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Chapter 1

Introduction

The background and purpose of this thesis and the organization of this thesis are presented in

this chapter.

1.1 Background

In recent years, deep learning has achieved remarkable progress in various domains such as
computer vision, natural language processing, and multimodal content understanding. Large-
scale models, including ResNet [I6], BERT [I4], ViT [Z], CLIP [IX], Stable Diffusion [1Y],
and GPT-based systems [20], have demonstrated outstanding performance through large-scale
data-driven training paradigms. These models inherently rely on latent representations that en-
code semantic structures underlying images, text, and multimodal signals. As Al technologies
expand into creative fields, latent representation learning has become increasingly important for
understanding, generating, and protecting artificially created works.

In this thesis, artificially created works refer to two broad categories: (1) human-created works,
such as anime illustrations, drawings, and other manually crafted content, and (2) Al-generated
works, produced by modern generative models such as diffusion models. Although these cate-
gories differ in their creation process, both share the essential characteristic of being governed by
latent semantic structures that encode attributes, styles, conceptual dependencies, and hierarchi-
cal relations. As generative Al becomes increasingly pervasive, understanding and controlling
these latent structures have emerged as critical technical and societal challenges.

The rapid deployment of generative systems has revealed limitations in the semantic under-

10



standing of artificially created works. For human-created content, semantic attributes often
exhibit complex multi-label and hierarchical dependencies. Unlike natural images, artificially
created works intentionally contain stylized, abstract, or exaggerated features. These char-
acteristics complicate automated semantic understanding, as conventional recognition models
struggle to capture fine-grained semantics, attribute interactions, and domain-specific expression
rules [[[A, 21].

At the same time, Al-generated works, particularly those produced by personalized diffusion
models [[Z, 10, 22], have become widely used in creative and industrial applications. Users in-
creasingly interact with generative systems that continually incorporate personalized concepts,
such as original characters or custom styles [2,073,04]. Although personalization enhances usabil-
ity, continual learning introduces a serious technical problem known as concept bleed-through,
in which newly added concepts overwrite or interfere with previously learned ones. This insta-
bility undermines the reliability of generative systems and highlights their limited capability in
maintaining robust and disentangled latent structures.

In parallel, concerns regarding copyright protection have intensified. The increasing use of
web-scraped datasets containing copyrighted artworks has raised ethical and legal concerns about
unauthorized training and stylistic imitation. As generative models refine their ability to learn
and reproduce latent representations, protecting human-created works from misuse has become
essential. Ensuring content safety requires methods that can prevent generative models from ex-
tracting or learning sensitive latent information, while preserving the visual fidelity of protected
content.

These developments reveal a shared bottleneck across semantic understanding, generative con-
trollability, and protection: current methods are limited in their ability to appropriately learn,
regulate, and defend latent semantic representations of artificially created works. Motivated by
these issues, this thesis places latent representation learning at its core and aims to address the
challenges of semantic modeling, robust generation, and copyright protection within a unified

framework.
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1.2 Proposition in This Thesis

The purpose of this thesis is to develop a unified research framework based on latent represen-
tation learning to address three fundamental challenges associated with artificially created works:
Improving semantic understanding performance, ensuring generative controllability and robust-
ness, and enhancing content safety and copyright protection. These three challenges represent
the essential capabilities required for next-generation intelligent systems dealing with artificially
created works.

First, this thesis investigates latent representation—based semantic modeling for human-created
works such as anime illustrations. To capture complex attribute relations and semantic depen-
dencies, this thesis employs hierarchical modeling, graph-based representations, and multimodal
fusion techniques. These approaches enable the extraction of structured latent features that rep-
resent fine-grained semantic relationships.

Second, this thesis explores generative controllability in personalized diffusion models by ad-
dressing the concept bleed-through problem. Existing personalization methods often modify
model parameters or architectures but fail to maintain separability in latent spaces. To overcome
this limitation, this thesis proposes an adversarial perturbation strategy that manipulates train-
ing images at the data level. This ensures clear separation between new and previously learned
concepts without adding model complexity, leading to improved generative stability.

Third, this thesis proposes a latent representation—oriented protection framework to defend
human-created works against unauthorized training. By introducing small but semantically ef-
fective perturbations that alter latent representations while preserving visual fidelity, the proposed
method prevents generative models from extracting stylistic or conceptual information. This pro-
vides practical and effective means of copyright protection in the era of large-scale generative Al

The contributions of this thesis can be summarized as follows:

o This thesis presents latent representation learning methods for modeling semantic struc-
tures in artificially created works, enabling improved understanding of hierarchical and

multimodal attributes.

o This thesis proposes an adversarial perturbation—based continual personalization method

for diffusion models, effectively mitigating concept bleed-through and enhancing genera-

12



tive robustness.

o This thesis introduces a latent-space—oriented protection technique that prevents unautho-
rized training of generative models while maintaining the perceptual quality of human-

created works.

1.3 Organization of This Thesis

The remainder of this thesis is organized as follows.

In Chapter 2, related works on latent representation learning, semantic modeling, generative
controllability, and protection techniques are introduced. The research problems addressed in
this thesis are clarified.

In Chapter 3, latent representation—based semantic understanding methods for human-created
works are presented. This chapter focuses on image captioning, hierarchical attribute modeling,
multi-label classification, and multimodal fusion for extracting structured semantic features.

In Chapter 4, a method for improving generative controllability in personalized diffusion mod-
els is presented. An adversarial perturbation—based continual personalization strategy is proposed
to mitigate concept bleed-through, and its effectiveness is demonstrated through experiments.

In Chapter 5, latent representation—based copyright protection methods for artificially created
works are introduced. An adversarial perturbation method is proposed to prevent unauthorized
model training while preserving visual fidelity.

In Chapter 6, the conclusions of this thesis and directions for future research are discussed.
The contributions of this thesis are summarized, and potential extensions of latent representation
learning for future creative Al systems are presented.

The methods proposed in each chapter of the thesis correspond to the authors’ research achieve-
ments summarized at the end. The sections in Chapter 3 introduces the methods proposed in
[A-1], [A-2], [B-1], and [B-2], respectively. These methods build upon the methods described in
[C-1], [C-2] and [C-3]. Chapter 4 introduces the method proposed in [B-3], which builds upon

the method described in [C-5]. Chapter 5 introduces the method proposed in [C-4].

13



1.4 Licensing Information for Artificially Created Works in This
Thesis

Some artificially created works in this thesis are reproduced or modified from publicly avail-
able resources under Creative Commons licenses. Proper attribution is provided for each figure

in accordance with the respective license terms.
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Chapter 2

Related Works

2.1 Introduction

This chapter shows the research related to this thesis. Subsection P22 describes the related
works on semantic understanding for artificially created works, subsection I3 shows the previous
works on personalized text-to-image generation, and subsection -4 shows the previous works on
copyright protection for artificially created works. Next, subsection 73 clarifies the problems to

be solved in this thesis. Finally, subsection -8 concludes this chapter.

2.2 Semantic Understanding Methods for Artificially Created Works

Reference [16]
This paper introduces a deep residual learning framework, commonly represented by ResNet-
101, which has become a fundamental backbone in many visual recognition tasks. The key
idea is to employ residual connections to alleviate the gradient vanishing problem and en-
able stable training of very deep networks. By stacking residual blocks, the model is able
to learn hierarchical visual features that capture both low-level patterns and high-level se-
mantics. For artificially created works, such as stylized illustrations or domain-specific
visual content, the hierarchical feature extraction capability of residual networks provides
a strong baseline for multi-label attribute recognition. Although ResNet-101 is not ex-
plicitly designed for modeling attribute dependencies or semantic relationships, its robust
feature representation has been widely adopted as a foundation for more advanced seman-

tic understanding methods.
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Reference [25]
This paper presents a method named Semantic Self-guided Representation Learning (SS-
GRL), which aims to improve multi-label image classification by leveraging semantic de-
pendencies between labels. The method introduces a self-guided attention mechanism that
learns label-specific features and enhances the representation of attribute-related regions.
By modeling the co-occurrence patterns and inherent correlations among attributes, SS-
GRL enables more accurate recognition in domains where labels are interdependent. For
artificially created works that often contain complex hierarchical attribute structures, this
approach provides a useful mechanism for learning more discriminative semantic repre-
sentations. The method demonstrates the importance of integrating label semantics into

the feature learning process.

Reference [21]
This paper proposes a method named Deep Attentive Neural Network (DAN), that fo-
cuses on learning attention-aware representations for multi-label classification. The model
incorporates an attentional mechanism that allows features to be dynamically weighted ac-
cording to the relevance of each visual region to different labels. This enables the model
to emphasize label-specific areas while suppressing irrelevant regions, thereby improving
classification accuracy. For artificially created works with stylized or exaggerated features,
attention mechanisms are effective in capturing fine-grained attribute cues that may not be
uniformly distributed across the image. The approach highlights the potential of attention-

based architectures for modeling semantic structures in complex visual domains.

Reference [26]
This paper introduces a framework: Multi-label Graph Convolutional Network (ML-GCN).
The key contribution is the formulation of label relationships using a graph structure, where
nodes represent labels and edges encode their statistical correlations. Through graph con-
volution, the model propagates information across related labels, allowing the classifier to
explicitly leverage semantic dependencies during prediction. This graph-based approach
is particularly effective for artificially created works, where hierarchical and relational at-

tributes are essential for accurate understanding. ML-GCN demonstrates how structured
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label dependencies can be incorporated into deep learning models to enhance semantic

reasoning.

Reference [27]
This paper presents an Attention-Driven Dynamic Graph Convolutional Network (ADD-
GCN), which extends GCN-based multi-label recognition by introducing attribute-level
decomposition and cross-label dynamic feature. The method decomposes visual features
into attribute-aware components and propagates them across a graph that captures seman-
tic relations. By enabling both local and global interaction among attributes, the model
achieves more consistent and interpretable predictions. For artificially created works char-
acterized by intricate relational structures, ADD-GCN provides a more expressive repre-

sentation of hierarchical dependencies compared with conventional GCN-based approaches.

Reference [28]
This paper proposes a Progressive Graph Convolutional Network (P-GCN), which models
attribute relations through progressively refined graph reasoning. Instead of relying on a
static correlation graph, the method iteratively updates label representations by incorporat-
ing progressively refined semantic dependencies. This dynamic reasoning process enables
the model to capture both coarse and fine-grained relationships among attributes. For ar-
tificially created works that contain multilayered semantic structures, P-GCN provides an
effective mechanism for learning relational features that evolve across different abstrac-
tion levels. The approach illustrates the usefulness of progressive reasoning in multi-label

semantic understanding tasks.

2.3 Personalized Text-to-image Diffusion Models

Reference [[11I]
This paper introduces a personalization method known as Textual Inversion, which aims
to represent a novel visual concept by optimizing a new token in the text embedding space
of a pretrained text-to-image diffusion model. Instead of modifying model parameters, the
method encodes concept-specific information into a learned embedding vector associated

with a pseudo-word. This lightweight approach enables users to generate images contain-
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ing personalized subjects with minimal training samples. Textual Inversion demonstrates
that diffusion models possess sufficient expressive power to integrate new concepts purely
through embedding optimization. However, since the learned embeddings remain entan-
gled with the model’s existing semantic space, personalized concepts may interfere with
related concepts, highlighting the challenge of maintaining clear semantic boundaries in

continual learning scenarios.

Reference [[7]
This paper presents a method called DreamBooth, which fine-tunes diffusion model pa-
rameters to incorporate new personalized concepts while preserving the subject’s identity.
The method introduces a class-specific prior preservation loss that encourages the model
to maintain diversity and avoid overfitting to a small set of training images. DreamBooth
achieves high-fidelity personalization and can generate the target concept across various
prompts, styles, and environments. However, the parameter-fine-tuning strategy may lead
to concept bleaching or leakage of personalized information into other semantic regions of
the latent space. As a result, DreamBooth can cause severe concept interference when mul-
tiple personalized concepts are learned sequentially, demonstrating limitations in continual

personalization settings.

Reference [29]
This paper proposes InstantBooth, a method designed to accelerate personalization of dif-
fusion models by integrating identity-specific embeddings with efficient fine-tuning tech-
niques. The approach reduces computational cost while maintaining high-quality gen-
eration, making it suitable for real-world applications where rapid personalization is re-
quired. InstantBooth uses a combination of embedding optimization and partial network
adaptation, enabling a better balance between specificity and generalization. Despite its
efficiency, the method inherits similar challenges to other fine-tuning approaches, includ-
ing the risk of concept drift and interference during continual learning, where previously

learned identities may degrade when new ones are added.

Reference [311]

This paper introduces Custom Diffusion, a method that uses rank-one or low-rank param-
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eter updates to enable efficient personalization. By applying concept-specific updates to
attention layers, the approach allows multiple concepts to coexist without fully fine-tuning
the whole model. Custom Diffusion supports the combination of concepts and reduces the
risk of overwriting previous information. However, even with localized parameter updates,
the latent semantic space may still experience entanglement between concepts, especially
when training multiple custom concepts sequentially. This highlights the need for methods

that explicitly regulate or separate latent representations during continual personalization.

Reference [31]
This paper presents an embedding-decomposed Low-Rank Adaptation (ED-LoRA) for
diffusion models. ED-LoRA performs low-rank parameter adaptation while introducing
mechanisms intended to reduce interference between the base model and personalized
parameters. The method achieves faster training and lower memory consumption while
maintaining high-quality generation. Although ED-LoRA improves parameter efficiency,
the latent space of the diffusion model remains vulnerable to concept overlap in multi-
concept scenarios, revealing the difficulty of maintaining robust concept separation solely

through parameter-efficient fine-tuning.

Reference [23]
This paper proposes a continual LoRA-based personalization framework (C-LoRA) that
enables users to combine multiple personalized concepts through continual controls. By
decoupling personalized concepts into separate LoORA modules, the method allows flexible
concept mixing and reduces the risk of overwriting. C-LoRA demonstrates that modular-
ization is an effective way to enhance conceptual flexibility in diffusion models. However,
when concepts are learned sequentially, interference between LoRA modules can still oc-
cur through shared latent representations, suggesting that modularity alone is insufficient

for addressing concept bleed-through in continual learning settings.

Reference [2]
This paper introduces a personalization method that employs Stack-and-mask Incremental
Adapters (STAMINA) to maintain concept integrity during multi-concept learning. The

method selectively updates model parameters that are most relevant to each concept, re-
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ducing overlap in parameter usage across concepts. This improves concept retention and
alleviates interference during sequential learning. However, the latent semantic represen-
tations of concepts may still interact through shared diffusion pathways, indicating that
parameter sparsity must be complemented by latent-space regulation to achieve robust

concept disentanglement.

