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Protected Prompt = “Ared car carrying a golden retriever is moving on the road.”

Fig. 1: Text-guided I2V generation and protection. CogVideoX [51] generates
videos from the original image (top) and our protected image (bottom).

Abstract. Recent advances in Image-to-Video (I12V) generation allow a
single image to be animated into a convincing video under text guidance,
raising serious copyright and privacy risks. We propose Anti-Prompt,
an image protection approach that injects imperceptible perturbations
into an image, inducing visible inconsistencies and structural failures in
text-guided 12V generation. Our method is motivated by a simple em-
pirical observation: when text guidance is removed from modern 12V
models, generation quality degrades markedly, not only in motion re-
alism but also in subject preservation, structural coherence, and tem-
poral consistency. Building on this insight, Anti-Prompt exploits the
model’s reliance on textual guidance by attenuating text-conditioned in-
teractions during denoising while strengthening visual-only pathways.
To further systematically evaluate protection effectiveness, we introduce
a Video-LLM-assisted evaluation protocol that provides interpretable,
frame-grounded analyses of generation artifacts and inconsistencies. Ex-
periments on two representative 12V architectures demonstrate that our
method achieves strong protection performance while improving effi-
ciency and cross-model transferability.
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1 Introduction

Diffusion models have rapidly advanced image synthesis [9,12,18,23,31-34,36,40]
and video generation [4,5,15-17,19,39,41,44 45 51], making it increasingly easy
to animate a single photograph into a realistic short video. Modern Image-to-
Video (I2V) models [4,7,46,50,55] can generate temporally coherent motion and
high visual fidelity from one image, guided by a text prompt. These capabilities
enable compelling content creation, but they also introduce a practical risk for
publicly shared images [6,30,42,48]. Once an image is posted online, it becomes a
reusable source that can be repeatedly animated under a wide range of prompts,
without the owner’s intent. Compared to static misuse, video generation can be
more persuasive because it adds actions, expressions, and temporal narratives,
thereby amplifying privacy and copyright risks [42]. This motivates proactive
image protection [10, 13,24, 37, 38] tailored to diffusion-based 12V dynamics.

In this work, we study I2V image protection. Given an image intended for
sharing, the owner adds an imperceptible perturbation so that attempts to an-
imate the image are less likely to produce a coherent and image-faithful video.
Here, image-faithful refers to preserving the input image’s subject identity and
overall structure throughout the generated video. A successful protection, there-
fore, causes generated videos to exhibit noticeable inconsistencies or artifacts,
making them unsuitable for convincing misuse. Figure 1 illustrates representative
examples of such protected generations.

Our approach is motivated by a simple empirical observation. In several mod-
ern 12V models [15,45,51], removing the text prompt during generation causes
severe degradation that extends beyond prompt-following. As illustrated in Fig-
ure 2, prompt-free generation often exhibits subject deformation, structural col-
lapse, and temporal incoherence. These failures are broad in scope: they affect
not only motion quality but also subject preservation and structural consistency.
This behavior suggests that text guidance plays a broader role in stabilizing gen-
eration than typically assumed.

Based on this insight, we propose Anti-Prompt, an image protection method
that weakens the influence of text during 12V denoising. Rather than targeting
specific prompts, our method targets the architectural pathways through which
text affects generation. Concretely, our objective suppresses text-conditioned in-
teractions while reinforcing visual-only pathways, shifting the model’s updates
away from text guidance. We instantiate this idea for two common 12V architec-
tures: full-attention models, where video tokens jointly attend to video, image,
and text tokens, and cross-attention models, where text influences the latent
through a dedicated residual branch. Our optimization operates on intermediate
attention statistics rather than generated videos, eliminating the need for expen-
sive reference video generation and significantly improving efficiency compared
with prior approaches [13].

