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Abstract

Personalized text-to-image diffusion models have gained in-
creasing attention because they can generate images that con-
tain unique concepts based on limited training data. How-
ever, in continual learning scenarios, these models suffer
from concept bleed-through, where newly introduced con-
cepts frequently overwrite or interfere with the previously
learned concepts. Previous studies have attempted to miti-
gate this issue at the model adaptation level; however, they
failed to fully preserve the distinct semantic representations
in the latent space. Thus, this paper proposes an adversarial
perturbation-based training strategy to address concept bleed-
through in continual learning for personalized diffusion mod-
els. The proposed method introduces adversarial perturba-
tions into the training images, which strategically shifts their
semantic representations in the latent space to ensure that the
newly learned concepts remain distinct and do not interfere
with the previously acquired knowledge. Unlike structural
modifications to the model, the proposed method operates
at the data level, which makes it broadly applicable to exist-
ing continual personalization frameworks without increasing
model complexity. Experimental results demonstrate that the
proposed method significantly improves concept separation
while maintaining high image fidelity, offering a solution to
enhance the reliability of continual learning in personalized
generative models.

Introduction

Recent studies have investigated the use of diffusion mod-
els (Sohl-Dickstein et al. 2015) to generate high-quality im-
ages. Text-to-image diffusion models, e.g., the DALL-E 2
(Ramesh et al. 2022) and stable diffusion (Rombach et al.
2022a) models, have become the mainstream in research on
text-to-image models, and these models are currently used
for various tasks, including image generation from arbitrary
text, image editing (Kawar et al. 2023; Zhang and Agrawala
2023), super-resolution (Gao et al. 2023), and inpainting
(Lugmayr et al. 2022; Brooks, Holynski, and Efros 2023).
Despite the extensive training of diffusion models, they may
struggle to generate unique or personalized concepts that are
not present in the training corpus, e.g., personalized styles
or specific faces. There has been an increasing trend toward
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implementing personalization methods in text-to-image dif-
fusion models, including textural inversion (Gal et al. 2022),
DreamBooth (Ruiz et al. 2022), and LoRA (Hu et al. 2022).
In addition to these methods, which are employed to re-
alize personalization to a single concept, custom diffusion
methods (Kumari et al. 2023) learn multiple concepts. These
methods enable the creation of images related to a new spe-
cific concept (an object or style) based on a few reference
examples, and the learning process is efficient by changing
only a small portion of the weights in the entire pipeline of
the diffusion model, which results in both fast concept ac-
quisition and lightweight model updates.

These methods have demonstrated impressive results in
generating personalized content; however, they suffer from
a critical limitation when applied to the continual learning
context, which is a common use case for personalized gen-
erative models. In continual learning, the models must learn
multiple concepts sequentially over time without previous
training data. This paradigm is essential to reduce computa-
tional cost and preserve data privacy because storing and re-
training on previous data may be infeasible. However, exist-
ing methods for personalized diffusion models struggle with
catastrophic forgetting, where newly learned concepts over-
write previously acquired ones, and catastrophic-neglect,
where images generated by the models miss key concepts
mentioned in the prompt. To address these issues, recent
studies have introduced methods, e.g., C-LoRA (Smith et al.
2023a) and CIDM (Dong et al. 2024), which enhance the
continual learning for diffusion models. These methods have
demonstrated promising results; however, they still face a
fundamental problem, which we call concept bleed-through
(Smith et al. 2023a). As shown in Fig. 1, concept bleed-
through occurs when learning a new concept inadvertently
alters or distorts the generation of similar previously learned
concepts, thereby leading to unintended hybrid or incorrect
outputs.

There have been attempts to address concept bleed-
through at the model structure level. However, an effective
solution to prevent concept bleed-through while maintain-
ing high-quality personalized image generation remains an
open problem. In addition, these structural modifications
are not directly applicable to existing personalization frame-
works and frequently introduce additional model complex-
ity, which limits their practicality in real-world applications.
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Figure 1: Examples of the concept bleed-through problem
in the continual learning of personalized generative models.
When handling nearby concepts (e.g., puppy and husky)
or related concepts (e.g., dog and petshop), although the
prompt only involves a single learned concept, the generated
image is clearly influenced by the other learned concepts.

