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Abstract

Blind Face Restoration (BFR) is a challenging task in computer vision, which aims to
reconstruct High-Quality (HQ) facial images from Low-Quality (LQ) inputs. BFR presents as
a challenging ill-posed problem, necessitating auxiliary information to constrain the solution
space. While geometric and generative facial priors provide some support in BFR, their
effectiveness wanes under intense degradation. Discrete codebook priors, though promising,
grapple with the difficulty of associating intensely degraded images with their corresponding
codes. To effectively address these limitations, this research introduces a two-stage restoration
approach, termed Identity-embedded GAN and Codebook Priors (IGCP), which synergistically
combines the strengths of both generative and codebook priors.

In the first stage, our approach employs a Generative Prior Restorer (GPR) network for
initial image restoration. Distinct from existing methods that apply identity-based losses to
the final restored image, our work innovates by embedding identity information directly into
the style vectors of the StyleGAN2 network during the generation process. This is achieved
through the introduction of an identity-in-style loss, ensuring superior fidelity and identity
preservation even in severely degraded images

Proceeding to the second stage, the approach utilizes a two-component framework
known as the Codebook Prior Restorer (CPR) network. This framework comprises a Vector
Quantized AutoEncoder (VQAE) for artifact mitigation and to add a final touch of quality,
complemented by introducing a Feature Transfer Module (FTM) that is demonstrated to be
necessary to ensure fidelity and identity preservation.

Extensive experimental evaluations were conducted across five datasets, including
our newly introduced CelebA-IntenseTest dataset. The results from these experiments
demonstrate the remarkable efficacy of the IGCP approach. Notably, IGCP has shown
exceptional performance in handling various degradation levels, setting new benchmarks in
the domain of BFR.
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Chapter 1

Introduction

1.1 Motivation

In our digitally-driven world, the significance of facial images extends far beyond
simple visual representation; they play pivotal roles in areas ranging from social media
interactions to biometric identification. However, face images captured under unconstrained
conditions, commonly termed in the wild, are often marred by a plethora of degradations.
Such imperfections can range from compression artifacts and noise to blurriness and low
resolution. This is especially true when the subjects of these images are located far away
from the capturing cameras.

To counteract these challenges, the domain of image processing has explored various
strategies, with machine learning techniques distinguished as a cost-efficient tool for image
restoration. Face restoration , a sub-domain of image restoration, is the process of transforming
a Low-Quality (LQ) face image into a high-quality (HQ) version.

Depending on the nature of the degradation, face restoration can be branched into
five principal categories (see Figure 1.1):

1. Face Denoising, which involves removing noise, such as Gaussian noise, from the face
image|2, 3, 4].

2. Face Deblurring, which focuses on retrieving a clear face from a blurry one, often
due to factors like camera shake or moving subjects [5, 6, 7].
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3. Face Super-Resolution (FSR), Often called face hallucination [8], its goal is to
improve the quality and clarity of low-resolution (LR) facial images and produce
high-resolution (HR) counterparts. |9, 10, 11, 12, 13, 14].

4. Face Artifact Removal, which addresses the recovery of HQ images from those
affected by compression artifacts during storage or transmission|15, 16].

5. Blind Face Restoration (BFR), which aims to restore HQ images from their degraded
LQ versions without specific information on the type of degradation[16, 17, 18, 19, 1].

(b) © @ (D)

Figure 1.1: Face images illustrating various degradations from their original quality: (a) HQ
original, (b) noise degradation, (c) blur, (d) visual artifacts, (e) low resolution, and (f) a mix
of these degradative factors.

BFR stands out for its capability to restore H(Q face images from degraded versions, all
without prior knowledge of the nature of degradation. It grapples with complexities arising
from random combinations of noise, blurriness, low resolution, and compression artifacts.
The objective of BFR is not merely to enhance image quality but to regenerate an image
that aligns closely with the original HQ ground-truth, ensuring the preservation of intricate
details and inherent facial features. In practice, it is typically observed that both the types of
degradation and the degradation parameters remain unknown beforehand. Therefore, BFR
merits increased attention.

Despite the growing interest in BFR within the image processing and computer vision
communities, a significant challenge persists: preserving identity information during restora-
tion. This thesis centers on the ambition to develop a method that addresses this challenge.
By evaluating and building upon current methodologies, this research aims to elevate the
effectiveness of BFR, ensuring the accurate representation of identity in restored images.
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1.2 Applications

The ability to produce HQ facial images is crucial for numerous practical applications
that contribute to the growing popularity of BFR. The following are some of the key
applications of BFR:

e Surveillance: In the context of security and public safety, HQ facial images are crucial
for accurately identifying individuals and monitoring their activities. BFR can enhance
the quality of images captured by surveillance cameras, even in challenging conditions
such as low light or at a distance, making it easier for law enforcement and security
personnel to recognize and track individuals.

e Biometrics: Biometric systems, such as facial recognition, are widely used in various
domains and scenarios, where accuracy and reliability are crucial factors. However, the
quality of the images used for identification can be affected by several factors, such as
LQ cameras or large distances between the subject and the camera, which can degrade
the performance of these recognition systems. Therefore, some researchers have focused
on incorporating BFR techniques into facial recognition methods, aiming to overcome
these difficulties and improve recognition accuracy [20, 21, 22, 23].

e Social Media and Photography: In the near future, most smartphones are likely to
incorporate neural network-based photo upscaling, with BFR playing a significant role.
BFR techniques can be applied to enhance the visual quality of images captured by
smartphones and shared on social media platforms. This can lead to more appealing
and visually striking content, making it more likely to capture attention and garner
engagement from users. Digital zooming in cameras is another example where BFR
can be useful. When zooming in on an image captured by a camera, e.g. a smartphone,
the image quality can degrade, resulting in blurry or pixelated images. By using BFR
techniques, the visual quality of zoomed-in facial images can be enhanced, resulting in
clearer and more detailed images.

¢ Entertainment: In movies, video games, and virtual reality, realistic and HQ facial
images are essential for creating immersive and engaging experiences. BFR techniques
can be employed to enhance the visual quality of facial images in these applications,
resulting in more lifelike and compelling characters.
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(b)

Figure 1.2: Application of BFR on movie restoration: (a) faces in the movie restored using
the method in [12], (b) face in the movie restored with the method proposed in [18] method.

e Video Conferencing: In recent years, video conferencing and remote work have
become increasingly important in many industries. These applications often grapple
with challenges like noise and LR webcam images that can make it difficult to identify
facial features and expressions. Image restoration has emerged as a solution to this
problem, enabling the enhancement of LQ) images and making virtual meetings more
engaging and interactive. Consequently, a substantial body of research has been
devoted to improving the performance of web-streaming through the application of
super-resolution upscaling techniques [24, 25, 26]. Simultaneously, several companies,
such as Topaz Labs!, AVC Labs?, and Nvidia®, offer Al-based upscaling solutions for
web-streaming. For example, Nvidia’s popular cloud-based platform, Nvidia Maxine,
utilizes FSR and other Al-based upscaling techniques to improve the quality of video
conferencing and remote work applications.

With features such as virtual backgrounds and noise cancellation, Nvidia Maxine
enhances the virtual meeting experience while reducing bandwidth usage. Additionally,
advanced Al algorithms can detect and enhance facial features, gestures, and expressions,
further improving the quality of virtual interactions (figure 1.3).

L https:/ /www.topazlabs.com /topaz-video-ai
2 https://www.avclabs.com
3 https://developer.nvidia.com /maxine
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SUPER RESOLUTION

Figure 1.3: Real-world application of SR in video conferencing: Nvidia’s Maxine, an Al-driven
platform enhancing the quality and user experience of real-time video-conference applications.
where SR allows participants to transmit LR video streams, which are then upscaled on
the server, reducing bandwidth demands and promoting stable performance in areas with
inconsistent network connectivity.

e Old Photo Restoration: BFR techniques can be applied to old or damaged pho-
tographs, improving their quality and revealing details that may have been lost due to
aging, damage, or degradation. This application can be useful for historians, genealo-
gists, and individuals looking to preserve family memories.
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Figure 1.4: Digital photograph restoration: Old historic photo of the 5th Solvay Conference
from 1927, restored using the BFR method proposed in [18]. Faces individually cropped,
aligned, enhanced, and pasted back onto the original photo for a remarkable transformation.
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¢ Refinement of Al-generated Artworks BFR can also be employed to enhance faces
in Al-generated images. Figure 1.5 illustrates two instances generated using Stable
Diffusion|27], along with the improved outcomes achieved through CodeFormer|[18].