Reference [24]
This paper presents a Concept-Incremental text-to-image Diffusion Model (CIDM) de-
signed to mitigate forgetting when incorporating new personalized concepts. The method
adopts identity-preserving constraints and replay mechanisms to stabilize previously learned
concepts while adding new ones. CIDM improves continual learning performance by re-
ducing degradation of older identities. Nevertheless, as the number of concepts increases,
the replay mechanism becomes less effective, and entanglement in the latent space may still
result in concept bleed-through. This highlights the fundamental difficulty of maintaining

clear semantic boundaries within the diffusion latent space under continual personalization.

2.4 Copyright Protection Methods for Artificially Created Works

Reference [3]
This paper introduces Glaze, a protection method designed to prevent unauthorized style
extraction by generative models. Glaze applies subtle perturbations to input artworks so
that the perturbed images appear unchanged to human observers but differ significantly in
the latent space of deep generative models. As a result, models trained on protected images
fail to capture the original artistic style, thereby reducing the risk of stylistic imitation. The
method demonstrates that perceptually aligned but semantically disruptive perturbations
can serve as an effective defensive strategy against unpermitted dataset scraping. However,
because the perturbations primarily target the feature space of specific model families, the
method may exhibit reduced robustness against unseen architectures or future-generation

diffusion models, indicating a need for more generalized protection mechanisms.

Reference [4]

This paper presents an adversarial perturbation-based method designed to mislead diffu-
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sion models (AdvDM). AdvDM optimizes image perturbations that specifically disrupt
the denoising process used in diffusion-based generative models, preventing them from
learning meaningful style or content representations. By directly targeting the generative
pathway, the method significantly reduces the ability of diffusion models to reproduce
protected artworks. Although AdvDM achieves strong protective effects, it may produce
artifacts under certain perturbation strengths, and its effectiveness depends on the gener-
alization behavior of the targeted diffusion architecture. These limitations highlight the
difficulty of designing protection methods that maintain both high visual fidelity and long-

term robustness.

Reference [5]
This paper introduces Anti-DreamBooth, a protection strategy aimed at preventing person-
alized concept learning, particularly against methods such as DreamBooth that fine-tune a
diffusion model on a small set of images. Anti-DreamBooth generates perturbations that
cause fine-tuned models to fail to reproduce the protected concept, even when the attacker
uses multiple training samples. By disrupting the latent-space consistency required for per-
sonalization, the method effectively prevents the model from capturing identity-related or
style-related information. Although Anti-DreamBooth successfully blocks many person-
alization attacks, its performance varies depending on the attacker’s training configuration
and may be less effective when the adversary employs enhanced optimization strategies.
This suggests the need for more adaptive protection mechanisms that remain robust across

diverse personalization scenarios.

2.5 Problems to Be Solved in This Thesis

Although significant progress has been made in semantic understanding, personalized text-
to-image diffusion modeling, and copyright protection, existing methods still face fundamental
limitations when applied to artificially created works. First, methods for semantic understand-
ing rely heavily on hierarchical or graph-based reasoning, yet they often struggle to capture the
fine-grained and domain-specific attribute structures present in stylized or nonphotorealistic illus-

trations. These methods lack explicit mechanisms for modeling the latent semantic relationships
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characteristic of artificially created works, resulting in limited interpretability and insufficient
representation capacity.

Second, personalization methods for diffusion models, including embedding-based, fine-tuning
-based, and modular approaches, exhibit difficulty in maintaining stable concept boundaries dur-
ing continual learning. Concept bleed-through remains a central challenge, as newly introduced
concepts frequently interfere with previously learned ones due to entanglement in the latent
space. Existing approaches primarily modify model parameters or embeddings but do not di-
rectly address latent-space regulation, which is essential for achieving robust and disentangled
personalization.

Third, copyright protection methods based on adversarial perturbations successfully disrupt
generative model training but often lack generalization across different architectures or training
configurations. Their effectiveness tends to degrade when adversaries employ model adaptation,
fine-tuning, or defensive preprocessing techniques. Additionally, these methods do not explicitly
consider latent semantic structures, resulting in protection mechanisms that are fragile or overly
dependent on specific model families.

To address these limitations, this thesis focuses on latent representation learning as a uni-
fied framework for understanding, generating, and protecting artificially created works. By ex-
plicitly modeling and regulating latent semantic structures, the goal of this thesis is to achieve
improved semantic understanding, robust generative controllability, and effective copyright pro-
tection within a coherent and integrated approach. Figure D1 shows a research map of related

works that summarizes the above, and the position of each chapter in this thesis.

2.6 Conclusion

This chapter explained the research related to this thesis. Furthermore, the problems to be

solved in this thesis are clarified.
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Chapter 3

Latent Representation-based Semantic
Understanding Methods for Artificially
Created Works

Recent advances in deep generative models and large-scale visual-language learning have sig-
nificantly expanded the scope of semantic understanding for images. Traditional image under-
standing methods primarily rely on predefined labels or handcrafted annotations, which often fail
to capture the rich, compositional semantics present in complex visual content. To address these
limitations, image captioning has emerged as a promising paradigm by providing natural lan-
guage descriptions that bridge visual representations and semantic concepts. Leveraging latent
representations derived from image captioning models offers a unified and flexible approach to
semantic understanding across diverse types of visual data.

The first line of research focuses on real-world images, where visual content is inherently
complex, noisy, and semantically diverse. In this context, latent representation—based semantic
understanding using image captioning enables models to encode high-level semantic informa-
tion beyond object-level recognition. By mapping images into a latent semantic space guided
by generated captions, this approach allows for robust understanding of scenes, activities, and
contextual relationships. Such methods demonstrate that latent representations learned through
captioning can effectively capture semantic similarity and abstraction in real-world imagery, pro-
viding a foundation for downstream tasks such as retrieval, classification, and semantic compar-

ison.
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Building upon this framework, the second study extends the latent representation—based se-
mantic understanding method to artificially created works, such as illustrations, digital art, or
synthetic images. Unlike real-world images, artificially created works often exhibit exaggerated
styles, symbolic elements, or non-photorealistic structures, posing challenges for conventional
vision models trained on natural image distributions. By applying image captioning—based la-
tent representations, this research shows that semantic understanding can be generalized beyond
real-world imagery. The generated captions serve as an intermediate semantic bridge, enabling
the model to interpret abstract or stylized visual elements in a manner consistent with human
perception. This extension highlights the adaptability of latent semantic representations and un-
derscores their potential for understanding a broader spectrum of visual content.

However, while latent representations provide powerful semantic abstraction, artificially cre-
ated works often involve hierarchically structured concepts, such as genre, theme, style, and sub-
style, which are not explicitly captured by flat label representations. To address this limitation,
the third study introduces label hierarchy into the semantic understanding framework. By incor-
porating hierarchical label structures into the learning process, the proposed method aligns latent
representations with multi-level semantic relationships. This hierarchical consideration enables
finer-grained semantic discrimination while preserving high-level conceptual coherence. As a
result, the model can better reflect structured semantic knowledge and improve interpretability
and robustness in understanding artificially created works.

Taken together, these three studies form a coherent progression from semantic understanding
of real-world images to artificially created works, and finally to hierarchical semantic modeling.
They collectively demonstrate that image captioning—based latent representations provide a ver-
satile and extensible foundation for semantic understanding across diverse visual domains. By
progressively addressing domain generalization and semantic structure, this line of research con-
tributes toward more flexible, interpretable, and human-aligned visual understanding systems.

The remainder of this chapter is organized as follows. Section 3.1 introduces a latent repre-
sentation—based semantic understanding method for real-world images using image captioning,
focusing on how caption-guided latent spaces enable robust semantic abstraction in complex
natural scenes. Section 3.2 extends this framework to artificially created works, addressing the

challenges posed by stylized, symbolic, and non-photorealistic visual content and demonstrating
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the generalizability of the proposed semantic representation. Section 3.3 further incorporates
label hierarchy into the latent semantic learning process, enabling structured and multi-level

semantic understanding for artificially created works and improving both discriminability and

interpretability.
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Chapter 3.1

Latent Representation-based Semantic
Understanding Method for Real-World

Images Using Image Captioning

3.1.1 Introduction

In the computer vision community, image recognition is a fundamental task and plays an im-
portant role in wide applications. Depending on the content of an image, we use labels to describe
it. Since nature scenes often contain multiple categories of objects, multi-label recognition has
attracted much attention. It can tell us whether an image contains multiple contents at the same
time, which can also be a better solution to real-life problems such as human attribute recogni-
tion [37].

Since objects are usually co-occurring in the physical world, it is necessary to consider the rela-
tionships between different labels to improve the recognition performance. In recent years, along
with the progress of research on Graph Convolutional Networks (GCN) [33], it has achieved
great success in modeling the relationship between labels. For example, Chen et al. proposed a
GCN-based multi-label recognition model (ML-GCN) which uses the label co-occurrence prior
frequency of the dataset [2f]]. They modeled the label correlation between each of the two cat-
egories by building a complete graph. It shows significant advantages in scalability and flexi-
bility that previous approaches did not have. However, if we build a global graph for the whole
dataset like this, frequency bias problems may occur in commonly used datasets. To solve this

problem, Ye et al. proposed an Attention-Driven Dynamic Graph Convolutional Network (ADD-
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GCN) [77]. In this model, a specific graph is dynamically generated for each image to capture
the label relationships of perceptible contents of each image.

The aforementioned approaches focused on the capture of relational properties between labels
from the image. However, it is more accurate to label images with both images and texts. Images
provide comprehensive information while text summarizes descriptive features of objects, and
both types of information help people recognize objects. Therefore, the image captioning [34],
which is a more exhaustive factor consisted of the descriptions, can be expected to be effective
for image recognition. By introducing image captioning into the GCN model, there is a great
possibility to improve the performance of capturing the relationships of the labels.

Therefore, we propose a multi-label image recognition model based on multi-modal GCN
using captioning features. We extract the captioning features by using pre-trained captioning
model and merge the captioning features with the visual features generated by the ADD-GCN
model. The merged features are imported into the dynamic graph convolution network. As a
result, the improvement of multi-label image recognition is achieved. The experiments show that
our multi-label image recognition model achieves a better performance after the introduction of

the captioning feature.

3.1.2 Proposed Method

This section explains the details of our model. We describe the structure of ADD-GCN and
then explain how to import captioning features into it. The overview of our model is shown in

Fig. 3.

3.1.2.1 ADD-GCN

ADD-GCN [27] is mainly composed of a Semantic Attention Module (SAM) and a Dynamic
GCN Module (DGCNM). We estimate the content-aware category representation from the fea-
ture maps extracted from the images by SAM, and feed that representation into the DGCNM to
obtain the final category representation using the content of each particular input image for final
classification.

The SAM aims to get a set of content-aware category representations, and each of them de-

scribes the content associated with a particular label from the input feature map X € RAXWxD,
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H, W and D are the height, width and number of channels of X. We generate category-specific
activation maps M € R*WXC from the input feature map X by using the Class Activation
Mapping (CAM) [BY], and convert X into a category representation of the perceptible content
V=[v,va,...,vclT € REXP a5 follows:

w
D oml i, (3.1.1)
=1

J

vczz

H
i=1

RAXW and the feature vector

where ml‘J and x; ; € RP are the weight of c-th activation map M, €
of the feature map X at (i; j), respectively. C is the number of categories.

We obtain the content-aware category representation V and then introduce it into the DGCNM.
The category representation V is used as features of the input node and is given sequentially
to a static GCN and a dynamic GCN. We simply define the single-layer static GCN as H =
LReLU(A,VW,) , where H = [hy, ha,...,hc]" € RE*P, and the activation function LReLU(-)
is LeakyReLU [B6]. Aj is the correlation matrix, and W is the state update weights. Then the
dynamic GCN is adopted. The correlation matrix A, is adaptively estimated based on a feature

matrix H’ which is affected by the captioning features. The details are explained in II-B. The

output Z € R*P of the DGCNM can be defined as follows:
Z = LReLU(A,HW,), where A; = co(W4H'). (3.1.2)

W, is the state-update weights, o(-) is the Sigmoid activation function, and Wy is the weights of

a conyv layer to formulate the dynamic correlation matrix A.
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3.1.2.2 Import of Captioning Features

To get the captioning features, we extract the captioning matrices X, € RAXWxD

representing
the image content information by employing a pre-trained image captioning model. In order to
import the captioning feature into the ADD-GCN model, we use a pooling layer to transform the

captioning matrices into captioning features k), € RP that can be combined with the output H.

Captioning features h.,), is defined as follows:
hm]’ = p(XCGP)7 S.L. Xcap = Mcap(X)’ (313)

where p is the global average pooling layer, and M., is the pre-trained captioning model.
Then we concatenate h. (¢ = 1,2, ...,C) with h,, to obtain the combined feature matrix H’ =
[((h1; heap), (hos Begp), - . ., (he; hcap)]T € RE2D This matrix H’ contains rich label correlations
and captioning features derived from the image, and it can replace H in the original ADD-GCN

model for the same dynamic GCN transformation.

3.1.2.3 Final Classification and Loss

The output Z = [z, 22, ...,2c]" of the DGCNM is considered as the final category representa-
tion, and is used for final classification. To predict the scores of each category, each category vec-
tor is simply put into a binary classifier. In particular, the final score vector s = [s!, s,..., s¢]7

is generated by concatenating the scores of each category. We supervise the final score s and

train the model with the traditional multi-label classification loss [26] as follows:
c
L(y,s) = Y ylog(a(s) + (I = y)log(l - o°(s°)), (3.1.4)
c=1

where o(-) is the Sigmoid function, y € R is the ground truth label of an image, and y¢ = {0, 1}

denotes whether label ¢ appears in the image or not.

3.1.3 Experiments

In our experiments, we used the MS COCO [B7] dataset for training. The MS COCO dataset
consists of a training set with 82,081 images and a validation set with 40,137 images. It includes

80 common object classes and each image comtains an average of 2.9 object labels. We used

31



Table 3.1.1: Comparison of our model and other models. The best results are marked as bold.

Method CP CR CF1 op OR OF1 mAP
ML-GCN [26] 85.1 72.0 78.0 85.8 75.4 80.3 83.0
ADD-GCN [27] 84.7 73.6 78.9 86.2 76.6 81.1 84.2
Ours 91.3 71.2 80.2 89.8 74.1 854 85.9

ResNet-101 as the backbone of the ADD-GCN framework. We randomly cropped the input
images, resize them to 448 x 448 and flipped them horizontally for data augmentation to avoid
over-fitting. In addition, we employed the image captioning model [B4] pre-trained with the MS
COCO dataset. We compared our method with other state-of-the-art methods. In particular, We
adopted ML-GCN [26] and ADD-GCN [277] as comparison methods.