Finally, we introduce an evaluation protocol tailored to 12V protection. Stan-
dard video benchmarks (e.g., VBench [20,21,56]) measure overall video quality
but provide limited insight into how generation degrades on protected images.
In protection settings, success is inherently asymmetric: even a single salient
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Fig. 2: Empirical observation: prompt removal degrades I2V generation
broadly. Top: prompt omitted (empty text). Bottom: standard text-guided generation
with all other settings fixed. Removing text guidance causes failures that extend beyond
motion quality to subject preservation, structural coherence, and temporal consistency.
This pattern is observed across CogVideoX [51], LTX-Video [15], and Wan [45].

error can render a generated video unsuitable for convincing misuse. To better
capture such behaviors, we complement standard benchmarks with a Video-
LLM-assisted evaluation protocol [2,26,29,52,53]. The protocol evaluates four
interpretable dimensions, Subject Preservation, Structural Consistency, Dynamic
Consistency, and Artifact Suppression, using structured outputs that cite frame-
grounded observations before assigning discrete scores.

Our contributions are summarized as follows:

— We propose Anti-Prompt, an 12V image protection method that attenuates
text-conditioned interactions during denoising while amplifying visual-only
pathways, instantiated for both full-attention and cross-attention 12V archi-
tectures.

— We introduce a Video-LLM-assisted evaluation protocol that provides in-
spectable, frame-grounded diagnoses of protection-induced failures across
four visual dimensions.

— Our method achieves effective disruption of plausible animation with im-
proved efficiency and high imperceptibility across two representative 12V
architectures under our evaluation suite.

2 Related Work

Image-to-Video Generative Models. Modern image-to-video (I12V) synthe-
sis is largely built by extending text-to-image diffusion backbones with temporal
modules to synthesize temporally coherent frames from a single image. Early
works such as Tune-A-Video [49] and AnimateDiff [14] demonstrated that in-
jecting lightweight temporal components enables compelling image animation.
Stable Video Diffusion [4] further scaled latent video diffusion and has served
as a widely used open-source baseline. Recent models improve fidelity and con-
trollability through stronger spatio-temporal architectures, including Lumiere [3]
and large-scale diffusion transformers such as CogVideoX [51]. In parallel, LTX-
Video [15] proposes efficiency-oriented designs and Wan [45] continues to reduce
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the barrier to high-quality 12V generation as a large-scale open source model.
Community-driven efforts such as VideoCrafter2 [8] and Open-Sora [58] further
broaden access to 12V capabilities. The increasing realism and accessibility of 12V
generation have spurred interest in protecting images against video synthesis.

Image Protection against Generative Models. Protective perturbations
aim to reduce the utility of images for downstream generation or editing by
disrupting key components such as latent encoders, denoising dynamics, or at-
tention. PhotoGuard [37] introduced diffusion-targeted image immunization to
prevent unauthorized edits, and Distraction [28] improved practicality by focus-
ing on attention-level objectives with reduced memory cost. DiffusionGuard [10]
strengthens robustness under challenging masked-editing settings, while Adv-
Paint [22] explicitly targets attention interactions to defend against inpainting
manipulation. Beyond editing, Glaze [38] and AdvDM [25] protect against artis-
tic style imitation, and PRIME [24] extends perturbation-based protection to
video content. Most closely related to our setting, 12VGuard [13] studies safe-
guards against diffusion-based 12V generation by degrading spatio-temporal con-
sistency, but its optimization can require generating auxiliary videos and addi-
tional model passes. These observations motivate more efficient 12V protection
mechanisms that directly target text-dependent interactions to induce genera-
tion failures.

3 Background

Diffusion Models. Diffusion models are trained to reverse a noise process that
gradually corrupts data. A noisy latent z; at the timestep ¢ is expressed as:

z=vVarzo+V1—are, e~N(0,I), (1)

where z( is the clean latent and @; is the noise schedule. A denoising network €y
(e.g., U-Net [35], DiT [31]) is trained to predict e from z; at timestep ¢, under
conditioning input ¢ (e.g., text embeddings). In diffusion-based 12V systems,
such conditioning is typically injected through attention mechanisms that control
how signals from different modalities are combined [34,43].

Conditioning Mechanisms in Diffusion Models. We focus on two repre-
sentative conditioning designs commonly used in diffusion-based 12V models:
Full-Attention and Cross-Attention. To describe both architectures with a uni-
fied perspective, we distinguish text-dependent interactions that explicitly access
text tokens, from visual-only interactions that operate on image and video tokens
only.

