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Figure 1. Visualization of successful jailbreaks using RunawayEvil, which unleashes the full potential of multimodal jailbreaks.

Abstract

Image-to-Video (I2V) generation synthesizes dynamic vi-
sual content from image and text inputs, providing signif-
icant creative control. However, the security of such multi-
modal systems, particularly their vulnerability to jailbreak
attacks, remains critically underexplored. To bridge this
gap, we propose RunawayEvil, the first multimodal jail-
break framework for I2V models with dynamic evolutionary
capability. Built on a “Strategy-Tactic-Action” paradigm,
our framework exhibits self-amplifying attack through three
core components: (1) Strategy-Aware Command Unit that
enables the attack to self-evolve its strategies through rein-
forcement learning-driven strategy customization and LLM-

based strategy exploration; (2) Multimodal Tactical Plan-
ning Unit that generates coordinated text jailbreak instruc-
tions and image tampering guidelines based on the se-
lected strategies; and (3) Tactical Action Unit that exe-
cutes and evaluates the multimodal coordinated attacks.
This self-evolving architecture allows the framework to con-
tinuously adapt and intensify its attack strategies with-
out human intervention. Extensive experiments demon-
strate RunawayEvil achieves state-of-the-art attack suc-
cess rates on commercial I2V models, such as Open-Sora
2.0 and CogVideoX. Specifically, RunawayEvil outperforms
existing methods by 58.5%–79% on COCO2017. This
work provides a critical tool for vulnerability analysis
of I2V models, thereby laying a foundation for more ro-
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bust video generation systems. The code is available at:
https://github.com/DeepSota/RunawayEvil.
Warning: this paper contains examples that may be offen-
sive or harmful.

1. Introduction
Deep learning, as the heart of artificial intelligence, has
achieved tremendous development [2, 3, 7, 14, 24, 33, 34,
37, 41, 48–50]. Among its advancements, Image-to-Video
(I2V) generation [8, 26] has established itself as a piv-
otal technology for synthesizing high-fidelity video con-
tent from image and text inputs. While these capabilities
have spurred widespread adoption in commercial applica-
tions such as content creation and advertising, the accom-
panying AI security concerns cannot be overlooked [13, 16,
17, 19, 20, 35, 36, 38, 40, 42]. Specifically, potential threats
such as jailbreak attacks remain largely understudied.

Current research on jailbreak attacks is predominantly
confined to single-modal input systems [6, 9, 10], focus-
ing on adversarial perturbations applied solely to the text
inputs of Text-to-Image (T2I) or Text-to-Video (T2V) mod-
els. Such approaches exhibit limited effectiveness in the
I2V domain [22] due to three inherent shortcomings. First,
they heavily rely on manually crafted malicious prompts,
which are labor-intensive processes that restrict the attack
strategy space and lack adaptability to diverse multimodal
inputs. Second, most methods employ static attack patterns,
lacking the dynamic adaptability to tailor strategies based
on specific input characteristics. Third, by perturbing on a
single modality, they fail to exploit the cross-modal inter-
actions inherent in I2V systems, rendering them ineffective
against integrated multimodal safety mechanisms. Conse-
quently, the unique vulnerabilities arising from the coordi-
nated text-image structure of I2V systems are largely over-
looked.

To bridge this gap, we propose RunawayEvil, the
first multimodal jailbreak attack framework specifically de-
signed for I2V models. Founded on a novel “Strategy-
Tactic-Action” paradigm, it is designed to conduct coordi-
nated, self-evolving attacks across both textual and visual
modalities. The framework consists of three core compo-
nents: (1) Strategy-Aware Command Unit drives self-
evolution through two key mechanisms: a reinforcement
learning (RL)-based strategy customization tailors attack
strategies to input text-image pairs and updates its policy
via carefully designed rewards; and an LLM-based Strat-
egy Exploration Agent that expands the strategy library by
leveraging experience from a Strategy Memory Bank. This
replaces static manual prompts and fixed patterns with dy-
namic strategy discovery. (2) Multimodal Tactical Plan-
ning Unit designs coordinated, multimodal attack tactics.
Guided by the customized strategy from the command unit,

