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Abstract

Image inpainting, the task of reconstructing corrupted regions in images to achieve visually
coherent results, is pivotal in computer vision, enabling applications such as photo restoration,
object removal, and creative design. Despite significant advancements, existing methods strug-
gle with complex real-world corruptions involving diverse semantic content, intricate structural
details, and precise spatial control. This thesis addresses three critical challenges in image
inpainting, spanning generative adversarial network (GAN)-based and diffusion-based frame-
works, to advance the field toward solutions that restore semantic plausibility, structural fidelity,

and spatial consistency, thereby meeting the demands of diverse applications.

The first challenge in GAN-style inpainting involves restoring multiple corrupted semantic
regions, such as facial features with distinct class-level content. This is complicated by the
need for semantic coherence across diverse regions, as existing methods that rely on implicit
learning of semantics (e.g., GANs trained on large datasets to infer patterns) struggle with
effective restorations, while methods that use explicit guidance (e.g., from pre-trained models or
predicted semantic maps) often propagate errors from inaccurate initial predictions. To address
this, a dual-task generative framework is proposed that jointly refines semantic segmentation
predictions and texture restoration, iteratively correcting segmentation errors using restored

textures and guiding inpainting with refined semantics.

The second challenge, also in GAN-style inpainting, focuses on reconstructing structurally
intricate regions, such as repetitive patterns in building facades, where semantic priors alone are
insufficient for capturing fine-grained spatial details. Existing methods incorporate structural
priors (e.g., sketches) through direct or modulated feature fusion, but they lack dynamic and
global adaptation to evolving inpainting features, leading to inconsistencies or artifacts. An
adaptive multi-modal framework is introduced, inspired by human drawing processes, which

dynamically integrates structural and semantic priors to ensure both structural accuracy and
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semantic plausibility throughout the progressive inpainting process.

The third challenge, specific to Diffusion-style inpainting, concerns recovering partially occluded
objects with precise posture control. This task is hindered by the limitations of text-only guid-
ance in conveying pixel-aligned spatial attributes, while existing visual guides ignore residual
cues from uncorrupted object regions, leading to pose mismatches. This thesis solves this via a
dual-path visual control module, which explicitly models interactions between uncorrupted vi-
sual cues and guided sketches, then integrates guided sketches into the diffusion-based inpaint-
ing process. This spatial bridge ensures that sketch-controlled generated regions seamlessly
connect to existing structures, achieving precise posture control and consistency. Additionally,
two novel datasets, CUB-sketch and MSCOCO-sketch, are introduced to benchmark posture-

aware inpainting.
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Chapter 1

Introduction

1.1 Background

(a) Painting reconstruction (b) Text removal (c) Object removal

s TP g
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Damaged painting  Restored painting Mask texts Restored image Mask objects Restored image

Figure 1.1: Tmage inpainting has various applications, including (a) painting reconstruction,

(b) text removal, and (c) object removal.

Image inpainting [1], the technique of reconstructing missing or corrupted regions of an im-
age such that the restored content is visually indistinguishable from the original to a human
observer, remains a fundamental task in computer vision [2], [3], [4], [5], 6], [7], [8], [9], [10],
[11], [12], [13]. Its applications span various domains, including the restoration of deteriorated
or aged photographs and artworks [14], [15], the removal of undesired elements such as wa-
termarks, logos, and subtitles [16], [17], and the seamless erasure or replacement of unwanted
objects [3], [18], [19], [20]. As illustrated in Fig. 1.1, image inpainting can effectively recon-
struct damaged paintings, erase overlaid text, or remove distracting foreground objects (e.g.,

the horse), producing visually plausible and coherent results.

Ideally, a robust image inpainting algorithm should be capable of flexibly handling arbitrary

corruptions, ensuring that the reconstructed content closely matches the original image in both
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(a) Multi-semantic region damage (b) Structure-rich region damage (c) Large-area object damage

Figure 1.2: Examples of corrupted images with diverse types of damage: (a) multi-semantic
region damage (e.g., eye, nose, and mouth), (b) structure-rich region damage within the brick-

pattern building category, and (c) large-area object damage.

structural layout and semantic meaning. Achieving this involves significant challenges. First,
in scenarios where the corrupted area spans multiple semantic regions with distinct class-level
content (e.g., occlusion of all facial features, such as the eyes, nose, and mouth, as depicted in
Fig. 1.2 (a)), the network must learn to generate semantically coherent and spatially consistent
features that account for each class. Second, when dealing with semantically corrupted yet
structurally intricate regions (e.g., a building facade with repetitive brick patterns, as shown in
Fig. 1.2 (b)), generating high-frequency, structurally precise details within the inpainted regions

becomes particularly demanding.

These two challenges pose significant technical barriers for deep learning-based inpainting net-
works, particularly those built on the generative adversarial networks (GANs) paradigm [21].
GANSs typically frame image inpainting as a conditional image generation problem: a generator
is trained to synthesize the missing region conditioned on the undamaged parts of the image,
while a discriminator evaluates the authenticity of the generated content [9], [22]. Numerous
studies have proposed GAN-based models that demonstrate impressive results [9], [10], [22],
(23], [24], [25], [26], [27], [28], [29], [30], [31], [32], [33], [34], [35], and this thesis refers to such
approaches collectively as GAN-style inpainting.

More recently, Diffusion models [13], [36] have emerged as a compelling alternative, leading
to the development of diffusion-style inpainting methods. These models progressively refine
randomly sampled Gaussian noise through multiple denoising steps to generate high-quality
images. The iterative generation process enables better preservation of fine-grained details and

allows more flexible conditioning on external information, such as textual descriptions [13], [37],

3
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[38], [39], [40], [41]. Diffusion-style methods have exhibited notable strengths in addressing
large or fully masked object regions, as illustrated in Fig. 1.2 (c¢), which depicts a largely
masked object scenario. However, when objects are partially occluded, inpainting is required
to reconstruct the missing parts of the subjects to be consistent with the non-occluded parts in
terms of both subject posture and the existing texture information. However, existing diffusion-
based methods lack spatial reasoning capabilities and are therefore unable to guarantee plausible

object posture.

This thesis aims to systematically investigate the aforementioned challenges in image inpainting

across both GAN-style and diffusion-style frameworks.
For GAN-style inpainting, this thesis discusses two primary challenges:

e The challenge of restoring multiple corrupted semantic regions.

e The challenge of restoring complex structures while maintaining semantic plausibility.
For Diffusion-style inpainting, the key challenge under investigation is:

e The challenge of recovering the partially occluded objects using the diffusion model.

1.1.1 Challenges in Restoring Multiple Corrupted Semantic Regions
in GAN-style Inpainting

In GAN-style image inpainting, a major difficulty arises when the corrupted regions contain
multiple subareas, each associated with a different semantic class. Fig. 1.2 (a) provides an
example where random occluded areas cover multiple critical facial features such as the eyes,
nose, and mouth. Even for human observers, accurately inferring and reconstructing fine-
grained textures with appropriate semantics is not trivial. Existing works tackling this problem

generally fall into two broad categories:

1. Approaches for enforcing implicit semantic consistency: These leverage GANs to
implicitly learn semantic features from large-scale datasets, using adversarial training to

generate plausible content [9], [10], [22], [24], [26], [30], [42], [43], [44], [45].

2. Approaches for enforcing explicit semantic consistency: These apply pre-trained
semantic feature constraints [46], [47], [48] or introduce explicit semantic priors [23], [25],

[28], [49] to enhance the semantic consistency of inpainted results.
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The methods of the first category rely heavily on the capacity of GANs to extract implicit
semantic representations from data, enabling the model to generate coherent content even in
the presence of substantial occlusions. However, the ability of such methods to handle large
free-form corruptions that affect multiple semantic categories is inherently limited. In contrast,
semantic-guided methods, i.e., the methods of the second category, have shown promise in lever-
aging explicit cues to improve inpainting quality. For instance, feature constraint approaches
introduce supervision from pretrained networks such as VGG [46], [50] or StyleGAN [51], [52]
to focus on contextual semantics in uncorrupted areas [10], [53]. These constraints enhance the

model’s ability to generate semantically faithful content in complex regions.

Another way for enforcing semantic consistency involves generating intermediate semantic pri-
ors, such as semantic segmentation maps [54], [55], from the corrupted image. These predicted
priors then guide the subsequent inpainting process to ensure semantic alignment. However,
generating accurate segmentation maps from severely corrupted inputs is itself a non-trivial
problem. Errors in the predicted semantic priors may propagate and negatively impact the
final inpainting results. This raises an important question: how can semantic errors in image
inpainting be mitigated to enhance the effectiveness of subsequent guidance? To address this
issue, this thesis proposes a dual-task generative framework that jointly optimizes semantic seg-
mentation and image inpainting. Inspired by prior segmentation-guided methods [23], [28], the
proposed approach enables mutual refinement of segmentation priors and texture restoration,

thereby improving robustness against initial prediction errors in heavily corrupted regions.

1.1.2 Challenges in Restoring Complex Structures and Reasonable

Semantics in GAN-style Inpainting

While explicit semantic priors help ensure correct category-level guidance in image inpainting,
they often lack sufficient detail to recover structurally intricate features that demand fine-
grained spatial details within each semantic region. For example, restoring the texture of a
brick wall, as illustrated in Fig. 1.2 (b), requires not only semantic knowledge that the region
belongs to the “building” class, but also the ability to replicate intricate local patterns, such as
the alignment, repetition, and perspective of the bricks. Semantic segmentation maps, although
useful for conveying category-level layouts, are inherently limited in their capacity to preserve

these intra-class structural characteristics.
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To overcome this limitation, recent research has introduced structural priors—such as Canny
edges [56], gradient maps, contours, or hand-drawn sketches—into the inpainting process [27],
[29], [57], [58], [59], [60]. These structure-aware methods typically follow a pipeline similar to
semantic-guided models: first, a structure generator produces the edge or sketch representation;
second, a texture generator leverages this structural input to guide the reconstruction of image
details. These methods aim to enhance the spatial precision and local consistency of the

inpainted content by enforcing alignment with guided structural features.

However, structure guidance and semantic segmentation serve complementary roles: the for-
mer provides low-level structural cues, while the latter focuses on high-level category layouts
and class relationships. As such, semantic information dictates what class content should be
present, while structural information constrains how it should be spatially organized. Therefore,
combining both types of guidance in a coherent and adaptive manner is critical for restoring
content that is both semantically plausible and structurally accurate. This thesis identifies two

mainstream approaches to fusing such guidance information:

1. Direct feature fusion: Structural and semantic guidance features are directly concate-
nated with corrupted images or internal features within the inpainting network [23], [58],
[59], [60], [61], [62]. This approach enables the network to process all available informa-
tion simultaneously but lacks mechanisms to prioritize or adaptively balance guidance

signals.

2. Modulated feature fusion: Guidance information is injected through transformation
functions, such as conditional normalization or feature gating, to modulate the image

inpainting process in a spatially aware manner [25], [33], [49], [63], [64], [65], [66].

However, both strategies lack dynamic and global utilization of the guidance information
throughout the inpainting process, overlooking its correlation with the evolving inpainting fea-
ture representations. As reconstruction progresses, the degree of missing information changes
dynamically, requiring adaptive guidance to maintain optimal performance. Consequently,
these methods may provide excessive or insufficient guidance at various stages, resulting in

semantic inconsistencies or structural artifacts in the final output.

This remains an open challenge: is there a feasible approach to enhance structure and seman-
tics in image inpainting through dynamic and adaptive guidance? To address this limitation,

this thesis draws inspiration from human drawing processes [67], [68], [69], where structural

6
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outlines and semantic understanding are iteratively refined alongside texture rendering. Ac-
cordingly, this thesis proposes an adaptive multi-modal inpainting framework that not only
integrates structural and semantic priors but also dynamically modulates them based on the
inpainting progress. This approach enables more accurate restoration of semantically coherent

and structurally consistent content in challenging scenarios.

1.1.3 Challenges in Recovering Partially Occluded Objects in Diffusion-
style Inpainting

Textual prompts offer a versatile and expressive means to specify high-level semantic concepts,
such as object appearance, category, or general spatial configuration, in image inpainting tasks,
particularly for largely or fully occluded object regions (see Fig. 1.2(c)). In diffusion-based
inpainting, these prompts guide the denoising trajectory via cross-modal attention mechanisms.
However, despite the richness of linguistic descriptions, text-only conditioning struggles to
control spatially precise attributes, such as posture, orientation, and pixel-level geometry of
corrupted objects. Consequently, achieving accurate posture consistency between the object’s
non-occluded parts and the generated regions from the inpainting process remains a critical yet
underexplored challenge in text-guided diffusion-based inpainting. Existing approaches can be

broadly classified into two categories:

1. Text-only inpainting: These models utilize text embeddings derived from vision-language
models such as CLIP [70] and incorporate them into the diffusion process using cross-
attention mechanisms across all layers [13], [38], [41], [71], [72], [73], [74], [75], [76]. While
effective in steering generation toward semantically appropriate results, these approaches

cannot impose precise spatial constraints.

2. Visual-guided inpainting: These methods introduce sketches, contours, or keypoints
as auxiliary inputs to encode structural intent [39], [77], [78]. The visual prompts provide

an additional spatial prior that can complement textual instructions.

Current text-guided diffusion models frequently produce reconstructions with incorrect poses
or distorted shapes. This difficulty arises because natural language operates at an abstract and
symbolic level, whereas posture control in image inpainting requires spatially grounded, pixel-
aligned information. Even prompts that explicitly describe an object’s orientation (e.g., “a horse

facing left with a raised front leg”) may lead to results that deviate from the intended spatial

7
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configuration due to the inherent limitations of text in conveying pixel-aligned information.

While visual guidance improves structure recovery, most existing models treat such guidance as
one-way visual control: the sketch or edge is directly injected into the model without consider-
ing how it interacts with uncorrupted object regions or fragments. This approach is well-suited
for fully occluded objects, where no residual information exists, but performs poorly in partially
occluded scenarios. In such cases, uncorrupted fragments provide pose-relevant cues, such as
local orientation, symmetry, or part relationships, which, if ignored, lead to reconstructions
lacking spatial continuity or alignment with the original posture. In real-world applications,
partial occlusion is more common than total occlusion, making it essential for inpainting sys-
tems to leverage all available spatial context. This includes both externally provided visual
priors (e.g., sketches) and in-image residual structures (e.g., uncorrupted object parts). Hence,
achieving precise posture control requires not just pixel-grained visual prompts, but an inter-

active mechanism that unifies internal information and external guidance.

To address this challenge, this thesis proposes a dual-path visual control module that explicitly
models the connection between visible object regions and guided sketches. Unlike one-way
visual prompts, this design allows mutual information exchange between known (uncorrupted)
and unknown (corrupted) regions before sketch-based control is applied to the corrupted area.
The module jointly reasons over both paths to ensure that the generated posture is consistent
with the visible structure and aligns with the intended sketch. Furthermore, two novel datasets
are introduced to evaluate posture-aware inpainting capabilities. These datasets include a
range of partially and largely occluded objects, paired with user-style sketches and descriptive

prompts, enabling systematic benchmarking of partial-object inpainting.

1.2 Research Problems and Contributions

1. Joint Optimization of Semantic Refinement and Image Texture Restoration:

Image corruptions or missing regions in real-world scenarios are highly diverse, often
involving multiple distinct semantic regions. Intuitively, providing accurate semantic
prior information for these corrupted regions can guide semantically reasonable image
inpainting. However, generating high-quality semantic priors from severely corrupted

images is non-trivial. Consequently, errors or ambiguities in the semantic prior guidance
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can ultimately degrade the inpainting quality. Mutual co-optimization of semantic prior
generation and target image texture restoration offers a promising solution to mitigate
errors in semantic guidance. This thesis explores this approach to enhance inpainting

outcomes.

. Adaptively Joining Structure Priors and Semantic Guidance for Complex Im-

age Inpainting:

A more challenging scenario arises when corrupted semantic regions involve structurally
complex objects (e.g., non-rigid structures like buildings with intricate brick patterns).
Semantic-guided inpainting approaches often prove ineffective here, as they leverage
category-level semantics but lack intra-class structural priors. While introducing struc-
tural guidance (e.g., Canny edges) can alleviate this issue, distinct guidance types (e.g.,
edges and segmentation maps) focus on complementary aspects of the scene that con-
tribute to the image inpainting process. Hence, a key question is how to jointly and
adaptively apply both types of guidance during the progressive texture generation pro-
cess. Drawing inspiration from how human artists collaboratively utilize structural and
semantic information during drawing, this thesis proposes a dynamic collaboration scheme
that models structure and semantic priors as complementary modalities for addressing

this challenge.

. Spatial Reasoning in Diffusion-based Inpainting for Partially Occluded Ob-

jects:

In text-guided diffusion-style inpainting, external text prompts can describe the expected
semantics of corrupted objects in damaged images. However, achieving precise spatial
posture control using only textual semantics is difficult due to the inherent gap between
high-level language and pixel-level pose information. Although existing visual-guided
inpainting methods utilize structural information, they often fail with significantly or
partially corrupted objects. This failure stems from their one-way visual control mecha-
nisms, which neglect valuable spatial clues present in the uncorrupted parts of the object
— clues essential for posture control. To address this, this thesis introduces a novel dual-
path visual control module and proposes two customized datasets to evaluate posture

control for partially corrupted objects.
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Figure 1.3: The research pathway of this thesis, in which image inpainting approaches are
grouped into two representative frameworks: generative adversarial networks and diffusion
models, each presenting unique challenges that need to be addressed to advance image inpaint-

ing research.

Fig. 1.3 illustrates the research pathway of this thesis, categorizing image inpainting approaches
into two types based on the generative model used: GAN-style and Diffusion-style. For each
type, distinct technical challenges are identified and addressed to advance the state of the
art. This thesis investigates these issues in depth, proposing novel insights and solutions. The

structure of the thesis, depicted in Fig. 1.4, is organized as follows:
e Chapter 2: This chapter presents a survey of generative image inpainting approaches.

e Chapter 3: This chapter presents a dual-task co-optimization framework for guided se-
mantic information and target image texture inpainting, addressing Research Challenge
1. The framework is designed for scenarios with multiple corrupted semantic regions.
Specifically, it leverages semantic segmentation maps as guidance and progressively mod-
els two intertwined processes: segmentation-guided texture generation and texture-guided

segmentation refinement. It iteratively enriches segmentation predictions using the in-
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Figure 1.4: The organization of this thesis structure.

painted textures and employs the updated segmentation maps to guide subsequent texture
inpainting stages. Comprehensive evaluations demonstrate the framework’s effectiveness

in leveraging semantic guidance.

e Chapter 4: This chapter introduces a method for Research Challenge 2, which tar-
gets complex structural and semantic degradation in GAN-based inpainting. Inspired by
real-world artistic workflows, the proposed method dynamically integrates structural and
semantic cues. It formulates diverse guidance sources as a form of multi-modal collabora-
tion and adopts a progressive inpainting strategy that mimics human drawing processes

to guide image texture restoration.

e Chapter 5: This chapter proposes a sketch-assisted inpainting method for Research Chal-
lenge 3. A dual-path visual control module, utilizing hand-drawn-like sketches, explicitly
models the interaction between known object cues and guided sketches before integrating
them into corrupted regions for posture control. In addition, two new datasets—CUB-
sketch and MSCOCO-sketch—are introduced, providing partial sketches corresponding

to severely corrupted object regions to support experimental evaluation.
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e Chapter 6: This chapter summarizes the thesis contents and contributions, and discusses

recommendations for future work.
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Chapter 2

Literature Review

This chapter presents a comprehensive literature review on image inpainting, focusing on three
key areas: semantic learning in GAN-style inpainting, guidance mechanisms in GAN-style in-
painting, and diverse guidance prompts in Diffusion-style inpainting. These areas are critical
for addressing challenges in achieving semantic coherence, structural alignment, and effective
spatial guidance. A detailed summary of these approaches evaluates their strengths, limita-
tions, and research gaps, providing a foundation for this thesis’s contributions. Finally, the
chapter introduces relevant frameworks used in image inpainting to enhance understanding of

the concepts discussed.

2.1 Semantic Learning in GAN-style Inpainting

As noted in Section 1.1.1, the primary challenge in GAN-style image inpainting is restoring cor-
rupted regions spanning diverse semantic regions. Since the emergence of Convolutional Neural
Networks (CNNs) [79], [80] and Generative Adversarial Networks (GANs) [21], this challenge
has attracted considerable research focus. In recent years, two main strategies have emerged
to enhance semantic feature learning in image inpainting: implicit learning of semantic
features and explicit modeling of semantic guidance. The former relies on networks to
infer semantics indirectly, while the latter incorporates explicit semantic information to ensure

coherence, particularly in complex semantic scenes.

13
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2.1.1 Implicit Learning of Semantic Features

Implicit learning of semantic features in early GAN-style inpainting employs deep CNNs and
GANS to extract latent semantic patterns (semantic cues learned implicitly from data) through
large-scale dataset training, facilitating the restoration of corrupted regions. A typical architec-
ture, used in many works, is an encoder—decoder with UNet-shaped convolutional layers [81].
Given an RGB image with missing regions as input, the encoder progressively captures hier-
archical representations of textures and semantic patterns using local convolutional kernels.
These encoded features are then decoded step by step through upsampling and convolution
operations to reconstruct the inpainted image. These approaches excel at capturing multi-level
visual details and latent semantic patterns; however, the implicit nature of such features can
still lead to semantically inaccurate outputs in complex scenes with multiple object classes,

which motivates our development of explicit semantic modeling in inpainting.

For instance, the pioneering work by Pathak et al. [9] proposed the first convolutional neural
network-based inpainting model, introducing a context encoder to restore center-located miss-
ing regions in images. Building on this, Tizuka et al. [22] enhanced coherence across local and
global contexts by introducing dual discriminators—one for global image consistency and an-
other for local texture restoration. Subsequent research proposed various architectural designs
to further improve inpainting quality, including progressive generation modules for iterative
refinement of predictions [42], recurrent neural networks to sequentially infer boundary de-
tails before restoring central regions [26], and convolutional networks with varied receptive field
sizes to capture multi-scale contextual information more effectively [30], [43], [82]. Additionally,
contextual attention (CA) mechanisms were developed to model long-range dependencies be-
tween missing and known image regions. Specifically, CA modules calculate similarity between
feature patches from damaged and undamaged regions, enabling the network to “borrow” se-
mantically relevant patches for restoration. This approach was first presented by Yu et al. [10]
and later extended in their follow-up work by combining it with gated convolutions [24] to han-
dle arbitrarily shaped holes. Variants of this approach have explored more complex attention
schemes [44], [45], [83], such as replacing missing patches with those extracted from high-level
feature maps [44] or enforcing contextual similarity through auxiliary supervision [45]. However,
these CA-based techniques typically operate on a patch-wise basis and struggle to distinguish
semantic class boundaries, often transferring visually similar but semantically inappropriate

content. In contrast, this thesis introduces a more robust attention mechanism that models
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semantic-level texture associations by focusing on regions belonging to the same semantic class

within an image.

Overall, although existing methods of implicit learning can produce visually convincing results,
their lack of explicit semantic modeling often leads to content inconsistency in complex scenes

containing multiple object categories.

2.1.2 Explicit Modeling of Semantic Guidance

The aforementioned implicit learning approaches prioritize general feature extraction through
implicit semantic analysis, rendering them simpler but less effective for restoring complex scenes.
In contrast, explicit modeling of semantic guidance provides direct semantic information to the
inpainting process, enabling effective restoration of coherence across diverse corrupted areas
spanning multiple object categories. Within this framework, two major research directions have
emerged: (1) pre-trained semantic constraints, which leverage high-level representations
from pre-trained models to guide inpainting but may encounter instability; and (2) semantic
prior modeling, which predicts semantic layouts to steer content generation but struggles

with effective guidance.

