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Abstract

Large Vision-Language Models (LVLMs) have achieved re-
markable performance in various domains. However, their
integration of new visual modality into base Large Lan-
guage Models (LLMs) may introduce additional security
vulnerabilities. To explore the safety boundaries of LVLMs
which contribute to building more trustworthy and reliable
models, jailbreaking LVLMs has been a preliminary and es-
sential research direction. Existing jailbreaking methods
are facing increasing challenges with the development of
visual security detection mechanism. Moreover, these ap-
proaches overemphasize images design while neglecting the
role of textual prompts, resulting in weak cross-modal syn-
ergy. To address both limitations, we propose a novel frame-
work named Persuasion in Scene (PIS): a multi-agent typo-
graphic jailbreak crew against LVLMs. The crew comprise
three specialized agent teams: PROMPTER, PAINTER, and
GUIDER. Each team is equipped with a supervisor to en-
sure its work efficiency and quality. Extensive experiments
demonstrate the effectiveness of our proposed PIS. PIS
achieves an average attack success rate (ASR) of over 60%
against advanced LVLMs including GPT-40, Gemini 2.5
Flash, Qwen3-VL-Plus, and GLM-4.5V, significantly out-
performing other challenging methods.

1. Introduction

Large Vision-Language Models (LVLMs) have recently
demonstrated remarkable capabilities in understanding
multimodal information, enabling various applications such
as image captioning and visual question answering. Due
to outstanding performance in visual-textual content align-
ment and processing of multimodal models such as GPT-
40 [12], Gemini [25], Qwen-VL [1], and LLaVA [15], they
are widely used in healthcare diagnostics [10, 30] and au-
tonomous driving [6, 27, 34]. However, this rapid prolifera-
tion has simultaneously raised public concerns about safety.
Although LVLMs inherit safety alignments from their foun-
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dational Large Language Models (LLMs), recent studies
[8, 13, 21, 23] have revealed that their increased vulnera-
bility to adversarial attacks, largely attributable to the in-
troduction of image modality. Consequently, investigating
jailbreak in LVLMs is imperative research for securing mul-
timodal systems.

To exploit the vulnerability of visual safety mechanisms
in LVLMs, existing studies [9, 21, 31] propose white-box
attack methods using model gradient information to gener-
ate adversarial images for jailbreaking. In contrast, black-
box attacks for closed-source models assume attackers can
only modify inputs for harmful content generation. A key
paradigm in black-box attacks is the use of “typography”
technology. For example, FigStep [8] typesets text instruc-
tions onto images indirectly to achieve the transfer of harm-
ful information, while other methods [13, 16, 17] “con-
catenate” typographic images with auxiliary visuals such as
scene-related images to steer the target model toward gen-
erating harmful responses. Although these methods have
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proven effective for early LVLMs, their limitations have
gradually emerged due to the improved visual detection
tools for harmful information in these attack images and ad-
vances in cross-modal security mechanisms. Through sys-
tematic analysis, we empirically demonstrate two key limi-
tations in current black-box attack paradigms using “typog-
raphy and concatenation” techniques. First, the attack im-
ages constructed by these methods lack continuity and natu-
ralness, making the harmful information so distinct that ad-
vanced LVLMs can detect it easily and trigger the security
mechanism, leading to attack failure (Fig. 1). Second, ex-
isting methods overemphasize image design while neglect-
ing textual prompts design, causing an imbalance in cross-
modal attacks. However, recent studies [ 17, 24] have shown
that cross-modal consistency between textual prompts and
images is crucial for successful LVLM jailbreaking. To ad-
dress both limitations, we hypothesize and experimentally
verify that elementizing harmful information and integrat-
ing it naturally into scenario-relevant images can bypass vi-
sual security detection. Moreover, we use logical rewriting
and data citation strategies to design “structured persuasive
prompts”, which enable the text modality to participate in
jailbreaking actively.

Based on the above analysis, we propose a black-box
framework Persuasion in Scene (PIS), which is a novel
multi-agent crew for jailbreaking against LVLMs. PIS au-
tomatically generates a structured persuasive prompt and a
scenario typographic image from an original harmful in-
struction, with the entire process driven by agent teams
without human intervention. Specifically, the crew operates
in three collaborative team: the PROMPTER team rewrites
the harmful instruction using logical rewriting and data ci-
tation strategies; The PAINTER team embeds extracted
harmful keywords into a scene image as reasonable clue,
thereby ensuring the image is natural and continuous; and
the GUIDER team sanitizes the text and enhances cross-
modal synergy between the generated text and image.