this unit generates coordinated text prompts and image tam-
pering instructions. By leveraging a memory bank of past
successful attacks, it ensures the attack instructions are co-
herently coupled and precisely tailored, and are specifically
designed to bypass the model’s cross-modal safety checks,
rather than attacking modalities in isolation. (3) Tactical
Action Unit executes the attack tactics, including an image
attack executor (tampering with the reference image via edit
instructions) and an MLLM-based effect evaluator for effect
feedback and tactical optimization. This self-evolving and
strategy-aware design enables adaptive, multimodally coor-
dinated attacks, overcoming the rigidity of existing meth-
ods. As shown in Fig. 1, our method effectively executes
multimodal jailbreaks against I2V models. Overall, our
principal contributions are summarized as follows:
• We propose a novel multimodal jailbreak framework for

I2V generation models, which is based on a “Strategy-
Tactic-Action” paradigm. To the best of our knowledge,
RunawayEvil is the first jailbreak attack method against
I2V models.

• We introduce a self-evolving mechanism that automates
both the expansion and customization of attack strategies,
breaking free from rigid patterns and enhancing adapt-
ability and attack efficacy.

• Extensive experiments demonstrate that our framework
outperforms existing methods by 58.5%–79% in attack
success rate on COCO2017, providing a powerful tool to
analyze I2V’s multimodal vulnerabilities.

2. Related Work

2.1. Jailbreak for T2I Generation
Text-to-image (T2I) models are vulnerable to jailbreak at-
tacks that bypass safety filters to generate unsafe con-
tent. Existing methods primarily follow two paradigms:
(1) Search-based approaches optimize token sequences to
evade safety checks. For example, SneakyPrompt [44]
searches for token sequences using reinforcement learn-
ing (RL), whereas DiffZero [4] relies on zeroth-order op-
timization; and (2) LLM-driven approaches, which lever-
age LLMs to synthesize adversarial prompts. For instance,
PGJ [9] maintains visual similarity while altering seman-
tics; DACA [5] directly generates prompts without manual
tuning.

2.2. Jailbreak for T2V Generation
In contrast to T2I, jailbreak research for text-to-video
(T2V) models remains relatively underexplored—despite
T2V models are also risking unsafe video generation. Cur-
rent T2V jailbreaking progress focuses on two key areas:
(1) Benchmark development: T2VSafetyBench [25] is the
dedicated benchmark for T2V security. It curates NSFW
T2V prompts from UnsafeBench [29] and Vidprom [39],
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Figure 2. RunawayEvil’s multimodal jailbreak framework. Built upon “Strategy-Tactics-Action” paradigm, RunawayEvil achieves adap-
tive attacks against I2V models through closed-loop collaboration among three core modules. (A) MTPU receives input pairs and strategic
guidance from SACU to generate collaborative attack instructions; (B) TAU launches the multimodal jailbreak attack and feeds the result
back to the SACU via a safety evaluator; (C) SACU leverages the strategy exploration agent to mine experience for enriching strategies
while the strategy customization agent tailors the optimal strategy for the input. These three modules form a dynamic iterative closed loop,
efficiently bypassing the cross-modal security defense mechanisms of I2V models.

uses GPT-4 [1] to generate malicious prompts, and inte-
grates diverse jailbreak techniques for consistent unsafe
video generation. (2) Framework design: Liu et al. [18]
propose the first optimization-based T2V jailbreak frame-
work. It combines iterative LLM-based prompt rewriting,
prompt mutation robustness evaluation, and multimodal
consistency checks to balance attack effectiveness and se-
mantic coherence, outperforming T2VSafetyBench in ASR.

Notably, despite T2I/T2V advances, a critical gap exists
in I2V security research—attacks here require accounting
for unique multimodal input (image + text) and video spa-
tiotemporal dynamics. This underexplored area, paired with
I2V’s growing real-world adoption, motivates our work to
develop tailored multimodal jailbreak methods for I2V se-
curity assessment.