1) Pre-trained Semantic Constraints

Yang et al. [47] pioneered the use of a pre-trained VGG-19 network [50] to extract high-level
features as a supervisory signal during training, ensuring that the inpainting model gener-
ates semantically coherent outputs. Known as perceptual loss, this approach has been widely
adopted as a flexible loss component integrated into various architectures [33], [46], [84]. Wang
et al. [48] extended this concept by employing pre-trained StyleGAN models [51], [52] to search
for the closest semantic representation of the corrupted image in the latent space, thereby ex-
tracting intermediate features from the StyleGAN’s generator to guide the inpainting process.
However, reliance on external pre-trained models can compromise the training stability of these

methods.

2) Semantic Prior Modeling

Semantic prior modeling predicts or utilizes semantic layout, such as segmentation maps, to

provide direct guidance. Semantic segmentation, a high-level vision task that generates spatial
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layouts of object classes [54], [55], enables models to differentiate inter-class variations and rela-
tionships. Following the success of semantic segmentation in conditional image generation [85],
[86], [87], notably Park et al.’s [86] introduction of the spatially adaptive denormalization mod-
ule, which integrates one-hot layout maps into the normalization layers of an image generator
to enhance fidelity, recent inpainting models [23], [25], [28], [49], [64] have leveraged predicted
segmentation priors to guide content generation. For example, Song et al. [23] developed a two-
stage network that first predicts a complete segmentation map from the damaged image and
then concatenates it to condition RGB image restoration, thereby achieving greater semantic
coherence. However, the quality of the predicted segmentation map cannot be guaranteed in the
context of image inpainting, as it is non-trivial to generate reliable semantic priors from severely
corrupted images. To alleviate this, Liao et al. [25], [28] proposed a joint encoder—decoder frame-
work where the decoder generates the semantic layout and inpainted image in a progressively
entangled manner. Ardino et al. [49] introduced a unified one-stage model that simultaneously
inpaints textures and generates a corresponding segmentation layout to modulate subsequent
texture inpainting. However, coupling semantic prediction with texture generation within a
single pipeline poses challenges, as effectively modeling the complementary dependency be-
tween these components is non-trivial. In contrast, this thesis proposes a mutually guided
dual-task generator framework, where texture-guided segmentation and segmentation-guided

texture generation are jointly modeled to enhance each other’s performance.

2.2 Guidance Mechanisms in GAN-style Inpainting

To effectively reconstruct images with semantically rich corrupted regions and complex struc-
tures, many studies have incorporated auxiliary information—such as Canny edges [29], [58],
[60], object contours [31], [61], [66], and sketch-like lines [57], [62], [88]—into the GAN-based
inpainting pipeline. These auxiliary modalities provide valuable intra-class object structures
and complement the semantic prior guidance mechanisms discussed in Section 2.1.2. While se-
mantic priors offer high-level categorical and layout information, auxiliary structures emphasize
detailed object edges and geometric coherence. A critical research question is how to effectively
integrate these guidance inputs (semantic priors and auxiliary structures) to maximize their
impact on the inpainting process. Existing approaches for integrating guided features can

be broadly categorized into two paradigms: (1) direct feature fusion and (2) modulated
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feature fusion.

2.2.1 Direct Feature Fusion

Direct feature fusion integrates auxiliary guidance signals (e.g., edge information or segmen-
tation maps) with corrupted images or intermediate features through simple concatenation,
providing a straightforward approach. This method’s simplicity ensures broad applicability
across inpainting tasks with minimal architectural changes. It has been adopted in numerous
works [23], [58], [59], [60], [61], [62], demonstrating its feasibility and versatility. However, sim-
ple concatenation treats all channels equally, failing to leverage the complementary strengths
of guidance and image features, often resulting in suboptimal outcomes when features are mis-

aligned or at differing abstraction levels.

For instance, Nazeri et al. [58] built upon the two-stage pipeline of SPG-Net [23] by incorpo-
rating edge prediction into the first stage. The predicted edge map is concatenated with the
corrupted image as input to the second-stage inpainting network, providing cues for more ac-
curate and coherent texture synthesis. Similarly, StructureFlow [59] introduced edge-preserved
smooth images [89], fusing them into the restoration process via channel-wise concatenation to
enhance recovery of continuous textures and contours. Yang et al. [60] advanced this approach
by designing structure embedding layers that learn and encode gradient-based features, which
are concatenated back into the inpainting branch to preserve structural information. Despite
their simplicity, these direct fusion methods often yield suboptimal performance, as shown in

subsequent studies [28], [63], [90], highlighting the need for more adaptive fusion strategies.

2.2.2 Modulated Feature Fusion

To overcome the limitations of direct concatenation, modulated feature fusion offers a refined
and increasingly adopted approach, prioritizing adaptive integration over simplicity. This strat-
egy employs modulation functions, such as conditional feature normalization or feature gating
mechanisms, to integrate semantic or structural priors into the inpainting network. Condi-
tional feature normalization, originally proposed by Park et al. [86], guides image inpainting
by learning affine parameters (scaling and shifting) conditioned on guidance inputs. These
parameters modulate intermediate features through element-wise multiplication and addition,

enabling the model to respond spatially to guidance cues. Feature gating mechanisms, using
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activation (e.g., GELU or Sigmoid), selectively activate guided features across the full-pixel
space to modulate the inpainting process. However, reliance on local convolutional operations
for learned parameters limits global consistency in utilizing guidance. Similarly, feature gating

mechanisms neglect channel-level dependencies, reducing performance.

Numerous works have successfully applied this modulation-based paradigm to image inpaint-
ing. For instance, Yu et al. [33] introduced an auxiliary denormalization module that integrates
Canny edge and segmentation features into the inpainting network. By learning modulation
parameters from these inputs, the network could achieve improved alignment and realism in
generated content. Similarly, bidirectional cross-domain feature denormalization [91] enables
mutual interactions between texture inpainting and layout generation, enhancing coherent joint
modeling of textures and semantics. However, modulation methods that rely solely on local con-
volutions struggle to ensure global consistency, as their limited receptive fields are insufficient
to capture long-range dependencies and scene-level relationships. To address this limitation,
this thesis introduces a linear multi-head cross-attention mechanism that explicitly models the
correlations between auxiliary features and inpainted features, thereby enabling more compre-

hensive association and guidance.

Recent advancements have incorporated gating mechanisms as dynamic switches to regulate
information flow between guidance and restoration branches. For example, Guo et al. [29]
proposed edge-gated and texture-gated fusion modules using sigmoid activation, which adap-
tively regulate the integration of structural and textural features. These modules highlight
relevant features while suppressing irrelevant ones, enhancing the model’s ability to resolve
ambiguities in occluded regions. Feature gating mechanisms, originating from natural lan-
guage processing [92], [93], [94], [95], [96], [97], play a critical role in controlling information
flow and ensuring contextual relevance. In Transformer-based architectures [97], for instance,
GELU activations [98] selectively propagate useful information in feedforward layers. However,
current gating applications in image inpainting primarily focus on spatial features, neglecting
the importance of channel-wise dependencies. This limitation can lead to inconsistencies in
coherence, particularly for complex object shapes or overlapping semantic boundaries. Thus,
significant potential remains for developing advanced fusion mechanisms that integrate spatial

and channel-wise modulations in a context-aware manner, which can be addressed in this thesis.
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2.3 Diverse Guidance Prompts in Diffusion-style Inpaint-
ing

While GAN-style inpainting methods have advanced significantly in incorporating coherent
content and structures, Diffusion models has introduced new possibilities and challenges for
image inpainting. A key limitation still under-addressed is the accurate inference of object
posture and spatial layout in corrupted regions, particularly when the missing content includes
partially or significantly occluded objects. This section reviews recent works on Diffusion-style
inpainting, focusing on two primary branches: (1) text-guided image inpainting and (2)

visual-guided image inpainting.

2.3.1 Text-Guided Image Inpainting

As discussed in earlier sections, traditional CNN- or GAN-based models [22], [24], [32], [45] rely
heavily on local contextual cues from unmasked regions to generate plausible content. How-
ever, these models struggle when recovering objects with significant corruptions, particularly
when the corrupted regions cover the majority of the object’s semantically meaningful area.
To address this, text-guided inpainting methods [71], [72], [73], [99], [100], [101], [102] use di-
verse natural language prompts to provide global semantic context, enabling the generation of
coherent content for large missing regions. These methods leverage external knowledge from
prompts, proving effective when local contextual cues are insufficient. However, text-guided
methods lack fine-grained control over object shapes and postures, which require spatially
grounded and pixel-aligned information. As a result, these methods often produce semantically

accurate but visually misaligned outputs, particularly for partially occluded objects.

Early approaches [99], [100], [101], [102] focused on bridging the modality gap between text and
image features. They learned joint embeddings or employed feature fusion strategies to inte-
grate text prompts with corrupted image inputs. Despite their effectiveness, generating results
that are both visually realistic and aligned with the text remains challenging, especially when
the prompt describes fine-grained spatial layouts or object parts. With the advent of Diffusion
models trained on large-scale text—image pairs [36], [103], the ability to generate high-quality
images conditioned on text has improved significantly. State-of-the-art text-to-image (T2I)
models like Stable Diffusion [13], Imagen [104], Glide [105], and DALLE-2 [106] demonstrate re-

markable capability in synthesizing semantically coherent content. Numerous recent inpainting
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models [13], [71], [72], [74], [75], [76] leverage these models with inpainting-specific adaptations
through fine-tuning. For example, SD-Inpainting [13] feeds a mask, the damaged image, and
noise latent into a modified diffusion process, integrating a CLIP-encoded text prompt [70]
through cross-attention layers. Similarly, BrushNet [74] integrates unmasked contextual fea-
tures and masks into the denoising U-Net to enhance prompt consistency. Imagen Editor [72]
employs an object-specific masking policy to fine-tune the base Imagen model [104] for image
inpainting, achieving high alignment and fidelity. HD-Painter [75] enhances text alignment by
adaptively suppressing irrelevant known regions that conflict with the text prompt. Likewise,
object-mask-aware models like SmartBrush [38] and PowerPaint [41] use object-shaped masks

to enable inpainting of fully corrupted objects with guided prompts.

Despite their ability to provide global context, text-guided models often struggle with ambigu-
ous semantics and lack fine-grained, pixel-level control, as text prompts alone cannot precisely

infer shapes, poses, or boundaries.

2.3.2 Visual-Guided Image Inpainting

Visual-guided image inpainting employs external visual prompts, such as sketches or edge maps,
to ensure precise spatial and structural control, making it ideal for reconstructing corrupted
objects with accurate boundaries. Unlike text-guided methods, these approaches prioritize
structural accuracy over textual guidance. However, existing methods struggle to seamlessly
integrate known and unknown regions and underperform when corrupted objects remain im-

portant clues, limiting their effectiveness in partially occluded scenarios.

Recently, visual prompts have emerged as powerful tools for providing intuitive spatial guidance
in computer vision tasks, particularly within Diffusion-style frameworks. Models such as SAM-
CLIP [107] and Open-Vocabulary SAM [108] combine SAM-generated bounding boxes [109]
with CLIP-based text prompts [70] to perform open-set object segmentation. In the broader
context of text-to-image (T2I) synthesis, methods like ControlNet [39], T2I-Adapter [110], and
Text2Human [111] use structured inputs (e.g., edge maps, semantic maps, depth, or pose)
to guide image generation with strong consistency. Unlike general image generation, inpaint-
ing requires seamless fusion of generated content with unmasked regions, posing a significant
challenge. Recent inpainting models, such as MaGIC [78] and the inpainting version of Con-

trolNet [39], adapt T2I strategies for localized object inpainting. For example, MaGIC [78§]
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introduces gradient-based sketch supervision using backpropagation to steer the denoising pro-
cess toward the desired structure, but its training remains unstable and prone to converging
to suboptimal solutions. Similarly, ControlNet-based inpainting [39] injects structural features,
like sketches, into the U-Net backbone, but lacks a feedback loop to adapt guidance based
on corrupted image content. These methods perform well when the main object is fully oc-
cluded, allowing for unconstrained content generation. However, they tend to underperform in
partially corrupted scenarios due to insufficient modeling of the relationships between known
and unknown parts of the object. This highlights the need for robust visual control mecha-
nisms capable of encoding shape, boundary, and structural information from partially visible

(uncorrupted) object regions.

Visual guidance, such as sketches, remains a promising solution, yet more effective integration
strategies are necessary to achieve controllability, stability, and coherence in partial-object
inpainting. To address this issue, this thesis proposes dual-path sketch-aware modules, which
fuse sketch-derived features with the contextual information from uncorrupted object regions.
This design enables explicit structural control while maintaining consistency between restored

and uncorrupted object areas.

2.4 Preliminaries of Generative Frameworks in Image

Inpainting

This part provides a concise overview of image inpainting technologies, focusing on three foun-
dational generative frameworks: Generative Adversarial Networks (GANs), Transformer-based
generative architectures, and Denoising Diffusion Probabilistic Models (DDPMs). These frame-
works underpin the concepts discussed in this thesis, enhancing understanding of their appli-

cations in image inpainting.

In Section 2.4.1, we introduce the basic architecture of GANs with an encoder—decoder gen-
erator, which can be implemented using either CNN or Transformer-based designs. The
Transformer-based architecture is described in detail in Section 2.4.2. Section 2.4.3 then

presents DDPMs.
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Optimize Generator (Error Backpropagation)

Generator
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Real image I, ?

Optimize Discriminator Optimize Discriminator

Figure 2.1: Illustration of Generative Adversarial Networks [21] in image inpainting.

2.4.1 Generative Adversarial Networks

As shown in Fig. 2.1, a classical Generative Adversarial Network (GAN) architecture consists of
two primary components: a generator (G) and a discriminator (D). The generator (G) employs
convolutional neural networks (CNNs) or Transformer-based blocks [92], while the discriminator
(D) typically consists of multiple convolutional layers [10], [30]. Detailed architectures for G and
D are omitted for brevity, and the Transformer-based generator variant is described separately
in Section 2.4.2. The generator (G) aims to reconstruct corrupted input images, ensuring
that the generated images align with the ground-truth image distributions. The discriminator
estimates the likelihood of an input image belonging to the real dataset. During training,
the generator and the discriminator compete in a min-max adversarial game, which can be

formulated as:
minmax £(D, G) = Ep,.-p1,0l08 DUy)] + Er,ooprolloa(l = DG(L), (21)

where the generator G seeks to minimize the loss function, while the discriminator D aims to
maximize the loss function. I denotes the real image from the ground truth dataset, and I;,
represents a corrupted input image. In the implementation, the objective function to optimize

the generator is defined as:

Laen(G) = Er,,mp(r,)[log(1 = D(G(Lin)))]- (2.2)
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Meanwhile, to mitigate gradient vanishing, the objective function of the discriminator is for-

mulated as:

1 1
Lis(D) = SEpmptti108 DG i) + 5B pityollog( = DL))] (23)

2.4.2 Transformer-based Architectures
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Figure 2.2: The Transformer-model architecture.

The Transformer-based generative framework [92] has proven superior performance compared
to CNN-based methods [10], [34], [84] in low-level image inpainting tasks. Its effectiveness stems
from capturing long-range dependencies among features, enabling robust contextual learning
across entire image regions for reconstructing corrupted areas. As illustrated in Fig. 2.2, the

Transformer-model architecture comprises stacked encoder and decoder blocks.

Each encoder block consists of two sub-layers: a multi-head self-attention mechanism and a
convolutional feed-forward network (FFN), each surrounded by a residual connection [112].

Given a flattening feature input Fj., the encoder block output is formulated as:

F; = MultiHead(Q, K,V) + F,,
(2.4)

Foe = FFN(F.)+ F

e’
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where the multi-head self-attention is defined as:

MultiHead(Q, K, V') = Concat(heady, ..., heady,),

where head; = Attention(Q;, K;, V;) (2.5)
QK]
Vdj,

= softmax( Vi
Typically,( h = 8) parallel attention layers or heads are used, enabling the model to focus on

diverse representational subspaces across different positions [92].

The transformer decoder block extends the encoder’s structure by incorporating an additional
sub-layer for cross multi-head attention over the encoder stack’s output, alongside the self-
attention and FFN sub-layers. Each sub-layer employs a residual connection. The decoder’s

output formulation mirrors the encoder’s and is omitted for brevity.

Stacked Transformer blocks in generative models have achieved state-of-the-art inpainting re-
sults. For example, Wan et al. [113] utilized a vanilla Transformer for low-resolution inpainting,
while Yu et al. [114] proposed bidirectional autoregressive techniques. Li et al. [32] introduced
a dynamic mask-aware mechanism to enhance self-attention in transformers. Further advance-
ments include inter-patch attention [115] and axial self-attention [88], [116]. However, these
methods exhibit quadratic computational complexity with respect to the number of image
patches n and spatial resolution h x w, limiting their scalability for multi-modal tasks, such as

high-resolution structure generation, semantic segmentation prediction, and texture inpainting.

2.4.3 Denoising Diffusion Probabilistic Models

Denoising diffusion probabilistic models (DDPMs) are designed to learn the reversal of a pa-
rameterized Markovian process that gradually adds noise to images. Starting with samples
drawn from isotropic Gaussian noise, DDPMs iteratively refine these samples through denois-
ing to match a target training distribution. The forward and reverse diffusion processes are
illustrated in Fig. 2.3. Recent studies [36], [117], [118] have demonstrated that DDPMs are
capable of generating high-quality images. This section outlines the core principles of DDPMs,

following the formulations and notations presented in [118], [119].

Given an initial data distribution z¢ ~ ¢q(zy), a forward noising process generates a sequence of
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[ Forward Markovian Noising Process >
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Figure 2.3: The denoising diffusion model, comprising forward and reverse processes. The
forward process gradually adds Gaussian noise ¢ (z; | x;_1) to a clean image xg, producing
increasingly noisy versions until xr approximates isotropic Gaussian noise. The reverse process

then learns to denoise step-by-step, transforming noise x7 back into zy via a learned posterior

Po (11 | xt)‘

latent variables x1, ..., zr by adding Gaussian noise with a time-dependent variance ; € (0, 1):

T

q(z1, ..., x7|xg) = g q(z|ze1) (2.6)

q(xtlxt—ﬂ = N(\/ 1= By, 5tI>
As the number of time steps T' becomes sufficiently large, the final latent x7 approximates an

isotropic Gaussian distribution.

The forward noising process allows direct sampling of any intermediate latent x; from =z,

bypassing preceding steps:

q(wiwo) = N(Vagxo, (1 — a,)T)
T = /g + v 1-— 6[,56,
where € ~ N(0,1), ay =1 — 3, and a; = HZ:O Q.
To generate a new sample from the distribution ¢(zg), the Markovian process is inverted. Start-
ing from a Gaussian noise sample, z7 ~ N (0, 1), a reverse sequence is constructed by sampling
from the posterior distributions ¢(x;—;|z;), which were shown to also be Gaussian [120], [121].
Since q(z;_1|z;) depends on the unknown data distribution ¢(zg), a deep neural network py

is trained to predict the mean and covariance of z;_; given x; as input. Then x;_; may be

sampled from the normal distribution defined by these parameters,
Po(@i—1|we) = N (pg(2e, ), Xg(24,1)). (2.8)
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Instead of directly predicting pg(x,t), Ho et al. [36] estimate the noise €y(x,t) added to xq to

produce x;, according to Equation 2.7. Then pugy(x;,t) may be derived using Bayes’ theorem:

B

o (@0, ) = %t (xt - ﬁ69($t,t)> (2.9)

While Ho et al. [36] used a constant ¥y(xy, t), subsequent work [118] has shown that learning it

via a neural network, interpolating between the upper and lower bounds, improves performance.

2.5 Summary

This chapter outlines the evolution of image inpainting techniques, including GAN-based se-
mantic learning, various guidance mechanisms, and emerging diffusion-based methods that
leverage diverse conditioning prompts. It highlights ongoing challenges such as achieving se-
mantic and structural coherence in GAN-based inpainting of complex scenes, and attaining
precise spatial control in diffusion models. The chapter then introduces the foundational gener-
ative frameworks of GANs and DDPMs, which offer robust mechanisms for image reconstruc-
tion through adversarial training and noise reversal, respectively. Detailed solutions to these

challenges will be proposed in the subsequent chapters of this thesis.
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Chapter 3

Dual-task Co-optimization for
Semantically Guided GAN-style

Inpainting

3.1 Motivation

To restore semantically multiple corrupted regions, recent works tend to complete image in-
painting using semantic priors (i.e., semantic segmentation) as guidance. Given the semantic
prior in damaged areas, the rationale is that it provides semantic layout information for inferring
the missing image textures. The restored texture information in damaged areas can best align
with the semantic structure as indicated by the priors. However, the challenge to the case of
image inpainting is that it is impossible to acquire accurate semantic structure guidance before
the image texture information is completed. To tackle this chicken-or-egg problem, existing
works follow two approaches: one-off guidance [23] and progressive guidance [25], [28], [49]. As
shown in Fig. 3.1 (a), the one-off guidance method predicts the corrupted segmentation layout
(e.g., semantic map) in the first stage and uses it to guide image inpainting in the second stage.
However, such a prediction process cannot guarantee the quality of the semantic map for image
inpainting since predicting reliable semantic layouts from corrupted images with large missing
holes is challenging. Moreover, there is no justification or feedback process in the second stage
to rectify any possible errors caused by the lower-quality semantic map, so the overall semantic

guidance is ineffective. For example, as shown in the second row of Fig. 3.2 (d). we can see

27



3.1. MOTIVATION

@ o oo\ [comwr N\

A o

loue 7 Iin Sout > Sgt

()

Tout > Iin

(a)

Figure 3.1: Diagram of three types of image inpainting with semantic guidance. (a) One-off
guidance method [23], (b) Progressive guidance method [28], (¢) Ours. The green dotted arrow
represents the training constraint, the blue arrow represents the feature feedforward, and the
orange arrow represents the guidance function. FE and D represent Encoder and Decoder,

respectively.

the asymmetrical eyes on the predicted segmentation map marked by the red box, which also

affects the final image inpainting shown in the first row of Fig. 3.2.

Instead of the two-stage framework, the progressive guidance approach [25], [28] adopts a
unified framework to exploit texture representations of the given damaged image, as shown
in Fig. 3.1 (b). Differently, the guided segmentation map is predicted based on the texture
representation at each scale of the decoder. Then, the semantic map is fed to update the
next-level texture representation. The quality of the semantic map depends on the quality
of the texture generated in each scale due to parameter sharing in the single decoder. Such
dependency affects the effectiveness of the semantic guidance provided to texture information

generation. (see the last two rows marked by the red box in Fig. 3.2 as examples.)

