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Abstract

Warning: This paper contains offensive content that may
disturb some readers. Vision-language models (VLMs)
demonstrate strong multimodal capabilities but have been
found to be more susceptible to generating harmful content
compared to their backbone large language models (LLMs).
Our investigation reveals that the integration of images signif-
icantly shifts the model’s internal activations during the for-
ward pass, diverging from those triggered by textual input.
Moreover, the safety alignments of LLMs embedded within
VLMs are not sufficiently robust to handle the activations dis-
crepancies, making the models vulnerable to even the sim-
plest jailbreaking attacks. To address this issue, we propose
an internal activation revision approach that efficiently re-
vises activations during generation, steering the model toward
safer outputs. Our framework incorporates revisions at both
the layer and head levels, offering control over the model’s
generation at varying levels of granularity. In addition, we
explore three strategies for constructing positive and nega-
tive samples and two approaches for extracting revision vec-
tors, resulting in different variants of our method. Compre-
hensive experiments demonstrate that the internal activation
revision method significantly improves the safety of widely
used VLMs, reducing attack success rates by an average of
48.94%, 34.34%, 43.92%, and 52.98% on SafeBench, Safe-
Unsafe, Unsafe, and MM-SafetyBench, respectively, while
minimally impacting model helpfulness.

Introduction
Large language models (LLMs) have been further enhanced
by adopting visual instruction tuning to develop vision lan-
guage models (VLMs), enabling more accurate and contex-
tually relevant responses across multimodal tasks (Liu et al.
2023a, 2024; Li et al. 2024). However, recent studies show
that VLMs are more vulnerable than LLMs, with their safety
alignments more easily bypassed, leading them to easily fol-
low malicious instructions (Zong et al. 2024; Pantazopou-
los et al. 2024). Furthermore, Liu et al. (2023b) illustrates
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that VLMs are prone to producing harmful content when
prompted with a contextually relevant image.

Currently, some efforts in safety alignment research have
made strides to ensure these models adhere to human eth-
ical standards (Ouyang et al. 2022; Rafailov et al. 2023;
Ji et al. 2023). The earlier work, AdaShield (Wang et al.
2025), employs adaptive shield prompting to enhance the
robustness of MLLMs, focusing specifically on structure-
based jailbreak attacks. Subsequently, Pi et al. (2024) intro-
duces MLLM-Protector, which addresses safety challenges
by integrating a harm detector to identify potentially harm-
ful outputs and a detoxifier to modify them. However, both
components require training, and if the output is harmful,
the detoxifier introduces additional computational overhead
to rewrite the response. Recently, Zong et al. (2024) in-
troduces VLGuard, a dataset specifically designed for the
safety fine-tuning of VLMs. Also, Zhang et al. (2024) cre-
ates the SPA-VL dataset, which combines textual and visual
data to enhance safety performance through RLHF (Ouyang
et al. 2022). However, these efforts rely on extensive train-
ing data to update the models, requiring significant human
labor to obtain high-quality annotated data. When new at-
tack methods are introduced, further model adjustments and
data collection are necessary. Therefore, there is an urgent
need for more efficient and flexible safety measures.

To investigate this area, we examine the vulnerabilities
of VLMs by analyzing the differences in internal activa-
tions between textual and textual-visual inputs. Visualiza-
tions with t-SNE reveal significant differences in activation
distributions between unimodal and multimodal inputs. We
also train a classifier on textual datasets to distinguish be-
tween safe and unsafe instructions. However, a notable per-
formance decline of about 35% can be observed on mul-
timodal instructions. These observations indicate that the
safety alignments in VLMs are not robust to handle activa-
tion discrepancies, potentially leading to model fragility.