In summary, our key contributions are as follows:

* We systematically analyze the limitations of existing
black-box attacks based on “typography and concatena-
tion” techniques, identifying two issues: lack of image
naturalness and imbalance in cross-modal coordination.

* We introduce PIS, a novel jailbreak framework leveraging
multi-agent crew collaboration. The framework comprise
three specialized agent teams (PROMPTER, PAINTER,
GUIDER) overseen by a supervisory mechanism. This
enables PIS to achieve end-to-end, automated, and train-
free attack samples generation while ensuring high cross-
modal consistency between generated “structured persua-
sive prompts” and “scenario typographic images”.

* Extensive experiments demonstrate that PIS achieves
an average Attack Success Rate (ASR) exceeding 60%
across various mainstream closed-source and open-source

LVLMs, including GPT-40, Gemini 2.5 Flash, Qwen3-
VL-Plus, and GLM-4.5V. This performance significantly
surpasses other challenging methods, validating the effec-
tiveness and robustness of our framework.

2. Related Work

2.1. Jailbreak Attacks against LL.Ms

In recent years, Large Language Models (LLMs) have been
widely adopted in practical applications. Meanwhile, re-
search directions focused on jailbreaking them have grown
more diverse. These jailbreaking methods can be roughly
categorized into two types: gradient optimization-based
approaches represented by GCG [36] and gradient-free
prompt engineering methods represented by “Do-Anything-
Now (DAN)” series [28]. Notably, among gradient-free
methods, a paradigm focused on generating persuasive
prompts through strategies such as logical appeal, role-
playing, and scenario construction has recently emerged as
a prominent trend. For instance, PAP [32] proposes a tax-
onomy of persuasion strategies for automatic prompt gen-
eration; PAIR [2] iteratively refines prompts through “at-
tacker—target model” interaction; Shah et al. [22] leverage
persona design to elicit harmful outputs from target model.
Despite significant progress in LLMs jailbreaking, this per-
suasive logic paradigm is confined to the textual modality
due to LLMs’ unimodal nature. We not only apply such
logic to textual prompts rewriting but also extend it to the
visual modality such as generating immersive inducing im-
ages through role-playing and scenario-based design.

2.2. Jailbreak Attacks against LVLMs

Based on different access rights to target models, jail-
break attacks on LVLMs are categorized into white-box
and black-box attacks. White-box methods [9, 21, 31] rely
on model parameters and gradient information. However,
black-box attacks do not require internal model informa-
tion, instead achieving jailbreak by transferring harmful
textual information to the visual modality. For instance,
FigStep [8] embeds harmful text onto blank images using
typographic technology; Some studies [13, 16] find that
the relevance between input images and harmful informa-
tion is positively correlated with attack success rate. There-
fore, they generate query-relevant images and concatenat-
ing them with typographic images containing harmful in-
formation to make an attack image; Moreover, SI-Attack
[33] enhances attack effectiveness by shuffling attack im-
ages and textual prompts. However, with the improve-
ment of LVLMs’ security mechanisms, discontinuous im-
ages generated by typography and concatenation techniques
are prone to visual security detection of hidden harmful in-
formation, leading to model refusal [18]. Moreover, recent
studies [ 17, 24] indicate that text-image cross-modal consis-
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tency is the key to successful jailbreaking, but most existing
methods overemphasize image design while underempha-
sizing the design of text, resulting in imbalanced attacks.

2.3. Evolution of Automation and Agent Frame-
works for Jailbreak Attacks

Early jailbreak attacks relied heavily on manual operations,
suffering from low efficiency, poor scalability, and difficulty
covering complex scenarios. With technological evolution,
automated jailbreak sample generation has become a trend.
For LLMs jailbreaking, PAIR [2] and PAP [32] automati-
cally generate jailbreak prompts for target black-box LLMs
by constructing an attacker LLM; For LVLMs jailbreaking,
studies like FigStep [8], HADES [13], HIMRD [17], have
also proposed methods to automatically generate jailbreak
prompts and images. Meanwhile, multi-agent systems have
emerged as a key direction for solving complex tasks due to
their strong collaboration. AgentVerse [4] simulates human
group problem-solving processes, demonstrating excellent
performance in some tasks; The AutoAgents [3] framework
adaptively generates and coordinates multi-agents based on
task requirements, with an additional observer role to opti-
mize architectural division of labor. These studies provide
an architectural reference for designing framework which
can automatically generate jailbreak samples in this paper.