To tackle the problems above, this thesis proposes a framework of dual branches with a shared
encoder. Specifically, each branch has a separate decoder for modeling semantic segmentation

and image (texture) inpainting individually, as shown in Fig. 3.1 (c). Moreover, to facilitate mu-
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Figure 3.2: Inpainted results of four types of inpainting methods. (a) The damaged image and
mask, (b) Ground-truth of the RGB image and segmentation map, (c¢) Results of ours, (d)
Results of one-off guidance method [23], (e) Results of progressive guidance method [28], (f)
Results of LGNet [30], a SOTA method without semantic guidance. x means no segmentation

guidance for LGNet.

tual and effective dependency of two task branches, this thesis proposes a Cross-domain Feature
DeNormalization (CFDN) module that is used at each level of both decoding processes bidirec-
tionally (denoted by orange arrows in Fig. 3.1 (c)), which forms our mutual decoders consisting
of segmentation-guided texture (ST) generation and texture-guided segmentation (TS) gener-
ation inside. In mutual decoders, texture features are inpainted using semantic segmentation
as guidance. At the same time, the segmentation part also receives feedback from the texture
inpainting branch, which refines the semantic information guidance for texture generation at
subsequent levels. Furthermore, an Adaptive Attention Fusion (AAF) module is introduced
to enhance feature consistencies from semantic-affinity and global-context perspectives, which
contains three blocks, i.e., the Semantic-affinity cross-Attention (SA), the Global-context self-

Attention (GA), and the Gated Feature Fusion (GFF). The SA block considers the texture
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(a) Input (b) Gt (c) AAF  (d) Wo_AAF

Figure 3.3: The inpainted eye color of methods with or without the proposed AFF module. (a)
The damaged input, (b) Ground-truth, (c) Results of the consistent eye color of our method
using the AAF module, (d) Results of the inconsistent eye color of our method without the

AAF module. [Best view with zoom-in.|

affinity across the inpainted pixels and undamaged pixels on a same semantic level of an image,
where the semantic categories are learned from the feature outputs of the TS generation stage.
The GA block considers the texture affinity of pixels from the entire image region level as a
coordinated supplement to the SA block. Subsequently, the attention feature output from the
SA and GA blocks is adaptively fused through the GFF block. As shown in Fig. 3.3 (c), the in-
troduced AAF module achieves more consistent color filling of the left eye with the undamaged

right eye than the approach without the AAF module.

The shared encoder and mutual decoders together form the proposed mutual dual-task genera-
tor. It is based on a coarse inpainting network to get the preliminary feature in missing areas,

which serves the mutual dual-task generator.

The contributions of the proposed dual-task co-optimization framework can be summarized as

follows:

e A framework of mutual decoders with bidirectional Cross-domain Feature DeNormal-
ization (CFDN) modules is proposed, which progressively models segmentation-guided
texture generation and texture-guided segmentation generation. It demonstrates better

effectiveness in terms of semantic guidance for image inpainting.
e An Adaptive Attention Fusion (AAF) module tailed after mutual decoders is developed to
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further improve performance by modeling the semantic-affinity and global-context texture

dependencies.

e Qualitative and quantitative experiments on multiple datasets verify that the proposed

method achieves superiority over the existing state-of-the-art methods.

3.2 Dual-task Co-optimization Using Mutual Generator

The proposed end-to-end mutual generator architecture is shown in Fig. 3.4. The full architec-
ture contains three parts and follows two phases. In the coarse inpainting network phase, initial
pixel contents for missing holes are generated using an adversarial loss. In the mutual dual-task
generator phase, the shared encoder extracts unified features. They are individually decoded
into two domain features via dual decoders, i.e., texture and the corresponding semantic seg-
mentation features. Two domain features are collaborated progressively with CFDN modules
to assist each other. The adaptive attention fusion module is stacked at the end of mutual
decoders for further refining the inpainting quality. The details of each part are described as

follows.

3.2.1 Coarse Inpainting Network

Given the damaged image I;, and the corresponding binary mask M (where 1 indicates the
regions where the pixel information is damaged and 0 indicates the undamaged regions), a

coarse inpainting network is adopted to produce the coarse inpainted image I¢ .. As shown in

out"
Fig. 3.4 (a), the coarse inpainting network consists of a generator with eight down-sampling
convolution layers in the encoder and eight up-sampling convolution layers in the decoder.
The adversarial module with a spectral-normalized discriminator [24] follows it to enforce the
learning performance. Every down-sampling layer of the encoder uses a 3 x 3 convolution
with a stride of 2, followed by BatchNorm and LeakyReLU. Every up-sampling layer of the
decoder adopts the bilinear up-sampling followed by a 3x3 convolution and BatchNorm-Relu.
Transposed convolution is not used as the up-sampling layer, unlike [30], since it often leads
to checkerboard artifacts, as reported in [122]. Meanwhile, the skip connection transfers the
encoder feature to the corresponding decoder layer for preserving low-level information. As for

the discriminator, it consists of four convolutional layers with LeakyReLLU activation, followed

by a convolutional layer with sigmoid activation.
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Figure 3.4: The full architecture of the proposed method. It consists of three parts: (a) a
coarse network for the preliminary inpainting with adversarial loss, (b).1 Shared encoder for
feature extractions, (b).2 Mutual decoders for the texture-guided segmentation generation (T'S
decoder branch, top green) and segmentation-guided texture generation (ST decoder branch,
bottom yellow). The Adaptive Attention Fusion (AAF) module is stacked at the end of mutual
decoders to enforce semantic-affinity and global-context texture dependencies for refining the

inpainted results.

L1 loss along with adversarial loss is applied on training coarse network, i.e., L. = LS . +
AadvLaav, Where adversarial loss weight A.4, is empirically set to 0.1, following prior image
inpainting studies [29], [30], [35]. The L1 reconstruction loss and the adversarial loss are

formulated as:

Lree = Moue = Ll (3.1)

rec out

Logy = mén max ElgthIgt(Igt)[log D(1,)]
gy o, 15,0 008(1 = D(I50))] (3:2)

where Iy is the ground-truth RGB image, the coarse output of encoder-decoder G is expressed

C
as IS,

= G(Lin, M), the damaged image is defined as [;,, = [,, ® (1 — M) & M. ® stands for
element-wise multiplication and @ stands for element-wise addition. The parameters of the

generator G and discriminator D are updated alternately in a 1:1 ratio.

The purpose of applying a coarse network is to inpaint the initial texture information for the
missing pixels, which can improve the quality of the semantic information produced later for

guiding the final image inpainting.

32



CHAPTER 3. DUAL-TASK CO-OPTIMIZATION FOR SEMANTICALLY GUIDED
GAN-STYLE INPAINTING

3.2.2 Mutual Dual-task Generator
1) Shared Encoder

After obtaining the coarse inpainted result I¢

¢+ we get the merged image ¢, = I, ® (1 —

M) + IS, ® M as the input of the shared encoder. It consists of five convolution layers to
extract hierarchical features. These features are also propagated to the corresponding layers of
mutual decoders via skips, to strengthen the forward utilization of features from the encoder
to decoders and the backward optimization of the gradient from dual decoders to the shared

encoder.

2) Mutual Decoders

We first describe the processes of the two decoder branches in modeling two separate tasks.

Then, introduce the interactive CFDN module to facilitate mutual assistance of both decoders.

The feature F| extracted in the last layer of the shared encoder goes through two separate de-
coders (i.e., semantic segmentation generation decoder and image texture generation decoder).
They progressively generate the semantic segmentation and texture feature of size C' x 128 x 128.
The two decoder branches follow the same architecture with five upsample convolution layers,
tailed by a task-specific output layer to produce output for supervised training. It enables the
segmentation generation decoder to focus on modeling inter-class semantic layouts according
to the input feature Fy, and the texture generation decoder to focus on modeling pixel-wise
contents. We define F as the output feature of the i-th upsample convolution layer in the
segmentation generation decoder, and F} as the one in the texture generation decoder. The
modeling processes of two separate decoders are below (where ® ¢, (*, *) stands for the convolu-
tion operation after two feature concatenation, and ®yp(*) stands for the operation of bilinear

upsampling, and F¢" stands for the i-th encoding feature):

p

(bCon((I)UP(F(J)?Fien)? 1= 17

\(I)Con(q)UP(FiSL Een), 1 <1 <5,

.
Poon(Pup(Fy), FE™), i=1,

F = (3.4)
\(I)Con(CI)UP(Fit), Fi6n>, 1< <5,

As the segmentation feature F}® and texture feature F! focus on learning different tasks, con-

catenating the two features for mutual assistance will disturb the modeling processes of the cor-
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(a)CFDN for Segmentation-guided Texture generation (b)CFDN for Texture-guided Segmentation generation (c)SPatially-Adaptive DEnormalization (SPADE)

Figure 3.5: Different denormalization modules. (a) Our CFDN module learns the affine trans-
formation parameters a® and 5° from the segmentation feature £}’ to inject into the process of
texture generation (b) Our CFDN module learns the parameters o and ' from the texture
feature F} to inject into the process of segmentation generation (¢) SPADE module [86] learns
the parameters a and [ from one-hot semantic segmentation map onehot] to inject into the
image generation with semantic guidance. «* and ~* are two learnable parameters. IN and BN

denote instance and batch normalizations, respectively.

responding decoders. Inspired by SPatially-Adaptive DEnormalization (SPADE) module [86]
that learns two spatially-adaptive affine parameters a and § from semantic layout to modulate
the activations in normalization layers of image texture generation (shown in Fig. 3.5 (c)),
we propose a Cross-domain Feature DeNormalization module ®¢rpy to utilize semantic infor-
mation to assist the texture inpainting process. As shown in Fig. 3.5 (a), instead of directly
using one-hot semantic layout map ! as inputs, in our module, we learn scale and shift affine
parameters a® and 3° from learned semantic features F’ which are modeled via a segmentation
generation decoder. The parameters a® and ° stand for learned semantic information with the
same spatial size as the texture feature F! and are transformed into F} to produce the updated

texture feature F** with the segmentation guidance.

Moreover, to facilitate the segmentation generation decoder with more intra-class pixel detail,
which in turn will provide better semantic guidance for texture generation in the next scale,
we reuse Poppy to learn the other two parameters of and A from current texture features
F!. Parameters o' and " represent spatial-wise pixel information. They are used to model the
updated segmentation feature F* with the texture guidance, as shown in Fig. 3.5 (b). Alter-

nately using CFDN modules on each level of the two decoders promotes mutual dependencies.

1Tt usually requires more sophisticated networks to predict reliable semantic layout maps from segmentation

features, as reported in [54]. That is not the core part of our paper.
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Our mutual decoders progressively model the features in the following way:

F' = ®cppn(F] FY)
= [Vo(F7) © Oin(F) © Ys(FY)] - 7" @ F
=" @ on(F)) @B v @ F], 1<i<5, (3.5)
F{* = ®cppn (F, FY)
= [Ua(F}) @ Orn(F7) ® Us(F})] -~ @© F}
=l @) v eF, 1<i<h, (3.6)

where Ff' and F}* are the output features of the corresponding i-th CFDN module. W, (x)
and W4 (x) represent the lightweight block of two convolution layers. ®;y(*) denotes instance
normalizations. v* and ~* are two learnable parameters, initialized to zeros, where v* is used to
control what degree of semantic information is integrated, and + is used to control what degree
of texture information is integrated. & denotes the element-wise addition operation. The added

residual connection of the CFDN module retains more information in its own feature domain.

3.2.3 Adaptive Attention Fusion (AAF)

The adaptive attention fusion module follows the mutual dual-task generator to refine the
output of the mutual dual-task generator further. It consists of three blocks: semantic-affinity
cross-attention, global-context self-attention and gated feature fusion to fuse the feature output
of two attentions. As shown in Fig. 3.4 (b), it takes the F5t € ROT*W (C stands for the
number of channels) and pixel semantic label (i.e., one-hot soft-label encoding) S € RN*HxW
(N stands for the number of category labels) as inputs, where S is predicted according to the

€ RO*H*W in TS decoder branch by a residual block with three convolution

output feature FE*
layers. H x W is 128 x 128 in our network. The detailed diagram of the AAF module is shown

in Fig. 3.6.

1) Semantic-affinity cross-Attention (SA)

Following the principle of self-attention [92], we propose a cross-attention between the in-
painted feature of damaged areas and the known feature of undamaged areas. For the con-
venience of description, we define the feature of these two areas as foreground features and
background features, respectively. Furthermore, the actual cross-attention is carried out be-

tween the foreground and the background’ sub-regions, which share the same semantic category
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Figure 3.6: Overview of the Adaptive Attention Fusion (AAF) module, which includes three
blocks: semantic-affinity cross-attention, global-context self-attention, and gated feature fusion.
They focus on constructing texture dependencies from the perspectives of semantic-affinity re-
gions and global-context regions, respectively. Finally, the gated feature fusion block is utilized

to fuse them.

label constrained by pixel semantic label S. Such cross-attention is called semantic-affinity

cross-attention in this work.

As shown on the left side of Fig. 3.6, to produce the Q"¢ of cross-attention operation, we
feed the texture features F£' into a 1 x 1 convolutional layer to generate a new feature. Next,
we apply the same mask M used in the mutual dual-task generator to pick the foreground
feature FJ°r¢. Then we reshape and transpose FJ to get Q¢ € R?*¢, where Z € R#W

fore At the same time, to produce

and Z stands for the number of foreground pixels in @)
Kbk and V%t of cross-attention operation, we put F2! into the other two 1 x 1 convolutional
layers and generate two new features. Followed by the same way, we use mask 1 — M to get
background features FP** and F’*°*. We reshape and transpose them to get K%* ¢ R%'*¢

and VP € RZ*C where Z' € R"W and Z' stands for the number of background pixels.

We also reshape and transpose S to acquire D € RUWIXN - According to D, the texture in
Q7ore, Kbk and VP can be divided into multiple sub-regions, each of which is affiliated

under the different semantic category label c¢,, formulated as:

QL = {Qf7 argmaz(Dyy) = e},
K2t = {K[ | argmaz(Dyj) = ca}, (3.7)
Vork = (Vs argmaz (D) = ¢},

where ¢, € [1, N] stands for the category label, and function argmax(Dy ) = ¢, means all
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positions i corresponding to the category label ¢,. Qfor¢ € RZenxC | Jgback yback ¢ RZc,xC 7

Cn

represents the foreground pixel features belonging to the category c,, and Z; represents the

background pixel features belonging to the category c,.

Subsequently, we carry out a matrix multiplication followed by a Softmax layer to compute the

attention map E;” under the same semantic category ¢,. It is expressed as:

n back \T

Szc,] = QZ:[:B] . (Kc:[c ) )
J* Ji]

Cn __

exp(S;7) (3.8)
i’j - N/ Y

Z]:CT eXp(SiC,Z')

where Ef% describes the attention relation between the it" feature vector of foreground and the

4t feature vector of background under the semantic class c,.

Then, we carry out a matrix multiplication between Ef’; and Vcl;“d“. We reshape and transpose
the result back to RE*#*W and rebuild foreground features. The rebuilt features are merged
into the input feature map F:* via element-wise addition. The output Fj, of the SA module is

obtained as below (4 is a learnable parameter initialized to zero):

Fo=0-[(E - Vor™ ) @ FY'. (3.9)

2) Global-context self-Attention (GA)

In the global-context self-attention block, we regard all positions of F:' as the global-context
regions where we calculate the self-attention of texture features between the different positions.

This block further augments the self-correlation of features across all regions in the image.

The GA block is a good complement to the SA block. In SA, the pixels in the undamaged
regions can contribute to the inpainting process only if the semantic labels of the pixels in the
undamaged regions are the same as the labels of the pixels in the damaged region. However,
if the pixels in the damaged region cannot find any pixels in the undamaged region, the SA
cannot provide the referable information for the inpainting process. Since the GA calculates
the attention relation based on the texture information only without considering the semantic
labels of the pixels. Thus, the GA complements the SA to provide other referable information

from undamaged to damaged regions.

As mentioned in [123], patch-wise contextual attention improves the efficiency of the attention

mechanism. As shown on the right side of Fig. 3.6, we follow the similar process as the SA
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block for the GA block to encode the texture feature F:* into @, K and V but split them into
z patches (i.e., P, € R"**%(q =1,...,z)) and compute patch-wise self-attention. Specifically,
we compute attention correlation F,, rebuild each patch B, of F#', and reshape and transpose
P, to get the final updated feature F, as below (Where ¢’ is a learnable parameter initialized

to zero, ®ger denotes the reshaping and transposing):

E.p = softmax(M) a,bel, .. z
a,b \/m ) ) PRREE}
pa = zzlEa,b‘/b? (310>

3) Gated Feature Fusion (GFF)

............................ F Conv & igmoid
. ga Activation

: > Equivalence
............................ Fsa Relatlon

Figure 3.7: The detailed illustration of the Gated Feature Fusion (GFF) block.

We were inspired by bi-directional gated feature fusion [29], which is used to adaptively fuse
edge structures and texture features. We apply it to fuse two texture feature outputs in our SA
and GA blocks. Taking Fy, and F, as inputs, the GFF module generates the fused attention

features through the diagram shown in Fig. 3.7. We formulate the diagram as follows:

A=Foa®0[Fya @ (5(Peons(Cat(Fea; Fya))))],
B =Fu®0 - [Feg ® (5(Peonv(Cat(Fuq, Fya))))], (3.11)
Fr = ®eony(Cat(A, B)),
where Clat(x,*) stands for channel concatenation, ®.,,,(*) is a convolution layer with 3 x 3
kernels to halve the number of channels, s(x) is Sigmoid activation to merge Fy, into Fy, or

F,, into Fy, adaptively. 6 and ' are two learnable parameters initialized to zero. Finally, we

generate fused feature Iy by another convolution layer with half the number of channels.
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3.2.4 Loss Functions

The feature F; goes through four groups of dilated convolutions with different rates, followed
by a ToRGB convolution layer to generate the inpainted results [,,;. Meanwhile, concatenating
the F; and previous segmentation feature FY*, we use a residual block with two convolution
layers inside, tailed by a TosegMap convolution layer to predict the final segmentation map

Sout'

We train the proposed mutual dual-task generator to recover the segmentation and texture
information by a joint loss, containing pixel reconstruction loss, semantic segmentation loss,

perceptual loss, and style loss. We formulate these losses as:

['inter = Esegmentati(m + Ete:vture
= CE(softmaz(8),E(Fy(Su)) + G(T, Fax (L),
*Crec = 'Cvaild + )\h : 'Chole

= ||(IOUt— ]gt)® (1_ M)||1+ /\h' ||<]0ut_ Igt)® M||1 ) (312)

3
£per: Z |’¢i(Iout) - ¢i([gt)”1 )

3
'Csty: Z ||¢i(lout) - ¢i(lgt)||1 )

where L., is the intermediate loss consisting of semantic segmentation and pixel reconstruc-
tion losses, which encourage our mutual decoders to focus on learning semantic segmentation
and texture inpainting, respectively. Lgegmentation 1S the cross entropy loss, and £(x) stands
for transferring the category label of the ground truth segmentation map into the one-hot for-
mat. Foy (%) means the operation of Downsamplesy. T denotes the output RGB image of the

segmentation-guided texture generation decoder with size 128 x 128.

L, represents the reconstruction loss between I,,; and I, in the pixel space, with different

weight values in hole areas and non-hole valid areas.

Lyer and Ly, stand for perceptual loss and style loss, respectively. They are conducted in
the feature space. ¢;(*) stands for the activation map of the i-th pooling layer in pre-trained

VGG-16. 9;(*) = ¢i(*)T¢;(*) is the Gram matrix.
We formulate the joint loss as:

Ejoimt - Ainterﬁinte'r + £rec + /\perﬁper + >\sty£sty- (313>
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We empirically set the values Aipier = 1, Ay = 6, Aper = 0.05 and Mg,y = 250 in our experiments.

In summary, our full framework of proposed methods is trained in an end-to-end way, and the
total training loss is a combination of losses of coarse inpainting network and mutual dual-task

generator, i.e., L. + Ljoint.

3.3 Experiments

3.3.1 Experimental Setup
1) Datasets

We train the proposed mutual generator in three public datasets, including CelebA-HQ [124],
Cityscapes [125], and Outdoor Scenes [126]. CelebA-HQ has 30K celebrity face images with
corresponding semantic segmentation annotations for 19 facial categories. We use the first
29K images for training and the last 1K for testing. Cityscapes have 5K street-view images
belonging to 20 annotation categories. We use 2,975 images from the original training set
and 1,525 images from the original test set to construct our training dataset. The 500 images
from the original validation are set as our test datasets. Outdoor Scenes has 9,900 training
images and 300 testing images with fine annotations for 8 semantic categories. All datasets
are randomly cropped and resized to 256 x 256 as input to our network. Binary masks set the
damaged area of images, and we follow the same setup of irregular masks as [28]. Meanwhile,

the irregular mask is created for our three training datasets according to [24].

2) Parameter setting in training

We set the batch size to 4 and use the Adam optimizer with g; = 0.5, S = 0.999 to train
our network in an end-to-end way. The learning rate of the generator and discriminator of
the coarse inpainting network is set to 0.0002 and 0.00002, respectively. The mutual dual-task

generator’ learning rate is 0.0002.

3.3.2 Quantitative and Qualitative Results

We compare the proposed method with seven state-of-the-art inpainting methods, including
general learning-based methods like GC [24], RFR [26], LGNet [30]; segmentation-guided
methods like SPGNet [23], SGE [25], SWAP [28]; and edge-structure-guided methods like
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CTSDG [29], WNet [31]. To pursue a fair comparison, all these methods are retrained ac-
cording to our training data settings and their own training configurations. Regarding SGE

and SWAP methods, we obtain comparative results from their published papers.

1) Quantitative Evaluations

We follow commonly used metrics in previous works [26], [30] to conduct our quantitative evalu-
ations. They include SSIM (the structural similarity) [127], PSNR (peak signal-to-noise ratio),
¢y error, mean ¢; error (MAE), FID (Frechet inception distance) [128] and LPIPS (learned
perceptual image patch similarity) [129]. The first four metrics evaluate the low-level pixel
values between the ground-truth image and the inpainted image. The last two are based on
the perception-level visual metrics for evaluation. We randomly generate irregular masks for
each test image to form test mask-image pairs in the same way as the SWAP method. The
mask-to-image ratio is distributed at 1~20%, 20~40%, and 40~60%. All compared methods

share the same mask-image pairs for testing.

Table 3.1 shows the quantitative results of the CelebA-HQ test dataset. Our method achieves
the best scores in all the compared inpainting methods. Only with the PSNR metric, our
method outperforms the other five comparison methods and is comparable to LGNet. Table 3.2
shows the quantitative results of Outdoor Scenes and Cityscapes datasets. The method of SGE
and SWAP only provides quantitative scores of randomly sampling mask-to-image ratio in the
0~60% interval on the three metrics of SSIM, PSNR, and FID. We take the average scores of
the three sets of mask-to-image ratios as ‘average’ to compare. In the ‘average’ column, our
method has the best scores in all metrics among all the inpainting methods, except for the

marginal SSIM score on Outdoor Scenes test sets.