We further propose an activation revision framework, in-
ternal activation revision, that enhances model safety by
shifting the model’s activations using revision vectors ex-
tracted from positive and negative samples. We develop
two revision schemes, coarse-grained layer-level, and fine-
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Figure 1: Computation flow at the transformer layer l, with head-level revision after head attention (Atthl ) and before concate-
nation (Concat), and layer-level revision after the multilayer perceptron (MLP).

grained head-level revisions, and evaluate three different
methods of constructing positive and negative samples:
Multi-Instruction, Text-Response, and Multi-Response.
Additionally, we test two vector extraction methods: probe
weight direction (PWD) and mass mean shift (MMS).
Head-level revision with Multi-Response samples and MMS
achieves the best performance on three state-of-the-art
VLMs, reducing attack success rates by an average of
48.94%, 34.34%, 43.92% and 52.98% on SafeBench (Gong
et al. 2023), Safe-Unsafe (Zong et al. 2024), Unsafe (Zong
et al. 2024), and MM-SafetyBench (Liu et al. 2025), re-
spectively, while only marginally compromising accuracy
by 7.72% and 1.17% on ScienceQA (Lu et al. 2022) and
GQA (Hudson and Manning 2019). The revision vectors uti-
lized in our method are collected from just a few hundred ex-
amples and empirically exhibit good transferability, demon-
strating that our approach is both data-efficient and flexible.
Our main contributions can be summarized as follows:

• We analyze why VLMs are vulnerable to unsafe instruc-
tions from the perspective of internal activations of tex-
tual and textual-visual inputs.

• We propose the internal activation revision approach to
enhance the safety of VLMs. This method outperforms
existing defense approaches on relevant benchmarks.

• We conduct a comprehensive analysis of how different
layers, varying revision strengths, and the number of re-
vised heads affect the model’s effectiveness.

Related Work
Jailbreak Multimodal Large Language Models Studies
have demonstrated visual instruction tuning may escalate the
likelihood of LLMs responding to harmful commands (Zong
et al. 2024; Pantazopoulos et al. 2024). Furthermore, VLMs
are particularly vulnerable to images that are related to the
text queries (Liu et al. 2023b). Gong et al. (2023) proposed
FigStep, which converts textual instructions into embedded
text within images, prompting VLMs to execute tasks de-
picted in those images, which significantly amplifies the vul-
nerability of VLMs. Despite growing observations into the

potential for images to circumvent AI alignment protocols
by embedding malicious content, a significant gap persists
in the mechanisms driving these vulnerabilities.

LLMs’ Internal State Analysis and Intervention Sev-
eral approaches have been proposed to analyze the model’s
internal states for a deeper understanding of its behav-
ior (Zhu et al. 2021, 2024; Song et al. 2024). Probing is
a standard tool for identifying a network’s internal rep-
resentations, involving training a simple classifier (probe)
on intermediate activations to predict specific linguistic at-
tributes or task-related information (Azaria and Mitchell
2023; Tenney, Das, and Pavlick 2019). Furthermore, Con-
cept Activation Vectors (CAVs) offer a framework for inter-
preting deep neural networks by encoding high-level con-
cepts within a model’s layer activation spaces (Kim et al.
2018; Nejadgholi, Fraser, and Kiritchenko 2022). This pa-
per employs related approaches to explore why VLMs are
more vulnerable by analyzing the internal states. Based on
the analysis of the internal states of models, several re-
cent works have explored steering LLMs during inference
to achieve desired outputs without fine-tuning. Inference-
Time Intervention (ITI) focuses on eliciting truthful an-
swers by modifying internal activations of the model based
on causal relationships identified through intervention (Li
et al. 2023). Activation addition (Turner et al. 2023) involves
adding a fixed vector to the activations of specific layers to
influence the model’s behavior. Building on this concept,
researchers have applied contrastive activation addition to
steer Llama-2, demonstrating improved performance on var-
ious tasks (Rimsky et al. 2024). These techniques collec-
tively represent a growing trend in the LLMs domain aimed
at enhancing model controllability and output customization
without extensive training or fine-tuning.