To compare with other method, we followed previous studies [26] [27] and adopted the average
of per-class precision (CP), per-class recall (CR), per-class F1 score (CF1), overall precision
(OP), overall recall (OR), overall F1 score (OF1), and the mean Average Precision (mAP) as
evaluation metrics. After sorting the confidence score in descending order, the mAP is calculated.
When measuring precision/recall/F1-score, we classify a label as positive if its confident score is
higher than 0.5. As shown in Table BT, it can be seen that the performance of the model after
the introduction of captioning features is better than other models in the comparison of several
metrics mentioned above. It can be proved that our method outperforms other methods. Figure
BT shows an example of ADD-GCN and our method. As shown in this figure, the effectiveness

of introduction of captioning features is verified.

3.1.4 Conclusions

The multi-label image recognition model based on ADD-GCN using captioning features has

been proposed. It is shown that our model has a better performance.
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____________________________________________________________________

Image captioning

A person is eating a
piece of pizza with a
knife.

- e e, ————————— -

_____________________________________________________

\ / person: 1.000 \

person: 1.000
pizza: 0.999 pizza: 1.000
couch: 0.883 couch: 0.834
donut: 0.155 knife: 0.785
knife: 0.152 donut: 0.093
ADD-GCN Our method

Figure 3.1.2: An example of ADD-GCN and our method. All the confidence scores are sorted
in descending order. Labels in red font are the ground truth labels, and labels in the red box

represent the final classification.
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Chapter 3.2

Latent Representation-based Semantic
Understanding Method for Artificially
Created Works Using Image
Captioning

3.2.1 Introduction

With the development of the animation industry in recent years, several studies related to anime
illustration such as illustration editing [BX, 39], line-art colorization [&0, &1] and cartoon face
generation [472, A3] have been conducted. Due to the increasing number of anime illustrations,
there is a growing need for techniques to classify them, and these techniques have a potential to
enhance the above various studies. In order to implement the classification techniques for anime
illustration, it is necessary to know the contents of the anime illustrations.

It is well known that image classification is a fundamental task in the computer vision commu-
nity and plays an important role in a wide range of applications. Since images contain multiple
objects in the great majority of cases, multi-label image classification has aroused extensive
attention in recent years. In real-life problems such as medical image classification [44] and
recommendation systems [45], multi-label image classification can help us get better solutions.
Therefore, it can be expected that the multi-label classification technique is also effective for
anime illustrations.

Many multi-label classification methods for anime illustration have been proposed [, 46]. For
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example, a method [0] based on convolutional neural network (CNN) achieved good classifi-
cation results. Since objects always co-occur in anime illustrations, it is necessary to take the
relationships between labels into consideration so that we can improve the accuracy of classi-
fication. In recent years, great progress has been made in the research of graph convolutional
network (GCN) [B3]. GCN shows a great ability for modeling the relationships between the la-
bels on a graph structure. For example, Feng et al. proposed a GCN-based multi-label anime
illustration classification method [46], which modeled the correlation between different labels by
constructing a complete graph.

However, the classification task of anime illustration is slightly different from that of real-world
image. Anime illustrations are artificially created images, and the creators of anime illustrations
often intentionally highlight the fine characteristics of the characters and objects which are called
attributes. For this reason, to construct the classification method for anime illustrations, we need
to consider not only simple objects in the image but also their attributes. Therefore, it is necessary
to solve the multi-label attribute classification task [2Z1]], and there is no work focusing on this
task for anime illustration.

In generic image classification, many methods for multi-label attribute classification have been
proposed [47-49], and they focused on the capture of relationship between attributes from the
visual information of the illustration. As mentioned above, artificially created anime illustrations
contain more detailed information than real-world images, so it is necessary to take more se-
mantic information into account. However, it is difficult to grasp the deeper and more detailed
connections between attributes only from visual information. To grasp semantic features spe-
cific to anime illustration, we introduce the image captioning [50] into the the classification task
of anime illustration. The image captioning is a more detailed factor consisted of the semantic
information, and is expected to be useful for representing the attributes. However, the avail-
able models [B34,50] of image captioning are learned from only real-world images. There are
several differences between anime illustrations and real-world images which are called domain-
shift, and the domain-shift will lead to a decrease in the accuracy of image captioning results.
In other words, it is not feasible to apply this technique for real-world images directly to anime
illustrations.

Therefore, we propose a multi-modal multi-label attribute classification model for anime il-
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lustrations based on GCN using domain-specific semantic features. This is the first attempt to
introduce the semantic features to the task of multi-label attribute classification in anime illustra-
tions. The technical contributions of this method are as follows.

Contribution (i): To deal with the task, multi-label attribute classification in anime illustration,
we construct a GCN-based model using not only visual features from images but also semantic
features suitable for anime illustration.

Contribution (ii): We propose a trainable model for the image captioning of anime illustrations
by using only real-world images to extract highly expressive image captioning of anime illustra-
tions.

In contribution (i), we can capture the relationship between different attributes in the images by
introducing semantic features for anime illustration based on image captioning into GCN, and
we further improve the classification accuracy. In contribution (ii), we convert real-world images
into animated style images and import them in pairs into the image captioning model pre-trained
with real-world images, and train the model to make each feature space closer by considering
the differences between the two captioning results. In this way, we can generate captioning of
anime illustrations by using only real-world images. These two contributions show that success-

ful multi-label attribute classification for anime illustration becomes feasible.
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3.2.2 Proposed Method

In this section, we show the details of the proposed model. First, we explain how we construct a
new captioning framework for anime illustrations (3222271). Then we describe the general flow of
the GCN-based multi-modal multi-label attribute classification using domain-specific semantic
features (B22227). Finally, we explain the final classification and the loss used for the training of

the proposed model (B2223). Figure B2T shows the overview of the proposed model.

3.2.2.1 New Captioning Framework for Anime Illustration

This subsection shows how we construct the new captioning framework for anime illustrations
by combining real images and their corresponding art style transformations to generate features
that represent the semantic contents of anime illustrations.

First, we put real-world images into the image style transformation model and convert them
into animated style images. In our method, we use white-box cartoonization model [5T1] as
the image style transformation model. The white-box cartoonization model can generate high-
quality cartoonized images from real-world images, and with this model, we can get pairs of
real-world images and animated style images.

Next, we input real-world images into a pre-trained captioning model [B4] to obtain the corre-
sponding captioning results. Under normal circumstances, since simply converting a real image
into an animated style image does not change rough contents of the image, we can regard the
captioning of the real-world image as the ground truth of that of the corresponding animated
style image. We use the animated style image and the captioning of the corresponding real-world
image to train the captioning model so that the distance between the captioning result of the ani-
mated style image and that of the real-world image becomes close. The training process will be
mentioned in Section 3. In this way, the problem of the domain-shift can be solved, and we can

obtain domain-specific semantic features for anime illustrations.
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3.2.2.2 GCN-based Multi-modal Multi-label Attribute Classification Using Domain-

specific Semantic Features

This subsection describes the general flow of the GCN-based multi-label attribute classifica-
tion using domain-specific semantic features. Inspired by the uni-modal version of previous
GCN [Z7], our multi-label attribute classification model mainly consists of the following two
parts: Semantic Attention Module (SAM) and Dynamic Graph Convolutional Network Module
(DGCNM) as shown in Fig. 1.

The SAM aims to estimate the content-aware category representations after extracting feature
maps from the images. For an input image, we first employ a CNN backbone to extract the
convolutional feature maps M € R™W*P  H means the height of M, W means the width of
M, and D means the number of channels of M. From the feature maps M, a set of category-
specific activation maps X € R¥*W*C are generated by Class Activation Mapping [BS]. Then
we use the activation maps X to convert M into a content-aware category representation H =

[hi, ho, ..., he]T € REXP as follows:

H
h.= Z ,c';jmi,j, 3.2.1)
i=1

1

>

X
J=1

where C is the number of categories, xl?;j is the (i, j)-th weight of c-th activation map X, € RF*W,
and m; ; € RP is the (i, j)-th feature vector of the feature map M.

The DGCNM aims to obtain the final category representation by GCN using the contents in
each specific input image. We take the content-aware category representation H as the input
node features, and feed it into a static GCN. We define the single-layer static GCN as V =
LReLU(A;HW,) € RE*P_ LReLU(-) is the activation function LeakyReLU [36]. A and W, are
respectively the correlation matrix and the state update weights. During the training process, A
and W, are randomly initialized by the gradient descent.

To introduce the semantic features into the GCN model, we employ the image captioning
model that is trained for anime illustration in the previous subsection to obtain the captioning
matrices My, € RP*"*P Then we transform the captioning matrices into semantic features

Veap € RP that can be imported into the multi-label classification model by a pooling layer. Note
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that v, is defined as follows:
Veap = P(Mcqp),  S.t. Meyp = cap(M), (3.2.2)

where p(-) means the pooling layer, and cap(-) means the captioning model mentioned in subsec-
tion 2.1. After that, we integrate v.,, and the output features V of the static GCN. Specifically,
we simply concatenate V = [v1,v2,...,vc]T € RP with Vip = [Veaps Veaps - - - s Veap] T € REXP
to get the combined feature V' = [V, V] € RE*2D_ Then we import V’ into the dynamic GCN.

We define the output Z € R*P of the dynamic GCN as follows:
Z = LReLU(A,VW,), where Ay = (W, V). (3.2.3)

W, and W, mean the the weights of a conv layer that formulates the dynamic correlation matrix
Ay and the state-update weights, respectively. o(-) represents the sigmoid activation function. As
a result, we can capture the relationship between different attributes in the images by GCN and
import the information of textual descriptions of the anime illustration into the GCN to further

improve the classification accuracy.

3.2.2.3 Final Classification and Loss

This subsection explains the final classification and loss. For the final classification, we use
the output Z = [z1,22,...,2c]" of the dynamic GCN and predict scores of each category. Par-
ticularly, we put each vector z. of the final category representation Z into a binary classifier and
get the predict scores s¢ of category c. We concatenate the scores s¢ to obtain the final scores

1 2 ..,SC]T

s = [s,s%,. . According to previous studies [26-8], the loss function L(y, §) is calcu-

lated as follows:

C
L(y.s) = Y ylog((s)) + (1 - y)log(l = (s°)), (3.2.4)

c=1

where y € R means the ground truth labels of an image, and y° = {0, 1} indicates the presence

or absence of label ¢ in the image.
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3.2.3 Experiments

3.23.1 Training of Captioning Model for Anime Illustrations

In order to perform the transfer learning of the captioning model, we first need to produce a
dataset of animated style images from real-world images. We used 8,000 real-world images from
Flickr8k dataset [57] and imported them into the image style transformation model [51] shown
in subsection BZZ71] to generate their corresponding animated style images. Then we used the
animated style images as input and the captioning of the corresponding real-world images as

ground truth to train the captioning model [34].

3.2.3.2 Training of Whole Multi-label Classification Model

In our experiments, we used Danbooru2020 [[I] dataset for training the whole multi-label at-
tribute classification model. Danbooru2020 dataset is a large anime illustration dataset with over
4.2 million images and over 130 million tags. From the dataset, we extracted about 25,000
anime illustrations, which include 100 common attribute classes, and each illustration contains
an average of 6.3 attribute labels. We used 75% of the 25,000 images as the training set and the
remaining 25% as the validation set.

We employed ResNet-101 [I6] as the backbone of the GCN-based attribute classification
model. The negative slope of LeakyReL U utilized in the DGCNM was set to 0.2. The input
images were randomly cropped, resized to 448 x 448 pixels and flipped horizontally for data aug-
mentation. We chose Stochastic Gradient Descent as our optimizer. Its momentum and weight
decay were respectively set to 0.9 and 1.0 x 10™* . We set the initial learning rate to 0.5 for

SAM/DGCNM and 0.05 for the backbone CNN.

3.2.3.3 Comparison Methods and Evaluation Metrics

To verify the effectiveness of the proposed method, we employed a series of comparison
methods as follows: ResNet-101 [I6], Semantic Specific Graph Representation Learning (SS-
GRL) framework [?5], Deep Attribute Network (DAN) [1], Multi-Label Image Recognition
with GCN (ML-GCN) [26], Attention-Driven Dynamic GCN (ADD-GCN) [27] and Prediction

Learning GCN (P-GCN) [28]. Comparison method ResNet-101 is the backbone of our method.
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Table 3.2.1: Performance comparison between our model and other image classification models.
We mark the best results as bold.
Method OP OR OF1I CP CR CFl mAP
ResNet-101 [16] | 60.8 554 583 62.0 58.0 613 634
SSGRL [25] 64.0 56.6 6l1.1 712 572 602 694
DAN [2T] 64.7 51.8 575 67.1 56.6 613 643
ML-GCN [26] | 61.2 53.6 59.1 68.8 614 659 663
ADD-GCN [27] | 63.4 59.2 603 71.6 63.1 684 70.1
P-GCN [28] 653 57.8 60.7 739 585 69.8 704
Ours 67.6 58.1 614 730 63.8 71.0 71.2

Table 3.2.2: The ablation experimental results. We can see the influence of the accuracy of
the captioning model (BLEU) on the final classification (mAP). In the ablation experiment, we
randomly selected 100 anime illustrations with ground truth captionings from Danbooru2020
dataset and calculated BLEU score and mAP.

Method BLEU [T4] mAP

ADD-GCN + captioning

(by model trained for real image)

44.5 64.1

Ours (using 'captlomnghobte?med ' 542 7.4
by model trained for anime illustration)

SSGRL and DAN are the classification models based on CNN, and ML-GCN, ADD-GCN and
P-GCN are the classification models based on GCN. Among these comparison methods, ADD-
GCN and P-GCN are the state-of-the-art methods. Each of these models was trained with the
same hyper-parameters as ours. To confirm the performance improvement after employing the
image captioning in multi-label classification model, all the comparison methods were trained
with visual features of the anime illustrations only.