2) Qualitative Evaluations

Qualitative visual results compared with six different inpainting methods are shown in Fig. 3.8.
For the visual effect on CelebA-H(Q images, we observe that our method achieves better consis-
tency in color saturation between the inpainted areas and undamaged image areas. The WNet
that uses deep features as structure information to interact with texture features still gener-
ates vague texture results in eye areas (see the region marked by the red box in Fig. 3.8 (g)).
Although the LGNet method generates the second-best visual results than our method and

the other five methods, we can see sight artifacts in inpainted parts of damaged areas (marked
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Table 3.1: Quantitative results of our methods with six state-of-the-art inpainting methods on
the CelebA-HQ test set. 1 Higher is better. | Lower is better. The red font indicates the best

score, and the blue font indicates the second-best score.

| Masks | 1~20% | 20~40% | 40~60%
SPGNet [23] | 0.825 0.780 0.735
GC [24] 0.956 0.892 0.833
RFR [26] 0.947 0.870 0.804
SSIMt | CTSDG [29] | 0.956 0.907 0.859
WNet [31] 0.962 0.903 0.842
LGNet [30] | 0.962 0.907 0.857
Ours 0.966 0.913 0.863
SPGNet [23] | 25.35 23.19 21.80
GC [24] 32.01 26.47 24.16
RFR [26] 30.89 25.91 23.77
PSNRt | CTSDG [29] | 31.92 27.49 25.15
WNet [31] 32.32 27.00 24.43
LGNet [30] | 33.22 27.87 25.62
Ours 33.61 27.88 25.46
SPGNet [23] | 32.67 33.40 35.47
GC [24] 3.80 8.83 13.15
RFR [26] 6.05 15.68 26.81
FIDJ CTSDG [29] | 8.76 12.92 17.49
WNet [31] 4.71 12.28 22.78
LGNet [30] 3.10 7.14 10.36
Ours 2.66 6.16 8.97
SPGNet (23] | 0.127 0.148 0.169
GC [24] 0.022 0.056 0.087
RFR [26] 0.031 0.079 0.122
LPIPS, | CTSDG [29] | 0.041 0.068 0.096
WNet [31] 0.023 0.060 0.097
LGNet [30] | 0.016 0.040 0.061
Ours 0.013 0.034 0.054
SPGNet [23] | 4.38 481 5.34
GC [24] 0.69 1.61 2.48
RFR [26] 0.81 1.99 3.09
0(%)) | CTSDG [29] | 1.04 1.70 2.37
WNet [31] 0.59 1.50 2.48
LGNet [30] 0.66 1.46 2.20
Ours 0.50 1.28 2.04
SPGNet [23] | 6.55 6.88 7.42
GC [24] 0.88 1.98 3.05
RFR [26] 0.99 2.45 3.80
MAE(%), | CTSDG [29] | 1.27 2.07 2.89
WNet [31] 0.72 1.81 3.02
LGNet [30] 0.84 1.81 2.72
Ours 0.61 1.56 2.49

42



CHAPTER 3. DUAL-TASK CO-OPTIMIZATION FOR SEMANTICALLY GUIDED

GAN-STYLE INPAINTING

Table 3.2: Quantitative results of our methods with eight state-of-the-art inpainting methods

on Outdoor Scenes and Cityscapes test sets. 1 Higher is better. | Lower is better. The red

font indicates the best score, and the blue font indicates the second one.

Test Datasets Outdoor Scenes Cityscapes

Masks 1~20% ‘ 20~40% | 40~60% | average | 1~20% ‘ 20~40% ‘ 40~60% | average

SPGNet [23] 0.817 0.730 0.649 0.732 0.896 0.817 0.737 0.817

SGE [25] - - - 0.760 - - - 0.740

SWAP (28] - - - 0.800 - - - 0.760

GC [24] 0.935 0.840 0.750 0.842 0.943 0.867 0.793 0.868

SSIMt RFR [26] 0.928 0.822 0.727 0.826 0.942 0.860 0.780 0.861
CTSDG [29] 0.918 0.843 0.770 0.844 0.941 0.882 0.822 0.882

WNet [31] 0.938 0.847 0.758 0.848 0.949 0.875 0.791 0.872

LGNet [30] 0.924 0.813 0.713 0.817 0.946 0.867 0.791 0.868

Ours 0.937 0.845 0.756 0.846 0.950 0.884 0.817 0.884

SPGNet [23] 24.78 22.08 20.23 22.36 26.93 23.21 20.49 23.54

SGE [25] - - - 19.46 - - - 17.78

SWAP [28] - - - 20.31 - - - 17.86

GC [24] 28.74 23.41 21.14 24.43 30.76 25.35 22.80 26.30

PSNR?T RFR [26] 28.73 23.64 21.51 24.63 31.11 25.79 23.33 26.74
CTSDG [29] 28.34 23.97 22.71 25.01 30.34 26.07 24.28 26.90

WNet [31] 28.59 23.79 21.41 24.60 31.04 25.49 22.45 26.33

LGNet [30] 28.11 23.02 20.85 23.99 31.38 26.17 23.69 27.08

Ours 29.25 24.76 21.64 25.22 31.68 26.61 23.44 27.24

SPGNet [23] 30.85 52.74 70.89 51.49 22.21 38.11 56.34 38.89

SGE [25] - - - 39.14 - - - 41.45

SWAP (28] - - - 36.74 - - - 38.18

GC [24] 13.50 32.72 46.38 30.87 13.97 28.01 41.52 27.83

FIDJ RFR [26] 15.64 39.29 58.20 37.71 15.58 34.06 54.27 34.64
CTSDG [29] 24.68 39.88 52.53 39.03 26.86 39.19 54.00 40.02

WNet [31] 15.44 35.98 53.32 34.91 16.98 39.72 70.38 42.36

LGNet [30] 23.17 47.80 65.49 45.49 14.83 30.05 44.12 29.67

Ours 12.67 31.81 16.78 30.42 11.85 26.74 35.83 24.81

SPGNet [23] 0.093 0.148 0.204 0.148 0.065 0.121 0.178 0.121

GC [24] 0.035 0.088 0.138 0.087 0.035 0.081 0.125 0.080

RFR [26] 0.044 0.109 0.167 0.107 0.038 0.090 0.140 0.089

LPIPS| CTSDG [29] 0.085 0.121 0.155 0.120 0.069 0.104 0.140 0.104
WNet [31] 0.037 0.089 0.142 0.090 0.042 0.099 0.158 0.099

LGNet [30] 0.047 0.111 0.166 0.108 0.037 0.087 0.131 0.085

Ours 0.029 0.073 0.114 0.072 0.027 0.066 0.103 0.065

SPGNet [23] 3.76 4.89 6.04 4.90 2.53 3.65 5.02 3.73

GC [24] 1.00 2.42 3.75 2.39 0.82 1.77 2.76 1.78

RFR [26] 1.02 2.57 3.99 2.52 0.75 1.78 2.83 1.78

0 (%)4 CTSDG [29] 2.03 2.94 3.82 2.93 1.32 1.97 2.66 1.98
WNet [31] 0.92 2.30 3.66 2.29 0.71 1.75 3.05 1.83

LGNet [30] 1.17 2.78 4.28 2.74 0.84 1.74 2.66 1.74

Ours 0.90 2.26 3.55 2.24 0.66 1.54 2.48 1.56

SPGNet [23] 4.26 5.52 6.76 5.51 4.13 5.98 8.23 6.11

GC [24] 1.14 2.76 4.26 2.72 1.35 2.89 4.52 2.92

RFR [26] 1.14 2.90 4.51 2.85 1.21 2.89 4.61 2.90

MAE(%)) CTSDG [29] 2.31 3.34 4.34 3.33 2.14 3.19 4.33 3.22
WNet [31] 1.04 2.61 1.14 2.60 1.15 2.89 5.11 3.05

LGNet [30] 1.33 3.15 4.82 3.10 1.39 2.84 4.32 2.85

Ours 1.02 2.58 4.04 2.55 1.07 2.50 4.05 2.54

43



3.3. EXPERIMENTS
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) Input ) SPGNet ) RFR ) CTSDG ) WNet  (h) LGNet ) Ours

Figure 3.8: Qualitative results of our methods with SPGNet, GC, RFR, CTSDG, WNet, and
LGNet on three datasets with irregular masks. From left to right: (a) GT, (b) Masked Input,
(¢) Inpainted results of SPGNet, (d) Inpainted results of GC, (e) Inpainted results of RFR, (f)
Inpainted results of CTSDG, (g) Inpainted results of WNet, (h) Inpainted results of LGNet, (i)
Inpainted results of Ours. From top to bottom: Three groups (each group contains three or two
rows) separately correspond to CelebA-HQ [124], Cityscapes [125], and Outdoor Scenes [126]

test images. [Best view with zoom-in.]

by the red box, best observation with zoom-in), which is not consistent with the undamaged
image feature. The artifacts become more evident in Cityscapes and Outdoor Scenes images,

as these two datasets have more complex features among different semantic classes for models
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to learn. Unfortunately, the state-of-the-art method of LGNet is challenging to learn these

features without anticipating the semantic information of images.

Meanwhile, we can also observe the results of the fifth row that our method can inpaint the whole
red car with an intact semantic layout and consistent intra-class textures, which other com-
parison methods cannot achieve. For example, the one-off guidance image inpainting method,
SPGNet, generates the semantically unreasonable layout for the damaged red car. Moreover,
the inpainted texture inside the red car is turbid. It adequately reflects the superiority of our
semantic-guided inpainting method by integrating the mutual dual-task generator and adaptive

attention fusion.

(a) Gt (b) Input (c) WNet () LGNet (e) Ours

Figure 3.9: Qualitative results of our method with WNet and LGNet on three datasets with
regular masks. From top to bottom: CelebA-HQ (first two rows), Cityscapes, and Outdoor

Scenes test images, respectively.

Furthermore, as shown in Fig. 3.9, we select the latest two inpainting models (i.e., WNet
and LGNet) to evaluate the qualitative results on regular-masked test images. The proposed
method delivers more realistic visual effects compared with WNet and LGNet. Nevertheless,

when the masked area covers multiple small objects (e.g., the case of the first row in Fig. 3.10
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(a) | (b) np (¢) Ours

Figure 3.10: Negative cases of our method.

(a) 1~20% (b) 20~40% (c) 40~60% (d) regular-mask

Figure 3.11: Inpainting examples with different mask-to-image ratios. [The first row has four
damaged images. The second row shows the inpainting results. From left to right, it shows
the results with different mask-to-image ratios. The last column is about the result using the

regular shape mask.]

(b)) or contains rich textures (e.g., the case of the 2nd row in Fig. 3.10 (b)), our method has the
difficulties to generate satisfying inpainting results (see the results in Fig. 3.10 (c¢)). The main
reason causing the problem is that the proposed method relies on stable semantic information
to guide the inpainting process progressively. However, it is hard to recover adequate semantic
segmentation information when the masked area has many small objects (i.e., the thing is wholly
masked out) or rich texture information. Consequently, it causes the problem of inpainting,

which relies on semantic information as the guidelines.

Additionally, we give visual inpainting examples of our method for an image with different
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mask-to-image ratios (e.g., 1~20%, 20~40%, 40~60%), and the regular mask). As shown below
in Fig. 3.11, as the mask ratio increases with more occluded areas, the information on the

inpainted regions has more artifacts or inconsistencies.

3.3.3 Analysis of Model Complexity and Run-Time

To compare the model complexity and the run-time performance of the proposed method
against its main competitors, we use FLOPs, the number of parameters, and inference time as
the criteria. Inference time indicates the time for a forward pass of models. All methods are
evaluated on a single NVIDIA QUADRO RTX 6000 GPU (24GB). The results are reported in
Table 3.3. Because our model adopts the mutual dual-task generator with a coarse inpainting
network, the number of parameters is relatively larger. However, our model has comparable

computational complexity (in FLOPs) and reasonable inference time to other methods.

Table 3.3: Model complexity and run-time statistics. The best and second-best values are

marked in bold and underlined.

Model FLOPs Params Infer. time
SPGNet [23] 63.03 G 96.08 M 17.59 ms
GC [24] 55.52 G 4.05 M 15.12 ms
RFR [26] 206.17 G 30.59 M 58.98 ms
CTSDG [29] 17.67 G 52.15 M 37.95 ms
WNet [31] 25.19 G 48.75 M 39.86 ms
LGNet [30] 69.67 G 115.00 M 25.32 ms
Ours 43.82 G 66.17 M 36.38 ms

3.3.4 Real-world Applications

We demonstrate the application of the proposed method to several real-world scenarios. As
shown in Fig. 3.12, from the top left to bottom right, the examples are attribute editing of face,
watermark removal, visual photo manipulation, and unwanted object removal. Users draw a

mask in pictures to point out the editing area or unwanted objects and obtain the results by
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using the proposed method. Our method produces visually pleasing results, which are not

tuned by any post-processing.

Figure 3.12: Examples of real-world applications adopting our proposed mutual generator.

3.3.5 Ablation Studies

In this section, we use the CelebA-HQ test set to verify the role of different modules of our

method. Meanwhile, we report the quantitative and qualitative results.

Table 3.4: Quantitative results of our method with or without coarse inpainting network on the

CelebA-HQ test set. T Higher is better. | lower is better. Notes: PSNR and FID are used for

measuring the quality of image inpainting. mloU is used for measuring the quality of semantic

segmentation.
Masks 1~20% 20~40% 40~60%
Ours 33.61 27.88 25.46
PSNRt

Ours_w/o_cn 33.35 27.63 25.19
Ours 2.66 6.16 8.97

FIDJ
Ours_w/o_cn 2.85 6.51 9.51
Ours 71.98 70.22 68.59

mloU(%) 71

Ours_w/o_cn 71.31 68.94 66.69
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--
X
(e)

Figure 3.13: Qualitative results of our method with or without coarse inpainting network on

.

the CelebA-HQ test image. From left to right: (a) Masked input, (b) Gt image, (c) Inpainted
image of Ours, (d) Inpainted image of Ours_w/o_cn, (e) Gt segmentation map, (f) Semantic
segmentation map of Ours, (g) Semantic segmentation map of Ours_w/o_cn. [Best view with

zoom-in. |

1) Coarse Inpainting Network

We consider whether the coarse inpainting network impacts the learning of the mutual dual-task
generator and the image segmentation and inpainting performance. We retrain the network
after removing the coarse inpainting network, as shown in Fig. 3.4 (a). The new network,
denoted as Ours_w/o_cn, retains the adversarial mechanism that is the same with coarse in-
painting networks. We follow the same training setup as the full network denoted as Ours to
train Ours_w/o_cn. Our full network achieves better numerical metrics in quantitative results
shown in Table 3.4. It also reflects in the visual effects shown in Fig. 3.13 (¢) and (f), as we can
see that the network of Ours_w/o_cn can not generate the accurate facial jawline and mouth

shape marked by the red box in Fig. 3.13 (g) and (d).

It validates the role of a coarse inpainting network, i.e., generating initial texture features
in damaged regions of images. The initial features intuitively benefit the modeling of the
mutual dual-task generator on the semantic segmentation task, which leads to better image
inpainting guided by semantic segmentation. We adopt mean intersection-over-union (mloU)
as segmentation metrics to evaluate the semantic segmentation performance of networks. As
shown in Table 3.4, it proves that the coarse inpainting network can prompt relatively better

segmentation performance to benefit image inpainting.
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Table 3.5: Quantitative results of our method with different variants in bidirectional CFDN
modules on the CelebA-HQ test set. 1 Higher is better. | Lower is better. Notes: PSNR and
FID are used for measuring the quality of image inpainting. mloU is used for measuring the

quality of semantic segmentation.

Masks 1~20% 20~40% 40~60%
Ours 33.61 27.88 25.46
PSNRt Ours_cfc 33.46 27.77 25.35
Ours_s_cfdn 33.44 27.72 25.29
Ours 2.66 6.16 8.97
FID] Ours_cfc 2.73 6.18 8.99
Ours_s_cfdn 2.72 6.28 9.02
Ours 71.98 70.22 68.59
mloU (%)t Ours_cfc 71.96 69.91 68.15
Ours_s_cfdn 70.66 69.07 67.19

e [ (¥ e
10666

Figure 3.14: Qualitative results of our method with different variants in bidirectional CFDN

modules on the CelebA-HQ test image. From left to right: (a) Masked input, (b) Gt image,
(c) Inpainted image of Ours_cfe, (d) Inpainted image of Ours_s_cfdn, (e) Inpainted image of
Ours, (f) Gt segmentation map, (g) Semantic segmentation map of Ours_cfc, (h) Semantic
segmentation map of Ours_s_cfdn, (i) Semantic segmentation map of Ours. [Best view with

zoom-in. |

2) Cross-domain Feature DeNormalization (CFDN)

The bidirectional CFDN module is proposed to facilitate mutual dependencies between the seg-
mentation feature and the texture feature in mutual decoders, i.e., segmentation-guided texture
(ST) generation and texture-guided segmentation (T'S) generation. The T'S branch receives tex-

ture feedback from the texture generation branch for refining segmentation information, which
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will help texture generation. We explore two variants in bidirectional CFDN modules to ver-
ify the impact on segmentation and inpainting performances. One directly concatenates the
two features for mutual dependencies. We denote this variant as bidirectional Cross-domain
Feature Concatenation, i.e., CFC. The other removes the texture feedback and keeps a CFDN
operation for the segmentation-guided texture generation. We denote this variant as Single
CFEDN, i.e., SSCFDN. We replace the bidirectional CFDN modules in our method with the two
variants and construct two new networks, identified as Ours_cfc and Ours_s_cfdn. We retrain
the two networks with the same training setup as our full framework. We report quantita-
tively and qualitatively image segmentation performances with corresponding image inpainting

performances in Table 3.5 and Fig. 3.14, respectively.

We observe that Ours reports better quantitative results than Ours_cfc and Ours_s_cfdn
while the numerical results of OQurs_cfc are slightly better than those of Ours_s_cfdn. In the
inpainted areas marked by the red box in Fig. 3.14, Ours achieves better semantic segmentation
results, which, in turn, provides better guidance for the following image inpainting in generating
preferable visual details. On the one hand, it proves that bidirectional CFDN modules are more
effective than bidirectional CFC modules in modeling mutual feature dependencies. On the
other hand, it also reflects that the bidirectional CFDN modules can further transfer texture
feedback to conduct the texture-guided segmentation task, which helps semantic segmentation
and improves the quality of image inpainting guided by segmentation. However, the single
CFDN module without the texture feedback cannot produce high-quality segmentation and

inpainting results.

3) Adaptive Attention Fusion (AAF)

The adaptive attention fusion module is stacked at the end of mutual decoders to improve the
inpainting results further. The module contains three blocks: Semantic-affinity cross-Attention
(SA), Global-context self-Attention (GA) and Gated Feature Fusion (GFF). In the mutual dual-
task generator, the segmentation-guided texture generation decoder and the texture-guided

segmentation generation decoder can provide mutually reinforcing outputs into this module.

We explore three variants in the AAF module and report the impact on inpainting performance
(i.e., Oursw/o_aaf, Ours.w/ogff and Oursw/o_ga). The Oursw/o_aaf represents the
network that removes the AAF module from our proposed full network. The Ours_w/o_gf f

represents the network that replaces the GFF operation with the concatenation operation. The
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Table 3.6: Quantitative results of our method with different variants in the AAF module on

the CelebA-HQ test set. 1 Higher is better. | lower is better.

Masks 1~20% 20~40% 40~60%
Ours 33.61 27.88 25.46
Ours-w/o_aaf 33.19 27.48 25.07
PSNR+t
Oursw/ogff 33.47 27.76 25.33
Ours_w/o_ga 33.43 27.69 25.28
Ours 2.66 6.16 8.97
Ours_w/o_aaf 2.90 6.72 9.72
FIDJ
Ours-w/ogff 2.72 6.16 9.04
Oursw/o_ga 2.73 6.32 9.10

Figure 3.15: Qualitative results of our method with different variants in the AAF module on
the CelebA-HQ test image. From left to right: (a) Masked input, (b) Gt image, (c) Inpainted
image of Ours, (d) Inpainted image of Ours_w/o_aaf, (e) Inpainted image of Ours_w/o_gff,

(f) Inpainted image of Ours_w/o_ga. [Best view with zoom-in.]

Ours_w/o_ga represents the network that removes the GA operation of the AAF module. Tt
means that the network Ours_w/o_ga contains an SA block and has no GFF block to fuse the
outputs of two attentions. We retrain the three new networks following the same training setup

as the proposed full method, denoted as Ours.

The numerical comparisons and visual effects are shown in Table 3.6 and Fig. 3.15, respectively.
From the quantitative results, Ours > Ours.w/o_gff > Ours_w/o_ga > Ours-w/o_aaf (the
symbol ‘>’ represents ‘is better than’). It verifies that the whole AAF module is an essential

part of the proposed methods (e.g., Ours > Ours_w/o_aaf) and refines the inpainting results
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of mutual decoders. The GFF block can better achieve feature fusion than the channel con-
catenation (e.g., Ours > Ours.w/o_gff). The GA block integrated into the SA block can
act as a complement to model global texture dependency to improve the inpainting quality
(e.g., ‘Ours > Ours_w/o_ga’ or ‘Ours w/o_gff > Ours.w/o_ga’). The SA block can establish
cross-attention restrained by semantic labels to promote the performance (e.g., Ours-w/o_ga
> Ours-w/o_aaf). We can also observe from Fig. 3.15 (c) that the whole AAF module of
our proposed methods produces seamless eyelid lines and clear textures, which other variant

counterparts cannot achieve.

3.4 Summary

In this chapter, we propose the Mutual Dual-task Generator, consisting of a shared encoder
and mutual decoders to model the mutual dependencies between image texture and semantic
segmentation, which has yet to be considered by existing inpainting methods with the guid-
ance of semantic segmentation tasks. The bidirectional Cross-domain Feature DeNormalization
module is introduced in the two decoders to construct mutual decoder branches. They progres-
sively and hierarchically model the ST and TS generations, i.e., segmentation-guided texture
generation (ST) and texture-guided segmentation generation (TS). It achieves better semantic
guidance for image inpainting. Furthermore, following the designed Adaptive Attention Fu-
sion module, the Mutual Dual-task Generator further improves the inpainting performances
through learning semantic-affinity and global-context texture consistencies for inpainted tex-
tures of missing regions. Extensive experiments demonstrate the superiority of the proposed

methods.
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Chapter 4

Multi-Modal Collaboration for
Consistent (GAN-style Inpainting

4.1 Motivation

When the corrupted regions in an image involve semantic category diversity and structural
complexity, the primary challenge in image inpainting is to ensure that the restored content
maintains visual consistency with the non-missing areas in terms of texture authenticity, struc-
tural continuity, and semantic plausibility. To tackle this challenge, we draw inspiration from
artistic drawing processes [67], [68], [69]. Humans approach drawing through a pre-perception
process [67], [68], which relies on the global understanding of the whole image to decompose
the complicated drawing tasks into three pre-perception primitive tasks, progressively drawing
out high and low-frequency information. These three primitive tasks include sketching spatial
shapes or boundaries like semantic layouts to represent the inter-class placement of image ob-
jects, sketching spatial strokes like edges to detail intra-class structures of objects, and then
applying colors to render the textures of these objects [67], [68]. The information generated
in these three primitive tasks can be regarded as three modalities. Another crucial process
is cross-perception collaboration [69], which establishes mutual interaction among these three
primitives to maintain consistency and refine details collectively. Sketched semantic layouts and
edges define the boundaries and structures of objects while providing overall prior guidance for
rendering textures, ensuring the restored textures align with these semantic and structural de-

tails. Simultaneously, artists continuously inspect partially rendered texture states and provide
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(a) Input (b) CAN (¢) CTSDG (d) MDTG

(e) UMMG (f) Ours (g) GT

Figure 4.1: Inpainted results from different methods: (a) the corrupted input, (b) the re-
sult from the general SOTA method CAN [35], (c¢) the result from the edge-guided method
CTSDG [29], (d) the result from the segmentation-guided method MDTG [91], (e) the result
from the edge-and-segmentation-guided method UMMG [33], (f) our result, which exhibits
more authentic textures, coherent structures, and reasonable semantics in the eyes and nose

areas highlighted by the colored box, and (g) the ground-truth image.

feedback to refine semantic or edge placements, adjusting guidance based on evolving texture
patterns and distributions [69]. This iterative process is vital for accurately refining guidance

information for subsequent texture rendering stages.