Full-Attention. In Full-Attention architectures (e.g., CogVideoX [51]), video
tokens jointly attend to video, image, and text tokens under shared softmax nor-
malization. Under a shared softmax, modalities compete for attention mass [43],
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which directly determines their relative contribution to the latent update.

[AZ,Za Az,i; Az,txt] = SOftmaX([Az,za Az,i7 Az,txt]) (2)
Z%A = Az,szE + AZ,in‘E + AZ,txtVtitv (3)

where ¢ is the layer index. Here, A, . denotes the pre-softmax attention logits
grouped by modality, A, . the corresponding post-softmax weights, and V¢ the
value projections. zf} 4 denotes the output of the full-attention block. Under our
criterion, the term A, ¢« Vit is text-dependent, while AZ,ZVZe—i—Ame constitutes
visual-only contributions.

Cross-Attention. In Cross-Attention architectures (e.g., LTX-Video [15]), text
enters through a dedicated cross-attention residual, while self-attention operates
on image and video tokens:

254 = SAY ([, 2Y) (4)
264 = CAY([2, 2] + 26 4, cext) (5)

(6641, 2] = [ef, 2] + 2 + o (6)
where 2¢ and 2! denote the video latent and the image-condition latent in the /-
th layer, ¢yt is the text condition, and SA and C'A denote the self-attention and
cross-attention modules, respectively. In this design, text affects the video la-
tent only through the cross-attention residual zé 4~ Thus, zé 4 is text-dependent,
whereas zg 4 and the image-conditioned pathway are visual-only.

4 Method

In this section, we describe our 12V image protection approach. Our method
consists of (1) the proposed Anti-Prompt objective that attenuates text influence
during denoising, (2) an encoder attack that further distorts image conditioning,
and (3) the overall objective to optimize the perturbation.

4.1 Anti-Prompt Objective

The goal of 12V image protection is to induce salient failures in text-guided 12V
generation from a protected image. As shown in Section 1, we observe that re-
moving text prompts from 12V models produces broad generation failures not
only in motion quality but also in subject preservation and structural coher-
ence (Figure 2). Anti-Prompt exploits this sensitivity: it optimizes an adversar-
ial perturbation that attenuates text-conditioned interactions during denoising,
reproducing, and intensifying the failure patterns seen under prompt removal.
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Fig. 3: Overview of Anti-Prompt. (a) We optimize an imperceptible perturbation
to suppress text-dependent pathways and promote visual-only dominance. Latent dis-
tortion corresponds to the encoder attack. (b) Cross-Attention: text enters via a
cross-attention residual. We suppress this text-dependent residual and strengthen the
self-attention (visual-only) residual. (¢) Full-Attention: video tokens attend jointly
to video, image, and text tokens under a shared softmax. We reduce video-to-text in-
teractions and reinforce visual interactions to promote visual dominance.

Text Suppression. Text suppression denotes attenuating text-dependent in-
teractions during denoising. Since text influence in diffusion models is mediated
through attention interactions, these interactions provide a natural target for
disruption. We suppress text influence by penalizing direct text-dependent in-
teractions at each layer:

L
Lowp = ZTZ. (7)

=1
Here, 7¢ is a scalar that measures the strength of text-dependent pathways at
layer (. For Full-Attention, we set 7¢ = E[Aﬁ}txt], i.e., the average pre-softmax

attention logits from video to text tokens, where E[] denotes averaging over all
attention heads and the corresponding token pairs. We suppress the text-related
logits Aitxt to attenuate text-conditioned pathways. For Cross-Attention, we
set 78 = E[||254113], i-e., the energy of the cross-attention residual that injects
text features into the video latent, thereby shrinking text-dependent residual
updates.