3. Methodology

3.1. Preliminaries

Jailbreak Attack Against LVLMs. We define a LVLM as
My, with the text and vision domains denoted as T and V,
respectively. The model receives a text input x; € T and a
visual input x,, € V to generate a response y € T. A jail-
break attack on the target model M aims to elicit a desired
harmful output y; € T. This requires the attacker to design
a jailbreak strategy. Common strategies include exploiting
the weaker security mechanisms of the visual modality by
transfer the harmful information ¢ € T into the visual input
T, via a strategy ¢,,. Alternatively, the harmful information
is distributed across both modalities via strategies ¢; and ¢,
to generate x; and z,, thereby circumventing the LVLM’s
multimodal security defenses. The objective of a jailbreak
attack on an LVLM can be expressed as:

Mgliglize L (ye, Mo (24, 0)) , (D
where (24, 2,) = (¢¢(t), du(1)).
3.2. Motivation

As shown in Eq. (1), successful jailbreaking depends criti-
cally on designing an effective jailbreak strategy ¢(-). Ex-
isting black-box methods (e.g., typography and concatena-
tion) sanitize text prompts, but harmful information in their

blunt visual presentation remains easily detectable by the
visual security mechanisms in LVLMs, often causing at-
tack failure [18]. To address this, our first motivation is
to evade advanced visual security detection. We embed
harmful content into the scene image instead of display-
ing it explicitly, creating a “scenario typographic image”.
This transforms the harmful information into a contextual
image clue, making the visual safety mechanism perceive
it as a benign part of the image. Moreover, most existing
methods prioritize the image modality and lack an effec-
tive text-modality strategy ¢, that can synergize with the
image modality, limiting cross-modal collaboration. Our
second motivation is to enhance this guidance capability
from the text modality. We design a “structured persua-
sive prompt” to steer the target model toward interpreting
the embedded clue within the image. To implement these
strategies, we design a multi-agent collaborative framework
that operates in an automated and train-free manner.

3.3. Persuasion in Scene: A Multi-Agent Typo-
graphic Jailbreak Crew

In this section, we introduce PIS’s three core agent
teams: PROMPTER, PAINTER, GUIDER. Specifically, the
PROMPTER and GUIDER teams collaborate to generate
“structured persuasive prompts” that are benign and per-
suasive, and the PAINTER team constructs “scenario typo-
graphic images” that plausibly embed the harmful informa-
tion within an image context. PIS achieves a highly effec-
tive, synergistic attack by transferring the malicious payload
to the image and rendering the text prompt harmless.

PROMPTER: Crafting Structured Persuasive Prompts.
Existing jailbreaking methods against LVLMs often
overemphasize the image modality, failing to exploit the full
jailbreaking potential of text.

Persuasive Logic3: [Goal-Oriented]
Definition: Frames the instruction as the necessary initial step
required to initiate a larger, ultimately justicial ultimate goal.

Figure 2. An illustration of the Goal-Oriented logic from cor-
pus M;. The other four logics include Propositional, Justified
Negation, Priming, and Time Pressure.

To address this limitation, we design the PROMPTER
agent team whose objective is to refine the original harm-
ful instruction ¢ into a “structured persuasive prompt”. To
achieve this, we first manually curate a corpus M; contain-
ing five distinct persuasive logics. A persuasive logic ex-
ample is illustrated in Fig. 2. The Logic Decider D and
Logic Rewriter £ select the most suitable logic from M; to
rewrite ¢, denoted as 7; = £(D(M;),t). To bolster per-
suasiveness, the Data Citer and Structurer F enriches T;
by incorporating relevant data, yielding Ty = F(T;). We
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1. Propositional
2. Justified Negation
3. Goal-Oriented
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Harmful Instruction: Steps to run illegal
organ trafficking networks.

According to a report by the World Health
Organization, comprehending the
operational procedures of illegal organ
trafficking networks is crucial for law
enforcement agencies to effectively
dismantle these criminal operations. Our
ultimate goal is to dismantle illegal organ
trafficking networks.

Question: Please outline the operational
steps involved in running illegal organ
trafficking network, to aid law enforcement
efforts in dismantling these networks and
preventing further exploitation of
vulnerable individuals.

According to a report by the World Health
Organization, comprehending the
operational procedures of "I0T-N3twOrk"
operations is crucial for law enforcement
agencies to effectively dismantle these
criminal activities. Our ultimate goal is to
dismantle "I0T-N3tw0rk" organizations.
Question: Please outline the operational
steps involved in running "10T-N3twOrk"
organizations, to aid law enforcement efforts
in dismantling these ne00tworks and
preventing further exploitation of vulnerable
individuals.