The rationale behind the pre-perception process lies in decomposing a complex inpainting task
into relatively simple sub-tasks, enabling individual optimization and easy control of their
generation processes. However, previous deep learning inpainting methods [9], [10], [22], [24],
[30], [34], [35], [43], [45], [84] uniformly model the relationship between corrupted and ground
truth images through extensive supervised training. Such generic modeling does not explicitly
consider image structure and semantic layout information, resulting in structural and semantic

artifacts in restored results (see the distorted nose in Fig. 4.1 (b) as an example). Recently,
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some studies have incorporated additional guidance knowledge, such as the image structure
information [29], [60], [61], [130] (i.e., edges) or the semantic layout information [23], [25], [28],
[49], [64], [91] (i.e., semantic segmentation maps), to improve inpainting quality. Despite the
effectiveness of using image structure and semantic information as guidance, the individual use
of one type of guidance presents limitations and makes it hard to obtain satisfactory inpainting

results (see Fig. 4.1 (c) and (d)).

Recent advancements [33] consider integrating both types of information to guide image in-
painting but struggle to model the mutual collaboration between image structure, semantic
segmentation, and texture information to jointly optimize their generation, as adopted in the
cross-perception collaborative process by human artists. Specifically, Yu et al. [33] used convo-
lution denormalization to integrate image structure and semantic segmentation information to
guide texture inpainting. However, convolution outputs lack a global interaction field, leading
to potential inconsistencies due to insufficient integration of holistic structure and semantic
information into the recovered texture (see the structurally blurred eyes and incongruous nose
in the inpainting result shown in Fig. 4.1 (e)). Additionally, they ignore the effective feedback
loop from recovered textures to relevant image structure and semantic information for further
adjustment. In the current method, image structures and semantic layouts only guide texture
inpainting without considering information updates caused by the progressively improved tex-
ture information, potentially disrupting the subsequent guidance process [63] and affecting the

consistency of image inpainting.

To address these issues, we propose a new scheme (see Fig. 4.2), which mimics the human
pre-perception and cross-perception collaborative process iteratively for inpainting tasks. The
proposed scheme comprises a shared encoder and three-modality decoding stages that explicitly
decouple the image inpainting task into three pre-perception primitive tasks to generate edges
(i.e., image structures), semantic segmentation (i.e., image semantic layouts), and textures
(i.e., image color details). Such a pre-perception process is achieved through the proposed Pre-
Perceptual Transformer Block (Pre-P TB, shown in Fig. 4.3), closely followed by the proposed
Cyclic Cross-Perceptual Interaction (CCPI, shown in Fig. 4.4) to mimic the cross-perception

collaborative process.

The proposed components (i.e., Pre-P TB and CCPI) are alternately deployed in decoding

stages from rough to fine-grained levels. The Pre-P TB module captures global contextual de-
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pendencies to mimic the artist’s holistic understanding, followed by a dual-gated self-perceptron
module that regulates information transmission across feature channels and spatial dimensions,
aligning with the human pre-perception process of filtering vital patterns and distributions.
This design enables the three information modalities to be optimized individually, effectively
controlling their respective generations. Meanwhile, at each level, the three modalities mutually
collaborate for joint optimization until all fine-grained details are fully restored. Mutual collab-
oration is realized through the C'CPI module, which establishes globally relevant guidance via
linear cross-modality attention and refines the two guidance processes through effective texture
feedback enabled by dual-gated feedback interaction mechanisms. Together, these processes
provide a functional simulation of human cross-perception, ensuring consistent inpainting qual-
ity across entire image structures, semantic layouts, and textures (as shown in Fig. 4.1 (f)).

The contributions of the proposed multi-modal collaboration scheme are as follows:

e This thesis proposes a new inpainting scheme aligned with the pre- and cross-perception

collaborative processes of human drawing, proving significant superiority.

e The proposed Pre-P TB models the pre-perception process to reconstruct image structure,
segmentation, and texture individually, explicitly optimizing each generation process for

the following mutual collaboration.

e The proposed CCPI follows the cross-perception collaborative process to deliver global
guidance and effective feedback loops, gradually enhancing the details of all three modal-

ities and ensuring consistent image inpainting.

4.2 Multi-Modal Collaboration via Pre-Perception and
Cross-Perception Processes

As shown in Fig. 4.2, given a damaged image [;,,e RE#*Wx¢ where I;, = I, ® (1 — M) & M, with
M Dbeing a binary mask (ones for corrupted regions and zeros for uncorrupted regions), and
I, the ground truth image, we utilize an embedding layer [32] to generate feature embeddings
for tokens. These embeddings are input into a shared encoder to produce the latent feature
F.,.. The F,,. undergoes the three-modality decoder, which comprises three levels of pre-
perception and cross-perception collaborative processes mimicking human drawing behaviors,

to yield the final image components: edges F,,;, RGB textures I,,, and semantic segmenta-
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Figure 4.2: Full framework of our multi-modal collaboration method. It consists of four parts:
(a) a shared encoder for context encoding, (b).1 Edge decoder, (b).2 Semantic segmentation
decoder and (b).3 Texture decoder. The three-modality decoder progressively reconstructs
Eout, Souwr and I, by modeling the pre-perception process and cross-perception collaborative

processes.

tion S,y The proposed pre-perceptual transformer block facilitates the pre-perception process,
enabling hierarchical modeling of contextual dependencies and transmissions for edge, texture,
and segmentation features individually. The cyclic cross-perceptual interaction emulates the
cross-perception collaborative process to comprehensively model the interrelation among the
three-modality features and progressively enhance their details for guiding consistent image in-
painting. The interrelation can be described in two steps: providing globally reliable guidance
for texture inpainting via cross-task feedforward interaction and incorporating effective texture
feedback via dual-gated feedback interaction to refine the guidance process. In the framework,
pixel-unshuffle [131] is applied within each encoder level for downsampling the spatial reso-
lutions of features, and each encoder level also uses the pre-perceptual transformer block for
context encoding. Pixel-shuffle [131] is used at the decoder level for upsampling feature spatial

resolutions.

4.2.1 Pre-Perceptual Transformer Block (Pre-P TB)

Fig. 4.3 depicts the overview of Pre-P TB, designed to model the pre-perception process in
human drawing. It includes a quasi-chunked linear self-attention (QCLSA) to capture global

contextual dependencies across the entire image, simulating the artist’s holistic understanding.
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This ensures each modality (edges, semantics, textures) is aware of the global context, enabling
context-informed feature extraction. Complementing QCLSA, a dual-gated self-perceptron
(DGSP) filters vital patterns and distributions by processing differences between initial and
refined features from QQCLSA across channel (emphasizing salient feature patterns) and spa-
tial (highlighting critical pixel-level distributions) dimensions. This DGSP mechanism mirrors
how artists consciously suppress irrelevant details while amplifying essential ones during pre-
perception, distinguishing Pre-PTB from generic multi-task learning networks (e.g., [132]) that
focus solely on intra-task dependencies without explicitly capturing intra-modal contextual dis-

crepancies.

] = ]
i I [ 2 ‘
i DVDmmi:non D < || x G| ® Reamrange () Matrix Multiplication ©) Concatenation () Element wise Addition > Skip Connection () GELU Activation (7) Element wise Multiplication!
N “|[~ 2 ]

/ Multi-head self-attention across channel dimensions

m ® headxC'xH"'W
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5 head=C'=xH'W' ~H'xW'=C

Figure 4.3: Diagram of the proposed Pre-Perceptual Transformer Block (Pre-PTB), comprising

(a) Quasi-Chunked Linear Self-Attention (QCLSA), which models contextual dependencies to
emulate an artist’s holistic understanding, and (b) Dual-Gated Self-Perceptron (DGSP), which
facilitates information transmission at spatial and channel levels, mirroring an artist’s conscious

filtering of critical patterns and distributions during pre-perception.

1) Quasi-Chunked Linear Self-Attention (QCLSA)

We use the chunk operation [133] and implement self-attention across channel dimensions to
construct the QCLSA module, depicted in Fig. 4.3 (a). Given the input feature xge rH#'*W'xC
into QCLSA, the query @, key K, and value V are produced via the chunk function, which
divides features across feature channels after xy undergoes Layer Normalization and convolution
operations. The convolution comprises a 1 X 1 point-wise convolution and a 3 x 3 depth-
wise convolution for learning cross-channel and channel-wise local-spatial contexts, respectively.
Subsequently, the rearrangement function (denoted as R in Fig. 4.3 (a)) reshapes @, K and V

as tokens and splits the total channel number C into ‘heads’ (i.e., head x C' = C') for multi-
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head self-attention learning. Finally, x; is produced based on the learned self-attention map

and another convolution. We express QCLSA as 21 = fyesq(0)-

2) Dual-Gated Self-Perceptron (DGSP)

The QCLSA conducts self-attention on the initial zy and produces the refined feature ;. In the
human pre-perception process, the differences between these two features are consciously ana-
lyzed, and the vital information (i.e., the salient feature pattern and critical pixel distribution)
is selectively propagated to the next stage. To model this objective, we introduce Dual-Gated
Self-Perceptron (DGSP), which applies mixing activation gating across both the channel fea-
ture dimension (deciding which feature patterns to activate and retain) and the spatial feature
dimension (deciding which spatial distributions to activate and retain). In this way, the differ-
ences between xy and x; are fully activated and modulated, enhancing feature representation

and enabling subsequent layers to focus on meaningful features in corrupted regions.

Mlustrated in Fig. 4.3 (b), DGSP comprises a channel-gated self-perceptron (CGSP), which
takes zo(C)x; as input with augmented information in the channel dimension; and a spatial-gated
self-perceptron (SGSP), which accepts zo@®z; as input with enhancing pixel-level information
in the spatial dimension. The processing flows of CGSP and DGSP are similar; however, they
differ in their focus on differences between features xy and x; in distinct dimensions, including
feature and spatial dimensions, followed by embedded mixing activation gating (MAG) to
implement feature activation and mutual modulation. We use the MAG schematic in SGSP
(marked by the red dotted box in Fig. 4.3 (b)) to describe its mechanism and then formulate
the processes of CGSP and SGSP.

Given the input feature x,,c R#"*W'xc  MAG initially divides it into two local features c3 and ¢4
with half the channel numbers, expressed as c3,cqs = for(Tm) (C3, C4c RE>*W'xC/2) via the chunk
function. The two local features are simultaneously activated through GELU functions operated
at spatial pixel positions, and the resulting activated feature maps are used to adaptively gate
(or modulate) the transformation of the other side feature in an element-wise multiplication
manner (i.e., O4(c3)Ocy and O4(cq) Ocs, Oy(*) is the GELU function). Finally, we aggregate the

two transformed local features by concatenating their feature dimensions. The overall process

60



CHAPTER 4. MULTI-MODAL COLLABORATION FOR CONSISTENT GAN-STYLE
INPAINTING

of MAG is formulated as follows:

fmag(xm) = [69(03) © C4]©[@g<c4) ® cs),

C3,C4 = fck(xm)v

(4.1)

Through this MAG process for information mutual modulation across local features, the ini-
tial input x,, is fully modulated to enhance its representation capacity. Based on MAG, we

formulate CGSP and SGSP as follows:

fcgsp<x0©x1) = fmag(flc<x0©$1))7
fsgsp(xOEB:Cl) = fmag(fllc<x0@x1))7

(4.2)

where fi.(x) and f/.(%) denotes layer normalization, followed by 1 x 1 and 3 x 3 depth-wise

convolution.

Finally, by combining the results of feys,(20©x1) and fsgsp(xo®Hx1) via convolutional weighting,
along with an information residual x;, we obtain the final result x5 of DGSP, as depicted in

Fig. 4.3 (b). The quantitative and qualitative effects of CGSP, SGSP, and the MAG used in
them are analyzed in Chapter 4.3.5.

4.2.2 Cyclic Cross-Perceptual Interaction (CCPI)

As shown in Fig. 4.4 (a), we propose CCPI to simulate the cross-perception collaborative pro-
cess, aiming to model the mutual collaboration among the three-modality features for consistent
image inpainting. Specifically, CCPI includes the Cross-Task Feedback Interaction (CTFI) that
uses linear cross-attention to model the relevance between texture features (queries) and guid-
ance features (keys/values from edges/semantics), simulating how artists leverage structural
and semantic priors to guide texture rendering. Moreover, CCPI introduces the Dual-Gated
Feedback Interaction (DGFI), which explicitly models feedback from rendered textures back to
guidance features. This DGFI captures the essential iterative feedback characteristic of human

cross-perception.

The CCPI is performed after constructing edge, semantic, and texture features separately
(denoted as ey, so and ¢, respectively) using the Pre-P TB in the pre-perception process. The

diagram of CCPI, which consists of two CTFI and two DGFI components, can be formulated
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as follows (v and 7 are two learnable parameters):

to? = - fugi(eo, to) ®7 - fersi(s0,t0) @ to, (4:3)

e6? = fagri(eo, 67, 56" = faggi(s0,t5%), (4.4)

where Formula 4.3 aims to fuse edge and semantic auxiliary information to guide the update
of texture features via CTFI, while Formula 4.4 represents feeding the updated texture back
to refine the guidance feature via DGFI. The concepts of CTFI and DGFI will be introduced

below.

1) Cross-Task Feedforward Interaction (CTFI)

As depicted in Fig. 4.4 (b), CTFTI consists of a linear cross-attention (LCA) and a spatial-gated
self-perceptron (SGSP). LCA accepts a specified guidance feature gq (i.e., eg or sg, generalized
as go for simplicity) and texture feature t; as inputs. The guidance feature undergoes layer
normalization and 1 X 1 convolution to generate the key K and value V, while the texture query
Q is obtained from t,. Subsequently, the output of LCA is obtained primarily through cross-
attention computation across channel dimensions between Q, K and V (i.e., softmaz(R(Q) ®
R(K)) ® R(V), where R represents the Rearrange operation). We denote the process of LCA
as fica(go, to) to acquire the global correlative guidance tg. Then, we employ fsgsp(go®Btg) from

spatial dimensions to convey guidance information to texture features. The overall process of

CTFI can be expressed as fe1i(go, to) = fsgsp(90D fica(go, to))-

LCA explicitly selects appropriate guidance information based on cross-modality attention be-
tween texture features and guidance information, while SGSP utilizes the proposed mixing
activation gating to modulate the selected guidance into the texture inpainting process. All of
this ensures that CTFT achieves comprehensive guidance for image texture restoration. We val-
idate the effectiveness of the proposed CTFI in Chapter 4.3.5 compared to the commonly used
guidance module of feature normalization [33], [86], which comprises convolution components

for implicit and local guidance.

2) Dual-Gated Feedback Interaction (DGFI)

After obtaining the updated texture 3¢, we carry out texture feedback to auxiliary guidance
information through the proposed DGFI. DGFI, akin to DGSP in Chapter 4.2.1, applies its

mechanism to cross-modality features. Illustrated in Fig. 4.4 (c), DGFI comprises both a
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channel-gated cross-perceptron (CGCP) and a spatial-gated cross-perceptron (SGCP). We ex-

press their processes as follows:

Fegen(90@L") = finag(fre(90©15?)),

(4.5)
Fsgep (go@tgd) = finag (fl/c (go@tgd))a

Our DGFT effectively identifies discrepancies between the updated textures and the initial guid-
ance features, such as edge structures and semantic segmentation maps. These discrepancies are
selectively activated and modulated by the mixing activation gating (MAG) mechanism across
both the channel dimension (selecting influential texture patterns) and the spatial dimension
(selecting key texture distributions). Consequently, DGFI transmits meaningful texture pat-
terns and distributions back to refine the guidance branches, thereby enhancing the quality of
the guidance features. This process, akin to the feedback in the cross-perception collaborative
process used by human artists, mitigates potential information disruptions caused by simple

channel-concatenation operations. The effects of DGFT are analyzed in Chapter 4.3.5.

- | Mixing activation
Layer Normalizati Laver [} 2
D&);‘lgnnmluﬁ:: D Nommalization gating
(a) Cyclic Cross-Perceptual Interaction (CCPI) .

-z Feedforward from Guidance Features to Feedback from Texture Features to |
12 > Texture Features " Guidance Features '

~
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Figure 4.4: Diagram of the proposed Cyclic Cross-Perceptual Interaction (CCPI) in (a), com-
prising (b) Cross-Task Feedforward Interaction (CTFI) components, which fuse reliable guid-
ance into texture features to emulate how artists use structural and semantic priors for texture
rendering, and (c¢) Dual-Gated Feedback Interaction (DGFI) components, which enable effec-
tive texture feedback to refine guidance information, mirroring the iterative feedback process

of human cross-perception.
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4.2.3 Loss Functions

We train our network end-to-end via a set of joint multi-task loss terms as follows:

‘Cjoz'nt = Arecﬁrec + ﬁper + )\stycsty (4 6)

+ XadvLado + Ledge + Liseg,
where the reconstruction loss Lyec=||Lout — Igt||,, the perceptual loss Eperzzg’ @i (Lout) —Di(Lge) |,
the style loss Esty:Zf |0:(Lout) — Vi(Ige)]|, and adversarial loss Logo= —E[D(Iou)] are used to
train texture inpainting decoder. ¢;(x) stands for the activation map of the i-th pooling layer in
the pre-trained VGG-16 [134], and ; (%) = ¢;(*)T¢;(*) is the Gram matrix. The discriminator
D, which uses spectral normalization [24], consists of five convolution layers with LeakyReLU
activation functions (as depicted in Fig. 4.2). The weighting values Ayec, Agy and Agq, are

empirically set to 2, 250, and 0.1, respectively, following [33], [84], [91].

Leage=BCE(Eout, Egi) and Lgeqg=CE({(Sout),&(S4t)) denote the binary cross-entropy and cross-
entropy loss terms for training the edge decoder and semantic segmentation decoder, similar
in [33]. () is the function used to convert class labels into the one-hot format. Iy, Ey and Sy

denote the ground-truth RGB image, edge map and semantic segmentation map, respectively.

4.3 Experiments

4.3.1 Experimental Setup
1) Datasets

Three publicly available datasets with diverse semantic contents and edge structures are used to
train our network. These datasets, as introduced in Chatper 3.3.1, include CelebA-HQ [124],
consisting of 30K celebrity face images across 15 semantic categories; Cityscapes [125], contain-
ing 5K street-view images categorized into 20 semantic annotations; and Outdoor Scenes [126],
including 9,900 training images and 300 testing images across eight semantic categories. In
CelebA-HQ), the first 29K images are designated for training, and the last 1K images are used
for testing. For Cityscapes, 500 images from the original validation set are used for testing,
while the remaining images are used for training. All datasets are randomly cropped and re-
sized to 256 x 256 for network input during training and testing. Binary masks for the specified

missing regions are randomly generated following previous works [24], [91]. The Canny edge
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algorithm [56] extracts ground-truth edge maps from RGB images, with the sigma parameter

set to 1 for CelebA-HQ and Outdoor Scenes and 3 for Cityscapes.

2) Comparison Methods

To evaluate the efficacy of our approaches, we consider eight state-of-the-art image inpainting
methods: CTSDG [29], an edge-guided method; MDTG [91], a segmentation-guided method;
UMMG [33], a method guided by both edges and segmentation; Magic [135], a latent-diffusion-
based method guided by multiple external references as guidance (e.g., text, canny edge, seg-
mentation); and four general learning-based methods: LGNet [30], KBII [34], MAT [32] and
CAN [35]. For fairness, all comparison methods are re-trained using our training data settings
and their respective training parameter configurations, except for Magic, a training-free model
based on pre-trained stable diffusion [13] at 512 x 512 image resolutions. We interpolate test
images to a resolution of 512 and set the guided text as ‘Null’ while using ground-truth edge
and segmentation maps corresponding to the corrupted input as references for testing Magic.

Subsequently, the output results of Magic are interpolated back to a resolution of 256.

3) Parameter Setting

We use the Adam optimizer and a batch size of 4 to train our network. The learning rate
for the multi-modality generator is set to 2 x 10~%, while the discriminator’s learning rate is

1x107°.

4.3.2 Quantitative and Qualitative Results
1) Quantitative Results

We follow widely accepted quantitative metrics in previous studies [29], [32], [91], including
FID [128], LPIPS [129], SSIM [127], PSNR, and MAE (mean /¢; error). The initial two metrics
rely on high-level visual perception to evaluate the distribution disparity between ground truth
and inpainted images, while the latter three assess low-level pixel similarity. Randomly gener-
ated irregular masks are applied to each test image, with mask-to-image ratios distributed at
1~20%, 20~40%, and 40~60%. All comparison methods share the same mask-image pairs for
testing.

Table 4.1 presents the quantitative results. Our method obtains the best scores for FID and
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Table 4.1: Quantitative results with the state-of-the-art inpainting techniques on three test

datasets. 1 higher is better. | lower is better. The best and second-best scores are marked in

bold and underlined.

Test Datasets CelebA-HQ Cityscapes OST
Mask Ratios 1~20% 20 ~40% 40 ~60% 1~ 20% 20 ~ 40% 40 ~ 60% 1 ~ 20% 20 ~ 40% 40 ~ 60%

LGNet [30] 3.10 7.14 10.36 14.83 30.05 44.12 23.17 47.80 65.49

KBII [34] 2.71 5.78 8.34 10.77 21.54 29.12 12.96 32.20 45.20

MAT [32] 2.83 6.44 9.05 10.94 21.39 28.99 11.50 28.49 40.50
CTSDG [29] 8.76 12.92 17.49 26.86 39.19 54.00 24.68 39.88 52.53

FID], |MDTG [91] 2.66 6.16 8.98 11.85 26.74 35.83 12.67 31.81 46.78
UMMBG [33] 2.41 5.53 8.04 9.98 20.21 28.24 11.47 27.91 40.37

CAN [35] 2.18 5.19 8.55 8.97 18.44 28.74 9.82 23.40 35.88
Magic [135] 3.48 5.98 8.03 10.35 19.17 26.02 10.51 23.27 30.45

Ours 1.92 4.65 6.93 8.69 17.74 24.80 8.95 21.94 31.26
LGNet [30] 0.016 0.040 0.061 0.037 0.087 0.131 0.047 0.111 0.166

KBII [34] 0.015 0.035 0.055 0.026 0.061 0.097 0.027 0.068 0.106

MAT [32] 0.015 0.039 0.061 0.028 0.066 0.103 0.031 0.078 0.123
CTSDG [29] | 0.041 0.068 0.096 0.069 0.104 0.140 0.085 0.121 0.155
LPIPS| |MDTG[91] 0.014 0.034 0.055 0.027 0.066 0.103 0.029 0.073 0.114
UMMG [33] 0.014 0.034 0.053 0.024 0.057 0.091 0.028 0.069 0.107

CAN [35] 0.011 0.028 0.051 0.022 0.050 0.083 0.024 0.057 0.093
Magic [135] 0.019 0.041 0.057 0.031 0.063 0.096 0.032 0.071 0.106

Ours 0.009 0.025 0.040 0.021 0.049 0.078 0.023 0.055 0.088
LGNet [30] 33.22 27.87 25.62 31.38 26.17 23.69 28.11 23.02 20.85

KBII [34] 33.35 27.91 25.54 32.08 26.25 23.54 29.81 24.40 22.03

MAT [32] 32.93 27.23 24.76 31.42 25.59 23.00 29.03 23.56 21.18
CTSDG [29] 31.92 27.87 25.62 30.34 26.07 24.28 28.34 23.97 22.71
PSNR1 |MDTG [91] 33.61 27.88 25.46 31.68 26.61 23.44 29.25 24.76 21.64
UMMG [33] 33.76 28.18 25.85 32.39 26.72 24.10 29.65 24.44 22.15

CAN [35] 34.38 29.07 26.35 32.47 27.01 24.06 29.66 24.85 22.41
Magic [135] 33.15 28.12 25.77 31.01 26.26 23.84 28.19 23.88 21.76

Ours 35.16 29.19 26.72 33.05 27.14 24.38 30.46 24.99 22.54
LGNet [30] 0.962 0.907 0.857 0.946 0.867 0.791 0.924 0.813 0.713

KBII [34] 0.966 0.917 0.870 0.955 0.890 0.824 0.943 0.857 0.775

MAT [32] 0.964 0.910 0.859 0.950 0.881 0.811 0.938 0.844 0.755

CTSDG [29] | 0.956 0.907 0.859 0.941 0.882 0.822 0.918 0.843 0.770
SSIMt | MDTG [91] 0.966 0.913 0.863 0.950 0.884 0.817 0.937 0.845 0.756

UMMG [33] | 0.966 0.914 0.866 0.956 0.894 0.831 0.941 0.854 0.771
CAN [35] 0.972 0.932 0.880 0.957 0.900 0.838 0.944 0.867 0.783
Magic [135] 0.951 0.903 0.863 0.926 0.868 0.805 0.921 0.834 0.754
Ours 0.974 0.932 0.891 0.961 0.905 0.846 0.947 0.868 0.792
LGNet [30] 0.84 1.81 2.72 1.39 2.84 4.32 1.33 3.15 4.82
KBII [34] 0.61 1.50 2.39 0.10 2.35 3.84 0.94 2.37 3.74
MAT [32] 0.65 1.64 2.63 1.10 2.60 4.16 1.05 2.65 4.22
CTSDG [29] 1.27 2.07 2.89 2.14 3.19 4.33 2.31 3.34 4.34
MAE(%)J | MDTG [91] 0.61 1.56 2.49 1.07 2.50 4.05 1.02 2.58 4.04
UMMBG [33] 0.66 1.62 2.52 0.95 2.22 3.59 0.96 2.39 3.74
CAN [35] 0.53 1.30 2.32 0.96 2.22 3.73 0.91 2.22 3.69
Magic [135] 1.44 2.59 3.08 1.96 3.15 4.51 1.94 3.29 4.58
Ours 0.49 1.27 2.04 0.89 2.10 3.43 0.87 2.21 3.51
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LPIPS across all compared approaches on three datasets, except for a slightly lower FID score
than Magic at 40~60% mask ratios on the OST dataset, validating that our framework, which
follows the pre-perception and cross-perception collaborative processes of human painting be-
haviors, can attain new state-of-the-art quantitative results. Additionally, outcomes from low-
level pixel-to-pixel metrics such as PSNR, SSIM and MAE indicate that our method yields

evaluations close to raw images.

