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Figure 1. (a) Given a text-to-image (T2I) model, there are two common methods to adopt it to create undesired contents, i.e., generating
new images based on text prompts or editing existing images. (b) Current concept erasure methods primarily focus on preventing the
generation of erased concepts but fail to protect against image editing. In contrast, our ACE method can prevent the production of such
content during both generation and editing processes. As shown, after erasing Pikachu, it successfully prevents the edits involving Pikachu.

Abstract

Recent advance in text-to-image diffusion models have
significantly facilitated the generation of high-quality im-
ages, but also raising concerns about the illegal creation
of harmful content, such as copyrighted images. Existing
concept erasure methods achieve superior results in pre-
venting the production of erased concept from prompts, but
typically perform poorly in preventing undesired editing.
To address this issue, we propose an Anti-Editing Concept
Erasure (ACE) method, which not only erases the target
concept during generation but also filters out it during edit-
ing. Specifically, we propose to inject the erasure guid-
ance into both conditional and the unconditional noise pre-
diction, enabling the model to effectively prevent the cre-
ation of erasure concepts during both editing and genera-
tion. Furthermore, a stochastic correction guidance is in-
troduced during training to address the erosion of unrelated
concepts. We conducted erasure editing experiments with

representative editing methods (i.e., LEDITS++ and Mas-
aCtrl) to erase IP characters, and the results indicate that
our ACE effectively filters out target concepts in both types
of edits. Additional experiments on erasing explicit con-
cepts and artistic styles further demonstrate that our ACE
performs favorably against state-of-the-art methods. Our
code will be publicly available at https://github.
com/120L020904 /ACE.

1. Introduction

Recent text-to-image (T2I) diffusion models trained with
large-scale datasets [49] have demonstrated an impressive
ability to generate high-quality images [12, 42, 46]. Their
extraordinary creative capabilities enable users to produce
high-quality images, and facilitate a wide range of ap-
plications, such as image editing [4, 58] and artistic cre-
ation [13, 55, 67]. However, alongside these advancements,
a significant concern has arisen regarding the potential mis-
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use of these text-to-image models. For example, these mod-
els might be employed to generate unsafe content, such as
copyrighted material or sexually explicit images.

To prevent the creation of unsafe content, a straightfor-
ward solution is filtering training data and retraining the
model. Nonetheless, such a process is both labor-intensive
and resource-consuming. Post-hoc safety checker [45, 46]
and negative guidance [48] are alternative plug-and-play
ways to filter undesired contents, which heavily rely on
pre-trained detectors or hand-crafted prompts. More recent,
concept erasure methods [14, 17, 35, 36, 68] are proposed to
directly unlearn undesired concepts through model finetun-
ing. These methods mainly focus to precisely removing the
target concept, while faithfully preserving the generation of
non-target concepts. For instance, ESD [14] injects the neg-
ative erase guidance into target noise prediction to guide the
image away from the target concept. SPM [36] employs a
lightweight adapter to eliminate concepts and further adopts
latent anchoring to preserve non-target concepts.

Although these concept erasure methods can effectively
prevent the generation of unsafe content giving corre-
sponding text prompt, they can be circumvented by edit-
ing techniques. As illustrated in Fig. 1, after removing
Pikachu from the model, users can still create an image
of Pikachu wearing sunglasses by editing a Pikachu im-
age using LEDIT++ [4]. This is because these methods are
typically trained to remove target concept from conditional
noise prediction (as shown in Fig. 2(b)), and rely on the in-
put text (e.g., “Pikachu”) to trigger the guard. Therefore,
when editing the image with the text "Add sunglasses” as
input, the guard fails. In practice, protection from editing
should also be considered in concept erasure, which we re-
fer to as editing filtration.