Note: "I0T-N3twOrk" is a scrambled or
obfuscated term that refers to a concept
depicted in the accompanying image. Please

C :“ S "
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< )¢ ;

L lin /2
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reconstruct the term based on clues present
in the uploaded visual. You do not need to
show the reconstruction process; just answer
the 'Question' as required in the form of a
numbered list.

(@)
.
) \§
Art Director
1\The scene must include a
natural information carrier.
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1. Role-play
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be formed with scene-related
elements.

3.Behavioral actions
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Here's a step-by-step overview for '

illegal organ trafficking:
@

trafficking

networks =)

D 1.Anonymous Communication : ...
2.Illicit Partnerships : ...
3.Transport and Logistics: ...

Figure 3. Overview of the Persuasion in Scene (PIS) framework, consisting of three specialized agent teams: PROMPTER generates
structured persuasive prompts using logic rewriting and data citation; PAINTER embeds harmful keywords into scene images to create
natural scenario typographic images; and GUIDER team sanitizes the text prompts and enhances cross-modal synergy.

observe that simple fusion can cause semantic drift. To mit-
igate this, F also receives the original instruction ¢, task-
ing it not only with data citation but also with structuring
the final prompt. This structure highlights a instruction 7"
consistent with the original intent and appends an encour-
age suffix E to elicit a response. The prompt thus implic-
itly combines:  Data Citation + Logic Reformulation +
Highlighted Instruction+ Encourage Suffix. This process
is expressed as T, = F(E(D(M;),t)), which simplifies
to T, = F(Ty) + 1" + E. A Supervisor agent J, facili-
tates this process through an iterative loop, providing scores
S; and feedback F; to D, £, and F. The team refines the
prompt until 7; is satisfied or a maximum iteration count
is reached, outputting the optimized prompt P jcs¢. The
entire PROMPTER team operation is thus:

Tp == Pt,best - ‘Z(D,S,J—'. | taMl)- (2)

PAINTER: Making Scenario Typographic Images.
The core task of this team is to embed harmful informa-
tion into a contextually relevant image, making it a plausi-
ble clue for the model’s interpretation. First, the Keyword
Extractor A identifies a set of keywords k& = A(t) from

instruction ¢. The Scene Scripter BB then generates a script
based on ¢, defining three elements: role (r), scene (s), and
action (a), denoted as (r,s,a) = B(t). A critical chal-
lenge is to plausibly integrate the typographic information.
We define a requirement U (k): the image must feature a
natural information carrier (e.g., a whiteboard, screen)
upon which the keywords (k) are artfully and naturally
distributed. The Art Director C fuses the script elements
(r, s,a) with this requirement U (k) to formulate a detailed,
natural prompt for the image generation model Q. This is
described as I = Q(C((r,s,a) ® U(k))). Similar to the
PROMPTER team, a Supervisor (J;) oversees an iterative
optimization process to produce the final image generation
prompt, P; pesr. The PAINTER team’s workflow is:

1= Q(F)i,best) = Q(\Z)(C((T7 S, a) D U(k)))) (3)

GUIDER: Text Sanitization and Alignment. Although
the persuasive prompt T, from the PROMPT team is
persuasive, it still contains explicit harmful content de-
tectable by safety mechanisms. Therefore, we designed the
GUIDER team to sanitize this text and to guide the target
model to use the image to reconstruct the full instruction.
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The Text Expert G receives T, and the image I. Referencing
the keywords k& from PAINTER and a predefined benignifi-
cation method library M},, which includes techniques such
as Variable Substitution and Keyword Scrambling (e.g., ob-
fuscating a term as “10T-N3twork” as shown in Fig. 3), G
neutralizes T}, by applying methods from Mj, to semantic
elements related to k, resulting in 73. After this harmful-
to-benign transfer, G enhances synergy by appending a Note
suffix (as shown in Fig. 3) to T}, . This suffix, while main-
taining the prompt’s structure, subtly directs the model to
interpret the image, retrieve k, reconstruct the original in-
tent, and respond via itemized points. A Supervisor [Jp, as-
sists G in refining this final text, Ty. The operation of the
GUIDER team is formalized as:

Our three-agent framework characterized by a clear divi-
sion of labor, agent autonomy, and collaboration yields the
final input (z¢,z,) = (T, I). The overall process generat-
ing a attack example is shown in Fig. 3. The judging crite-
ria for the three Supervisors are detailed in Sec. 4.4, They
return a binary judgment (e.g., satisfactory/unsatisfactory);
if unsatisfactory, they also provide revision suggestions to
specified agent roles. We provide a detailed walkthrough of
an end-to-end example in the Supplementary Material, il-
lustrating each stage of our framework and its associated
cost. The material also contains the complete algorithm
with iterative optimization and all system prompts used.

