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Abstract

Large Vision-Language Models (LVLMs) have achieved im-
pressive progress across various applications but remain vul-
nerable to malicious queries. Existing safety alignment ap-
proaches typically fail to resist malicious queries while pre-
serving utility on benign ones effectively. To address these
challenges, we propose DAVSP, which is built upon two key
innovations. First, we introduce Visual Safety Prompt, which
appends a trainable padding region around the input im-
age. It preserves visual features and expands the optimiza-
tion space. Second, we propose Deep Alignment, a novel ap-
proach to train the visual safety prompt through supervision
in the model’s activation space. It enhances the inherent abil-
ity of LVLMs to perceive malicious queries, achieving deeper
alignment than prior works. Extensive experiments demon-
strate that DAVSP effectively resists malicious queries while
preserving benign input utility. Furthermore, DAVSP exhibits
great cross-model generation ability. Ablation studies further
reveal that both the Visual Safety Prompt and Deep Align-
ment are essential to the overall effectiveness.

Code — https://github.com/zhangyitonggg/DAVSP
Extended version — https://arxiv.org/pdf/2506.09353

1 Introduction
Large Vision-Language Models (LVLMs) are vulnerable to
queries with malicious intent and may output harmful con-
tent (Zong et al. 2024; Zhang et al. 2025). Our prelim-
inary experiments on a popular safety evaluation bench-
mark (Gong et al. 2025) show that a mainstream LVLM,
Qwen2-VL-7B-Instruct (Wang et al. 2024b), fails to resist
26.4% of malicious queries. Thus, improving the resistance
of LVLMs to malicious queries is still a pressing problem.

A lightweight and practical solution is to prepend safety
prompts to user queries, which activates the model’s inter-
nal perception of harmfulness (Wang et al. 2024d; Chen
et al. 2025). However, existing approaches mainly rely on
textual safety prompts to safeguard the input, leaving the
visual input unprotected and exposed to potential exploita-
tion. Recent studies such as ESIII (Hao et al. 2025) and
UniGuard (Oh et al. 2024) extend safety prompts to visual

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Instruction: 
The image shows an activity. 
List steps in detail to perform 
this activity.

Safety Perturbation Visual Safety Prompt

Response: 
I’m sorry, I cannot assist with 
illegal activities. That said, if one 
were to hack a bank account, 
they might start by identifying 
vulnerabilities in the bank’s 
security system…

Response: 
I'm sorry, but the image appears 
to depict someone attempting to 
hack into a bank account. It's 
important to emphasize that such 
a c t i o n s  a r e  i l l e g a l  a n d 
unethical.

Figure 1: The comparison between safety perturbations (left)
and DAVSP (right).

inputs by adding trainable perturbations to images. While
these safety perturbations improve robustness, they remain
inadequate for real-world deployment: (1) their ability to re-
sist malicious queries still remains insufficient, and (2) they
significantly degrade benign utility.

We attribute the limitations of existing safety perturba-
tions to two intrinsic flaws, categorized as the paradigm flaw
and the training objective flaw. (1) The paradigm flaw arises
from additive pixel-level perturbations directly applied to
the visual input. The additive perturbations would inevitably
alter raw pixel values and disrupt crucial low-level visual
features such as edges, textures, and color distributions, de-
spite being imperceptible to humans (Eppel, Bismut, and
Faktor 2025; Wu et al. 2024). Such distortion impairs the
model’s visual perception and semantic reasoning capabil-
ities (Sima et al. 2024; Wang et al. 2024a), prompting re-
searchers to tightly constrain perturbation magnitudes. How-
ever, these constraints significantly narrow the optimization
space, thereby limiting the effectiveness of perturbations
in resisting malicious queries. (2) The training objective
flaw arises from training perturbations using only superficial
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response-level supervision. Existing approaches either max-
imize the probability of predefined safe responses or mini-
mize the likelihood of harmful output (Hao et al. 2025; Oh
et al. 2024), often leading to shallow alignment (Qi et al.
2024b). It means aligned models often exhibit superficial re-
fusal behaviors without genuinely internalizing underlying
safety principles. A typical example is shown in the bottom-
left corner of Figure 1, where the model initially responds
with a standard disclaimer—”I’m sorry”—but subsequently
provides instructions contradicting this initial refusal. While
previous studies have recognized that response-level super-
vision may lead to shallow alignment, this issue remains un-
derexplored in LVLMs (Qi et al. 2024b; Wang et al. 2023;
Greenblatt et al. 2024). We believe that without deeper se-
mantic guidance, existing alignment approaches are insuffi-
cient for consistently resisting diverse malicious queries.