-~

(b

Y14
(a)

Figure 1.5: BFR application on Al-generated Artwork: (a) Image generated with Stable
Diffusion model [27]. (b) Enhanced output achieved through CodeFormer|18|
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1.3 Problem Statement

Real-world facial images can encounter multiple types of degradation during their
capture, transmission, and storage phases. The degradation may take several forms, such
as noise, blur, and compression artifact. We can represent this degradation process using a
function ®, which maps a HQ face image h to its degraded counterpart I, given by:

Il =®(h;ns) (1.1)

where ng denotes additive white Gaussian noise with a noise level . In practice, only
the degraded image [ is available, and no information about the degradation process or
its parameters is known. The degradation function in real applications depends on many
uncontrolled conditions, including environmental factors, lens specification, motion, and blur.
Face restoration aims to reverse the effects of degradation and produce an approximation of
the original face image h :

~

h=®(l;ns) (1.2)

where ®~! represents the face restoration model. If the degradation factors are provided, the
face restoration task is termed non-blind face restoration, which includes face denoising, face
deblurring, FSR, and face artifact removal. Otherwise, the face restoration task is regarded
as BFR, in which the degradation process is defined as a combination of blur, noise, JPEG
compression artifacts, and low resolution as follows |28, 16, 17]:

- {[h Dk |, +n5]JPEGq} 1, (1.3)

where k denotes the blurring kernel, ® represents convolution, |, symbolizes the down-
sampling operation with factor 7, ns is the additive Gaussian noise, and [|;pgq, implies JPEG
compression with a quality factor ¢. 1, signifies the up-sampling operation with a scaling
factor 7.

In BFR, the aim is to recover HQ face images by modeling the inverse process of the
above degradation model.
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1.4 Challenges

In order to provide a better demonstration, we categorize the challenges associated
with BFR into two groups: General Challenges encompassing issues that are common to
Blind Image Restoration (BIR) in general, and Face Domain-Specific Challenges that focuses
on obstacles specific to the face domain.

1.4.1 General Challenges

BFR is a sub-domain of BIR, focusing specifically on enhancing the quality of facial
images. Consequently, the challenges inherent in BIR are also applicable to BFR tasks. In
this section, we outline the challenges associated with the broader domain of BIR, which
have a direct impact on the performance and effectiveness of BFR techniques. The following
are some of the key challenges in BIR:

e Ill-posed problem: BIR presents an ill-posed inverse problem. In mathematical
terms, a problem is termed ’ill-posed’ when it does not meet the three Hadamard
criteria of existence?, uniqueness®, and stability® [29]. Specifically, in the context of BIR,
this means that from a given LQ input, multiple HQ images could be reconstructed,
making it indeterminable as to which one is the true HQ representation. Consequently,
it becomes impossible to pinpoint the correct ground-truth output in practice. One
potential solution to mitigate this issue is to generate an average of all possible HQ
images that downscale to the same LQ input. However, this approach can lead to
a loss of sharpness, especially in textures and edges—referred to as "high-frequency
details’—resulting in a blur in the final image.

e Degradation factors: Real-world L(Q) images are often affected by various degrada-
tion factors such as noise, blur, compression artifacts, and camera limitations. These
degradations can further complicate the BIR process and affect the quality of the recon-
structed HQ images. Developing BIR techniques that are robust to such degradations
and can effectively handle these challenges is crucial for achieving optimal performance.

e Computational Complexity: Advanced BIR techniques often involve complex
operations such as feature extraction, mapping, and reconstruction. These operations
can be computationally expensive, particularly when processing large-scale datasets
or real-time applications. Designing BIR algorithms that can deliver HQ results while
maintaining computational efficiency is an essential challenge to address.

4 Existence: A solution to the problem exists.

5 Uniqueness: There is only one unique solution to the problem.

6 Stability: Small changes in the input lead to small changes in the output (the solution is not overly
sensitive to changes in the input).
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e Loss of fine details and textures: Restoring fine details and textures in a H() image
is difficult due to the limited information available in the L(Q input. Many BIR methods
tend to generate overly smooth images, resulting in a loss of details and textures.

e Training data limitations: Training data for BIR algorithms typically consists of HQ
images from which their LQ counterparts are obtained using a degrading function, such
as in Equation 1.3. However, acquiring such HQ training data can be challenging due to
issues such as copyright restrictions, the time-consuming process of data collection, and
ensuring diverse image scenarios and lighting conditions. Furthermore, the performance
and robustness of BIR methods depend not only on the quantity of data but also on its
quality and variety. Therefore, constraints in data availability can significantly influence
the performance and generalizability of the developed BIR algorithms.

e Evaluation metrics: Selecting appropriate evaluation metrics for BIR is challenging,
as traditional metrics like PSNR and SSIM [30] may not always correlate with human
perception of image quality. Recently, researchers have proposed perceptual-based
metrics, but there is still no consensus on the best metrics to use.

e Trade-off between fidelity and perceptual quality: There is often a trade-off
between the objective fidelity of the reconstructed image (e.g., measured by PSNR)
and its subjective perceptual quality. Striking the right balance is challenging, and an
algorithm that performs well in one aspect may not necessarily perform well in the
other.

e Robustness to real-world images: Many BIR algorithms are trained and evaluated
on synthetic data, where the L) images are derived from their HQ counterparts using
a defined degradation function. However, this approach may not accurately capture the
complexity of real-world images. Ensuring that algorithms generalize well to real-world
scenarios remains a significant challenge.

1.4.2 Face Domain Challenges

Despite significant advancements in BFR techniques, several challenges persist, making
it difficult to achieve optimal results. Overcoming these challenges will contribute to the
advancement of the BFR field and unlock new possibilities for a wide range of applications.
In this section, we discuss the primary challenges in BFR.

e Complex and Sensitive Facial Structure: Faces consist of various features such
as eyes, nose, mouth, and contours, each with their unique details and textures. The
accurate reconstruction of these features is crucial for maintaining the identity and
natural appearance of the subject. Preserving fine details while avoiding artifacts and
distortions is a challenging task in BFR.
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e Variability in Pose, Expression, and Illumination Facial images can exhibit
a wide range of variability in pose, expression, and illumination. These factors add
complexity to the BFR process, as they affect the appearance of facial features and the
overall structure of the face. Developing BFR techniques that can effectively handle
such variability and produce visually consistent and accurate results is a significant
challenge.

e Limited Ground-Truth Data The availability of HQ ground-truth data is crucial
for training and evaluating BFR algorithms. However, obtaining perfectly aligned and
matched pairs of HQ and LQ facial images is difficult, particularly when considering the
variability in pose, expression, and illumination. The limited availability of ground-truth
data makes it challenging to train robust BFR models and accurately evaluate their
performance.

e Loss of Identity Information A critical aspect of BFR is preserving the identity
information of the subject while enhancing the quality the facial image. Some BFR
techniques may generate visually appealing results but fail to maintain the subject’s
identity, leading to reduced effectiveness in applications such as face recognition and
biometrics. Developing BFR algorithms that can effectively balance visual quality and
identity preservation remains a challenging task.

¢ Robustness to Noise and Degradations Distorted facial images are often affected by
various degradations, such as noise, blur, and compression artifacts. These degradations
can further complicate the BFR process and affect the quality of the reconstructed HQ
facial images. Developing BFR techniques that are robust to such degradations and
can effectively handle these challenges is crucial for achieving optimal performance.

The challenges outlined above not only highlight technical limitations in BFR but also
underscore significant risks in certain applications, particularly where system reliability is
paramount. In such contexts, BFR can inadvertently cause identity mismatches between LQ
and HQ images, potentially leading to false positives. This issue often stems from generative
models’ propensity to interpolate from training data, creating features not present in the
original image. Ensuring reliability in critical applications like legal or security contexts thus
becomes a complex challenge.

Moreover, these technical hurdles intertwine with ethical considerations. The depen-
dence on Al for crucial decisions involving facial recognition necessitates a comprehensive
understanding of the model’s limitations and the potential consequences of its inaccuracies.
It is imperative to approach the integration of BFR in sensitive applications with caution,
prioritizing the development of robust models and ethical frameworks that consider the
full spectrum of issues that might arise from errors in recognition grounded in Artificial
Intelligence.
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1.5 OBJECTIVES:

1.5 Objectives:

In this research endeavor, our primary aim is to develop an innovative BFR method

that is robust to severe degradation, excels in preserving the identity, and surpasses the
capabilities of existing State-of-the-Art (SOTA) techniques. To achieve this overarching goal,
we have outlined the following specific objectives:

1.

Design and implement a BFR method that is robust to severe degradation, and capable
of preserving identity information during the restoration process, ensuring that the
individual’s unique features remain recognizable in the reconstructed H(Q images.

Evaluate the proposed method on various datasets, namely characterized by different
degrees and types of degradation. This will provide a broad perspective on the method’s
effectiveness across different challenges.

Investigate the qualitative performance of the proposed method in reconstructing HQ
faces with photo-realistic details from severely degraded images in the wild, emphasizing
its utility in real-world applications.

. Assess the effectiveness of the proposed method in terms of key parameters like identity

preservation, fidelity, and overall image quality. This will involve comparing the
performance of the proposed method with other SOTA methods, using a set of recognized
quantitative metrics.

Conduct human evaluations with the aim to capture subjective feedback on the images
produced by both SOTA methods and our proposed method.

Dissect and evaluate the contribution of individual components or configurations within
the broader framework of the proposed method.

Explore the method’s versatility by adapting it to various face manipulation tasks
beyond restoration.
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1.6  CONTRIBUTIONS

1.6 Contributions

In pursuit of our research objectives, we have made the following contributions:

1. To achieve the first objective, We proposed a novel two-stage BFR method designed to
leverage the complementary strengths of two types of prior networks. The continuous
latent space of GAN (Generative Adversarial Network) prior networks was utilized to
address uncertainties related to identity, while the discrete space of codebook prior
networks was employed to manage ambiguities associated with severe degradations.