To address the above issues, we propose an Anti-Editing
Concept Erasure method, termed ACE, to prevent the pro-
duction of unsafe content during both generation and edit-
ing. Based on the above analysis, we explore the capabil-
ities of CFG [20], and propose incorporating erasure guid-
ance into both conditional and unconditional noise for anti-
editing concept erasure. During erasure training, ACE ad-
ditionally aligns the unconditional noise prediction of the
tuned model with the proposed unconditional erasure guid-
ance. After that, during generation or editing, the CFG pre-
diction in the tuned model can implicitly mitigate the pres-
ence of the erased concept, thereby preventing the produc-
tion of unwanted content. A prior constraint loss further
adopted address the overfitting of training. Additionally, to
reduce the impact of the added target concept noise guid-
ance on the generation of non-target concepts, we further in-
corporate a random correction guidance with unconditional
erasure guidance by subtracting randomly sampled prior
concept noise guidance. With that, our ACE can thoroughly
erase the target concept while preserving the generation of

non-target concepts. We conducted extensive evaluations

across different erasure tasks, including intellectual prop-

erty (IP), explicit content, and artistic style. Our method
demonstrate significant advantages in both generation and
editing filtration, showcasing its effectiveness.

The contributions of this work can be summarized as:

* We investigate the potential risks of unsafe content cre-
ation through image editing, and propose an Anti-Editing
Concept Erasure (ACE) method to prevent the production
of such content during both generation and editing.

* A unconditional erasure guidance is proposed for anti-
editing concept erasure, along with concept preservation
mechanism to ensure the generation of non-target con-
cepts.

» Extensive experiments demonstrate that our ACE can suc-
cessfully erase target concepts and exhibits superior filtra-
tion capabilities during both generation and editing.

2. Related Work
2.1. Concept Erasure in T2I Models
The concept erasure [9, 11, 15, 16, 18, 21, 23-25, 28—

30, 33, 39, 41, 43, 48, 51, 52, 59, 62-64, 71] in T2I models
has been the subject of numerous studies. Fine-tuning mod-
els are an important method in concept erasure. ESD [14]
suggests integrating negative guidance into target concept
noise through training. SPM [36] proposes prior correction
based on the cosine similarity of text and utilizes a compa-
rable Lora approach to train the model. MACE [35] lever-
ages a closed-form solution to amalgamate multiple erasure
Lora weights. RECE [17] employs analytical methods to
search inappropriate text embedding and integrates it into
erasure closed-form solution. AdvUnlearn [68] incorporate
adversarial training to improve the robustness of the erasure
method. To the best of our knowledge, current fine-tuning
methods lack consideration for editing filtration, thus ren-
dering them ineffective in preventing customized editions
to target concept images.

2.2, Text-driven Image Editing

Due to the broad generative capacities inherent in text-
to-image DMs, the employment of DMs for image edit-
ing [3, 5, 7, 8, 26, 27, 32, 37, 38, 40, 47, 50, 54, 56, 57,
60, 65, 70] has progressively garnered traction. MasaC-
trl [6] introduces source image data into the image editing
process by substituting keys and values in the self-attention
layer, thus modifying the actions of objects in the image.
LEDITS++[4] uses inference guidance and attention masks
from DM to confine editing regions while using DDPM in-
version for enhanced restoration of source image. Image
editing enables users to customize images to meet their spe-
cific requirements using only a single image, posing new
challenges in terms of security for generative models.
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Figure 2. Overview of our proposed ACE. (a) In CFG, both conditional noise and unconditional noise are adopted to generate high-
quality images. (b) ESD [14] unlearns the target concept (e.g., Mickey) by aligning conditional noise prediction with conditional erasure
guidance (CEG). (¢) During the fine-tuning, our ACE injects erasure guidance into both conditional and unconditional noise prediction,
preventing the production of unsafe content during both generation and editing. PG-UEG denotes the prior-guided unconditional erasure

guidance calculated following Eqn 9.