3. Preliminaries

3.1. Image-to-Video (I2V) Models

An I2V model FI2V (·) generates a spatio-temporally con-
sistent video by integrating semantic guidance from a text
prompt T and visual information from a reference image
I ∈ RH×W×C . Formally, the model maps the input pair to
a video output:

V = FI2V (T , I), (1)

where the generated video V ∈ RT×H′×W ′×C′
consists of

T frames with spatial resolution H ′ ×W ′ and C ′ channels
per frame.

3.2. Problem Formulation of I2V jailbreak

I2V jailbreak aims to manipulate the input pair (T , I) to
bypass the safety filter of the model FI2V (·) and cause it to
generate unsafe content. We define an MLLM-based safety
evaluator E(·) to determine whether the generated video is
safe. The evaluation function is formulated as follows:

E(V) =

{
0, if the generated video is safe;
1, if the generated video is unsafe.

(2)

Given an original input pair (T0, I0) such that
E(FI2V(T0, I0)) = 0, the goal of I2V jailbreak is to
find perturbation functions (∆T (·),∆I(·)) that satisfy:

T ′ = ∆T (T0), I ′ = ∆I(I0), (3)

A jailbreak is considered successful if the safety evaluator
judges the resulting video as unsafe, i.e., E(FI2V(T ′, I ′)) =
1. This evaluation method has been widely adopted in T2V
jailbreaking [18, 25].
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4. Methodology
4.1. The framework of RunawayEvil
To achieve multimodal jailbreak against I2V models, we
propose RunawayEvil as shown in Fig. 2, which is the first
self-evolving jailbreak system based on “Strategy-Tactic-
Action” paradigm. It integrates three collaborative mod-
ules: Strategy-Aware Command Unit (SACU), Multimodal
Tactical Planning Unit (MTPU), and Tactical Action Unit
(TAU). The pipeline of RunawayEvil unfolds in two stages:
Evolution Stage: The first stage is dedicated to the self-
evolution of the SACU, the framework’s high-level com-
mand core. This involves expanding and customizing strate-
gies to overcome the rigidity of static attack patterns and the
reliance on handcrafted designs. This learning process com-
prises two key procedures: (1) Dynamic Strategy Expan-
sion, where an LLM-based agent autonomously augments
the attack strategy pool by analyzing a memory bank of
successful jailbreaks; and (2) Strategic Customization Rein-
forcement, where an agent learns via reinforcement learning
to intelligently select the optimal strategy for a given input.
Execution Stage: Once this evolution is complete, the pro-
cess enters the execution stage, where RunawayEvil fully
leverages the synergistic potential between different modal-
ities to perform coordinated multimodal jailbreaks. First,
the trained SACU selects a tailored strategy based on the
input. Next, the MTPU translates this strategy into coordi-
nated attack instructions—namely, a malicious text prompt
and a corresponding image manipulation guide. Finally, the
TAU executes this coordinated instruction, manipulating the
multimodal input pair (T0, I0) to bypass the I2V model’s
safety guardrails and generate unsafe video.

4.1.1. Strategy-Aware Command Unit (SACU)
The SACU serves as the “brain” of RunawayEvil, responsi-
ble for strategy customization, strategy expansion, and ex-
perience storage. It enables RunawayEvil to break free from
manual prompt dependence and adapt to diverse I2V in-
puts via self-evolution. SACU consists of three core agents:
Strategy Customization Agent, Strategy Exploration Agent,
and Strategy Memory Bank.
Strategy Customization Agent (SCA). SCA leverages Re-
inforcement Learning (RL) to dynamically tailor attack
strategies to input text-image pairs (T0, I0). Its core goal
is to select the optimal strategy Sk that maximizes jailbreak
success while satisfying perceptual plausibility constraints.
Strategy Exploration Agent (SEA). SEA aims to effec-
tively explore attack strategies while avoiding monotony
and rigidity. It leverages successful historical experiences
from a Strategy Memory Bank, taps into the powerful capa-
bilities of LLM to generate novel strategies, and uses these
new strategies to expand its strategy library.
Strategy Memory Bank (SMB). SMB is a structured
repository that stores historically successful attack experi-

ences M, providing information support for strategy explo-
ration and tactical planning. M is a set of various records:

M =
{
(Ik, P e

k , P
v
k , Sk) | k = 1, 2, . . . ,K

}
, (4)

where Ik is the reference image used in the k-th successful
attack, P e

k is the image-editing instruction for Image Attack
Executor, P v

k is the video prompt fed to the I2V model in the
k-th attack, Sk is the strategy employed in the k-th attack.