Why VLMs Are More Vulnerable?
Preliminary Before explaining the methodology, we
briefly introduce the architecture of decoder-only language
models, which serve as the backbone for many VLMs.
This architecture stacks multiple transformer (Vaswani et al.
2017) layers, indexed by the variable l. Tokens are initially
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Alpaca XSTest Refusal SafeBench VLGuard

TextSetA 468 200/250 418 - -
TextSetB 500 - - 500 -
MultiSet - - - 500 500

Table 1: Data statistics for TextSetA, TextSetB, and MultiSet.
Bold and underlined numbers represent the counts of pos-
itive and negative samples, respectively. VLGuard data is
sourced from its training set, with equal proportions of Safe-
Unsafe and Unsafe subsets.

embedded into a high-dimensional space x0 ∈ RD×H where
D represents the embedding dimension and H hidden di-
mension, which starts off the residual stream. The first trans-
former layer processes the value of x0, performs computa-
tions, and produces the next vector x1 in the sequence. This
process continues through all subsequent layers, forming a
sequence of vectors x0, . . . , xn. Finally, the last vector in
the residual stream is then decoded into a prediction for the
next token distribution. Each layer includes two main com-
ponents: a multi-head attention (MHA) mechanism and a
standard multilayer perceptron (MLP), as illustrated in Fig-
ure 1. The MHA consists of H separate linear operations,
and the MLP takes in all the nonlinear operations. Specifi-
cally, the stages related to MHA and MLP can be written as
(1) and (2), respectively:

x′
l = xl +O

H∑
h=1

Atthl (xl) = xl +O

H∑
h=1

(x′)l,h, (1)

xl+1 = x′′
l = MLP(x′

l) + x′
l, (2)

where Atthl (·) represents the result of the attention calcula-
tion for the input xl by the h-th attention head at layer l.

Dataset To our best knowledge, existing unimodal and
multimodal instruction datasets containing both positive and
negative samples are limited. The positive samples refer
to benign instructions that the language model should fol-
low, while the negative samples are harmful instructions that
the language model should reject. We have compiled vari-
ous datasets in our experiments. These datasets encompass
both plain text (Alpaca, XSTest, and Refusal) and image-
text datasets (SafeBench, VLGuard, and MM-SafetyBench).
We construct two text-only datasets, TextSetA, TextSetB,
and an image-text dataset, MultiSet, by randomly sampling
from the aforementioned datasets. The statistics of TextSetA,
TextSetB, and MultiSet are shown in Table 1. Alpaca (Taori
et al. 2023) includes 52,000 positive text-only instructions
and responses generated by OpenAI’s text-davinci-003 en-
gine. XSTest (Röttger et al. 2024) consists of 250 positive
instructions across ten categories and 200 negative instruc-
tions that models should reject. Refusal (Rimsky 2023) con-
tains 418 unsafe text instructions, each with a decline and
a response answer. SafeBench (Gong et al. 2023) includes
500 harmful instructions across ten topics forbidden by Ope-
nAI and Meta policies, encompassing both text-only and
image-text data. VLGuard (Zong et al. 2024) comprises
training and test sets: the training set includes 2000 images

Figure 2: 2D t-SNE visualization of internal activations from
the 5th, 15th, and 31st layers. The red, yellow, and blue dots
represent TextSetA, TextSetB, and MultiSet, respectively.

Figure 3: Accuracies across each head and layer for
TextSetA, TextSetB and MultiSet. Classifiers used in the up-
per row are trained on the training set of TextSetA, while
those in the lower row are trained on TextSetB.

(977 harmful, 1023 safe), and the test set contains 1000
images (558 safe and 442 unsafe). It includes three sub-
sets: Safe-Safe, consisting of safe images paired with safe
queries; Safe-Unsafe, featuring safe images paired with un-
safe queries; and Unsafe, which includes queries related to
unsafe images. Lastly, MM-SafetyBench (Liu et al. 2025)
comprises 5,040 malicious text-image pairs spanning 13
scenarios. Each question is generated by OpenAI’s GPT-4
and paired with three corresponding images.

Activation Visualization with t-SNE Figure 2 illustrates
the distribution of activations of the last token in LLaVA-
V1.5-7B across the shallow (5th), middle (15th), and final
(31st) layers. The visualization result reveals a clear pattern:
the activation distributions for textual and textual-visual in-
puts consistently exhibit significant differences across the
shallow, middle, and final layers. Notably, the activations
associated with TextSetA and TextSetB are interwoven and
significantly distant from those of MultiSet. More results are
shown in the Appendix. We hypothesize that differences in
internal state distributions may lead to weaker robustness to
safety alignment and potentially make the model more sus-
ceptible to such attacks. Therefore, we conduct the following
experiments to explore how these distribution differences in
internal states affect alignment.