Thus, we focus on preprocessing the training images.

In the continual learning of diffusion models, handling
similar concepts is challenging because the semantic fea-
tures contained in images are inherently similar, which
makes it difficult to avoid mapping them to closely posi-
tioned features in the latent space. Thus, we consider meth-
ods to manipulate the semantic information of images while
preserving their visual information as much as possible. In-
spired by recent advances in adversarial attacks on diffusion
models (Shan et al. 2024), we propose a method to mitigate
the concept bleed-through problem in personalized diffusion
models. Adversarial attacks on diffusion models typically
involve the introduction of carefully crafted perturbations
to the input images to alter their semantic representations
in a manner that confounds the model while remaining im-
perceptible to human observers. These adversarial attacks
exploit the vulnerabilities of the diffusion models by modi-
fying the latent representations of the training data, thereby
leading to significant deviations in the generated outputs.

In this paper, we propose a training method for personal-
ized diffusion models using adversarial perturbation. Specif-
ically, we inject subtle adversarial perturbations into the
training images used to personalize the diffusion model.
These perturbations are designed to shift the semantic repre-
sentation of the concepts in the latent space, which ensures
that newly learned concepts occupy distinct regions that do
not interfere with the previously learned concepts. By adopt-
ing this strategy, the proposed method effectively prevents
concept bleed-through while preserving the fidelity and con-
sistency of personalized image generation.

The technical contributions of this study are summarized
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as follows.

* We introduce a training strategy based on adversarial per-
turbation for personalized diffusion models, where ad-
versarial perturbations are leveraged to prevent concept
bleed-through in continual learning scenarios. To the best
of our knowledge, this is the first study to introduce ad-
versarial perturbations into the continual learning task of
diffusion models.

The proposed method systematically shifts the semantic
representation of personalized concepts within the latent
space, which ensures that the newly learned concepts do
not interfere with previously acquired concepts, thereby
enhancing the ability of the diffusion models to learn new
concepts over time without catastrophic forgetting or un-
intended concept mixing.

The proposed method operates at the data level rather
than modifying the structure of the model, which ensures
broad compatibility with existing personalization frame-
works while avoiding additional model complexity.

Related Works
Personalization in Text-to-Image Diffusion Models

Text-to-image generation(Zhang et al. 2023), which requires
training on a large corpus of text and an image paired
dataset, has become increasingly popular due to the ad-
vancement in diffusion models (Ho, Jain, and Abbeel 2020;
Rombach et al. 2022b; Croitoru et al. 2023). The trained
models excel at producing diverse and realistic images ac-
cording to user-specific input text prompts. However, gener-
ally, trained text-to-image models cannot handle novel per-
sonalized concepts, e.g., an individual’s personal item or a
particular individual’s face. Text-to-image personalization
aims to guide a diffusion-based text-to-image model to gen-
erate novel user-provided concepts through free text. In this
process, the user provides image examples of a concept,
which are then used to generate novel images containing the
newly acquired concepts through text prompts. For example,
DreamBooth (Ruiz et al. 2022) fine-tunes the entire param-
eter sets in a diffusion model using the given images of the
new concept, and the textual inversion method (Gal et al.
2022) only learns the custom feature embedding “words.”
Note that these methods are employed to realize customiza-
tion to only a single concept. In contrast, the custom diffu-
sion (Kumari et al. 2023) and ED-LoRA (Gu et al. 2023)
methods learn multiple concepts using a combination of
cross-attention fine-tuning, regularization, and closed-form
weight merging. However, these methods struggle to learn
concepts in a sequential manner, motivating the need for the
continual learning of personalized diffusion models.

