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Abstract

Fine-tuning based concept erasing has demonstrated
promising results in preventing generation of harmful con-
tents from text-to-image diffusion models by removing tar-
get concepts while preserving remaining concepts. To main-
tain the generation capability of diffusion models after con-
cept erasure, it is necessary to remove only the image region
containing the target concept when it locally appears in an
image, leaving other regions intact. However, prior arts of-
ten compromise fidelity of the other image regions in order
to erase the localized target concept appearing in a spe-
cific area, thereby reducing the overall performance of im-
age generation. To address these limitations, we first intro-
duce a framework called localized concept erasure, which
allows for the deletion of only the specific area containing
the target concept in the image while preserving the other
regions. As a solution for the localized concept erasure,
we propose a training-free approach, dubbed Gated Low-
rank adaptation for Concept Erasure (GLoCE), that injects
a lightweight module into the diffusion model. GLoCE con-
sists of low-rank matrices and a simple gate, determined
only by several generation steps for concepts without train-
ing. By directly applying GLoCE to image embeddings and
designing the gate to activate only for target concepts,
GLoCE can selectively remove only the region of the tar-
get concepts, even when target and remaining concepts co-
exist within an image. Extensive experiments demonstrated
GLoCE not only improves the image fidelity to text prompts
after erasing the localized target concepts, but also outper-
forms prior arts in efficacy, specificity, and robustness by
large margin and can be extended to mass concept erasure.
Code is available at https://github.com/HyunlA/GLoCE.

1. Introduction

Large-scale Text-to-Image (T2I) diffusion models have
achieved significant success in generating refined images

*Equal contribution. T Corresponding author.

that faithfully reflect the given text prompts [6, 8, 34, 37,
43, 48, 50, 60]. Despite their success, they also raised seri-
ous risks of potentially generating images including “Not
Safe For Work (NSFW)” contents [40, 44, 51, 54], such
as copyrighted, offensive, and explicit contents. To mitigate
these risks, previous works for erasing malicious concepts
have proposed various approaches, such as dataset curation
[10, 47], post-generation filtering [26, 44], or guided infer-
ence [51]. However, these approaches require substantial
computational resources [47], introduce new biases [9], and
could be circumvented by bypassing filters and guides [44].

To overcome their susceptibilities, fine-tuning ap-
proaches have shown promising results in concept erasure
while preserving remaining concepts [11-13, 22, 29, 35,
63]. As the primary goal of concept erasing, these methods
focused on improving the efficacy of erasing target concepts
[13,25,59] and considered the specificity for preserving re-
maining concepts [5, 35, 36]. To further maintain the gener-
ation capability of diffusion models after concept erasure, it
is required to remove only the image region containing the
target concept when it locally appears in an image and leave
the other regions intact, since otherwise it reduces the over-
all generation capability of the diffusion models. However,
previous approaches often encounter challenges in main-
taining remaining concepts while removing target concepts
present in a localized region when they exist in a same im-
age, resulting in unintended fidelity degradation.

To address these limitations, we introduce a framework
called localized concept erasure, which deletes only the spe-
cific image region where the target concept appears, with
minimal effect on the surrounding areas. As a solution for
the localized concept erasure, we propose a training-free ap-
proach, Gated Low-rank adaptation for Concept Erasure
(GLoCE), which injects a lightweight module consisting
of low-rank matrices and a gate whose parameters are de-
termined only by generation of few images without train-
ing. For effective erasure, we project embeddings of a tar-
get concept onto their subspace to remove principal compo-
nents of the concept, and then map the reduced embeddings
to a low-rank embedding subspace of a distant but related
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Figure 1. Illustration of overall results of concept erasing after erasing 50 celebrities by a baseline [35] and ours. To preserve generation
capability after concept erasing, it is essential to maintain high fidelity for remaining concepts even when target concepts are included in
same text prompts. However, baselines often struggle to achieve the fidelity. The proposed method, GLoCE, significantly improves this
fidelity while demonstrating strong performance in efficacy, specificity, and robustness, which are key conditions for effective erasure.

concept to ensure complete erasure. To erase only for im-
age embeddings of target concepts, we design a simple gate
by finding a basis of low-rank space which can discrimina-
tively capture the embeddings of target concepts. By deter-
mining the parameters of GLoCE only by few generation of
images, GLoCE can efficiently detect and remove only the
target concepts even when target and associated remaining
concepts coexist within an image, as in Fig. 1. Through ex-
tensive experiments, GLoCE not only ensured the fidelity of
image to the text prompts and minimized the degradation of
image regions of remaining concepts, but also outperformed
prior arts in efficacy, specificity, and robustness.