27430



Figure 4: Revision vectors extraction methods: probe weight
direction (PWD) and mass mean shift (MMS).

Figure 5: An example of Multi-Response.

The Robustness of Safety Alignment We utilize probes
specifically engineered to distinguish between safe and un-
safe instructions by analyzing individual attention heads
across various layers. The internal states captured between
head attention and concatenation, shown in Figure 1, form
our classification dataset denoted as {((x′)l,h, y)i}Mi=1. In
this notation, (x′)l,h represents the internal state extracted
from the h-th head of the l-th layer, with y = 1 indicating
a safe instruction. Each probe utilizes a feedforward neu-
ral network architecture with two hidden layers featuring a
decreasing sequence of neuron counts (128, 32), and all lay-
ers employ ReLU activation functions. The architecture con-
cludes with a sigmoid output layer for binary classification.
We select the Adam optimizer for its efficiency, training each
classifier over ten epochs.

We randomly divide the dataset TextSetA into training
and validation sets with a 4:1 ratio. A binary probe of each
head is then trained on the training set, and the validation
results are displayed in the top left subfigure of Figure 3.
To demonstrate the probes’ good generalization, we subse-
quently evaluate their performance on TextSetB, as shown in
the top middle subfigure of Figure 3. On TextSetB, we find
that around 85% of the attention heads retain an accuracy
level above 80%. While some heads exhibited a slight de-
crease in accuracy when compared to their performance on
TextSetA, these discrepancies can be considered negligible
given the variation between datasets. However, when these
probes are applied to the MultiSet dataset, the accuracy for
nearly all heads drops to baseline levels, equivalent to ran-
dom guessing, as depicted in the top right subfigure of Fig-
ure 3. Furthermore, when we use a subset of TextSetB as the
training set and TextSetA to verify the generalization of the
classifiers, similar experimental results could be observed in
the lower row of subfigures in Figure 3. The accuracy differ-
ence indicates that the safety alignments of LLMs embedded
within VLMs are not robust enough to handle the distribu-
tion discrepancy between unimodal and multimodal inputs,

and potentially lead to model vulnerability.

Activation Revision for Safety Enhancement
Based on the above observations, we propose an activation
revision framework that efficiently revises activations during
generation to enhance VLMs safety. As shown in Figure 1,
our framework consists of two revision options based on the
transformer layer structure. The first method revises the final
activation output of a specific layer, called layer-level revi-
sion. The second, more granular method, targets the activa-
tions after head attention and before concatenation, termed
head-level revision. They not only differ in computational
complexity but also strike a critical balance between safety
and helpfulness.

Layer and Head Level Revision Layer-level revision se-
lects a single layer l for modification. Specifically, Equation
(2) in the pre-revision architecture can be modified by:

xl+1 = x′′
l = MLP(x′

l) + x′
l + α · rlayer

l , (3)

where rlayer
l is the revision vector at the layer l to guide the

model towards the safety-enhanced direction, and α is the
strength of intervention. A higher α value corresponds to
stronger perturbations.

In head-level revision, we only intervene on some of the
heads in one layer l so as to be minimally invasive. Equation
(1) in the pre-revision model can be modified by:

x′
l = xl +O

H∑
h=1

(
Atthl (xl) + αθl,hr

head
l,h

)
= xl +O

H∑
h=1

(
(x′)l,h + αθl,hr

head
l,h

)
,

(4)

where rhead
l,h is the revision vector at the head h of layer l,

and θl,h ∈ {0, 1}. If head h at layer l no revision, then let
θl,h = 0; otherwise, θl,h = 1.

Revision Vectors Extraction As illustrated in Equations
(3) and (4), we need to calculate the revision vectors, de-
noted as rlayer

l and rhead
l,h . A straightforward approach is to

utilize the contrastive information between positive and neg-
ative samples to obtain them. Specifically, for the layer-
level revision, we extract the activations at layer l at the
last token of the samples. This process generates a dataset
{((x′′

)l, y)i}2×N
i=1 , where N is the number of positive or

negative samples. We set y = 1 for positive samples and
y = 0 for negative samples to further obtain the distribution
of clusters for both types, as shown in Figure 4. Mathemati-
cally, the clusters are defined as follows:

(Al)
+ = {((x

′′
)l, y = 1)i}Ni=1,

(Al)
− = {((x

′′
)l, y = 0)i}Ni=1.

