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Chapter 1

Background and Motivation

1.1 Evolution of Generative Models

Generative modeling has witnessed unprecedented advancements over the past decade.

Early breakthroughs with Generative Adversarial Networks (GANs) demonstrated

that neural networks could learn to synthesize high-quality data from noise distribu-

tions [1]. Although GANs were effective in producing sharp images, they suffered

from training instability, mode collapse, and limited controllability [2].

A paradigm shift occurred with the introduction of diffusion probabilistic models

(DPMs), which generate data by gradually denoising from a Gaussian noise distribu-

tion [2, 3]. These models, such as DDPM [4] and DDIM [5], significantly improved

both stability and sample diversity. Diffusion models quickly became the backbone of

modern text-to-image (T2I) frameworks [6, 7], demonstrating superior photorealism

and scalability compared to GAN-based methods.

1.2 Text-to-Image Generation

Text-to-image (T2I) generation emerged as one of the most prominent applications of

diffusion models. Systems such as DALLE 2, Imagen, and Stable Diffusion showed

that natural language could be directly translated into visually coherent images [7–
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9]. These breakthroughs were enabled by coupling large-scale language encoders

(e.g., CLIP, T5) with diffusion backbones, allowing semantically accurate alignment

between text and generated images [10].

The societal and industrial impact of T2I models has been profound, spanning

applications in artistic creation, graphic design, architecture, film production, gam-
ing, advertising, education, and healthcare visualization [11, 12]. However, despite

their promise, the need for more controllable, data-efficient, and customizable T2I

generation remains a fundamental challenge.

1.3 Challenges in Controllable Text-to-Image Generation

1.3.1 Ambiguity in Textual Prompts

Although language provides a flexible interface, natural text is inherently ambiguous.

Phrases such as “a person sitting” do not specify the exact body posture, orientation,

or interaction with other subjects in the scene [13]. Similarly, describing style in

words (e.g., “in impressionist style”) cannot capture fine-grained texture, brushwork,

or composition details [14]. As a result, generated outputs often deviate from user

expectations when precise control is required.

1.3.2 Pose and Geometry Control

Controlling human or object pose is especially challenging. Prior works such as Con-

trolNet [15], Pose-Guided Diffusion [16], and Pose-to-Image frameworks [13] intro-

duced skeletal or keypoint-based conditioning. These methods improve pose fidelity

but typically require paired training datasets or extensive fine-tuning, making them

less accessible for personalized use. Moreover, pose-guided synthesis often struggles

with multi-subject consistency, where multiple characters must be aligned in realistic

interactions.
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1.3.3 Style Transfer and Personalization

Parallel research has focused on personalization and style transfer. Notable approaches

include DreamBooth [17], which fine-tunes diffusion models on a few images to cap-

ture a subject identity, and Textual inversion [18], which learns custom word em-

beddings for new concepts. Although effective, these methods are computationally

expensive and primarily address subject fidelity rather than artistic style.

Style-guided T2I generation has seen progress with methods like ControlStyle

[14] and ArtAdapter [19], which learn to transfer visual appearance from reference

artworks. However, these often require large curated datasets or fail to combine style

transfer with pose fidelity, limiting their generalization.

1.3.4 Data Efficiency and Scalability

Another critical bottleneck is the reliance on large-scale datasets. State-of-the-art T2I

diffusion models are typically trained on billions of image-text pairs [9], a require-

ment that hinders personalization. In contrast, real-world applications often demand

generation based on only a handful of images, such as producing new images of a

specific pet, object, or artistic style. Few-shot and single-image methods like Break-

a-scene [20] and DreamBooth [17] attempt to address this, but they fall short in bal-

ancing pose, style, and semantic alignment simultaneously.

A closely related work that serves as the foundation of this research is Break-a-
scene [21], which introduced an effective framework for extracting multiple visual

concepts from a single image and recombining them into novel scenes. By optimiz-

ing concept-specific textual handles and subsequently fine-tuning a diffusion model,

Break-a-scene enables personalized image generation from minimal data, making it

particularly well suited for data-scarce scenarios. However, despite its effectiveness

in concept disentanglement and recomposition, the method provides limited control

over the spatial configuration of generated subjects. In particular, the pose and pre-

cise spatial arrangement of individual objects remain difficult to specify, as control is

primarily achieved through textual descriptions, which are inherently ambiguous.

This limitation motivates the first contribution of this thesis, the Mask Conditional
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Generative Model (MCGM), which extends the Break-a-scene framework by intro-

ducing an explicit mask-based conditioning mechanism. By embedding spatial mask

information alongside textual embeddings, MCGM enables direct and fine-grained

control over the pose of one or multiple subjects during image generation, signifi-

cantly improving structural consistency and user controllability. Building upon this

framework, we further propose MCGM-Styler, an enhanced model that addresses

an additional limitation of Break-a-scene; namely, the absence of explicit stylistic

control. MCGM-Styler incorporates a dedicated training phase to learn style em-

beddings, allowing the model to simultaneously enforce pose constraints and apply

either single or multiple artistic styles. Together, these extensions elevate Break-a-

scene from a concept recomposition framework into a flexible and expressive system

for pose- and style-controlled image generation from a single reference image.

1.4 Research Contributions of This Thesis

This thesis addresses the above challenges by proposing two interrelated frameworks:

MCGM and MCGM-Styler. Both models are designed with an emphasis on control-
lability, efficiency, and generalization.

1.4.1 Mask Conditional Text-to-Image Generative Model (MCGM)

The Mask Conditional Generative Model (MCGM) extends the Break-a-scene frame-

work [20] by introducing a novel mask embedding injection mechanism. Unlike

conventional prompt-only conditioning, mask embeddings allow users to specify sub-

ject poses and spatial layouts with fine granularity. This enables:

• Pose-specific synthesis of single or multiple subjects.

• Multi-subject consistency in a shared scene.

• User-friendly control through intuitive mask inputs.

Through extensive experiments, MCGM demonstrates superior pose fidelity while

retaining semantic alignment with textual prompts.
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1.4.2 MCGM-Styler

MCGM-Styler builds on MCGM by incorporating style transfer capabilities. A novel

training procedure enables the model to learn style embeddings from a single refer-

ence image. This allows:

• Simultaneous control over pose and style.

• Application of single or multiple target styles.

• Style mixing across different subjects in the same scene.

Compared to DreamStyler [14], MCGM-Styler achieves superior performance in

both style fidelity and pose preservation. Importantly, it does so with significantly

fewer data requirements, making it more practical for real-world applications.

1.5 Objectives of the Thesis

The primary objective of this thesis is to advance the field of controllable text-to-

image generation by developing novel diffusion-based frameworks capable of learn-

ing from a single reference image while providing users with explicit control over the

generated content. In particular, this research focuses on improving the controllabil-

ity of personalized image generation through the integration of multiple conditioning

signals.

To achieve this goal, the thesis pursues the following objectives. First, it pro-

poses the Mask Conditional Generative Model (MCGM), a framework that intro-

duces mask-based spatial conditioning to enable fine-grained pose control during

image synthesis. Second, it extends this framework by introducing MCGM-Styler,

which incorporates artistic style conditioning while preserving subject identity and

pose, allowing flexible and controllable image generation. Third, the proposed mod-

els are extensively evaluated against state-of-the-art approaches through both quanti-

tative and qualitative experiments, assessing their performance in terms of pose ac-

curacy, style fidelity, and overall image quality. Finally, the thesis investigates the

feasibility of generating high-quality personalized images from a single reference
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image, demonstrating that controllable image synthesis can be achieved with mini-

mal training data.

1.6 Structure of the Thesis

The remainder of this thesis is organized as follows. Chapter 2 reviews the scientific

background and related work, providing an overview of generative models, diffusion-

based text-to-image synthesis, personalization techniques, pose control, and style

transfer methods. Chapter 3 introduces the proposed Mask Conditional Generative

Model (MCGM), describing its motivation, architecture, training procedure, and method-

ological contributions. Chapter 4 presents MCGM-Styler, an extension of MCGM

that integrates artistic style conditioning into the generation process while maintain-

ing explicit pose control. Chapter 5 reports the experimental evaluation of both pro-

posed models, including quantitative and qualitative comparisons with state-of-the-

art methods, ablation studies, and user evaluations. Finally, Chapter 6 summarizes

the main contributions of the thesis, discusses the identified limitations, and outlines

promising directions for future research in controllable generative artificial intelli-

gence.



Chapter 2

Related Work

Generative models are among the most revolutionary elements of contemporary arti-

ficial intelligence, allowing the synthesis of realistic data, including text, audio, and

images. These models seek to understand intricate data distributions and produce

new samples that resemble observations from the real world. Over the past decade,

significant progress has been achieved through various architectures such as Varia-

tional Autoencoders (VAEs), Generative Adversarial Networks (GANs), and Diffu-

sion Models [3, 22–24].

In this chapter, we review the main generative architectures relevant to this the-

sis, with different levels of detail depending on their role in the proposed methods.

Core models that directly inspire our work, namely diffusion models, Stable Diffu-

sion, CLIP, and Break-a-scene, are described in greater depth, including their archi-

tectural design and training objectives. Other related approaches are discussed more

concisely to provide contextual background while maintaining focus on the methods

most relevant to MCGM and MCGM-Styler.
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2.1 Overview of Generative Models

The earliest deep generative models, including Variational Autoencoders (VAEs)

[22, 25], introduced probabilistic latent-variable frameworks for reconstructing and

generating new samples. VAEs provide a principled approach to learning latent rep-

resentations through approximate Bayesian inference but often suffer from producing

blurry images due to the nature of their reconstruction loss [22, 26–28].

Generative Adversarial Networks (GANs), introduced by Goodfellow et al. [23],

significantly advanced the field by formulating the generation process as a mini-

max game between a generator and a discriminator. Numerous variants such as DC-

GAN [29], StyleGAN [30], and BigGAN [31] improved stability, quality, and diver-

sity of generated images. Despite their success, GANs exhibit challenges in training

stability and mode collapse [32], [33] ,motivating exploration into alternative gener-

ative paradigms.

Autoregressive models such as PixelCNN [34] and Image Transformer [35] mod-

eled pixel dependencies explicitly, achieving strong likelihood estimates at the cost

of slow sampling speed. Methods based on diffusion were able to overcome these

constraints and provide generative flexibility, stability, and excellent picture quality.