2. Related Works

Safe T2I image generation. In recent years, the risks
of large-scale models in generating inappropriate content
have been widely examined [1, 4, 23], and these concerns
extend to T2I diffusion models like Stable Diffusion (SD)
[10, 47, 49]. One strategy for safe image generation is data
censoring [40, 47, 53], since datasets such as LAION-400M
[52] and LAION-5B [53] are known to contain undesirable
content. However, retraining models on censored datasets is
both resource-intensive and time-consuming, may introduce
unexpected biases or fail to fully remove unwanted con-
tent [9, 38]. Post-generation filtering is another approach
[2, 26, 44] and inference-guided methods, such as Safe La-
tent Diffusion [51], leverage the knowledge of pre-trained
diffusion models on harmful concepts, guiding generation
toward safe alternatives. However, both they are easily cir-
cumvented by simply disabling those safeguards [44].

Fine-tuning-based concept erasing. To address these

limitations, recent works have explored fine-tuning tech-
niques that eliminate target concepts from model outputs.
Forget-Me-Not [59] achieved concept erasure by redirect-
ing the model’s cross-attention layers. AblCon [25] re-
moved target concepts by retraining the model to replace
the concepts with designated mapping concepts. ESD [12]
aligns the distribution of target concepts with a mapping
concept or “null” string. TIME [41] adjusted the linear pro-
jections for keys and values within cross-attention layers.
While removal of target concepts is the primary objec-
tive of concept erasing, preserving remaining concepts is
equally essential for successful concept erasing. SA [18] in-
troduced a regularization loss inspired by continual learning
[24, 27,28, 46, 56] to mitigate forgetting of remaining con-
cepts. UCE [13] suggested an efficient closed-form solution
with a preservation objective for remaining concepts. SPM
[36] adopted the approach of Parameter-Efficient Fine-
Tuning (PEFT) [21, 57, 65] to prevent forgetting of distant
remaining concepts. MACE [35] extended UCE utilizing
LoRAs [21] and integrated them across mass target con-
cepts while retaining similar remaining concepts. CPE [29]
demonstrated that incorporating non-linearity during fine-
tuning enhances the specificity of the remaining concepts.
Meanwhile, recent red-teaming tools [44, 55, 62] re-
vealed that the concept erasing approaches are often suscep-
tible to adversarial attacks by regenerating the erased con-
cepts from the fine-tuned models. In address the challenge,
RECE [15], Receler [22], AdvUnlearn [63], and CPE en-
hanced robustness against these attacks by alternately train-
ing for concept erasure and adversarial resistance.
Parameter-Efficient Fine-Tuning (PEFT). Recent
fine-tuning strategies for concept erasing utilized Low-Rank

18597



Adaptation (LoRA) [35, 36] on specific layers in diffusion
models. In NLP tasks, prompt tuning [16, 30, 31, 33] adds a
few learnable continuous prompts to fixed text tokens. It has
also shown strong performance in vision-language models
[57, 64, 65]. Task residual learning [58] trains a sequence
of learnable embeddings and adds them to original text em-
beddings. The adapter-based approaches [14, 61] introduce
a light-weight adapter to produce residual values that are
adaptively combined with existing embeddings, which en-
ables to effectively learn new tasks without over-fitting.

3. Localized Concept Erasure

In this section, we propose a framework to preserve the
image fidelity of remaining concept when the text prompt
contains both target and remaining concepts, and the target
concepts locally appears in an image. We first outline the
criteria for an effective concept erasure, explored by pre-
vious works [22, 35, 63]; 1) Efficacy refers to the abil-
ity to completely remove target concepts from its gener-
ated images; 2) Specificity focuses on preserving remain-
ing concepts, aligning their features closely with those of
pre-trained models; 3) By robustness, the updated models
should be resilient against rephrased or attack prompts.

In relation to specificity, previous works have primar-
ily evaluated the generation performance of remaining con-
cepts when their text prompts do not contain the target con-
cepts. However, it is also crucial to ensure that the features
of remaining concepts are fully retained even when tar-
get and remaining concepts coexist within a single prompt,
thereby preventing undesired generation. Specifically, when
the target concept appears in a localized area within an im-
age, we should modify only the specific region of the target
concepts while preserving the rest to enhance the image fi-
delity of the remaining concepts. To achieve this, we intro-
duce localized concept erasure as described below.

