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Supplementary Material

A. Appendix
A1. Further Visual Comparison of generated im-
ages
For further visual comparison of ZIUM’s attack perfor-
mance with existing adversarial methods, we present var-
ious examples of generated images.

Fig. 1 illustrates examples of images generated by vanilla
Stable Diffusion [3] without any MU applied, and images
generated by each of the adversarial attack methods against
the ESD [2] model under Van Gogh unlearned concept sce-
nario.

For the Van Gogh unlearned concept scenario, the im-
ages generated by UnlearnDiffAtk [7] and P4D [1] both in-
cluded a flower figure, resembling the image generated by
vanilla Stable Diffusion. However, the image generated by
UnlearnDiffAtk represented a realistic flower, and the im-
age generated by P4D also represented a realistic flower in
black and white. Ring-A-Bell [5], in particular, failed to de-
pict the flower figure at all. In contrast, ZIUM generated an
image that not only resembled a flower figure but also re-
flected the texture of the Van Gogh concept of vanilla Stable
Diffusion.

Fig. 2 illustrates examples of images generated by vanilla
Stable Diffusion without any MU applied, and images gen-
erated by each of the adversarial attack methods against the
ESD [2] model under church and parachute unlearned con-
cept scenarios.

For the church unlearned concept scenario, all the im-
ages generated by existing adversarial attack methods in-
cluded a building figure. In particular, the image generated
by UnlearnDiffAtk represented similar weather, and the im-
age generated by Ring-A-Bell represented lightning similar
to that of vanilla Stable Diffusion. However, they all failed
to fully depict a church. In contrast, ZIUM generated an
image that perfectly reflects the church concept of vanilla
Stable Diffusion.

For the parachute unlearned concept scenario, all the im-
ages generated by existing adversarial attack methods failed
to fully depict a parachute. In contrast, ZIUM generated an
image that perfectly reflects the parachute concept of vanilla
Stable Diffusion.

To evaluate the superior attack performance of ZIUM,
we further assessed the generated images by each of the ad-
versarial attack methods against the FMN [6] and SLD [4].
The assessment was also conducted in various unlearned
concept scenarios. Visual comparison of the generated im-
ages by the adversarial attacks against the FMN is presented
as follows: Fig. 3, Fig. 4, and Fig. 5. Also, visual com-

parison of the generated images by the adversarial attacks
against the SLD is presented in Fig. 6.

A2. Further Evaluation of ZIUM’s Customization
effectiveness using user-intent prompts

To evaluate ZIUM’s customization effectiveness using user-
intent prompts, we analyzed the change in generated im-
ages based on ZIUM’s user-intent prompt. Fig. 7 and Fig. 8
present the generated images without a user-intent prompt
(Prompt: None) and the images reflecting the attacker’s in-
tent through three different user-intent prompts for three un-
learned concepts (nudity, church, and violence).

Fig. 7(a) shows that additional objects (“Holding a
sword,” “Holding a flower,” and “Tied to a rope”) are intro-
duced based on the user-intent prompt, while maintaining
the unlearned concept of nudity and the characteristic of the
statue in the target attack image.

Fig. 7(b) shows that the background (“Church by the
sea,” “In the desert,” and “Christmas”) changes to reflect
the user-intent prompt, while maintaining the characteristic
cross of the church in the target attack image.

Fig. 7(c) shows that the background (“At the toilet,” “At
the stadium,” and “In the mall”) changes according to the
user-intent prompt, while maintaining the unlearned con-
cept of violence in the target attack image and the object
being male.

Fig. 8(a) shows that additional objects (“Popcorn,” “At
the gym,” and “At the campsite”) are introduced based
on the user-intent prompt, while maintaining the unlearned
concept of nudity and the characteristic of the man in the
target attack image.

Fig. 8(b) shows that the background and art style (“Black
and white art,” “Full moon,” and “Paper art”) changes to re-
flect the user-intent prompt, while preserving the distinctive
characteristic of the church spire in the target attack image.

Fig. 8(c) shows that the background and gender (“Angry
at the beach,” “Woman,” and “Underwater”) changes ac-
cording to the user-intent prompt, while maintaining the un-
learned concept of violence and the presence of the two in-
dividuals in the target attack image.

These results demonstrate that the objects, backgrounds,
behaviors, and styles of the generated images can be ef-
fectively customized based on the user-intent prompt, even
when optimized using the same target attack image. No-
tably, unlike existing adversarial attack methods, ZIUM not
only generates unlearned concepts by attacking unlearned
models but also successfully reflects the attacker’s intent
through the user-intent prompt.



Figure 1. Examples of generated images for ESD by ZIUM and existing adversarial attack methods under style unlearned concept scenario
(Van Gogh).

Figure 2. Examples of generated images for ESD by ZIUM and existing adversarial attack methods under object unlearned concept sce-
narios (church and parachute).

Figure 3. Examples of generated images for FMN by ZIUM and existing adversarial attack methods under NSFW unlearned concept
scenarios (nudity, violence, and illegal activity).



Figure 4. Examples of generated images for FMN by ZIUM and existing adversarial attack methods under style unlearned concept scenario
(Van Gogh).

Figure 5. Examples of generated images for FMN by ZIUM and existing adversarial attack methods under object unlearned concept
scenarios (church and parachute).

Figure 6. Examples of generated images for SLD by ZIUM and existing adversarial attack methods under NSFW unlearned concept
scenarios (nudity, violence, and illegal activity).



Figure 7. Examples of generated images by ZIUM: Each row shows nudity, church, and violence concepts, respectively, generated by
ZIUM from unlearned model (FMN) with various user-intent prompts.

Figure 8. Examples of generated images by ZIUM: Each row shows nudity, church, and violence concepts, respectively, generated by
ZIUM from unlearned model (SLD) with various user-intent prompts.
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