2. In pursuit of the second objective, we conducted comprehensive evaluations on diverse
datasets, both synthetic and real-world, with varying levels of degradation, demonstrat-
ing the method’s adaptability and robustness in addressing different challenges. The
datasets included are real-world datasets LEW-Test [16] with low-level degradation,
WebPhoto-Test [16] with mid-level degradation and WIDER-Test [18] with high level
degradation. And two synthetic datasets, CelebA-Test proposed by [16] with mid-level
degradation, And our propose CelebA-IntenseTest dataset with a high level degradation.

3. To achieve the third objective, we showcased the method’s practical applicability in
restoring highly degraded facial images, resulting in photo-realistic outcomes suitable
for real-world scenarios.

4. To assess the effectiveness (Objective 4), we compared our method with state-of-the-art
approaches using quantitative metrics such as PSNR, SSIM [30], FID [31], LPIPS [32].
Additionally, we evaluated identity preservation by employing the cosine similarity of
features extracted from the ArcFace network [33], denoted as IDS.

5. To capture diverse user perspectives and feedback (Objective 5), we conducted two
user studies, collecting valuable subjective insights through an online survey, which
contributed to the validation of our approach’s practicality.

6. Achieving Objective 6, we conducted an ablation study that systematically analyzed
the contributions of individual components within our method, providing insights into
its inner workings and areas for further refinement.

7. In line with Objective 7, we extended the versatility of our method to various face
manipulation tasks beyond restoration, including super-resolution, image coloring,
and inpainting, broadening its scope and potential applications in the field of image
processing.

13



1.7 OVERVIEW OF THE THESIS ORGANIZATION

1.7 Overview of the Thesis Organization

The remainder of the thesis is structured as follows:

1. In the Literature Review chapter, we delve into the rich history and development of
BFR methods. We discuss a wide range of techniques, from CNN-based methodologies
to the more recent advancements using GANs and GAN priors. By emphasizing the
strengths and shortcomings of each method, we provide context and motivation for our
proposed BFR approach.

2. The Methodology chapter is devoted to a detailed exposition of the proposed method.
It begins with the motivations and inspirations behind the key components of our
approach. The chapter delves into the distinct modules that collectively form the
backbone of our solution. Additionally, we explore the architecture of our model,
detailing how different components interact and work in tandem. Lastly, the training
schemes, including the individual training processes for each stage of the model, are
elaborated upon.

3. The Experiments chapter brings the methodology to life, presenting a comprehensive
evaluation of our approach. Starting with a description of the datasets utilized — both
for training and testing — we subsequently delve into the metrics used to assess perfor-
mance. Comparative studies with existing SOTA methods are shown, providing both
quantitative and qualitative insights. Human evaluations and ablation studies reveal
more nuanced aspects of our model’s performance. Furthermore, we also demonstrate
the versatility of our approach by extending its applications beyond restoration to tasks
like inpainting, super-resolution, and colorization.

4. In the Conclusion and Future Work section, we summarize the contributions and
findings of our research. We also explore the avenues for future investigations and
enhancements. This segment aims to inspire subsequent research endeavors by sug-
gesting potential improvements, extensions, and broader applications for our proposed
methodology.
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Chapter 2

Literature Review

2.1 Introduction

General image restoration methodologies focus on devising effective techniques for the
recovery of sharp, natural images. However, given the unique and highly structured nature of
the human face, there are specific characteristics often overlooked by these generic methods.
This realization has driven the development of face restoration methods that incorporate
face-specific prior knowledge, striving for more accurate reconstructions of facial structures.
Such face-specific priors primarily arise from the understanding that human facial features
exhibit minimal variations in controlled environments.

Face restoration has a well-established history in the domain of computer vision. In
2000, Baker and Kanade [34] introduced the concept of FSR. Their pioneering work used a
multi-level learning and prediction model based on the Gaussian image pyramid, aimed at
enhancing the resolution of LR facial images. The success and potential of this approach
prompted further exploration, leading to a series of machine learning-based approaches
targeting FSR challenges [35, 36, 37, 38, 39, 40].

As the field progressed, "Blind Face Restoration" (BFR) emerged as a significant area
of research and gained prominence towards the end of the 2010s. This surge in attention can
be attributed to breakthroughs in deep learning and the increasing power of computational
methodologies in image processing. Unlike its predecessors, BFR seeks to restore facial
images without specific knowledge of the degradation type. This approach offers a broader
application range than FSR and encompasses additional challenges such as face deblurring,
denoising, and compression artifact removal.
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2.2 NON-PRIOR BASED BFR

Building on these foundational concepts, face restoration methods are broadly cate-
gorized into two groups: prior-based deep restoration methods and non-prior based deep
learning approaches. Within prior-based methodologies, a further sub-categorization emerges,
consisting of geometric prior, reference prior, generative prior and codebook prior-based deep
restoration techniques. Each of these methods will be discussed in detail in the subsequent
sections.

2.2 Non-prior Based BFR

2.2.1 CNN Based BFR

Convolutional Neural Networks (CNNs) are popular tools in deep learning, particularly
for tasks involving images. Like Deep Neural Networks (DNNs), CNNs consist of an input
layer, multiple hidden layers, and an output layer. The distinctive feature of CNNs lies in
their hidden layers, which incorporate specific layers known as convolutional and pooling
layers. These layers allow the network to detect and interpret spatial features and patterns
in images, which is vital for tasks such as image classification and image restoration. The
basic architecture of a CNN is illustrated in Figure 2.1.

Fully
Connected Output

Convolution

Feature Extraction Classification

Figure 2.1: The basic architecture of a CNN. A CNN is composed of multiple layers such as
convolutional, pooling, and fully connected ones. Within the convolutional layer, filters are
applied to the input image, capturing features like edges, corners, and textures. Subsequently,
the pooling layer reduces the size of the feature maps, retaining essential details. The fully
connected layer then employs these features to deduce attributes of the input image.
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The prominence of CNNs in the realm of deep learning can be credited to Yann LeCun.
His innovative application of a CNN architecture, known as LeNet-5 [41], demonstrated
remarkable accuracy in classifying hand-written digits. LeNet-5 was designed to automatically
identify and adapt to pixel-level features within the training images. LeCun’s achievement
with LeNet-5 captured the attention of the wider Computer Vision community. This sparked
an intensive exploration to design enhanced CNN architectures.

By 2012, with the rise of deep learning’s influence and popularity in computer vision [42],
CNNs became the primary choice for feature extraction and learning patterns in image data.
Inspired by the pioneering deep learning general image super-resolution method, SRCNN [10],
researchers have proposed incorporating CNN networks into the FSR and BFR tasks. In the
subsequent years, a diverse range of CNN models and architectures emerged to improve the
learning capability of CNNs. The VDSR [11] method uses a deeper CNN network to improve
the results and introduces the concept of residual learning to increase training convergence
and prevent gradient vanishing. Authors in [43, 44| adopted Recursive Neural Networks
(RNNs) to share parameters between different layers and achieved similar results.

While generic super-resolution CNNs can be used to enhance facial images, target-
specific networks that are specifically trained on facial images tend to produce more accurate
results. Researchers in [45] developed a Bi-Channel Convolutional Neural Network (BCCNN)
to directly learn a mapping from LQ images to the corresponding HQ ones. [416] introduced
the Iterative Back Projection method for FSR network and achieved convincing results.
Authors in [47] proposed a Residual Back-Projection Network (RBPNET) to learn the
residual information between the reconstructed image and the ground truth one by gradually
updating the network over multiple steps. This allows the network to gradually improve
the quality of the reconstructed image, resulting in a more accurate representation of the
HR face image. In [48], the authors presented a novel global-local fused network (GLFSR)
to reconstruct the high-frequency details of facial images. Similarly, the Dual-Path Deep
Fusion Network (DPDFN) [49] employs two separate branches to learn both global facial
contours and local facial component details and combines the results from these two branches
to generate the final HR image.

Although CNN-based face restoration techniques provide superior results compared to
traditional methods, they yield blurry outputs which lack fine details. This is primarily due
to the use of pixel-wise loss function for training these networks. To mitigate this problem,
researchers proposed to combine an adversarial loss term in GAN frameworks.
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2.2.2 GAN-Based BFR

2.2.2.1 GAN

The Generative Adversarial Network (GAN) was introduced by Goodfellow et al.
[50, 51]. It represents a deep generative model designed for unsupervised learning. The
GAN architecture includes two distinct networks: the generator, denoted as G, and the
discriminator, denoted as D. The generator’s function is to take a random noise, z, and
output an approximation of real data, represented as G(z). Conversely, the discriminator’s
primary function is to map input data x to a probability value p such that D : x — p where
p € [0,1]. This probability indicates whether the input data originates from the actual
dataset (with a probability close to 1) or from the synthetic data G(z) (with a probability
approaching 0). The training process alternates between optimizing G and D. After adequate
training, if G produces data that aligns closely with the real data distribution, D will find it
challenging to differentiate effectively being "fooled" by G. The GAN pipeline is visualized
in Figure 2.2.