Visual Dominance. Text suppression directly weakens text-conditioned path-
ways, but its effect depends on the specific text tokens encountered during
optimization and may transfer less reliably to unseen prompts. Visual dom-
inance complements this by amplifying visual-only interactions regardless of
prompt content, reducing the relative contribution of text guidance. By increas-
ing the magnitude of activations that exclude text, we reduce textual influence
through softmax competition in Full-Attention and residual dominance in Cross-
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Attention:

L
Lois = — Z v (8)
=1

Here, v/ is a scalar that measures the strength of visual-only pathways at layer

¢. For Full-Attention, we set v = E[A?Z] +E[Aﬁ’i], i.e., the average pre-softmax
attention logits from video to video and image tokens. Since these modalities
compete under the shared softmax, increasing v* makes the visual terms more
competitive and consequently decreases the relative contribution of text guid-
ance. For Cross-Attention, we set v* = E[||254]13], i.e., the energy of the self-
attention residual, encouraging it to dominate residual updates and reducing the
relative contribution of cross-attention text features.

These complementary strategies provide an intuitive realization of our pro-
tection objective. Although the formulation differs for Full-Attention and Cross-
Attention, both are designed to attenuate text-guided control and drive denoising
toward failures that persist across unseen prompts.

4.2 Encoder Attack

Following [13], we adopt an encoder attack [37] to further weaken image condi-
tioning. Empirically, while prompt omission often yields unstable outputs, some
generations can still retain partial coherence depending on the pipeline and scene.
To further reduce such residual image-conditioned coherence, we drive the en-
coder representation toward an uninformative target. Specifically, we perturb
the input so that £(x + J) approaches £(xtay) (e.g., a black image), suppressing
usable visual cues for generation:

Lene = [|E(x +6) — 5($tar)||§a (9)

where x is the input image, ¢ the perturbation, £ the VAE encoder, and x;,, the
uninformative target.

4.3 Overall Loss

To create the final protected image, we obtain the optimal imperceptible per-
turbation § by jointly optimizing all three loss components. The final objective
is formulated as:

I'I%il'lﬁ = Esup + )\1£Vis + >\2‘Cenca (10>
st ]19]leo <,

where A\; and A5 are balancing hyperparameters, and the constraint ensures im-
perceptibility. By jointly optimizing these objectives, our method learns a pertur-
bation that reduces text-conditioned influence and makes text-guided generation
more likely to exhibit visible failures. An overview of the proposed Anti-Prompt
framework and its detailed optimization procedure is illustrated in Figure 3.
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5 Evaluation Protocol for Text-Guided 12V Protection

Evaluating I2V image protection is fundamentally different from evaluating video
generation quality. Prior 12V protection work [13] evaluates performance using
video generation benchmarks such as VBench 12V [20,21] designed to assess how
well a generated video satisfies multiple perceptual criteria. In contrast, the ob-
jective of protection is to break image-faithful animation of the protected input.
Accordingly, protection effectiveness can often be established by identifying a
single clear failure (e.g., subject drift, structural breakdown, temporal instabil-
ity, and prominent artifacts) rather than by exhaustively scoring fine-grained
quality.

Motivated by this distinction, we introduce a failure-finding evaluation pro-
tocol that characterizes how generated videos depart from an image-faithful an-
imation. Our protocol scores videos along four interpretable visual dimensions
that capture common 12V failure patterns. Each dimension is rated on a dis-
crete 1-5 scale, where higher scores indicate more stable, coherent generation
and lower scores indicate more severe failures. Thus, lower scores correspond to
stronger protection.

5.1 Evaluation Dimensions

We score the following dimensions because protection can disrupt 12V gener-
ation through distinct mechanisms, and mixing them obscures diagnosis. Each
dimension is scored on a discrete 1-5 scale, where 5 indicates that the dimension
is largely preserved and 1 indicates a severe failure. Accordingly, lower scores
indicate stronger protection.

Subject Preservation. We assess whether the main subject from the first frame
remains present and recognizable across the video. This captures identity drift,
disappearance, and replacement, which are often the most salient failures even
when the overall rendering still looks plausible.

Structural Consistency. We examine whether the subject’s geometry and bound-
aries remain stable across frames. This highlights warping, tearing, and part-level
inconsistencies that can appear even when the subject is still identifiable.

Dynamic Consistency. We check whether motion and state transitions remain
temporally coherent and physically plausible. This targets flicker, abrupt jumps,
and implausible dynamics that may occur without large appearance changes.