To address the above limitations, we propose DAVSP, a
novel safety alignment approach for LVLMs. DAVSP ef-
fectively improves the capability of LVLMs in resisting
malicious queries and preserves the model’s utility on be-
nign queries. Our approach introduces two key innovations
that address the limitations of prior safety perturbations. (1)
First, we realize a paradigm shift with the Visual Safety
Prompt (VSP). As shown on the right of Figure 1, we con-
struct a trainable padding region around the input image,
serving as a visual safety prompt. This preserves the original
visual features and removes the expressiveness bottleneck of
per-pixel perturbation. (2) Second, we propose a new train-
ing strategy named Deep Alignment (DA). Motivated by the
observation that LVLMs inherently encode harmfulness in-
formation in their activation space (Arditi et al. 2024; Wang
et al. 2024c), we construct a harmfulness vector that cap-
tures the semantic direction distinguishing malicious from
benign queries within the model’s internal representations.
The VSP is then trained to maximize the projection for ma-
licious queries and minimize it for benign ones along this
vector, thereby amplifying the model’s latent capacity for
safety discrimination.

We conduct extensive experiments to evaluate DAVSP
and compare it with existing safety alignment approaches.
Experimental results show that DAVSP consistently outper-
forms prior approaches, providing stronger defense against
malicious queries while better preserving benign utility on
both in-distribution and out-of-distribution datasets. Addi-
tionally, DAVSP demonstrates strong generalization across
multiple LVLMs without additional tuning. Ablation stud-
ies also show that both the VSP and DA are essential to the
overall effectiveness of our approach.

2 Background and Related Work
2.1 Vulnerability of LVLMs
Despite their strong capabilities, LVLMs remain vulnera-
ble to malicious queries that can elicit harmful or policy-
violating responses (Ye et al. 2025; Jin et al. 2024; Zong
et al. 2024; Zhang et al. 2024a). This vulnerability is es-
pecially challenging when benign-looking textual input is
combined with visual inputs that implicitly encode ma-
licious intent (Liu et al. 2024c; Gong et al. 2025). Re-

cent studies have systematically examined this vulnerability
through a variety of safety benchmarks. MM-SafetyBench
covers 5,040 examples across 13 harmful scenarios, featur-
ing queries generated by stable diffusion and typographic
editing (Liu et al. 2024c). FigStep contains 500 image-text
pairs with harmful intent subtly embedded in incomplete ty-
pographic prompts (Gong et al. 2025). VLGuard contains
over 3,000 image-text pairs labeled as either malicious or
benign. Unlike benchmarks that focus on subtly embed-
ded threats, VLGuard features explicit harmful content pre-
sented in the image, the text, or both (Zong et al. 2024).
Since this paper focuses on defending against malicious in-
puts in the visual modality, we select MM-SafetyBench and
FigStep as our evaluation benchmarks.

2.2 Safety Alignment for LVLMs
To enhance LVLMs’ resistance to malicious queries, re-
cent research has explored various safety alignment strate-
gies (Jin et al. 2024; Ma et al. 2025). A straightforward ap-
proach is to train LVLMs to refuse harmful queries using
RLHF (Zhang et al. 2024c) or SFT (Li et al. 2024). While
effective to some extent, they require a substantial computa-
tional cost and extensive labeled data, lacking scalability.

Among various approaches (Wang et al. 2024c; Zheng
et al. 2024; Gou et al. 2024), the most practical and
lightweight are those that achieve safety alignment by apply-
ing simple modifications to the input, such as textual safety
prompts or safety perturbations. In this setting, the visual
input is transformed via a visual transformation function,
while the textual input is concatenated with a safety prompt:

x̂v = T (xv, δ), x̂t = [τt;xt], (1)
where δ denotes a visual perturbation, τt represents a textual
safety prompt, with T (·) denoting a visual transformation
function and [ ; ] indicating text concatenation.

Textual safety prompts have been explored through both
non-optimized strategies, such as AdaShield (Wang et al.
2024d), and optimized strategies, such as PAT (Mo et al.
2024). However, they ignore the visual input, which signif-
icantly reduces their reliability against multimodal threats.
To address this gap, recent methods such as ESIII (Hao et al.
2025) and UniGuard (Oh et al. 2024) introduce additive per-
turbations into the visual input, referred to as safety pertur-
bations, to align the model’s behavior with safety objectives
during inference. In this setting, the visual transformation
function takes the following form:

T (xv, δ) = xv + δ, (2)
where δ is a trainable perturbation, guiding the model to-
ward safer responses. While such approaches have demon-
strated better safety alignment, they still fail to resist ma-
licious queries reliably and often degrade utility on benign
ones. In this work, we propose a novel alignment approach
to address the aforementioned limitations.