In standard GAN formulations, while D attempts to differentiate real from synthesized
data, G aims to deceive D. This adversarial relationship can be mathematically described by
the following minimax game:

mén mngINpr log D(x)] + Esp, [log (1 — D(x))]. (2.1)

The associated loss functions for G and D and are defined as:

L6 = ~Euep, log(1 = D(x))] (2.2)

and

Lp = —Eywp, log D(2)] — Eowp, [log(1 — D(x))], (2.3)

respectively, where P, and P, denote the distributions of real and generated data.
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z:Real Data
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Figure 2.2: GAN Framework.

In the early stages of GAN training, the real data distribution and the generated data
distribution are usually very different. This means that even if D is not well trained, it can
still distinguish between real and generated data easily. Therefore, D(z) is close to 1 for real
data and near 0 for generated data. According to equation 2.2, this leads to the gradient
;’DL(% becoming very large, which causes substantial changes in the generator’s parameters.

For a specific sample x, irrespective of whether it originates from the real data distribu-
tion or the generated distribution, the loss contribution from this sample, based on equation
2.3, is:

Lp = —P.(x)logD(z) — Py(x)log(1 — D(G(x))). (2.4)

From this, the optimal discriminator can be derived as:

Di(z) = — (2.5)

Drawing from equation 2.5, after sufficient training, if the generated data distribution
P,(z) aligns closely with the real data distribution P, (z) such that P,(z) = P,(z), the output
probability D(z) from the discriminator will converge to 0.5. Referring back to equation 2.2,
at this point, the gradient for the generator will approach zero: % — 0. Consequently,
updates to the generator cease, ensuring no further reduction in the generator’s loss.
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In brief, classical GANs exhibit certain limitations. A well-trained discriminator results
in a vanishing gradient for the generator, halting its improvement. On the other hand, an
under-trained discriminator leads to imprecise gradients, causing the generator to oscillate
inconsistently.

Addressing these issues, enhanced versions of GANs have been proposed [52, 53, 54].
The Wasserstein GAN (WGAN) [52| employs the Earth-Mover (EM) distance as a metric
between the real and generated data distributions. In contrast to the Jensen—Shannon (JS)
divergence and KL divergence utilized in traditional GANs, the Wasserstein distance offers a
solution to a fundamental problem. Specifically, in instances where the generated and real
distributions either don’t overlap or the overlapping regions are negligible, traditional GANs
can be highly unstable. The Wasserstein distance, however, can accurately reflect the actual
distance even when the distributions lack overlap.

Typically, the generator network G in WGANSs seeks to minimize the loss function
in equation 2.2; simultaneously, the discriminator D of WGANs aims to minimize the loss
function in equation 2.3.

The Least Squares Generative Adversarial Network (LSGAN) [53] offers an innovative
solution to a problem identified in classical GANs. The authors of LSGAN contended that
utilizing sigmoid cross-entropy loss in classical GANs can potentially lead the generator to
produce L(Q images, even if it has successfully confused the discriminator.

To address this issue, LSGAN adopts least squares loss as the objective function, aiming
to guide the generated (fake) samples to resemble real data samples more closely. This
approach significantly differs from the sigmoid cross-entropy loss employed in traditional
GANSs, and this difference in behavior becomes evident during the training of the GANs.

LSGAN’s approach of replacing sigmoid cross-entropy loss with least squares loss aims
to direct fake samples closer to the decision boundary, thus guiding the generator more
effectively. LSGAN'’s least squares loss function penalizes samples that are on the correct
side of the decision boundary but are still far from the real data. This penalization is more
effective than the sigmoid cross-entropy loss function in guiding the generator to produce
samples that are not just on the correct side of the boundary but are also closer to the real
data. This method generates more gradients for updating the generator, leading to more
stable training and higher-quality images. In essence, LSGAN enhances the ability of the
generator to produce samples that align more closely with the decision boundary, thereby
potentially improving the efficiency of model optimization.
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The generator (G) of LSGAN tries to minimise

1
Ly = 5Eamy, [(D(G(2)) — ), (26)
while the discriminator D strives to minimise the loss function

La = 5By, [(D(x) ~ ) 4 $Eary, [(D(C(2) — ). (2.7)

The values of a, b, and ¢ are subject to the conditions b —c =1 and b — a = 2. For
instance, one could choose a = —1, b= 1, and ¢ = 0.

3
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Figure 2.3: Figure 1: Comparative Analysis of Loss Functions in GANs. (a) Visualizes
the decision boundaries for sigmoid cross-entropy and least squares loss functions. (b)
Demonstrates the sigmoid cross-entropy loss function’s decision boundary, where it produces
very small errors for fake samples (in magenta) that are correctly classified yet distant from
the boundary. (c) Illustrates the least squares loss function’s decision boundary, which actively
penalizes fake samples ( in magenta), thereby compelling the generator to produce samples
that gravitate towards the decision boundary, enhancing overall GAN performance. Image
from [53]

2.2.2.2 Utilizing GANSs for Face Restoration

GANSs can generate trustful images from noise inputs. Therefore, one idea is to use GANs
for facial image reconstruction. In the evolving landscape of GAN-based Face Restoration
(FR) methods, various innovative approaches have been proposed. In the initial stages, Yu et
al. [55] introduced URDGN, a method which utilized a generative model to synthesize restored
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face images, and a discriminative model to differentiate between real HR face images and
artificially super-resolved outputs. This was a seminal work in using GANs for ultra-resolving
face images.

MLGE [56] is another successful FRS technique based on GAN networks. The novelty
of MLGE is that the generator synthesizes edge maps along with high-level feature maps to
reconstruct the HR image. The discriminator network, on the other hand, discriminated not
only the image but also the edge maps. This marked a step forward in the utilization of GANs
for face restoration, focusing on enhancing image quality through advanced reconstruction
methods.

Xu et al. [57] introduced a method based on Generative Adversarial Networks (GANs)
aimed at reconstructing a clear HR image from a blurry LR input. Their approach involves
the design of a multi-class GAN capable of managing both text and face images through a
singular generator network.

The PCA-SRGAN [58] approach tackles the challenge of image reconstruction by
breaking down an image into its principal components and feeding them gradually to the
discriminator, thereby simplifying its learning process. This innovative approach aimed at
producing more accurate images with clearer contours and fine textures.

Zhang et al. proposed a supervised pixel-wise GAN network [59]. The Pixel-wise GAN
method differs from other GAN-based methods in that it operates on a pixel-by-pixel level
rather than using a global approach. This allows the network to generate more realistic
and detailed images but also makes the training process more complex and computationally
expensive.

ESRGAN [60] is a powerful generic super-resolution network based on GAN models.
This model is an enhancement of the SRGAN [61], which had previously been proposed.
ESRGAN has been used to achieve impressive results in super-resolution for a variety of
image types, including face images.

Addressing the limitations of using a single probability value to characterize whether
the generated image is a real face image, Zhang et al. [62] developed SPGAN. This method
outputs a discriminative matrix with the same resolution as the input images, resulting in
more photo-realistic face images, and marking a significant advancement in the field.

Recent advancements in this domain have witnessed the advent of methods such as
HiFaceGAN |[15], which further refined the super-resolution process using generative models.
These methods represented a significant leap in enhancing the quality and realism of generated
face images.
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Generally, GAN-based FR techniques use a weighted combination of pixel-wise and
adversarial loss terms to make a balance between reconstruction accuracy and precision.
Hence, the output reveals either signs of smoothness or artifacts depending on the weighting
coefficients. To tackle this problem, some researchers proposed taking advantage of GAN-prior
networks.

2.2.3 Diffusion Based BFR

2.2.3.1 Denoising Diffusion Probabilistic Models (DDPM)

Denoising Diffusion Probabilistic Models (DDPM), introduced by Ho et al. in 2020
[63], mark an evolution in diffusion-based generative models, a concept initially explored by
Sohl-Dickstein et al. in 2015 [64] and further advanced through the Noise-Conditioned Score
Network (NCSN) by Yang & Ermon in 2019 [65].

DDPMs are specialized in probabilistic data generation, particularly excelling in image
denoising tasks. They employ a complex transformation process involving both forward and
reverse (backward) diffusion steps (see Figure 2.4). This process is crucial to understanding
how DDPMs systematically convert noise into structured data and vice versa. The forward
process adds noise to the data incrementally, while the reverse process methodically removes
this noise to reconstruct the original data. Grasping these two processes is essential to
appreciate the functionality and effectiveness of DDPMs in Blind Face Restoration and other
generative applications.

Do (Xe—1|x¢)
(o) — H@ @H %

Se -7

Figure 2.4: Sequential diffusion process in DDPMs: The forward process incrementally adds
Gaussian noise to the data, transforming a clean sample into a noisy one. The reverse process
methodically denoises the data, reconstructing the original sample from noise. (Image is
sourced from [63])

2.2.3.1.1 Forward Process

The forward process in DDPMs represents a noise-adding procedure. Starting with a
data point x¢ sampled from the real data distribution ¢(x), the forward diffusion process
gradually introduces Gaussian noise over T' steps, resulting in a sequence of increasingly noisy
samples X1, Xy, ...,xr. This process, denoted as ¢ (x1.7 | Xg), forms a Markov chain:
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T

q (X1 | Xo) 1= Hq (x¢ | x¢1) - (2.8)

t=1

At each step in this chain, a conditional Gaussian distribution adds noise to the data.
The amount of noise introduced at each step is controlled by a predetermined variance

schedule By, Bs, ..., Br:

q (Xt | thl) =N (Xt; V1= BiXi—1, 5t1> . (29)

where I denotes the identity matrix. As the process progresses and t increases, the data
sample Xy gradually loses its distinguishable features. In the limit, as T — oo, x; approaches
an isotropic Gaussian distribution.

