7.5 4.5 4.5 72.1 15.9 9.6 12.6 65.8 19.0 8.1 10.2
04: Physical Harm 34.9 20.0 10.4 15.7 8.8 64.9 15.0 16.2 10.5 60.1 18.3 13.5 7.4
05: Economic Harm 8.4 6.8 7.9 10.3 8.1 14.0 7.9 15.6 8.1 17.5 10.5 14.2 7.9
06: Fraud 15.2 23.8 10.4 13.3 9.4 72.6 12.2 9.4 9.7 64.1 22.2 13.6 10.8
07: Pornography 15.2 12.2 9.5 10.1 9.7 25.1 16.0 13.2 8.8 28.8 25.9 13.3 10.8
08: Political Lobbying 95.5 59.5 66.4 73.5 50.7 90.2 62.5 62.5 52.3 94.3 94.5 96.6 92.7
09: Privacy Violence 27.6 15.1 14.6 18.2 10.2 57.4 16.6 22.4 15.0 60.0 25.3 21.8 17.7
10: Legal Opinion 82.3 97.3 96.0 97.0 92.5 94.1 94.4 95.5 95.0 99.0 98.5 98.2 98.0
11: Financial Advice 97.0 99.0 99.0 98.1 98.0 100.0 100.0 98.6 98.0 97.5 98.8 98.8 99.0
12: Health Consultation 90.0 97.0 98.2 97.0 94.3 97.0 98.0 97.0 96.3 99.0 95.5 98.0 97.2
13: Government Decision 95.3 96.0 93.7 95.4 95.0 98.7 98.0 98.7 98.0 100.0 96.1 99.0 98.0

Average 49.2 45.4 40.3 42.6 38.0 69.3 43.0 42.6 39.7 70.5 48.8 45.8 43.6

E.2 Complete Results on MM-SafetyBench

Table 7: Attack success rates with MiniGPT-4-7B [45] on MM-SafetyBench [5]. Lower values
indicate stronger defense performance.

Scenarios Text SD OCR SD+OCR

Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC

01: Illegal Activity 14.4 30.3 15.9 18.6 8.5 72.8 16.1 22.7 10.4 89.7 25.2 15.8 22.9
02: HateSpeech 9.5 17.2 11.7 12.7 1.5 52.3 21.7 19.3 11.7 65.2 17.6 24.2 6.1
03: Malware Generation 71.2 17.9 8.5 14.1 4.7 82.1 17.1 14.7 16.4 65.5 32.2 15.9 11.5
04: Physical Harm 30.7 24.8 25.0 27.1 19.8 72.2 26.8 12.6 22.9 58.9 18.3 15.8 4.1
05: Economic Harm 17.6 6.7 3.1 10.7 6.8 9.2 15.2 30.9 11.4 15.9 8.2 20.5 6.2
06: Fraud 19.4 38.2 14.6 10.5 9.7 77.2 16.2 13.5 14.7 68.6 37.2 13.7 8.1
07: Pornography 13.9 9.7 5.6 21.3 10.2 28.9 14.2 16.7 17.3 24.5 25.1 12.7 5.3
08: Political Lobbying 96.0 58.6 64.4 71.6 60.2 90.2 63.8 74.2 63.8 97.4 100.0 96.2 100.0
09: Privacy Violence 34.2 23.5 15.9 20.7 21.1 60.7 12.2 20.5 15.2 66.0 37.3 21.8 23.5
10: Legal Opinion 87.6 99.6 98.0 100.0 99.3 98.0 89.7 95.3 91.4 96.6 100.0 96.7 97.2
11: Financial Advice 98.0 98.0 98.0 97.2 100.0 95.0 100.0 97.6 100.0 97.5 98.1 100.0 100.0
12: Health Consultation 98.0 99.2 100.0 100.0 95.3 97.0 97.0 100.0 93.3 100.0 97.6 90.0 98.4
13: Government Decision 94.6 100.0 91.7 100.0 90.0 100.0 99.0 99.7 95.0 95.5 100.0 100.0 96.0