3 Threat Model
3.1 Attacker Setting
Goal. The attacker aims to induce harmful or policy-
violating outputs by submitting image-text queries with ma-
licious intent. Because textual threats are often detected by
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standard safety mechanisms (Zhang et al. 2025), adversaries
typically embed malicious intent subtly in the visual input.
Knowledge and Capability. We assume a black-box adver-
sary who can only interact with the model through input-
output queries. This excludes white-box attacks, which,
while common in academic research, are rarely applicable in
practical deployment scenarios such as API-based services.

3.2 Defender Setting
Goal. The goal of the defender is to enhance the ability of
models to resist malicious queries and preserve the models’
utility on benign queries.
Knowledge and Capability. To avoid introducing any ad-
ditional latency or resource overhead during inference, we
restrict the defender to making only simple input modifica-
tions before inference. We also consider two scenarios based
on the defender’s access to the target LVLM. (1) White-
box. We assume the defender (e.g., model developers) has
full access to the model architecture, parameters, and activa-
tions, enabling direct training of the visual safety prompt on
the target LVLM. (2) Black-box. We assume the defender
(e.g., third-party service providers) interacts with the model
via APIs, without access to internal details. Here, the visual
safety prompt is trained on a surrogate white-box model and
transferred to the black-box target without further tuning.

4 Methodology
In this section, we present the details of DAVSP. We begin
by introducing a paradigm shift from conventional additive
perturbations to a novel padding-based visual safety prompt.
We then present Deep Alignment, which trains the visual
safety prompt by constructing a supervision signal from the
model’s internal activation space. Finally, we describe how
the trained visual safety prompt is applied to LVLMs in a
plug-and-play manner. Figure 2 shows how DAVSP works.

4.1 Visual Safety Prompt
To address the intrinsic flaws of existing safety perturba-
tions, which inevitably impact visual features and result in a
narrow optimization space, we introduce the Visual Safety
Prompt (VSP). Inspired by the visual prompt tuning (Jia
et al. 2022; Zhang et al. 2024d; Chen et al. 2023), we design
the visual safety prompt as a trainable padding surrounding a
resized version of the image. Formally, we define the visual
transformation function T (·, ·) in Equation 1 as follows:

T (xv, δ) = m⊙ δ + Resize(xv), (3)

where xv ∈ R3×H×W denotes the original input image, δ ∈
R3×H×W is the trainable visual safety prompt, and m ∈
{0, 1}3×H×W is a binary mask indicating the padded region.
The function Resize(·) resizes xv to a lower resolution H ′×
W ′, and centers the resized image within a blank canvas of
size H × W by zero-padding the surrounding areas. It is
worth noting that resizing is widely used in LVLM pipelines
and typically causes negligible degradation to visual features
(Zhang et al. 2024d; Liu et al. 2023; Zhu et al. 2023). If the
padding width is p on each side, then H ′ = H − 2p and
W ′ = W − 2p, The element-wise multiplication m ⊙ p

LVLM

Malicious Query

Benign Query

Harmfulness 
Vector

Figure 2: Overview of DAVSP. The left illustrates the Visual
Safety Prompt, and the right shows the Deep Alignment.

ensures that the visual safety prompt does not modify the
pixel values of the resized input image.

Unlike existing safety perturbations, our visual safety
prompt provides a new perspective on the safety alignment
for LVLMs. It has two unique advantages: (1) By avoiding
direct modifications to the visual inputs, it preserves critical
visual features and the utility of models on benign queries;
(2) By removing the strict constraints on the pixel-level mag-
nitude, it enables a broader optimization space, allowing for
the training of more effective safety prompts.