Localized concept erasure focuses on removing a tar-
get concept present in a confined region of an image while
preserving the integrity of the remaining regions and main-
taining overall fidelity to the input prompts.

To achieve this, we propose a method called Gated Low-
Rank Adaptation for Concept Erasing (GLoCE), injecting
few parameters whose values are determined by inference-
only adaptation. At the output of layers of a diffusion model,
we append a lightweight low-rank matrices (Sec. 3.1) for ef-
fective concept erasing and the gate mechanism (Sec. 3.2)
for strongly preserving the remaining concepts. Subse-
quently, we explain the update method of the gate that only
requires few-shot image generations (Sec. 3.3).

3.1. Closed-Form Low-Rank Adaptation

For effective concept erasing, we are primarily inspired by
LEACE [3], a general unlearning approach for erasing tar-
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Figure 2. Spectrum analysis of embeddings from fifth Up-Block
layer in SD v1.4 [49]. The dimension of the embeddings is 640.
We stacked the embeddings obtained from generation of 32 images
for each concept, and then averaged them for each domain.

get concepts through newly injected linear projections on
the outputs of any layers within a model. LEACE utilizes
the notion of guardedness [45] and introduces linear guard-
edness for an unlearning method via linear projections.

Specifically, let X = [X;--- X7] € RP*T be an em-
bedding from a layer at a specific time step of image gen-
eration, where D is the dimension and 7' is the number of
tokens. That is, X} is an image token if X is an image em-
bedding. We will omit ¢ in X} if there is no confusion. We
denote Z as the concept-related information correspond-
ing to X. We also define linear projections in the form of
T(X; P,b) = PX+bwhere P € RP*P b ¢ RP. Then, X
linearly guards Z if the conditional distribution P(X |Z = -)
is one of the worst possible distributions for predicting Z
from X by 7. Let X" and Z™" be a target concept embed-
dings and information related to the concept. Then, LEACE
shows the concept erasing in terms of linear guardedness of
P and b with small change in X" is represented as:

H]}}(?E |:HPXtar T b _ XtarH§:| , (1)

subject to Cov(PX™ Z%") = 0, where Cov (-, -) is the co-
variance matrix. The objective is minimized when:

P =1-WHQW, " =(I-P)™, ()
where W = (Cov(X'™)/2)* is the whitening transfor-
mation, Q@ = (W Cov(X% Z%))(W Cov(X®r, Z@))*+
is the orthogonal projection matrix onto the column
space of W Cov(X™, Z%"), T is the identity matrix, and
p™ = E[X™]. Then, LEACE proposes a method called
“concept scrubbing”, which applies the linear projection
P* and b* to each output from all layers within a model.

Although it demonstrated excellent erasing performance
in language tasks, P* is used as a full-rank matrix, making
it inefficient for memory and computation. Therefore, we
aim to obtain P* through low-rank matrices constructed by
inference-only approach with few image generations.

Furthermore, while LEACE minimizes the loss of infor-
mation in the original embeddings, recent concept erasing
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Figure 3. Inspired by linear guardedness, we first remove the in-
formation of target concept and then project the target embeddings
to the subspace of mapping concepts.

approaches in diffusion models typically map X" from tar-
get concepts (“George Clooney”) to X™*® from mapping
concepts (“a person”) [12, 13, 35, 36]. For this, they fine-
tune such that X" becomes similar to X™* by minimizing:

Xlar _ Xmap”%"

Ming .

However, for localized concepts, X; " may not include in-
formation of the concept while X* does, or vice versa.
Those mismatches in tokens between X" and X™* result
in inadvertent and redundant changes of X", Thus, instead
of directly mapping X% to X™#_ we project X' orthogo-
nally onto the subspace spanned by a few principal compo-
nents of X ™ through principal component analysis (PCA).

To verify the low-rankedness of Cov(X) for a concept,
we collected embeddings for each layer within diffusion
models from generation of a few images of concepts us-
ing SD v1.4 [49]. From a few generations of the concept,
we obtained thousands of token embeddings from a single
forward pass of the model and repeated multiple diffusion
timesteps. Then, we analyzed the spectrum of these stacked
embeddings by singular value decomposition (SVD) as
VSVT = Cov(X). Fig. 2 illustrates the spectrum analysis
of embeddings from diverse concepts. Notably, we observed
that only a small number of singular values are significant
along various concepts. We will leverage this property for
our overall framework of localized concept erasure.