2.2.3.1.2 Reverse Process (Backward Process)

In contrast to the forward process, the reverse process in DDPMs is dedicated to
removing noise, effectively reversing the diffusion sequence to transform noisy data back into
clean, structured data samples. This reverse process is achieved by using a series of latent
variables that form a Markov chain:

T
peo (Xor) == p (X7 H (X1 | xt) (2.10)

where 6 denotes the parameters of the model are being learned during the training process.
This process begins from a state of pure Gaussian noise, xr ~ AN(0,I). It then progressively
constructs less noisy latent variables in a stepwise manner, moving from xr_; to X7_o, and
so on, eventually culminating in the generation of a realistic data sample at xq. Each step in
this reverse sequence follows a Gaussian transition distribution:

o (Xe_1 | X¢) =N (X415 g (X, 1), 2 (x4, 1)) (2.11)

Thus, the reverse diffusion process starts from an initial state of pure Gaussian noise,
represented by xr, to increasingly less noisy states. Over a series of T' steps, it methodically
refines these latent representations, ultimately restoring the noisy input to a realistic and
clean sample at x¢. This carefully calibrated backward diffusion is key to the model’s ability
to reconstruct HQ, denoised data from noisy inputs.
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2.2.3.1.3 Objective Function

The objective function in DDPMs can be represented as a combination of several
Kullback-Leibler (KL) divergence and entropy terms. This combination is crucial for modeling

the transition between the noisy and clean data (See the detailed process in Appendix B in
[64]):

Lyvip = Eq[ D (q (xr | x0) [[p (x1))

~
Lt

T
+ E Dxw (q (x¢—1 | x4, %0) [|po (x¢-1 | Xt)l (2.12)
t=2 -~
Li—1

— log py (Xo ’ Xl) ]
~—_———
Lo

The KL divergence terms in Lypp (equation 2.12) compare two Gaussian distributions
and can be computed in closed form. Given that the forward process variances 3; are fixed to
constants, the term L is rendered independent of any learnable parameters, thus remaining
constant during training and can be disregarded. The term Ly can be minimized separately
as Ho et al. [63] have modeled it using a separate discrete decoder. Consequently, attention is
directed towards the term L;_;, for which the posterior conditional distribution is determined
using the Bayesian rule:

q (Xt—l \ Xo)

AR (2.13)

q (Xt—l | Xt7X0) = Q(Xt | Xt—hx())

To compute the conditional posterior, we can leverage an elegant property of the forward
process, which allows us to directly obtain x; through the application of the reparametrization
trick. Let oy = 1 — 4, @y = H:T:l a;, and € ~ N(0,I). Now,DDPM authors, x; can be directly

obtained as:
Xt = \/C_Y_tXO + \V4 1 — C_YtEt, (214)
and q (x; | x¢) is:

q(x¢ | x0) = N (x5 vVauxo, (1 — @) I) . (2.15)

By incorporating equation 2.15 at both time ¢ and ¢ — 1 into equation 2.13, we can
derive the posterior distribution as follows:

0 (i1 | x0%0) = N (%013 oy (x0,%0) , A (2.16)
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where the mean and covariance are as follows:

N Vor (1 —ay- ~ 1—a

oy (x4, Xg) := A iﬁtxo + a flt I)Xt , and (= #Bt. (2.17)
1-— Ot 1— (e 1-— (e

Thanks to the property in equation 2.14, we can represent xy = \/%‘Tt (Xt — /1 - éztet)

and plug it into the above equation and obtain:

- ]_ ]_ — O
= _—_— . 2.18
1y J/a <Xt met) ( )

Returning to L;_; term in equation 2.12, our goal is to train a neural network param-
eterized by 6 to minimize the KL divergence between py (x;-1 | x;—1) and q (x4-1 | X¢,X0)-
Given that both distributions are Gaussian, this minimization task is equivalent to predicting
ft, using the neural network. Consequently, the neural network should take x; as input and
predict 1, = \/%(xt — %et). Importantly, since x; is present both at the input and the
output, we can achieve this by reparameterizing the Gaussian noise term to predict €; based
on the input x; at time step ¢:

(1 — Oét)z 2
Lt - IEx € _ ||€t — € (Xt7t>|| . (219)
’ [20& (1—a) 2]l

However, Ho et al. [63] observed improved results when employing a simplified objective
that disregards the weighting term:

L?mple — ]EtN[l,T]yxo,Et |:H€t — €p (Xt7 t)”ﬂ

2.20
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Thus, the complex upper-bound objective is simplified to a straightforward MSE loss.
In this training approach, a single neural network, denoted by €y, is trained to estimate the
noise €; based on the input x; at each time step t¢.

2.2.3.2 DR2

DR2 (Diffusion-based Robust Degradation Remover) is a cutting-edge diffusion based
BFR method that aims to effectively handle complex, real-world image degradations. This
approach stands out by first converting degraded images into a basic, degradation-resistant
form, then refining them to high-quality images. DR2 operates on the principle that various
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degradations ultimately converge to Gaussian noise, allowing for effective semantic capture
through iterative denoising steps. The technique showcases robustness against common
degradation types.

Figure 2.5 illustrates the DR2 architecture, highlighting the two-stage approach: degra-
dation removal followed by enhancement for final high-quality output. This involves adding
noise in the forward direction and progressively removing the noise in the reverse process to
eliminate all the degradation, followed by an enhancement module to add a final touch of
quality.

Input DR2 Diffusion Process
q(e 1ye-1)
Eq. (1)
Iterative Initial
High-Pass Filer | Refinement Condition
[ — oy
_ De (=g Ixe)
xT ...... xt—l < Eq_ (3) xt ceoe xw

Output DR2 Denoising Process

Figure 2.5: Overview of the DR2 method. Image from [1]

Advantages and limitations of DR2 can be summarized as follows:
e Advantages:

— Robust Degradation Handling: DR2 excels in managing a variety of degrada-
tions, translating into consistent performance across diverse degradation scenarios.

— Quality Preservation: The two-stage process ensures high-quality restoration
generating highly realistic images.

— Versatility: DR2’s compatibility with various enhancement modules makes it
adaptable to a wide range of applications.

— Innovative Approach: Leveraging diffusion-based techniques, DR2 introduces a
novel perspective in the field of BFR.
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e Limitations:

— Complexity: The intricacy of the DR2 framework can present challenges in terms
of computational resources and implementation.

— Limited generalization power The effectiveness of DR2 is partly contingent
on the performance of underlying pre-trained models, which could be a limiting
factor in certain cases.

— Identity uncertainty The network may not appropriately preserve the identity
of face images during the process

2.3 Prior Based BFR

Prior based BFR methods leverage prior knowledge about facial images to guide the
restoration process. These methods utilize different types of priors, including geometric,
generative, dictionary, and codebook priors, to enhance the quality and fidelity of the restored
faces.

In this section of the thesis, we will delve deeper into each category of prior-based BFR
methods and explore the underlying principles, methodologies, advantages, limitations, and
performance of each category. By analyzing and comparing these approaches, we aim to
gain a comprehensive understanding of the prior-based BFR techniques and their potential
applications in restoring degraded facial images.

2.3.1 Geometric Prior Based BFR

Geometric prior-based methods in BFR leverage the unique geometry and spatial
distribution of facial features to progressively restore HQ face images. These methods utilize
various types of geometric priors, including facial heatmaps [66] , facial landmarks [67, 68],
facial parsing maps [69], and facial landmarks [67], which are instrumental in reconstructing
facial details.

A pioneering work in this field is FSRNet by Chen et al. in 2018 [67], which represents
an early attempt to integrate a specific face geometric prior estimation sub-network within
a deep learning framework. The process starts with a coarse network for initial HR image
recovery, followed by a fine super-resolution network combined with a prior information
estimation network. This dual-phase process effectively merges image features with geometric
priors for enhanced face restoration.
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Following FSRNet, Bulat and Tzimiropoulos [70] introduced Super-FAN, an integrated
system for simultaneous facial super-resolution and facial landmark localization. Its core
strategy is a joint training approach that enables the network to learn more detailed facial
geometric information, primarily through a facial alignment sub-network using heatmap
regression.

Yu et al. [66] proposed a method focusing on facial component heatmaps. Their
approach, MTUN, features two branches: one for FSR and another for estimating facial
component heatmaps, emphasizing the role of facial components like eyes and nose in
enhancing face restoration.

Another advancement was made by Kim et al. [68] with their work on progressive FSR
via attention to facial landmarks. They developed a lightweight face alignment network to
generate landmark heatmaps, which aids in restoring facial details around these landmarks.

Chen et al. [69] further contributed with a progressive model for blind face restoration.
They employed semantic-aware style transformation, working in a coarse-to-fine manner for
face restoration. This method exemplified the effective use of semantic information in the
restoration process.