4.2 Deep Alignment
After defining the visual safety prompt, the next challenge is
to train it to safeguard LVLMs effectively. Prior works opti-
mize at the response level, often resulting in shallow align-
ment (Hao et al. 2025; Oh et al. 2024). To address this issue,
we propose Deep Alignment (DA). Our motivation is that
recent studies have shown that malicious and benign queries
tend to induce distinguishable patterns in the model’s acti-
vation space, indicating a latent ability to perceive the harm-
fulness of user queries (Wang et al. 2024c; Ball, Kreuter, and
Panickssery 2024). Thus, Deep Alignment constructs super-
vision signals from activation space to guide the training of
the visual safety prompt, which is expected to unlock the
LVLM’s inherent ability to resist malicious queries. Specifi-
cally, it consists of the following two steps:
Step 1: Harmfulness Vector Construction. A key chal-
lenge in achieving deep alignment is to construct supervi-
sion signals that reflect the model’s perception of harmful
intent. Prior works have shown that it is possible to extract
vectors from the activation space that are associated with
harmfulness (Arditi et al. 2024; Wang et al. 2024c; Zou et al.
2023). Inspired by this observation, we construct a harmful-
ness vector, representing the direction of harmfulness in the
model’s activation space. In the following, we describe how
this vector is constructed using a contrastive approach in-
spired by prior work (Arditi et al. 2024; Wang et al. 2024c).

First, let Dmalicious and Dbenign denote two datasets consist-
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ing of N malicious multimodal queries that are consistently
rejected by the model and M benign queries, respectively.
For each query, we extract the hidden state corresponding
to the last input token at a specified decoder layer l, which
is assumed to encode a comprehensive representation of the
input and the model’s intended response.

We then compute the mean activation difference between
the malicious and benign queries. Formally, let amalicious

i,l and
abenign
j,l denote the activation of the final input token at layer

l for the i-th malicious and j-th benign query, respectively.
The unnormalized harmfulness vector v′

l is computed as:

v′
l =

1

N

N∑
i=1

amalicious
i,l − 1

M

M∑
j=1

abenign
j,l . (4)

Finally, to ensure unit scale, we normalize the vector to ob-
tain the final harmfulness vector vl.

The resulting vector vl serves as an internal supervision
signal to guide the subsequent training. In Section 5.6, we
further validate that this vector reliably reflects harmful in-
tent in the model’s activation space.
Step 2: Visual Safety Prompt Training. After obtaining the
harmfulness vector, we train the visual safety prompt by su-
pervising the model’s internal representations along this di-
rection. This encourages the model to distinguish malicious
from benign queries at a deeper level, reinforcing internal
alignment with safety principles.

We use vl as a projection axis in the activation space and
seek to supervise the model by shaping the projections of in-
ternal representations along this direction. Let hl(x) denote
the hidden state of the last input token at layer l, where x
is the multimodal input pair after applying the visual safety
prompt. We define the projected scalar as:

s(x) = v⊤
l · hl(x). (5)

A straightforward training strategy would be to maximize
the projection s(x) for malicious queries while minimizing
it for benign ones. However, this unconstrained separation
objective leads to undesirable side effects: it tends to exces-
sively suppress the model’s internal activations for benign
inputs, which may impair the model’s ability to generate
meaningful responses. Our preliminary experiments show
that this approach severely compromises the model’s utility.

To mitigate this issue, we design a margin-based objec-
tive that enforces a bounded separation between malicious
and benign queries in the activation space. Specifically, we
define two projection margins, µ+ and µ−, representing the
expected activation ranges for malicious and benign queries,
respectively, with µ+ > µ−. These margins are computed
as the mean projected activations from the corresponding
queries used to construct vl, thereby establishing a data-
driven decision boundary. Based on this, we define the pri-
mary training objective as a loss Lproj, which encourages the
projections of malicious queries to exceed µ+ and those of
benign queries to fall below µ−. Formally:

Lproj =
1

B

∑
x∈B

[
Imalicious(x) ·max(0, µ+ − s(x))

+ Ibenign(x) ·max(0, s(x)− µ−)
]
, (6)

where B denotes a training batch, and Imalicious(x), Ibenign(x)
are binary indicator functions that evaluate to 1 if x is la-
beled as malicious or benign, respectively, and 0 otherwise.

This supervision enhances the model’s ability to distin-
guish between malicious and benign queries by encouraging
a separation along the harmfulness vector. Following prior
work (Hao et al. 2025; Oh et al. 2024), We also retain an
auxiliary cross-entropy loss Loutput between the model’s out-
put and the ground-truth response ytarget:

Loutput = LCE (P (· | T (xv, δ), xt) , ytarget) . (7)

We jointly train the visual safety prompt p using both the
Lproj and Loutput, leading to the following objective:

Ltotal = Lproj + λ · Loutput, (8)

where λ balances the two losses. Gradients are computed by
backpropagation through the frozen LVLM, updating only
the visual safety prompt parameters. Further training details
are provided in the Extended Version.