Let V™ ¢ RDP*™ pe the principal components of
Cov(X™#P) corresponding to top-r; singular values, where
r1 < D. We also denote P™® = V/map(/map)T a5 the or-
thogonal projection onto the space spanned by V™maP_ Then,
to project the X" containing the target concept to the sub-
space of the mapping concept, we modify Eq. (1) as:

minE [ PXY +b—n (P (XY = ™) + 1™ ||;] G

such that Cov(PX"™, Z%) = 0, where pu™P = E[X™?]
and 7 is a scale to emphasize the projection. For the closed-
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Figure 4. Extraction of principal components for each layer in a
diffusion model by generation of few samples for erasing target
concepts. We construct the mean and primary direction of the dis-
tribution of token embeddings of the target and mapping concepts.

Flatten
& Concat

form solution of P and b, we also define an appropriate Z'"
correlated to X', containing its meaningful information.
For this, we compute the SVD V@& §tar(y/ )T — Coy (X ar)
via few image generations. Let Vtar represent the principal
components of Cov(X™) corresponding to the top-ro sin-
gular values. We then consider Z™" as:

g _ Vtar(Vtar)T(Xlar _ E[Xtar]) + E[Xtar]. 4)

We note that Z" is highly correlated to X' due the low-
rank property of Cov(X""). Then, the linear projection P*
and bias b* optimizing Eq. (3) can be derived as follows.

Proposition 1. Let Z'" be defined as Eq. (4). Then, the
linear projection P* and bias b* that minimize Eq. (3) is:

* ,,"A/map(f/map)T (I . Vtar(Vtar)T) , (5)

b* = numap _ P*utar. (6)
The detailed proof of Proposition I can be found in
Appendix B. Intuitively, it is equivalent to removing the
primary information in X' and mapping to the subspace
spanned by Vmap | llustrated in Fig. 3. Consequently, we
can efficiently remove the crucial information related to the
target by only utilizing the low-rank matrices V™2, 1/,
and b*, which are constructed from the process in Fig. 4.

3.2. Gate Mechanism via Principal Components

While Eqgs. (5) and (6) effectively erase the target concept,
they also impact on embeddings of remaining concepts, es-
pecially when they are similar to the target (e.g., erasing
“George Clooney” while preserving “Morgan Freeman”).
To address this, we propose incorporating a gate mechanism
[32, 39] alongside linear projections. Ideally, this involves
finding the following non-linear operation:

(1 — Law(X)X + Lyw(X)(P*X +0%),  (7)
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Figure 5. Gate mechanism to enhance the efficacy for target con-
cepts and specificity for remaining concepts. The parameters in the
gate is determined only by generation of few images.

where X" is the target embedding distribution and
1 xu (X) outputs 1 if X ~ X or 0 otherwise. Unfortu-
nately, the ideal 1 ywr (X)) is unobtainable.

To design an effective gate as an alternative, we leverage
the low-rank property of the principal components of X',
If we can construct an orthonormal basis from these princi-
pal components that activates selectively on target concepts,
we can modify only the target concepts while preserving the
remaining concepts. To this end, we use the following logis-
tic function s(X) as a gate to replace the indicator function:

s(X) =0 (e (VX = B3 - 7)) (®)

where o is the sigmoid, a, 3,7 € Rand V € RP*"s
are the parameters to be determined. Here, V' is a low-rank
matrix, i.e., r3 < d, whose columns form an orthonormal
basis selectively activated for target concepts. Fig. 5 illus-
trates how the gate can selectively erase the target concept.

3.3. Inference-Only Update of Gate

For fast decision of the parameters «, 5,7, V for the gate,
we applied a few-shot, inference-only approach. For V' and
B, it is required to consider the discriminativity between
target and remaining concepts. For example, many char-
acteristics of the celebrity “George Clooney” to be erased
are shared by the celebrity “Morgan Freeman” to be pre-
served. To enhance the discriminativity, we first remove
the mean embedding of a surrogate (“a celebrity”) from
the targets, resulting in the residual embeddings as X" =
X — S From X, we compute the principal compo-
nents of E[X®(X')T] corresponding to top-r3 singular

values and obtain an orthonormal basis V;ar € R9%"s_Then,
we use V* = V;‘“ and g* = p®" for V and S in Eq. (8).