2.2 Diffusion Models and Their Evolution

2.2.1 Diffusion Models

Diffusion models have recently emerged as a dominant framework for high-quality

image generation. Initially introduced by Sohl-Dickstein et al. [36], these models

formulate generation as a gradual denoising process that transforms random noise

into structured data. Due to their stable training dynamics and ability to produce

high-fidelity samples, diffusion models have surpassed earlier generative approaches

such as GANs in many image synthesis tasks.
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Figure 2.1: The forward and backward processes of the diffusion model. Image credit:

Arash Vahdat.

2.2.2 Forward and Reverse Diffusion Processes

As shown in the Figure 2.1, A diffusion model consists of two complementary pro-

cesses. The forward process progressively corrupts a data sample by adding Gaus-

sian noise over a sequence of time steps until the sample approaches an isotropic

noise distribution. The reverse process is learned by a neural network that gradually

removes noise, reconstructing a sample from pure noise. This probabilistic formula-

tion enables the model to approximate complex data distributions through iterative

denoising [36].

2.2.3 Training Objective and Denoising Loss

The Denoising Diffusion Probabilistic Model (DDPM) [24] simplified training by

directly predicting the noise added at each diffusion step using a mean squared er-

ror loss. This formulation significantly improved training stability and image quality.

Subsequent extensions, such as DDIM [37], introduced deterministic sampling pro-

cedures that reduce inference time, while classifier-guided diffusion [3] enhanced

sample fidelity through conditional guidance.
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2.2.4 Architectural Developments and Extensions

Latent Diffusion Models (LDMs) [38] improved scalability by performing the diffu-

sion process in a learned latent space rather than pixel space, greatly reducing com-

putational requirements while maintaining visual quality. This design choice enabled

large-scale models such as Stable Diffusion and facilitated widespread adoption of

diffusion-based text-to-image systems.

More recent developments have explored alternative training objectives and ar-

chitectures. Consistency Models [39] aim to generate samples in fewer steps by en-

forcing consistency across different noise levels, while Rectified Flow [40] refor-

mulates diffusion as a continuous flow-matching problem. Additionally, Diffusion

Transformers [41] extend diffusion modeling to video and multi-modal generation,

demonstrating the flexibility and generality of the diffusion framework.

2.3 Text-to-Image Generation

The text-to-image generation task focuses on synthesizing coherent and semantically

aligned images conditioned on textual descriptions. Early works like AttnGAN [42]

used attention mechanisms to align words and image regions. The introduction of

CLIP [10], a contrastively trained multimodal model, enabled large-scale alignment

of text and vision, leading to the emergence of high-quality text-to-image diffusion

models. DALL·E 2 [43], Imagen [44], and Stable Diffusion [38] demonstrated un-

precedented fidelity by leveraging transformer-based text encoders and large-scale

image-text datasets such as LAION-5B [45]. These systems have been surveyed com-

prehensively in [11], revealing that diffusion-based approaches outperform GAN-

based methods in both realism and controllability.

2.4 Controllable Text-to-Image Synthesis

While text-to-image diffusion models can generate visually impressive content, they

often lack explicit spatial or structural control. To address this, controllable diffusion
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frameworks were proposed, allowing users to guide generation via additional condi-

tions. ControlNet [46] introduced trainable adapters that accept control signals such

as depth maps, segmentation masks, or human poses. Similarly, T2I-Adapter [47]

enables lightweight plug-in control modules to extend pretrained diffusion models.

Cross-attention mechanisms play a fundamental role in modern text-to-image dif-

fusion models by enabling the effective alignment of textual descriptions with vi-

sual representations. By injecting text embeddings into the denoising process, cross-

attention allows the model to translate semantic concepts expressed in natural lan-

guage into corresponding visual elements, substantially improving the fidelity and

semantic consistency of generated images. This mechanism has become a core com-

ponent of state-of-the-art systems, including DALL-E [48], Imagen [44], and Stable

Diffusion [9], where cross-attention layers are applied throughout the generation pro-

cess to guide image synthesis.

Beyond generation, cross-attention maps have been leveraged for image edit-

ing and interpretability. Prompt-to-Prompt [49] exploits cross-attention to modify

generated images by selectively altering textual conditions, a technique later ex-

tended to real-image editing by Mokady et al. [50]. Attend-and-Excite [51] further

demonstrates the interpretability of cross-attention by using attention maps to enforce

object-level faithfulness during generation. In the context of personalized image syn-

thesis, Break-a-scene [21] employs cross-attention maps to disentangle and recom-

bine multiple concepts extracted from a single image. Building upon this framework,

the proposed MCGM integrates an additional mask-based embedding into the cross-

attention mechanism, enabling explicit control over subject pose. Furthermore, a ded-

icated cross-attention loss is introduced to strengthen the association between spatial

masks and their corresponding visual concepts, improving controllability and struc-

tural consistency.

2.5 Personalization and Style Transfer in Diffusion Models

Personalization and style adaptation have become essential for customized genera-

tion. Textual inversion [52] learns new token embeddings representing a concept or
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style, enabling personalized generation without full fine-tuning. DreamBooth [17]

fine-tunes diffusion models with subject-specific images to preserve identity while

generating novel contexts. LoRA [53] introduced parameter-efficient fine-tuning through

low-rank adaptation, and subsequent works such as Custom Diffusion [54] and Style-

Drop [55] enhanced multi-style generation and fidelity.

Recent approaches, including ArtAdapter [56], ControlStyle [57], and Style-A-

Video [58], push this further by enabling dynamic style conditioning and temporal

consistency across generated frames. These advances show the growing importance

of personalization and controllable aesthetics in generative AI.

2.6 Few-Shot and Single-Image Learning

Despite the success of large-scale diffusion models, their dependency on massive

datasets remains a challenge. Few-shot and single-image learning approaches attempt

to generalize from limited data. Break-a-scene [59] extracts multiple concepts from

a single image and recombines them in new contexts. This line of research inspires

models like the Mask Conditional Generative Model (MCGM) and its extension,

MCGM-Styler, which introduce mask-based and style-based conditioning to enable

fine-grained pose and style control from minimal data.

2.7 Summary and Positioning of This Thesis

In summary, the evolution of generative models has transitioned from VAEs and

GANs to highly flexible and controllable diffusion-based frameworks. Text-to-image

synthesis has achieved remarkable realism, yet challenges persist in enabling user-

driven control over pose, structure, and style, especially under data-scarce conditions.

This thesis contributes to this evolving landscape through two complementary mod-

els: (1) MCGM, a Mask Conditional Text-to-Image Generative Model that integrates

pose conditioning using spatial masks, and (2) MCGM-Styler, an extension that in-

troduces style conditioning and multi-style synthesis. Together, these models advance

controllable and efficient image generation by enabling both structural and stylistic
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flexibility, even from a single training image.





Chapter 3

Mask Conditional Text-to-Image
Generative Model (MCGM)

3.1 Introduction

Recent advances in diffusion-based text-to-image models have enabled the genera-

tion of highly realistic images from natural language descriptions. Beyond generic

image synthesis, an increasingly important research direction is personalized gener-

ation, where a model is adapted to reproduce specific subjects from only a limited

number of reference images. Several approaches have addressed single-concept per-

sonalization by fine-tuning pretrained diffusion models or by learning new textual

embeddings that represent novel concepts. These techniques allow users to gener-

ate customized subjects in diverse contexts using textual prompts. However, while

identity preservation has seen significant improvements, controllability over spatial

attributes such as pose and structural configuration remains limited.

In particular, textual conditioning alone provides weak structural supervision.

Since natural language descriptions are inherently ambiguous and underspecified

with respect to spatial geometry, enforcing precise pose configurations becomes an

ill-posed problem. As a result, personalized diffusion models may preserve subject

identity while failing to satisfy explicit spatial constraints. For example, after person-
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Figure 3.1: Overview of the proposed MCGM method. Starting from a single image

with a set of subjects and the corresponding masks, it is possible to (a) generate any of

those subjects using an arbitrary mask to set the pose, (b) generate multiple subjects

at the same time using a single mask to control the pose and (c) generate multiple

subjects at the same time using multiple masks to define each of their poses.

Generative models are one of the most revolutionary elements of contemporary

artificial intelligence

alizing a diffusion model to generate a specific dog, it may still be difficult to enforce

that the dog appears in a very specific sitting posture or orientation. This limitation

reduces the practical applicability of existing personalization methods, especially in

scenarios requiring fine-grained structural control.

To address this gap, this chapter introduces the Mask Conditional Generative

Model (MCGM) (see Figure 3.1), a personalized diffusion framework that augments

text-based conditioning with explicit spatial guidance. The key idea is to inject target
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pose masks as an additional conditioning signal, allowing the model to interpret struc-

tural constraints during generation. By combining textual prompts with mask embed-

dings, The proposed model enables the synthesis of subjects that preserve identity

while conforming to user-defined pose configurations.

Furthermore, we introduce a mask-guided cross-attention alignment loss that en-

courages the learned textual handles to focus on their corresponding spatial regions.

This mechanism improves concept disentanglement and enhances pose consistency,

particularly in multi-subject settings.

The remainder of this chapter is organized as follows. Section 3.2 reviews re-

lated work in personalized diffusion models and controllable generation. Section 3.3

presents the proposed MCGM architecture and training strategy. Experimental results

and analysis are discussed in Chapter 5.

3.2 State of the Art

3.2.1 Fine-tuning diffusion models

Diffusion-based models [4, 5, 60, 61] emerged as the new state of the art for text-

to-image generation [9, 49, 62, 63]. In this context, fine-tuning conditional diffusion

models for text-to-image generation represents a critical area of research, aiming to

enhance the performance, control, and application range of these models. Zhang et
al. [64] highlighted that fine-tuning conditional diffusion models on specific datasets

improves text-to-image generation performance. Then, Brown and Smith [65] pro-

vided a comparative analysis of fine-tuning strategies, offering insights into optimiz-

ing these processes, while Garcia et al. [66] emphasized the importance of hyperpa-

rameter tuning in enhancing the performance of fine-tuned diffusion models. In pro-

posed model, to generate new images of the subject in different contexts and poses,

it is based on the Break-a-scene [21] model, which has two phases: the first involves

designating a collection of text tokens (handles), freezing the model weights, and op-

timizing the handles, while in the second one, the whole model weights are fine-tuned

while continuing to optimize the handles too.
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3.2.2 Cross-attention

Cross-attention mechanisms enable the model to effectively align and integrate infor-

mation from textual descriptions with visual data, significantly enhancing the quality

of generated images from textual inputs. In the domain of text-to-image generation,

cross-attention layers have been effectively utilized in various state-of-the-art mod-

els. DALL-E [48] uses cross-attention to align text descriptions with image genera-

tion, ensuring the visual output accurately reflects the input text. Then, Imagen [44]

employs a cascading pipeline of cross-attention mechanisms to integrate text em-

beddings into the image generation process, achieving high fidelity and resolution in

the generated images. Additionally, Stable Diffusion [9] utilizes cross-attention lay-

ers throughout the denoising steps, allowing the model to generate highly-detailed

and semantically-accurate images from textual descriptions. Cross-attention maps

in text-to-image diffusion models are used by prompt-to-prompt [49] to edit gen-

erated images. This process was then extended to real images by Mokady et al. [50].