To compare our method with other methods, according to previous studies [Z6-78], we adopted
the average of overall precision, recall, F1 score (expressed respectively as OP, OR and OF1) and
the average of per-class precision, recall, F1 score (expressed respectively as CP, CR and CF1)
to evaluate the performance of the methods. When measuring the precision, recall and F1 score,
for each image, the label c is predicted as positive if the score s¢ calculated in subsection 2.4 is

greater than 0.5. Also, we adopted the average precision (AP) and the mean average precision
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/ girl : 1.000\

) . long hair : 0.945
A girl with a hat on a —>| umbrella:0.923

cellphone. hat : 0.738

black hair: 0.516

Captioning by model trained phone : 0.502
for real-world image \ /

/ girl : 1.000\

. ) umbrella : 1.000
Agirl withahatandan — —, long hair : 0.965

umbrella. hat : 0.784
black hair : 0.545
Captioning by model trained phone : 0.351
Anime Tllustration for anime illustration \ /

Figure 3.2.2: An example of the ablation experiment. All the scores s are sorted in descending
order. We mark the ground truth labels in red font, and the final classification results of each
method in the red box. Source: Anonymous authors, https://pixabay.com. Licensed under
Creative Commons Attribution 4.0 International (CC BY 4.0). Modified by the author.

(mAP) that were often used in multi-label classification tasks [277].

Moreover, we conducted an ablation experiment. Specifically, we compared our proposed
model with the image captioning model trained by real-world images. To investigate the con-
tribution of using image captioning, we evaluated the effectiveness of the captioning model by
BLEU score [T4] that is commonly used in the image captioning task. In general, higher BLEU
score means higher accuracy of the captioning results. To calculate BLEU score, we randomly
chose 100 anime illustrations from Danbooru2020 dataset and respectively imported them into
the captioning model trained by real-world images and that trained by the method in subsection

B2

3.2.3.4 Experimental Results

We show the comparison between the proposed method and other image classification meth-
ods in Table B71l. By comparing with the baseline networks like ResNet-101 [[[6] which con-

structed the same latent space as ours, we can see the improvement of the performance after
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the employment of GCN by the experimental results. Moreover, by comparing with the state-
of-the-art methods based on GCN like ADD-GCN [27], we also confirm that introducing the
domain-specific semantic features into the GCN model is effective.

We also show the ablation experimental results in Table B2, From this table, it can be con-
firmed that the higher the accuracy of the image captioning is, the higher the final classification
performance is. Also, Fig. 54 shows the example of our method and the comparison method in
the ablation experiments. As shown in this figure, the label phone, which is incorrectly classified
as positive by the method using the captioning model trained for real-world image, is correctly
classified as negative after using the captioning model trained for anime illustration. Therefore,

the effectiveness of our method is verified.

3.2.4 Conclusions

We have proposed a GCN-based multi-modal multi-label attribute classification model in
anime illustration using domain-specific semantic features. We capture the relationship between
different attributes by introducing semantic features specific to anime illustration into GCN, and
we further improve the classification accuracy. In addition, to generate more accurate image
captioning for constructing our GCN model, we propose a trainable framework for the image
captioning of anime illustration. The experiments show the effectiveness and the rationality of

the proposed method.
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Chapter 3.3

Latent Representation-based Semantic
Understanding Method for Artificially

Created Works Considering Label
Hierarchy

3.3.1 Introduction

In recent years, the growth of the anime industry has advanced many studies on anime il-
lustrations, such as illustration editing [53, 54], cartoon face generation [55, 56], and line-art
colorization [57,5%8]. Among these studies, the need for classification techniques for anime il-
lustrations is also growing. The increasing number and complexity of anime illustrations have
made it necessary for creators to have a way to efficiently manage and classify many illustrations.
Classification techniques for anime illustrations help them automate the process of identifying
and organizing specific elements within images, which can significantly streamline the anima-
tion production process. It is necessary to understand the contents of these illustrations to develop
classification techniques for anime illustrations.

In the field of computer vision, image classification is an important task, which is the study of
how computers can understand and analyze visual data from the world around us. Multi-label
image classification is a variant of image classification in which an image can be labeled with
multiple tags. This is in contrast to traditional image classification, which involves assigning a

single label or class to an image. Multi-label image classification is useful in situations in which
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an image may contain multiple objects or features relevant to the task at hand. For example,
in medical image classification [44], an X-ray image may contain multiple organs or structures
that need to be identified and labeled. Similarly, in recommendation systems [45], an image of a
product may contain multiple features relevant to the user, such as color, size, and material.

In multi-label image classification, it is important to consider the relationships between labels
to improve classification accuracy. This is because objects in images frequently co-occur, that is,
they appear together in the same image. Graph convolutional networks (GCNs) [B3] are a type of
neural network that can be used to predict relationships between labels on graph structures. They
are particularly useful in multi-label image classification because they can capture the depen-
dencies between different labels and use this information to improve classification accuracy. For
example, Chen et al. proposed a GCN-based multi-label image classification system that used a
complete graph to model the correlation between various labels [26]. This approach was effective
in improving classification accuracy. GCN-based approaches are expected to be particularly ef-
fective for anime illustrations because objects in amine illustrations frequently co-occur as well.
Anime illustrations typically describe complex scenes with many elements, and GCNs can help
us understand the relationships between these objects and improve classification accuracy.

However, classifying images of anime illustrations differs from classifying real-world images
because anime illustrations are artificially produced and typically have distinct characteristics that
may not be found in real-world images. For example, anime illustrations are frequently stylized
and may describe objects or characters with exaggerated or unusual features. These features are
known as attributes, and they can be important for accurately classifying anime illustrations. In
addition to simple objects, it is necessary to consider the attributes of these objects when building
classification methods for anime illustrations. For example, if we are classifying an image of
an anime character, we may need to consider not only the object (e.g., character) but also the
attributes of that object (e.g., hair color and eye shape). To the best of our knowledge, there has
been no research specifically addressing the multi-label attribute classification task [Z1], B8] for
anime illustrations. This is an open area of research that could be useful for applications such as
image search and recommendation systems.

To use GCN-based multi-label classification techniques for anime illustrations to classify at-

tributes, several problems need to be addressed.
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Problem 1: Previous multi-label classification methods for anime illustrations [, Z6] have fo-
cused on capturing the relationships between attributes based on visual information about these
illustrations. These methods typically involve training a classifier to recognize and classify differ-
ent objects and attributes within an image. However, as mentioned above, anime illustrations are
artificially created and frequently include more complex details than real-world images, making
it difficult to accurately capture relationships between attributes using only visual information.
To improve the accuracy of multi-label classification for anime illustrations, it is necessary to
consider additional information or techniques that can better capture the relationships between
attributes.
Problem 2: In previous GCN-based multi-label classification methods [26, 77], labels are typ-
ically treated equally when constructing graphs of co-occurrence relationships between them,
which is reasonable because these labels represent “objects” rather than “attributes.” However,
there is a clear hierarchy between “attributes,” i.e., upper and lower levels of inclusion. In other
words, there are parent and child labels that have semantic relationships of subordination. There-
fore, to improve the ability to capture the relationship between attributes, the hierarchy of at-
tributes cannot be ignored.

In this study, we propose a hierarchical multi-label attribute classification of anime illustrations

with GCNs to solve the above problems with the following considerations.

e To solve problem 1, we need to consider factors beyond visual information when classify-
ing attributes in anime illustrations. One approach that has been proposed is to incorporate
image captioning [50], which provides a more detailed representation of an image by using
semantic information. However, current image-captioning models [34,50] are trained only
on real-world images, which can lead to less accurate classification results when applied to
anime illustrations due to the differences between the two types of images, also known as
a domain-shift problem. To mitigate this issue, we convert real-world images into anime-
style images and pair them with the corresponding real-world image captions. This allows
us to train an image-captioning model on a diverse set of images, including both real-world
images and anime-style images, to make the feature spaces of the two domains more sim-
ilar. In this way, the generation of captions for anime illustrations using only real-world

images becomes feasible.
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e To solve problem 2, we use a recursive regularization framework in the design of the loss
function, as proposed in a previous study [89]. This approach assumes that if two labels
are parent and child in a hierarchy, the classification from these two labels to other labels
should be similar. In other words, a child-label classifier should inherit the characteristics
of a parent-label classifier. Because the general anime illustration dataset excludes a de-
fined attribute hierarchy, we use WordNet [A(] to construct the attribute hierarchy in the
anime illustration dataset based on the logical relationships between words. This allows
us to incorporate the hierarchical structure of the labels into the classification process, and

we can improve the overall accuracy of the model.

In summary, the contribution of this study can be highlighted as follows. First, we propose
a GCN-based model for the multi-label attribute classification of anime illustrations that com-
bines both visual and semantic features (i.e., captioning features) suitable for anime illustrations.
Second, to improve the classification accuracy, we incorporate the regularization term influenced
by label hierarchical relationships into the loss function because attributes in anime illustrations
have hierarchical relationships. Finally, we construct a hierarchical structure of attributes in the
anime illustration dataset based on the defined logical relationships between words, which helps

better reflect the relationships between different attributes in the classification process.

3.3.2 Proposed Method

This section outlines the proposed model for multi-modal multi-label attribute classification
of anime illustrations using GCNs. In B3, we detail the construction of a new captioning
framework for anime illustrations. In B3, we describe the general flow of the GCN-based
classification process. Finally, in B33, we explain the final classification and the loss function

used to train the model. Fig. B3 shows an overview of the proposed model.
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3.3.2.1 New Captioning Framework for Anime Illustrations

In this subsection, we demonstrate the process of generating features that represent the seman-
tic characteristics of anime illustrations.

First, we use an image style transformation model, specifically the white-box cartoonization
model [51], to transform real-world images into animated style images. The white-box car-
toonization model works by using a CNN to analyze input images and to identify features such
as edges, shapes, and textures. These features are then used to generate a cartoon version of these
input images, allowing us to obtain high-quality sets of real-world and animated style images.

Next, we feed the real-world images into a pretrained captioning model [B34] to obtain caption-
ing results. In most cases, the caption of a real-world image can be considered the actual caption
of the corresponding animated style image because the transformation process does not signifi-
cantly alter the content of the image. To reduce the gap between captioning results for animated
style and real-world images, we train the captioning model using both the generated captions of
corresponding real-world images and the animated style images. This process helps resolve the

domain-shift issue, which is further discussed in Section B33.

3.3.2.2 GCN-based Multi-label Attribute Classification

This subsection outlines the general flow of GCN-based multi-label attribute classification.
The model, inspired by a uni-modal version of a prior GCN [27], consists of two main compo-
nents, as depicted in Fig. B3 the semantic attention module and the dynamic GCN module.

In the semantic attention module, we first use a CNN backbone to extract convolutional feature
maps M € RF>*WXD from the input image, where H denotes the height of M, W denotes the
width of M, and D denotes the number of channels of M. Then, we generate a set of category-

RH xWxC

specific activation maps X € using class activation mapping [B5], where C represents

the number of categories. Then, we convert M into a content-aware category representation

H =[h,h,,..., hc]" € RSP using the activation maps X as follows:
H W
h. = Z Z x5 m; g, (3.3.1)
i1 =1

where x{ ; denotes the (i, j)-th weight of c-th activation map X, € R"*", and m; ; € R” denotes
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the (i, j)-th feature vector of the feature map M.

In the dynamic GCN module, we import H sequentially into a static GCN and a dynamic GCN
to obtain different representations of the label relations for specific input image, and also in this
module, the semantic features from the anime illustrations obtained by the captioning model are
introduced.

We first feed H into a single-layer static GCN, defined as V = LReLU(A;HWy,) € REXD
where A i, represents the correlation matrix, and W, represents the state update weights. LReLU (-)
denotes the activation function LeakyReLLU [36], which is a variant of the standard ReLU func-
tion that allows a small amount of negative values to pass through. This is useful for preventing
the model from getting stuck in a state where all the neurons are deactivated, which can occur
with standard ReLL.U. After that, we use the image-captioning model trained for anime illustra-
tions to obtain the captioning matrixes Mc,, € RAXWXD These matrixes are then transformed
into semantic features v¢,, € RP that can be integrated into the multi-label classification model

using a pooling layer. This process is defined as follows:
Veap = P(Meap),  5.t. Meap = cap(M), (3.3.2)

where p(-) denotes the pooling layer, and cap(-) denotes the captioning model from the previous
subsection. To improve the classification performance by incorporating semantic information
from the captions, we combine the output features V from the static GCN with the semantic
features v¢,p obtained from the captioning model. This is achieved by concatenating the two
feature vectors: V = [v1,va,...,vc]T € REP and Veap = [Veaps Veaps - - - » Veapl | € RE*P. The
resulting combined feature is V' = [V, V] € RE2P, which is then input into the dynamic
GCN. The output of the dynamic GCN, denoted as Z € R*?, is calculated using the following

equation:
Z = LReLU(A 4 VWyy), (3.3.3)

where LReLU(-) denotes the LeakyReLU activation function, A4, denotes the dynamic correla-
tion matrix, and Wy, denote the state update weights. Ay is calculated using a conv layer with
weights Wy applied to V’, followed by the sigmoid activation function o(-) as Agy = (W4 V’).

As a result, this GCN flow can capture the relationships between different attributes in images
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while also incorporating textual descriptions of anime illustrations using a captioning model,

which can improve classification accuracy.

3.3.2.3 Final Classification and Loss

In this subsection, we describe the process of the final classification and the calculation of
the loss function. The output of the dynamic GCN, Z = [z1,22,...,2c] ", is used for the final
classification. Specifically, we input each vector z. of the final category representation Z into
a fully connected layer to obtain the predicted scores s for category c. These scores are then
concatenated to form the final score vector s = [s!, s%,...,s¢]. According to previous works

[26-28], the loss function L;(y, s) can be defined as follows:

C
Lo(y.s) = Z Ylog(o(s)) + (1 = y)log(1 - (s)), (3.3.4)

=1
where y € RC represents the ground truth labels for an image, and y¢ = {0, 1} indicates whether
label c is present or absent in the image.

In a general multi-label classification task, it is common to train the entire model using a loss
function L. This loss function is used to measure the difference between the predicted labels and
their corresponding true labels, and it is used to update the parameters of the model to minimize
this difference. However, when classifying the attributes of anime illustrations, it is necessary to
consider the hierarchical relationship among labels. In a hierarchical structure, parent labels are
the upper topics of child labels, and when two labels are relatively close hierarchically, they tend
to have similar parameters due to their hierarchical relationship. For example, in the hierarchical
structure depicted in Fig. B3, the labels hair type and twintails are likely to have similar
parameters because there is an edge connecting them, which means twintails is a child label of
hair type, and it is likely to inherit some of the characteristics of its parent label.