2) Qualitative Results

To further verify the performance of the proposed method, we present the qualitative results
to show visual discrepancies. Fig. 4.5 displays the visual outcomes of our method compared
to eight other methods on CelebA-HQ test images. Our method outlines clear eye structures
(especially in double-fold eyelids) and accurately reproduces the mouth layout, resulting in

more coherent image inpainting, as highlighted by the red box in the first row of Fig. 4.5.

(a) Input (b) LGNet (c) KBII (d) MAT (e)CTSDG  (HMDTG  (g) UMMG (h) CAN (i) Magic (j) Ours (k) GT

Figure 4.5: Qualitative results of our method with LGNet, KBII, MAT, CTSDG, MDTG,
UMMG, CAN and Magic on CelebA-HQ [124] dataset. GT indicates the ground-truth image.

[Best view with zoom-in.]

Regarding the inpainting results on Cityscapes test images shown in Fig. 4.6, our approach re-
stores corrupted cars with more reasonable semantic layouts and consistent textures compared
to other methods, as indicated by the red box. In Fig. 4.7, which depicts the inpainting results
of Outdoor Scenes, our method effectively reconstructs continuous structures and realistic tex-
tures. Noteworthy examples include restoring the funnel-shaped roof, marked by the red box
in the second row of Fig. 4.7, demonstrating superior performance compared to other methods,

particularly the UMMG method of the same type. These observations validate the effectiveness
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(a) Input (b) LGNet (c)KBII (dMAT  (e)CTSDG  (HMDTG  (g) UMMG (h) CAN (i) Magic (j) Ours (k) GT

Figure 4.6: Qualitative results of our method with LGNet, KBII, MAT, CTSDG, MDTG,
UMMG, CAN and Magic on Cityscapes [125] dataset. GT indicates the ground-truth image.

[Best view with zoom-in.]

(a) Input (b) LGNet (c) KBII (d) MAT (e) CTSDG (f) MDTG (g) UMMG (h) CAN (i) Magic (j) Ours (k) GT

Figure 4.7: Qualitative results of our method with LGNet, KBII, MAT, CTSDG, MDTG,
UMMG, CAN and Magic on Outdoor Scenes [126] dataset. GT indicates the ground-truth

image. [Best view with zoom-in.]
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of our approach in achieving consistent image texture inpainting with comprehensive guidance
from auxiliary edge structures and semantic layouts, attributable to the proposed modules that

mimic two human perceptual processes in drawing.

Fig. 4.8 presents the visual results of our method compared to other auxiliary-guided ap-
proaches. The final generated guidance maps, including reconstructed edges and predicted
semantic segmentation maps, are shown below the inpainted RGB images. As marked by the
red box in Fig. 4.8, our method generates more authentic textures, continuous and rich edge
structures, and reasonable semantic layout maps. For instance, our method produces consecu-
tive earring hoops and bangs as seen in the restored RGB image (highlighted by the red box in
the first row of Fig. 4.8) and in the reconstructed edges and predicted semantic segmentation
maps (highlighted by the red box in the second row of Fig. 4.8). This observation reaffirms the
efficacy of our method in individually optimizing image textures, edges, and semantic layouts
while fully modeling their collaboration for consistent image inpainting. This modeling process

closely aligns with human drawing behaviors.

() Input (b) CTSDG (¢c) MDTG (d) UMMG (¢) Ours (HGT

Figure 4.8: Qualitative results of our method and those of auxiliary-guided approaches on
CelebA-HQ (rows 1~2), Cityscapes (rows 3~4), and Outdoor Scenes test images (rows 5~6).
The results include the inpainted images obtained with auxiliary guidance alongside the final
generated guidance maps, which are displayed below the inpainted images. x denotes that no
such guidance information is available for the corresponding methods. [Best view with zoom-

in.]
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4.3.3 Analysis of Model Complexity and Run-Time

Table 4.2 reports the model complexity and runtime of the proposed framework compared to
its competitors. Evaluation criteria include FLOPs (floating point operations), the number of
parameters, and inference time (the time of a forward pass through the network). All statistical
assessments of the various model methods are conducted on a single NVIDIA QUADRO RTX
6000 GPU with 24GB of memory. Notably, our model’s parameter count is 38.31M, significantly
lower than that of the seven main competitors except for CAN (16.91M parameters). However,
the CAN model does not incorporate explicit semantic layouts and edge-structure guidance to

enhance image inpainting, as these guidance elements inevitably increase model parameters.

The hierarchical deployment of the pre-perceptual transformer block and cyclic cross-perceptual
interaction within our multi-modality decoding framework leads to significant consumption of
FLOPs and inference time compared to competitors. Nevertheless, these values are compara-
ble to the standard transformer-based network MAT, which does not involve additional explicit
guidance costs. However, our multi-modality transformer features three-branch decoders de-
signed to execute multi-task generation, specifically addressing primary image inpainting guided
by two auxiliary tasks consisting of edge reconstruction and segmentation prediction. As for
the latent-diffusion method, Magic consumes considerable computational resources due to the

iterative backward inference process inherent in the diffusion generation architecture.

Table 4.2: Model complexity and run-time statistics. The best and second-best values are

marked in bold and underlined.

Model FLOPs Params Infer. time
LGNet [30] 69.67 G 115.00 M 25.32 ms
KBII [34] 41.78 G 70.34 M 82.74 ms
MAT [32] 140.12 G 59.77 M 108.60 ms
CTSDG [29] 17.67 G 52.15 M 37.95 ms
MDTG [91] 43.82 G 66.17 M 36.38 ms
UMMG [33] 125.97 G 51.25 M 31.56 ms
CAN ([35] 127.21 G 16.91 M 76.19 ms
Magic [135] - 1103.95 M 1007.68 ms
Ours 150.85 G 3831 M 100.77 ms
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4.3.4 Various Applications with the Proposed Method

We also demonstrate several real-world applications of the proposed network. As shown in
Fig. 4.9, from top to bottom, the examples include image editing, watermark removal, and
unwanted object removal. Users delineate a mask within the images to specify the editing
area or identify unwanted objects. Subsequently, our network processes the masked image to
generate the desired output. As depicted in Fig. 4.9, our method consistently produces visually

appealing results.

Figure 4.9: Examples of real-world applications adopting our method include (a) image editing,

(b) watermark removal, and (c¢) unwanted object removal.

4.3.5 Ablation Studies

In this section, we use the CelebA-HQ test dataset to evaluate the impact of the proposed
modules within our full framework. We construct nine sub-frameworks to investigate their
effects. All sub-frameworks adhere to the same training configuration as our full framework

Ours.

1) Effect of Cross-Task Feedforward Interaction (CTFI)

To assess the efficacy of CTFI, we replace all CTFI modules with commonly used feature
normalization modules, such as Auxiliary DeNormalization (ADN) [33] introduced in Chap-
ter 2.2.2, for incorporating edge and segmentation guidance into image inpainting. The result-

ing sub-framework is denoted as f_w_adn.
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Table 4.3: Quantitative outcomes from ablation studies of evaluating the effect of different

sub-modules. 1 higher is better. | lower is better.

FID] PSNRt
Framework ' Description
1~20% 20 ~ 40% 40 ~ 60% |1 ~ 20% 20 ~ 40% 40 ~ 60%

fw_adn Abla.A) replace ctrr with ADN 1.95 4.68 6.95 35.10 29.13 26.66
fw_cwe Abla.B) replace par1 with cwe 1.96 4.71 7.01 35.08 29.07 26.62
fwo_e Abla.C) remove edge guidance 1.99 4.82 7.16 34.93 28.94 26.50
fwo_s Abla.C) remove segmentation guidance 1.99 4.83 717 34.99 29.02 26.56
fwo_es Abla.C) remove all guidance 2.01 4.90 7.20 34.89 28.93 26.49
f-wo_es_1 | Abla.D) remove all pasp 3.15 7.35 10.90 33.08 27.29 24.80
f-wo_es_2 | Abla.D) use direct activation in pGsP 2.47 5.76 8.56 34.03 28.14 25.68
f-wo_es_3 | Abla.D) remove casp in pGsp 2.10 5.03 7.35 34.74 28.81 26.34
f-wo_es4 | Abla.D) remove scsp in Dasp 2.10 5.05 7.40 34.72 28.75 26.30
Ours Full framework 1.92 4.65 6.93 35.16 29.19 26.72

(a) Input (b)f w_adn  (c)f w_cwe (d)fwo_e (e)f wo_s ) fwo_es (g)fwo_es 1 (h)fwo es2 (i)fwo_es3 (j)fwo_es 4 (k) Ours ) GT

Figure 4.10: Qualitative visual results from our ablation studies on the CelebA-HQ test dataset.
From left to right: (a) the corrupted input, (b-k) output results generated by various frameworks
(refer to Table 4.3 for detailed descriptions of the different frameworks), and (1) the ground
truth. The results include the inpainted images obtained with auxiliary guidance, alongside
the final generated guidance maps shown below the inpainted images. x denotes that no such

guidance information is available for the corresponding methods. [Best viewed with zoom-in.]
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Quantitative results in the first and last rows of Table 4.3 reveal that f_w_adn performs worse
than our method in terms of FID and PSNR. The visual differences in the first row of Fig. 4.10
(b) and (k) show that our full method produces clearer double eyelid contours compared to

fw_adn.

This verifies that our method, employing CTFI, effectively selects suitable edge structure and
semantic layout information from global views via the proposed cross-attention mechanism to
enhance image inpainting quality, aligning with how humans use such information for detailed

texture rendering.

2) Effect of Dual-Gated Feedback Interaction (DGFI)

Due to progressively improving texture information, some extent of information back-donation
can refine guidance branches. Therefore, we replace all DGFI modules within our full framework
with channel-wise concatenation (CWC) operations to verify the feedback effect from texture

to edge and segmentation features. The resulting sub-framework is labeled as f_w_cwec.

The numerical results for FID and PSNR in the second and last rows of Table 4.3 indicate that
Ours outperforms f_w_cwe. Visual discrepancies, such as mouth artifacts and non-similarity
between the two restored eyeballs, appear in the results of f_w_cwc but not in Ours, as high-
lighted in the first row of Fig. 4.10 (c) and (k), respectively. The generated edges and semantic
segmentation maps are shown below the inpainted RGB image for reference. For instance,
the predicted right eye layout from f_w_cwc overlaps the semantic layout of the nose; this

discrepancy is best viewed with zoom-in.

These results suggest that DGFI can achieve more effective texture feedback through dual-gated
feature transmission. This process mimics the feedback in the cross-perception collaborative
process of human drawing by activating and transmitting the restored texture state, thereby
enhancing the modeling of auxiliary edges and segmentation and refining their subsequent

guidance processes.

3) Effect of Different Guidance

We create three sub-frameworks to confirm the contributions of edge structure and semantic
segmentation to image inpainting: f wo_e, f wo_s, and f_wo_es. The sub-framework f wo_e

signifies the removal of the edge decoder, thereby retaining only the segmentation branch. In
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this case, the segmentation features alone guide texture inpainting through the segmentation-
based CTFI, while the restored texture features provide feedback to the segmentation branch
through the segmentation-based DGFI, as illustrated in Fig. 4.4. The sub-framework f_wo_s
denotes the removal of the semantic segmentation decoder. In this configuration, the edge
features independently guide texture inpainting via the edge-based CTFI, and the texture
feedback is delivered to the edge branch through the edge-based DGFI. The sub-framework
f-wo_es represents the removal of both edge and segmentation decoders, resulting in the absence

of any guidance or fusion mechanism.

Quantitative evaluations concerning FID and PSNR, displayed in the third-to-fifth and last
rows of Table 4.3, demonstrate the superiority of Ours over f_wo_e, f_wo_s, and f_wo_es.
Additionally, the quantitative performance of f_wo_e and f_wo_s surpasses that of f_wo_es.
This is also reflected in the visual effects shown in the first row of Fig. 4.10 (d), (e), (f), and
(k). f-wo-e produces unsharp contours of the right eyelid. At the same time, f_wo_s predicts
discordant texture in the right eyeball compared to the left eyeball due to the removal of
semantic segmentation guidance as the same-class layout constraint. These phenomena worsen
in the inpainted results produced by f_wo_es. In contrast, our full method outputs a more

harmonious and consistent effect, as presented in the first row of Fig. 4.10 (k).

This confirms that combining edge structure and semantic segmentation in our method enhances
image inpainting quality more effectively. It not only verifies the rationale for decoupling image
inpainting tasks into three primitives but also demonstrates the importance of considering their
mutual collaboration to jointly refine their details for consistent image inpainting, as practiced

by human artists.

4) Effect of Dual-Gated Self-Perceptron (DGSP)

As sub-framework f_wo_es retains only the texture decoder with the pre-perceptual transformer
block as the internal decoding unit, it is intuitive to assess the effect of embedding the dual-
gated self-perceptron (DGSP). DGSP includes three crucial components: the channel-gated
self-perceptron (CGSP), which regulates information transmission from feature dimensions; the
spatial-gated self-perceptron (SGSP), which regulates information transmission from spatial-
pixel dimensions; and the mixing activation gating (MAG) mechanism embedded in CGSP
and SGSP to learn activated representations. Therefore, we devise four additional frameworks

based on f_wo_es to explore these effects:
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e Sub-framework f wo_es_1: removal of all DGSP modules from the pre-perceptual trans-
former block. In this configuration, both the channel-gated self-perceptron (CGSP) and
spatial-gated self-perceptron (SGSP) are removed, and consequently, the mixing activa-

tion gating (MAG) embedded in CGSP and SGSP is also disabled.

e Sub-framework f_wo_es_2: replacement of MAG in DGSP with Direct GELU activation
used in the feed-forward perceptron layer [92], [136].

e Sub-framework f_wo_es_3: removal of the CGSP sub-module within DGSP.
e Sub-framework f_wo_es_4: removal of the SGSP sub-module within DGSP.

As depicted in the fifth-to-ninth rows of Table 4.3, the overall quantitative results suggest that
fawo_es > fwo_es 3> fwoes 4> fwoes 2> fwoes_1interms of FID and PSNR metrics
(where ‘>’ denotes ‘is better than’). The visual differences produced by the four sub-frameworks
are shown in Fig. 4.10 (g) ~ (j), respectively. These results emphasize that (1) the CGSP and
SGSP sub-modules within DGSP play significant roles in meaningful information propagation
from both channel and spatial perspectives (as evidenced by f_wo_es > f_wo_es 3 > f wo_es_4);
(2) the mixing activation gating efficiently activates features and modulates their assistance,
posing a challenging task for the Direct GELU activation to achieve (as indicated by f_ wo_es
> fwo_es 2); (3) the DGSP module complements QCLSA within the pre-perceptual trans-
former block, enhancing feature representation and propagation (as demonstrated by f_wo_es

> fwo_es_1).

4.4 Summary

In this chapter, we design a new image inpainting framework inspired by the pre-perception
and cross-perception collaborative processes in human drawing. Our approach incorporates a
pre-perceptual transformer block to mimic the pre-perception process, tailored to learn contex-
tual dependencies for modeling image edges, semantic segmentation, and texture information
separately. Additionally, we embed a proposed mixing activation gating mechanism to enhance
feature representation capacity. Furthermore, we introduce cyclic cross-perceptual interaction
to simulate the cross-perception collaborative process. This mechanism aims to model the joint
optimization among edge, semantic, and texture representations, and progressively refine their

details to enhance the consistency of image inpainting. Experiments demonstrate that this
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collaborative framework achieves higher structural consistency and visual realism compared to

baseline models.
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Chapter 5

Spatial Reasoning for Partially
Occluded Objects in Diffusion-style

Inpainting

5.1 Motivation

Inpainting becomes particularly challenging when dealing with partially corrupted objects,
where substantial parts of an object are missing while others remain visible (e.g., the masked
image in Fig. 5.2). In such cases, critical semantic details of the object and its surrounding
background may be obscured, yet the remaining uncorrupted object areas offer valuable visual
cues. However, current diffusion-based inpainting methods often fall short in leveraging these
cues. Recent advances in diffusion-based text-to-image models [13], [36], [104], [105], [106],
[138], [139] have shown impressive capabilities for generating high-quality images condition-
ing on text prompts, and advanced breakthroughs of text-guided diffusion pipelines for object
inpainting. Such dedicated pipelines typically extend the input channels of existing diffusion
models to incorporate the corrupted image and its mask, enabling text-guided object inpaint-
ing [13], [38], [72], [74], [75], [76], [137], [140], as illustrated in Fig. 5.1 (a). Although effective
at generating semantically novel content within masked regions based on a given text prompt,
these methods often lack precise pixel-level control over object structures or spatial postures,
even when provided with detailed text prompts. For instance, in Fig. 5.2 (a), although the

text specifies “two hind legs apart, not pressed together,” the reconstructed zebra’s legs remain
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Figure 5.1: Comparison of diffusion-based object inpainting frameworks: (a) text-guided [13],
[38], [137]; (b) sketch-guided with indirect gradient-based guidance [78]; (c) sketch-guided with

direct unidirectional guidance [39]; (d) our adaptive bidirectional sketch-guided approach.

close together. This reveals a key limitation: while text prompts convey high-level semantics,
they often struggle to translate abstract concepts into spatially pixel-wise reconstructions such
as exact postures or orientations. To address this, recent shape-aware inpainting methods [38],
[40], [137], [141] incorporate the object-specific mask and object label prompt to steer diffusion-
based object inpainting. However, when the corrupted object possesses distinctive structural
traits such as an animal’s characteristic posture, these approaches often fail to recover object

details that align with the visible parts of the object (see Fig. 5.2 (b)).

As the saying goes, “a picture is worth a thousand words.” Accordingly, some studies propose
using visual prompts such as sketches [142], [143] to offer fine-grained spatial control in text-
guided diffusion inpainting. These sketches provide guidance on the object’s spatial orientation
and are integrated into the diffusion process to direct the reconstruction. Existing sketch-guided
inpainting methods can be grouped into two categories: indirect gradient-based guidance [78],

[144] and direct integration [39], [145].
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Text Prompt: The striped zebra is standing upright with its two hind legs apart, not pressed together.

Masked Image (¢) Ours 1

(a) Text-guided In-
painting (SD)
iz,

(f) ControlNet 1 &

(k) MaGIC 3

(j) MaGIC 2

(b) Text-guided In- (i) MaGIC 1

painting (PowerPaint)

Figure 5.2: Inpainted results from different diffusion-based inpainting methods: (a,b) Text-
guided results using Stable Diffusion [13] and PowerPaint [137]; (c—e) Results of our sketch-
guided method with corresponding sketch prompts; (f~h) ControlNet inpainting guided by
sketch prompts [39]; (i-k) MaGIC inpainting guided by sketch prompts [78].

Gradient-based methods guide the denoising process by gradients between the latent features
of the inpainting model and a target sketch map. As shown in Fig. 5.1 (b), a trainable encoder
extracts sketch features that are compared via MSE loss to the inpainting latents, with the
resulting gradients back-propagated to update the denoised latent to agree with the sketch.
Although this strategy allows the model to follow the sketch, the indirect nature of gradient
guidance often leads to unstable training and inaccurate alignment with the sketch (see Fig. 5.2
(i)~(k)). Moreover, when the object is only partially corrupted, these methods can only push
the sketch to the masked area, ignoring potential associations with unmasked object regions,

which results in inconsistent reconstructions.

Direct integration methods mitigate this issue by inserting sketch features into the inpainting
model via operations such as element-wise addition. ControlNet [39], shown in Fig. 5.1 (c),

uses a trainable encoder to embed the sketches, which are then passed to a pre-trained text-
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guided diffusion model. While this approach avoids unstable gradient flows, it still struggles
in partially corrupted scenarios. Specifically, ControlNet unilaterally injects partial sketches
without adapting to the uncorrupted object regions during the denoising inpainting process,

resulting in ambiguous and inconsistent guidance (see Fig. 5.2 (f)~(h)).

To address these challenges, we propose an adaptive bi-directional sketch-guided inpaint-
ing framework specifically designed for partially corrupted object inpainting. Our method
also builds upon a frozen pre-trained text-guided Stable Diffusion model, but introduces three
major innovations over direct-integration approaches like ControlNet (see Fig. 5.1 (d)): (1)
Bi-directional feature interaction. Before incorporating sketch features, we first integrate
multi-scale latents from the masked object image and mask into the denoised latents of the dif-
fusion model. These latent features are then fused and passed to the sketch branch (blue arrows
in Fig. 5.1 (d)). This enables the sketch features to adapt to uncorrupted object contexts and
ongoing denoising progress. To this end, we propose a context-aware feature fusion module that
learns a wvisual mask from the fused object latent features and the guided sketch. (2) Sketch
feature modulation. Instead of direct element-wise addition, we propose a sketch-conditional
affine transformation based on the learned visual mask. This modulation weights the degree of
sketch integration, encouraging fine-grained guidance and consistency with visible object parts.
(3) Early-stage integration. We insert the bi-directional interaction module in the encoder
stage of the diffusion U-Net, enabling early control over object structure fidelity. Guided sketch

features are further propagated to the decoder via skip connections.