Continual Learning

In continual learning, a model is trained on a sequence
of tasks without forgetting previously learned knowledge,
where each task has a different data distribution. Gener-
ally, existing methods can be classified into three categories
based on their approach to mitigating catastrophic forget-
ting (McCloskey and Cohen 1989), i.e., regularization-based
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Figure 2: Overview of the proposed method. We update the key-value (K-V") projection in the U-Net cross-attention modules
of stable diffusion using a continual, self-regulating low-rank weight adaptation. In addition, we add adversarial perturbations
to the training data to achieve effective concept separation in the latent space.

methods (Douillard et al. 2020; Kirkpatrick et al. 2017;
Li and Hoiem 2017), rehearsal-based methods (Pham, Liu,
and Hoi 2021; Smith et al. 2021; Van de Ven, Siegelmann,
and Tolias 2020), and prompt-based methods (Wang et al.
2022; Wang, Huang, and Hong 2022; Smith et al. 2023b).
Regularization-based methods (Douillard et al. 2020; Kirk-
patrick et al. 2017; Li and Hoiem 2017) add extra regular-
ization terms to the objective function while learning a new
task. For example, the elastic weight consolidation (Kirk-
patrick et al. 2017) method estimates the importance of the
parameters and applies a per-parameter weight decay. In ad-
dition, rehearsal-based methods (Pham, Liu, and Hoi 2021;
Smith et al. 2021; Van de Ven, Siegelmann, and Tolias 2020)
store or generate samples from previous tasks in a data buffer
and replay them with new task data; however, this may not
always be feasible due to privacy or copyright concerns.
Prompt-based continual learning methods for vision Trans-
formers, e.g., L2P (Wang et al. 2022), S-Prompt (Wang,
Huang, and Hong 2022), and CODA-Prompt (Smith et al.
2023b), have been shown to outperform rehearsal-based
methods without requiring a replay buffer. These methods
are used for classification problems, and recently generative
prompt-based continual learning methods, e.g., Lifelong-
GAN (Zhai et al. 2019) and C-LoRA (Smith et al. 2023a),
have been proposed. In the current study, we focus on these
prompt-based methods.

Adversarial Attacks and Adversarial Perturbations

With the introduction of the fast gradient sign method at-
tack (Goodfellow, Shlens, and Szegedy 2014), adversarial
vulnerability has become an active field of research in the
machine learning domain. The goal of adversarial attacks
is to generate a model input (typically by adding carefully
designed tiny perturbations into the data) that can induce
a misclassification while remaining visually indistinguish-
able from a clean one. Following this foundational work, dif-
ferent attacks that utilize various approaches have emerged.
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Unlike the adversarial attack for the classification models, in
this study, we focus on generative models. Although adver-
sarial example generation is a diverse and well-studied field
in classification, projected gradient descent (PGD) (Madry
et al. 2018) remains the dominant approach in image gener-
ation, and to the best of our knowledge, no well-established
alternatives currently exist for generative diffusion models.
For example, PGD-based methods Glaze (Shan et al. 2023)
and Nightshade (Shan et al. 2024), which are attack meth-
ods for generative diffusion models, disrupt the generation
process by changing the semantic information contained in
the images.

Methodology

In this section, we introduce the proposed method in de-
tail. An overview of the proposed method is shown in Fig.
2. It is worth clarifying that the first two subsections serve
to explain the baseline continual learning framework in a
simple diffusion model. The key novelty lies in last subec-
tion, where we introduce our adversarial perturbation strat-
egy, and our aim is to isolate the contribution of adversarial
perturbation under a simple continual learning framework.

Parameter Modification in Continual LoRA

Inspired by (Smith et al. 2023a), and considering that the
current mainstream continuous learning frameworks for per-
sonalized image generation are mostly based on LoRA, we
adopt a LoRA-based fine-tuning method and introduce ad-
versarial perturbations to the training images to shift their
semantic representations within the latent space. This en-
sures that the newly learned concepts do not interfere with
the previous concepts, thereby preventing the concept bleed-
through. We use LoRA due to its efficiency in updating only
a small fraction of parameters while preserving most of the
pretrained weights. Unlike full fine-tuning methods, which
adjust all parameters, LoRA-based adaptation is consider-
ably more memory-efficient and can be applied sequentially



without increasing the size of the model significantly. Thus,
it is well-suited for continual learning scenarios where the
model updates must be performed iteratively without catas-
trophic forgetting.