To match text-to-image generations, attend-and-excite [51] employs cross-attention

maps as an explainability-based technique [67]. Furthermore, in Break-a-scene [21]

cross-attention maps have the purpose of separating learned concepts. More in detail,

as opposed to altering the input image, Break-a-scene concentrates on extracting tex-

tual handles from a scene and combining them into entirely new scenes. In MCGM,

the cross-attention technique was utilized as in Break-a-scene but also incorporated

the embedding of a mask image as extra information alongside text embeddings to

help the model create a specific pose of the subject in the scene. Additionally, a novel

cross-attention loss is designed to better connect the masks and the corresponding

subjects.

3.2.3 Personalization in diffusion models

Recently, several approaches were proposed to reproduce in different contexts and

edit real images using diffusion models. In both Textual inversion (TI) [68] and

DreamBooth (DB) [17] the model learns how to generate a visual concept in different

situations simply by a few images. A novel method is used by Textual inversion [68]
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to embed concepts from the images into new terms in the text embedding space. By

denoising supplied images, this technique increases the tokenizer dictionary’s size

and maximizes more tokens. Conversely, DreamBooth [17] increases the diversity

of the generated results by updating the UNet parameters with a class-specific prior

preservation loss and representing concepts with low-frequency words (e.g., "V").

TI and DB are simple, flexible frameworks that provide the basis for many fine-

tuning-based techniques. Moreover, weight deviations during fine-tuning are exam-

ined by Custom Diffusion [69], which highlights the critical role of cross-attention

layer parameters. Furthermore, SVDiff [70] implements a successful personalization

technique in the parameter space using the weight kernels’ singular-value decompo-

sition. They also give a regularization term for mixing and unmixing, which enables

the generation of two concepts that are close to each other. In addition, to enable

quick personalization, ELITE [71] proposed a learning-based encoder that supports

input masks and encodes a single image. Its global and local mapping networks en-

able precise and quick custom text-to-image generation. ELITE is still unable to pro-

duce more than one concept, though. Finally, Break-a-scene [21] can extract multiple

concepts from a single image using a masking mechanism. Differently from SVDiff

which requires several images for each of the concepts, Break-a-scene [21] operates

on a single image containing multiple concepts. Our framework follows the Break-

a-scene and ELITE idea by using only a single image for the concept, in contrast to

other methods that require multiple images. In addition, unlike other recent methods,

Our framework method uses a mask condition in line with the text to set the pose for

one or more source subjects.

While Break-a-scene [20] focuses on extracting textual handles from masked re-

gions, it does not provide explicit mechanisms to control target pose during gener-

ation. In contrast, MCGM introduces spatial conditioning at both architectural and

optimization levels, enabling controllable pose synthesis beyond concept extraction.



20 Chapter 3. Mask Conditional Text-to-Image Generative Model (MCGM)

3.3 Proposed Method

3.3.1 The MCGM Model Architecture:

The MCGM architecture builds upon the Break-a-scene framework [21], extending it

with additional pose control mechanisms. Break-a-scene goal is to extract N textual

handles {vi}N
i=1, where the ith handle vi represents the concept indicated by the mask

Mi, given a single input image I and a set of N masks {Mi}N
i=1 indicating the subjects

in the image. Once the handles are acquired, they can be utilized to direct the synthe-

sis of images containing the concepts in novel contexts and poses during inference

by inserting them into textual prompts.

In order to train the MCGM to recognize multiple concepts from a single image,

a small collection of image-text pairs with the format "A photo of [vx] and [vy]..." is

created, then the background is masked out based on the masks provided and adding

a solid, arbitrary background. Each time, a random subset of tokens is chosen. During

training, the model weights wi and text embeddings are optimized using two distinct

stages.

First, the model weights are frozen and the text embeddings are optimized to

match the masked concepts. This enables a fast initial embedding while preserving

the capability of the model, thereby offering a strong basis for the subsequent phase.

Then, in the second stage, the model weights are unfrozen and optimized alongside

the text tokens. This preserves editability while enabling a faithful replication of the

extracted concepts. The concepts can be generated in a variety of contexts with min-

imal degradation in editability by using distinct text descriptions and masks.

In this work, the same scenario of Break-a-scene was used, but the two phases

were optimized by adding a mask encoder whose purpose is encoding the mask to

generate a mask embedding mi for each token vi and concatenating it with the text

embedding ti. The mask encoder projects the masks to embeddings having the same

dimension as the text embeddings and then feeds both textual and mask embeddings

in the cross-attention layers of the diffusion model.

By doing this, the mask embeddings will guide the model to specify the poses of

the subjects.
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Figure 3.2: Model Architecture details: the left side is the training phase that is tasked

to learn the subjects with the aid of text and mask encoders, and the right side repre-

sents the inference phase where the subjects are generated using text for expressing

their context and mask to set their pose.

Figure 3.2 illustrates how the model is optimized to generate specific poses for

the target subjects by combining the text and mask embeddings.

3.3.2 Mask Injection

In the MCGM pipeline, a mask encoder Em was added that aids the diffusion process

by incorporating conditioning mask information into the cross-attention layers of the

model. More in detail, the mask images, which are binary masks, are fed into the

Mask Encoder, which reduces the size of the mask and are then processed through a

linear layer encoder, producing a set of mask embeddings. Finally, the text and the

mask embeddings are concatenated.

The mask encoder is employed in both training and inference processes. In the

training process, the mask embeddings are generated for the input concepts in the

source image, and these embeddings are used in the two optimization phases of the

model. On the other hand, in the inference process, a set of arbitrary masks is se-

lected and embedded to specify the target pose of the generated samples and are

injected alongside the text embeddings in the model. By doing so, in the inference
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process, the model uses the conditioning information provided by the mask encoder

to generate outputs that are consistent with the mask. Loss functions described in the

next sections are designed to ensure that the generated output matches the desired

characteristics dictated by the mask.

Injecting mask embeddings into the cross-attention layers is a natural design

choice, as cross-attention mechanisms are responsible for aligning conditioning to-

kens with spatial latent representations. By augmenting textual tokens with spatial

mask embeddings, the model learns a joint representation that couples semantic iden-

tity with geometric structure.

3.3.3 The Optimization Losses

MCGM uses a masked version of the standard diffusion loss [72] to optimize the

handles (and model weights, in the second optimization phase). This loss is calculated

over the pixels of the subjects that are defined by the concepts masks:

Lrec = Ez,s,ε∼N(0,1),t

[
‖ε �Ms − εθ (zt , t,cs)�Ms‖2

2

]
(3.1)

where zt is the latent with added noise at time step t, s is the number of concepts, cs

is the set of embeddings obtained from text and masks, Ms is the set of masks, ε is

the noise, and εθ is the denoising network.

Rebuilding the concepts faithfully is encouraged by using the masked diffusion
loss [21] in pixel space. In addition to reconstructing the pixels of the learned sub-

jects, the model needs to make sure that each handle only looks at the portion of

the image where the related concept is located. To this end, another loss term—the

cross-attention loss—has been introduced. This loss is defined as the MSE between

the input masks and the attention calculated in the cross-attention layers of the model.

The following cross-attention loss is used for each training phase:

Lattn = Ez,k,t

[
‖C A θ (vi,zt)−Mik‖2

2

]
(3.2)

where C A θ (vi,zt) is the attention map of the token vi and the noisy latent zt obtained

from each cross-attention layer.
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This formulation can be interpreted as an explicit spatial alignment regularizer.

By minimizing the discrepancy between attention maps and ground truth masks,

the model is encouraged to allocate attention mass to semantically relevant spatial

regions. This reduces cross-concept interference and improves disentanglement in

multi-subject scenarios.

In MCGM, mask embeddings are injected with the textual embeddings for each

subject in order to define its pose. This additional conditioning may introduce am-

biguity in associating each subject with its corresponding spatial region, potentially

leading to concept mixing or uncontrolled compositions, as will be explained later in

Chapter 5, the section of the experiments. Therefore, to control this process of distin-

guishing between the subjects in the output image, we added a mask cross-attention

loss specifically designed for the mask tokens. The final cross-attention loss becomes

as follows:

LMattn = Lattn +λmEz,k,t

[
‖C A θ (mi,zt)−Mik‖2

2

]
(3.3)

where λm is the weight for the mask cross-attention loss, C A θ (mi,zt) is the cross-

attention map between the mask token mi and the noisy latent zt .

Finally, the full training objective becomes:

Ltotal = Lrec +λattnLMattn (3.4)

Adding LMattn to the loss ensures that concept handles focus on their respective re-

gions. We set λattn = 0.01 for accurate spatial positions in the produced image.

3.4 Chapter Summary

In this chapter, the Mask Conditional Generative Model (MCGM) was presented, a

diffusion-based framework designed to extend single-image personalized generation

with explicit pose control. By integrating a mask-based conditioning mechanism into

the Break-a-scene architecture, MCGM enables fine-grained spatial control over one

or multiple subjects while preserving the semantic information provided by textual

descriptions. The chapter detailed the motivation, architectural design, and training

strategy of the proposed model.
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The effectiveness of MCGM, including its ability to generate structurally con-

sistent and pose-controlled images, is evaluated through quantitative and qualitative

experiments in Chapter 5. That chapter presents a comprehensive analysis of the

model’s performance and comparisons with existing state-of-the-art approaches.

3.5 Contributions of This Chapter

The main contributions introduced in this chapter can be summarized as follows: The

main contributions introduced in this chapter can be summarized as follows:

• The proposal of the Mask Conditional Generative Model (MCGM), a diffusion-

based framework that enables pose-controlled personalized image generation

from a single reference image.

• The integration of mask-based spatial conditioning within the cross-attention

layers of the diffusion model, allowing explicit control over subject pose during

image synthesis.