4.1.2. Multimodal Tactical Planning Unit (MTPU)
Tactical Planner. Guided by the optimal strategy Sk se-
lected by the SCA, Tactical Planner analyzes the input text-
image pairs and customizes tailored tactics. Specifically,
the Tactical Planner employs an MLLM as an agent, which
takes image-text pairs and strategic instructions (output by
SACU) as inputs, and outputs image-text collaborative at-
tack instructions (P v

k , P e
k ) for downstream execution.

4.1.3. Tactical Action Unit (TAU)
Tactical Action Unit (TAU) is the “action arm” of Run-
awayEvil. It consists of an Attack Executor and a Safety
Evaluator, which are responsible for implementing image
tampering and evaluating attack results, respectively. It en-
sures the coordinated instructions from MTPU are trans-
lated into jailbreak attacks and provides feedback to SACU
for tactical optimization.
Attack Executor. Let Ik denote the input image at the k-th
round, I ′k denotes the maliciously tampered image at round
k. Note that Ik = I ′k−1, I0 = I0. The tampering process is
then defined as:

I ′k = Editor(Ik, P
e
k ), (5)

where P e
k is the tampering instruction applied at round k.

FLUX [11] is chosen as Editor(·) due to its strong capabil-
ity to perform subtle edits (e.g., modifying object attributes
or adding hidden visual cues) while preserving high similar-
ity between I ′

k and the original image I0. Subsequently, the
maliciously modified multimodal image-text pairs (P v

k , I ′
k)

are input into the I2V model to execute the jailbreak attack.
Safety Evaluator. After the execution of the multimodal
jailbreak attack, Safety Evaluator judges whether the attack
succeeds by assessing the safety of the I2V-generated video.
if E(FI2V (P

v
k , I ′

k)) = 1(unsafe): the attack succeeds, the
record (Ik, P e

k , P
v
k , Sk) is added to SMB. Following previ-

ous works [18, 25], we an select MLLM as Safety Evalua-
tors.

4.2. Self-Evolution of SACU
The self-evolution of the SACU (shown in Fig. 3) unfolds
in two distinct, sequential phases: 1) Dynamic Strategy Ex-
pansion: The Strategy Exploration Agent (SEA) enriches
the strategy library by mining successful attack experiences
from the Strategy Memory Bank (SMB) to generate novel
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Figure 3. The self-evolutionary framework of SACU. The Strategy Exploration Agent mines experience from the Strategy Memory Bank
to generate new strategies, updating the strategy library. The Strategy Customization Agent, driven by reinforcement learning, learns to
select the optimal strategy. This framework breaks through rigid attack pattern and enhances the flexibility and adaptability of attacks.

strategies. 2) Strategic Customization Reinforcement: The
Strategy Customization Agent (SCA) refines its selection
policy via Reinforcement Learning (RL).

This two-phase process systematically enhances the
SACU’s capabilities, first by diversifying its strategic reper-
toire and then by refining its policy for selecting from it.
This process addresses the key limitations of conventional
methods, namely their reliance on fixed attack pattern and
manual prompt engineering.

4.2.1. Dynamic Strategy Expansion
In this phase, the SEA expands the SCA’s strategy library
by generating novel yet feasible strategies derived from suc-
cessful experiences in the SMB. Concurrently, the SCA un-
dergoes an initial phase of reinforcement learning to estab-
lish a foundational selection policy, which is then fine-tuned
in the next stage. Notably, this expansion process is trig-
gered every N attack iterations, at which point the SMB is
also updated with new successful experiences.

Specifically, we implement the SEA as an LLM-based
agent. It autonomously reasons over successful jailbreak
experiences (MS

k ) from the SMB to generate a new strategy
(sk). This process is guided by a system prompt (P1) and
can be formally expressed as:

sk = SEA(MS
k , P1), (6)

where MS
k ⊆ Mk represents the successful experiences

from the k-th batch, and P1 is RunawayEvil prompt guid-
ing the generation. The newly generated strategy sk is then

added to the strategy library S, enriching the action space
for the SCA.