Therefore, we apply recursive regularization over the fully connected layer of the dynamic
GCN, similar to the approach described in [BT]. Specifically, we denote the parameters in the

final fully connected layer for label /. in the hierarchy as w;_, and the set of all such parameters
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as W = {w;_}. We regularize these parameters using the following regularization term:

1 2
AW) = Z Z 3 HWIC —wwll (3.3.9)
le (®
where l(ck) refers to a child of /.. The final loss function .£ is then calculated as follows:
L =Ls+al(W), (3.3.6)

where @ denotes the penalty parameter.
In this way, the hierarchy of attributes ignored in previous studies is considered in the calcu-
lation of the loss function, which can improve the ability to capture the relationships between

attributes.

3.3.3 Experimental Results

In this section, we present experimental results to demonstrate the effectiveness of our pro-
posed method. In B33, we detail the training of our captioning model for anime illustrations.
In B33, we introduce the anime illustration dataset used in the experiment and explain how
we constructed the hierarchical structure for the labels in this dataset. In B-333, we describe the
experimental conditions and introduce the comparison methods and evaluation metrics used in

this experiment. Finally, in B334], we present the experimental results.

3.3.3.1 Training Settings of Captioning Model for Anime Illustrations

To train the captioning model for anime illustrations, we first generated a dataset of animated
style images by applying the image style transformation model to real-world images. To do
this, we used the Flickr8k dataset [52]. The Flickr8k dataset is a dataset of 8000 real-world
images and their associated captions, and it is commonly used for training and evaluating image
captioning models. Each of the images in this dataset has been annotated with five different
captions describing the contents of the image. We imported the images from this dataset into
the image style transformation model [51]] mentioned in III-A to generate their corresponding
animated style images. After that, to train the captioning model, we used the generated animated

style images as input and the captions of their corresponding real-world images as the ground
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Figure 3.3.2: Part of the label hierarchy of anime illustration dataset [I].

truth. The goal was to train the model to accurately generate captions for the generated animated
style images based on the captions provided for the real-world images. Specifically, we followed
a previous study [B4] to train the model. Once the model was trained, we could input an anime
illustration and generate its caption based on the information from the training data. This allowed

us to effectively capture the semantic information of anime illustrations.

3.3.3.2 Anime Illustration Dataset and Construction of Label Hierarchy

In this experiment, we used the Danbooru 2020 dataset [I] to train the multi-label attribute
classification model. The Danbooru 2020 dataset is a comprehensive anime illustration dataset
with over 4.2 million illustrations and 130 million labels. To construct accurate and convincing
hierarchical relations for the labels in this dataset, we used the semantic relations of words de-
fined in a large dictionary, WordNet [60], where words are grouped into a hierarchy defined by
superordinate and subordinate relations. To select labels from the Danbooru 2020 dataset to be
used for classification, we first filtered out the 500 most frequently appearing labels. Because
some of these 500 labels are difficult to classify into a semantic hierarchy, we need to remove
them and use the remaining tags to build the hierarchy. In our experiment, the following labels

are removed.
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e Labels of the title of the work, the name of the character, the name of the illustrator, etc.

(e.g., hatsune miku)

e Labels describing information about the illustration, not the content of the illustration (e.g.,

absurdres)

e Labels describing the art style to which the illustration belongs (e.g., traditional media,

monochrome, sketch)

e Labels describing the character’s facial expression, movement, or pose (e.g., happy, stand-

ing)
e Labels describing the layout of the illustration (e.g., upper body, cowboy shot)

After removing the above labels, the remaining 359 labels were matched with words in Word-
Net [60] to construct the hierarchical relationship. Finally, seven layers of the hierarchical struc-
ture were constructed. Figure B3 shows a part of this hierarchy. As depicted in the figure, the
directly connected parent and child nodes are labels with an inclusive relationship. Next, we ran-
domly selected 25,000 anime illustrations from the dataset containing 359 labels in the hierarchy,

of which 75% were used as the training set and 25% as the validation set.

3.3.3.3 Experimental Conditions, Comparison Methods, and Evaluation Metrics

We used ResNet-101 [[I&] as the backbone of the GCN-based attribute classification model.
The negative slope of the LeakyReLU activation function, which was used in the dynamic GCN
module, was set to 0.2. To improve the generalization of the model, we used data augmentation
techniques on the input images. We randomly cropped the images, resized them to 448 x 448
pixels, and horizontally flipped them, which can artificially increase the size of the training set
by creating new images from the existing ones and help the model learn to be more robust to
variations in the input data. To optimize the model, we used stochastic gradient descent as the
optimizer. We set the momentum decay to 0.9 and the weight decay to 1.0 x 107, The learning
rates for the different modules of the model were initially set at 0.5 for the semantic attention

module and the dynamic GCN module, and 0.05 for the backbone CNN.
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Table 3.3.1: Performance comparison between our model and other image classification models.
We mark the best results as bold.

Method 0)4 OR OF1 CP CR CF1 mAP
Resnet-101 [T6] 61.0 56.5 58.7 60.4 55.2 57.7 60.4
SSGRL [73] 69.0 57.2 62.5 70.2 58.2 63.6 68.6
DAN [21] 64.9 51.0 57.1 66.5 56.8 61.3 64.6
ML-GCN [26] 63.8 60.5 62.1 60.1 54.2 57.0 62.3
ADD-GCN [27] 69.6 64.1 66.7 66.4 60.2 63.1 68.1
P-GCN [28] 69.1 58.9 63.6 72.8 56.4 63.6 70.2
Ours 73.1 66.8 69.8 69.9 59.1 64.0 71.1

To evaluate the effectiveness of the proposed method for multi-label attribute classification of
anime illustrations, we compared it with several other methods. These methods were as follows:
1) ResNet-101 [I6], an extensively used CNN for image classification tasks; 2) DAN [21], a
method that uses CNNss to learn discriminative features for multi-label attribute classification on
real-world images; 3) SSGRL [25]; a method that uses CNNs and a graph propagation mech-
anism to improve multi-label classification performance; 4) ML-GCN [26], a method that uses
GCNs to model the correlations between labels in a multi-label classification task; 5) ADD-
GCN [Z7], a state-of-the-art method that constructs dynamic diagrams to describe label rela-
tionships in images to improve multi-label classification performance; 6) P-GCN [§], another
state-of-the-art method that uses a GCN to improve multi-label classification performance, which
is an extended version of ML-GCN. The proposed method used ResNet-101 as its backbone, and
these methods were trained using similar hyperparameters for a fair comparison. We evaluated
the performance of each method on multi-label attribute classification for anime illustrations and
compared their results with the proposed method to verify its effectiveness.

We adopted the following evaluation metrics from previous studies [Z6-28]: Averages of over-
all precision (OP), recall (OR), and F1 score (OF1); averages of per-class precision (CP), recall
(CR), and F1 score (CF1). Furthermore, we used the average precision (AP) and the mean aver-
age precision (mAP), which are commonly used metrics for multi-label classification tasks [277].
Generally, the average overall F1 (OF1), average per-class F1 (CF1), and mAP are considered
the most important metrics for evaluating performance.

In addition to the main experimental evaluation, we also conducted an ablation study to further
investigate the effectiveness of our proposed method. In the ablation study, we controlled two

key variables as follows:
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Table 3.3.2: Ablation experimental results. In the ablation experiment, we randomly selected 100
anime illustrations with ground truth captions from the Danbooru 2020 dataset and calculated
BLEU score [I4] and mAP.

Captioning model used in the method .

Method Details BLEU [12] Loss function mAP
CM1 . . Ls 64.2
oD Trained for real-word image 44.5 Tot al(W) 671
CM3 . L . Ls 66.8

~—Ours | Trained for anime illustration 55.2 To+ adW) 703

e The captioning model used in the method. We compared our proposed method with
different variations of it, by using different pre-trained captioning models: trained by real-
world images, or trained for anime illustrations. This allowed us to investigate the effect

of the captioning model on the overall performance of the model.

e The regularization term influenced by the label hierarchy. We compared our proposed
method with another method that does not consider the regularization term influenced by
the label hierarchy when calculating the loss function. This allowed us to understand the

effect of the hierarchical structure on the final classification.

Specifically, we used three comparison methods (CM1, CM2, and CM3), and the details are
presented in Table B3, To evaluate the effectiveness of the captioning model, the BLEU score
[T4] was used. The BLEU score is a commonly used measure of the quality of generated captions
in image-captioning tasks, with higher scores indicating better results. To obtain the BLEU
scores, 100 anime illustrations from the Danbooru 2020 dataset were randomly selected and fed
into the captioning models trained on real-world images and the model trained using the method
described in III-A, respectively. This allowed us to compare the performance of the different

methods and evaluate the effectiveness of the captioning model in the proposed method.

3.3.3.4 Experimental Results and Discussions

Table B3 compares the proposed method with other image classification methods. The ex-
perimental results show that our GCN outperforms baseline networks such as ResNet-101 [[Tf],
which create the same latent space as ours. We also discovered that introducing semantic fea-

tures and a label hierarchy to the GCN-based model improves performance compared with the
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state-of-the-art GCN-based methods such as ADD-GCN [27].

In addition, in Table B3, we present the ablation experimental results. Comparing the perfor-
mance of CM1, CM2, and our method, the higher the accuracy of image captioning, the higher
the final classification performance. Furthermore, comparing the performance of CM1, CM3,
and our method, we can confirm that introducing the regularization term influenced by the la-
bel hierarchy when calculating the loss function has a positive effect on the final classification
performance.

We also perform qualitative evaluations to demonstrate the effectiveness of our method. For
the effect of introducing the captioning model on the final classification performance, we demon-
strate some examples in the ablation experiments in Fig. B33. Specifically, to control variables,
we compare the performance of our method with that of CM2 used as a comparison method in
the ablation experiment because both methods differ only in the captioning model used in the
model. In Fig. B33, we present the captioning results generated by the captioning models used
in these methods and the final classification results of the two methods using histograms. As de-
picted in the figure, although the captioning results generated by the captioning model for anime
illustration are not always completely correct, the proposed method still outperforms CM2, in
terms of not only the successful classification of correct labels but also the exclusion of incorrect
labels. We also evaluate the effect of introducing the hierarchical structure on the performance
of the model. Similarly, we adopt CM3, which uses the same captioning model as the proposed
method but does not introduce a hierarchical structure when calculating the loss function, as a
comparison method. In the example presented in Fig. B34, the predicted scores of the labels are
increased after the introduction of the hierarchical structure. Specifically, the label black hair,
which is incorrectly classified as negative by CM3, is correctly classified as positive after intro-
ducing the hierarchical structure because of the increase in the score of long hair, which has a
close relationship with black hair in the hierarchical structure. Therefore, the effectiveness of

our method is verified.
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Figure 3.3.4: An example of the effect of the hierarchical structure on the final classification

in the ablation experiments. Source: Anonymous authors, https://pixabay.con. Licensed
under Creative Commons Attribution 4.0 International (CC BY 4.0). Modified by the author.
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3.3.4 Conclusion

In this study, we developed a GCN-based hierarchical multi-label attribute classification model
for anime illustrations. By introducing semantic features specific to anime illustrations into the
GCN, we could capture the relationships between different attributes and improve classification
accuracy. To generate more accurate image captions for our GCN-based model, we proposed a
trainable framework for the image captioning of anime illustrations. Furthermore, we constructed
a hierarchical structure of attributes in an anime illustration dataset and used this hierarchy to
further capture relationships between attributes. Our experiments demonstrated the effectiveness

and rationality of the proposed method.
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Chapter 4

Adversarial Perturbation Based
Continual Personalization Diffusion
Model for Mitigating Concept
Bleed-through

4.1 Introduction

Recent studies have investigated the use of diffusion models [67] to generate high-quality im-
ages. Text-to-image diffusion models, e.g., the DALL-E [63] and stable diffusion [T9] 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 [64, 65],
super-resolution [bf], and inpainting [67,68]. 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
implementing personalization methods in text-to-image diffusion models, including textural in-
version [[I0], DreamBooth [[Z], and LoRA [22]. In addition to these methods, which are employed
to realize personalization to a single concept, custom diffusion methods [30] learn multiple con-
cepts. These methods enable the creation of images related to a new specific 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 acquisition and lightweight model updates.
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These methods have demonstrated impressive results in generating personalized content; how-
ever, they suffer from a critical limitation when applied to the continual learning context, which
is a common use case for personalized generative models. In continual learning, the models must
learn multiple concepts sequentially over time without previous training data. This paradigm is
essential to reduce computational cost and preserve data privacy because storing and retraining
on previous data may be infeasible. However, existing methods for personalized diffusion mod-
els struggle with catastrophic forgetting, where newly learned concepts overwrite previously ac-
quired 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 [23] and CIDM [24], 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 [23]. As shown in Fig. B, 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 maintaining high-quality personal-
ized image generation remains an open problem. In addition, these structural modifications are
not directly applicable to existing personalization frameworks and frequently introduce addi-
tional model complexity, which limits their practicality in real-world applications. Thus, we
focus on preprocessing the training images.

In the continual learning of diffusion models, handling similar concepts is challenging because
the semantic features contained in images are inherently similar, which makes it difficult to avoid
mapping them to closely positioned features in the latent space. Thus, we consider methods
to manipulate the semantic information of images while preserving their visual information as
much as possible. Inspired by recent advances in adversarial attacks on diffusion models [AY],
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 imperceptible to human observers. These adversarial at-

tacks exploit the vulnerabilities of the diffusion models by modifying the latent representations
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Figure 4.1: Examples of the concept bleed-through problem in the continual learning of person-
alized 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.

of the training data, thereby leading to significant deviations in the generated outputs.

In this chapter, we propose a training method for personalized diffusion models using adversar-
ial perturbation. Specifically, we inject subtle adversarial perturbations into the training images
used to personalize the diffusion model. These perturbations are designed to shift the semantic
representation 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 adopting
this strategy, the proposed method effectively prevents concept bleed-through while preserving
the fidelity and consistency of personalized image generation.

The technical contributions of this study are summarized as follows.

e We introduce a training strategy based on adversarial perturbation for personalized dif-

fusion models, where adversarial perturbations are leveraged to prevent concept bleed-
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through in continual learning scenarios. To the best of our knowledge, this is the first study

to introduce adversarial 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 unintended con-

cept mixing.

The proposed method operates at the data level rather than modifying the structure of the
model, which ensures broad compatibility with existing personalization frameworks while

avoiding additional model complexity.
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4.2 Methodology

In this section, we introduce the proposed method in detail. An overview of the proposed
method is shown in Fig. B2, 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 subection, where we introduce our adversarial perturbation strategy, and our aim is to isolate

the contribution of adversarial perturbation under a simple continual learning framework.