Artifact Suppression. We assess how well visible artifacts are suppressed (e.g.,
checkerboard patterns, banding, flickering textures, unnatural noise, or rendering
glitches). Higher scores indicate minimal visible artifacts, whereas lower scores
indicate severe and dominant artifacts.
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Table 1: White-box quantitative results on VBench metrics [20,21]. Lower indicates
stronger protection efficacy, since our metrics are formulated to quantify deviations
from an image-faithful animation.

Method 2V 2V Subject  Background Aesthetic Imaging Temporal = Motion
Subject Background Consistency Consistency Quality Quality Flickering Smoothness

CogVideoX [51]

Clean 97.15 98.87 95.06 97.38 61.48 70.23 96.99 98.15
I2VGuard 94.58 97.14 93.32 96.17 58.61 65.30 96.47 97.61
Ours 91.20 94.28 87.54 93.16 54.72 63.71 94.47 95.66
LTX-Video [15]

Clean 97.70 98.15 95.09 97.87 60.87 68.22 99.04 99.36
12VGuard 94.36 95.56 90.25 95.00 56.28 62.63 98.23 98.90
Ours 93.64 95.07 89.36 94.99 54.99 61.44 97.95 98.67

Table 2: VBench [20,21] results of generated videos with unseen prompt.

Method 2V 2V Subject Background Aesthetic Imaging Temporal  Motion
Subject Background Consistency Consistency Quality Quality Flickering Smoothness

CogVideoX [51]

Clean 96.87 97.65 94.88 97.40 60.84 70.21 97.41 98.31
12VGuard 93.51 93.79 92.45 95.19 57.37 63.58 96.34 97.43
Ours 88.90 90.60 84.70 91.76 53.14 61.80 94.10 95.36
LTX- Video [15]

Clean 95.85 97.30 90.12 95.50 56.96 64.37 98.53 99.11
I12VGuard 91.83 92.09 83.46 90.28 50.69 56.36 97.35 98.40
Ours 91.14 91.38 82.47 90.14 49.92 55.85 96.93 98.06

5.2 Video-LLM scoring with Inspectable Evidence

For each generated video, we uniformly sample 4 frames per second, including
the first and last. Given the sampled frames, a Video-LLM produces (1) a small
set of concrete observations grounded to frame indices, and then (2) a 1-5 score
for each dimension. Requiring observations before scoring makes the output more
inspectable and reduces arbitrary ratings [27,57].

To evaluate videos at scale under this protocol, we employ Video-LLMs [2,
206, 29,52, 53] as evaluators that inspect sampled frames from each generated
video and assign dimension-wise scores based on observable visual evidence. The
prompt requests a structured output containing frame-grounded observations
and per-dimension scores. We release the prompt template and parsing scripts
to facilitate reproducibility. We report both the per-dimension scores and their
average as a compact summary statistic.

Video-LLM-based evaluation is inherently imperfect and may exhibit model-
specific biases or stochastic variability. We therefore complement it with standard
VBench metrics and validate the reliability through a human study in Section 6.
As shown in Table 6, the human judgments align well with our protocol-induced
rankings, supporting its use as a scalable failure-finding evaluation. Additional
evaluator repeatability and cross-evaluator consistency analyses are provided in
the supplementary material.



10 Song et al.

Original image

12VGuard

Prompt = “A woman with long black hair is posing for a picture.”

Ours Prompt = “A man sitting in the driver’s seat of a car wearing sunglasses.”

Fig. 4: Qualitative results on CogVideoX [51]. We compare generations from the
original image, 12VGuard [13], and Ours.

6 Experiments

Implementation Details. Following 12VGuard [13], we set the PGD hyper-
parameters to K = 50, e = 8/255, and aw = 1/255 for all experiments. We unroll
T = 10 denoising steps during optimization. Unless specified otherwise, we set
A1 = 1 and A2 = 1 for CogVideoX [51], and use Ay = 0.1 and Ay = 0.01 for
LTX-Video [15] to account for objective scale differences across architectures.
For video generation, we use 720 x 480 resolution with 49 frames at 8 FPS for
CogVideoX, and 704 x 480 with 121 frames at 25 FPS for LTX-Video.