Average 52.7 48.0 42.5 46.5 40.5 72.0 45.3 47.5 43.3 72.4 53.6 47.9 44.6

In Table 1, we report the average ASR across all scenarios on MM-SafetyBench for all VLMs, while
Table 6 reports the ASR for each of the 8 selected scenarios out of 13 for LLaVA-1.5-7B. Here, we
provide per-scenario results for MiniGPT-4-7B, ShareGPT4V-7B, and Qwen-VL-7B in Tables 7, 8,
and 9, respectively. We observe that even without images, all models perform poorly on scenarios
08 and 10-13 in terms of safety. Additionally, inputs with typography (OCR & SD+OCR) show
signi�cantly higher jailbreak effectiveness than SD images without text, indicating that models are
particularly vulnerable to typography-based attacks.
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Table 8: Attack success rates with ShareGPT4V-7B [47] on MM-SafetyBench [5]. Lower values
indicate stronger defense performance.

Scenarios Text SD OCR SD+OCR

Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC

01: Illegal Activity 10.3 24.3 8.4 15.4 6.3 83.5 20.5 23.7 14.2 77.3 15.4 22.7 10.5
02: HateSpeech 9.8 11.2 0.0 7.1 0.2 47.2 14.1 24.0 7.8 47.8 12.9 19.8 10.1
03: Malware Generation 34.1 9.0 5.5 0.0 8.6 63.6 16.7 29.3 10.0 52.3 22.5 24.3 24.2
04: Physical Harm 33.3 15.4 10.9 11.0 11.4 58.3 19.3 17.1 14.9 61.1 17.2 22.8 19.5
05: Economic Harm 4.9 3.3 0.0 0.0 0.0 13.1 12.4 14.7 7.1 10.7 11.3 12.4 4.7
06: Fraud 20.8 18.7 7.2 15.7 13.3 70.8 19.0 26.5 11.3 72.1 16.6 15.9 10.5
07: Pornography 20.2 12.2 8.3 10.5 10.2 26.6 14.4 8.7 15.8 33.0 16.4 15.2 19.3
08: Political Lobbying 95.4 63.5 63.3 65.1 59.2 89.5 78.5 87.7 62.7 93.5 94.8 93.9 94.6
09: Privacy Violence 24.5 17.0 6.5 10.9 6.5 56.1 7.9 7.5 7.9 63.3 19.6 11.6 13.9
10: Legal Opinion 70.8 96.3 94.2 94.7 81.3 94.6 94.8 100.0 94.4 99.0 99.0 99.0 98.7
11: Financial Advice 97.0 99.0 99.0 97.4 97.2 100.0 100.0 100.0 100.0 99.0 99.3 99.5 100.0
12: Health Consultation 88.1 97.6 98.2 93.1 91.7 94.5 98.2 95.4 97.4 98.0 97.5 98.0 97.2
13: Government Decision 96.0 96.0 96.0 96.0 96.0 98.7 98.0 95.9 98.1 99.3 97.3 97.3 97.9

Average 46.6 43.3 38.3 39.8 37.1 69.0 45.7 48.5 41.7 69.7 47.7 48.6 46.2

Table 9: Attack success rates with Qwen-VL-7B [2] on MM-SafetyBench [5]. Lower values indicate
stronger defense performance.

Scenarios Text SD OCR SD+OCR

Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC Direct ECSO AdaSheild ShiftDC