4.2.1 Parameter Modification in Continual LoRA

Inspired by [73], and considering that the current mainstream continuous learning frameworks
for personalized image generation are mostly based on LoRA, we adopt a LoRA-based fine-
tuning method and introduce adversarial perturbations to the training images to shift their se-
mantic representations within the latent space. This ensures 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 considerably more memory-efficient and can be applied sequentially without
increasing the size of the model significantly. Thus, it is well-suited for continual learning sce-
narios where the model updates must be performed iteratively without catastrophic forgetting.

In the continual diffusion setting, we learn N personalization 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 [30], we modify a small subset of parameters in the
stable diffusion model [1Y], specifically 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 Q and parameterize the weight updates

WKV e RP1*D2 of the key features K and the value features V using LoRA [22]:
wkV = W[f’v + AK,VBK,V

t
ZAKVBKV

r=1

- WKV 4 tKVBtK,V’

it

4.1

where Af(’v € RP™ and BZK’V € R™P2 correspond to the key and value projection matrices at
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time step ¢, which encode the learned concept information. Note that r is a low-rank hyperpa-
rameter, and D, and D, denote the input and output dimensions of the key and value projection
matrices in the cross-attention layers, respectively. Furthermore, Wilrf;.:/ is the inital values from

the pre-trained model. The above approach allows for efficient parameter adaptation while main-

taining previous knowledge.

4.2.2 Self-regularization

To mitigate catastrophic forgetting and preserve the previously learned concepts in person-
alized generative models, we introduce a self-regularization loss that constrains the parameter
updates. This regularization term shown in the following equation ensures that updates affecting

new concepts do not interfere destructively with the existing knowledge:

Ltorger = | o AKNVBEYI2 (4.2)

t—1
t'=1

where O represents element-wise multiplication, and || - ||% denotes the squared Frobenius norm.
This self-regularization loss penalizes overlapping activations between the previously learned
(¢') and the newly introduced () concepts in the latent space, which effectively reduces semantic
interference.

By integrating the self-regularization into the training objective, 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 personalization task ¢, we mini-
mize the following total loss:

min Lgig(i, 0) + ALorget 4.3)
wEVeg

t

where i is the input training data of the new concept, Lgig is the loss function for the stable

diffusion model 8 [T9], and A is a hyperparameter selected with a simple exponential sweep.
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4.2.3 Training on Images with Adversarial Perturbations

The self-regularization enhances the model’s ability to resist catastrophic forgetting, ensuring
that previously learned concepts in the learning sequence are retained; however, it does not ef-
fectively mitigate the adverse interactions between different concepts, particularly in cases where
semantically similar concepts are introduced sequentially. As mentioned in the introduction, ex-
isting continual learning methods for generative models, e.g., C-LoRA and STAMINA, primarily
focus on mitigating forgetting but do not explicitly address concept interference. To overcome
this limitation, we introduce adversarial perturbations to the training 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 divergence between representations in the latent space by targeting directions of high sensi-
tivity in the model’s gradient. Specifically, the optimization encourages the perturbed inputs to
move away from the existing concept’s latent features, thereby enforcing semantic separation.
Mathematically, this aligns with maximizing the cosine distance, akin to contrastive representa-
tion learning.

Inspired by previous studies [6Y], for an image x;, we optimize the perturbation ¢ using targeted

PGD [[0]:

=%
Il

. r
arg min Lg(x;, 6, x")
lloll<e

in |6 - Ex, + 0|7, 4.4
arg”rgl}glell (4" - &x +0); 4.4)

where € is the perturbation budget, & and xf " are the encoder of the diffusion model and the given
target image for x;, respectively. Note that the selection of 1" 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 xfr from a pool of images that are semantically dis-
similar to xi, x,..., x;-1, based on their precomputed latent representations. This ensures that the
perturbation ¢ shifts the latent encoding of x, away from the region associated with x1, x2, ..., X;—1.
As aresult, we promote better separability between the learned concepts by encouraging the fea-
tures of different concepts to occupy distinct and distant regions of the latent space.

By minimizing the loss Lg in Eq. (E4), the perturbed image x; + ¢ is embedded into the latent
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space aligned with the target image, which effectively enforces a shift in the semantic represen-
tation. This adjustment prevents undesired overlaps between the newly learned concepts and the
previously stored knowledge. By constraining the perturbation budget € during optimization, the
perturbation is kept below a certain threshold, preventing degradation in image quality or unin-
tended changes in image semantics. Consequently, the proposed method significantly reduces
the risk of concept interference, which ensures that the personalized concepts remain distinct
over time. The proposed method is novel because we explicitly manipulate the latent space via
adversarial 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 [, 23]. Here, we define N personalized tokens Vi, V7, ..., Vy, 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 simul-
taneously. This tokenization 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 guidance using the
target image. Therefore, it does not compromise the model’s original ability to generate the

concepts present in the target image.

4.3 Experiments

4.3.1 Main Experimental Settings

To evaluate the effectiveness of the proposed adversarial perturbation-based training strategy,
we performed experiments on personalized diffusion models under a continual learning setting.
Here, the goal was to assess whether the proposed method mitigates concept bleed-through while
maintaining high-quality continual personalized image generation. The quantity and content of
the experiments followed those of [3] and [24].

Implementation Details: Following previous studies that utilized existing methods [273,30], we
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DreamBooth ED-LoRA C-LoRA Ours
Prompt: A photo of V*

Ny

DreamBooth ED-LoRA C-LoRA

(Learning sequence: V * -V,*) Prompt: A photo of V,*

Figure 4.3: Qualitative results of experiments. All compared methods were affected by concept
bleed-through in the learning sequence when dealing with both the nearby concepts (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.

used stable diffusion v1.5 [T9] as the backbone. In addition, we utilized the prompt “ a photo
of a Vx,” where Vx 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 sufficiently. During
the training process, the learning rate was 2 x 107, 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. During the optimization process, we experimentally set the sampling 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 [[Z], which comprises 30 distinct concept classes, each containing 5-6 images. Addition-
ally, we also adopted the CustomConcept101 dataset [30], which comprises 101 distinct concept
classes, each containing 3—15 images. These dataset are commonly used to train personalized
diffusion models. Also, to optimize the adversarial perturbation, we employed target images
sampled from ImageNet dataset [T5]. Compared methods: The proposed method was com-
pared with the following personalization methods for generative diffusion models: 1) Textual
inversion [IU0], DreamBooth [[Z], InstantBooth [?Y]: baseline personalization methods for single

concept; 2) Custom Diffusion [B0], ED-LoRA [BT]: mechanisms for training models that can
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Table 4.1: Comparison of MMD and CLIP scores across different methods.

Method Apma(l) Fuma(l) 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

generate multiple concepts simultaneously; 3) C-LoRA [3], STAMINA [], CIDM [24]: SOTA
of continual learning methods for personalized diffusion models.

Evaluation metrics: To assess the effectiveness of the proposed method, we employed eval-
uation 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 [[Z1]] and CLIP score [IX] to evaluate the performance of the
methods. Here, we defined A4 as the average MMD score (x10%) across all concepts after
completing the entire training sequence, and F,,,,; measured the average increase of MMD score
for the previously learned concepts after learning subsequent concepts, quantifying the degree of

forgetting.
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Table 4.2: Performance of our method on different target images for the perturbation optimization

of chair. “-” means we do not adopt any perturbation to the training images.
Target Image Category | Similarity with V1] Similarity with V2| |Apmg | Fruma | CLIP T
- - - 312 0.51 0.76
vase 0.814 0.701 282 041 0.81
dog 0.187 0.325 192 025 0.85
airplane 0.523 0.544 196 028 084
bread 0.236 0.297 191 026 0.86
microwave 0.692 0.610 194 030 0.84

4.3.2 Experimental Results

Table BTl shows the quantitative results for each evaluated method. Note that all results are
averaged over 100 different multiconcept learning patterns, where each pattern contains two se-
quentially learned personalization tasks. As can be seen, the proposed method achieved the
highest CLIP score and the lowest A,,,s, demonstrating improved concept preservation and
better alignment with textual prompts. In addition, in terms of the F,, ; results, the proposed
method also performed well relative to preventing forgetting (note that textual inversion [[IU] has
no forgetting because its backbone is completely frozen). These results 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 mentioning that our method exhibited significant
results when applied to C-LoRA, STAMINA, and CIDM, proving that the proposed method
is widely compatible with existing personalization frameworks. Figure shows a qualitative
comparison 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 align-

ment, particularly in challenging generation tasks.
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Table 4.3: Comparation between selective forgetting methods and ours method.

Method Chair CLIP Score T Table 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

4.3.3 Additional Experiments

In addition to the main experiments, we designed a series of additional experiments to further
validate the effectiveness of the proposed method. Here, if not specifically stated, the experimen-
tal settings followed the main experiment. If not mentioned, we only applied our method to [24]
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 per-
sonalized image generation is the increasing risk of concept bleed-through as more concepts are
introduced. To evaluate this, we followed the setup commonly seen in DreamBooth studies [[Z],
where up to ten concepts are trained 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. B4. As can be seen, without appropriate mitigation strategies, concept interfer-
ence becomes more pronounced as the number of concepts increases, leading to a degradation in
the image generation quality. By integrating our adversarial perturbation strategy, we observed a
significant improvement in terms of concept separation. Specifically, the images generated after
learning all 10 concepts exhibited reduced semantic drift compared with the baseline methods
without adversarial perturbations.

Categories of Target Images. The selection of the target image categories for adversarial pertur-
bation optimization plays a crucial role in determining the effectiveness of the proposed method.
Thus, we investigated different target image categories sampled from ImageNet, including im-
ages 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 em-
ployed learning sequence (table — chair) that was utilized in the main experiment. Specifically,
we fixed the learning sequence to table — chair, and only inject perturbation to the training

images for chair. Figure B3 shows the generation outcomes when training images for chair
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are paired with target images from five different categories: vase, dog, airplane, bread, and
microwave in the perturbation optimization. We also measured the cosine similarity between the
generated image and both the table (V1) and chair (V2) embeddings.

Qualitative results (Fig. B3) indicate that pairing chair with highly dissimilar targets (e.g., dog,
bread) yields clearer and more separable visual representations. Conversely, semantically closer
pairs (e.g., vase, microwave) show subtle feature blending. These results align with the quantita-
tive findings in Table B71. These results further validate the principle that semantic dissimilarity

between training and target images promotes stronger adversarial-induced latent separation.

4.3.4 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 interference between concepts), their application
scenarios and underlying philosophies differ significantly from our proposed method. Selective
forgetting methods are typically designed to intentionally erase previously learned concepts be-
fore introducing a new one. This strategy is effective for avoiding interference but comes at the
cost of losing the model’s ability to generate forgotten concepts. In contrast, our method does not
require any forgetting steps and instead prevents concept bleed-through proactively during train-
ing. This allows the model to maintain the ability to generate all previously learned concepts,
offering better flexibility and generalization in continual learning settings.

Despite these decisive differences, we still conducted additional comparative experiments
against a representative forgetting-based method: Selective Amnesia (SA) [[/2]. Following the
training sequence shown in Fig. B8 of our main manuscript (“table — chair”), we compared the
quality of generation of chair after continual training. We use C-LoRA as the baseline method.
In the case of Selective Amnesia, the model is explicitly fine-tuned to forget the concept of rable
before learning chair, whereas our method integrates adversarial perturbations to preserve sepa-
ration without forgetting. Table B3 shows the CLIP similarity scores between generated images
and their corresponding text prompts.

The results indicate that both methods achieve comparable performance on the new concept

(chair). However, our method is able to retain the model’s ability to generate the previous concept
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(table). This demonstrates that our method achieves a similar level of interference mitigation

without sacrificing the knowledge of learned concepts.

4.4 Conclusion

This study has proposed an adversarial perturbation-based training strategy to mitigate the
concept bleed-through issue in personalized generative models. By injecting a carefully de-
signed 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 demon-
strated 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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Chapter 5

Latent Representation-based
Copyright Protection Methods for
Artificially Created Works Using

Adversarial Perturbation

5.1 Introduction

Recently, diffusion models [62] have been the focus of active research due to their ability
to generate high-quality images. Text-to-image diffusion models, such as DALL-E 2 [63] and
Stable Diffusion [19], have become the dominant approach in text-to-image generation. These
models are used not only for generating images from arbitrary text but also for various tasks such
as image editing [b4, bS], super-resolution [B6], inpainting [67, bR], and other related applica-
tions. Despite the extensive training of diffusion models, they may struggle to generate unique
or personalized concepts that are absent from large-scale training datasets, such as specific faces
or personalized styles. To address this, there has been a growing trend toward developing per-
sonalization techniques in text-to-image diffusion models, such as Textual Inversion [I0] and
DreamBooth [[]. These approaches allow for the creation of images related to a new, specific
concept (object/style) using only a few reference examples. The learning process is highly effi-
cient, as it requires modifying only a small portion of the weights in the diffusion model pipeline,
enabling rapid concept acquisition and lightweight model updates.

Although research on personalized diffusion models is rapidly advancing, their security is a
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critical issue that should not be overlooked. For example, similar to studies [[73] on general text-
to-image diffusion models, researchers have exposed vulnerability in personalized text-to-image
diffusion models, making them susceptible to simple backdoor attacks [[74]. By introducing
mismatched text—image pairs during the pretraining process, attacker-defined triggers can be
easily embedded into the model, leading to incorrect image generation for the given concept.
These attack methods assume that the attacker can directly modify the denoising diffusion steps
and upload pretrained models to third-party platforms, demonstrating strong attack performance
in scenarios where users rely on pretrained models from such platforms. However, The risk of
using pretrained models from third-party platforms is increasing because, unlike official models,
unspecified users are often involved in the pretraining process.. In other words, while users can
choose to avoid models from third-party platforms, the typical scenario of previous backdoor
attacks become less practical in the context of personalized diffusion models.

A more effective type of attack in common scenarios using adversarial examples with im-
perceptible perturbations to disturb diffusion models’ ability to generate proper image. This
approach is model-agnostic, as it only modifies the input image, making it highly practical and
generalizable. The attacker simply needs to upload a certain number of concept-specific adver-
sarial examples to a public web platform. If a user collects training data from that platform to
train a personalized text-to-image generation model and unknowingly includes the adversarial
examples, then the attack can be executed. Recent methods for constructing adversarial ex-
amples targeting diffusion models have been proposed, demonstrating their effectiveness [3-f].
However, these methods only reduce the quality of the generated images and do not effectively
prevent the diffusion model from learning the semantic information of the input images. While
images generated using adversarial examples as input may exhibit low quality and significant
noise, the underlying semantic information remains largely intact. This creates the potential
for restoring noisy generated images to high-quality ones through image restoration or denois-
ing techniques. Therefore, beyond simply degrading image quality, manipulating the semantic

content of the generated images is crucial.
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In this study, we constructed a semantic manipulation-based targeted adversarial attack for
personalized text-to-image diffusion models (SeMTAD). We designed a perturbation generation
algorithm that optimized adversarial attacks, accompanied by a novel loss function. This loss
function ensures that adversarial examples are encoded as incorrect semantic representations,
disrupting the diffusion model’s encoder from accurately capturing the semantic information
within an image. To achieve precise manipulation of semantic content, we employ a semantic
segmentation technique [[79] to selectively target specific areas in the image where content we
modification is intended. Moreover, our adversarial examples effectively push the distribution of
the generated model’s outputs far away from the distribution of real data, thereby impairing the
model’s ability to generate high-quality and realistic images. As a result, the generated images
exhibit reduced quality, and their semantic information can be manipulated. As shown in Fig. B,
compared to previous methods, our method provides a more powerful way to attack personalized
text-to-image diffusion models without concerns about the restoration of the degraded images.