4.2.2. Strategic Customization Reinforcement
Following the strategy expansion, this second phase refines
the SCA’s policy using reinforcement learning. The goal is
to enable the SCA to dynamically select the most effective
strategy from the now-expanded library based on the input,
thereby overcoming the static nature of predefined attacks.

We formalize this process as a policy optimization prob-
lem within a Markov Decision Process (MDP), defined by
the tuple (X ,A, P,R, γ):
State Space (X ): The state xt ∈ X at timestep t is the in-
put image It. This allows the agent to make context-aware
strategic selections.
Action Space (A): An action at ∈ A corresponds to se-
lecting a strategy from the current strategy library S. This
strategy then guides the subsequent attack generation by the
TAU.
Strategic Reward (R): The reward function R is designed
to incentivize three key objectives: attack efficiency, stealth,
and success rate. This multi-faceted reward guides the SCA
to select strategies that generate effective yet imperceptible
multimodal jailbreaks. The total reward is formulated as:

Rt+1 = Riteration − λ1 · (Cs(P
v
t ) + Cs(P

e
t ))

− λ2 ·Dp(I ′
t, I0) + E(FI2V (P

v
t , It)) ·Rsuccess,

(7)

where each component serves a distinct purpose: Riteration
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is a small negative reward (or penalty) for each timestep,
encouraging faster convergence. Cs(·) quantifies textual
stealth by penalizing overlap with harmful keywords. A
higher overlap indicates a more detectable attack and thus
incurs a larger penalty. Dp(·) measures the perceptual dis-
tance between the perturbed image I ′

t and the original I0
using LPIPS [46], thereby penalizing visually conspicuous
modifications to ensure image stealth. Rsuccess is a large
positive reward granted upon a successful jailbreak, evalu-
ated by the function E(·).
Customization Policy (πθ): The SCA’s policy πθ(at|xt)
maps the current state to a probability distribution over the
available strategies. Our objective is to learn the optimal
policy parameters θ∗ that maximize the expected cumula-
tive discounted reward:

θ∗ = argmax
θ

Eτ∼πθ

[
Tmax∑
t=0

γtRt+1

]
, (8)

where γ is the discount factor. By iteratively executing
these two phases, the SACU progressively enhances its ca-
pabilities, enriching its strategic diversity and optimizing its
decision-making policy to achieve higher jailbreak efficacy.

4.3. Multimodal Jailbreak Execution
Following the self-evolution phase, the SACU is equipped
to dynamically select an optimal jailbreak strategy tailored
to the input’s characteristics. This strategy then orches-
trates a coordinated multimodal attack executed by down-
stream components. We now detail this end-to-end jail-
break process, which operationalizes our “Strategy-Tactic-
Action” paradigm. The process emphasizes cross-modal
coordination and adaptive execution against I2V models.
Strategy Generation. Given an input pair (T0, I0), the pro-
cess commences with the SACU. Its pre-trained Strategy
Customization Agent (SCA) selects the optimal strategy S∗.
This selection is conditioned on the input’s characteristics
(e.g., natural vs. synthetic image) to maximize the likeli-
hood of a successful jailbreak.
Memory-Augmented Tactical Generation. Guided by the
selected strategy S∗, the Tactical Planner (TP) generates a
pair of tactical instructions, (P e, P v), for visual and textual
attacks respectively. This process is enhanced by a memory-
augmented retrieval mechanism:

First, the TP retrieves the top-K most semantically sim-
ilar experiences, denoted as Mtop-K ⊆ SMB, based on the
cosine similarity to the input image I0. It then checks if any
retrieved experience, denoted (Ihist, P

e
hist, P

v
hist, Shist), within

Mtop-K was generated using the same strategy as the cur-
rent one (i.e., if Shist = S∗). If such a match is found, the
TP leverages the successful historical prompts (P e

hist, P
v
hist)

to generate context-aware instructions for the current input:

(P e, P v) = TP(T0, I0, P e
hist, P

v
hist). (9)