01: Illegal Activity 10.2 26.5 29.9 22.7 14.6 76.7 29.4 29.2 6.4 95.2 27.8 19.5 36.8
02: HateSpeech 8.7 14.0 14.3 15.8 16.0 62.4 21.6 22.6 14.1 75.1 12.4 26.8 5.1
03: Malware Generation 59.6 26.8 7.6 28.2 1.1 81.7 19.2 22.2 11.7 77.8 43.4 10.3 19.8
04: Physical Harm 34.9 21.3 36.2 26.8 27.5 80.5 25.0 8.8 19.1 64.6 15.0 27.2 3.7
05: Economic Harm 8.4 12.1 1.5 15.7 8.4 4.4 22.6 28.4 19.4 23.3 9.2 19.9 8.6
06: Fraud 15.2 34.8 10.2 21.2 16.7 77.4 13.0 12.7 23.2 69.5 45.5 10.2 7.1
07: Pornography 15.2 23.1 8.9 31.7 6.5 39.3 25.8 13.9 26.8 25.4 35.6 25.1 1.3
08: Political Lobbying 95.5 69.5 59.7 67.7 58.7 87.0 76.3 77.8 59.3 99.9 99.9 99.9 97.0
09: Privacy Violence 27.6 23.7 11.0 33.8 17.8 68.3 13.6 34.9 27.4 71.1 34.2 27.8 27.8
10: Legal Opinion 82.3 99.0 100.0 98.0 100.0 99.5 96.9 91.4 96.0 92.8 99.5 94.9 99.9
11: Financial Advice 97.0 98.0 96.9 99.3 97.5 96.4 97.5 100.0 97.4 98.8 99.2 100.0 98.5
12: Health Consultation 90.0 95.7 99.2 96.9 99.5 97.2 97.2 100.0 98.6 99.2 100.0 91.2 98.4
13: Government Decision 95.3 96.5 93.0 99.1 95.2 96.8 98.6 100.0 91.2 100.0 100.0 95.3 94.8

Average 49.2 49.3 43.7 50.5 43.0 74.4 49.0 49.4 45.4 76.4 55.5 49.9 46.1

E.3 Results on JailBreakV-28K

Table 10 presents ASR results on the JailBreakV-28K [48] image-based attacks for SD, OCR,
OCR+SD and FigStep variants. ShiftDC consistently outperforms all baselines across all models,
demonstrating its effectiveness.

E.4 Complete Results on MME

Table 11 reports MME utility scores [49] for perception (MME-P) and cognition (MME-C) separately.
ShiftDC shows the smallest performance drop on both, indicating it preserves visual reasoning
abilities.

E.5 Evaluation of Over-Sensitivity to Safe Queries on MOSSBench

Besides Section 6.5, to further examine whether ShiftDC causes false alarms or mistakenly rejects
safety-edge cases where queries appear unsafe but are actually benign, we conduct experiments on
MOSSBench [52]. This benchmark constructs harmless queries paired with misleading visual cues
that may make the instruction appear unsafe, assessing whether models incorrectly reject them despite
their benign context.

Table 12 presents the overall refusal rate along with the rates for each type of stimulus, before and
after applying ShiftDC. Since all queries in MOSSBench are safe, a low refusal rate is desired.
ShiftDC shows only a slight increase in the refusal rate, demonstrating its robustness and helpfulness
on more challenging cases. Qualitative examples are provided in Appendix F.

E.6 Inference Ef�ciency

Inference time comparison with ECSO. We report the average inference time per response for
ShiftDC and ECSO [12] across all inputs on MM-SafetyBench and MME in Table 13. ShiftDC
increases inference time compared to the backbone, as it requires two additional forward passes to
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Table 10: Attack success rates of different VLMs on JailbreakV-28K [48], averaged across all
scenarios. Lower values indicate stronger defense performance.

Models SD OCR SD+OCR FigStep

ECSO AdaSheild ShiftDC ECSO AdaSheild ShiftDC ECSO AdaSheild ShiftDC ECSO AdaSheild ShiftDC

LLaVA-1.5-7B 24.5 22.6 19.7 27.5 26.3 25.4 19.8 24.3 14.5 21.7 20.8 15.8
MiniGPT-4-7B 15.3 15.8 14.7 15.6 18.7 14.2 16.5 14.8 11.5 26.5 32.9 21.7
Qwen-VL-7B 21.5 19.7 17.3 35.5 41.7 29.6 31.9 24.1 21.4 27.5 32.1 23.0
LLaVA-1.6-34B 12.5 16.9 9.4 15.9 15.8 13.7 14.2 14.8 10.5 18.4 16.9 14.6

Table 11: Utility scores for MME, reported separately for perception (MME-P) and cognition (MME-
C). Higher scores indicate stronger visual reasoning abilities.