In the continual diffusion setting, we learn N personaliza-
tion tasks ¢ € {1,2,..., N — 1, N}, where N denotes the
total number of concepts that will be learned by the model.
Following the results of the custom diffusion process (Ku-
mari et al. 2023), we modify a small subset of parameters in
the stable diffusion model (Rombach et al. 2022a), specifi-
cally the cross-attention layers in U-Net because the cross-
attention parameters of U-Net are most sensitive to changes
during the personalization of the diffusion model. Here, we
freeze the query features () and parameterize the weight up-
dates W5V € RP1* D2 of the key features K and the value
features V' using LoRA (Hu et al. 2022):
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where AV € RPv7 and BV € R™*P> correspond to
the key and value projection matrices at time step ¢, which
encode the learned concept information. Note that r is a
low-rank hyperparameter, and D; and D- denote the in-
put and output dimensions of the key and value projection
matrices in the cross-attention layers, respectively. Further-

more, Wiﬁy is the inital values from the pre-trained model.
The above approach allows for efficient parameter adapta-

tion while maintaining previous knowledge.

Self-regularization

To mitigate catastrophic forgetting and preserve the previ-
ously learned concepts in personalized generative models,
we introduce a self-regularization loss that constrains the pa-
rameter updates. This regularization term shown in the fol-
lowing equation ensures that updates affecting new concepts
do not interfere destructively with the existing knowledge:

t—1
Liogee = ||| DALV BV 0 ARVBSYZ, @

t'=1

where © represents element-wise multiplication, and || -
|% denotes the squared Frobenius norm. This self-
regularization loss penalizes overlapping activations be-
tween the previously learned (') and the newly introduced
(t) concepts in the latent space, which effectively reduces
semantic interference.

By integrating the self-regularization into the training ob-
jective, the proposed method achieves an effective balance
between continual adaptation and knowledge preservation,
which enables the personalized diffusion model to learn a
sequence of fine-grained concepts, thereby resulting in more
stable image generation. Specifically, when learning the per-

sonalization task ¢, we minimize the following total loss:
min ‘Cdiff(i7 9) + )\‘Cforgeta
w/Veo

3
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where 4 is the input training data of the new concept, Lgis
is the loss function for the stable diffusion model # (Rom-
bach et al. 2022a), and )\ is a hyperparameter selected with
a simple exponential sweep.

Training on Images with Adversarial Perturbations

The self-regularization enhances the model’s ability to re-
sist catastrophic forgetting, ensuring that previously learned
concepts in the learning sequence are retained; however, it
does not effectively mitigate the adverse interactions be-
tween different concepts, particularly in cases where seman-
tically similar concepts are introduced sequentially. As men-
tioned in the introduction, existing continual learning meth-
ods for generative models, e.g., C-LoRA and STAMINA,
primarily focus on mitigating forgetting but do not explic-
itly address concept interference. To overcome this limi-
tation, we introduce adversarial perturbations to the train-
ing images, which strategically shift the semantic features
in the latent space while preserving the quality and visual
consistency of the image. From a theoretical perspective,
adversarial perturbations are designed to maximize the di-
vergence between representations in the latent space by tar-
geting directions of high sensitivity in the model’s gradient.
Specifically, the optimization encourages the perturbed in-
puts to move away from the existing concept’s latent fea-
tures, thereby enforcing semantic separation. Mathemati-
cally, this aligns with maximizing the cosine distance, akin
to contrastive representation learning.

Inspired by previous studies (Shan et al. 2024), for an im-
age x, we optimize the perturbation § using targeted PGD
(Madry et al. 2018):

§:=arg min Lg(zy,5,2})
lldll<e

)

where € is the perturbation budget, £ and 2}" are the encoder
of the diffusion model and the given target image for x;, re-
spectively. Note that the selection of 2} is critical in terms
of ensuring effective perturbation-induced separation in the
latent space. Specifically, for each input image x; associated
with a new concept, we sample z}' from a pool of images
that are semantically dissimilar to 1, x5...,2;—1, based on
their precomputed latent representations. This ensures that
the perturbation J shifts the latent encoding of x; away from
the region associated with x1, o, ..., xs—_1. As a result, we
promote better separability between the learned concepts by
encouraging the features of different concepts to occupy dis-
tinct and distant regions of the latent space.