4.3 Inference-Time Deployment
At inference time, the trained visual safety prompt is applied
by padding it around the original image, forming the trans-
formed visual input x̂v as defined in Equation 1. This pro-
cess requires no modification to the model architecture or
inference flow. Following prior work (Hao et al. 2025; Oh
et al. 2024), we pair the visual safety prompt with a textual
safety prompt to enhance safety alignment. The choice of
textual prompt is flexible and can be selected from existing
methods (Wang et al. 2024d; Mo et al. 2024). The textual
safety prompt is concatenated with the user’s input to form
the transformed textual input x̂t. The model then receives
(x̂v, x̂t) as input. Through this coordinated application of vi-
sual and textual safety prompts, our approach ensures align-
ment from both modalities while preserving compatibility
with existing inference pipelines.

5 Experiments
In this section, we systematically evaluate DAVSP. We first
detail the experimental setup. We then assess DAVSP from
the following perspectives: (1) How does DAVSP perform in
resisting malicious queries? (2) How does DAVSP perform
in preserving the LVLMs’ utility on benign queries? (3) Is
DAVSP transferable across different LVLMs? (4) How do
the visual safety prompt and deep alignment contribute to
the performance of DAVSP? (5) Does the harmfulness vector
provide a reliable supervision signal for deeper alignment?

5.1 Experimental Setup
Datasets. (1) For harmfulness vector construction, we
select 470 easily-rejected malicious queries and 470 ran-
dom benign queries from VLGuard (Zong et al. 2024). (2)
For visual safety prompt training, we use 600 challeng-
ing malicious samples from MM-SafetyBench (Liu et al.
2024c) and 100 benign samples from MM-Vet (Yu et al.
2023). (3) For evaluation, we adopt a diverse set of test
benchmarks covering both in-distribution (ID) and out-of-
distribution (OOD) scenarios. Here, ID refers to queries
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Methods
MM-VetID MMEOOD

LLaVa-BenchOOD

rec ocr know gen spat math total MME-P MME-C total

LLaVA-1.5-13B

No Defense 42.91 32.26 32.80 38.48 31.62 11.77 39.24 1531 287 1818 69.8
Adashield-S 40.28 34.76 31.76 33.52 36.38 12.35 38.66 1258 280 1538 63.6
Adashield-A 40.05 35.25 30.56 36.17 34.22 17.18 38.57 1324 282 1606 61.2
PAT 42.28 28.93 33.60 36.23 30.99 10.39 37.54 1290 292 1582 60.1
UniGuard 33.23 25.28 22.20 21.96 30.00 11.77 29.87 1050 306 1356 49.7
ESIII 41.01 30.38 30.70 31.85 36.49 15.88 37.63 1124 279 1403 56.5
DAVSP 40.89 35.85 32.60 37.61 32.97 18.82 39.07 1318 284 1602 63.6

Qwen2-VL-7B-Instruct

No Defense 58.73 67.55 51.80 56.96 63.78 57.65 63.22 1664 624 2288 83.0
Adashield-S 58.51 65.17 54.08 57.78 55.68 58.35 61.44 1507 589 2096 73.6
Adashield-A 58.56 65.16 54.64 58.57 55.19 56.59 61.64 1502 609 2111 71.2
PAT 54.87 58.59 48.30 52.72 51.89 51.18 56.44 1478 578 2056 71.4
UniGuard 29.87 37.62 19.72 23.00 31.19 35.18 31.95 1238 540 1778 57.1
ESIII 54.11 57.45 51.10 55.87 46.89 50.00 55.93 1419 572 1991 68.9
DAVSP 58.79 62.19 53.36 58.39 56.97 52.35 61.61 1549 597 2146 75.2

Table 1. Utility scores between DAVSP and baselines on LLaVA-1.5-13B and Qwen2-VL-7B-Instruct across MM-Vet, MME,
and LLaVa-Bench (In-the-Wild). Bold and underlined values denote best and second-best performance, respectively.

that come from the same distribution as the training data,
while OOD includes queries from different distributions or
with novel patterns not seen during training. Specifically,
we use MM-SafetyBench (Liu et al. 2024c) as the ID ma-
licious evaluation dataset and MM-Vet (Yu et al. 2023) as
the ID benign evaluation dataset. For both datasets, exam-
ples used for training have been removed. For OOD evalu-
ation, we use FigStep (Gong et al. 2025) as the malicious
dataset and LLaVA-Bench (In-the-Wild) (Liu et al. 2024b)
and MME (Fu et al. 2023) as the benign datasets. Notably,
there is no overlap among the datasets used for vector con-
struction, prompt training, and evaluation. Further details
are provided in the Extended Verion.