To determine o and vy, we compare the contributions of
basis V' * between the target concepts and several remaining
concepts utilized for anchors. Specifically, we choose the
anchor concepts from a predefined concept pool, which are
similar to the target concepts in terms of cosine similarity
on text embeddings. More details on selecting the anchor
concepts are presented in Appendix C. For X, we find the
maximum value of ||V *(X — 3*)||3 among the tokens in X:

p(X) = H}gXH(V*)T(Xi - B3 ©

The rationale behind finding the maximum is that tokens
containing the target concept exist locally within X.

As a tight condition to preserve the remaining concepts,
we design the gate to open only when p(X) is comparable
to its maximal values for anchor concepts. Let X be the
mapping embeddings. Given a tolerance 7, the center y of
the sigmoid is determined by the following equation:

7" = E(p(X*)) 4 71 Var(p(X*)).

At last, for a given interval 75, we determine « such that
o(a*7y) = wholds. That is, a* = 1 log 1.
Consequently, we can determine all parameters of
Eq. (5), (6), and (8) solely through few-shot inference. The
function f of our GLoCE is represented as follows:

FIX) = (1= s(X)X + s(X)(P*X + b,
s(X) = (" (V)X =Bz —77))-

To reduce the complexity of introduced hyper-parameters,
we fixed 7o = 71/1000 and v = 0.99 for all experiments.
Then, we controlled the rank of matrices (r1,r2,73), 1, To.
We also extended it to multiple concepts erasure by a simple
strategy, whose details can be found in Appendix C.1.

4. Experiments

We conducted experiments on localized celebrities era-
sure where text prompts contain both target and remaining
celebrities. Additionally, we evaluated the celebrities era-
sure when prompts only include single concept. Then, we
focused on removing explicit content and evaluated the ro-
bustness against recent red-teaming tools. We also experi-
mented on artistic styles erasure, though the target concept
is not localized in specific regions. We compared the pro-
posed method with six recent baselines for celebrities and
artistic styles erasure: FMN [59], ESD-x and ESD-u [12],
UCE [13], MACE [35], and RECE [15]. As the backbone,
we utilized the SD v1.4 [49] as the backbone for all tasks
and generated images by DDIM with 50 steps. For local-
ized celebrities erasure, we further evaluated the proposed
method using SD v3 [10] and generated images by 28 steps.

18600



SD vi4

RECE

GLoCE(Ours)

A—lme—Hafhaway and Keanu Reeves in an oﬁ‘zcml photo

Figure 6. Qualitative results of baselines and ours on localized celebrities erasure to evaluate the fidelity of the generated images. It shows
that erasing only one target concept can degrade the fidelity of image containing both target and remaining celebrity on baselines, while
GLoCE effectively erase the region of features of target concepts and successfully preserves the other region.

Table 1. Comparison of baselines and the proposed method for image fidelity on text prompts containing target celebrities and remaining
celebrities. We measured accuracy in percentage and there harmonic mean of efficacy and specificity following MACE [35].

Oueen-Elizabeth alongside B&Fael&@baﬂw alongszde

selected 50 targets celebrities and 100 remaining celebrities

Method “Anne Hathaway” Erased | “Anna Kendrick” Erased | “Elon Musk” Erased | “Bill Clinton” Erased | 50 Celebrities Erased
ACCt »J/ ACCT T Hcc T ACCt \L ACCT T Hcc T ACCt ~L ACCT T Hcc T ACCt \L ACCT T Hcc T ACCt \L ACCT T Hcc T
FMN [59] 16.00  60.07 70.45 12.67 48.67 62.50 28.67 68.00 69.63 | 11.33 63.33 73.89 | 6433 4533 39.92
ESD-x [12] 2.67 61.33 75.25 0.67 61.33 75.84 26.67 5733 64.35 4.00 46.00 6220 17.17 13.17 2272
ESD-u [12] 0.00 4.67 8.92 0.67 22.67 36.91 0.67 3933 56.35 0.00 14.67 25.58 1.00 1.00 1.98
UCE [13] 0.00 64.00 78.05 0.00 58.00 73.41 2.00 56.67 71.81 0.00 58.67 7395 0.00 20.67 34.25
MACE [35] 0.00 78.00 87.64 10.00  78.00 83.57 0.00 70.67 82.81 8.00 6533 76.41 9.50 81.83 85.95
RECE [15] 0.00 34.00 50.75 0.00 46.66 63.64 0.67 24.67 39.52 0.00 20.00 33.33 - - -
GLoCE (Ours) 2.00 96.67 97.33 1.33  94.67 96.63 0.67 9533 97.29 0.00 95.33 97.61 1.17 9517 96.97
~SDv3  ESD GLoCE , SDv3 4.1. Celebrities Erasure
; = X
X | To evaluate the fidelity, we considered both localized sin-
: e : gle celebrity erasure and 50 celebrities erasure. For this, we
1
1
1