• The introduction of a mask cross-attention loss that improves the alignment

between learned textual handles and spatial regions, particularly in multi-subject

scenarios.

• The ability to generate images containing multiple subjects with controllable
poses using a single training image, extending the capabilities of existing per-

sonalized diffusion models.

Transition to Style-Aware Generation

While MCGM enables effective pose-controlled personalized image generation, it

does not explicitly address stylistic control in the generated images. In many practical

scenarios, users may wish to generate subjects not only in specific poses but also

in particular artistic styles. To address this limitation, the next chapter introduces
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MCGM-Styler, an extension of MCGM that incorporates style conditioning into the

generation process while preserving pose controllability.





Chapter 4

Free-Form styler for Mask
Conditional Text-to-Image
Generative Model (MCGM-Styler)

4.1 MCGM-Styler : Motivation and Overview

Text-to-image diffusion models have recently demonstrated remarkable capabilities

in generating high-quality and semantically consistent images from natural language

descriptions [9, 44, 62]. These models have enabled a wide range of applications,

including artistic content creation, virtual environments, and design assistance. In

addition to generic image synthesis, recent research has increasingly focused on per-
sonalized generation, where a model learns to reproduce specific subjects from a

limited number of reference images while allowing them to be generated in new

contexts using textual prompts [17, 68, 71]. Several approaches have addressed this

problem by adapting pretrained diffusion models through fine-tuning strategies or by

learning new textual embeddings representing novel concepts. Methods such as Tex-

tual inversion [68] and DreamBooth [17] allow a model to capture the identity of a

subject and reproduce it in different scenes. However, despite their effectiveness in

preserving subject identity, these approaches typically provide limited control over
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structural attributes, such as the pose or spatial arrangement of objects within the

generated image. To address this limitation, the Mask Conditional Generative Model

(MCGM) [73] introduced a mask-based conditioning mechanism that enables ex-

plicit pose control during personalized image generation. By injecting pose masks

into the diffusion process, MCGM allows users to guide the spatial configuration

of subjects while maintaining their visual identity. This mechanism significantly im-

proves the controllability of diffusion-based personalized generation, particularly in

multi-subject scenarios. Nevertheless, while MCGM provides precise pose guidance,

it does not explicitly address another important aspect of controllable image syn-

thesis: artistic style adaptation. In many practical applications, users may wish not

only to control the pose of the generated subjects but also to generate images that

follow a particular artistic or visual style. Existing style-transfer approaches often re-

quire multiple training images or specialized training procedures, which limits their

applicability in single-image personalization scenarios [74, 75]. To overcome these

limitations, this chapter introduces MCGM-Styler, an extension of the Mask Con-

ditional Generative Model designed to enable simultaneous control over object pose

and visual style in text-to-image generation from a single reference image. The pro-

posed approach integrates style conditioning into the MCGM framework through an

additional training stage that allows the model to learn stylistic characteristics while

preserving the pose control provided by mask conditioning. By combining textual

prompts, pose masks, and style information, MCGM-Styler enables the generation of

images that are consistent with the desired scene description, structural configuration,

and artistic style.

The remainder of this chapter presents the architecture and training strategy of

the proposed model. First, related work on style-aware generative models and con-

trollable diffusion techniques is discussed. Then, the MCGM-Styler framework is

introduced, including the integration of style conditioning into the mask-guided diffu-

sion pipeline. Finally, implementation details and training procedures are described,

while experimental evaluations are presented in Chapter 5.

MCGM-Styler builds upon the Mask Conditional Generative Model (MCGM)

[73], introduced in Chapter 3, which enables pose-controlled image generation through
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mask-based spatial conditioning. Figure 4.1 illustrates the capabilities of the pro-

posed model. Starting from an image containing one or more subjects, MCGM-Styler

is trained sequentially using an action pose mask, a target style image, and a textual

prompt. This training strategy enables flexible scene generation in which users can

synthesize images featuring any subject or combination of subjects in arbitrary poses

and styles. As shown in the figure, the model supports multiple usage scenarios, in-

cluding single-subject generation, multi-subject scenes generated in a unified style,

and scenes composed using mixed artistic styles. Additionally, MCGM-Styler can

generate multiple stylistic variations of a single subject, highlighting its ability to

disentangle content, pose, and style.

Overall, MCGM-Styler extends the controllability of personalized diffusion mod-

els by jointly modeling three complementary factors: subject identity, spatial pose,

and artistic style.

4.2 State of the art

Recent works have explored the integration of artistic style into diffusion-based im-

age generation. Several approaches extend pretrained text-to-image diffusion models

in order to learn stylistic representations from a small number of reference images.

For instance, StyleDrop [76] adapts large diffusion models to mimic artistic styles

through style-specific fine-tuning, while DreamStyler [77] introduces a training strat-

egy for learning style tokens that guide the generation process toward specific artistic

patterns.

Stylized text-to-image generation has also been investigated in applications re-

lated to art and design. Methods such as InstantStyle [78], DreamStyler [77], and

UnZipLoRA [79] focus on improving the disentanglement between style and con-

tent to produce visually coherent outputs while preserving semantic consistency with

textual prompts. More recently, Mamba-ST [80] explored the use of state-space mod-

els for style transfer, demonstrating that alternative generative architectures can also

effectively capture stylistic representations.

Despite these advances, most existing style-personalization methods primarily
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Figure 4.1: Overview of the MCGM-Styler capabilities. [On the left] starting from

an image containing multiple subjects, the model is trained sequentially using an

action pose mask, a target style, and a textual prompt. This enables users to gener-

ate scenes with arbitrary subject(s), pose(s), and style(s). The bottom row illustrates

the generation of multiple subjects in a single style, the middle row shows a single-

subject scenario, and the top row demonstrates the generation of images with mixed
styles, where two or more artistic styles are combined within the same output. [On

the right] the model generates paintings of a single subject rendered in various artistic

styles.

focus on stylistic adaptation and do not provide explicit spatial control over the gen-

erated subjects. In particular, they lack mechanisms to guide pose or structural con-

figuration, which limits their applicability in scenarios requiring precise scene com-

position or multi-object arrangements.

MCGM-Styler addresses this limitation by extending the Mask Conditional Gen-

erative Model (MCGM) [73] with an additional style-learning stage. By combining

mask-based spatial conditioning with style embeddings extracted from reference im-
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ages, the proposed architecture enables simultaneous control over subject identity,

pose, and artistic style during the generation process. Furthermore, the model sup-

ports the simultaneous composition of multiple artistic styles within a single gener-

ated scene, allowing users to synthesize scenes where different subjects can share a

unified style or exhibit mixed stylistic characteristics derived from multiple reference

styles.

4.3 MCGM-Styler Model Architecture

The architecture of MCGM-Styler builds directly upon the MCGM framework [73]

and is structured into two sequential training stages. In both stages, the model relies

on a latent diffusion backbone equipped with cross-attention layers that integrate

textual and auxiliary conditioning signals.

In the first stage, the model learns object concepts and their spatial configuration

using a text encoder for concept-specific tokens, a mask encoder that embeds spatial

pose information, and a diffusion model that integrates these embeddings through

cross-attention.

In the second stage, the model is fine-tuned to learn a style representation from

a single reference style image, encoded through a dedicated style token. During in-

ference, the trained model generates an image from random noise, guided jointly by

textual descriptions specifying content and style and spatial masks defining the target

pose of the subjects.

The overall architecture of the proposed MCGM-Styler is illustrated in Figure

4.2. The model follows a two-stage training strategy designed to disentangle con-

cept, pose, and style representations while maintaining controllable image synthesis

from minimal data. The first stage focuses on learning subject-specific concepts and

their associated poses using textual and mask-based conditioning, while the second

stage specializes the model to capture stylistic attributes from a single style reference

image. During inference, these learned representations are jointly leveraged to gen-

erate images guided by a textual prompt, a target pose mask, and one or more style

tokens.
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Figure 4.2: Pipeline of the MCGM-Styler: The left section illustrates the two-stage

training process, with source and style images provided as user inputs. In the first

stage, various concepts are learned using textual prompts and mask inputs. In the

second stage, the style concept is trained. The token < asset1 > represents the cat in

the source image, while < s > represents the style. Note that the (+) symbol indicates

concatenation of the text with mask embeddings. The right section depicts the infer-

ence process, where a textual prompt description and a target position mask are used

to generate the output scene.

4.4 Style Representation and Conditioning

4.4.1 Preliminary: From MCGM to MCGM-Styler

The objective of MCGM-Styler is to generate images of arbitrary subjects in arbitrary

poses and styles, using only a single reference image per subject and a single style

image. The proposed approach builds upon the Mask Conditional Generative Model

(MCGM), which itself extends the Break-a-scene framework by introducing spatial

mask conditioning for pose control.

Given a source image Ic containing one or more subjects, MCGM introduces a set
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of N learnable textual handles {vi}N
i=1, where each handle corresponds to a specific

subject in the image. Each subject is associated with a spatial mask Mi describing its

target pose. A mask encoder Em maps each mask to a mask embedding mi, which

is concatenated with the corresponding textual embedding ti. The combined embed-

dings are injected into the cross-attention layers of the diffusion model, enabling

explicit and fine-grained pose control during generation.

While MCGM provides effective control over subject identity and pose, it lacks

an explicit mechanism for controlling visual style. MCGM-Styler addresses this lim-

itation by introducing an additional training stage dedicated to learning stylistic rep-

resentations, thereby extending the controllability of the generation process.

4.4.2 Injecting Style into the Generation Process

To enable style control, MCGM-Styler introduces a second training stage in which

the model learns a style representation from a single reference image. This is achieved

by learning a new style token s∗ that can be included in textual prompts at inference

time.

The training process is divided into two stages. The first stage focuses on learning

subject concepts and their poses, while the second stage focuses on learning the style.

Stage One: Learning Concepts and Poses. In the first stage, the model is trained

to extract and disentangle subject concepts from a single image Ic using textual

prompts and spatial masks. A small set of image–text pairs is constructed using

prompts such as "A photo of [vx] and [vy]", where each learnable token vi repre-

sents a subject. The background is masked out to constrain learning to the subjects of

interest.

Textual inversion is used to optimize the token embeddings, and a masked dif-

fusion reconstruction loss [72] is applied to restrict the reconstruction error to the

masked regions:

Lrec1 = Ez,s,ε∼N(0,1),t

[
‖ε �Ms − εθ (zt , t,cs)�Ms‖2

2

]
(4.1)
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where zt denotes the latent variable with noise added at time step t, s represents the

number of concepts, cs is the set of embeddings obtained from text and masks, Ms

corresponds to the set of masks, ε indicates the noise, and εθ refers to the de-noising

network.