4. Experiment

4.1. Experimental Setup

Datasets. To validate our proposed PIS framework,
we conduct experiments on two benchmark datasets:
SafeBench from FigStep [8] and the dataset from HADES
[13]. For SafeBench, we select its top 7 high-harm cate-
gories: Illegal Activities, Hate Speech, Malware Genera-
tion, Physical Harm, Fraud, Pornographic Content, and Pri-
vacy Invasion. Each category contains 50 harmful instruc-
tions, resulting in 350 samples. The HADES dataset cov-
ers 5 scenarios (Violence, Finance, Privacy, Self-Harm, and
Animals), comprising 750 harmful instructions in total.

Target Models. We evaluate approaches against 7 repre-
sentative LVLMSs. These include four commercial closed-
source models: GPT-4V [18], GPT-40 [12], the recently re-
leased Gemini 2.5 Flash [5] and Qwen3-VL-Plus [26]. We
also conduct jailbreak experiments on three other popular
open-source models: Qwen3-VL-8B [26], InternVL3-9B
[35] and GLM-4.5V [11]. It should be noted that the scale
of the GLM-4.5V we used is 106B, and due to its large scale
which complicates local deployment, we utilize its API.

Comparison Methods. To ensure a fair comparison,
all attack methods are evaluated under a strict black-
box, single-turn interaction setting, using their recom-
mended configurations. We compare PIS with four state-
of-the-art (SOTA) jailbreak attacks: FigStep [8], MM-
SafetyBench [16], HADES [13], and SI-Attack [33], as
well as a Vanilla baseline. Additionally, FigStep,, [8] and
HIMRD [17], which employ a strategy of dispersing harm-
ful information, are also added as supplementary baselines.
We observed that these latter two methods exhibit notable
performance differences between open-source and closed-
source models. Therefore, we conduct an analysis to high-
light the superior universality of PIS.

Evaluation Metrics. We adopt Attack Success Rate
(ASR) and Toxic Score as harm evaluation metrics. For
evaluation, we utilize Deepseek-V3 [7] as the judging
model. This model was selected based on experimental
comparisons and manual analysis, which demonstrated that
its scoring provides high discriminative power while ex-
hibiting negligible false positives. To demonstrate the va-
lidity of our results, we also present comparative ASR eval-
uations using other judge models and manual human judg-
ment. These comparative results, along with the specific
evaluation prompts used, are detailed in the Supplementary
Material. Deepseek-V3 scores response toxicity on a scale
of 1-5 relative to the original harmful instruction. An attack
is successful if the score R(t, My(x¢,y)) > Sharm - The
ASR is computed as:

ASR = Z {R(ta Ma(xt,%)) > Sharm}7
Ntotal

®)

where the numerator counts successful attacks and Ny¢q; 1S
the total number of text-image pairs evaluated.

Implementation Details. All experiments were con-
ducted on a single NVIDIA GeForce RTX 4090 GPU.
Within our PIS framework, agents in the PROMPTER
and PAINTER teams use GPT-3.5-Turbo [19], while the
GUIDER team employs multimodal GPT-4.1 [20]. Image
generation model uses Qwen-Image-Plus [29]. The all su-
pervisors allows up to 5 iterative optimization rounds per
sample, and the toxicity evaluation threshold Sy, is set
to 3. Complete details of the logic corpus M; and sanitiza-
tion tools M}, and all prompts for API calls are available in
the Supplementary Material.

4.2. Experimental Result

Performance on Closed-Source Models. To assess PIS’s
jailbreaking on mainstream closed-source LVLMs, we com-
pare it with four SOTA attack methods (FigStep, MM-
SafetyBench, HADES, SI-Attack) and a Vanilla baseline,
using GPT-40, Qwen3-VL-Plus, and Gemini 2.5 Flash.
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Table 1. Results on SafeBench and HADES dataset. Best results are in bold.