(5)

Similarly, we collect head activations at the last token to col-
lect a dataset {((x′)l,h, y)i}2Ni=1 for layer l and head h. The
clusters are defined as follows:

(Al,h)
+ = {((x′)l,h, y = 1)i}Ni=1,

(Al,h)
− = {((x′)l,h, y = 0)i}Ni=1.

(6)
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Method CS
Safety Helpfulness

SafeBench
ASR (%) ↓

Safe-Unsafe
ASR (%) ↓

Unsafe
ASR (%) ↓

MM-Safety
ASR (%) ↓

ScienceQA
ACC (%) ↑

GQA
ACC (%) ↑

L
L

aV
A

-V
1.

5-
7B

Vanilla 0.00 70.00 55.40 68.30 76.54 70.78 75.22
Adashield 25.60 28.45 29.55 35.26 35.93 65.31 74.25
MLLM-Protector 26.50 24.16 27.74 33.38 30.14 63.75 74.11
Fine-tuning 26.63 22.91 19.75 25.43 35.14 61.28 74.97
Text-Response + MMS + Layer 9.00 44.02 32.71 43.49 40.16 59.40 74.29
Text-Response + MMS + Head 15.99 41.19 30.65 38.59 38.08 61.25 75.12
Multi-Instruction + MMS + Layer 20.18 35.18 28.92 33.26 35.76 62.49 74.11
Multi-Instruction + MMS + Head 23.27 33.95 27.33 32.79 36.10 63.28 74.89
Multi-Response + PWD + Layer 21.47 32.78 27.95 33.17 32.33 62.12 74.19
Multi-Response + PWD + Head 23.63 30.44 26.28 31.95 30.49 61.74 74.83
Multi-Response + MMS + Layer 25.63 27.88 22.80 30.20 25.53 60.75 75.03
Multi-Response + MMS + Head 34.35 22.48 20.47 23.06 23.10 63.68 75.03

L
L

aV
A

-V
1.

5-
13

B

Vanilla 0.00 78.43 61.54 72.83 82.33 74.91 78.53
Adashield 21.65 32.75 36.09 38.32 38.54 65.43 77.54
MLLM-Protector 22.30 29.21 32.87 35.74 30.17 64.77 75.68
Fine-tuning 15.91 30.54 36.11 30.56 38.41 63.39 74.07
Text-Response + MMS + Layer 6.59 43.03 36.01 45.79 43.38 62.58 74.10
Text-Response + MMS + Head 11.36 40.91 34.41 43.01 40.16 63.01 75.23
Multi-Instruction + MMS + Layer 12.95 39.17 31.91 38.32 36.03 63.21 73.91
Multi-Instruction + MMS + Head 17.72 38.24 30.46 35.16 32.49 64.56 74.23
Multi-Response + PWD + Layer 17.88 36.56 29.74 32.41 32.10 63.41 74.56
Multi-Response + PWD + Head 22.89 37.14 28.97 33.27 29.27 65.58 75.37
Multi-Response + MMS + Layer 27.56 32.23 26.10 30.94 26.98 66.01 75.99
Multi-Response + MMS + Head 29.98 28.77 25.41 27.16 25.55 65.94 76.11