Oprah Winfrey in the shot Bob Marley in the shot

Figure 7. Qualitative results of baselines and ours using SD v3 [10]
on localized celebrities erasure to evaluate the fidelity.

We primarily measured accuracy of target and remain-
ing concepts by utilizing domain-specific classifiers: the GI-
PHY Celebrity Detector (GCD) [17] for celebrities and the
NudeNet detector [2] for explicit contents. Then, the lower
accuracy of target concepts (Accy) is preferred for efficacy
and the higher accuracy of remaining concepts (Acc,.) is de-
sirable for specificity. We also adopt the harmonic mean of
the efficacy and specificity proposed by MACE [35]:

2
L+ (ACC,)~ !

We also assessed the CLIP score (CS) [19] and the Frechet
Inception Distance (FID) [20] for COCO-30K captions
where higher CS and FID indicates successful preservation
of generated images from the captions. Further implemen-
tation details can be found in Appendix E.

Hcc = (10)

(1— ACC.)~

from the list of 200 celebrities provided by [35]. For single
celebrity erasure, we selected 150 prompts from a set of 50
celebrities by pairing the target with 100 remaining celebri-
ties, applying 5 prompt templates with 5 random seeds, and
filtering for GCD detector scores above 0.99. Similarly, 600
prompts were created for erasing 50 celebrities. We then
calculated the top-1 GCD accuracy for each concept in the
images generated by these prompts. For rank parameters,
we set (r1,72,73) = (2,16,1), and (n, 1) = (1.0, 2.5).
Fig. 6 shows the qualitative results on localized celebri-
ties erasure. We can see the baselines significantly degraded
the fidelity of the image to the prompt, with noticeable al-
terations or deterioration of the remaining celebrity. In con-
trast, the proposed method modifies only the face of the tar-
gets, achieving erasure with minimal impact on the overall
image. Additional qualitative results are available in Ap-
pendix G. Tab. | presents quantitative results for fidelity
in single and multiple celebrities erasures. Most baselines
achieved effective erasure but significantly degraded the fi-
delity of remaining celebrities. MACE, which used 100 an-
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Table 2. Quantitative results on celebrities erasure. We used CS and GCD accuracy in percentage (ACC; for target and ACC,. for remaining
concepts). We also measured FID for COCO-30K, or KID (scaled by 100) for the other remaining concepts.

Target Concepts Remaining Concepts

Method 50 Celebrities 100 Celebrities 100 Artistic Styles 64 Characters COCO-30K
Acc | CLIPt Acc,1T KID|] | CLIPT KID| | CLIPT KIDJ | CLIPT FID|
FMN [59] 59.98 32.83 56.00 0.30 28.23 0.01 27.62 0.40 3094 1253
ESD-x [12] 7.30 26.23 10.39 2.66 26.65 1.20 25.82 0.91 29.55 14.40
ESD-u [12] 21.20 21.95 28.16 8.99 25.39 2.38 24.68 1.79 28.55 15.98
UCE [13] 0.09 24.76 34.42 1.43 20.41 5.59 19.53 3.31 20.13 97.09
MACE [35] 3.29 34.39 84.64 0.23 27.25 0.47 27.47 0.37 30.38 12.40
GLoCE (Ours) 0.95 34.82 88.38 0.08 29.03 0.001 29.32 0.02 31.33 12.87
SD v1.4 [49] 91.35 34.83 90.86 - 28.96 - 29.14 - 31.34 14.04

Table 3. Results of detected number of explicit contents using NudeNet detector on I2P and preservation performance on MS-COCO 30K
with CS, FID. GLoCE outperforms the efficacy on explicit contents by a large margin while achieving the best specificity on COCO-30K.