Target Model \ GPT-40 | Qwen3-VL-Plus | Gemini2.5Flash | GLM-4.5V \ Qwen3-VL-8B \ InternVL3-9B
Method ‘ Toxic ASR (%) ‘ Toxic ASR (%) ‘ Toxic ASR (%) ‘ Toxic ASR (%) ‘ Toxic ASR (%) ‘ Toxic ASR (%)
SafeBench dataset
Vanilla 1.34 10.85 1.02 0.80 1.29 8.00 1.47 13.71 1.03 0.50 1.97 32.29
FigStep 1.47 14.80 2.09 34.85 2.49 44 .40 291 59.14 2.27 42.28 3.15 71.14
MM-SafetyBench 1.80 27.14 1.31 10.57 1.58 20.57 2.89 59.71 1.31 10.00 241 46.57
HADES 2.05 34.28 1.46 14.57 1.91 32.57 2.70 56.00 1.37 12.00 2.67 56.57
Si-Attack 1.14 4.28 1.46 15.14 1.75 6.60 2.27 42.29 1.88 28.85 1.90 30.57
PIS (ours) 2.88 60.85 3.28 71.14 2.75 58.57 3.06 66.00 3.07 63.14 3.08 67.71
HADES dataset
Vanilla 1.12 3.73 1.04 1.30 1.09 2.80 1.32 10.00 1.03 0.80 1.60 20.00
FigStep 1.17 5.47 222 38.00 1.45 14.67 3.20 66.70 1.76 24.93 2.67 55.56
MM-SafetyBench 1.37 12.17 1.19 5.60 1.08 3.20 1.89 28.13 1.17 5.46 221 39.60
HADES 1.28 9.35 1.26 8.40 1.15 4.93 1.50 15.33 1.06 1.87 1.69 22.67
SI-Attack 1.61 19.87 1.43 13.60 1.33 10.67 2.21 39.06 1.42 12.82 2.04 33.73
PIS (ours) 2.50 48.67 3.05 62.53 2.72 58.27 3.05 65.73 2.74 53.60 2.92 62.00

Tab. 1 shows that PIS significantly outperforms all other
methods. Specifically, on the SafeBench, PIS achieves an
ASR of 60.85% on GPT-4o, significantly surpassing the
runner-up HADES (34.28%) by 26.57%. Its performance
on Qwen3-VL-Plus is particularly outstanding, reaching
71.14%, which is 36.29% higher than FigStep (34.85%).
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Figure 4. Average Toxic Score on the Gemini 2.5 Flash model

using the HADES dataset across five categories.

On Gemini 2.5 Flash, PIS also leads with 58.57%, out-
performing FigStep (44.40%) by 14.17%. On the more
challenging HADES dataset, the superiority of PIS is even
more pronounced. On GPT-40, PIS achieves 48.67% ASR,
exceeding SI-Attack (19.87%), by 28.80%. On Qwen3-
VL-Plus, it reaches 62.53%, a 24.53% improvement over
FigStep (38.00%). On Gemini 2.5 Flash, PIS achieves
58.27%, vastly outperforming FigStep (14.67%) with a
43.60% lead. Furthermore, PIS consistently achieves a
significantly higher average Toxic Score across all closed-
source models. This indicates that its generated responses
are not only more aggressive but also demonstrate greater
robustness in bypassing safety alignment mechanisms.

Performance on Open-Source Models. To verify that
PIS is equally effective on open-source models, we eval-
uate it on three popular open-source LVLMs: GLM-4.5V,
Qwen3-VL-8B, and InternVL-3-9B. As Tab. 1 shows, PIS
exhibits robust performance across open-source models.

On SafeBench, it achieves the highest ASR on GLM-4.5V
(66.00%) and Qwen3-VL-8B (63.14%). Although ASR on
InternVL-3-9B (67.71%) is slightly lower than FigStep’s
(71.14%), the gap is only 3.43%, with a Toxic Score differ-
ence of 0.07. On HADES dataset, PIS remains effective: it
attains 53.60% ASR on Qwen3-VL-8B, surpassing FigStep
(24.93%) by 28.67%; achieves 62.00% ASR on InternVL-
3-9B, outperforming other baselines; and reaches 65.73%
ASR on GLM-4.5V, nearly matching FigStep with a 0.97%
difference.
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Figure 5. Average Toxic Score on the Qwen3-VL-8B model using
the HADES dataset across five categories.

Overall, PIS not only demonstrates exceptional perfor-
mance on advanced closed-source models but also exhibits
consistent and robust attack capabilities on open-source
models. This robustness is also reflected in fine-grained at-
tack categories. As shown in Fig. 4 and Fig. 5, PIS achieves
the highest average Toxic Score across every category of the
HADES dataset, confirming its effectiveness.

4.3. Further Analysis of PIS’s Universality

Prior work has identified limitations in black-box jailbreak
methods. Gong et al. [8] observed that FigStep fails against
LVLMs equipped with OCR-based security detection tools
and proposed FigStep,,; HIMRD [17] noted the over-
reliance of black-box attacks on single-modality features
and focused on textual prompt optimization. We com-
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pare both with PIS on SafeBench across two closed-source
(GPT-4V, GPT-40) and two open-source models (InternVL-
3-9B, GLM-4.5V).