The technical contributions of this study are as follows.

e Recognizing the limitations of traditional backdoor attacks for personalized diffusion mod-
els, we focus on adversarial attacks and introduce a novel approach that manipulates se-

mantic information to construct adversarial examples for text-to-image diffusion models.

e We propose a perturbation generation algorithm that optimizes adversarial attacks, result-

ing in a significant semantic mismatch between the generated and input images.

e To enhance the accuracy of semantic manipulation, we utilize semantic segmentation to

pinpoint and modify specific areas of the image content.

e Extensive experiments strongly demonstrate that SeMTAD effectively prevents ersonal-
ized diffusion models from learning the semantic information of input images, with strong

generalization across various mainstream personalization techniques.
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5.2 Preliminary

This section introduces diffusion models [67] and their working principles to clarify the prob-
lem and provide insights into the SeMTAD. In addition, we identified the threat model in our

study.

5.2.1 Threat Model

Attack scenario. Training a text-to-image model from scratch is computationally expensive, so
users often prefer personalization techniques that allow them to fine-tune a pre-trained model
with just a few images. Targeting this, an attacker generates adversarial examples and uploads
them to the Web. When users collect images for training from the Web, they risk unknowingly
including these tampered adversarial examples. If the training data contain such examples, then
the personalized model will produce low-quality images when users attempt to generate specific
concepts. Moreover, the semantic content in the generated images will be altered to reflect the
incorrect information embedded by the attacker. An overview of our attack scenario is shown in
Fig. B2

Attacker’s capability. In this study, we assume that the attacker can inject adversarial examples
into the personalized model’s training dataset without having access to any other part of the model
pipeline. Notably, unlike backdoor attacks on personalized text-to-image diffusion models, our
approach does not require privileged access to the model’s training and deployment stages. Be-
cause users often collect images from the Web for the personalization process, our assumption
aligns with real-world conditions, making this attack feasible for typical Internet users.
Attacker’s goal. By introducing adversarial examples into the training data of a personalized
text-to-image diffusion model, the attacker seeks to cause the model to misbehave, i.e., generating

low-quality images with incorrect semantic content.

5.2.2 Diffusion Process

Diffusion models employ a stochastic differential process known as the diffusion process.
Starting with a sample xg ~ ¢(-), the diffusion process incrementally adds noise to generate

samples xi, ..., x7 for T steps, where ¢(-) represents the distribution of real data, x;+; = x; + &
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(¢ is sampled uniformly over the T time steps), and &; is sampled from the Gaussian distribution.
As a result, the sample x7 starts to follow a standard normal distribution N(0,7) when 7" — co.
Note that I is the identity matrix. If we can reverse this process and sample x; from x;,;, new
samples from ¢(-) can be generated. This is achieved by simply starting from x7 ~ N(0,I) and
iteratively denoising the samples for the T steps to produce a new image.

In other words, a denoising model &g that predicts noise &, added to x; at each time step ¢ given
X;+1 18 required, where 6 denotes the model parameter. Consequently, the denoising model &g is

trained to minimize the following loss function:
Lpm(x,0) = Erenion |lle — g9(xi, D5 |5 (5.1

Eq. () is the core function of diffusion models; accordingly, our goal in adversarial attacks

is to disrupt this process, thereby reducing the generated image quality.

5.2.3 Prompt-guided Sampling in Diffusion Models

By default, diffusion models generate random samples from the distribution of the training data
xo ~ q(-). However, guiding the sampling process using natural language is feasible. For exam-
ple, in latent diffusion models [T9], which have demonstrated strong performance, the approach
involves combining the latent representation of an input image, obtained through an encoder &,
with the embedding of user-defined text prompts. This allows the diffusion model to link the
semantic information of the input image with specific text prompts, imparting control over the
generated image. Therefore, perturbation becomes key in enabling adversarial attacks that target

the semantic content of the generated image.

5.3 Methodology

In this section, we present the perturbation generation algorithm of SeMTAD. First, we out-
line the implementation of adversarial attacks on diffusion models (B3). Next, we explain how
SeMTAD incorporates semantic information into the attack (537%). Finally, we provide the for-
mulation of the loss function used to optimize SeMTAD (BE33). An overview of SeMTAD is

shown in Fig. B3.
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5.3.1 Adversarial Attack for Diffusion Models

Several previous studies on adversarial attacks have shown promising results [76,[77]. How-
ever, most of these studies focused on image classification models, with relatively little research
on adversarial attacks for generative models. Unlike image classification task, where the model
learns to map images to categories, generative tasks involve learning to generate new images
based on training data. Owing to the absence of explicit input—output pairs, such as image—
category mappings, training a generative model by directly correcting its output based on the
input is not feasible. Nevertheless, we aim to leverage the properties of generative tasks to define
adversarial attacks specifically for them.

A generative model learns from real data x ~ g(-) and estimates a distribution pg(x) where it
can sample generated data. To address the aforementioned lack of explicit data pairs, an intuitive
idea to train a generative model is to maximize py(x) for real data x ~ g(-) [I'Z,7R].

However, pg(x) is difficult to directly optimize without applying a transformation. To over-
come this, researchers have introduced a variational bound, represented by the following in-
equality:

Po(x,2)
q(zlx)

log pg(x) < —log (5.2)

As state-of-the-art generative models, diffusion models follow this idea while constructing a
series of latent variables x;.7 by Markov chain g(x1.7|xg). The reverse Markov chain pgy(xo.7) is
then used to revert the latent variables to the data xp, and pg(x) is optimized with the following
variational bound of py:

po(xor)

= . 5.3
q(x1.7|x0) Low ©-3)

log pg(x) < —log

This formula is equivalent to the loss function used to train the diffusion models.

We now consider adversarial attacks on diffusion models. As mentioned above, a common
approach for training generative models is to maximize pg(x). Therefore, a similar idea is that
if we provide an image x* = x + ¢ with a small perturbation § such that py(x’) is minimized
as much as possible, the generated images sampled from py(x”") will deviate significantly from

real data. In other words, the generative model trained on x” will produce unrealistic and low-
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quality images. On the basis of this idea, we define adversarial examples for a diffusion model

parameterized by 6.
Definition: Given a diffusion model parameterized by 6 and the distribution of real data g(-), an
adversarial example x’ is formulated by x" = x + 6. ¢ is given as follows:

5= i 5), 5.4
arg ﬁsrﬁléle”G(“ ) (5.4)

where x ~ ¢(-), and constant € means the perturbation budget and is usually small.

To calculate pg in diffusion models, we expand pg(x) over the latent variable x;.7 as follows:

po(x) = fpé)(xO:T)dxlzT- (5.5)

By minimizing py(xo.r) with different sampling processes of xj.r, we are approximately min-

/

imizing pg(x). Let u(x].,) denotes the distribution of x{.;,, and Eq. (54) can be rewritten as

follows:

6 :=arg ngﬁigneExi;rN”()‘i;r)p"(XO:T)' (5.6)

A notable property of diffusion models is that the posterior distribution g(x].,|x;) is Gaussian.
The parameters of this distribution are fixed and entirely independent of x;. Therefore, this
distribution remains invariant during the optimization of adversarial examples, allowing us to

rewrite Eq. (B26) as follows:

min By, ) Po(X.r)

= m(?x Ex’l:T~u(x’l:T) - lOg p()(x(,);]‘)
pG(x,O:T)
= max Exl U] p) W
q\Xy.71%
= max Ev ~ux yLom(x',0). (5.7)

Eq. (80) includes the loss function Lpy(x’, 8) as defined in Eq. (Bl); however, the optimization
variables in Eqs. (Bl) and (B7) are different. Specifically, when training diffusion models,
the optimization variable is the model parameter 6. In contrast, when generating adversarial

examples, the optimization variable is the perturbation ¢ added to the images. Further, by using

88



Eq. (BT), we can rewrite the loss function in the following form:

L'DM = Ez,a~N(o,1)Ex;~u(x;) ||s — &p(x], t)“i] . (5.8)

By maximizing this loss function, we can generate adversarial examples that cause diffusion

models trained on them to produce unrealistic and low-quality images.

5.3.2 Adversarial Attack Manipulating Semantic Information

The adversarial attack definition for diffusion models in subsection 8371 emphasizes the goal
of distancing generated images from real images. However, personalized text-to-image diffusion
models, which learn the semantic information of images and associate them with specific text
prompts, remain difficult to significantly perturb. As mentioned in subsection 5273, we shift our
focus to the encoding layer widely used in text-to-image diffusion models.

Using an image encoder &, text-to-image diffusion models first encode input images into latent
vector representations, which are then combined with text prompt embeddings to generate new
images [19]. To execute an adversarial attack, we disrupt this process by forcing the encoder to
map the input images to incorrect representations. To more accurately manipulate the semantic
information in the image, we employ a semantic segmentation method [[75] to create masks for
the corresponding semantic parts of both the input and target images, and then extract the image
features after masking. Specifically, we solve the following optimization problem using the
projected gradient descent [[70]:

0:= i ,0,
arg Igl}lgneiza(x xpr)

= arg min [[6(S(x)) - ESCx+ ][ (5.9)

where S represents the semantic segmentation mask, and x,, is the target image specified by
the user, making the attack controllable. In principle, x,; should be semantically distant from
x. According to Eq. (B9) by minimizing the loss Lg, the encoder is unable to capture the
correct latent representation of the input image. As a result, the subsequent combination with text
prompts will be disturbed, causing the generated image to fail in reflecting the correct semantic

information.
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5.3.3 Final Loss

We combine the losses £}, and Lg to formulate the final loss function £. Specifically, we

merge the two loss functions to create the following loss:

L=aLg - Lpy
=2[[E(S 0 - ESx + )5

= Ereono.) By [Hs — go(x], t)||§] : (5.10)

where A denotes the weight of Lg. By minimizing the combined loss £, we generate adversarial
examples that cause diffusion models trained on these examples to produce unrealistic and low-
quality images, with a significant discrepancy between the semantic information of the generated

and input images.

5.4 Experiments
5.4.1 Experimental Settings

Attack settings: We used Stable Diffusion 1.5 [19] as the backbone for our experiments. We
fixed [-norm as the constraint for obtaining all adversarial examples. During the training, we
set the sampling step, total perturbation budget, and batch size to 40, 16/255, and 4, respectively
—consistent with previous studies [4,5]. For the semantic segmentation in SeMTAD, we adopted
the Segment Anything Model 2 (SAM 2) [[75], which is one of the most effective and widely used
models today.

To evaluate the effectiveness of our adversarial attack on personalized diffusion models, we
targeted DreamBooth [[Z] and Textual Inversion [[[0], two of the most popular and powerful per-
sonalized text-to-image diffusion models, as the attack targets in our experiments. Specifically,
DreamBooth and Textual Inversion fine-tune a pretrained text-to-image diffusion model, allowing
specific object features to be associated with a given prompt ([V]), thereby enabling the genera-
tion of entirely new images containing those specific features. Similar to previous experiments,
we also used Stable Diffusion [[1Y] as the pre-trained generator. During our experiments, we re-
trained both the U-Net and the text encoder, setting the learning rate to 2 x 10~ and performing

100 training steps for each image.
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Comparison methods: We selected three state-of-the-art attack methods for diffusion models to

compare with SeMTAD.

e Glaze [3], a method primarily used to prevent diffusion models from learning specific
artists’ styles. It uses style transformation tools to disrupt image features, after which

subtle perturbations are optimized and added to the original image to execute the attack.

e AdvDM [4], a method we mimicked to calculate the loss function £},  in subsection
B3 The main distinction between this method and SeMTAD lies in whether the semantic

information of the generated images is manipulated.

e Anti-DreamBooth [5], a method specialized for attacking DreamBooth. It works by at-
tacking the learning process of DreamBooth and forcing it to perform worse in recon-
structing clean images. Because it is designed specifically for attacking DreamBooth, for
fairness, we only compared AdvDM [4] and Glaze [3] in the experiments with Textual

Inversion.

In addition, for some of the related methods whose source code has not yet been made public
[6], we plan to experiment with them as comparison methods once their source code become
publicly available.

Datasets: Following previous studies [4, fl], we selected the following datasets with category
annotations:

LSUN [R8], a dataset that contains approximately one million labeled images across 20 object
categories (e.g., cat, airplane, and person), ImageNet [15], a large-scale image ontology built
upon the WordNet structure, and UECFoodPix [9], a dataset comprising approximately 10,000
labeled food images for each of 103 categories (e.g., rice, pizza, and croissant).

In our experiments, we randomly selected 1,000 images each from LSUN-cat, ImageNet-cat,
and UECFoodPix-croissant, respectively. The images were divided into groups of five. We
first fine-tuned the diffusion model using DreamBooth on the images in each group and then
conditionally generated 50 images, resulting in a total of 10,000 generated images per dataset.
Specifically, the training instance and prior prompts were respectively “a photo of [V] animal”
and “ a photo of animal” when using ImageNet-cat/LSUN-cat and ““a photo of [V] food” and “a

photo of food” for UECFoodPix-croissant. By default, all images were resized to 256 x 256.
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This generation process was performed for both clean images and adversarial examples. To cre-
ate adversarial examples for ImageNet-cat/LSUN-cat and UECFoodPix-croissant, we randomly
selected images from LSUN-airplane and LSUN-person, respectively, as the target images men-
tioned in subsection B3, increasing the semantic distance between the input and target images.
In addition, to verify the generalization of SeMTAD, we replaced DreamBooth with Textual
Inversion and repreated the same process.

Evaluation metrics: Following previous studies [8], we evaluated the quality of the generated
images using two metrics: Fréchet Inception Distance (FID) [[/9, 80], Precision (Prec.) [RT], and
Attack Success Rate (ASR).