Lastly, while most existing sketch-guided diffusion inpainting methods overlook the unique chal-
lenges of partially corrupted object restoration, we focus explicitly on this scenario. To support
this work and promote future research, we contribute two novel datasets—CUB-sketch and
MSCOCO-sketch—that provide four-tuple annotations (text, partial mask, partially masked

image, and partial sketch) for each image.
In summary, our contributions are as follows:

e We propose a novel diffusion-based sketch-guided framework with bi-directional feature

interaction tailored for partially corrupted object inpainting.

e We introduce context-aware feature fusion and sketch-conditional affine transformation

to adaptively integrate sketch information in accordance with uncorrupted object regions.
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Figure 5.3: The proposed pipeline builds on the frozen T2I Stable Diffusion model and incor-
porates the following key components: a masked image encoder, which integrates binary mask
localization and object contextual information from the corrupted image into the noisy features;
and a sketch-conditional encoder followed by multi-scale Sketch-guided Bidirectional Feature
Interaction (SBFI) modules, which enable fine-grained sketch integration while adapting to the

uncorrupted object context during the integration process.

e We release CUB-sketch and MSCOCO-sketch, two benchmark datasets with paired text,

mask, and sketch annotations to facilitate evaluation and future research.

5.2 Achieving Spatial Reasoning via Sketch-Guided Bidi-
rectional Feature Interaction

As shown in Fig. 5.3, to enable a frozen text-embedded Stable Diffusion model for inpainting
partially corrupted objects using partial sketch guidance, we employ a Masked Image Encoder
to extract multiscale features from the corrupted image. These features provide both mask
localization and rich contextual information from the visible, uncorrupted regions, which are
then injected into the denoised latents of the Stable Diffusion model. This results in multiscale,

masked-image-encoder-modulated noisy features.
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Simultaneously, a Sketch-Conditional Encoder extracts multiscale features from the partial
sketch. At the core of our framework lies the Sketch-guided Bidirectional Feature Interaction
(SBFI) module, which first fuses the sketch-derived and masked-image-encoder-modulated fea-
tures at each encoder level through a context-aware feature fusion sub-module. This fusion
enables the guided sketch to adapt to the uncorrupted object context and the ongoing denois-
ing process. Following this, a sketch-conditional affine transformation sub-module modulates
the sketch integration based on the predicted visual mask generated by the context-aware fea-
ture fusion. The final output, sketch-guided noisy features, is then reintegrated into the frozen

Stable Diffusion model.

The SBFI module operates across multiple scales in the encoder phase of the diffusion model,
promoting fine-grained structural control and sketch-guided consistency from the earliest stages
of generation. Meanwhile, the embedded text prompt, inherent to the frozen diffusion model,
ensures that the restored object aligns with the specified semantic description. The framework

is described in detail in the following subsections.

5.2.1 Preliminaries of the Training Objective for Diffusion Models

The proposed pipeline builds on the pre-trained text-to-image diffusion model, Stable Diffusion
[13], which comprises a variational autoencoder (VAE) and a UNet denoiser. The VAE encodes
a clean image o into the latent space zy and decodes it for reconstruction. The UNet denoiser

conducts diffusion in the latent space through a forward and reverse process.

In the forward process, Gaussian noise ¢ is added to the clean latent image zy to generate a

noisy sample z; at timestep ¢ as:
2z = Vazo+ V1 —age, e~N(0,1), (5.1)

where «; represents the noise level. In the reverse process, the learnable UNet denoiser ¢
predicts the added noise ¢; at each timestep ¢, conditioned on text, enabling step-by-step

denoising from Gaussian noise. The training objective for the diffusion model is:
L= E207t7€t ||€t — €9 (zt’ Tg(tel‘t), t)”; 5 (52)

where 7y is the CLIP text encoder. Based on this pre-trained model, our fine-tuning objective of

incorporating trainable masked image encoder ency(m) and sketch-conditional encoder ency(s)
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is:

L=E, tems e — € (2, To(text), enco(m), ency(s), t)||§ ) (5.3)

5.2.2 Masked Image Encoder

To fine-tune Stable Diffusion for sketch-guided image inpainting, we introduce a masked im-
age encoder, as shown in the top left of Fig. 5.3. This encoder conveys the masked image
information, including uncorrupted object details and partially occluded mask location, to the
multi-level noisy features of the denoiser UNet encoder. It provides object contextual position-

ing for the subsequent insertion of partial sketches into the corrupted object area.

The architecture of the masked image encoder replicates the UNet denoiser encoder but removes
the text cross-attention layer. The well-trained weights of the denoiser encoder serve as a strong
prior for extracting masked image features. Given an input masked image zo ® m € R"™®wx3,
with h = w = 512, where the binary mask m with value 0 indicates corrupted object regions,
we first embed it into a latent space using the VAE encoder. The spatial resolution of the latent

representation is determined by the VAE downsampling factor (e.g., |s), ensuring alignment

with the latent data distribution of the denoiser UNet.

The masked image encoder then extracts multi-scale masked features M = {Mj, ..., M}, where
L corresponds to the number of scales in the UNet encoder. At each scale, the corresponding
downsampled binary mask is concatenated channel-wise to emphasize the corrupted spatial
regions. The dimensions of M match the intermediate noisy features N = {Ny, ..., Ny} in the
denoiser UNet encoder. M is added to IV at each scale, and the masked feature extraction and

insertion process is formulated as follows:

M = ency (vaeemb(xo o m),{ls, (m) Z-L:1>, (5.4)

A

where |, denotes the downsampling operation at scale i (in our experiments, f; = 8, fo =
16, f3 = 32, f4 = 64). The features N; represent the noisy features modulated by the masked
image encoder, as illustrated by the blue arrows in Fig. 5.3. These features incorporate both

the uncorrupted object information and the mask position information.
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5.2.3 Sketch-Conditional Encoder with Sketch-guided Bidirectional

Feature Interaction

This thesis proposes a sketch-conditional encoder with multi-scale Sketch-guided Bidirectional
Feature Interaction (SBFI) modules to inject encoded partial sketch features into the corrupted
regions of noisy features. The architecture of the sketch-conditional encoder is identical to that

of the masked image encoder, as shown in the bottom left of Fig. 5.3.

1) Sketch-Conditional Encoder

Given an input partial sketch s; € R"™%*! which contains sketch details within the partially
corrupted area, we first downsample it to the same latent resolution of the pre-trained UNet
using pixel unshuffle [131]. The downsampled features are then fed into the sketch-conditional
encoder to extract multi-scale sketch features S = {Sj, ..., Sp}, whose dimensions match those
of the masked-image-encoder-modulated noisy features N = {Nl, ey N L}. The sketch features
are fused with the modulated noisy features at each scale using the proposed SBFI module,

represented as fqr;. The process is formulated as:

S = ency( g, () (5.6)
SN; = fap(N;,S:), i=1,...L, L=4, (5.7)

where |y, denotes the pixel unshuffle operation with downsampling scale |s. The features SN,
integrate both the sketch guidance and the masked-image-modulated noisy features at each

scale.

2) Sketch-guided Bidirectional Feature Interaction

The SBFI module consists of two directional operations, each corresponding to a sub-module:
context-aware feature fusion and sketch-guided affine transformation, as illustrated in the bot-

tom right of Fig. 5.3.

In the context-aware feature fusion sub-module, the sketch feature .S; is first processed through a
zero convolution layer [39], and then added pixel-wise to the masked-image-encoder-modulated
noisy feature N;. The resulting feature map, denoted as x;, contains a rough object contour
and incorporates visual information from the uncorrupted object regions. This feature is then

passed through a Conv—GroupN orm—Sigmoid module to predict a visual mask vm € RW>®i,
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Figure 5.4: The visualization of features generated by the Sketch-guided Bidirectional Feature
Interaction (SBFI) module, including: (a) masked-image-encoder-modulated noisy features N;;,
(b) sketch features S;, (c, d) features from the context-aware feature fusion sub-module, and
(e~g) features from the sketch-guided affine transformation sub-module. Here, we use the
scale factor ¢ = 1 in the multi-scale SBFI module as an example to visualize the overall feature
distribution by averaging all channels, as shown in the first two rows. Additionally, in the third
row, we visualize the local distribution patterns by displaying the first three individual channels

of the corresponding features in (c~g).

where each pixel value ranges between [0, 1] and indicates the degree to which the subsequent
sketch-conditional affine transformation should be applied. The intermediate features x; and
vm produced by this sub-module are visualized in Fig. 5.4 (¢) and (d), respectively. The visual
mask highlights both the contours of uncorrupted object regions and the partial sketch details
within the corrupted area to combine as a whole, guiding the subsequent affine transformation to
refine feature interactions with sketch information. This step lays the groundwork for accurate

sketch-based manipulation while preserving consistency with the uncorrupted visual context.

For an input batch z; € R*®*"*% the sketch-conditional affine transformation is applied in a

channel-wise manner after Group Normalization (GN), as follows:

M = vmn, ) (1e(S)FM + B(S)), (5.8)

where 72" is the GN-normalized features, and v.(S;) and (.(S;) are two affine parameters

learned from the guided sketches S; through the zero convolution layer to mitigate noise inter-
ference during the early training stages. The intermediate outputs vm - v.(S;), vm - 5.(S;), and

the final sketch-guided feature SN; are visualized in Fig. 5.4 (e), (f), and (g), respectively.

This sketch-conditional affine transformation modulates the influence of the partial sketch via

two learnable affine parameters, while preserving sketch-guided consistency with uncorrupted
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object cues through additional conditioning on the visual mask predicted by the preceding fu-
sion module. The resulting sketch-guided noisy features SN, are reintegrated into the frozen
text-embedded Stable Diffusion model, as shown in the bottom right of Fig. 5.3. This inte-
gration guides the model to inpaint partially corrupted objects under sketch guidance, while
also maintaining high-level semantic coherence through the frozen text-conditioned generative

prior.

5.2.4 Dataset Preparation for Model Training

As existing datasets mainly focus on complete object occlusion and overlook scenarios involving
partial degradation of objects, the proposed method targets the inpainting of partially corrupted
objects, where the occlusion mask covers a significant portion of the object’s semantic region and
may also include background areas. This scenario presents a non-trivial challenge, as existing
random masking strategies [24], [84] are inadequate for such partial occlusions. Specifically,
random masks often cover background regions or only obscure small portions of the object,
making it difficult to control the occlusion ratio between object and background areas. As a
result, these strategies struggle to support object-level inpainting guided by text and sketches.
To overcome this limitation, we propose a data preparation approach for partially occluded
object scenes. Each generated sample includes a partial mask, partial sketch, partially occluded
image, and corresponding textual description. As illustrated in Fig. 5.5, we use a simple object
image to illustrate the data preparation process. This process consists of three steps: mask

generation, partial masking, and partial sketch generation, which are described in detail below.

Step 1: Mask Generation

In the first step, enlarged instance masks are generated to cover the background regions. This
process uses a mask dilation indicator d ~ [0, D], which controls the degree of dilation applied

to the object instance mask my from the annotations. The dilation process is defined as:
mq = Dilation(mg, kq), (5.9)

where k; denotes the dilation kernel size. When d = 0, the mask remains unchanged as my.
As d increases, the mask my gradually expands outward. At d = D, the mask my becomes the

bounding box of the instance object, losing specific shape information.
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Figure 5.5: Data preparation process for constructing partially occluded object masks and
corresponding partial sketches in three steps: Step 1 (Mask Generation), where Step 1 (1)
performs mask dilation to expand the object boundaries and include non-object background,
and Step 1 (2) smooths the edges between adjacent dilated masks; Step 2 (Partial Masking);
and Step 3 (Partial Sketch Generation). The outputs from these steps are used to construct
4-tuple data samples for each image, where the accompanying text is directly taken from the

original dataset annotations.

To alleviate the excessive expansion of originally sharp boundaries in m caused by the dilation
process, as shown in Fig. 5.5 Step 1 (1), Gaussian blur is applied between adjacent dilation
masks mg and mgy1 (0 < d,d+1 < D), smoothing the edges and producing masks with varying
levels of precision. This process is controlled by a mask blur indicator s ~ [0, S] and is defined

as:

ms = GaussianBlur(mg, may1, ks), (5.10)

where k, is the Gaussian kernel size. When s = 0, m corresponds to my. As s increases, the
mask becomes progressively smoother until s = S, where m; is equal to mg.,. Examples of
masks generated with varying d and s values are shown in Fig. 5.5, Step 1 (2). A mask is

randomly selected from this set for the next step.
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Step 2: Partial Masking

In the second step, a Bézier curve is randomly generated and used to scan the selected mask
from Step 1 in one of four directions: right to left, left to right, down to up, or up to down. The
scanning continues until the covered area meets a predefined percentage (50% ~ 60% in our
experiments) of the input mask’s area. This process produces four partially occluded object
masks. One of these masks is randomly selected and reversed to generate the partial mask pm;

(j € Z,0 < j <3), as shown in Fig. 5.5, Step 2.

Step 3: Partial Sketch Generation

In the final step, six types of sketches are generated from the clean RGB image to support
sketch manipulation with varying freehand styles during inference. As illustrated in Fig. 5.5,

Step 3, the sketches are created as follows:

Sketch so: Extracted using the Canny algorithm [56].

Sketch s;: Generated using PidiNet [146].

Sketch so: Created by applying hard threshold filtering to s;.

Simplified Sketches s3, s4, s5: Produced using the rough sketch simplification (RSS) algorithm

[147], based on s; as input with three different initialization strokes.

The partial sketch ps; is calculated using the formula (1 — pm;) ® my ® s;, where i € Z and
0 < <5, and my represents the instance mask. This computation generates the partial sketch
corresponding to the object within the partial mask pm;. The goal of this process is to increase
the diversity of sketch types during training, thus enhancing the model’s generalizability to
user-drawn sketch types during inference. Finally, a partial sketch is randomly selected and

incorporated into the 4-tuple.

Using the above steps and annotations from CUB [148] and MSCOCO [149], we construct
two customized datasets: CUB-sketch and MSCOCO-sketch, providing benchmarks for sketch-

based partial object inpainting.
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5.3 Experiments

We evaluate the effectiveness of the proposed method against state-of-the-art diffusion-based
approaches. Extensive experimental results demonstrate the superiority of our pipeline in
achieving fine-grained posture guidance using partial sketches for inpainting partially corrupted
objects, while preserving sketch-guided consistency with uncorrupted object cues. Finally, we
perform ablation studies to assess the contribution of each component within the proposed

framework to the overall performance.

5.3.1 Experimental Setup
1) Datasets

We train the proposed pipeline using four-tuple data consisting of partially masked images,
partial masks, partial sketches, and corresponding text descriptions. Existing diffusion-based
inpainting methods guided by text or sketches do not specifically target the restoration of
partially occluded objects. Moreover, the datasets they commonly use, such as CUB [148§]
and MSCOCO [149], lack the necessary partial masks and partial sketches required for this
task. To generate the four-tuple data, we leverage the instance masks and text captions from
the original datasets to construct two new datasets: CUB-sketch and MSCOCO-sketch, as
described in Chapter 5.2.4.

The resulting CUB-sketch and MSCOCO-sketch datasets contain 11,788 and 30,809 four-
tuple samples, respectively. These datasets, along with the associated code, are available
at https://github.com/yonglezhang95/PartiallyObjectInpainting. Specifically, CUB-
sketch includes 8,855 samples for training and 2,933 for testing, while MSCOCO-sketch com-
prises 20,526 training samples and 10,283 testing samples. The MSCOCO-sketch training set
is derived from the MSCOCO training set, and its testing set is sourced from the MSCOCO

validation set.

2) Compared Methods

We compare our pipeline with six state-of-the-art diffusion-based methods: SD-Inpainting [13],
BrushNet [74], PowerPaint [137], MaGIC [78], ControlNet [39], and PowerPaint-ControlNet
[137], the latter of which integrates the ControlNet adapter. The first three methods are text-

guided inpainting approaches, while the latter three are sketch-guided inpainting methods based
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on the pretrained text-to-image Stable Diffusion model.

To ensure fair comparison, we adopt the recommended hyperparameters provided in each
method’s official implementation and apply them consistently to our training and testing
datasets. For SD-Inpainting, BrushNet, and PowerPaint, we use 3-tuple data samples com-
prising partial masks, partially masked images, and text prompts. For MaGIC, ControlNet,
PowerPaint-ControlNet, and our proposed pipeline, we use 4-tuple data samples consisting of
partial masks, partially masked images, text prompts, and partial sketches. All methods per-
form inference using 50 diffusion steps and a Classifier-Free Guidance (CFG) scale of 7.5, which

is a standard setting in prior works [13], [137], [150].

3) Evaluation Metrics

We evaluate all methods using four widely adopted metrics: Aesthetic Score (AS) [151], [152],
Fréchet Inception Distance (FID) [128], CLIP Score [153], and Learned Perceptual Image Patch
Similarity (LPIPS) [129]. AS quantifies image quality based on human perception using a
linear regression model trained on real image rating pairs. FID assesses the realism and visual
consistency of the recovered object within the overall image distribution. CLIP Score evaluates
the semantic alignment between the generated content and the input text prompt. LPIPS
measures perceptual similarity by comparing deep features extracted from pretrained neural

networks, providing a reliable estimate of how close the restored image is to the ground truth.

In addition to these quantitative metrics, we conduct a human study to assess the alignment
between the guided sketch and the restored object within the damaged region. This evaluation
reflects how well the model respects the sketch guidance and maintains visual consistency with
the uncorrupted object regions during the inpainting process, which is difficult to capture

through automated metrics alone.

4) Parameter Setting

We use the Adam optimizer with a learning rate of 0.00001 and a batch size of 16 to train
our pipeline, based on the pre-trained Stable Diffusion v1.5. During training, to avoid overfit-
ting and ensure exposure to different occlusion levels, each image is randomly assigned one of
three mask types using a 6:3:1 ratio: partial masks covering 50% ~ 60% of the target object,

segmentation masks fully covering the object, or bounding-box masks covering the object and
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its surrounding context. The same masking protocol is applied during evaluation to keep all

methods comparable, providing diverse corruption conditions for assessing model robustness.

5.3.2 Quantitative and Qualitative Comparisons
1) Quantitative Results

Table 5.1 presents the numerical results of all methods evaluated on the CUB-sketch and
MSCOCO-sketch test sets. The results across four metrics, AS, CLIP Score, FID, and LPIPS,
consistently demonstrate the effectiveness of our pipeline in restoring partially corrupted ob-

jects.  On the CUB-sketch test set, PowerPaint and ControlNet exhibit inferior performance

Table 5.1: Quantitative comparisons with state-of-the-art diffusion-based methods for partially
corrupted object inpainting on the test sets of CUB-sketch and MSCOCO-sketch. 1 indicates

higher is better, and | indicates lower is better. The best scores are marked in bold.

CUB-sketch MSCOCO-sketch
Method
AS 1 CLIP Score 1 FID | LPIPS (x10%) | AS 1 CLIP Score 1 FID | LPIPS (x10%) |

SD-Inpainting [13] 5.77 29.01 8.21 10.01 5.64 25.29 4.87 12.06
BrushNet [74] 5.76 29.02 9.79 11.22 5.68 25.35 5.56 13.99
PowerPaint [137] 5.71 28.52 10.05 12.09 5.65 25.09 5.06 13.92
MaGIC [78] 5.79 28.67 8.83 8.72 5.59 25.78 4.90 11.52
ControlNet [39] 5.73 28.53 10.77 12.01 5.61 25.03 5.22 13.84
PowerPaint-ControlNet [137] 5.73 29.03 8.78 12.79 5.63 25.46 4.89 15.72
Ours 5.81 29.08 8.17 8.48 5.71 25.90 4.83 10.95

Table 5.2: Quantitative comparisons with state-of-the-art diffusion-based methods for fully
corrupted object inpainting on the test sets of CUB-sketch and MSCOCO-sketch. 1 indicates

higher is better, and | indicates lower is better. The best scores are marked in bold.

CUB-sketch MSCOCO-sketch
Method
AS 1 CLIP Score t FID | L-LPIPS (x102) | LPIPS (x102) | | AS1 CLIP Score ¢ FID | L-LPIPS (x102) | LPIPS (x102) |

SD-Inpainting [13] 5.65 28.13 17.50 7.68 13.50 5.70 25.81 7.53 10.66 15.51
BrushNet [74] 5.90 28.64 19.21 7.90 14.18 5.68 25.85 9.24 11.54 17.48
PowerPaint [137] 5.82 28.24 18.38 7.44 12.85 5.66 25.72 8.38 11.82 17.24
MaGIC [78] 5.94 28.88 17.96 6.54 10.85 5.78 25.83 7.21 10.19 14.93
ControlNet [39] 5.78 28.51 16.95 6.36 13.32 5.71 25.78 7.46 11.09 16.72
PowerPaint-ControlNet [137] | 5.81 28.27 18.02 7.23 14.06 5.65 25.73 8.01 11.36 18.59
Ours 5.94 29.01 16.74 6.33 10.89 5.80 25.99 7.48 9.97 15.35

across all four metrics. This can be attributed to their limited ability to model contextual
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relationships between uncorrupted objects and corrupted regions. Specifically, ControlNet’s in-
herent controllability, derived from Text-to-Image (T2I) tasks, makes it less effective for object
restoration under partial occlusions, as it injects sketches independently, disregarding the on-
going inpainting process. Similarly, MaGIC’s performance is surpassed by our method, which
leverages multi-scale bidirectional feature interaction mechanisms. These mechanisms dynam-
ically weight sketch guidance while adapting to uncorrupted object regions, mitigating the
instability of MaGIC’s indirect, gradient-based guidance. As a result, our approach achieves

superior restoration outcomes.

On the MSCOCO-sketch test set, methods such as SD-Inpainting and BrushNet, which rely
solely on text prompts without spatial sketch control, underperform compared to our pipeline.
Our approach utilizes four-tuple inputs (corrupted image, text, partial sketch, and mask) inte-
grated with a frozen text-embedded Stable Diffusion model, enabling finer object pose details
through sketch guidance and pretrained textual semantic priors. In contrast, MaGIC, Con-
trolNet, and PowerPaint-ControlNet produce suboptimal results, likely due to their lack of
specialized modules for perceiving visible object contexts and facilitating tailored restoration

of partially corrupted scenes.

Additionally, Table 5.2 compares the performance of our method with existing diffusion-based
approaches for fully corrupted object restoration on the CUB-sketch and MSCOCO-sketch test
sets. In these cases, objects are entirely masked using either instance segmentation masks or
bounding box masks, with a ratio of 8:2 in the test set. We introduce a Local-LPIPS (L-LPIPS)
metric to measure perceptual similarity between the fully inpainted object and the ground
truth instance. Among the compared methods, our approach achieves competitive qualitative
metrics, further validating that bidirectional interaction between guidance information and
inpainting features during the denoising process enhances restoration performance compared

to independent integration of guidance information.

2) Qualitative Results

Fig. 5.6 presents qualitative results for six comparison methods. Our pipeline generates high-
fidelity visual details in restored objects, achieving strong alignment with both the sketch

prompt and textual semantics.