To ensure that each textual handle attends exclusively to its corresponding sub-

ject, a cross-attention loss is introduced:

Lattn = Ez,k,t

[
‖C A θ (vi,zt)−Mik‖2

2

]
. (4.2)

Since pose mask embeddings are injected alongside textual embeddings, an ad-

ditional mask-based cross-attention loss is included:

LMattn = Lattn +λmEz,k,t

[
‖C A θ (mi,zt)−Mik‖2

2

]
. (4.3)

The total loss for the first training stage is therefore:

LT 1 = Lrec1 +λt1LMattn. (4.4)

Stage Two: Learning the Style. In the second stage, the model is fine-tuned to

learn a style representation from a single style image Is. A learnable style token s∗
is introduced using textual inversion, and the model is trained using prompts of the

form "A painting of s∗". The standard diffusion loss [72] is applied:

LT 2 = Ez,ε,t

[
‖ε − εθ (zt , t,s∗)‖2

2

]
. (4.5)

After completing both training stages, the model is capable of generating images

conditioned on subject identity, pose masks, and one or more learned style tokens.

4.5 Decoupling Content and Style

A fundamental challenge in learning style from a single image is the entanglement

of content and style. Without additional constraints, the model may encode object

identity, composition, or background information into the style token, leading to un-

intended content transfer during inference.
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To mitigate this issue, MCGM-Styler introduces a lightweight content–style de-

coupling strategy based on contextual descriptions. During style training, a contex-

tual descriptor pc describing non-style attributes of the style image such as objects,

layout, and background is inserted into the training prompt.

Let the standard prompt be defined as P= [p0,s∗]. Instead, the proposed approach

uses:

C = [p0, pc,s∗]. (4.6)

An example training prompt is "A painting of a pencil, pears, and apples on a

cloth, in the style of s∗." The contextual description typically consists of 5-15 words

and can be prepared by a non-expert user in less than one minute. This strategy en-

courages the model to encode only stylistic characteristics in the style token while

preserving content and pose control through textual prompts and masks.

4.6 Inference

At inference time, MCGM-Styler generates images starting from random noise us-

ing a pre-trained diffusion model conditioned on multiple inputs. The user provides

a textual prompt describing the scene, a target pose mask specifying the spatial con-

figuration of the subject(s), and one or more learned style tokens. The pose mask

embeddings and textual embeddings are injected into the cross-attention layers, en-

abling simultaneous control over subject identity, pose, and style.

This design allows flexible generation scenarios, including single-subject or multi-

subject scenes, single-style or mixed-style compositions, and fine-grained pose ma-

nipulation. The effectiveness of the proposed approach is quantitatively and qualita-

tively evaluated in Chapter 5, where MCGM-Styler is analyzed jointly with MCGM.

4.7 Chapter Summary

This chapter presented MCGM-Styler, a style-aware extension of the Mask Condi-

tional Generative Model designed to enable controllable text-to-image generation
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conditioned on subject identity, pose, and artistic style. Building upon the pose-

controlled generation capabilities of MCGM, the proposed approach introduces an

additional training stage that allows stylistic attributes to be learned from a single

reference image.

The two-stage training strategy enables an effective disentanglement of subject

concepts, spatial configuration, and visual style while maintaining minimal data re-

quirements. Spatial mask conditioning preserves fine-grained pose control, whereas

the learned style tokens allow flexible appearance customization, supporting single-

style, multi-style, and mixed-style generation scenarios. In addition, a lightweight

content-style decoupling strategy based on contextual descriptions was introduced to

reduce entanglement between stylistic and semantic attributes, improving robustness

during inference.

Overall, MCGM-Styler extends the original MCGM [73] framework into a uni-

fied system capable of generating diverse and personalized images with precise struc-

tural and stylistic control from limited supervision.

4.8 Contributions of This Chapter

The main contributions introduced in this chapter can be summarized as follows:

• A style-aware extension of the Mask Conditional Generative Model that en-

ables simultaneous control over subject identity, pose, and artistic style using a

single reference image.

• A two-stage training strategy that separates concept and pose learning from

style learning, improving modularity and controllability in diffusion-based im-

age generation.

• A lightweight content-style decoupling mechanism based on contextual de-

scriptions, reducing unintended content transfer while requiring minimal user

effort.
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• Support for flexible generation scenarios, including single-subject and multi-

subject scenes, as well as single-style, multi-style, and mixed-style composi-

tions.

The effectiveness of the proposed MCGM-Styler framework is evaluated through

extensive qualitative and quantitative experiments. In the next chapter, we present a

comprehensive experimental analysis of both MCGM and MCGM-Styler, including

comparisons with state-of-the-art methods, ablation studies, and evaluations of pose

accuracy, style fidelity, and visual quality. These results demonstrate the advantages

and limitations of the proposed approaches in a variety of generation scenarios.





Chapter 5

Experimental Results

This chapter presents a comprehensive experimental evaluation of the proposed mod-

els introduced in this thesis. We begin by analyzing the Mask Conditional Genera-

tive Model (MCGM), which extends Break-a-scene [20] by enabling explicit pose

control through mask-based conditioning. Subsequently, we evaluate the extended

MCGM-Styler model, which further introduces style control while preserving pose

consistency.

The experiments are designed to answer the following research questions: (i) Can

pose information be reliably injected into text-to-image diffusion models trained on

a single image? (ii) Does mask-based conditioning improve controllability without

degrading image quality? (iii) Can multiple subjects and actions be handled simulta-

neously? (iv) Can pose control and style transfer be combined effectively?

5.1 Results on MCGM

This section focuses on the experimental evaluation of MCGM, while results for

MCGM-Styler are presented later in this chapter.
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5.1.1 Experimental Setup

The objective of these experiments is to evaluate the ability of MCGM to generate

pose-controlled images from a single reference image. In particular, we analyze how

the proposed mask encoder and mask cross-attention loss affect pose accuracy, sub-

ject disentanglement, and overall image quality.

MCGM incorporates an additional mask encoder and a mask-based conditioning

mechanism injected into the diffusion cross-attention layers. This allows the gener-

ation process to be guided not only by textual prompts but also by explicit spatial

constraints.

The experimental evaluation is conducted using images collected from multiple

sources. A subset of the reference images is selected from the COCO dataset [81],

which provides high-quality instance segmentation masks. To increase the diversity

of the evaluation, additional images depicting different subjects, including both hu-

mans and animals performing various actions, are manually collected. For these im-

ages, segmentation masks are automatically generated using the STEGO unsuper-

vised segmentation framework [82]. All images and masks are resized to a fixed

resolution of 512×512 pixels to ensure consistency during training. Since MCGM is

designed for single-image personalization, each experiment is trained using a single

reference image containing one or more target subjects together with their corre-

sponding segmentation masks. The same experimental protocol is adopted across all

experiments, while different reference images are used to evaluate the robustness of

the proposed framework across diverse subjects, scenes, and pose configurations.

5.1.2 Training Details

The training procedure follows the two-stage optimization strategy proposed in Break-

a-scene, which has proven effective for single-image personalization. The proposed

MCGM model is implemented in PyTorch as an extension of the official Break-a-

Scene framework and all experiments are conducted on an NVIDIA A100 GPU.

Unless otherwise specified, the remaining implementation settings follow those of

the original Break-a-Scene model to ensure a fair comparison with the baseline. In
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the first stage, only the textual embeddings corresponding to the learned concepts

are optimized. A relatively high learning rate of 5×10−4 is used to encourage rapid

adaptation of the token embeddings to the target concepts.

In the second stage, the diffusion UNet and text encoder weights are fine-tuned

using a lower learning rate of 2× 10−6. This conservative learning rate is necessary

to preserve the generalization capabilities of the pretrained model while refining it to

incorporate pose information.

Both stages use the Adam optimizer with parameters β1 = 0.9, β2 = 0.99, and

a weight decay of 1× 10−8. The total number of optimization steps is set to 800,

with an equal split between the two stages. This configuration represents a trade-off

between training efficiency and generation quality, as confirmed empirically.

5.1.3 Single-Subject Results

We first analyze the behavior of MCGM in single-subject scenario. We decided to

test this scenario using different configurations:

Textual prompts with coherent masks: Figure 5.1 presents examples where tex-

tual prompts are paired with coherent pose masks. The generated images demonstrate

that MCGM successfully integrates semantic information from the text prompt with

spatial constraints from the mask. Although the generated subject does not exactly

replicate the mask shape, the overall pose and orientation are preserved. This behav-

ior is desirable, as it allows the model to maintain visual realism while respecting the

intended action.

Same textual prompt with different mask shapes. To further analyze the contri-

bution of the mask encoder, we generate images using identical textual prompts but

different pose masks. As illustrated in Figure5.2, the resulting images exhibit signif-

icantly different poses while maintaining consistent appearance and semantics. This

confirms that pose control is primarily governed by the mask input rather than the text

description; for instance, Figs. 5.2(a) and 5.2(b) show that the dog in the input source
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Figure 5.1: Different generated images for the input source images in different scenes

based on the text prompt and with the pose guided by the target masks.

is (a)sitting/(b)running in different positions based on the mask, although using the

same text prompt.

Comparison with blank masks and Break-a-scene. Figure 5.3 compares three

configurations: MCGM with shaped masks, MCGM with blank masks, and the orig-

inal Break-a-scene model which does not employ a mask during inference. When

shaped masks are used, the generated subjects closely follow the desired pose. In con-

trast, Blank Masks and Break-a-scene rely solely on textual descriptions, resulting in

unconstrained poses. This experiment highlights that MCGM generalizes Break-a-

scene by enabling pose control while retaining compatibility with the original frame-

work. Practically, the generated samples in Figure 5.3 are obtained with six pairs of

prompts (three for the creature and three for the dog). It is straightforward to notice

that scenes generated with the shaped masks follow the textual prompt and the mask

poses, whereas, by injecting the blank masks or using the Break-a-scene model, the
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Figure 5.2: Different images are generated for the same dog image using the same

text prompts and different target mask poses; in (a), the dog is sitting on the ground

based on the shape of two different masks. Next, in (b) the dog is running with two

different poses based on the mask shape.

scene follows only the textual text by applying a random shape. Indeed, our model

can be seen as a more powerful version of Break-a-scene: when using a blank mask

our model is conceptually the same, but when injecting a shaped mask it can control

the pose of the generated samples.