Q
w

en
2-

V
L

-7
B

-I
ns

tr
uc

t

Vanilla 0.00 73.19 53.92 64.73 73.16 71.21 77.04
Adashield 23.53 27.04 30.37 37.14 33.75 67.01 74.14
MLLM-Protector 25.61 22.00 25.33 26.27 30.60 64.29 74.23
Fine-tuning 20.61 25.16 23.51 24.64 31.97 62.42 72.95
Text-Response + MMS + Layer 2.41 43.74 35.05 45.15 38.14 58.37 74.33
Text-Response + MMS + Head 6.03 40.54 32.16 42.33 35.26 60.10 73.05
Multi-Instruction + MMS + Layer 16.20 37.16 29.29 36.68 31.87 62.49 74.89
Multi-Instruction + MMS + Head 19.47 33.21 27.71 33.21 29.38 62.23 75.42
Multi-Response + PWD + Layer 23.12 32.69 25.05 30.00 27.11 63.51 75.13
Multi-Response + PWD + Head 24.64 30.97 22.79 26.04 26.09 62.67 75.49
Multi-Response + MMS + Layer 28.07 26.94 22.01 24.88 24.27 63.08 76.07
Multi-Response + MMS + Head 30.81 23.56 21.97 23.87 24.44 64.12 76.14

Table 2: Comparison of results using different methods on various widely used VLMs. Bold and underlined numbers denote
the best and second-best values, respectively. MM-Safety is the abbreviation of MM-SafetyBench.

There are two methods to determine the revision vectors
based on the activation distribution: probe weight direction
(PWD) and mass mean Shift (MMS). PWD is defined as the
vector orthogonal to the hyperplane that separates positive
and negative activations. While MMS calculates the average
activations of positive and negative samples, and the revision
vector points from the positive mean to the negative mean.
Figure 4 shows the difference between PWD and MMS at
the layer-level activations. It is worth noting that the revision
vectors we extract at different layers or heads will be applied
to the same position of the target model.

Construction of contrastive samples Our method relies
on a small set of positive and negative samples to capture
contrastive information and extract the revision vectors. To
achieve this, we propose three approaches for constructing
these samples: 1 Multi-Instruction, which utilizes safe

and unsafe image-text instructions. We randomly sample
100 harmful instructions from the Unsafe and 100 benign
instructions from the Safe-Safe of the VLGuard training
dataset. 2 Text-Response, which focuses on safe and un-
safe responses corresponding to unsafe text-only instruc-
tions. We randomly select 200 entries from the Refusal,
each containing a text prompt with a decline and a response
answer. 3 Multi-Response, which leverages safe and un-
safe responses associated with multimodal unsafe instruc-
tions. We sample 200 representative harmful instructions
from the VLGuard training dataset, including 100 from the
Safe-Unsafe and 100 from the Unsafe. Figure 5 illustrates
an example of Multi-Response.

Evaluation We evaluate our proposed method from two
perspectives. For safety, we measure the attack success
rate (ASR) on SafeBench, MM-SafetyBench, Safe-Unsafe,
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(a) Layer-Level Revision

(c) Head-Level Revision

Figure 6: ASR on SafeBench (Left) and ACC on ScienceQA
(Right) with MMs.

and Unsafe subsets from VLGuard. We use the Perspec-
tive API (Jigsaw and team 2024) to evaluate whether the
responses are safe. For helpfulness, we assess the model’s
accuracy (ACC) in ScienceQA, a multiple-choice question-
answering dataset, and GQA where we select binary classi-
fication problems. Finally, we employ a weighted composite
score (CS) to comprehensively measure the models’ perfor-
mance, defined by:

CS =
1

∥Dhelpfulness∥
∑

i∈{Dhelpfulness}

(
ASRvanilla

i − ASRrevised
i

)
︸ ︷︷ ︸

Safety Score

+ λ
1

∥Dsafety∥
∑

j∈{Dsafety}

(
ACCrevised

j − ACCvanilla
j

)
︸ ︷︷ ︸

Helpfulness Score

,

(7)

where Dhelpfulness and Dsafety are the corresponding datasets,
i and j represent the index of the dataset, vanilla and revised
indicate the pre-revision model and the post-revision model
respectively. The composite score plays a crucial role in de-
termining the optimal revision layer and strength. We empir-
ically set λ = 3.0 to balance safety and helpfulness.