By minimizing the loss L¢ in Eq. (4), the perturbed im-
age x4+ ¢ is embedded into the latent space aligned with the
target image, which effectively enforces a shift in the seman-
tic representation. This adjustment prevents undesired over-
laps between the newly learned concepts and the previously
stored knowledge. By constraining the perturbation budget
€ during optimization, the perturbation is kept below a cer-
tain threshold, preventing degradation in image quality or
unintended changes in image semantics. Consequently, the
proposed method significantly reduces the risk of concept

=arg min |[E(aP) —E(z + 6
gu6u<e|| (@) = &

“4)



interference, which ensures that the personalized concepts
remain distinct over time. The proposed method is novel be-
cause we explicitly manipulate the latent space via adversar-
ial perturbations, thereby creating a more robust framework
for continual learning in generative models.

To further mitigate the interference between concepts, we
follow a previously proposed custom tokenization strategy
(Smith et al. 2023a, 2024). Here, we define N personal-
ized tokens V", V', ..., V5, which are initialized randomly
rather than using less frequent words. In addition, to avoid
interference with existing concepts, the object names are
removed from the input sequence. During inference, the
learned embeddings replace these tokens to generate images
of multiple learned concepts simultaneously. This tokeniza-
tion strategy ensures that different concepts retain unique
representations in both the textual and latent spaces, which
reduces the likelihood of semantic entanglement.

It is worth noting that our method essentially establishes a
connection between the customized text embeddings and the
slightly misaligned image features through targeted guid-
ance using the target image. Therefore, it does not compro-
mise the model’s original ability to generate the concepts
present in the target image.

Experiments
Main Experimental Settings

To evaluate the effectiveness of the proposed adversarial
perturbation-based training strategy, we performed exper-
iments on personalized diffusion models under a contin-
val learning setting. Here, the goal was to assess whether
the proposed method mitigates concept bleed-through while
maintaining high-quality continual personalized image gen-
eration. The quantity and content of the experiments fol-
lowed those of (Smith et al. 2023a) and (Dong et al. 2024).

Implementation Details: Following previous studies that
utilized existing methods (Kumari et al. 2023; Smith et al.
2023a), we used stable diffusion v1.5 (Rombach et al.
2022a) as the backbone. In addition, we utilized the prompt
“aphoto of a V'x,” where V' is a learnable custom token. For
LoRA, we searched for the rank using a simple exponential
sweep and found that a rank of 16 learned all concepts suf-
ficiently. During the training process, the learning rate was
2 x 1079, and the number of training steps performed on
each image was set to 100.

In the optimization of the perturbation, we fixed the /.-
norm as the constraint to obtain all adversarial images. Dur-
ing the optimization process, we experimentally set the sam-
pling step to 40, the total perturbation budget to 8/255, and
the batch size to 4.

Datasets: To evaluate the effectiveness of the proposed
method, we used the official DreamBooth dataset (Ruiz
et al. 2022), which comprises 30 distinct concept classes,
each containing 5-6 images. Additionally, we also adopted
the CustomConcept101 dataset (Kumari et al. 2023), which
comprises 101 distinct concept classes, each containing 3—
15 images. These dataset are commonly used to train per-
sonalized diffusion models. Also, to optimize the adversarial
perturbation, we employed target images sampled from Ima-
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Figure 3: Qualitative results of experiments. All compared
methods were affected by concept bleed-through in the
learning sequence when dealing with both the nearby con-
cepts (e.g., table and chair) and the related concepts (e.g.,
vase and flower). In contrast, our proposed method ensured
accurate representation of the concepts in the image.

Method [Anmdd) Frmma) CLIP Score(T)
Textual inversion 2.98 0.00 0.71
DreamBooth 9.01 8.25 0.75
InstantBooth 3.34 6.91 0.74
Custom diffusion 5.57 3.96 0.78
ED-LoRA 7.72 7.08 0.82
C-LoRA 2.95 0.23 0.80
STAMINA 2.34 0.27 0.83
CIDM 2.11 0.22 0.85
C-LoRA + Ours 1.99 0.32 0.84
STAMINA + Ours 1.92 0.26 0.85
CIDM + Ours 1.98 0.22 0.87

Table 1: Comparison of MMD and CLIP scores across dif-
ferent methods.