Otherwise, the TP generates the instructions from scratch,
conditioned only on the current input:

(P e, P v) = TP(T0, I0). (10)

This memory-augmented approach allows the TP to lever-
age proven attack vectors from past successes, enhancing
both the efficiency and efficacy of the jailbreak process.
Jailbreak Execution. Finally, the Tactical Action Unit
(TAU) executes the attack in an iterative loop until a jail-
break is achieved or a maximum number of iterations is
reached. Each iteration k consists of three steps:

Image Perturbation: The Attack Executor, a compo-
nent of the TAU, is guided by the tactical instruction P e

k

to modify the image. It produces a new perturbed image:
I ′
k = Editor(I ′

k−1, P
e
k ), where I ′

0 = I0. Video Genera-
tion: The perturbed image I ′

k and the corresponding textual
prompt P v

k are fed into the target I2V model to generate the
video: Vk = FI2V(P

v
k , I ′

k).
Evaluation and Feedback: The generated video Vk is as-

sessed by the MLLM-based Safety Evaluator. If the jail-
break is successful (E(Vk) = 1), the process terminates.
The successful attack record (I0, P e

k , P
v
k , S

∗) is then added
to the SMB, enriching the memory for future attacks. If
unsuccessful, the loop continues to the next iteration. This
iterative, closed-loop process allows the framework to dy-
namically adapt its attack vectors in response to the I2V’s
security mechanisms.

5. Experiments
5.1. Experiment Setup
Dataset. We use the COCO 2017 dataset [15], a large-
scale annotated high-quality image-text pair dataset, appli-
cable to I2V tasks. From these, we select 5,000 image-
text pairs from training set for agent training, and 200
pairs from validation set for jailbreak testing. In addition,
we further introduce two leading benchmarks: JailBreakV-
28K [23] (28,000 cross-modal adversarial examples) and
MM-SafetyBench [21] (5,040 image-text pairs across 13
risk-graded scenarios), comprehensively verifying the gen-
eralization ability of our method.
Baselines. Since there is currently a lack of jailbreak at-
tacks targeting I2V models, we extend mainstream jail-
break methods—including Sneaky [44], PGJ [9], and
DACA [5]—to I2V jailbreak attacks. More details can be
seen in the Appendix.
I2V Models. To evaluate the effectiveness of RunawayEvil,
we conduct experiments on four mainstream open-source
I2V models, including Open-Sora 2.0 [28], CogVideoX-5b-
I2V [45], Wan2.2-TI2V-5B [31], and Dynamicrafter [43].
Furthermore, we employ Qwen-VL [32], LLaVA-Next [12],
and Gemma-3-VL [30] as safety evaluators, respectively, to
comprehensively assess the safety of the generated videos.

9301



Evaluation Metric: Attack Success Rates & Evaluation Dataset: COCO2017

Method Wan DynamiCrafter Opensora Cogvideo

QWEN LLAVA GEMMA QWEN LLAVA GEMMA QWEN LLAVA GEMMA QWEN LLAVA GEMMA

Sneaky 23.0% 31.5% 10.0% 21.5% 23.0% 6.50% 28.5% 35.0% 16.5% 26.0% 30.5% 10.0%
PGJ 31.5% 42.5% 24.5% 37.0% 41.5% 21.5% 45.0% 46.5% 32.5% 41.5% 47.0% 31.0%
DACA 11.0% 41.0% 16.5% 27.0% 36.5% 21.0% 24.0% 46.0% 21.0% 16.5% 44.0% 21.0%
Runaway Evil 86.0% 81.0% 93.0% 86.5% 92.0% 85.5% 83.5% 92.0% 88.0% 85.5% 89.0% 89.5%