In a comprehensive approach, Yu et al. [71] utilized multi-geometric priors, combining
semantic-level parsing maps, geometric-level facial heatmaps, and reference-level facial dictio-
naries. This method highlights the efficacy of integrating diverse types of prior information
for guiding face restoration.

A significant shift was introduced by Hu et al. [72] with their use of 3D priors for face
restoration. Moving beyond traditional 2D priors, their method provides a more detailed
parameter description of facial attributes through 3D morphological knowledge, enhancing
the overall face restoration performance.

Each of these methods has contributed to the evolution of geometric prior-based BFR,
demonstrating a growing complexity and sophistication in the use of facial priors, ranging
from landmark and heatmap analysis to the integration of multi-prior learning and 3D
morphological insights. However, despite their advancements, geometric prior-based methods
have limitations.

One of the main challenges is the dependency on the accuracy and robustness of geomet-
ric prior estimation. If the initial estimation of landmarks or heatmaps is inaccurate, especially
in severely degraded images, the restoration quality can be significantly compromised. Addi-
tionally, these methods may struggle with extreme variations in facial expressions, poses, or
occlusions, as the geometric priors might not capture these nuances effectively. Furthermore,
the reliance on extensive prior information can make these models computationally intensive,
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limiting their practical applicability in resource-constrained environments. Lastly, while 3D
priors offer more detail, they also introduce complexity in terms of model training and data
requirements, potentially affecting the model’s generalizability to diverse real-world scenarios.

2.3.2 Generative Prior Based BFR

In contrast to the general GAN-based methods that primarily focus on designing various
GANSs for learning from paired or unpaired data, generative prior-based methods aim to
utilize pretrained generative models to enhance BFR performance. The motivation behind
this approach is that the pretrained models have already learned useful features and patterns
from vast amounts of data, which can be effectively leveraged to improve the restoration
quality of face images.

These generative prior-based methods often involve fine-tuning the pretrained generative
models on face image datasets to adapt them specifically for BFR tasks. This can lead to
better performance in generating HR face images compared to training a GAN from scratch
or using other types of general GAN-based methods.

2.3.2.1 Pretrained Generative Models

Pretrained generative models are machine learning models that have been trained on
large and diverse datasets before being fine-tuned or adapted for specific generative tasks.
These models are a type of transfer learning, where knowledge gained from one task is
leveraged to improve performance on another related task. Pretrained generative models
have gained significant attention and popularity in recent years, particularly in BFR domain.
Some recent examples of generative prior-based methods include the following:

2.3.2.1.1 StyleGAN

StyleGAN [73] is a SOTA generative model known for its ability to generate HQ images.
Researchers have explored using StyleGAN as a generative prior for BFR tasks. By fine-tuning
StyleGAN on face image datasets, the model can be adapted to generate HR face images from
LR inputs. The latent space of StyleGAN provides a rich representation of facial features,
enabling the generation of more detailed and realistic restored face images. One of the key
components of StyleGAN is its latent space, which provides a rich representation of facial
features. The latent space is a multi-dimensional space where each point corresponds to a
unique image generated by the StyleGAN model. By navigating and manipulating points in
the latent space, it is possible to control the characteristics and appearance of the generated
images.
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In StyleGAN-based BFR, the goal is to find a point in the latent space that corresponds
to a HQ version of a given LQ input image. To achieve this, an optimization process is
employed to search for a latent code that, when passed through the fine-tuned StyleGAN
generator, produces a HQ face image that closely resembles the L(Q input. This optimization
process is typically guided by a loss function that measures the similarity between the
generated HR image and the LR input.

Once the optimal latent code is found, the fine-tuned StyleGAN generator can produce a
HQ face image that is a restored version of the input LQ image. Due to the rich representation
of facial features in StyleGAN’s latent space and the model’s ability to generate HQ, high-
resolution images, the resulting restored face images are more detailed and realistic than
those generated by other BFR methods.

As a core component utilized in this thesis, a thorough analysis of StyleGAN is provided
in Appendix A.1.

2.3.2.1.2 BigGAN

BigGAN |[74], short for "Big Generative Adversarial Network," is similar to StyleGAN
in its ability to generate HQ images. However, BigGAN is designed to generate a wide range
of diverse, HR images across various classes, whereas StyleGAN is more focused on generating
HQ human faces.

Researchers have explored the use of BigGAN for BFR tasks, taking advantage of its
ability to generate diverse, HR images. By fine-tuning BigGAN on face image datasets, the
model can be adapted to generate HQ face images with improved fidelity and detail. The
fine-tuning process involves training BigGAN on a dataset of HR face images, allowing it to
learn the distribution and characteristics of facial features in HR space.

In the context of BFR, the goal is to find a point in BigGAN’s latent space that
corresponds to a HR version of a given LR input image. The latent space of BigGAN is a
multi-dimensional space where each point corresponds to a unique image generated by the
model. By navigating and manipulating points in the latent space, it is possible to control
the characteristics and appearance of the generated images.

To achieve BigGAN-based BFR, an optimization process is employed to search for a
latent code that, when passed through the fine-tuned BigGAN generator, produces a HR
face image that closely resembles the LR input. This optimization process is typically guided
by a loss function that measures the similarity between the generated HR image and the LR
input.
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Once the optimal latent code is found, the fine-tuned BigGAN generator can produce a
HR face image that is a restored version of the input LR image. Due to the model’s ability to
generate diverse, HR images, the resulting HQ face images have improved fidelity and detail
compared to those generated by other BFR methods.

2.3.2.1.3 VQVAE

Vector Quantized Variational Autoencoders (VQVAE) first introduced by [75] is another
generative model that has been explored for BFR tasks. VQVAE learns a discrete latent
representation of the input data, making it suitable for capturing fine-grained details in face
images. Researchers have employed VQVAE as a generative prior for BFR, fine-tuning the
model on face image datasets to generate HQ face images from LQ) inputs. To understand
VQVAE;, it is helpful to first consider what traditional Variational Autoencoders (VAEs)
do. VAEs are a type of neural network that learn to compress data (e.g., images) into a
lower-dimensional space—a process called encoding—and then to reconstruct the data back
to its original form—a process called decoding. However, VQVAE introduces a key innovation
to this process.

The "Vector Quantized" part of VQVAE refers to how these models handle the encoding
step. Instead of mapping input data to a continuous latent space, as traditional VAEs do,
VQVAE maps inputs to a finite set of discrete latent vectors or ’codes’. These codes can be
conceptualized as fixed anchor points in the latent space. Each of these vectors represents a
specific pattern or feature found in the data.

HQ face restoration requires paying attention to intricate details and variations that
are often unique to individual faces. VQVAE excels at this because the discrete nature of
its latent space allows it to better model and recall these fine-grained details. The discrete
codes act like a catalog of facial features that the model can draw from to fill in missing or
corrupted parts of a face image.

In practical terms, using VQVAE for BFR involves first training the model on a dataset
of face images to develop its discrete latent space. Once trained, the model can take a LQ
input image and use its internal 'codebook’ of facial features to restore the image, enhancing
the resolution, sharpness, and overall fidelity. This makes it particularly suitable for producing
HQ reconstructed images from LQ inputs—a task that is critically important in various
practical applications, from surveillance to digital entertainment.

Researchers harnessing VQVAE for BFR often fine-tune their models on specific face
datasets. This fine-tuning process is about adjusting the pre-trained VQVAE so that its
discrete latent vectors are even better at capturing the nuances of human faces. As a result,
the model becomes more specialized and thus more proficient at restoring face images, even
when they are significantly degraded.
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2.3.2.2 GAN Inversion

With the advance of deep generative networks, some innovative GAN models like
StyleGAN [73] and StyleGAN V2 [76] have been developed. These GAN models, being
trained on huge facial datasets, have demonstrated their capability to produce a vast variety
of highly realistic images. Therefore, a growing number of researchers are investigating
the potential of using the generative capabilities of these pre-trained models in image
reconstruction. GAN-prior networks use the GAN inversion technique to find the latent
vector representation of the image, which, when input into a pre-trained GAN, produces the
uncorrupted image.

GAN inversion is the task of inverting the input image back to the latent space, where
the GAN-prior network can regenerate the original, uncorrupted version of the image. GAN
inversion allows for the reconstruction of an image’s underlying structure and provides a way
to edit or manipulate images in the latent space. The GAN inversion problem can be defined
under a unified mathematical formulation. The generator function of a GAN-prior network
can be expressed by G : R? — R” in which the generator G maps a latent vector z € R? to
a realistic image = € R™. Using a distance metric [(.) in image space or feature space, we can
define the GAN inversion problem by the following formula:

z* = argmin £(G(2), z). (2.21)

z€R4

There are two main approaches to solving the GAN inversion problem.

1. Optimization-based methods, which aim to directly optimize the latent space to discover
the most optimal latent vector that minimizes the distance metric.

2. Learning-based techniques, where an encoder learns the mapping function from the
image into the latent space.
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2.3.2.3 Optimization-Based GAN-Prior BFR

One way to restore images using GAN prior networks is to use the optimization-based
GAN inversion techniques to find the latent code which best can be mapped to the HR
image through the GAN prior network, which after down-grading can match the LQ input
image. PULSE [9] and mGANprior [77] are two of the most famous FR techniques that
utilize optimization-based GAN inversion techniques.