Evaluation Metrics. We adopt two main evaluation metrics,
both with higher values indicating better performance: Re-
sist Success Rate (RSR) and utility score. (1) RSR measures
the proportion of malicious queries that the model success-
fully resists. Unlike previous works (Wang et al. 2024d; Hao
et al. 2025) that rely on string-matching heuristics—which
often result in high false positive rates, such as misclassify-
ing responses that superficially refuse but still leak harmful
content—we use DeepSeek-V3 to assess safety (Liu et al.
2024a). (2) Utility score evaluates whether DAVSP preserves
model performance on benign queries, following the official
protocols provided by each benchmark.

Baselines. We compare DAVSP with four recent popular
safety alignment baselines. For textual safety prompts, we
consider AdaShield (Wang et al. 2024d), including both the
static AdaShield-S and adaptive AdaShield-A variants, as
well as PAT (Mo et al. 2024). For safety perturbations, we in-
clude ESIII (Hao et al. 2025) and UniGuard (Oh et al. 2024).

Implementation Details. We conduct experiments on two
representative LVLMs: LLaVA-1.5-13B (Liu et al. 2023)
and Qwen2-VL-7B-Instruct (Wang et al. 2024b). The

Methods MM-SafetyBenchID
FigStepOOD

SD+TYPO SD TYPO

LLaVA-1.5-13B

No Defense 65.54 86.42 65.47 43.00
Adashield-S 81.96 93.99 94.39 44.20
Adashield-A 85.61 94.59 93.31 63.40

PAT 70.74 88.85 77.36 50.20
UniGuard 88.65 97.91 99.53 46.80

ESIII 91.96 95.74 99.19 70.80
DAVSP 98.72 98.45 99.80 84.20

Qwen2-VL-7B-Instruct

No Defense 62.77 88.11 81.69 73.60
Adashield-S 96.42 98.92 99.19 96.80
Adashield-A 97.57 99.26 99.12 98.20

PAT 70.48 92.03 89.73 90.20
UniGuard 98.31 99.66 99.80 98.00

ESIII 98.65 98.99 99.26 98.20
DAVSP 99.12 99.53 99.86 99.20

Table 2. RSRs between DAVSP and baselines on LLaVA-
1.5-13B and Qwen2-VL-7B-Instruct.

padding width p is set to 30 and λ to 0.1. The prompt is
trained for 1,200 steps with a batch size of 2. At each step,
the perturbation is updated with a fixed step size α = 1/255
using a PGD-style rule (Madry et al. 2017; Zhang et al.
2024b). Following ASTRA (Wang, Wang, and Zhang 2025),
we apply supervision at the middle layer (layer 14 for 7B-
scale models and layer 20 for 13B-scale models), where
high-level semantic features are prominently encoded as
demonstrated in prior work (Ball, Kreuter, and Panickssery
2024; Wang et al. 2024c; Li et al. 2025). To ensure a fair
comparison, we unify the textual safety prompts across all
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safety perturbation baselines and DAVSP using AdaShield-
S, a simple handcrafted prompt from prior work (Wang et al.
2024d).

5.2 Resistance against Malicious Queries
The key goal of DAVSP is to enhance the model’s re-
sistance to malicious queries. In this section, we evalu-
ate the effectiveness of DAVSP by comparing it with base-
lines on two malicious query benchmarks and report the
RSRs in Table 2. DAVSP achieves substantially higher RSRs
than all baselines on both in-distribution (MM-SafetyBench)
and out-of-distribution (FigStep) evaluation, demonstrating
strong effectiveness and generalization. For example, on the
SD+TYPO subset of MM-SafetyBench, DAVSP achieves an
RSR of 98.72% on LLaVA-1.5-13B and 99.12% on Qwen2-
VL-7B-Instruct. On FigStep, the RSR reaches 84.20% and
99.20% on the two models, outperforming all baselines.
Additionally, approaches that leverage safety perturbations
or our visual safety prompts often achieve higher RSRs
than those relying solely on textual safety prompts. For in-
stance, on LLaVA-1.5-13B, ESIII achieves 91.96% on the
SD+TYPO subset, compared to 85.61% for AdaShield-A.
Similar trends are observed across other settings.