General-Subject Generation with Mask Conditioning Beyond reproducing spe-

cific concepts learned from a reference image, an important question is whether

MCGM can generalize pose control to broader semantic categories. To investigate

this capability, we evaluate the model in a setting where no specific subject instance

from the source image is used. Instead, the model is guided solely by a generic tex-

tual description of the subject class (e.g., a dog) together with different target pose

masks.

In this experiment, the same textual prompt is used across all generations, while

varying only the injected pose mask. Figure 5.4 illustrates representative results for

the prompt "a dog playing football" where each generated image corresponds to a dif-

ferent target mask. Despite the absence of a specific subject instance from the training

image, the model successfully generates plausible dogs that adopt poses consistent
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Figure 5.3: Different images generated by MCGM with shaped mask, MCGM with a

blank mask, or the Break-a-scene model

with the provided masks.

These results demonstrate that the pose-conditioning mechanism in MCGM is

not limited to memorized subject instances. Instead, the model learns a more abstract

representation of pose that can be transferred across object categories. Notably, the

generated poses do not rigidly replicate the mask shape; rather, the mask acts as a

structural guide that the model adapts to maintain visual realism.

An especially illustrative example is shown in the rightmost image of Figure 5.4,

where a human-shaped mask is used to guide the generation of a dog. Despite the

anatomical differences between humans and dogs, the model produces a coherent

image of a dog adopting a pose that clearly reflects the intended action. This behavior

highlights the flexibility of the proposed mask-conditioning strategy and indicates

that pose is learned as a high-level structural prior rather than as a strict pixel-level

constraint.

Overall, this experiment confirms that mask injection provides an additional and

independent degree of freedom beyond textual prompting. By decoupling pose con-

trol from subject identity, MCGM enables users to specify what should appear in the
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Figure 5.4: The same prompt with different target masks was used to generate differ-

ent positions for the dog playing football.

image through text and how it should be positioned or posed through masks, signifi-

cantly enhancing controllability in single-image text-to-image generation.

5.1.4 Multi-Subject Results

Generating scenes containing multiple subjects presents additional challenges com-

pared to single-subject generation. The model must not only preserve the identity of

each subject, but also correctly disentangle their representations, associate each sub-

ject with the appropriate textual description, and, when applicable, enforce distinct

pose constraints. In this section, we evaluate the ability of MCGM to handle these

challenges when learning from a single image containing multiple concepts.

Learning Multiple Concepts from a Single Image

The first requirement for multi-subject generation is the ability to learn and sepa-

rate multiple visual concepts from a single reference image. Unlike traditional per-

sonalization approaches that rely on multiple images per subject, MCGM inherits

from Break-a-scene the capability to extract several concepts simultaneously using

concept-specific textual handles.
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During training, each subject in the source image is associated with a distinct

textual handle and a corresponding segmentation mask. This design encourages the

diffusion model to learn disjoint representations for each concept while sharing a

common background. The effectiveness of this disentanglement is evaluated qualita-

tively through downstream generation tasks.

Single-Subject Generation from Multi-Subject Sources

We first assess whether MCGM can selectively generate a single subject from a multi-

subject source image. Figure 5.5 and Figure 5.6(b) illustrates results obtained by

conditioning the model on a single textual handle and its associated mask, while

ignoring the remaining subjects present in the source image.

Figure 5.5: Some results for multi-subject source images used different text prompts

associated with masks to generate scenes for a single subject.

The results show that the model successfully isolates the requested subject and

generates coherent scenes that follow both the textual description and the injected

pose mask. Importantly, other subjects from the source image are not inadvertently

reproduced, indicating that the learned representations remain well-separated. This

behavior demonstrates that MCGM maintains precise control over subject selection

even when multiple concepts are learned jointly.
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Figure 5.6: Some results for multi-subject source images used different text prompts

associated with mask support the action position in the scene, each column has a

different case based on the number of subjects and the number of masks used in the

scene.

Multi-Subject Generation with Shared Pose Constraints

We next evaluate scenarios in which multiple subjects are generated simultaneously

while sharing a common pose constraint. In this setting, a single mask is provided to

guide the action or posture of multiple subjects in the scene.

As shown in Figure5.6(c) and (d), MCGM is capable of generating scenes con-

taining two or three subjects performing similar actions, such as standing or running,

guided by a single mask. Despite sharing the same pose constraint, the generated

subjects maintain distinct appearances and identities, and the overall scene remains

visually coherent.

This experiment highlights the ability of the model to interpret the mask as a

high-level structural guide rather than a rigid template, allowing it to adapt the pose

constraint appropriately for different subjects.

Multi-Subject Generation with Independent Pose Constraints

A more challenging scenario arises when different subjects within the same scene

are required to adopt distinct poses. To evaluate this capability, we provide multiple
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masks, each associated with a specific textual handle.

Figure 5.6(e) and (f) demonstrate that MCGM can successfully generate scenes

with two or three subjects performing different actions simultaneously, each follow-

ing its corresponding pose mask based on its generated action. The model correctly

associates each mask with the intended subject, avoiding pose confusion or concept

mixing.

This result confirms the effectiveness of the proposed mask cross-attention mech-

anism, which enforces a strong correspondence between subject tokens, mask embed-

dings, and spatial regions in the generated image.

5.1.5 Discussion and Limitations

Overall, the multi-subject experiments demonstrate that MCGM extends pose-controlled

generation beyond isolated subjects to complex scenes involving multiple interacting

entities. The model consistently preserves subject identity, respects pose constraints,

and avoids common failure modes such as subject blending or incorrect mask assign-

ment.

Nevertheless, we observe that as the number of subjects and masks increases,

the generation task becomes more challenging, occasionally leading to minor spatial

inconsistencies or reduced visual fidelity. These limitations are primarily attributed

to the increased complexity of the conditioning signals and the reliance on a single

reference image for learning all concepts.

Despite these challenges, MCGM represents a significant advancement over ex-

isting single-image personalization methods by enabling flexible and controllable

multi-subject scene generation with explicit pose control.

5.1.6 Ablation Study

To quantify the contribution of the proposed mask cross-attention loss, we conduct

an ablation study comparing three configurations: MCGM with mask attention loss,

MCGM without mask attention loss, and the baseline Break-a-scene model.

As shown in Figure5.7, removing the mask attention loss leads to incomplete
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concept separation, resulting in mixed or ambiguous subjects. This behavior occurs

because the diffusion loss alone does not explicitly enforce spatial correspondence

between learned handles and image regions. By contrast, incorporating the mask at-

tention loss significantly improves both subject disentanglement and pose accuracy.

Figure 5.7: Ablation results for two-subject images using different text prompts and

masks. In particular, we tested MCGM with/without mask attention loss, compared

with the Break-a-scene model

These results confirm that the mask cross-attention loss plays a critical role in sta-

bilizing training and enabling reliable pose control, especially in multi-subject sce-

narios.

5.1.7 User Study

Due to the lack of standardized quantitative metrics for evaluating pose-conditioned

single-image generation, we conducted a user study to assess both the perceptual
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quality of the generated images and the accuracy of pose alignment. The user study

involved 82 voluntary participants recruited through an online Google Forms ques-

tionnaire. The survey was distributed through academic and professional networks

to individuals from diverse backgrounds, including undergraduate and graduate stu-

dents, university professors, researchers, and professionals from different disciplines,

representing a broad range of ages and levels of expertise. The objective was to obtain

feedback from both technical and non-technical users, thereby providing a more com-

prehensive assessment of the generated images. To ensure a fair comparison between

the evaluated methods, all participants evaluated the same set of generated images,

randomly selected from the complete set of experimental results, using an identical

questionnaire and evaluation criteria. Their responses were automatically collected

through Google Forms, exported for analysis, and used to compute the quantitative

results presented in this chapter. The questionnaire consisted of two types of ques-

tions: (i) multiple-choice comparisons between MCGM and Break-a-scene, and (ii)

Likert-scale ratings assessing the alignment between the generated images, the tex-

tual prompts, and the target pose masks. In total, 1,886 individual responses were

collected and analyzed.

Figure 5.8: Survey results when asking which image, one generated with MCGM and

the other with Break-a-scene, matches more with the pose indicated by the mask.

As shown in Figure5.8, 91.3% of participants preferred images generated by

MCGM when asked to identify the output that best matched the target pose. Given

the mask and two synthesized images (MCGM v.s. Break-a-scene), the evaluators
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were asked to select one image: "Please choose the image that is closest to the mask

pose".

Furthermore, as shown in Figure 5.9, in the second part of the survey, The Likert

scale (scale from 1 to 5) questions are employed to rate Text-Mask alignment: “Se-

lect the degree to which the photo result matches the input text and mask." Fifteen

examples were provided, 11 for single-subject images and 4 for two-subject images.

Given the original input image, the text prompt, the mask used to generate the output,

and the generated images, the evaluators were asked to choose the degree of match-

ing between the output and the text and the mask pose used. the average rating on the

Likert scale is 3.8 for both one-concept and multi-concept images.

These findings provide perceptual validation that MCGM improves pose control-

lability without compromising image quality.

5.2 Experimental Results: MCGM-Styler

This section presents the experimental evaluation of MCGM-Styler, the second main

contribution of this thesis. While the previous chapter sections demonstrated that

MCGM enables precise pose control through mask conditioning, MCGM-Styler ex-

tends this framework by introducing an additional level of controllability: artistic
style transfer.

The objective of MCGM-Styler is therefore not to re-establish pose conditioning

only, but rather to show that the model can simultaneously preserve (i) the identity of

learned concepts, (ii) control the target pose of the concepts, and (iii) the fidelity of

one or multiple target artistic styles.

5.2.1 Training Setup and Implementation Details

As described in Section 3.3, the training procedure of MCGM-Styler is composed of

two sequential stages. Both stages follow the same two-phase optimization strategy

introduced in Break-a-scene and inherited in MCGM.
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Figure 5.9: Survey results when asked to determine, with a scale from 1 to 5, how

much a generated sample with our method matches the pose of a target mask. T-
resp 1con and T-resp 2con are the total responses for single and multiple concept

images,w-sum 1con and w-sum 2con are the weighted sum for single and multiple

concept images and Avg-rat 1con and Avg-rat 2con are the average ratings for single

and multiple concept images.

Stage 1: Concept and Pose Learning. In the first stage, the model learns the sub-

ject concept(s) from a single reference image while grounding their spatial configu-

ration through mask conditioning.