Analysis and Discussion
Defense Effectiveness
Table 2 presents a comprehensive comparison of our frame-
work against other advanced defense methods, including
Adashield (Wang et al. 2025), MLLM-Protector (Pi et al.
2024) and Fine-tuning (Zong et al. 2024). The evaluation
covers widely used VLMs with diverse sizes and archi-
tectures, including LLaVA-V1.5-7B, LLaVA-V1.5-13B (Liu
et al. 2023a), and Qwen2-VL-7B-Instruct (Bai et al. 2023).

l\α 0.5 1.0 1.5 2.0

4 4.218 8.590 11.800 12.385
9 3.353 15.005 25.628 20.390
14 4.470 19.505 20.200 11.490
19 2.400 17.930 18.995 15.675
24 3.900 15.083 5.570 -12.530
29 1.275 6.408 -1.083 -21.318
31 0.565 1.570 -11.280 -28.233

(a) Layer-Level Revision

l\α 1.0 1.5 2.0 2.5

4 5.508 8.223 9.450 8.763
9 6.458 17.515 27.540 24.980
14 8.185 16.245 29.358 27.328
19 9.720 22.265 34.348 30.853
24 2.558 13.208 18.958 18.183
29 -0.828 6.823 12.728 8.465
31 -3.475 1.910 3.093 -3.135

(b) Head-Level Revision

Table 3: Composite scores of layer-level and head-level re-
vision. l and α represent the layer and the revision strength,
respectively.

We have provided the results of our framework under dif-
ferent configurations, including various revision strategies,
positive and negative sample construction methods, and vec-
tor extraction techniques. Note that the effectiveness of our
method is influenced by the revision strength α, as well as
the specific revision layers and heads utilized. Table 2 high-
lights the optimal results across various settings determined
through hyperparameter search, with a detailed analysis pro-
vided in the following subsection. All experiments are con-
ducted on NVIDIA A100 GPUs. More experimental setups
are in the Appendix. We have the following observations:

(1) The head-level activation revision method using
Multi-Response with MMS achieves the best perfor-
mance across all models. Compared to the vanilla model,
all methods can noticeably enhance the safety of the model.
However, our method using Multi-Response at head level
with MMS performs the best and achieves the highest
composite scores of 34.35, 29.98, and 30.81 on LLaVA-
V1.5-7B, LLaVA-V1.5-13B, and Qwen2-VL-7B-Instruct,
respectively. The ASR on SafeBench, Safe-Unsafe, Un-
safe, and MM-SafetyBench decreases by an average of
48.94%, 34.34%, 43.92%, and 52.98%, respectively. Ac-
curacy on ScienceQA and GQA decreases by only 7.72%
and 1.17%, respectively. In addition, MLLM-Protector out-
performs both AdaShield and Fine-tuning methods overall.
Notably, on the SafeBench dataset, the MLLM-Protector
achieves performance very close to our optimal method.

(2) Head-level revision achieves a better balance between
safety and helpfulness than layer-level revision. Specif-
ically, under Multi-Response and MMS settings, head-level
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revision outperforms layer-level revision on LLaVA-V1.5-
7B by reducing ASR by 5.40%, 2.33%, 7.14%, and 2.43%
on SafeBench, Safe-Unsafe, Unsafe, and MM-SafetyBench,
respectively, while improving ACC by 2.93% on Sci-
enceQA. We attribute this to head-level revision minimiz-
ing disturbances to the model. More discussion of the head-
level and layer-level revisions can be found in Table 3 and
Figure 6.

(3) Text-Response and Multi-Instruction for revision vec-
tors are less effective than Multi-Response. The head-
level composite score of Multi-Instruction averages 20.15
across the three models, whereas Text-Response performs
even worse, with an average score of only 11.13. Our previ-
ous experiments indicate a significant difference in the dis-
tribution of inputs with and without images. The difference
may lead to revision vectors derived from text-only inputs
reflecting only partial safety information relevant to multi-
modal inputs, potentially resulting in poor outcomes.

(4) MMS outperforms PWD. When using Multi-
Response, MMS outperforms PWD in both head-level and
layer-level revisions. This observation aligns with the find-
ings in the work (Li et al. 2023), despite the latter’s focus
on enhancing the truthfulness of generated content. MMS is
utilized for all other experiments unless specified.