geNet dataset (Deng et al. 2009). Compared methods: The
proposed method was compared with the following person-
alization methods for generative diffusion models: 1) Tex-
tual inversion (Gal et al. 2022), DreamBooth (Ruiz et al.
2022), InstantBooth (Shi et al. 2024): baseline personaliza-
tion methods for single concept; 2) Custom Diffusion (Ku-
mari et al. 2023), ED-LoRA (Gu et al. 2023): mechanisms
for training models that can generate multiple concepts si-
multaneously; 3) C-LoRA (Smith et al. 2023a), STAMINA
(Smith et al. 2024), CIDM (Dong et al. 2024): SOTA of con-
tinual learning methods for personalized diffusion models.

Evaluation metrics: To assess the effectiveness of the pro-
posed method, we employed evaluation metrics that focus
on the quality of the generated images and the effectiveness
of the perturbations in terms of preventing concept bleed-
through. Specifically, we used Maximum mean discrepancy
(MMD) score (Gretton et al. 2012) and CLIP score (Rad-
ford et al. 2021) to evaluate the performance of the methods.
Here, we defined A,,,,,,4 as the average MMD score (x103)
across all concepts after completing the entire training se-
quence, and F,,,q measured the average increase of MMD
score for the previously learned concepts after learning sub-
sequent concepts, quantifying the degree of forgetting.
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Figure 4: Examples of the additional experiment with different numbers of concepts in the training images. We trained the
model with ten concepts in the learning sequence. We selected STAMINA (Smith et al. 2024) as the baseline method, and after
each new concept was learned, the model was used to generate images of the most initially learned concept (vase).

Experimental Results

Table 1 shows the quantitative results for each evaluated
method. Note that all results are averaged over 100 differ-
ent multiconcept learning patterns, where each pattern con-
tains two sequentially learned personalization tasks. As can
be seen, the proposed method achieved the highest CLIP
score and the lowest A4, demonstrating improved con-
cept preservation and better alignment with textual prompts.
In addition, in terms of the Fj,,,q results, the proposed
method also performed well relative to preventing forgetting
(note that textual inversion (Gal et al. 2022) has no forget-
ting because its backbone is completely frozen). These re-
sults suggest that adversarial perturbations can play a crucial
role in enhancing the stability and reliability of diffusion-
based continual learning models. It is also worth mention-
ing that our method exhibited significant results when ap-
plied to C-LoRA, STAMINA, and CIDM, proving that the
proposed method is widely compatible with existing person-
alization frameworks. Figure 3 shows a qualitative compar-
ison of the images generated using the different methods.
As can be seen, the proposed method produced images that
exhibit clearer concept boundaries and improved semantic
alignment, particularly in challenging generation tasks.

Additional Experiments

In addition to the main experiments, we designed a series
of additional experiments to further validate the effective-
ness of the proposed method. Here, if not specifically stated,
the experimental settings followed the main experiment. If
not mentioned, we only applied our method to (Dong et al.
2024) in all additional experiments.

In the additional experiments, we manipulated the key
variables as follows.
Number of Concepts in Training Images. A common
challenge in continual learning for personalized image gen-
eration is the increasing risk of concept bleed-through as
more concepts are introduced. To evaluate this, we fol-
lowed the setup commonly seen in DreamBooth studies
(Ruiz et al. 2022), where up to ten concepts are trained
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sequentially (in this experiment, the concept sequence was
vase, cat_1, houseplant, cat_2, bag, teapot_1, teapot_2,
can, teddybear, clock). The results are shown in Fig. 4. As
can be seen, without appropriate mitigation strategies, con-
cept interference becomes more pronounced as the number
of concepts increases, leading to a degradation in the im-
age generation quality. By integrating our adversarial per-
turbation strategy, we observed a significant improvement in
terms of concept separation. Specifically, the images gener-
ated after learning all 10 concepts exhibited reduced seman-
tic drift compared with the baseline methods without adver-
sarial perturbations.