2.3.2.3.1 PULSE

PULSE (Photo Upsampling via Latent Space Exploration) [9] was the first face restora-
tion method that used a pre-trained StyleGAN network to address the challenge of generating
HR, realistic images at resolutions that were previously unattainable. Unlike the conventional
methods which relied on supervised learning of the relationship between pairs of LR and HR
images, The PULSE method conducts the super-resolution task in an entirely self-supervised
manner. Instead of using a loss function on HR images to gradually add details to the LR
image, they exploited a downscaling loss to guide the optimization process to explore the
latent space of a generative model.

Although the PULSE method can be used with any GAN prior network, the authors
suggest using the StyleGAN network, due to its rich latent space, which allows for the effective
expression of various features, particularly in generating facial images. The algorithm searches
the latent space of the pre-trained StyleGAN network to find the optimal latent vector that
results in an HR image that downsamples correctly. An HR image is defined to downsample
correctly if the downsampled version of the generated HR image matches the input LR image.
This solution can be formally expressed as follows:

z* = argmin dist(G(z) |, , 1) (2.22)
z2€EZ
in which z* is the optimal latent vector in the latent space Z, GAN prior model is denoted by
G, and the input LR image and the scaling factor are represented by [ and r respectively. The
dist(.) function denotes a dissimilarity distance between the LR image and the downsampled
version of the output.

The PULSE algorithm solves equation 2.22 using an iterative optimization process. It
starts from a random initial latent vector and updates the latent code based on the direction
of the SGD of a loss function. The loss function is defined as the norm 1 between the input
LR image and the downsampled version of the StyleGAN output:

dist(G(2) Lo ,1) = [|G(2) Lr |1 (2.23)

This loss function guarantees the solution matches the input LR image. figure 2.6 illustrates
this very well. As expected, all StyleGAN outputs are located on the natural image manifolds.
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Figure 2.6: The overall structure of PULSE.
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However, within the generative model’s manifold used by PULSE, only a small subset
corresponds to valid solutions — HR images that accurately downsample to the same LR
image. The PULSE method aims to find a solution within this subset, but this solution
may still significantly diverge from the actual ground-truth image. This discrepancy is
particularly pronounced when the LR image lacks sufficient resolution to retain essential
details. Moreover, the iterative nature of inferring an HR image from an LR input in PULSE
is both time-consuming and resource-intensive, limiting its utility in real-time applications or
on devices with constrained computational resources.

Additionally, the PULSE method, while innovative, does not guarantee the preservation
of the original identity in facial reconstruction tasks, as the generated HR images might
represent a different but plausible identity that corresponds to the LR input. This raises
concerns in applications where fidelity to the original subject is paramount.

The pros and cons of the PULSE method are summarized as follows:

e Advantages:

— Exceptional Detail: PULSE can generate HR images with exceptional detail,
surpassing previous capabilities in image upscaling.

— Realism and Credibility: The synthesized images are not only realistic but
also perceptually credible, conforming to the natural image manifold structure.
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— Unsupervised Operation: Operating in an unsupervised manner, PULSE
circumvents the need for LR-HR image pairs during training, granting it versatility
and strong generalization across varied types of image degradation.

e Disadvantages:

— Computational Demand: The PULSE method’s inference phase is computa-
tionally demanding, posing challenges for time-sensitive applications and devices
with limited processing power.

— Risk of Inaccurate Representation: There’s a risk of producing HR images
that do not faithfully match the ground-truth, especially when starting from
extremely LR inputs. This issue is compounded in contexts requiring accurate
identity preservation.

2.3.2.3.2 Multi-code GAN prior

The mGANprior (Multi-Code GAN Prior) approach, introduced by Gu et al. [77],
represents a significant advancement in leveraging pre-trained GANs as an effective prior for

diverse image processing tasks. This method is particularly adept in applications such as
FSR and BFR.

Central to mGANprior is the concept of optimizing multiple latent codes to enhance the
model’s expressiveness. The innovation lies in decomposition of a latent code into multiple
components. Each of these components is responsible for controlling distinct aspects of
the generated image. This decomposition allows for more granular control over the image
generation process.

By optimizing each of these components, mGANprior facilitates the production of a
wider variety of intermediate features, When these features are combined, the model can
generate more diverse and expressive outcomes. This capability is a considerable improvement
over traditional single-code GAN models, enabling more precise manipulation and refinement
of generated images.

The authors of Image2StyleGAN [78] explored the complexities inherent in embedding an
image into a single latent vector, or style vector, within a GAN’s latent space. They highlighted
that the latent space of a GAN is not only highly complex but also multi-dimensional, where
different regions correspond to a wide range of visual features. This complexity poses a
challenge in accurately capturing and representing diverse image characteristics within a
single vector.
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To overcome this challenge, the team behind Image2StyleGAN proposed an innovative
approach for embedding images into the StyleGAN latent space. Their method involves
optimizing over multiple latent vectors instead of just one. Correspondingly, they introduced
a set of style vectors, each designed to modulate different modules of StyleGAN in distinct
ways. This method allows for a more nuanced and precise control over how various aspects of
an image are represented in the latent space. By leveraging multiple vectors, this approach
effectively captures the multifaceted nature of images, enabling a more faithful and detailed
representation within StyleGAN’s framework.

Both mGANPrior and Image2StyleGAN methodologies are centered around addressing
the GAN inversion challenge, with a specific focus on identifying multiple optimal latent
codes. This approach is a departure from traditional methods that typically seek a single
latent code representation. The core of their strategy lies in solving an optimization problem,
as outlined in Equation 2.24, which aims to accurately map a given image back into the codes
in the latent space of a GAN. This process involves finding a set of latent codes that, when
passed through the GAN, can reconstruct the original image with high fidelity.

2,2, aye = argmin . L(G(z1, 22,..., 2n), T). (2.24)
21,29, 2NEZ

where x is the input image, Z denotes the latent space, and £(.) denotes the objective function.
This objective function is a combination of pixelwise /5 loss and perceptual loss terms, where
the pixelwise loss ensures pixel-level accuracy and the perceptual loss preserves high-level
image features such as textures and edges, contributing to the overall realism and fidelity of
the reconstructed image. Figure 2.7 depicts the general architecture of optimization-based
GAN prior image restoration algorithms, that exploit multiple latent vectors in the restoration
process.
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Figure 2.7: Optimization-based GAN priors with multi-Code architecture employed in
algorithms such as mGANprior [77] and Image2StyleGAN|[78].
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The pros and cons of GAN priors with multi-code architecture, are as follows:
e Advantages:

— Enhanced Flexibility: Compared to PULSE utilizing a single latent code,
multiple latent codes offer greater flexibility in image manipulation, allowing for
more detailed and nuanced control over the generated images.

— Improved Quality: This approach often results in higher-quality image recon-
structions, as different aspects of an image can be optimized independently.

— Broader Applicability: The multi-code architecture can be applied to a wide
range of tasks, including image restoration, super-resolution, and even artistic
style transfer.

e Disadvantages:

— Increased Complexity: Managing and optimizing multiple latent codes can add
complexity to the model, potentially making it harder to train and fine-tune.

— Computational Intensity: The need to optimize several latent codes simulta-
neously can lead to increased computational demands, making the method less
suitable for real-time applications.

— Risk of Specificity: There’s a possibility that using multiple latent codes could
lead the model to overly focus on certain image features, potentially leading to less
diversity in the generated images or reconstructions that may not comprehensively
capture all aspects of the original image.

2.3.2.4 Learning-based GAN Prior BFR

One effective approach in applying GAN prior networks to the BFR task involves
training an encoder network to directly embed low-quality input images into the latent space.
This method circumvents the need for computationally intensive optimization to determine
the latent code during inference, thereby mapping LQ images directly to the latent space. As a
result, this approach is well-suited for real-time applications and can be feasibly implemented
on devices with limited computational power, such as smartphones. However, it’s important
to note that relying solely on learning an optimal mapping from LQ to HQ pairs may not
always yield consistent outputs. The efficacy of this system largely depends on the diversity
and representativeness of the training data, as well as the accuracy of the degradation model,
which could potentially limit its generalization capabilities.
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To enhance the robustness of this method, recent research [17, 79, 80] has focused on
conditioning the GAN prior network on multi-resolution feature maps generated by the encoder
network. This is accomplished through the implementation of skip connections, bridging the
encoder and the generative prior network. These connections facilitate the concatenation or
manipulation of the GAN blocks’ feature maps, allowing for more nuanced image generation.
The integration of these multi-resolution feature maps significantly improves the system’s
performance, enabling it to better accommodate variations in input images and yield more
consistent and accurate outputs.

2.3.24.1 GPEN

The GPEN (Generative Prior Enhanced Networks) methodology, as proposed by the
authors of [17], introduces an innovative approach for BFR using StyleGAN as a GAN
prior network. The primary goal of GPEN is to improve the quality of face restoration by
harnessing the knowledge from the pre-trained StyleGAN, known for its high-fidelity image
synthesis capabilities. Figure 2.8 demonstrates the overall architecture of the GPEN method.