Stage 2: Style Injection. In the second stage, the model is further trained to cap-

ture stylistic characteristics from one or more style reference images, enabling con-

trollable stylization while preserving the learned concept identity.

Each stage is trained with two optimization phases:

• Embedding optimization: text embeddings are optimized with a learning rate
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of 5×10−4.

• Model fine-tuning: UNet and text encoder weights are fine-tuned with a lower

learning rate of 2×10−6.

The Adam optimizer is used throughout, with β1 = 0.9, β2 = 0.99, and weight

decay 1× 10−8. Each phase runs for 400 optimization steps, resulting in a total of

800 steps per training stage.

Hyperparameter Selection. The learning rates (5×10−4 for embedding optimiza-

tion and 2× 10−6 for fine-tuning) were chosen after a grid search over {1× 10−4,

5× 10−4, 1× 10−3} for the first phase and {1× 10−6, 2× 10−6, 5× 10−6} for the

second phase. The selected rates provided the best trade-off between convergence

speed and preservation of pretrained weights.

We also evaluated different timestep budgets {400,600,800,1000}, and found

that 800 steps yield optimal style fidelity without overfitting.

Computational Requirements. The model requires approximately 8GB of GPU

memory for inference at 512×512 resolution. The complete training procedure (con-

cept learning + style learning) takes roughly 32 minutes on a single NVIDIA A100

GPU, making the approach efficient even in low-data personalization settings.

5.2.2 Qualitative Results

Single-Concept Generation Across Diverse Styles

We first evaluate the ability of MCGM-Styler to extract a single visual concept from

a reference image and render it in multiple artistic styles. The objective is to verify

that style conditioning successfully modifies the appearance of the generated output

while preserving the identity of the learned subject.

Figure 5.10 illustrates several examples where a single concept is generated under

five distinct artistic styles. The results confirm that MCGM-Styler effectively captures

stylistic features such as brush texture, color palette, and painting structure, while

maintaining subject consistency.
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Figure 5.10: One Concept, One Style: Images generated from a single input image

using the prompt "a painting of < asset0 > / < asset1 > in the style of < s0 >."

,where < asset0 > refers to the left dog, < asset1 > represents the cat, and < s0 >

denotes the target style. The figure highlights the effectiveness of style conditioning

for both learned concepts.

Joint Pose and Style Conditioning

The main strength of MCGM-Styler lies in its ability to combine multiple condition-

ing signals: textual prompts, pose masks, and artistic styles. This enables users to

generate subjects not only in a desired appearance but also in a spatial pose configu-

ration.

Figure 5.11 presents two cases:

• Style-only conditioning, where the subject adopts a generic pose.

• Style + mask conditioning, where pose guidance directly shapes the generated

action.

These results demonstrate that stylistic transfer does not compromise pose con-

trollability, confirming that structural constraints and artistic rendering remain com-

plementary within the proposed framework.
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Figure 5.11: One concept with varying masks and styles: Generated outputs are based

on the same textual prompt, but guided by different styles and mask shapes. The first

column uses only style guidance, while the second and third columns incorporate

both style and mask guidance. The first row corresponds to < asset1 >, representing

the cat concept, and the second row corresponds to < asset0 >, representing the left

dog concept.

Multi-Concept Stylized Scene Generation

Beyond single-subject synthesis, MCGM-Styler can generate coherent scenes involv-

ing multiple learned concepts, while still applying style and pose constraints.

Figure 5.12 illustrates several scenarios:

• A single mask guiding one concept.

• A single mask shared across multiple concepts.

• Multiple masks guiding multiple actions simultaneously.
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These examples highlight the flexibility of the proposed multi-conditional frame-

work for complex controllable scene generation.

Figure 5.12: Multi-Concepts-Multi-Masks: (A) illustrates the case of using a single

mask to guide only one of the concepts pose, specifically guiding the sitting pose for

the cat. (B) demonstrates the case of using a single mask to guide actions for two

concepts. In this example, the mask guides the sitting position for both the cat and

the dog. (C) showcases the case of generating three concepts in one scene using one

mask to guide their pose. Finally, (D) showcases the case of using multiple masks to

guide multiple actions for multiple concepts, with one mask guiding a sitting dog and

the other guiding a sleeping cat.

Mixed-Style Generation

An additional capability of MCGM-Styler is the ability to learn multiple artistic styles

and blend them during inference. This enables the generation of novel hybrid artistic

outputs that combine characteristics from more than one target style.

Figure 5.13 shows results obtained after training with two styles. The model can

generate outputs using either style independently or a mixture of both, depending on

the style tokens used at inference. For instance , the prompt "a photo of < asset0 > in

style of < s0 >, this case will generate one concept in one style , but when we use the

prompt " photo of < asset0 > / < asset1 > in the style of < s0 > and < s1 > " , that



5.2. Experimental Results: MCGM-Styler 57

means that the concepts will generated with mixed styles style1 and style2 together

in singel scene.

Figure 5.13: Results with multiple styles. The first two columns apply individual

styles, while the third column demonstrates mixed-style generation.

Further examples with different style pairs are shown in Figure 5.14, illustrating

that each combination produces a unique blended artistic appearance.

5.2.3 Comparison with State-of-the-Art Methods

To evaluate the capability of our model to transfer a style to a particular object, we

performed experiments to test our model’s style transfer performance and compared

it in Figure 5.15 with the DreamStyler model [77] in different scenarios. Firstly,

in (B), DreamStyler was trained using MCGM [73] to learn the concept to which

the style needs to be applied. In this case, the results were superior to the original
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Figure 5.14: Mixed-style synthesis with different trained style pairs, producing novel

hybrid artistic renderings.

DreamStyler model, which utilized DreamBooth as a pre-trained model and required

multiple training stages for optimal results. This configuration is shown in column

(C). Unlike Unlike DreamStyler, which often requires multi-stage training to achieve

strong results, MCGM-Styler achieves superior stylization quality within a single-

stage style adaptation process, while better preserving concept identity. To ensure

a fair comparison, we also evaluated our single-stage model against DreamStyler

trained in a single stage. The results presented in column (A) show that our model

outperforms DreamStyler in all scenarios.

5.2.4 Ablation Studies

Decoupling Style and Content

A key challenge in style transfer is avoiding the leakage of semantic content from

the style reference image into the generated scene. To address this, MCGM-Styler

introduces a lightweight human description prompt that explicitly separates non-style

attributes from stylistic cues.

Figure 5.16 shows that without this description, the model tends to copy objects

present in the style image. and tends to copy objects present in the style image.



5.2. Experimental Results: MCGM-Styler 59

Figure 5.15: Comparison between our model and different combination of Dream-

Styler and DreamBooth. The same sentence was used in all the experiments: “a paint-
ing of < asset0 > in the style of < s0 >." Here, < asset0 > represents the dog in the

source image, while < s0 > corresponds to the style image used in each experiment.

(A) represents the results employing our full model for both learning the concept

and the styles. (B) and (C) both employ DreamStyler for the style and MCGM and

DreamBooth for the concept, respectivelly. In this case six style training stages are

used. Finally, in (D) DreamStyler with a single style training stage in combination

with DreamBooth is presented.

More in detail, our system integrates a new human description prompt in the

training process with the objective of decoupling style and content from the style im-
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Figure 5.16: Effect of human description prompts in decoupling content and style.

Different scenes without and with the human description technique. On the left, the

source and style used are displayed. The top row shows the different prompts applied.

The middle row presents three different concept scenes generated using various text

prompts without the human description technique. The bottom row shows the results

obtained by incorporating human description during training.

age. This description consists of a concise list of non-style attributes (5–15 words)

describing the objects, composition, and background in the style image. Short but

specific descriptions (e.g., ‘pencil, pears, and apples on a cloth’) are sufficient for

effective decoupling. Preparing the description requires less than one minute from a

non-expert user. An example training prompt is ‘A painting of a pencil, pears, and

apples on a cloth, in the style of s*.’ This lightweight annotation process offers a

practical balance between user effort and model performance. From the figure it is

evident how, without this description, the model struggles to generate the concepts

and instead copies elements that are present in the style image. So as shown in Figure

5.16 , with the description, the system achieves more effective style-content decou-

pling, improving generalization.
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Contribution of the Mask Encoder

We also evaluate the importance of the mask encoder component. As shown in Figure

5.17, removing the mask encoder significantly reduces pose accuracy, even when the

correct style is applied. For example, when using the prompt “a painting of <asset1>

playing football in the style of <s0>”, the generated object (cat) fails to align its

action (playing football) with the target mask pose,

Figure 5.17: Contribution of the mask encoder: two experiments using the same

source image, target pose mask, text prompt, and target style. The example to the

right, without the mask encoder, fails to apply the target pose correctly.

Effect of Training Timesteps

Finally, we analyze the impact of different timestep budgets during style learning.

during the style training phase, we trained the model using different number of timesteps.

As shown in Figure 5.18, before reaching 800 timesteps, the model fails to accurately

apply the style, resulting in generated images that do not fully align with the reference

style. At 800 timesteps, the generated images achieve an optimal painting style that

closely matches the reference. However, beyond 800 timesteps, the model begins to
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overfit, prioritizing the style over the trained concept. This overfitting is influenced by

the initial concept training phase. Therefore, 800 timesteps provide the best balance

between style fidelity and concept preservation.

Figure 5.18: Style training with different timesteps.For each experiments, three ex-

amples are shown. Optimal results are obtained at 800 steps, while larger values lead

to overfitting.

5.2.5 Style-Guided Text-to-Image Generation

MCGM-Styler can also be applied beyond concept personalization, enabling style-

guided generation of generic objects from text prompts alone (a bridge, a house, etc.)

rather than specific concepts from the source image to demonstrate the effectiveness

of our system in injecting the desired style into the generated images. This extends

the applicability of the model to broader text-to-image synthesis tasks.

Figure 5.19 presents examples of stylized text-to-image generation and compar-

isons with DreamStyler configurations, confirming the strong style controllability of

our approach.

5.2.6 Quantitative Evaluation

We quantitatively compare MCGM-Styler with DreamStyler under the same training

scenarios discussed above. For each method, we generated 125 images (25 samples

per style across five styles).

We compute:

• DINO similarity matrix [83]
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• CLIP-I score [84]

for each image and calculated the average similarity for each set of 25 images

per style. Finally, we derived the overall average similarity score for each scenario.

Table 5.1 shows that MCGM-Styler achieves the highest similarity scores, confirming

its superior performance in style transfer quality.