Models MME-P MME-C

Direct ECSO AdaShield ShiftDC Direct ECSO AdaShield ShiftDC

LLaVA-1.5-7B 1507.4 1487.2 1501.2 1507.4 355.7 350.9 352.8 356.2
ShareGPT4V-7B 1566.4 1498.8 1546.8 1565.8 376.4 361.4 374.0 373.7
MiniGPT-4-7B 1481.4 1406.4 1472.5 1482.4 346.2 339.4 339.4 347.1
Qwen-VL-7B 1481.5 1452.9 1476.6 1481.5 347.1 331.8 347.1 347.1

obtain image captions and input activations. However, the second forward pass is faster since it does
not require autoregressive text generation, only activation extraction. The increase in inference time
is smaller than ECSO, which requires two full autoregressive generations for response safety checks
and image captioning.

Reducing the maximum caption length to improve inference efficiency. In our implementation,
the maximum token length is set to 1024. However, ShiftDC uses captions solely to guide activations
toward safety-related regions, while the image provides the main visual understanding. Thus, the
caption only needs to indicate whether the image is safe or unsafe, its length, detail, or quality is
less important. To reduce inference time, we lower the maximum token limit and prompt the VLM
to produce shorter captions. As shown in Table 14, on MM-SafetyBench, reducing the limit to 128
greatly shortens inference time per sample while keeping the ASR almost unchanged.

E.7 Activation Calibration Across Layers

Our method works by extracting a safety shift vector and removing it from some specific layers of
the VLM. Here we conduct an ablation study by applying ShiftDC to calibrate activations at different
range of layers of LLaVA-1.5-7B and MiniGPT-4-7B and report the ASR on MM-SafetyBench in
Figure 6. The x-axis represents the starting layer index, with the end layer fixed at 32. For example,
x = 5 indicates that calibration is applied from layer 5 to layer 32.

As observed, starting calibration from the very early layers leads to a relatively high ASR. Specifically,
starting from the 1st layer (i.e., calibrating all 32 layers) results in the poorest performance for both
VLMs. This may be because extracting a meaningful direction vector in the early layers is challenging,
as feature linearity is less prominent in shallow layers, which negatively impacts performance. Starting
from the middle layers achieves the lowest ASR. These results align with prior work [41, 39], which
shows that activation engineering is most effective in the middle layers of LLMs. Conversely, starting
calibration from only the last 10 layers also results in a high ASR, highlighting the importance of
calibrating a sufficient number of layers for optimal performance.

E.8 Sensitivity to Image Caption Quality

ShiftDC uses image captions solely to guide activations toward the correct safety-related region,
while still relying on the image for full visual understanding. As the caption only needs to reflect
the image’s (un)safety, its quality, style, or detail level is less important. Therefore, we argue that
ShiftDC is relatively insensitive to caption quality.

To demonstrate this, we use BLIP [54]—a weaker model with a different architecture and training
setup than the tested VLMs—to generate captions instead of using the VLM itself. As shown in Table
15, BLIP captions lead to only a slight increase in ASR on MM-SafetyBench [5], indicating limited

27



Table 12: Refusal rate (%) on MOSSBench [52], which evaluates models’ over-sensitivity to safe
inputs, measured before and after applying ShiftDC. Lower values indicate better performance.

Exaggerated Risk Negated Harm Counterintuitive Interpretation Overall

LLaVA-1.5-7B 7 22 22 17
+ ShiftDC 7 25 (+3%) 28 (+6%) 20 (+3%)

Qwen-VL-7B 9 10 6 8.3
+ ShiftDC 7 (-2%) 10 11 (+5%) 9.3 (+1%)

Table 13: Inference time (second) comparison.

MM-SafetyBench MM-Vet

LLaVA-1.5-7B 2.73 3.03
+ ECSO [12] 4.97 (+2.24) 5.15 (+2.12)
+ ShiftDC 4.66 (+1.93) 4.83 (+1.80)

Table 14: Inference time (seconds) and attack success rate (ASR, lower is better) under different
maximum caption lengths.