Experimental Setup. We employ representative open-source image-to-video
generators in our text-guided 12V setting. Specifically, we use CogVideoX-5B [51]
(full-attention) and LTX-Video-2B [15] (cross-attention) as target models, as
they cover the two common conditioning designs and remain feasible to run at
scale under practical memory budgets.

Datasets and Metrics. We evaluate on 355 images from the VBench Image-
to-Video dataset [21], using the ground-truth text prompts paired with each
image for consistent evaluation. We report VBench [20,21] metrics and our pro-
posed failure-finding scores computed with an open-source Video-LLM evaluator
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Fig. 5: Qualitative results on LTX-Video [15]. We compare generations from the
original image, I2VGuard [13], and Ours.

(Qwen3-VL-8B [2]). We follow the official VBench implementation for metric
computation; our failure-oriented evaluation protocol is described in Section 5.

Baselines. We compare our method with 12VGuard [13], which is designed to
prevent unauthorized video generation. The original 12VGuard paper reports
results on a non-public dataset, so exact numeric matching is not possible. We
reproduce 12VGuard using the hyperparameters and design choices described
in the paper, and evaluate all methods on the public VBench 12V benchmark
under identical generation settings and perturbation budgets. In our setup, the
reproduced 12VGuard achieves effectiveness broadly consistent with the reported
results. For fair comparison, both methods use the encoder attack by default and
share the same uninformative target (a black image).

Qualitative Results We compare generations from the original image and
protected images optimized by 12VGuard [13] and Ours. Figures 4 and 5 show
that our method more reliably induces salient failures and temporally unstable
dynamics than the baseline across both CogVideoX and LTX-Video. Overall,
videos generated from our protected images become incoherent and inconsis-
tent across frames, while the input perturbations remain imperceptible. These
failures are consistent with the degradation patterns observed under prompt re-
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Table 3: Black-box transfer evaluation on VBench metrics [20, 21].

Method 12V 2V Subject Background Aesthetic Imaging Temporal Motion
Subject Background Consistency Consistency Quality Quality Flickering Smoothness

Optimization: LTX-Video [15], Generation: CogVideoX [51]

Clean 97.15 98.87 95.06 97.38 61.48 70.23 96.99 98.15
I12VGuard 97.49 98.62 95.41 97.31 60.77 70.43 96.98 98.24
Ours 95.28 96.72 94.34 96.57 59.56 68.42 96.56 97.83
Optimization: CogVideoX [51], Generation: LTX-Video [15]

Clean 97.70 98.15 95.09 97.87 60.87 68.22 99.04 99.36
I12VGuard 94.52 95.33 90.98 95.33 55.78 61.42 98.29 98.90
Ours 94.61 95.60 89.87 94.98 55.40 62.63 98.14 98.83

Table 4: White-box quantitative results under our 12V protection evaluation protocol.
Lower scores indicate more severe failures. Higher scores indicate more faithful anima-
tion of the input image. Scores are reported as a/b for seen/unseen prompts.

Subject Structural Dynamic Artifact

Method Preservation Consistency Consistency Suppression Average
CogVideoX [51]

Clean 4.86/4.72 4.55/4.22  4.19/3.91  4.79/4.66  4.58/4.38
12VGuard  4.72/4.71 4.18/3.95  3.81/3.66  2.97/3.13  3.92/3.86
Ours 4.37/4.26 3.24/2.82 2.91/2.61 2.49/2.28 3.25/2.99
LTX-Video [15]

Clean 4.64/3.78 4.01/2.83  3.70/2.85  4.17/3.08  4.13/3.13
I12VGuard 4.24/3.37 3.18/2.21 2.99/2.17 2.70/1.95 3.28/2.46
Ours 4.06/3.21  3.02/2.20 2.85/2.17 2.58/1.92 3.12/2.38

moval (Figure 2), further supporting our motivation of disrupting text-guided
stabilization.