2.3. Attacks in T2I Models

As research on concept erasure in T2I models advances, red
team studies focusing on the robustness of detection era-
sure methods are also increasingly emerging. P4D [10] pro-
cesses a method of inserting adversarial text into regular in-
put text to facilitate the production of insecure images using
the T2I model. Ring-A-Bell [53] extracts the discrepancy
vector between the embeddings of insecure concept text and
secure concept text and employs it to derive the attack text
embedding. UnlearnDiff [69] employs Projected Gradient
Descent (PGD) to tackle the optimization challenge inher-
ent in adversarial attacks and maps the optimized text em-
beddings onto discrete tokens.

3. Proposed Method

Given a target concept (e.g., Pikachu), concept erasure
task [14, 36] aims to unlearn it from pre-trained text-to-
image (T2I) models, preventing the illegal use of these mod-
els to create copyrighted content. However, existing meth-
ods can be circumvented and fail to prevent users from
producing new undesirable images through image editing,
which raises new concerns. To address this, we propose an
Anti-Editing Concept Erasure (ACE) method, as illustrated
in Fig. 2, to prevent the production of undesirable content
through both generation and editing. In this section, we will
first introduce the prior knowledge of our method (Sec. 3.1),

including employed T2I model and concept erasure method.
To address the editing issue, we further propose to erase the
target concept from both conditional and unconditional pre-
diction for anti-editing erasure (Sec. 3.2). Finally, to pre-
serve the generation of non-target concepts, a prior concept
preservation mechanism is introduced (Sec. 3.3).

3.1. Preliminaries

Stable Diffusion. In this work, we adopt Stable Diffusion
1.4 [46] as text-to-image model, which is one of the repre-
sentative T2I diffusion models. It first employs a variational
autoencoder (VAE) to transform real images z into an im-
age latent z. Then, a text-conditioned diffusion model eg
is trained on the latent space to predict latent codes, and
mean-squared loss is adopted,

Liom =E., 1 cenon [lle— ez, e, t)3], (D

where € denotes the unscaled noise and c is the text embed-
ding encoded by text encoders. z; is the latent noised to
time ¢. During inference, a random Gaussian noise zp is
iteratively denoised to zp, and decoded to final image.
Classifier-Free Guidance. To improve the quality of gen-
erated images, classifier-free guidance [20] is adopted dur-
ing diffusion inference. Based on Tweedie’s formula and
the principles of diffusion model, we have:

1
Vzt 1ng(c‘zt) = 70_7(60(2:25707 t) - Ee(Zt,t)). (2)

t
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Figure 3. Qualitative comparisons of IP character removal.
Our ACE effectively erases the target concept while generating
other concepts successfully.

Here, o, is a constant. To increase the probability of text
condition ¢ appearing in the final image, the final noise pre-
diction is the composition of noise prediction from both
conditional and unconditional texts,

6269(3t7t)+w(69(zt707t) —Eg(Zt,t)), (3)

where €y(2;,t) denote the unconditional noise prediction,
and w is a hyperparameter controlling the guidance scale.
Concept Erasure. Given a target concept indicated by text
c (e.g., Pikachu), concept erasure task finetunes the model
to reduce the probability of generating images containing
this concept. For example, ESD [14] removes the target
concept from the conditional noise prediction, and a condi-
tional erasure guidance (CEG) is defined as:

gc = €g~* (Zt7 t) - nC(GO* (Zt: c, t) — €p* (Zt: t))v (4)

where €p+ (-) represents the original T2I model, and z; is
the encoded latent image contains target concept c. 7). is a
control scale hyperparameter. During training, ESD aligns
the noise prediction of the target concept in tuned model
€g(zt, ¢, t) with the above CEG,

Lesp =E., . [[leo(zt, ) — €c||§] . (5)

After the training, the erasure guidance —V ., logp(c|z:)
is introduced into conditional noise prediction of the target
concept. Therefore, the prediction of tuned model will be
guided away from the erased concept, preventing the gener-
ation of images containing the erased concept.