Table 5.1: Quantitative Evaluation: Comparison of MCGM-Styler with Dream-

Styler under different training conditions. Bold: best, underline: second best.

Method DINO ↑ (Cosine) DINO ↓ (Euclidean) CLIP-I ↑ (Cosine)
DreamStyler (1 stage) 0.075 38.5 0.591

DreamStyler (6 stage) 0.203 36.1 0.609

DreamStyler (with MCGM) 0.207 35.4 0.643

MCGM-Styler 0.436 29.6 0.708

5.2.7 User Study

To complement quantitative evaluation, we conducted a user study with 25 partici-

pants (age 21–38, mixed academic and non-academic backgrounds). The study in-

cluded 25 questions divided into three parts:

1. Style transfer fidelity and realism (10 questions)

2. Preference comparisons against DreamStyler baselines (10 questions)

3. Consistency of joint pose + style transfer in multi-concept scenes (5 questions).

In Part 1 participants rated the realism and fidelity of stylized outputs given a

specific target style. in Part 2, comprising object-level and scene-level evaluations

across different styles, in which our method was compared to DreamStyler under

various training setups as detailed in the table, and in Part 3, participants assessed

the consistency of pose and style across scenes generated from a source image with

multiple objects, a target position mask, a target style, and a guiding text prompt.
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Participants reported strong satisfaction, with 77.5% of positive responses (scale

4: 33.33%, and scale 5: 44.16%) in Part 1 and 68.8%(scale 4: 36.45%, and scale 5:

32.33%) in Part 3, indicating high satisfaction with both the fidelity of the style and

the integrated transfer of the pose-style. Furthermore, our method was preferred over

three baseline methods approaches in 65% of object-level comparisons and 61.68%

of full-scene evaluations.

These results confirm that MCGM-Styler provides an effective and flexible solu-

tion for controllable pose- and style-guided image generation from minimal data.

Chapter Summary

This chapter presented the experimental evaluation of the proposed frameworks, MCGM

and its extension MCGM-Styler.

First, the results of MCGM demonstrated that incorporating mask-based con-

ditioning into concept learning enables controllable pose-guided scene generation

from a single input image. The qualitative experiments confirmed that the model can

generate both single-subject and multi-subject scenes while following user-defined

spatial layouts. Furthermore, the ablation study validated the importance of the pro-

posed mask cross-attention loss in improving concept disentanglement and pose ac-

curacy. User study findings also supported the effectiveness of mask guidance, show-

ing strong alignment between generated subjects and target pose conditions.

Second, the evaluation of MCGM-Styler showed that the framework can suc-

cessfully extend pose control toward style-conditioned generation. The model was

able to synthesize paintings of personalized concepts across diverse artistic styles,

including mixed-style compositions and multi-concept stylized scenes. Comparisons

with state-of-the-art approaches such as DreamStyler highlighted the advantages of

the proposed two-stage training strategy, achieving stronger style fidelity while re-

quiring fewer optimization stages. Quantitative metrics and user study results further

confirmed the superiority of MCGM-Styler in transferring both pose and style in a

unified generation process.

Overall, the experiments demonstrate that the proposed multi-conditional gen-
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erative framework provides a flexible and efficient solution for controllable text-to-

image synthesis, supporting user-defined subjects, poses, and artistic styles within a

single personalized model.
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Figure 5.19: Style-guided text-to-image generation: Comparison between our model

and various configurations of DreamStyler model. The left column shows the input

text prompt and target style, the right column displays results from our model, and the

center presents DreamStyler outputs under different training setups, including one-

step, six-step, and MCGM-pretrained variants.
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Conclusion and Future Work

6.1 Thesis Summary

In recent years, diffusion-based generative models have achieved remarkable suc-

cess in text-to-image synthesis, enabling the creation of highly realistic and diverse

visual content from natural language descriptions. Despite these advances, personal-

ized generation from a single reference image remains a challenging task, particularly

when additional controllability is required. Most existing personalization approaches

focus primarily on learning the identity of a subject from limited examples. However,

they often lack explicit mechanisms to control important structural attributes such as

object pose, spatial placement, and artistic style. This limitation reduces the usability

of such models in practical applications, where users typically require more flexible

and precise control over the generated scenes.

This thesis addressed these challenges by introducing a multi-conditional person-

alized diffusion framework that enables controllable image generation from a single

input image. In particular, we proposed two complementary models:

• MCGM, which extends concept personalization by introducing explicit pose

control through mask conditioning.

• MCGM-Styler, which further extends the framework to support style-conditioned

generation while preserving pose controllability.
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Together, these contributions provide a unified approach for generating scenes

that are simultaneously controllable in terms of subject identity, pose structure, and

artistic style.

6.2 Main Contributions

The primary contributions of this thesis can be summarized as follows:

• We proposed the Mask Conditional Generative Model (MCGM), a multi-

conditional personalized diffusion framework that extends single-image con-

cept learning with explicit spatial controllability. By introducing a dedicated

mask encoder and injecting mask embeddings into the cross-attention layers,

the model enables pose-guided generation while preserving subject identity.

• We introduced a mask cross-attention alignment loss that explicitly regular-

izes the association between textual handles and their corresponding spatial

mask regions. This loss improves concept disentanglement and enhances pose

consistency in multi-subject generation scenarios.

• We proposed MCGM-Styler, an extension of MCGM that incorporates artistic

style conditioning through a two-stage training strategy, enabling users to gen-

erate personalized subjects in arbitrary styles while maintaining pose control.

• We introduced a lightweight human description-based decoupling technique

to reduce content-style entanglement during style learning, improving general-

ization across complex style references.

• We validated both frameworks through extensive qualitative results, ablation

studies, quantitative evaluations, and user studies, demonstrating consistent im-

provements over state-of-the-art baselines such as Break-a-scene and Dream-

Styler.
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6.3 Discussion of Findings

The experimental results presented in Chapter 5 confirmed the effectiveness of the

proposed multi-conditional diffusion framework.

For MCGM, the integration of pose masks significantly enhanced the level of

controllability compared to standard text-only personalization methods. The model

was able to generate subjects performing diverse actions and adapting to various spa-

tial configurations, even when the target masks were only approximate representa-

tions of the desired pose. Furthermore, multi-subject experiments demonstrated that

the proposed attention-based losses play a crucial role in preventing concept mixing

and ensuring that each learned handle focuses on the correct image region.

For MCGM-Styler, the two-stage training approach successfully enabled the

transfer of artistic styles while preserving both identity and pose structure. Unlike

existing methods that require multi-stage optimization to achieve high style fidelity,

MCGM-Styler achieved competitive and often superior results with only a single

style training stage. Additionally, the model supports multi-style blending, offering

new creative possibilities beyond traditional style transfer.

Quantitative evaluations using DINO similarity and CLIP-based metrics con-

firmed that MCGM-Styler produces outputs that are both stylistically consistent and

semantically aligned. User studies further reinforced these findings, showing a clear

preference for the proposed framework over competing baselines in terms of pose

adherence, style quality, and overall realism.

Overall, the results demonstrate that adding explicit spatial and stylistic condi-

tioning to personalized diffusion models is a promising direction for controllable

image synthesis.

6.4 Limitations

Despite the strong performance of the proposed models, several limitations remain.

In the case of MCGM, the model sometimes struggles to correctly interpret the

orientation of target masks. While the generated subject typically matches the desired
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action and position, the viewpoint or directional alignment may differ from the mask

specification. for instance As shown in Fig. 6.1, when using a mask condition for the

subject with a side view, the model generates images for the subjects using the correct

mask action position but with a front view.

Figure 6.1: Limitation in following the correct orientation of the mask. In this case,

the direction of the output images (front view) is different from the mask direction

(side view) even if the overall pose is correct.

Furthermore, when more than two distinct pose masks are provided simultane-

ously, the model may fail to accurately satisfy all constraints, leading to partial mis-

alignment in complex multi-subject scenes (see Fig 6.2. The text prompt suggests

three actions for three subjects: sleeping asset1, flying asset3, and running asset0

. knowing that: asset0 represents the dog, asset1 the cat, and asset3 the bird). The

mask conditions consist of three masks, one mask for each action; the results show

that the positions of the mask conditions did not apply to the generated subjects.

For MCGM-Styler, although the model effectively combines pose and style con-

trol, disentangling content from highly abstract or compositionally complex style ref-

erences remains challenging. In particular, as shown in fig.6.3 style images contain-

ing multiple interacting objects or strong structural patterns may introduce unwanted

content leakage into the generated output. Additionally, both frameworks rely on a
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Figure 6.2: Limitation when using more than two mask conditions. Indeed, the model

struggles to apply the mask conditions for all subjects in the output scenes.

fine-tuning procedure, which may still present scalability challenges when extending

to very large numbers of concepts, longer prompts, or complex structural synthesis.

6.5 Future Work

The limitations discussed above suggest several directions for future research.

First, future extensions may focus on improving pose accuracy in complex scenes

by supporting a larger number of pose masks. This would enable reliable generation

in scenarios involving multiple subjects performing independent actions.

Second, investigate strategies to enhance the model’s capacity to interpret longer

prompts, thereby enabling the generation of more detailed and coherent scenes

Third, automated style captioning and context extraction could significantly im-

prove the usability of MCGM-Styler by removing the need for manual human de-

scriptions. Integrating vision language models to generate contextual prompts auto-

matically represents a promising direction.

Fourth, future work could explore more advanced disentanglement strategies to

decouple the content and style from the style image.

Finally, extending the framework beyond static image synthesis toward video



72 Chapter 6. Conclusion and Future Work

Figure 6.3: Decoupling limitation. Two examples of failure cases caused by complex

multi-subject interactions in the style image. The left column shows the source image

and prompt, the middle columns show the mask and style, and the right column shows

the generated results , where the content is entangled with the source style image.

generation, 3D-aware diffusion, or interactive editing applications could further broaden

the impact of the proposed approach.

6.6 Final Remarks

This thesis introduced a novel multi-conditional diffusion framework for personal-

ized image synthesis from a single reference image. By combining concept learning,

pose control through mask conditioning, and style injection through two-stage train-

ing, the proposed models provide a flexible and effective solution for controllable

scene generation. The contributions of MCGM and MCGM-Styler highlight the po-

tential of diffusion models not only as powerful generative tools but also as con-

trollable and user-adaptive frameworks for creative applications. We believe that this

work represents a meaningful step toward more expressive, efficient, and controllable

generative modeling systems.
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