Impact of Layer, Head, and Strength α

We conduct extensive experiments to explore how differ-
ent layers, heads, and revision strengths α affect the perfor-
mance. To streamline the search space, we focus on seven
specific layers and four different strength values. For head-
level revision, we select the optimal proportion of modi-
fied heads per layer, which we empirically set at 70%. Fig-
ure 6(a) and Table 3(a) present the results of layer-level re-
vision, whereas Figure 6(b) and Table 3(b) are the results of
head-level revision on LLaVA-V1.5-7B. A detailed analysis
of the choice to use 70% heads and results on other datasets
is provided in the Appendix.

(1) With the same α, deeper layers lead to a greater im-
pact across various tasks. ASR on SafeBench of Figure 6
remains high in the initial layer (the 4th layer) and signifi-
cantly drops at deeper layers (24th, 29th, and 31st). A simi-
lar pattern is observed in ScienceQA: revisions in the initial
layers only decrease model accuracy by about 3%, but after
the 24th layer, the accuracy is noticeably compromised.

(2) The revision layer and strength α balance the trade-
off between safety and helpfulness. The composite score
with respect to α follows an upside-down U curve at each
revision layer. The model’s safety improves while helpful-
ness gradually diminishes. We empirically find that greater
strength, α = 2.0, at the 31st layer, causes the model to
be overly defensive. Commonly, it responds with “Sorry, I
can’t fulfill your request” to even safety questions. Appendix
shows multiple answers with different values of α.

(3) Determination of optimal parameters. From Fig-
ure 6, it is evident that revising activations at the initial layer
(4th), whether at the layer-level or head-level, provides only

l\α 2.0 2.5 3.0 3.5

G
PT

9 2.387 12.642 20.583 17.321
14 2.002 13.419 21.331 18.021
19 1.344 21.258 28.113 26.214

In
te

rn 9 1.597 10.663 23.013 20.151
14 2.914 11.410 20.192 22.633
19 4.028 18.659 25.934 28.120

Table 4: Composite Score on MiniGPT-V2 and InternVL2-
8B based on MMS. GPT and Intern are abbreviations for
MiniGPT-V2 and InternVL2-8B, respectively.

limited improvements to safety. In contrast, interventions at
deeper layers (24th, 29th, and 31st) significantly compro-
mise the model’s accuracy. Therefore, revising the middle
layers (9th, 14th, and 19th) emerges as a better option. This
is also supported by Table 3(a), where we ultimately select
the 9th layer for layer-level revision, achieving the highest
composite score with α = 1.5.

Comparing Tables 3(a) and 3(b), we observe that head-
level revision typically yields higher composite scores than
layer-level revision at the same layers. In Figure 6, we
notice that on the SafeBench dataset, layer-level revision
slightly outperforms head-level revision. However, in terms
of accuracy on the ScienceQA dataset, head-level revision
significantly outperforms layer-level revision, particularly in
the middle layers. Consequently, we select the optimal head-
level revision at the 19th layer with α = 2.0.

(4) Transferability. We apply the head-level revision
vectors that we extract from LLaVA-V1.5-7B to perturb
MiniGPT-V2 (Chen et al. 2023) and InternVL2-8B (Chen
et al. 2024), which shares the same representation dimen-
sion. Surprisingly, the safety and helpfulness of the revised
model are still very good, as shown in Table 4. This indi-
cates that revision vectors may have similar characteristics
in different models, making the proposed method flexible.

(5) Computational cost. The optimal performance of our
method relies on hyperparameter search. However, findings
(1), (2), and (3) significantly narrow parameter search space,
while finding (4) demonstrates its cross-model transferabil-
ity. Additionally, the parameter search process supports par-
allel computation, enhancing computational efficiency.

Conclusion
We dive into the research question of why VLMs are more
vulnerable by analyzing from the perspective of internal
activations. We observe a significant difference in activa-
tion distributions between text-only and image-text inputs.
Moreover, the probing experiment indicates that the safety
alignment embedded in VLMs is not robust enough to han-
dle this discrepancy. Inspired by the observations, we pro-
pose the internal activation revision method, steering the ac-
tivations toward a safer direction. Our competitive results
demonstrate the effectiveness of our approach.
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search purposes and does not represent the personal views
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datasets for our experiments, which may affect the accuracy
of some of our conclusions.
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