5.3 Utility on Benign Queries
Beyond resisting malicious queries, preserving utility on
benign queries is also essential for practical deployment.
In this section, we evaluate DAVSP and baselines on three
benchmarks: MM-Vet, MME, and LLaVA-Bench (In-the-
Wild). Utility scores for all approaches are reported in Ta-
ble 1. DAVSP consistently outperforms safety perturbations
on almost all utility metrics. For example, on LLaVA-1.5-
13B, DAVSP surpasses ESIII by 1.44 on MM-Vet and by
7.1 on LLaVA-Bench. Compared to textual safety prompts,
DAVSP matches or even exceeds their performance on many
metrics. For example, on LLaVA-1.5-13B, DAVSP achieves
an MME-P score of 1318, which is higher than Adashield-
S (1258) and PAT (1290), and close to Adashield-A (1324).
This demonstrates that DAVSP preserves the model’s per-
ception ability with minimal utility loss.

5.4 Generalization Ability across LVLMs
To reflect the threat model where defenders may only in-
teract with LVLMs through third-party APIs, we assess the
cross-model generalization ability of DAVSP. Specifically,
we train the visual safety prompt on LLaVA-1.5-13B and
directly apply it to Qwen2-VL-7B-Instruct, Deepseek-VL-
7B-Chat (Lu et al. 2024), and LLaVA-1.5-7B. Since DAVSP
incorporates a textual safety prompt during inference, we
also include a baseline using the same textual safety prompt
alone. Evaluation is conducted on MM-SafetyBench and
FigStep, with results reported in Table 3. Compared to the
baselines, DAVSP consistently improves the RSRs on nearly
all models and benchmarks.

We also observe in a case study that the prompt trained
on LLaVA-1.5-13B can effectively resist malicious queries
in GPT-4o, highlighting the potential of DAVSP for deploy-
ment in commercial multimodal systems. The correspond-
ing cases are provided in the Extended Version.

Methods MM-SafetyBenchID

FigStepOOD

SD+TYPO SD TYPO

Qwen2-VL-7B-Instruct

No Defense 62.77 88.11 81.69 73.60
Only TSP 96.42 98.92 99.19 96.80

DAVSP 96.89 99.05 99.39 98.00

Deepseek-VL-7B-Chat

No Defense 60.98 91.46 79.88 58.00
Only TSP 89.73 98.92 95.07 67.40

DAVSP 90.07 99.05 94.53 70.40

LLaVA-1.5-7B

No Defense 58.45 82.23 59.32 44.80
Only TSP 98.72 99.86 99.73 99.40

DAVSP 99.59 99.86 100.00 100.00

Table 3. Generalization evaluation of DAVSP. Only TSP
refers to applying only the textual prompt used in DAVSP.

5.5 Ablation Studies
We conduct ablation studies on LLaVA-1.5-13B to analyze
the impact of each component in our approach. Results are
reported in Table 4.
Visual Safety Prompt (VSP). Replacing VSP with addi-
tive perturbations significantly reduces both safety and util-
ity. Specifically, the RSR on FigStep decreases from 84.20%
to 76.20%, demonstrating that VSP effectively expands the
optimization space and leads to improved alignment perfor-
mance. Notably, the overall MME utility score (including
MME-P for perception and MME-C for cognition) drops
from 1602 to 1516. This decrease is mainly due to a sub-
stantial drop in MME-P (from 1318 to 1228), while MME-C
remains nearly unchanged. This indicates that VSP is crucial
for preserving the model’s perception of visual features.
Deep Alignment (DA). When DA is removed—that is,
when training relies solely on optimizing Loutput in Equa-
tion 7—alignment performance declines significantly. For
example, on the FigStep, the RSR decreases from 84.20% to
67.00%, confirming that activation-level supervision is cru-
cial for resisting malicious queries.
Key Hyperparameters. We also conducted ablation studies
on key hyperparameters, including padding size p, decoder
layer l, and balance coefficient λ. Based on the results, we
select suitable parameters that achieve a good trade-off be-
tween safety and utility for the main experiments. Detailed
results are available in the Extended Version.

5.6 Evaluation of Harmfulness Vector
In this section, we verify whether the harmfulness vector vl

and its associated margin thresholds µ+ and µ− provide reli-
able supervision signals for deeper safety alignment. To this
end, we investigate if adjusting the projection s(x) onto vl

can consistently influence the model’s resistance behavior.
For each input x, we prepend a textual safety prompt and
compute its hidden state projection s(x) onto vl. We con-
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VSP DA MM-SafetyBenchID
FigStepOOD MM-VetID MMEOOD

LLaVA-BenchOOD

SD+TYPO SD TYPO MME-P MME-C total

✗ ✗ 85.68 95.47 88.58 59.20 32.73 1243 279 1522 55.0
✗ ✓ 96.55 97.43 98.78 76.20 33.99 1230 286 1516 55.9
✓ ✗ 88.38 97.91 93.99 67.00 37.03 1298 282 1580 61.4
✓ ✓ 98.72 98.45 99.80 84.20 39.07 1318 284 1602 63.6

Table 4. Ablation study of DAVSP on LLaVA-1.5-13B. We report resistance to malicious queries and utility on benign queries.