Method Number of nudity detected on I2P (Detected Quantity) COCO 30K

Armpits Belly Buttocks Feet Breasts (F) Genitalia (F) Breasts (M) Genitalia (M) Total | CLIP1 FID |
FMN [59] 43 117 12 59 155 17 19 2 424 | 30.39 13.52
ESD-x [12] 59 73 12 39 100 4 30 8 315 | 30.69 1441
ESD-u [12] 32 30 2 19 35 3 9 2 123 | 30.21 15.10
UCE [13] 29 62 7 29 35 5 11 4 182 | 30.85 14.07
MACE [35] 17 19 2 39 16 0 9 7 111 | 29.41 1342

RECE [15] 31 25 3 8 10 0 9 3 89 | 30.95 -
GLoCE (Ours) 1 0 1 2 2 0 0 2 8 | 3095 13.39
SD v1.4 [49] 148 170 29 63 266 18 42 7 743 | 3134 14.04
SD v2.1 [47] 105 159 17 60 177 9 57 2 586 | 31.53 14.87

chor concepts during model updates, showed relatively high
fidelity but still reduced detection accuracy on remaining
celebrities. Meanwhile, the proposed method achieved com-
parable erasure efficacy while maintaining fidelity, outper-
forming baselines significantly in ACC,. and H,..

To further verify the efficacy and specificity of the pro-
posed method, we evaluated the performance across various
domains when prompts only contain either target or remain-
ing concept. For target celebrities, we used the same celebri-
ties used for localized celebrities erasure. For remaining
concepts, we used 100 celebrities, 100 artistic styles from
[35], and 64 characters from Word2Vec [7]. We also in-
cluded COCO-30K as remaining concepts. From Tab. 2,
GLoCE showed remarkable erasure performance on target
celebrities. Moreover, GLoCE achieved the minimal degra-
dation on remaining concepts, significantly outperforming
baselines across all domains of remaining concepts.

We also evaluated on localized celebrities erasure using
SD v3 [10], a DiT-based model [42]. As shown in Fig. 7,
our method more effectively removes the localized region
of target celebrities while better preserving other areas com-
pared to both the original backbone and ESD. Quantitative
results for SD v3 are available in Appendix D.3.

4.2. Explicit Contents Erasure

We used I2P prompts [51] to generate images from 4,703
ordinary prompts without unsafe expressions to bypass for

generating undesirable contents. For specificity, we used
COCO-30K and measured the CLIP score and FID. To
erase explicit concepts, we removed 12 keywords for nu-
dity concepts, listed in Appendix E. To measure the fre-
quency of explicit contents, we employed the NudeNet de-
tector [2], setting its detection threshold to 0.6 [35]. For
the hyper-parameters, we set (ry,72,73) = (2,16,1) and
(n,71) = (5.0,1.5). Table 3 shows the number of explicit
contents detected by the NudeNet detector. GLoCE resulted
in the fewest detected explicit contents, outperforming the
baselines by a large margin. Meanwhile, it also achieved
the best performance of specificity on COCO-30K, verify-
ing the proposed method can highly improve efficacy while
ensuring the preservation on remaining concepts.

4.3. Robustness against Adversarial Attacks

To evaluate the robustness, we employed Ring-A-Bell
(RAB) [55] and UnlearnDiff(UD) [62] as the adversar-
ial tools. We targeted I2P prompts for attack experiments
and measured the attack success rate (ASR) in percent-
age, which indicates the proportion of regenerated images
containing the target concepts generated by the adversar-
ial attacks. To ensure consistency, we utilized the identical
GLOoCE configuration applied to the explicit content era-
sure. As shown in Table 4, GLoCE demonstrated robust
erasure of target concepts, outperforming the recent base-
lines. Notably, GLoCE successfully defended against Ring-
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Figure 8. Qualitative results of efficacy for target style and fidelity
of remaining celebrity along the number of erased targets.

Table 4. Attack success rate (%) to measure robustness against
attack methods: Ring-A-Bell(RAB) [55] & UnlearnDiff(UD) [62].

SD v1.4 ESD-u UCE

"W §

MACE GLoCE(Ours,

A Claude Monet-style p()rtrazt of Andrew (:m/uI{I
\ \

‘ A Ganulle—Pés—sa#o style depiction of Anna Faris
Figure 9. Qualitative results of 100 artistic styles erasure for effi-
cacy of target artistic styles and fidelity of remaining celebrities.