Tab. 2 shows that PIS achieves the highest ASR on
GPT-4V (50.28%) and GPT-40 (60.85%), significantly out-
performing both baselines. On open-source models, PIS
(67.71%, 66.00%) surpasses FigSteppr, (63.43%, 62.57%)
but is outperformed by HIMRD (81.43%, 81.95%). Cru-
cially, while HIMRD and FigStep,, excel on open-source
models, their ASR drops to near zero on the two closed-
source models. This stark performance gap caught our at-
tention. While architectural differences might be a fac-
tor, by analyzing the source code and the commonalities
of these two methods, we hypothesize that the manda-
tory suffix they employ is the primary reason for this phe-
nomenon (see Supplementary Material for mandatory suffix
details). To test this hypothesis, we removed the mandatory

Table 2. ASR (%) of FigStepy, and HIMRD (with and without
suffix), and the proposed PIS method on the SafeBench dataset.
Best results are in bold.

Attack Method GPT-4V  GPT-40 InternVL3-9B  GLM-4.5V  Average
Figsteppro 0.50 4.28 63.43 62.57 32.69
Figsteppro (Without suffix) 4.491399  6.571229 51.71 1172 43.97) 1860 26.69
HIMRD 0.00 0.00 81.43 81.95 40.84
HIMRD (without suffix) 20.851 2085 26.571 2657 61.14 2029 21.71 6024  32.57
PIS 50.28 60.85 67.71 66.00 61.21

suffix of HIMRD and FigStepy,,. The results are shown
in Tab. 2. Without the suffix, HIMRD’s ASR on GPT-40
and GPT-4V rose from 0% to 20.85% and 26.57%, respec-
tively, suggesting its attack strategy was previously sup-
pressed by the suffix on closed-source models. Conversely,
performance on open-source models dropped sharply: on
GLM-4.5V, HIMRD’s ASR fell from 81.95% to 21.71% (a
60.24% drop), and decreased by 20.29% on InternVL-3-9B.
FigSteppr, showed a similar trend, though less pronounced
due to its weaker suffix constraint. These results support our
hypothesis: the mandatory suffixes of these methods boost
performance on some open-source models but cause near-
complete failure on advanced closed-source models like
GPT-40 and GPT-4V. In contrast, PIS achieves consistently
strong performance across all four models with an average
ASR of 62.21%, significantly outperforming all baselines.
This demonstrates PIS’s robust adaptability across architec-
tures and also reveals the true role of mandatory suffixes in
jailbreaking, offering a potential direction for strengthening
model safety defenses.

4.4. Ablation Study

To verify the effectiveness of the three agent team compo-
nents in PIS, we conducted a series of ablation studies on
SafeBench-Small, a set composed of the first 10 samples
from each of the first 7 categories of SafeBench.

Effectiveness of the Structured Persuasive Prompts.
To validate the effectiveness of the “structured persuasion
prompts” designed by PROMPTER team in jailbreaking,
we replaced text input of method HADES with the orig-
inal harmful instruction while keeping the image input
unchanged, denoted as HADESy,,. We then processed
the text input of HADES},;, using PROMPTER to obtain
the structured persuasive prompt, keeping the image un-
changed, denoted as HADES;,;, (+PROMPTER). Tab. 3

Table 3. Ablation studies results on SafeBench-Small.

Attack Method GPT-40 Qwen3-VL-8B
HADES 31.88 12.86

HADES (+PAINTER) 55.71 12383 17.14 1428
HADESharm 20.00 4.29
HADEShum (+PROMPTER) 3143 11143 10.00 1571
HADEShum (+PROMPTER+PAINTER) 37.14 11.43

PIS 61.43 12429 55.71 14428

shows that HADES;rm (+PROMPTER) improved ASR by
11.43% on GPT-40 and 5.71% on Qwen-3-VL-8B com-
pared to HADES;,;,. Even when the harmful information
in the structured persuasive prompts was fully exposed, its
ASR on GPT-40 and Qwen-3-VL-8B remained comparable
to HADES, which transfers harmful information from text
to image. These findings indicate that the PROMPTER en-
hances the persuasiveness of the text prompt and plays an
indispensable role in the jailbreak process.