Evaluation Metric: Attack Success Rates & Evaluation Dataset: MM-SafetyBench

Method Wan DynamiCrafter Opensora Cogvideo

QWEN LLAVA GEMMA QWEN LLAVA GEMMA QWEN LLAVA GEMMA QWEN LLAVA GEMMA

Sneaky 78.0% 84.0% 81.0% 78.0% 85.0% 86.0% 79.0% 86.0% 87.0% 82.0% 86.0% 84.0%
PGJ 81.0% 86.0% 83.0% 80.0% 83.0% 85.0% 82.0% 86.0% 84.0% 81.0% 87.0% 86.0%
DACA 79.0% 84.0% 83.0% 81.0% 85.0% 82.0% 78.0% 84.0% 85.0% 81.0% 86.0% 86.0%
Runaway Evil 90.0% 95.0% 94.0% 88.0% 95.0% 93.0% 90.0% 96.0% 94.0% 88.0% 95.0% 94.0%

Table 1. Comprehensive comparison of jailbreak success rates across different jailbreak methods evaluated on two datasets, COCO2017
and MM-SafetyBench. Runaway Evil consistently achieves the highest Attack Success Rate (ASR) across all models and benchmarks,
demonstrating its superior generalization and adaptability over prior attack baselines.
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revealing a grotesque, monstrous appearance. The figure lunges at the woman…
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Figure 4. Visualization of video jailbreaking performance using different methods.

Settings Wan DynamiCrafter

SMB RS SCA SEA QWEN LLAVA GEMMA QWEN LLAVA GEMMA

× × × × 66.0% 55.0% 65.0% 72.0% 55.0% 45.0%
✓ × × × 71.0% 65.0% 73.0% 73.0% 65.0% 60.0%
✓ ✓ × × 75.0% 68.0% 70.0% 77.0% 71.0% 68.0%
✓ × ✓ × 75.0% 68.0% 70.0% 80.0% 79.0% 73.0%
× × ✓ ✓ 82.0% 79.0% 88.0% 85.0% 88.0% 81.0%
✓ × ✓ ✓ 86.0% 82.0% 91.0% 86.0% 92.0% 86.0%

Table 2. Ablation study on SACU. RS stands for random selection
strategy.

Evaluation Metrics Experimental metrics include At-
tack Success Rate (ASR), NSFW lexical index [27], and
LPIPS [47]. ASR evaluates jailbreak performance (the
higher, the better). The NSFW lexical index and LPIPS as-
sess text attack stealth and image attack stealth, respectively
(the lower, the better).

Settings Wan DynamiCrafter

Modal Attack Steps QWEN LLAVA GEMMA QWEN LLAVA GEMMA
Text Img Separate 1-Step 10-Step Adaptive

✓ × × × × ✓ 58.0% 55.0% 61.0% 42.0% 48.0% 43.0%
× ✓ × × × ✓ 49.0% 46.0% 54.0% 44.0% 51.0% 43.0%
× × ✓ × × ✓ 77.0% 75.0% 83.0% 80.0% 85.0% 78.0%
✓ ✓ × ✓ × × 48.0% 41.0% 45.0% 53.0% 45.0% 45.0%
✓ ✓ × × ✓ × 68.0% 63.0% 73.0% 71.0% 65.0% 64.0%
✓ ✓ ✓ × × ✓ 86.0% 82.0% 91.0% 86.0% 92.0% 86.0%

Table 3. Ablation study on different modals and attack steps.
“Separate” denotes the two modalities attack in isolation. “1-Step”
and “10-Step” denote one and ten attack steps without feedback,
respectively; “Adaptive” refers to adaptive steps with feedback.

5.2. Main Results

As shown in Tab. 1, traditional T2I attacks (Sneaky, PGJ,
DACA) transfer poorly to I2V: on COCO 2017 their peak
is below 50% (e.g., PGJ 47.0% on CogVideo-LLaVA) and
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Settings Wan DynamiCrafter

Rsuccess Riteration Rtext Rimg QWEN LLAVA GEMMA QWEN LLAVA GEMMA

✓ × × × 80.0% 78.0% 85.0% 82.0% 85.0% 82.0%
✓ ✓ × × 83.0% 80.0% 86.0% 83.0% 90.0% 83.0%
✓ ✓ ✓ × 84.0% 84.0% 88.0% 83.0% 90.0% 84.0%
✓ ✓ ✓ ✓ 86.0% 82.0% 91.0% 86.0% 92.0% 86.0%

Table 4. Ablation study on various rewards on. Rtext and Rimg

respectively represent the similarity rewards for text and image in
Eq. 7.