3.2. Anti-Editing Concept Erasure

Editing Filtration. Although existing erasure methods can
successfully prevent the generation of an erased concept
through text prompts, they can be easily circumvented by
editing techniques. As shown in Fig. 1, when utilizing tuned
ESD model to add sunglasses on an image of Pikachu us-
ing LEDITS++ [4], it successfully produces an image of
Pikachu with sunglasses, raising potential copyright con-
cerns. This is because these methods are typically trained
to erase the concept from the noise prediction of the target
concept (as shown in Fig. 2 (b)), and rely on inputting con-
cept text (e.g., “Pikachu” or “Mickey”) to trigger the guard.
However, during the editing process, the target concept may
not necessarily be used in the text prompt. Therefore, these
erasure methods fail to prevent the reconstruction of the
erased concept. In practice, the erasure model should also
have the ability to prevent the creation of undesired con-
cepts through image editing, a feature we refer to as editing
filtration.

Unconditional Erasure Guidance. As we all know,
current generation and editing methods heavily rely on
classifier-free guidance [20] (CFG) to improve the quality
of generated images, where unconditional noise prediction
performs an important role. To address the issue of edit-
ing filtration, we further propose to erase the target con-
cept from both conditional and unconditional noise predic-
tion, thereby preventing edited images from containing tar-
get concepts. Specifically, similar to ESD, we define the
unconditional erasure guidance (UEG) as,

gu = €p~ (Zt7t) +77u(€9" (Zt,C, t) — €p= (Ztat)) (6)

During training, we additionally align the unconditional
noise prediction of the tuned model with the UEG,

£Unc = Ez,,,t,c [||69(Ztat) - gu”%} . (7)

When fine-tuned unconditional noise (our UEG) is sub-
tracted in the CFG process, the erased concept guidance
will be subtracted, thereby reducing the probability of
the erased concept appearing regardless of the input text
prompt. Then, the CFG noise prediction during inference
will move away from the target concept regardless of any
text input, thereby effectively preventing the production im-
age containing the target concept. As erasure models are
usually trained on a small dataset, they are prone to be over-
fitting, where the erasure guidance is introduced into the
noise prediction for other conditional text prompts. This
weakens the erasure effects and leads to incomplete era-
sures. To address the issue of overfitting, we introduce a
prior constraint loss during the training process. Specifi-
cally, we regularize the prediction of the prior concept in the
new model to be consistent with that of the original model:

Lcons = Eztyt«cpecp [HE9 (zta Cp, t) — €o* (zta Cp, t)“%] , (®
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Figure 4. Comparison of our ACE method with other methods in terms of editing filtering. After erasing Mickey Mouse, our method
filtered out edits involving Mickey Mouse while not affecting edits related to other IP characters. In contrast, the competing methods either
fail to prevent editing (e.g., ESD, SPM, RECE, and MACE) or cannot perform editing on non-target concepts (e.g., AdvUnlearn).
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Figure 5. Qualitative results of nudity removal. Figure (a) shows the results of explicit editing using SD-Inpainting, while Figure (b)
displays images generated using text with explicit label. Static adversarial text is used for editing text, while dynamic adversarial attacks are
employed for generation. It can be observed that our method effectively reduces exposure in both editing and generation tasks. Moreover,

our method maintains its effectiveness when editing and generating using adversarial text, indicating its robustness.

where ¢, represents prior concept, and C,, represents the set
of prior concepts. Intuitively, the larger the set of priors,
the better it helps mitigate overfitting. However, it is chal-
lenging to traverse all the prior concepts as the pre-trained
models have a large general semantic space. Our goal is to
preserve the concepts more likely to be affected, thus min-
imizing the influence to other concepts. We assume that
these concepts are semantic-related concepts to the erased
concept and use LLM [1] to obtain them. By adding this
loss, it ensures that the erasure guidance introduced during
training aligns with our conceptualization in the Eqn. 7.