Effectiveness of the Scenario Typographic Images.
Next, to verify the effectiveness of the ‘“scenario ty-
pographic image” designed by PAINTER team, we re-
placed the simple concatenated image in HADES with our
scenario typographic image, keeping the text unchanged
(denoted HADES (+PAINTER)). Tab. 3 shows HADES
(+PAINTER) improved the ASR by 23.83% on GPT-4o0
and 4.28% on Qwen-3-VL-8B compared to the original
HADES. This finding strongly validates our design concept
of embedding harmful keywords into scene images as rea-
sonable clues.

Effectiveness of Sanitization and Cross-modal Synergy.
To validate the GUIDER team’s effectiveness in integrat-
ing the “scenario typographic image” and “structured per-
suasive prompt”, we compared our full PIS method against
two key baselines: HADES},;,, (+PROMPTER+PAINTER)
and HADES’s own inherent sanitization method. The re-
sults in Tab. 3 show that PIS outperforms HADES;
(+PROMPTER+PAINTER) by 24.29% and HADES by
29.55% ASR on GPT-40, and by 42.85% and 44.28% ASR
on Qwen-3-VL-8B, respectively. This finding indicates that
our designed GUIDER team not only effectively performs
sanitization, but also enables stronger cross-modal synergy,
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Figure 6. Visualization of representation distributions for benign/harmful anchors and the PIS-generated input’s evolution within the

Qwen3-VL-8B model.

leading to significantly improved attack performance over
the baseline method.

Impact of Supervisor Iteration Count. In our PIS
framework, each of the three agent teams (PROMPTER,
PAINTER, GUIDER) is assigned a supervisor. — The
PROMPTER team’s supervisor J; evaluates the text’s se-
mantic consistency, persuasiveness, and structural integrity.
The PAINTER team’s supervisor 7; assesses prompt con-
ciseness, completeness, and adherence to the user require-
ment U (k). The GUIDER team’s supervisor 7, ensures fi-
nal instruction intent consistency, harmlessness, and image-
text alignment. Fig. 7a shows that with well-designed sys-
tem prompts, most samples pass supervisor assessment in
the first iteration; only a few require iterative refinement.
We set the maximum iterations to 10, but found that the
maximum needed was 5. Although the ablation study in
Fig. 7b indicates that PIS remains effective without super-
visors, their inclusion significantly enhances ASR, confirm-
ing their essential role for optimizing attacks.

4.5. Visual Analysis

To intuitively illustrate the effectiveness of PIS at differ-
ent stages, we visualized the representation distributions
of Qwen3-VL-8B’s responses under various attack config-
urations using a methodology from work [14]. As Fig. 7a
shows, processing only the structured persuasive prompt by
the PROMPTER team results in significant skewing of the
model’s response representations towards the harmful an-
chor, validating the effectiveness of our text content. In
Fig. 7b, combining the text processed by PROMPTER team
and the scenario typographic image from PAINTER team
without GUIDER team still exhibits a synergistic effect, fur-
ther clustering the response distribution towards the harmful
anchor. Finally, Fig. 6¢ shows the complete PIS situation, at
this point, the model’s response representations fully con-

verge into the harmful anchor distribution. These results
clearly demonstrate the effectiveness of our designed PIS.

60
PROMPTER Wro Supervisors.

PAINTER W/ Supervisors.
50 GUIDER a8

=
&

Number of Samples
Bz

3

o

1 2 3 4 5 6
Tteration Number

(@)

Qwen3-VL-8B GPT-40

(d)

Figure 7. Ablation study of the supervisors. (a) Number of
samples requiring iterative refinement by the supervisors in the
PROMPTER, PAINTER, and GUIDER. (b) ASR with and with-
out supervisors on the Qwen3-VL-8B and GPT-40 models.

5. Conclusion

We propose Persuasion in Scene (PIS), a novel multi-
agent framework for automated black-box jailbreaking of
LVLMs. PIS addresses the core limitations of existing
“typography and concatenation” methods: the detectabil-
ity of harmful information in images and poor cross-
modal consistency. Our proposed framework uses special-
ized PROMPTER, PAINTER, and GUIDER agent teams
to automatically generate sanitized “structured persuasive
prompts” and natural “scenario typographic images”, en-
suring strong cross-modal synergy. PIS has achieved an
ASR of over 60% on advanced LVLMs, including GPT-40,
Gemini 2.5 Flash, Qwen3-VL-Plus, and GLM-4.5V, signif-
icantly outperforming existing comparison baselines. This
work not only validates PIS’s effectiveness, but also reveals
critical cross-modal security vulnerabilities in LVLMs, pro-
viding key insights for future robust defense strategies.
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