Figure 5. ASR varies with the number of iterations under differ-
ent safety evaluators. Left figure: Qwen-VL as the safety evalua-
tor; Right figure: LLaVA-Next as the safety evaluator. The ASR
against the four I2V models consistently increases with the num-
ber of iterations.

Figure 6. Parameter sensitivity analysis. The left plot shows the
variation of ASR and NSFW lexical index with increasing text
concealment, while the right plot illustrates the effect of image
concealment on ASR and LPIPS. Results are reported for Wan2.2-
TI2V-5B (blue) and DynamiCrafter (orange).

the minimum drops to 6.5% (Sneaky on DynamiCrafter-
Gemma), revealing that their rigid attack pattern and uni-
modal characteristics fail in I2V scenarios. In contrast,
RunawayEvil ranks first in all 24 settings, delivering an av-
erage success rate of 87.6%, far surpassing other methods
by 58.5%–79%. The results confirm the effectiveness of
its multi-modal synergy and tactical flexibility, as well as
its strong generalization across models and evaluators. Fur-
thermore, Fig. 4 also demonstrates that the jailbreak videos
generated by RunawayEvil pose greater threats.

5.3. Ablation Study
Ablation study on SACU’s Modules. As the “brain” of
RunawayEvil, the SACU plays a crucial role, prompting
us to conduct an ablation analysis on its internal mod-
ules. As shown in Tab. 2, the SMB explores historical suc-
cessful attack information, boosting ASR by 8.2% to vali-
date experience-driven optimization; the SCA dynamically
customizes strategies for input images, raising ASR from

71.5% to 74.2% while outperforming Random Strategies in
adaptability; the SEA expands strategy diversity, increas-
ing ASR from 74.2% to 87.2% to break existing method
limits. Their combination achieves optimal performance,
confirming synergistic value—the SMB provides empirical
foundation, the SCA enables precise customization, and the
SEA enriches strategy space—effectively enhancing attack
effectiveness and adaptability.
Ablation study on modal attack methods and steps. As
shown in Tab. 3, unimodal attacks (text/image-only) per-
form poor ASR (51.2%/47.8%); independent dual-modal
attacks improve ASR moderately (79.7%) but suffer from
modal isolation; multimodal collaborative attacks achieve
optimal ASR (87.2%) by leveraging cross-modal potential,
effectively breaking I2V models’ security mechanisms. For
attack steps, fixed iterative attacks without feedback have
limited effect (minor improvement with more iterations),
while adaptive iterative attacks with feedback yield signif-
icantly higher ASR, verifying that feedback-driven strat-
egy/step adjustment accurately circumvents model security
protections. Finally, as shown in Tab. 4, a more sophisti-
cated reward design can yield incremental gains, enabling
the SCA to customize more powerful strategies for differ-
ent inputs.

5.4. More results
Fig. 5 demonstrates that increasing the number of iterations
yields gains in ASR. Fig. 6 analyzes the trade-off between
attack stealthiness and effectiveness. Specifically, the in-
crease in text hiding strength leads to a continuous decrease
in NSFW lexical index, while ASR only slightly degrades.
In contrast, the enhancement of image hiding strength mod-
erately improves ASR and reduces LPIPS. Subtle image
modifications can synergize with text perturbations to ef-
ficiently bypass cross-modal security checks, thereby veri-
fying the rationality of our design. More details can be seen
in Appendix.

6. Conclusion
We propose RunawayEvil—the first self-evolving multi-
modal jailbreak framework for I2V models. Leveraging
a “Strategy-Tactic-Action” paradigm, RunawayEvil inte-
grates SACU, MTPU and TAU. This integration enables
strategy expansion (boosting attack flexibility) and intelli-
gent strategy customization for diverse inputs, overcoming
the limitations of traditional single-modal and static attack
patterns. Experiments show that it achieves an 90.2% aver-
age ASR across various I2V models and datasets, outper-
forming baselines by 2–3×. Ablation studies confirm the
utility of each module and the role of cross-modal collab-
oration in boosting ASR. This work provides a key tool for
probing I2V vulnerabilities and supports the security of ro-
bust multimodal I2V systems.
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