3.3. Prior Concept Preservation

In practice, training with the method proposed in Sec. 3.2
affects the generation prior of relevant concepts (see
Sec. 4.4). This is because incorporating UEG not only de-
creases the probability of producing erased concepts, but
also decreases probability of adjacent concepts. Therefore,
we reverse mechanism of UEG by subtracting the guidance
of prior concepts from the unconditional noise, which pre-
vents the probability reduction of these concepts and mini-
mizes concept forgetting. The prior concepts are sampled
from the semantic-related concepts obtained using LLM,
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(a) Generation Prevention

(b) Editing Filtration

Method Erase Concept Prior Concept Overall Erase Concept Prior Concept Overall
ESD Unc Cons Cor | CLIP,| LPIPS.t CLIP,1 LPIPS,| CLIP;t LPIPS;t | CLIP,| LPIPS.1 CLIP,1 LPIPS,| CLIP;T LPIPS;?T
an v 0.171 0.440 0.246 0.286 0.075 0.153 0.301 0.060 0.305 0.050 0.004 0.011
2 Vv v 0.166 0.551 0.283 0.236 0.117 0.315 0.285 0.149 0.305 0.057 0.019 0.092
3 v v v 0.159 0.507 0.254 0.337 0.095 0.170 0.274 0.168 0.300 0.077 0.026 0.091
“) v v v 0.211 0.303 0.293 0.199 0.082 0.104 0.273 0.175 0.301 0.079 0.028 0.096
5 Vv v v v 0.175 0.397 0.295 0.196 0.120 0.201 0.274 0.168 0.303 0.070 0.029 0.097

Table 1. Quantitative Evaluation of generation and editing after ablation. The best results are highlighted in bold. The results in the
table indicate that the prior constraint loss function, as expected, enhanced the erasure capability of the trained model, while the correction
guidance greatly mitigated concept erosion during the erasure process without affecting editing filtration.
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Figure 6. Qualitative results of artistic style removal. Our
method erases the target style effectively and has minimal impact
on other artistic styles.

which is mentioned in the previous section. We call this
new guidance prior-guided unconditional erasure guidance
(PG-UEG), which is defined as:

Epu = €0+ (2, 1) + nu(€ox (21, ¢, 1) — €0+ (21, 1))

_nP’YP(EO* (Zt7cp7t) — €g* (Ztvt))a (9)

where +, represents the guidance control term related to
the prior retained concept. c, refers to the same prior
concept in Lcoys Which are obtained through random sam-
pling from the set C,. We calculate v, using the CLIP
model to measure the relevance of different prior concepts
to the target concept image and then compare it to the rel-

evance of the target concept text to its image. Specifically,
_ CLIP(z,cp)

» = Lz, - Lhe new loss for our ACE is:

‘CPUnc = Ezt,t,c,cpecp I:HEG(th) - gpu”g:l . (10)

The final training loss for our ACE is summarized as:
LAcE = ApUncLpUne + AconsLcons + AESDLESD-

In our implementation, we adopt LORA [22] for
parameter-efficient tuning, and the training process fol-
lows [14]. More details are provided in Suppl.

4. Experiments

We conduct experiments on various tasks to evaluate our
ACE, including IP characters erasure, artistic styles erasure,
and nudity erasure. ESD [12], SPM [36], AdvUnlearn [68],
MACE [35], and RECE [17] are adopted as competing
methods. Unless otherwise specified, the experiments are
conducted on the Sable Diffusion v1.4.

