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1. Dataset Details

We provide the detailed description of our artwork subset
from the WikiArt dataset. To identify the most stylisti-
cally unique artists (to enable distinct visual representation),
we leveraged ChatGPT-4 [3] to generate a curated list of
renowned artists known for their highly individual and rec-
ognizable styles. Figure 1 illustrates the process. Given that
each artist possesses a unique style, we represent styles by
directly linking them to their respective artist names. Start-
ing with the complete list of artists from the WikiArt dataset
, we prompted the model to produce a refined selection of
artists exhibiting the most distinct and personal styles, along
with detailed reasoning, nominating each artist and explain-
ing the distinctive qualities for which they are known. Sub-
sequently, we manually reviewed these nominated candi-
dates and their works to ensure clarity and consistency in
stylistic expression. Ultimately, we selected 30 prominent
artists whose works demonstrate strong and distinguishable
stylistic characteristics. For each artist, representing a dis-
tinct style, we curated a small subset of 3 to 5 representative
images for customization. This refined dataset forms a com-
pact, yet effective benchmark for evaluating style mimicry
and protection.

Given the full set of artists in WikiArt dataset, who 
exhibit the most distinct and highly personal 
styles? Provide your reasoning.

Paul Gauguin – Bold colors, flat forms, and symbolic content.
Gustav Klimt – Ornate, decorative, and symbolic with gold leaf.
Pablo Picasso – Cubism and constant reinvention.
Frida Kahlo – Surrealism infused with personal symbolism.
Edvard Munch – Expressionist emotional intensity.

…

Figure 1. The process of building the refined artwork dataset using
ChatGPT [3], for evaluating style protection effectiveness.

2. Qualitative Results for Imperceptibility
To visualize the impact of the perturbations, Figure 2 com-
pares the perturbation patterns on WikiArt dataset, pro-
duced by different methods. Except for MIST [2], all meth-
ods demonstrate strong stealthiness and remain largely im-
perceptible to the human eye. Note that CAAT [7] applies
certain data augmentations during perturbation training, in-
cluding a 50% probability of horizontal flipping which ex-
plains the appearance of the first CAAT perturbation.

We also compare the invisibility on Anita Dataset in Fig-
ure 3. Glaze [5] is not included in this comparison because
its extremely long runtime makes it impractical to run under
our experimental setting.

3. Details of Robustness Analysis
This section further analyzes the robustness of StyleProtect,
focusing on its cross-model adaptability and its resilience to
chains of post-processing operations.

3.1. Cross-Model Adaptability
Protection Performance Across Editing Models. To as-
sess whether our protection remains effective when an ex-
ploiter attempts to edit a protected image, we evaluate our
method on SD v2.1 in Fig. 4. After finetuning, the generated
outputs of the protected images display clear visual disrup-
tions and a characteristic, consistent noise pattern. The re-
sults show that our method can offer protection from models
not used for training.

Edits of 
StyleProtect

SD v2.1 prompted with “A dog sitting under a tree in a park.”

Figure 4. We evaluate StyleProtect using SDv2.1 as the base
model for finetuning. The finetuned generations of protected im-
ages exhibit disrupted visual structures and a consistent noise pat-
tern.
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Figure 2. Visualization of perturbations applied by different methods on WikiArt artwork images. Our method introduces slight noise but
strikes a good balance among efficiency, protection performance, and imperceptibility.
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Figure 3. Visualization of perturbations applied by different methods on Anita anime images. While our method produces slight noise, it
achieves an effective trade-off between efficiency, protection efficacy, and invisibility.

Protection Performance Across Finetuning Techniques.
We further investigate the performance of StyleProtect un-
der the LoRA-based fine-tuning settings. As shown in Fig-
ure 5, an interesting observation emerges: even the clean
(unprotected) images often fail to reproduce the target artis-
tic style learned by the LoRA model. This phenomenon
suggests that the LoRA adaptation process itself introduces

substantial distribution shifts [6], making style transfer un-
stable regardless of whether protection is applied.

A potential reason is that since LoRA updates only a
small subset of parameters, it struggles to capture global
stylistic patterns, leading to inconsistent style expression
across prompts. This limitation explain why clean images
already struggle to reproduce the target style, and this is-



Figure 5. Generated images finetuned with clean images with
LoRA techniques on SD v1.5 and v2.1. The results show that
even clean, unprotected inputs often fail to reproduce the stylistic
characteristics captured during fine-tuning.

sue becomes even more noticeable once StyleProtect is ap-
plied. Moreover, LoRA fine-tuning typically requires a
larger dataset (around 10–20 images) to learn a coherent
artistic style, whereas our setting uses only 4–6 images per
style, resulting in limited generalization.

3.2. Resilience to Post-processing Operations
To mimic real-world dissemination on online platforms,
we build automated image editing chains, combining tra-
ditional image processing operations and prompt-based AI
edits. Hence, we define ten possible edits and compose
them into chains of length up to five. These include
seven traditional image transformations: JPEG compres-
sion, crop/resize, Gaussian blur, horizontal flip, bright-
ness/contrast, super resolution, and geometric distortion,
and three prompt-based AI edits using Stable Diffusion
XL [4]. The prompts used are: convert to realistic im-
agery, change to a target style, and a semantic transforma-
tion. For the semantic transformation, we leverage Gemini
2.5-Flash [1] to first identify objects in the image and then
apply random object inpainting using SDXL. For any given
image, we construct 200 chains composed of randomly se-
lected non-repeating transformations: 10 1-level, 90 2-level,
50 3-level, 30 4-level, and 20 5-level chains.

We summarize these transformations in Table. 1. Our
chain of edits is constructed from these ten operations.
We then evaluate the similarity with SSIM, LPIPS metrics
between the original and protected images after applying
transformations from 1st level to 5th level (see Fig. 6). As
the level increases, the SSIM score consistently decreases
while the LPIPS score grows. This indicates that the pro-
tected images deviate increasingly from the original images
in both structural content and perceptual similarity. Con-
sequently, the protection progressively weakens, as higher
levels introduce stronger distortions that reduce the effec-
tiveness of StyleProtect’s defense.

Method Description

Crop & Resize Crop 128 pixels’ edge, then re-
size to 512×512

Gaussian blurring Using kernel: 3×3, sigma = 0.05

JPEG compression With the factor as 75

Horizontal Flipping -

Brightness & Con-
trast Adjustment

Change brightness to 10, con-
trast to 2

Super Resolution Upscaling using the EDSR
model

Barrel Distortion -

AI-based stylization Edit the image using SDXL
prompting “Transform to realis-
tic photograph”

AI-based stylization Edit the image using SDXL
prompting “Change to Ghibli
style”

AI-based semantic
editing

1. Gemini detects objects; 2.
generate an image without se-
lected objects using SDXL

Table 1. Post-processing transformations used in our evaluation.
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Figure 6. With increasing levels, SSIM monotonically decreases
while LPIPS increases, reflecting reduced similarity to the original
image and diminishing protection strength.
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