Methods relying solely on text prompts, such as SD-Inpainting, BrushNet, and PowerPaint,
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Figure 5.6: Qualitative comparison of our method with SD-Inpainting [13], BrushNet [74],
PowerPaint [137], MaGIC [78], ControlNet [39], and PowerPaint-ControlNet [137] for partially
corrupted object inpainting on the CUB-sketch and MSCOCO-sketch test images. Among
these methods, MaGIC, ControlNet, and PowerPaint-ControlNet utilize both text and sketch

prompts, while the other three rely solely on the text prompt.

produce semantically meaningful object restorations but struggle with visual consistency and
exhibit arbitrary spatial postures. For instance, in Fig. 5.6, the restored train heads (first row),
hands (third row), and cat heads (fourth row) display inconsistent spatial structures relative
to uncorrupted object regions. These methods often fail to control object poses in inpainted
regions, highlighting the limitations of text-based guidance in achieving fine-grained posture

accuracy.

In contrast, MaGIC, ControlNet, and PowerPaint-CN incorporate the same sketch prompt as
our method but produce inpainted results with inconsistent object postures relative to the

sketch. For example, the sunflower shape (second row) and the man’s hand (third row) in
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Text Prompt Masked Image GT Image SD-Inpainting BrushNet nt-CN

Figure 5.7: Qualitative comparison of our method with SD-Inpainting [13], BrushNet [74],
PowerPaint [137], MaGIC [78], ControlNet [39], and PowerPaint-ControlNet [137] for fully
corrupted object inpainting on the CUB-sketch and MSCOCO-sketch test images. Among
these methods, MaGIC, ControlNet, and PowerPaint-ControlNet utilize both text and sketch

prompts, while the other three rely solely on the text prompt.

Fig. 5.6 reveal difficulties in controlling the completion of partially corrupted objects using
sketch prompts. Our method, however, integrates a masked image encoder to identify cor-
rupted regions and uncorrupted object contexts, a sketch-conditional encoder with multi-scale
bidirectional feature fusion modules to ensure precise sketch integration and consistency with
uncorrupted regions, and a pretrained Stable Diffusion model for robust text-guided priors.

This results in high-fidelity object completion with both visual and semantic coherence.

Fig. 5.7 provides additional qualitative comparisons for fully corrupted object inpainting. Our
method consistently outperforms existing approaches, demonstrating superior visual alignment
with the guiding sketch prompt (e.g., the restored bird in the third row) and improved consis-
tency with undamaged contexts. Text-guided methods, such as SD-Inpainting, BrushNet, and
PowerPaint, fail to achieve pixel-level accuracy in object postures, even when provided with
detailed text prompts, such as “its head slightly tilted to the left of its little thin body” for the
bird inpainting example (third row). For instance, the inpainted bird’s head in SD-Inpainting

and PowerPaint tilts to the right, contrary to the prompt’s description.

5.3.3 Comparison Between Text-Only and Text+Sketch Guidance

In Chapter 5.3.2, we demonstrated that text prompts alone are insufficient for guiding diffusion-
based models to achieve pixel-level accuracy in object pose inpainting. Here, we further compare

the visual outcomes of inpainting guided solely by text prompts with those guided by both text
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and sketch prompts, focusing on our method, MaGIC, and ControlNet.

In the text-only setting, the sketch prompt is replaced with a completely black image. The
left side of Fig. 5.8 displays the inpainting results for each method using only text prompts.
For example, in the first row, ControlNet fails to capture the structural description “both ears
upright” from the text prompt. Similarly, in the second row, both MaGIC and ControlNet
fail to depict the “upright stems” specified in the text. Although our method also struggles to
fully reconstruct the spatial structure implied by the text, these results highlight the inherent
limitations of text prompts, which provide high-level semantic cues but lack pixel-level spatial

specificity.

When sketch prompts are incorporated, as shown on the right side of Fig. 5.8, our method
achieves significantly more accurate pixel-level pose reconstructions, closely aligning with the
guided sketch structure compared to MaGIC and ControlNet. This improvement arises from
our sketch-guided bidirectional feature interaction mechanism, which ensures consistency be-
tween the sketch guidance and the inpainting process by adapting to the surrounding object

context—a capability absent in MaGIC and ControlNet.

Text prompt only Text prompt + Sketch prompt

A gray-and-white
cat with both
ears upright, its
head slightly
tilted upward,
gazing at the sky.

The yellow
sunflower is
inserted in a blue
vase, structurally
supported by
uprif t stems, with s

radiating flower
heads spreading
outward.

&>

Text Prompt Masked Image Ours MaGIC ControlNet (CN) Sketch Prompt Ours MaGIC ControlNet (CN)

Figure 5.8: Qualitative comparison of our method with MaGIC [78] and ControlNet [39] for

object inpainting under text-only guidance and combined text and sketch prompts.

5.3.4 Subjective Assessment via User Study

We conducted two user studies to evaluate user preference and sketch alignment score metrics.
For the user preference assessment, we randomly selected 35 partially corrupted object images
from the MSCOCO-sketch test set and inpainted them using six competing methods and our
proposed pipeline. Twenty participants were recruited, half of whom were image processing

majors, while the other half were PhD students from other disciplines. Each participant was
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Table 5.3: User Study Results for User Preference and Sketch Alignment Score. The study
involved 20 participants. User Preference assesses the naturalness and textual semantic fidelity
of inpainted object images, while Sketch Alignment Score evaluates the alignment of inpainted
object regions with the guiding sketch and their consistency with uncorrupted regions.

indicates higher is better.

Method User Preference (%) 1 Sketch Alignment Score
(1 = poor, 5 = best)

SD-Inpainting [13] 9.83 -

BrushNet [74] 23.33 -
PowerPaint [137] 10.33 -

MaGIC [78] 14.66 3.7366
ControlNet [39] 9.83 3.7033
PowerPaint-ControlNet [137] 10.66 2.7133

Ours 59.33 4.0700

presented with the corrupted images, their corresponding inpainted results, and text prompts,
and asked to select one or more inpainted images they perceived as natural with high semantic
fidelity. As shown in the User Preference column of Table 5.3, our method’s inpainted results
were preferred in 59.33% of the selections. For the sketch alignment score assessment, we
randomly selected 15 partially corrupted object images from the MSCOCO-sketch test set,
each accompanied by four partial sketches at different scales as guides. Twenty participants
were presented with inpainting results from competing sketch-guided methods and our pipeline,
along with the guiding sketches, and asked to rate how well the inpainted object regions aligned
with the sketch and remained consistent with the uncorrupted regions, using a score from 1
(poor alignment) to 5 (best alignment). The Sketch Alignment Score column in Table 5.3

indicates that participants favored the inpainting results of our method.

5.3.5 Model Flexibility with Diverse Text Prompts and Various
Sketches

Fig. 5.2 (¢)~(e) present the results generated by our pipeline using the same text prompt but

different sketch prompts. Fig. 5.9 showcases more controllable object inpainting, conditioned on
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Figure 5.9: Controllable object inpainting results generated by our pipeline, conditioned on

different combinations of sketch and text prompts, demonstrating high-fidelity outcomes.

various combinations of sketch and text prompts. Our pipeline produces high-fidelity inpainted
results that maintain visual consistency with the sketch prompt and semantic consistency with

the text prompt.

5.3.6 Ablation Studies

We conducted ablation studies to assess the effect of different component designs in our pipeline,
which comprises three main components: the Masked Image Encoder (MIE), the Sketch-
Conditional Encoder (SCE), and the Sketch-guided Bidirectional Feature Interaction (SBFI)
module. We verify corresponding effects by examining combinations of these components at

each stage. We evaluated their effects by testing different combinations of these components
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at each stage. Table 5.4 presents the numerical results of these models on the CUB-sketch test

set for partially corrupted object inpainting.

In Table 5.4, models that include the SCE but exclude the SBFI module integrate sketch
information into the Frozen Stable Diffusion model via element-wise addition, replacing the
SBFI module. Similarly, for models with the SCE but without the MIE, we expanded the
input channel dimension of the Stable Diffusion model to incorporate the masked image and
mask. All ablation models were trained under the same training configuration as our full

pipeline.

Table 5.4: Quantitative comparisons from ablation studies on different component designs in

our pipeline. 1 indicates higher is better, and | indicates lower is better.

CUB-sketch

Model

AS 1 CLIP Score 1 FID |
Frozen SD+SCE 5.46 27.65 13.94
Frozen SD+SCE+SBFI 5.54 27.85 10.88
Frozen SD+MIE 5.76 28.92 9.91
Frozen SD+MIE+SCE 5.78 29.03 8.48
Frozen SD+MIE+SCE+SBFI(Ours) 5.81 29.08 8.17

This bird has
wings that are
brown and has a
white belly.

(a) Text Prompt (b) Masked (c) Sketch (d) GT Image (e) Frozen SD (f) Frozen SD (g) Frozen SD (h) Frozen SD (i) Frozen SD
Image Prompt +MIE+SCE +MIE+SCE +MIE +SCE+SBFI +SCE
+SBFI (Ours)

Figure 5.10: Qualitative comparisons from ablation studies on different component configura-
tions in our pipeline. Frozen SD denotes the pre-trained text-to-image Stable Diffusion model
with parameters frozen. Each panel shows the generated image under different model variants

to illustrate the effect of each component.

1) Effect of Sketch-guided Bidirectional Feature Interaction (SBFI)

The quantitative results in Table 5.4 demonstrate that incorporating the SBFI module signifi-

cantly improves model performance. Specifically, the model “Frozen SD + SCE” underperforms
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compared to “Frozen SD + SCE 4 SBFI” in terms of AS, CLIP Score, and FID. Similarly,
the model “Frozen SD + MIE + SCE” shows inferior performance than “Frozen SD + MIE +
SCE + SBFT (Ours).” The qualitative comparisons in Fig. 5.10 further support these findings:
the model “Frozen SD + MIE 4+ SCE + SBFI (Ours)” generates a sharper and more accurate
outline of the bird’s head than “Frozen SD + MIE + SCE,” and more visual artifacts appear in
the corrupted object region produced by the model “Frozen SD 4+ SCE” compared to “Frozen
SD + SCE + SBFL.”

These quantitative and qualitative results indicate that the SBFI module effectively incorpo-
rates sketch prompt information into the object restoration process while preserving visual
consistency with the uncorrupted parts of the object. The performance gain is attributed to
the module’s ability to fuse multi-scale sketch-derived and corrupted-object-modulated features,

ensuring spatial alignment for subsequent sketch integration based on affine transformation.

2) Effect of Masked Image Encoder (MIE)

As shown in Table 5.4, the model “Frozen SD + MIE + SCE” achieves better results than
“Frozen SD + SCE” across all three evaluation metrics. Likewise, “Frozen SD + MIE + SCE
+ SBFT” outperforms “Frozen SD 4+ SCE + SBFIL.” These findings suggest that the MIE plays
a crucial role in generating an initial visual representation that clearly distinguishes between
corrupted and uncorrupted regions. This region-aware information provides multi-scale spatial
object context and mask localization, enabling the sketch prompt to be better adapted to the
uncorrupted object content. The differences in visual quality are further illustrated in Fig. 5.10,

panels (f) and (i), and (e) and (h), respectively.

3) Effect of Sketch-Conditional Encoder (SCE)

The fourth and fifth columns of Table 5.4 show that adding the SCE component to the model
“Frozen SD + MIE” leads to performance improvements. The SCE extracts multi-scale sketch
features, learning different levels of representative information from the input sketch. Fur-
thermore, incorporating the SBFI module into “Frozen SD + MIE 4+ SCE” yields even better
results, as seen in the final (sixth) row of Table 5.4. This underscores the importance of ef-
fectively integrating sketch information into the corrupted object regions while maintaining
consistency with the uncorrupted parts—both of which are well achieved by the proposed SBFI

module.
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Qualitative results in Fig. 5.10, panels (f) and (g), show that without the SCE module, the
model “Frozen SD 4+ MIE” generates a larger bird head with an unstable posture. In contrast,
the full model “Frozen SD + MIE + SCE + SBFI” demonstrates finer control over the object’s
shape and posture than “Frozen SD + MIE + SCE”, even when guided by a simplified hand-
drawn sketch, as shown in Fig. 5.10, panels (e) and (f).

4) Inpainting Guided by Prompts from Abstract to Detailed

The object inpainting results in Fig. 5.11 reveal a key trend: as the sketch prompt transitions
from abstract to clear and the text prompt shifts from a broad to a more detailed description

of the corrupted area, the inpainted objects exhibit increased visual and semantic consistency.

Sketch Prompt Variations
GT Image Masked Image ~ Abstract Clear

Null.

A photo of the
bohemian
waxwing bird.

Text Prompt Variations

The bird has a
head and the
black eye.

Detailed

Figure 5.11: Object inpainting results from our pipeline under varying levels of sketch and
text prompt specificity. Sketch prompts range from abstract (a completely black input with no
sketch) to clear (a precise outline of a bird’s head). Text prompts range from broad (an empty

prompt) to detailed (a well-defined text prompt describing the bird’s head).
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Figure 5.12: Object inpainting results generated by our pipeline under various combinations
of sketch prompt variations and text prompt scales in partially masked images. [Note: The
sketch prompt is an all-black input, meaning no sketch prompt is used. The text prompt scale
is 0, meaning the pipeline ignores the text prompt (i.e., with null text guidance) and generates

completions solely based on its unconditional prior.]

5) Object Inpainting under Variations in Sketch Prompts and Scaling of Text
Prompts

We experiment with five different sketch prompts, including an all-black input image (indicating
the absence of a sketch) and four types of sketches generated in Step 3 of Chapter 5.2.4 (after
removing two simplified sketches). These variations define a series of sketch prompt conditions.
Simultaneously, we regulate the influence of the text prompt using the Classifier-Free Guidance
(CFG) scale [150], a technique in pre-trained Stable Diffusion models [13] that adjusts text
guidance strength and image fidelity. It operates by blending noise predictions conditioned and

unconditioned on text, as defined by the equation:

€guided = €unconditional +s- (econditional - Eunconditionccl) 3 (511)

where s represents the CFG scale. We employ three settings:
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CFG scale = 0: The model disregards the text prompt, generating images solely based on

its learned unconditional prior, resulting in outputs uninfluenced by textual descriptions.

CFG scale = 7.5: A commonly adopted setting in our pipeline and comparison methods,
balancing diversity and text adherence. The generated image aligns well with the prompt

while maintaining naturalness.

CFG scale = 15: The model strictly follows the text prompt, which can introduce artifacts
or unnatural details due to excessive reliance on textual guidance at the expense of diversity

and realism.

By controlling both the text prompt scales and sketch prompt variations, we present object
inpainting results in Fig. 5.12. These results demonstrate that the proposed model maintains
robustness across different sketches, particularly at a text prompt scale of 7.5, effectively guiding
spatial posture generation in partially corrupted object regions. Additionally, when no sketch
is provided, the model relies solely on the text prompt scale, which leads to arbitrary spatial
structures and unrealistic completions that fail to seamlessly integrate with the uncorrupted

object regions.

6) Limitations

We examine scenarios where the content of the guiding sketch is inconsistent with or contradicts
the description provided by the text prompt. For example, if the sketch depicts a cow’s head
while the text prompt describes a different object, such as a dog, our pipeline struggles to
produce a coherent completion, as illustrated in Fig. 5.13. Such inconsistencies lead the model

to generate unrealistic and incoherent results.

In addition, when the sketch prompt contains a complex structure with noise or ambiguity to
guide object inpainting, as in the sketch shown in Fig. 5.14, our method fails to reconstruct a
clear structural layout of the viaduct, even though the result still outperforms MaGIC, Con-
trolNet, and PowerPaint-CN to some extent. This limitation arises because our method, like
MaGIC, ControlNet, and PowerPaint-CN, does not have the ability to correct poor-quality
sketch inputs.
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CHAPTER 5. SPATTAL REASONING FOR PARTIALLY OCCLUDED OBJECTS IN
DIFFUSION-STYLE INPAINTING

Sketch Prompt Sketch Prompt Sketch Prompt Sketch Prompt
GT Image Masked Image (of cow head) (of dog head) (of wild boar head) (of dog head)
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Figure 5.13: Object inpainting results generated by our pipeline in scenarios where the sketch
prompt is inconsistent with the text prompt. For instance, the sketch may depict a cow’s head,
while the text prompt instead describes a different object, such as a dog, leading to incoherent

completions.

Text prompt: A high-resolution image of modern viaduct spanning the river.

Masked Image  Sketch Prompt Ours MaGIC ControlNet (CN) PowerPaint-CN

Figure 5.14: Inpainting result using a complex and noisy sketch prompt to guide the recon-

struction of a viaduct, where existing methods fail to recover a clear structure.

5.4 Summary

In this chapter, we propose a novel pipeline that utilizes partial sketches as visual control for
inpainting partially corrupted objects within a frozen text-guided Stable Diffusion model. Our
pipeline integrates three key components: a Masked Image Encoder that incorporates masks
and uncorrupted contexts into the denoising latent process, a Sketch-Conditional Encoder that
extracts multi-scale sketch features, and a core multi-scale Sketch-guided Bidirectional Feature
Interaction (SBFI) module that fuses sketch-derived features with noisy features modulated
by uncorrupted contexts. This design ensures consistent sketch-based control and enhances

visual-semantic consistency with uncorrupted regions during denoising. Extensive experiments
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on the CUB-sketch and MSCOCO-sketch datasets demonstrate the superior performance of

our approach through both quantitative and qualitative results.
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Chapter 6

Conclusions and Future Work

6.1 Conclusion

Image inpainting has been widely studied during the past decade, evolving from early GAN-
style (i.e., using generative adversarial networks) methods to the current Diffusion-style (i.e.,
using Diffusion Models) approaches. An advanced image inpainting algorithm must be capable
of addressing arbitrary corruptions in images. To develop such robust inpainting architectures,
this thesis tackles three key challenges: 1) restoring multiple corrupted semantic regions in
GAN-style inpainting to achieve semantic fidelity; 2) reconstructing complex structures and
reasonable semantics in GAN-style inpainting, guided by structural and semantic information
(e.g., edges and semantic segmentation maps) for consistent results; and 3) recovering partially
occluded objects in Diffusion-style inpainting, overcoming limitations in spatial reasoning for
such cases. This thesis discusses the shortcomings of existing methods in addressing these
challenges and proposes novel approaches from three perspectives: semantically guided GAN-
style inpainting, consistent GAN-style inpainting with multiple guidance sources, and spatially

reasonable Diffusion-style inpainting of partially occluded objects.

Chapter 3 explores semantically guided GAN-style inpainting through dual-task co-optimization
using the proposed mutual generator. This generator comprises a shared encoder and mutual
decoders designed to capture the interdependencies between image texture restoration and se-
mantic segmentation guidance. Bidirectional Cross-domain Feature DeNormalization modules
are introduced within the two decoders to hierarchically model segmentation-guided texture

(ST) generation and texture-guided segmentation (TS) generation, enhancing semantic guid-
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ance for inpainting. Additionally, the Mutual Dual-task Generator, supported by an Adaptive
Attention Fusion module, improves inpainting performance by learning semantic-affinity and
global-context texture consistencies for inpainted textures of missing regions. Extensive exper-

iments validate the effectiveness of these proposed methods.

Chapter 4 focuses on achieving consistent GAN-style image inpainting through multi-modal
collaboration, drawing inspiration from pre- and cross-perception processes in human drawing.
A pre-perceptual transformer block is proposed to emulate the pre-perception process, learning
contextual dependencies across three modalities—image edges, semantic segmentation, and
texture information—independently. A mixing activation gating mechanism is embedded to
strengthen feature representations for each modality. Furthermore, a cyclic cross-perceptual
interaction simulates the collaborative cross-perception process, modeling the interplay among

the three modalities and refining their details progressively to ensure inpainting consistency.

Chapter 5 addresses the spatial reasoning limitations in Diffusion-style inpainting for partially
occluded objects. A mnovel pipeline is proposed, leveraging partial sketches as spatial and
visual aids within a frozen text-guided Stable Diffusion model. This pipeline integrates three
components: a Masked Image Encoder that incorporates masks and uncorrupted contexts into
the denoising latent process, a Sketch-Conditional Encoder that extracts multi-scale sketch
features, and a multi-scale Sketch-guided Bidirectional Feature Interaction (SBFI) module that
fuses sketch-derived features with noisy features modulated by uncorrupted contexts. This
approach ensures precise sketch-based control and maintains visual-semantic consistency with
uncorrupted regions during denoising. Extensive experiments on the newly introduced CUB-
sketch and MSCOCO-sketch datasets demonstrate superior performance through quantitative

and qualitative results.

The research presented in Chapters 3, 4, and 5 is supported by peer-reviewed publications in
leading journals. All related publications are listed in the List of Publications section of this

thesis.

6.2 Future Work

The advent of diffusion models and large language models (LLMs) has transformed the field

of image generation, providing powerful tools for a wide range of image editing tasks. These
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advancements have also opened up promising new research directions and challenges in the
domain of image inpainting. While current methods have achieved significant success, several
critical issues remain to be explored to further enhance the effectiveness, efficiency, and control-
lability of image inpainting systems. The following directions outline some of the most pressing

and promising areas for future work:

1) Improving Semantic Alignment Between Textual Guidance and Visual Context

In current diffusion-style image inpainting pipelines, text prompts are often encoded using mod-
els such as CLIP text encoders, which generate high-level semantic representations that guide
the inpainting of missing or occluded object regions. While such guidance is effective for hallu-
cinating semantically plausible content in severely damaged regions, a major limitation lies in
the lack of interaction between the encoded textual features and the uncorrupted visual con-
text. This disjointedness may lead to semantic inconsistencies, where the synthesized content
does not harmonize well with the surrounding regions. Future work could explore cross-modal
feature fusion techniques that tightly integrate textual semantics with visual cues from the

unoccluded areas, leading to more coherent and context-aware inpainting results.

2) Reducing Inference Cost for Lightweight Inpainting Applications

Despite their remarkable performance, diffusion models typically require numerous inference
steps (e.g., 50 or more) to produce high-quality inpainted images. This poses a significant chal-
lenge for real-time or resource-constrained applications, such as mobile devices or interactive
tools. Future research could focus on accelerating inference through techniques such as dis-
tillation, early stopping, progressive refinement, or hybrid generation strategies that combine
the strengths of deterministic and probabilistic methods. Developing lightweight diffusion ar-
chitectures specifically optimized for inpainting could also help strike a better balance between

quality and efficiency.

3) Balancing Multi-Modal Conditioning in Diffusion-Based Inpainting

As diffusion models evolve toward multi-modal conditional generation, researchers have begun
integrating diverse forms of guidance—such as text prompts, sketches, reference images, and
color hints—to control the inpainting process. However, determining how to balance the influ-

ence of each modality remains an open problem. Overemphasis on one modality can suppress
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valuable signals from others, potentially leading to suboptimal or biased results. Future studies
should investigate adaptive guidance weighting mechanisms, such as attention-based gating,
learnable fusion strategies, or user-controllable sliders, to dynamically regulate the impact of

each input modality during generation.

4) Enabling Real-Time Interactive and Iterative Inpainting

Although diffusion-based models now support highly customizable inpainting through flexible
condition inputs, the lack of real-time interaction limits their practical utility. In many sce-
narios, the initial inpainting result may not align with user intent due to ambiguous prompts
or imperfect guidance information. Therefore, enabling interactive, iterative inpainting work-
flows—where users can adjust prompts, sketch over areas, or provide feedback to refine results
in real time—is an important direction for future development. This will require advances in
user intent modeling, interactive Ul design, and fast feedback loops within diffusion pipelines

to support dynamic guidance refinement and on-the-fly correction of generation errors.

In summary, the future of image inpainting lies in improving generation quality while enhancing
semantic alignment, computational efficiency, multi-modal integration, and user interactivity.
By exploring these future directions, researchers can build inpainting systems that are more

intelligent, controllable, and responsive to real-world needs.
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