4.1. IP Character Removal

Experiment Setup. To access our ACE on IP character
removal, we employ ten iconic IP characters as examples,
including Hello Kitty, Snoopy, Mickey Mouse, Elsa, Don-
ald Duck, Dora the Explorer, Winnie the Pooh, Sonic the
Hedgehog, Elsa, and Pikachu. For each erasure method,
we finetune ten models, with each model designed to erase
one IP character. Following [14, 17], we adopted CLIP [44]
score and LPIPS [66] score as metrics for evaluation. CLIP
score calculates the similarity between the generated image
and concept text, while LPIPS calculates the perceptual dif-
ference between images generated by the erasure model and
the original T2I model. CLIP, calculates the CLIP simi-
larity between images generated with erased concept text
and their corresponding text, where lower value indicates
more thorough erasure. CLIP,, calculates the relevance un-
der prior concepts, and higher value indicates better prior
preservation. LPIPS. calculates the LPIPS similarity be-
tween images generated with erased concept text by the
trained model and the original model, and higher value in-
dicates more thorough erasure. LPIPS,, calculates the sim-
ilarity under prior concepts, in which lower values indicate
better prior preservation. When erasing one concept, the
other nine concepts are used as related concepts. Follow-
ing RECE [17], we further calculate the overall scores be-
tween erased and related characters to measure the trade-off
between the concept erasure and prior preservation, where
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(a) Generation Prevention

(b) Editing Filtration

Erase Concept

Prior Concept Overall

Erase Concept Prior Concept Overall

Method | CLIP, | LPIPS,+ CLIP,t LPIPS,| CLIP;7 LPIPS;1 | CLIP,| LPIPS,t CLIP,1 LPIPS,| CLIP;1 LPIPS,?1

SDv1.4[46] | 0.301 0.000 0.301 0.000 0.000

0.000 ‘ 0.308 0.063 0.308 0.063 0.000 0.000

ESD [14] 0.227 0.331 0.276 0.255 0.049

SPM [36] 0.239 0.288 0.296 0.107 0.056
AdvUnlearn [68] 0.166 0.468 0.209 0.403 0.043
MACE [35] 0.250 0.317 0.298 0.134 0.048
RECE [17] 0.176 0.426 0.257 0.270 0.081

Ours | 0.175 0.397 0.295 0.196 0.120

0.076 0.306 0.042 0307 0.041 0.001 0.000
0.181 0.302 0.061 0.303 0.056 0.001 0.005
0.065 0310 0.011 0.311 0.010 0.001 0.001
0.184 0.303 0.056 0.304 0.054 0.001 0.002
0.156 0300  0.066 0.303 0.054 0.003 0.012
0.201 0.274 0.168 0.303 0.070 0.029 0.097

Table 2. Quantitative comparisons of IP character erasure. The best two results are highlighted with bold and underline.

Buttocks Breast (F) Genitalia (F) Breast (M) Genitalia (M) Feet Armpits Belly | Total] FID30k| CLIP30k{
SD v1.4 [46] 61 204 37 38 16 70 241 183 850 14.07 0.313
ESD [14] 15 29 5 11 10 37 68 36 211 13.80 0.304
SPM [36] 14 29 7 2 12 41 53 28 186 14.63 0.312
AdvUnlearn [68] 4 6 2 0 8 13 12 7 52 15.35 0.293
MACE [35] 7 24 8 10 9 35 61 35 189 12.60 0.294
RECE [17] 14 20 7 16 10 39 45 35 186 14.45 0.309
Ours 3 2 3 4 9 6 5 7 39 14.69 0.308

Table 3. Exposure detection of generated images in the I2P dataset. The best two results are highlighted with bold and underline.

Erase Concept Relate Concept Overall
CLIP. | LPIPS.t CLIP,T LPIPS,| CLIP;1 LPIPS; T
SDv1.4[46] | 0310 0.000 0.310 0.000 0.000 0.000

ESD [14] 0.216 0.444 0.296 0.241 0.080 0.202
SPM [36] 0.266 0.268 0.308 0.074 0.042 0.195
AdvUnlearn [68] 0.186 0.476 0.229 0.410 0.043 0.066

MACE [35] 0.228 0.366 0.298 0.196 0.069 0.169
RECE [17] 0.253 0.307 0.309 0.051 0.057 0.255
Ours | 0.160 0.471 0.303 0.126 0.143 0.345

Table 4. Quantitative evaluation of artist style erasure. The
best two results are highlighted with bold and underline. Our ACE
performs better in terms of thorough erasure and also demonstrates
comparable prior preservation.