6.1 Quantitative Evaluation

We first evaluate on the standard VBench benchmark [20,21]. Throughout this
section, we use a unified convention: lower scores indicate more severe failures
(stronger protection), since our metrics are formulated to quantify deviations
from an image-faithful animation. As shown in Table 1, our approach improves
protection effectiveness over I12VGuard across various 12V metrics. We further
evaluate using our failure-finding protocol with an open-source Video-LLM eval-
uator (Qwen3-VL-8B [2] in our implementation). As shown in Table 4, our
method achieves consistently lower scores across the four dimensions, indicating
stronger disruption of image-faithful generation.

Robustness against Unseen Prompts. In real-world scenarios, the defender
has no access to the attacker’s prompt, making generalization to unseen prompts
critical for dependable protection. Accordingly, we evaluate robustness under
unseen generation prompts by using GPT-4 [1] to synthesize diverse, plausible
video scenarios conditioned on each input image. We note that the generated
unseen prompts are typically more informative and dynamic than the original
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Table 5: Black-box transfer evaluation on our evaluation protocol.

Method Subject Structural Dynamic Artifact Average
Preservation Consistency Consistency Suppression

Optimization: LTX-Video [15], Generation: CogVideoX [51]

Clean 4.86 4.55 4.19 4.79 4.58
12VGuard 4.84 4.44 4.09 4.50 4.47
Ours 4.84 4.31 3.92 3.51 4.15
Optimization: CogVideoX [51], Generation: LTX-Video [15]

Clean 4.64 4.01 3.70 4.17 4.13
12VGuard 4.24 3.23 3.14 2.97 3.40
Ours 4.07 3.11 2.95 2.86 3.25

Table 6: Human study and protocol alignment. The study uses a blinded triplet
comparison over Clean, I12VGuard, and Ours. A higher worst rate indicates stronger
protection-induced degradation.

Method Cons. Rank | Plaus. Rank | Best (%) * Worst (%) 1
Clean 1.50 1.57 59.5 10.0
12VGuard 1.77 1.74 33.5 10.9
Ours 2.72 2.69 7.0 79.1
Protocol-human ranking agreement
Criterion Spearman p Kendall 7
Overall ranking 0.84 0.71
Consistency 0.81 0.68
Plausibility 0.79 0.66

VBench [20] prompts, making generation itself more challenging. As a result,
absolute scores tend to degrade for all methods, and this effect is particularly
pronounced for LTX-Video [15]. Nevertheless, our method maintains a clear
advantage over I2VGuard [13] in this harder regime, indicating that the learned
perturbations transfer robustly even when the prompt distribution shifts (Table 2
and 4). We use the same unseen prompts for all methods and clean generations.
The unseen prompts are provided in the supplementary material.

Black-box Transferability. We further conduct cross-architecture black-box
experiments to assess protection transferability. As shown in Table 3, Anti-
Prompt is generally favorable to 12VGuard [13] in black-box transfer. When op-
timized on LTX-Video [15], it outperforms I2VGuard across all reported VBench
metrics, while the CogVideoX [51]-to-LTX setting shows a few exceptions on iso-
lated dimensions but still favors Anti-Prompt overall. In Table 5, Anti-Prompt
exhibits a clearer and more consistent advantage under our evaluation protocol
in Sec. 5. Taken together, these results indicate effective black-box transfer for
Anti-Prompt, with its advantage appearing more consistently under the pro-
posed failure-finding evaluation.
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Table 7: Imperceptibility comparison.

Model Method DISTS | LPIPS | PSNR + SSIM +

I12VGuard 0.138 0.246 32.86 0.838
Ours 0.111 0.196 35.10 0.906

CogVideoX

I12VGuard 0.130 0.237 32.35 0.816

LTX-Video ™™ s 0.138  0.228 34.20 0.892

Table 8: Ablation of Anti-Prompt components.