FID is a metric for evaluating the quality of generated images and was introduced as an im-
provement over the Inception Score [82,K3]. A higher FID indicates that the generated images
are more distant from the real images, meaning that, in our attack scenario, a higher FID corre-
sponds to a more successful attack. In particular, although the metric Prec. is more commonly
used for evaluating classification methods, it can also be applied to analyze the effectiveness of
generative models from a distributional perspective. Researchers introduced the classic concepts
of precision and recall to evaluate generative models, addressing the limitation that FID and
related density metrics do not adequately capture these aspects [B1]. A low FID may indicate
either high precision (realistic images) or high recall (diverse images). Precision measures the
fraction of generated images that are realistic, while recall quantifies the fraction of the train-
ing data manifold covered by the generator. Both are computed as expectations of binary set
membership across distributions, specifically by measuring the probability that an image drawn
from one distribution is classified as belonging to the support of another. Specifically, we denote
the distribution of the real images with P, and the distribution of the generated images with P,.
Precision is definded as the probability that a random image from P, falls within the support
of P,, while recall is the probability that a random image from P, falls within the support of
P,. Because SeMTAD is designed to attack few-shot personalized text-to-image models, recall,
which measures the diversity similarity between the generated and real images, is less relevant
in our context. Therefore, in the experiments validating the effectiveness of SeMTAD, we used

only precision as the evaluation metric.
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Table 5.3: Results of ablation studies on different category pairs. We set the number of adversarial
examples in the training data to 5. The attack target is DreamBooth [[Z].

Category FID (T) Prec. (}) ASR (T)
cat (no attack) 23.78 0.579 0.000
cat—airplane 189.12 0.073 0.962
cat—dog 198.23 0.069 0.984
car (no attack) 21.56 0.623 0.000
car—airplane 168.24 0.081 0.926
car—dog 171.98 0.074 0.955

Moreover, because SeMTAD manipulates the semantic content of the generated images, we
Iso incorporate the ASR [[74]. To calculate ASR, we first generated Ng images using the attacked
model, then classified these images using CLIP [IX]. The ASR is computed as ASR = (Ng —
Np)/Ng, where Np represents the number of images classified as resembling the original image.

A higher ASR indicates a more effective adversarial attack.

5.4.2 Experimental Results

Herein, we present the quantitative evaluation results in Tables BT and B2, As shown in the
tables, SeMTAD outperforms the comparison methods, achieving significantly higher FID and
lower Prec. on both datasets compared to other personalized text-to-image generation methods.
In addition, a comparison between SeMTAD with AdvDM [4] reveals that incorporating seman-
tic information enhances attack performance. Figure B4 and B3 shows the qualitative evaluation
results, where images generated by the diffusion model trained with our adversarial examples ex-
ihibit not only of poor quality (blurred and containing significant noise) but also altered semantic
content, like the adversarial examples themselves. In contrast, other methods fail to achieve this

semantic shift, indicating that SeMTAD demonstrates superior attack performance.

5.4.3 Effectiveness Evaluation

In addition to the primary experiments, we conducted a series of supplementary experiments
to further validate the effectiveness of SeMTAD. Unless otherwise specified, the experimental

settings remain consistent with those used in the main experiments.
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Table 5.4: Results of the ablation studies on different category pairs. We set the number of
adversarial examples included in the training data to 5. The target of the attack is Textual Inver-

sion [[I].
Category FID (1) Prec. (]) ASR (T)
cat (no attack) 25.69 0.531 0.000
cat—airplane 198.77 0.061 0.975
cat—dog 210.54 0.051 0.991
car (no attack) 23.61 0.584 0.000
car—airplane 174.39 0.078 0.933
car—dog 183.76 0.074 0.964

5.4.3.1 Ablation Studies

In the ablation studies, we manipulated the key variables as follows:
The number of adversarial examples included in the training data for diffusion models.
Because, in our attack scenario, the number of adversarial examples ultimately incorporated into
the training data for diffusion models is uncertain. To address this, we conducted ablation studies
by varying the number of adversarial examples in the training data to validate the effectiveness
of our attack under different conditions. Specifically, following previous studies [[Z, [[4], we
experimented on LSUN-cat, using 5 trainning images and varying the number of adversarial
examples from O to 5. The target images were drawn from the LSUN-airplane. The results
are shown in Fig. 8. Evidently, when two or more training images are adversarial examples,
a significant improvement in attack performance is observed. Figure BE77 provides an example
from this experiment, demonstrating that not all training images need to be adversarial. In other
words, even a small number of adversarial examples mixed into the training data can be highly

effective.
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Figure 5.4: Attack results against DreamBooth [[Z]. We compared the images generated by SeM-
TAD and the benchmark methods on two datasets, LSUN-cat [8] and UECFoodPix-croissant [9].
SeMTAD successfully altered the content of the images, transforming a cat into an airplane and
a croissant into person, respectively.
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Figure 5.5: Attack results against Textual Inversion [TU]. We compared the images generated
by SeMTAD and the benchmark methods on two datasets, LSUN-cat [R] and UECFoodPix-
croissant [G]. SeMTAD successfully altered the content of the images, transforming a cat into an
airplane and a croissant into person, respectively.
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Figure 5.6: Results of ablation studies on LUSN-cat [B] with respect to changing the number of

adversarial examples included in training data.
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Training images Generated images

Figure 5.8: Examples of ablation studies on category pair cat—dog and car—airplane. All train-
ing images are adversarial examples. The attack target is DreamBooth [[7].

Categories of Target Images. Bceuase the choice of target images significantly influences the
performance of SeMTAD, we selected four pairs of categories of input and target image cate-
gories for experiments on LSUN: cat—airplane, cat—dog, car—airplane, and car—dog (where
the input image category is on the left side of the arrow, and the attacker-determined target cate-
gory is on the right). The number of adversarial examples in the training data was set to 5. The
results, shown in Table B3 and B4, demonstrate that the ASRs across different category pairs are
consistently close to 1, highlighting the exceptional performance of SeMTAD. Figure B pro-
vides examples from the experiment, showing that SeMTAD achieves strong attack performance
across various category pairs.

Perturbation Budget. Because the perturbation budget is a crucial parameter for generating ad-
versarial examples, we investigated its impact on the quality of the adversarial example produced
by SeMTAD. In this experiment, the perturbation budget € was varied from 2/255 to 32/255. Ta-
bles B3 and B show the results. We observe that even with a small perturbation budget (8/255),
SeMTAD is able to significantly degrade the quality of images generated by both DreamBooth

and Textual Inversion, without excessively compromising the quality of the original images.
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Table 5.7: Results of ablation studies on ImageNet-cat [I5] with and without incorporating se-
mantic segmentation (SAM?2) into SeMTAD. The attack target is DreamBooth [[Z].

Method FID (1) Prec. (1) ASR (1)
SeMTAD (w/ SAM2) 192.56 0.104 0.943
SeMTAD (w/o SAM2) 184.31 0.139 0.924

Utilization of Semantic Segmentation. To assess whether incorporating semantic segmentation
improves the effectiveness of the attack, we conducted an ablation study by removing the seman-
tic segmentation component from SeMTAD’s perturbation optimization algorithm and directly
extracting the representation of the whole image. Table B2 shows the results for the ImageNet-
cat dataset. The findings reveal that, after removing the semantic segmentation and masking
processes, the attack performance deteriorates. This shows that semantic segmentation plays an

indispensable role in enhancing the attack’s effectiveness.

5.4.3.2 Robustness Validation

We performed robustness validation of our adversarial attack. Following a previous study
[@], we applied JPEG compression [[1], TVM [IZ], and SR [I3] as defense methods to our
adversarial examples. The results are shown in Fig. B9. While preprocessing defenses can
partially mitigate the effects of SeMTAD, they fail to fully restore the semantic information of

the training images.

5.4.3.3 Validation of Image Fidelity

An adversarial attack disrupts the model’s proper operation; however, preserving the fidelity
of the image after applying the perturbation is crucial. Although SeMTAD aims to minimize the
perturbation, additional experimental results are needed to support this claim.

To ensure an objective and fair judgment, we randomly selected 1,000 images from both the
LSUN-cat [B] and UECFoodPix-croissant [H] datasets and processed them using SeMTAD, as
well as the comparison methods Glaze [3], AdvDM [4], and Anti-DreamBooth [8]. The pertur-
bation budget € for all methods was set to 16/255. Then, we calculated the average PSNR and
SSIM [B4] of the perturbed images relative to the original images. Table B8 shows the experi-
mental results. As shown in the table, the impact of SeMTAD on image quality is comparable
to that of the other methods. Not only do the qualitative results in the main text demonstrate
minimal differences in image quality between SeMTAD and the other methods, but also this is

also confirmed through quantitative analysis. Notably, while SeMTAD effectively manipulates
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the semantic content of the generated images, previous methods fail to achieve this. Despite
executing a more advanced attack, SeMTAD maintains the same level of image fidelity as other

existing approaches. Therefore, the effectiveness of SeMTAD was validated.

5.5 Limitations

To validate the effectiveness of SeMTAD by considering the complexity of real-world appli-
cation scenarios, we conducted an ablation study by changing the categories of input and target
images. However, we randomly selected only a few category pairs, without accounting for the
semantic distance between these categories. In reality, when attacking images in the category of
cat, there should be a difference in the difficulty of forcing the generated images into dog and
airplane, because the semantic distance between cat and dog is smaller than that between cat
and airplane. This aspect warrants further exploration in future work. Moreover, for any given
category of input images, there may exist specific target images that optimize the effectiveness
of the attack with minimal modifications to the original images. In other words, this involves

optimizing the selection of target images, a problem we plan to address in future research.

5.6 Conclusions

In this study, we developed an adversarial attack method based on semantic manipulation
for personalized text-to-image diffusion models (SeMTAD). By forcing the encoder of diffusion
models to map an input image to incorrect semantic representations, our attack creates a signif-
icant discrepancy between the semantic content of the generated and input images. Extensive
experiments have demonstrated that SeMTAD effectively prevents diffusion models from learn-

ing the correct semantic information of the input image.
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Chapter 6

Conclusions

As conclusions of this thesis, this chapter reviews the overview of the proposition and shows

future directions.

6.1 Overview of the Proposition in This Thesis

This section provides an overview of the proposition presented in this thesis, building upon the
background and previous chapters.

The proposition of this thesis is to establish latent representation learning as a unified frame-
work for understanding, generating, and protecting artificially created works. To achieve this
goal, the thesis investigates three fundamental technical challenges and proposes dedicated meth-
ods for each of them. The first challenge is to improve the semantic understanding of artificially
created works, which often contain complex multi-label and hierarchical attribute structures. To
address this, the thesis introduces latent representation—based recognition methods that incor-
porate hierarchical dependency modeling, multi-modal integration, and graph-based relational
learning. These techniques allow models to extract structured semantics from stylized or non-
photorealistic visual domains.

Building upon semantic understanding, the second challenge focuses on achieving robust gen-
erative controllability in personalized text-to-image diffusion models. Existing personalization
methods tend to suffer from concept interference during continual learning, leading to degraded
representation quality across concepts. To overcome this issue, the thesis proposes an adversarial
perturbation—based continual personalization method that regulates latent semantic representa-
tions in the diffusion process. This approach strategically manipulates the latent space to ensure
that newly learned concepts remain distinct from previously acquired ones, thereby preventing

concept bleed-through while maintaining high generative fidelity.
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Lastly, the third challenge is the protection of human-created works from unauthorized training
by generative models. The thesis presents latent-space—oriented adversarial perturbation methods
that alter sensitive semantic representations while preserving human-perceptual quality. These
methods prevent diffusion models from learning stylistic or conceptual patterns embedded in
artworks, thereby strengthening copyright protection. With the incorporation of the three lines
of methods—semantic understanding, generative controllability, and copyright protection—the
latent representation learning framework introduced in this thesis effectively addresses the major
open problems in the field.Below, an overview of each chapter of this thesis is reviewed.

In Chapter 2, related works on semantic understanding, personalized diffusion models, and
copyright protection are presented, and the problems addressed in this thesis are clarified. Chap-
ter 3 presents latent representation—based semantic understanding methods for artificially created
works, focusing on hierarchical attribute modeling and multi-modal semantic integration. Chap-
ter 4 proposes an adversarial perturbation—based continual personalization method for diffusion
models to mitigate concept bleed-through. Chapter 5 presents latent-space—oriented adversarial
protection methods that prevent unauthorized training of generative models while maintaining
visual fidelity.

The contributions of this thesis can be summarized as follows:

e The thesis introduces a unified latent representation learning framework that addresses
semantic understanding, generative controllability, and content protection for artificially
created works. The proposed methods improve the interpretability and effectiveness of

latent semantic modeling.

e The thesis proposes an adversarial perturbation—based continual personalization method
for diffusion models, which successfully mitigates concept bleed-through and stabilizes

new concept learning in multi-concept settings.

o The thesis presents latent-space—oriented perturbation techniques for protecting artworks
from unauthorized training, contributing practical solutions to copyright protection in the

era of generative Al

6.2 Future Directions

This section describes the future directions of this study. Future work can focus on refining
and expanding the proposed latent representation learning methods. This includes enhancing
semantic modeling techniques to capture more diverse and fine-grained attributes, especially in
highly stylized or abstract artificially created works. Improving the robustness of hierarchical and

relational modeling against domain shifts or varying artistic styles is also an important direction.
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Similarly, continual personalization for diffusion models can be further improved by explor-
ing more advanced latent-space regularization strategies. Developing mechanisms that explicitly
separate shared and concept-specific semantic components may lead to even more stable multi-
concept learning. Additionally, the integration of replay-based or contrastive techniques may
enhance long-term concept retention. Since personalized generation is expected to play an in-
creasingly important role in creative workflows, improving its stability and safety will remain a
crucial research challenge.

Future research can also extend the proposed protection methods. While adversarial pertur-
bation techniques demonstrated strong effectiveness, improving their robustness across diverse
model architectures, preprocessing pipelines, and fine-tuning strategies is an important direction.
Investigating protection strategies that adapt dynamically to different threat models or evolving
generative architectures will be essential for long-term applicability. Furthermore, combining
latent-space perturbation with watermarking or authentication techniques may lead to more com-
prehensive protection systems.

As latent representation learning continues to influence the fields of generation, understanding,
and protection, it is important to consider the broader ethical and societal implications. Future
work can explore guidelines for responsible personalization, limitations of automated creativity,
and the balance between openness and protection in model development. Developing frameworks
that ensure fairness, transparency, and accountability in the handling of artificially created works

will be crucial for their safe and beneficial use across industries.
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