Unlearn Diffusion|  P4D|  RingaBell| | Average|
SD v1.4 [46] 100% 100% 85.21% 95.07%
ESD [14] 73.05% 74.47% 38.73% 62.08%
SPM [36] 91.49% 91.49% 57.75% 80.24%
AdvUnlearn [68] 25.53% 19.15% 4.93% 16.54%
MACE [35] 64.53% 66.67% 14.79% 48.66%
RECE [17] 70.92% 65.96% 26.76% 54.55%
Ours 27.65% 28.37% 2.82% 19.61%

Table 5. Robustness evaluation of nudity erasure. The best two
results are highlighted with bold and underline. We report the at-
tack success rates (ASR) of different adversarial methods under
various erasure models. Our method achieved the second-best re-
sults without using adversarial training.

CLIP; = CLIP, —CLIP, and LPIPS; = LPIPS, —LPIPS,,.
Higher CLIP,; and LPIPS, indicate better trade-off.

For generation evaluation, we adopt 33 text templates for
each character concept, and five images are generated for
each text template using the erased model. To evaluate the
effectiveness of editing filtration, we adopt the widely used
LEDITS++ [4] and MasaCtrl [6] as editing methods. For
each concept, we utilize Stable Diffusion 3 [12] to generate
15 images based on 3 text templates as initial images, and

then perform editing on them using erased models. Each
image is manipulated using 11 editing texts, such as “sun-
glasses”. Finally, the CLIP score and LPIPS score are cal-
culated based on edited images, concept text and original
images. The final results are all reported by averaging 10
characters. More details can be found in Suppl.

Experiment Results. Fig. 3 illustrates the comparison of
generation results against competing methods. One can see
that, our ACE can successfully erase the target concept (i.e.,
Donald Duck) while retaining the capability to generate re-
lated prior concepts (e.g., Mickey Mouse and Pikachu). In
contrast, methods such as ESD, AdvUnlearn, and RECE
generate examples with noticeable concept erosion. From
Table 2, our ACE demonstrates a comparable CLIP score
for both the erased and related concepts. This indicates that
our ACE achieves a better trade-off between target concept
erasure and prior concept preservation, as further validated
by the overall metrics in Table 2 (a). SPM and MACE ex-
hibit inferior performance in thoroughly erasing the target
concept. While AdvUnlearn performs well at erasing the
target concept, it shows poor performance in prior preser-
vation.

Fig. 4 further presents the comparison of editing results
by LEDITS++. As shown in the figure, the competing
method generates the erased concept with desired attributes
after performing the editing on the given image, which is
not wanted in practice. In contrast, our method can success-
fully hinder the editing of images containing erased con-
cepts (e.g., Mickey), while keeping the editability of non-
target concepts (e.g., Hello Kitty and Elsa). Table 2 (b)
reports the quantitative comparisons evaluated with LED-
ITS++. Our method shows a significant improvement in
erasing concepts, demonstrating its ability to edit filtration.
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The comparison on MasaCtrl and more results can be found
in Suppl.