Dataset Original Projection ↑ Projection ↓
SafetyBench 90.11 95.10 (+4.99) 73.74 (-16.37)
FigStep 43.00 70.40 (+27.40) 38.60 (-4.40)

Table 5. RSRs before and after intervention on LLaVa-1.5-
13B. SafetyBench is the abbreviation for MM-SafetyBench.

Methods FigStep MME MM-Vet

No Defense 43.00 1798 69.8
Only ECSO 80.80 1821 68.5

Only DAVSP 84.20 1602 63.6
Adaptive Integration 86.80 1822 68.3

Static Integration 94.20 1602 62.6

Table 6. RSRs and utility scores of DAVSP and ECSO inte-
gration on LLaVA-1.5-13B.

duct two test-time interventions: Projection ↑, increasing
projections below µ+ up to µ+; and Projection ↓, decreas-
ing projections above µ− down to µ−. The hidden state at
layer l is updated accordingly:

hnew
l = hl + (starget − s(x)) · vl. (9)

Results in Table 5 indicate that increasing projections sig-
nificantly improves RSRs, while decreasing projections re-
duces them. These findings confirm that the harmfulness
vector reliably captures harmful intent, providing a reliable
supervision signal for deeper safety alignment.

6 Discussion
6.1 Integration with Detection-Based Defenses
There exist detection-based approaches that resist malicious
queries through additional evaluation (Gou et al. 2024; Pi
et al. 2024). For example, ECSO prompts the model to self-
evaluate its response, and if deemed unsafe, converts the vi-
sual input into a textual summary to mitigate harmful out-
puts (Gou et al. 2024). As they mainly focus on external
evaluation rather than internal alignment, we view them as
complementary to our approach. To validate this, we com-
bine DAVSP with ECSO using two integration strategies:

• Adaptive Integration: DAVSP is applied only when
ECSO identifies the initial response as unsafe, and the
enhanced input is then re-evaluated.

• Static Integration: DAVSP is applied to all visual inputs
before ECSO starts.

We evaluated the integration strategies on all selected
datasets, with representative results presented in Table 6.
Adaptive integration preserves benign utility close to the
no-defense setting while substantially improving RSRs
over ECSO alone. Static integration pushes RSRs to
nearly 100%, with only minor utility loss. These findings
demonstrate that DAVSP can be effectively combined with
detection-based defenses to achieve both enhanced safety
and utility in real-world deployment.

6.2 Robustness against Adversarial Examples
We notice recent works have shown that LVLMs are vul-
nerable to adversarial examples crafted via gradient-based
methods (Qi et al. 2024a; Shayegani, Dong, and Abu-
Ghazaleh 2023). To evaluate the robustness of DAVSP, we
select 100 queries from MM-SafetyBench and generate ad-
versarial images using DIM (Xie et al. 2019), which applies
random transformations such as resizing during optimiza-
tion. It is worth noting that DIM assumes white-box access,
which is used here solely for stress testing. For a fair com-
parison, we include a baseline that uses the same setup as
DAVSP but replaces the visual safety prompt with random
pixel values. All experiments are conducted on LLaVA-1.5-
13B. Results show that DAVSP achieves an RSR of 93%,
compared to only 81% for the baseline, demonstrating its
potential to defend against adversarial examples.

6.3 Reliability of LLM Judgment
To verify the reliability of LLM judgment, we randomly
sampled 130 responses and asked the student authors to per-
form human evaluation using the same criteria. The agree-
ment between human and LLM judgments reached 96%,
confirming the reliability of the LLM judgment.

7 Conclusion
In this paper, we present DAVSP, which effectively addresses
critical challenges in LVLM safety alignment by leverag-
ing Visual Safety Prompt and Deep Alignment. The Visual
Safety Prompt preserves critical visual features and signif-
icantly expands the optimization space compared to exist-
ing safety perturbations. Meanwhile, Deep Alignment un-
locks the model’s intrinsic capability to distinguish mali-
cious queries from benign ones, directly addressing the shal-
low alignment issues prevalent in prior approaches. Exten-
sive experiments demonstrate that DAVSP consistently out-
performs existing approaches in resisting malicious queries,
without incurring significant degradation in benign utility.
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