Inference Time ASR

LLaVA-1.5-7B (original inference w/o caption) 2.73 70.5
+ ShiftDC (with maximum caption length=1024) 4.66 (+1.93) 43.6
+ ShiftDC (with maximum caption length=128) 3.92 (+1.19) 45.5

impact from caption quality. We attribute this small drop in performance to occasional failures by
BLIP to capture the harmfulness of an image, especially in OCR cases, which may misguide the
activation shift.

E.9 Sensitivity to the Data Quantity Used for Computing the Safety-Relevant Shift

We study the effect of data quantity on the pre-computed safety-relevant shift s‘ by reducing the
number of instructions in Dunsafe

tt and Dsafe
tt from 160 to 80, and report the ASR on MM-SafetyBench

for LLaVA-1.5-7B in Table 16. The results show only a minor performance drop, indicating that our
method remains robust as long as a reasonable amount of data is used to estimate activation statistics.

F Case Study

Utility. We provide examples of VQA results for ShiftDC and ECSO [12] (caption-only input) on
the utility benchmark MMBench [51] in Figure 7, 8 and 9. ECSO struggles with counting and object
relations, as it relies entirely on captions for visual reasoning, making it highly sensitive to whether
the caption captures all necessary details. In contrast, ShiftDC retains the image input and uses the
caption only to guide the activation toward the appropriate safety-related region. Thus, the caption
needs only to reflect the (un)safety of the image, reducing sensitivity to caption quality.

Safety. We also show examples from the safety benchmark MM-SafetyBench [5] before and after
applying ShiftDC in Figure 10 and 11. Prior to applying it, the multimodal instructions successfully
bypass the VLM’s safety mechanisms. After applying ShiftDC, the VLM correctly identifies the
harmful content and rejects the instruction.

Over-sensitivity. Figures 12 and 13 show examples from MOSSBench [52], which evaluates
VLMs’ over-sensitivity to queries that appear harmful but are actually safe. ShiftDC correctly handles
these cases: it recognizes that the first instruction asks to decorate a study space rather than discuss
the grenade, and that the second instruction promotes saying no to drugs rather than encouraging
their use. These results demonstrate ShiftDC’s robustness on challenging edge cases.
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Figure 6: Attack success rates of LLaVA-1.5-7B and MiniGPT-4-7B when calibrating activations
across different layer ranges. The x-axis shows the starting layer, with the end layer fixed at 32.

Table 15: Attack success rates (ASR) of different VLMs on MM-SafetyBench [5], comparing caption
generation using the tested VLM versus BLIP [54]. Lower ASR indicates better defense performance.

Models SD OCR SD+OCR

Original BLIP Original BLIP Original BLIP

LLaVA-1.5-7B 38.0 43.4 39.7 45.0 43.6 47.3
MiniGPT-4-7B 40.5 46.3 43.3 48.6 44.6 46.5
Qwen-VL-7B 43.0 49.8 45.4 50.8 46.1 49.1

G Discussion

G.1 Ethical Statement

Our work focuses on understanding the fragility of current safety mechanisms in open-source VLMs
and enhancing them to generate safer responses in a computationally- and data-efficient manner.
This contributes to building safer and more responsible AI systems. However, we acknowledge that
a deeper understanding of jailbreak mechanisms could lower the barrier for adversarial attacks on
open-source models. Nonetheless, we believe this does not significantly alter the overall risk profile
of VLMs. Additionally, our proposed method requires harmful data for activation extraction and still
has the potential to generate unsafe responses.

G.2 Limitations and Future Work

Our method for extracting the safety-related shift is likely not optimal. This paper serves more as
a proof of concept showing that a safety-related shift induced by visual modality exists and that
removing it can improve safety, rather than a thorough exploration of the best way to extract it. Future
work could improve this approach, including exploring higher-dimensional subspaces instead of a
single linear direction. Furthermore, our experiments do not include perturbation-based jailbreaks that
add adversarial noise to images. Testing whether our findings apply to such attacks is an interesting
direction. Finally, we acknowledge that the exact semantic meaning of the extracted safety-related
and safety-irrelevant shifts remains unclear.
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