4.2. Explicit Content Removal

Experimental Setup. To evaluate our ACE on explicit
content removal, we employ “nudity” as the target con-
cept to train the model. Following [36], we utilize the 2P
dataset [48] to evaluate the performance of explicit con-
tent generation. Specifically, we select 856 text prompts
with explicit labels, and each prompt generates one image.
Then, Nudenet [2] is used to quantify the number of nude
body parts in these generated images. Additionally, follow-
ing [14, 36], we employ COCO-30k Caption dataset [31]
to evaluate the conditional generation capability of erased
models. Specifically, we generate one image for each cap-
tion in COCO-30k and FID [19] is calculated between gen-
erated and natural images. CLIP score is also calculated
between the generated images and the captions to access
the semantic alignment of generated images. For robustness
evaluation, we adopt UnlearnDiff [69], P4D [10] and Ring-
A-Bell [53] as adversarial tools to calculate attack success
rate (ASR). Adversarial attacks were conducted on 142 sen-
sitive texts provided by UnlearnDiff. More details can be
found in Suppl.
Experiment Results. From Table 5, we can see that our
method has a lower success rate in adversarial attacks when
trained only for “nudity”, with only AdvUnlearn perform-
ing slightly better than us with using adversarial training.
As shown in Fig. 5 and Table 3, our method can effec-
tively erase nudity content and results in fewer exposure
parts. In the generation evaluation, we dynamically attack
the erased models using adversarial tools. As shown in
Fig. 5, our method demonstrates excellent robustness. To
further showcase our method’s efficacy in editing filtration,
we employ SD-Inpainting [46] as an editing tool to assess
the exposure levels of images after different text-guided in-
painting processes. In addition to conventional text editing
(e.g., bikini) adversarial edited text in MMA-Diffusion [61]
is also used for explicit editing. GroundingDINO [34] is
used to detect clothing in the images. As shown in Fig. 5,
our method successfully prevents inappropriate inpainting
of exposed parts in masked areas, making it more practical
for real-world applications.

More results for robustness and editing filtration evalua-
tion can be found in Suppl.

4.3. Artistic Style Removal

Experiment Setup. To validate the performance of our
model in unlearning styles, we choose ten representative
artistic styles, including Leonardo da Vinci, Pablo Pi-
casso, Michelangelo, Van Gogh, Salvador Dali, Claude
Monet, Andy Warhol, Jackson Pollock, Frida Kahlo, Geor-
gia O’Keeffe. The evaluation process and metrics are simi-

lar to the IP character removal (Sec. 4.1).

Experiment Results. Fig. 6 illustrates the results of eras-
ing artistic styles. As shown in the figure, our method can
erase the style of Van Gogh and Andy Warhol from the T2I
model, while generating other styles faithfully. From Ta-
ble 4, our method achieves better CLIP, on erased concept.

4.4. Ablation Study

We further conduct the ablation study on the IP character
erasure to evaluate the effectiveness of each component pro-
posed in our ACE. Specifically, it contains the following
variants: (1) Baseline: by only adopting the ESD loss to
finetune the model. (2) Baseline + Unc: by employing un-
conditional erasure guidance alignment with ESD Loss to
finetune the model. (3) Baseline + Unc + Lc,us: by adopt-
ing ESD Loss, unconditional erasure guidance alignment,
and Lcons to finetune the model. (4) Our method without
ESD: Ours w/o Lgsp is also effective in concept erasure
and editing filtration, and performs better than ESD, indicat-
ing that our PG-UEG plays a crucial role in editing filtering.
(5) Ours full method: by incorporating the ESD Loss, prior-
guided unconditional erasure guidance alignment and Lcons
together. From Table 1, we can see that: (i) Introducing un-
conditional erasure guidance improves the model’s editing
filtration performance, indicating its effectiveness in pre-
venting unwanted edits. (ii) We use both unconditional era-
sure guidance and Lo together leading to significant im-
provements in concept erasure and editing filtration perfor-
mance, although it compromises the generation of related
prior concepts. (iii) Lpync enhances the prior preservation,
and without affecting editing filtration.

More ablation results are provided in Suppl.

5. Conclusion

In this paper, we investigate the potential risks of unsafe
content creation through image editing, and propose an
Anti-Editing Concept Erasure (ACE) method to prevent the
production of such content during both generation and edit-
ing. In addition to the conditional erasure guidance used
by existing methods, we further propose an unconditional
noise erasure technique to enhance anti-editing concept era-
sure. This guidance steers the noise prediction away from
the target concept, thereby effectively preventing the pro-
duction of images containing the target concept. Moreover,
a concept preservation mechanism is introduced to maintain
the generation prior of non-target concepts. Experiments
demonstrate that our ACE can successfully erase specific
concepts and exhibits superior filtration capabilities during
both generation and editing compared to existing methods.
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