Categories of Target Images. The selection of the target
image categories for adversarial perturbation optimization
plays a crucial role in determining the effectiveness of the
proposed method. Thus, we investigated different target im-
age categories sampled from ImageNet, including images
that do not overlap conceptually with the training data in the
entire learning sequence and images that are semantically
related to the training data. In this additional experiment,
we employed learning sequence (table — chair) that was
utilized in the main experiment. Specifically, we fixed the
learning sequence to table — chair, and only inject per-
turbation to the training images for chair. Figure 5 shows
the generation outcomes when training images for chair
are paired with target images from five different categories:
vase, dog, airplane, bread, and microwave in the pertur-
bation optimization. We also measured the cosine similarity
between the generated image and both the table (V1) and
chair (V2) embeddings.

Qualitative results (Fig. 5) indicate that pairing chair with
highly dissimilar targets (e.g., dog, bread) yields clearer and
more separable visual representations. Conversely, semanti-
cally closer pairs (e.g., vase, microwave) show subtle fea-
ture blending. These results align with the quantitative find-
ings in Table 2. These results further validate the princi-
ple that semantic dissimilarity between training and target
images promotes stronger adversarial-induced latent separa-
tion.



Target Image Category [[ Similarity with V1 (Table)] Similarity with V2 (Chair)] [ A,,;ma & Frmma 4+ CLIP T
- - - 3.12 0.51 0.76
vase 0.814 0.701 2.82 0.41 0.81
dog 0.187 0.325 1.92 0.25 0.85
airplane 0.523 0.544 1.96 0.28 0.84
bread 0.236 0.297 191 0.26 0.86
microwave 0.692 0.610 1.94 0.30 0.84

Table 2: Performance of our method on different target images for the perturbation optimization of chair.

adopt any perturbation to the training images.

Learning sequence:
Vl* _)VZ*

Target Image
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2
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means we do not

airplane

Figure 5: Examples of generated images using different target image categories for perturbation. Semantically dissimilar pairs

lead to better concept separation.

Method Chair CLIP Score TTable CLIP Score T
C-LoRA 0.782 0.741
C-LoRA (W/SA) 0.851 0.094
C-LoRA (w/Ours) 0.847 0.822

Table 3: Comparation between selective forgetting methods
and ours method.

Comparation with Selective Forgetting Methods

In this section, we discuss works related to concept erasure
and selective forgetting, which are closely connected to the
topic of concept bleed-through. It is worth noting that while
these methods share a similar objective (mitigating interfer-
ence between concepts), their application scenarios and un-
derlying philosophies differ significantly from our proposed
method. Selective forgetting methods are typically designed
to intentionally erase previously learned concepts before in-
troducing a new one. This strategy is effective for avoiding
interference but comes at the cost of losing the model’s abil-
ity to generate forgotten concepts. In contrast, our method
does not require any forgetting steps and instead prevents
concept bleed-through proactively during training. This al-
lows the model to maintain the ability to generate all previ-
ously learned concepts, offering better flexibility and gener-
alization in continual learning settings.

Despite these decisive differences, we still conducted ad-
ditional comparative experiments against a representative
forgetting-based method: Selective Amnesia (SA) (Heng
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and Soh 2023). Following the training sequence shown in
Fig. 4 of our main manuscript (“table — chair’), we com-
pared the quality of generation of chair after continual train-
ing. We use C-LoRA as the baseline method. In the case of
Selective Amnesia, the model is explicitly fine-tuned to for-
get the concept of table before learning chair, whereas our
method integrates adversarial perturbations to preserve sepa-
ration without forgetting. Table 3 shows the CLIP similarity
scores between generated images and their corresponding
text prompts.

The results indicate that both methods achieve compara-
ble performance on the new concept (chair). However, our
method is able to retain the model’s ability to generate the
previous concept (table). This demonstrates that our method
achieves a similar level of interference mitigation without
sacrificing the knowledge of learned concepts.

Conclusion

This paper has proposed an adversarial perturbation-based
training strategy to mitigate the concept bleed-through issue
in personalized generative models. By injecting a carefully
designed adversarial perturbation into the training images,
the proposed method shifts the semantic representations in
the latent space, thereby ensuring a clear separation of the
new and previously learned concepts. The proposed method
was evaluated experimentally, and the results demonstrated
the effectiveness of the method through contrastive learning
and latent space alignment strategies, which help preserve
the integrity of the learned concepts.
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