Table 5. Ablation studies for image fidelity on text prompts con-
taining target celebrities and remaining celebrities. The row with
bold represents the selected configurations.

Method FMN ESD UCE MACE RECE GLoCE
RAB | 80.85 61.70 35.46 4.26 13.38 0.00
UD | 97.89 76.05 79.58 66.90 65.46 39.44

A-Bell attacks and achieved a zero ASR. It also showed the
lowest attack success rate by UnlearnDiff among baselines.

4.4. Artistic Styles Erasure

Though we focused on the localized concept erasure, we
also conducted 100 artistic styles erasure to qualitatively
evaluate the fidelity of remaining concept after erasing the
artistic styles. We selected 100 artistic styles as target con-
cepts for erasure and 100 celebrities for remaining con-
cepts from MACE[35]. For the experiment, we generated
25,000 prompts by combining 100 artists with 50 celebri-
ties using 5 seeds, and randomly sampled 2,500 prompts.
We then chose 265 prompts for evaluation, which have
0.99 GIPHY detection score for the celebrities to ensure
strong retention of both celebrities and artistic styles. We
set (ri,72,73) = (1,1,1) and (n, ) = (1.0,2.5)

Fig. 8 shows that while baselines performed well with a
small number of target concepts, their performance declined
with a larger number. In contrast, GLoCE removes only the
target concept features, maintaining the fidelity of remain-
ing concepts even with many erased concepts. From Fig. 9,
GLOoCE effectively erased artistic styles while preserving
celebrities in the prompt after 100 artistic styles erased. It
shows GLoCE effectively erases target concepts across the
entire image, despite being designed for localized erasure.

4.5. Ablation Studies

To study the effects of key components and hyper-
parameters in the proposed method, we conducted a fidelity
experiment for 50 celebrity erasures, as in Sec. 4.1. For the
key components, we considered V™, V™ b* and the gate
s(X). We also analyzed 7 and 71 as hyper-parameters. De-
tails on the ablation studies for the rank of V', V™ and
VU can be found in Appendix C.4. Table Tab. 5 shows that

50 Celebrities Erased 50 Celebrities Erased
yuar ymap p* g(X)|Acer ) Acer T Hee 7|| 1 71 |Accy L Accy T Hee
v v v Vv 1.17 95.17 96.97||0.5 2.5| 4.83 98.17 96.64
x v v Y 2.17 95.33 96.57||1.5 2.5| 1.33 93.83 96.19
v o x v v 3.00 94.67 96.47||3.0 2.5| 0.83 91.17 95.00
v v o x Vv 6.67 93.50 94.57(|1.0 2.5| 1.17 95.17 96.97
x x v v 3.00 95.67 96.33|{1.0 0.5| 1.67 80.17 88.33
X X x v 1217 9650 91.96/|1.0 1.0| 1.67 85.83 91.66
v v v ox 0.67 74.83 85.36(|1.0 5.0/ 6.50 97.83 95.62

each component of the proposed method is crucial. Remov-
ing V% or V™ reduced efficacy, as V'™ removes target
concept embeddings and V'™ maps the target concept to
a related but different concept. Notably, omitting b* caused
the most efficacy degradation, indicating that bias toward
the mapping concept effectively alters the target concept.
Remarkably, removing the gate s(X) significantly reduced
the accuracy of remaining concepts, confirming its role in
enhancing fidelity. Increasing n improved efficacy but re-
duced fidelity, as it controls the target-to-mapping concept
alteration degree. Lastly, a higher 7 increased fidelity but
reduced efficacy by making the gate harder to open. For fur-
ther ablation studies, we refer to Appendix C.4.

5. Conclusion

In this work, we introduced a framework called localized
concept erasure, aiming to selectively erase the target con-
cepts appearing in local regions while preserving the re-
maining concepts in the other regions when they coexist in
an image. As a remedy for the localized concept erasure,
we proposed a training-free approach, dubbed Gated Low-
rank adaptation for Concept Erasure (GLoCE), by injecting
a lightweight module consisting of low-rank matrices and
an adaptable gate whose parameters are determined only
by a few generation of images. Through extensive experi-
ments, we demonstrated that GLoCE not only significantly
improves fidelity to text prompts, but also surpasses prior
approaches in efficacy, specificity, and robustness.
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