Method 2V 12v Subject  Background Aesthetic Imaging Temporal = Motion |Video-LLM [2]
Subject Background Consistency Consistency Quality Quality Flickering Smoothness Averagel

Lene 94.47 97.71 91.96 96.76 57.83 64.22 96.23 97.12 4.11

Lene + Loup 9477 97.22 92.94 96.22 58.33 66.55 96.57 97.53 3.92

Lene + Lyvis  92.92 95.91 90.53 94.90 56.38 66.95 95.32 96.66 3.59

Ours 91.20 94.28 87.54 93.16 54.72 63.71 94.47 95.66 | 3.25

Human Study and Protocol Alignment. To verify that the generated fail-
ures are perceptually meaningful, we conduct a blinded human study on gen-
erated video triplets. Participants compare the results from Clean, 12VGuard,
and Ours for the same image and prompt, and select the best and worst videos
based on consistency and plausibility. To reduce the cognitive burden of compar-
ing video triplets, we ask participants to judge two higher-level criteria rather
than all four protocol dimensions: consistency, which mainly reflects subject
preservation and structural consistency, and plausibility, which mainly reflects
dynamic consistency and artifact suppression. As shown in Table 6, generations
from our protected images are most frequently selected as the worst, indicat-
ing stronger human-perceived degradation. The protocol-induced rankings also
agree well with aggregated human preferences across overall, consistency, and
plausibility criteria.

6.2 Analysis on Imperceptibility

Beyond protection effectiveness, practical protective perturbation should be vi-
sually imperceptible. We measure DISTS [11], LPIPS [54], PSNR, and SSIM [47],
comparing our method with 12VGuard [13]. As shown in Table 7, our perturba-
tions achieve consistently lower LPIPS and higher PSNR,/SSIM across both mod-
els, indicating improved perceptual fidelity. DISTS is improved on CogVideoX
and is slightly higher on LTX-Video.

6.3 Ablation Studies

Impact of Each Proposed Component. We conduct ablation experiments
to evaluate the contribution of our two objectives, Lgy, and Lyis, as shown
in Table 8. In this analysis, the encoder attack (Lenc) is used as a baseline
component. We evaluate the protection efficacy when adding Lg,, only, Lyis
only, and both combined. All ablation experiments are conducted in the white-
box setting on CogVideoX [51].



Anti-Prompt 15

Table 9: Efficiency comparison.

Model Method Video Gen. § Optim. Total FLOPs Peak Memory

(PFLOPs) (PFLOPs) (PFLOPs) (GB)

. I2VGuard  16.96 37.29 54.25 51.56
CogVideoX-5B 5 o 0 26.82 26.82 48.98
. I2VGuard _ 1.896 3.517 5.413 35.18
LTX-Video-2B 5, ¢ 0 2.609 2.609 28.86

Adding Ls,p, alone shows mixed effects on VBench metrics, where some scores
slightly increase, but consistently improve the Video-LLM failure score. This
suggests that text suppression induces failures that are visible to a Video-LLM
evaluator inspecting individual frames but are not fully captured by the au-
tomated VBench pipeline. Adding L,;s alone produces consistent improvements
across both evaluation frameworks. Their combination achieves the lowest scores
on both VBench and the Video-LLM protocol, confirming that text suppression
and visual dominance are complementary.

Efficiency Analysis. As shown in Table 9, our method significantly reduces
runtime and memory consumption compared to I2VGuard [13]. This is because
our losses operate on intermediate attention statistics within a single denoising
pass, whereas 12V Guard requires generating a reference video as an additional
forward pass. This reduced memory footprint makes the optimization feasible
under practical GPU budgets and leaves headroom to scale to larger 12V models
when more compute becomes available.

7 Conclusion

We introduced Anti-Prompt, an image protection strategy that aims to pre-
vent unauthorized text-guided image-to-video generation from publicly shared
images. Anti-Prompt combines text suppression to attenuate text-dependent
interactions with a visual dominance loss that increases robustness to unseen
prompts. We further propose a Video-LLM-based failure-finding evaluation pro-
tocol that exposes protection-induced breakdowns along four visual dimensions.
Extensive experiments on VBench and our protocol across cross-attention and
full-attention 12V models demonstrate strong protection with high imperceptibil-
ity and improved computational efficiency. Moreover, our method demonstrates
generally stronger protection efficacy in unseen-prompt and model-shift evalua-
tion settings.
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