At its core, GPEN integrates the generator network of StyleGAN with a specialized
encoder, forming the backbone of the BFR architecture. This system employs a multi-scale
feature extraction network, which processes LQ) input images and extracts high-level feature
representations through convolutional layers. These features are then combined with the
intermediate outputs of the StyleGAN generator via skip connections, ultimately producing
the restored HR face images.

A crucial advantage of GPEN is its ability to generate HQ face images with fine
details and textures, utilizing StyleGAN’s robust pre-trained model in conjunction with an
effective feature extraction network. To further enhance image quality, the authors suggested
fine-tuning the GAN prior network. This process involves initial training on an HQ face
image dataset, followed by fine-tuning for the BFR task, allowing the network to adapt more
effectively to BFR-specific requirements.

Additionally, GPEN utilizes a multi-scale perceptual adversarial loss during training.
This loss function combines adversarial loss with perceptual loss, which assesses differences
in feature representations between the generated images and ground-truth HR images. The
incorporation of this hybrid loss function ensures that GPEN not only achieves high fidelity
in pixel-wise accuracy but also delivers perceptually convincing results that closely resemble
the ground-truth images.

Below is a summary of the benefits and drawbacks of the GPEN approach:
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e Advantages:

— High-Quality Image Restoration: GPEN is capable of generating highly
realistic images, often surpassing the quality achieved by methods like PULSE,
especially in terms of texture and detail in face restoration.

— Efficient Inference: The method offers low inference time complexity, making it
suitable for real-time applications and practical deployment in various settings.

— Versatile Degradation Handling: As a blind restoration approach, GPEN
effectively handles a broad spectrum of degradations. It is trained with different
blur kernels and varying noise levels, enhancing its robustness and adaptability to
diverse image quality challenges.

¢ Disadvantages:

— Limited generalization power: GPEN’s performance heavily relies on the
pre-trained StyleGAN model, which may limit its effectiveness when applied to
images that significantly deviate from the training data of StyleGAN.

— Potential for artifacts: While GPEN excels in detail and texture, there is a risk
of generating minor artifacts or unnatural features.

— Identity inconsistency: The identity of the input images may not be perfectly
preserved during the process of face hallucination.particularly in challenging
restoration scenarios or with very LQ inputs.
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Figure 2.8: The architecture of GPEN method
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2.3.2.4.2 GLEAN

The GLEAN method represents a novel approach in the realm of image super-resolution,
utilizing StyleGAN as the underlying generative model. Distinctively, GLEAN employs an
encoder network that maps LR input images into a series of style codes. These codes are then
utilized by the StyleGAN generator to produce HR outputs. This methodology diverges from
the traditional use of StyleGAN, which typically relies on a fixed set of style codes. Instead,
GLEAN assigns multiple style codes to each LR input, thereby amplifying the expressiveness
of the StyleGAN prior network.

In the GLEAN architecture, each block of the StyleGAN generator is fed with a unique
style code, enabling the synthesis of more varied textures and details in the generated images.
This is a significant advancement over standard approaches, as it allows for a richer and more
diverse representation in the super-resolution process.

Furthermore, GLEAN integrates convolutional feature maps extracted from the encoder
into the StyleGAN blocks. This integration serves as an additional guide in the reconstruction
process, aiding in the accurate depiction of both the overall structure and intricate local
details of the images. To facilitate this, each StyleGAN block incorporates a 1x1 convolutional
layer, merging the GAN prior features with the encoder feature maps. The amalgamated
features are then channeled to a decoder network, which is responsible for reconstructing the
final output image.

Figure 2.9 demonstrates the GLEAN architecture, where it’s evident that an additional
decoder network is employed. This is a strategic deviation from directly generating outputs
from StyleGAN. According to the authors, this novel approach enhances the fusion of
features from the latent code bank and the encoder, leading to superior image quality in the
super-resolution output.
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Figure 2.9: Overview of GLEAN method
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The benefits and potential drawbacks of the GLEAN method can be expressed below:
e Advantages:

— Enhanced Control and Expressiveness: GLEAN employs a bank of latent
codes for each StyleGAN block, offering enhanced control over the image generation
process and improved expressiveness in the final output.

— High Fidelity and Quality: The method conditions the generator on convolu-
tional features from the encoder, providing additional guidance on local structures
and resulting in high-fidelity and quality results.

— Flexibility Across Categories: GLEAN is adaptable to various image categories,
thanks to its ability to switch between different GANs, enhancing its versatility.

— Efficient Inference: The method offers low inference time complexity, making it
suitable for real-time applications and practical deployment in various settings.

— Efficient Image Upscaling: Unlike traditional GAN inversion methods requiring
extensive optimization, GLEAN achieves large-factor image super-resolution with
a single forward pass, streamlining the upscaling process.

e Disadvantages:

— Training Complexity: The inclusion of an encoder-bank-decoder architecture
with multi-resolution skip connections adds complexity to the training process.

— Limited generalization power: GLEAN’s effectiveness is contingent on the
quality of pre-trained GANS, potentially limiting its performance if the underlying

GANSs are not robust or diverse enough.

— Identity uncertainty The network may not appropriately preserve the identity
of face images during the process.
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2.3.2.4.3 GFP-GAN

The GFP-GAN [80], or Generative Facial Prior GAN, introduces a unique approach
for BFR, aiming to strike a balance between realism and fidelity in a single forward pass.
GFP-GAN is comprised of two primary modules: a degradation removal module and a
pre-trained face GAN as a facial generative prior. The connection between these modules is
facilitated through direct latent code mapping and Channel-Split Spatial Feature Transform
(CS-SFT) layers in a coarse-to-fine manner.

The CS-SET layers in GFP-GAN perform spatial modulation on part of the feature
maps, allowing the unmodulated features to pass through directly, which aids in preserving
critical information. This method effectively combines the generative prior with high fidelity
preservation. The GFP-GAN further employs a facial component loss with local discriminators
to enhance perceptual facial details. Additionally, it utilizes an identity-preserving loss to
maintain fidelity in the restored faces.

An essential aspect of GFP-GAN is its ability to condition the generator on convolutional
features from the encoder. This strategy provides additional guidance for reconstructing both
the overall structure and local details of the facial images. Each StyleGAN block utilizes a
1x1 convolutional layer to merge the GAN prior features with encoder feature maps. The
combined features then undergo reconstruction in a decoder network to produce the final
output.

Figure 2.10 illustrates the GFP-GAN architecture, where an additional decoder network
is employed to reconstruct the final image. This approach allows for a more effective fusion
of features from the latent bank and encoder, enhancing the overall quality of the restored
images.
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Figure 2.10: Overview of GFP-GAN framework
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The GFP-GAN method has been lauded for its ability to restore facial details effectively
with a single forward pass, making it a significant contribution to the field of BFR. However,
the approach’s reliance on pre-trained GAN models and the complexity of its architecture
might pose challenges in specific restoration scenarios. The cons, and pros of GFPGAN are
as following:

e Advantages:

— Improved Realism: GFPGAN is known for generating highly realistic images,
particularly useful in fields like art, design, and facial restoration.

— Versatility in Applications: Its advanced capabilities make it suitable for
various applications, including restoring old or damaged photos and enhancing
image quality.

— Efficient Inference: The method offers low inference time complexity, making it
suitable for real-time applications and practical deployment in various settings.

— Identity Preservation: GFPGAN is designed to preserve the identity in face
restoration tasks, making it ideal for applications where maintaining the original
look is crucial.

e Disadvantages:

— Complexity: The advanced architecture of GFPGAN can make it complex to
implement and train.

— Limited generalization power: The performance of GFPGAN can be heavily
influenced by the quality and variety of the training data, which may affect its
generalizability.

— Identity uncertainty: Even with the identity preservation loss employed, the
network may not appropriately preserve the identity of face images during the
restoration process.

— Challenges with Severe Degradation: When the input image is severely de-
graded, GFPGAN may struggle with retaining HQ image and identity preservation,
leading to uncertainty in maintaining the original identity features in the restored
image.
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2.3.3 Dictionary Prior Based BFR

Dictionary prior-based methods in BFR leverage a collection of HQ face images to form
a dictionary of facial components or patches. This dictionary, containing a variety of facial
features such as eyes, nose, and mouth under different conditions, serves as a guide in the
restoration process.

In 2019, Li et al. [81] introduced a novel approach to reconstructing degraded faces.
Their method centers on the selection of similar facial components from various face images.
It involves identifying matching facial elements across different images that resemble those
in the degraded image, which are then utilized for restoration. This method is particularly
notable for its ability to effectively restore facial details from extremely LR images with
severe degradation, integrating both low-level and high-level semantic loss functions and a
specialized adversarial training scheme.

Li et al. [28] further advanced the field in 2020 with the Deep Face Dictionary Network
(DFDNet), which incorporates deep learning into the restoration process. DFDNet employs
deep multi-scale component dictionaries, created using K-means clustering on significant
face components from HQ images. This method is distinctive for its use of deep learning to
match and select the most similar component features from these dictionaries, transferring
HQ details to LQ face images. Notably, DFDNet addresses the limitation of requiring a HQ
reference image of the same identity by using component dictionaries and a confidence score
to adaptively fuse dictionary features, enabling more realistic restoration on real degraded
images.

Despite the significant advancements in BFR, the dictionary-based methods share a
common limitation in their dependence on H(Q) images for dictionary creation. This reliance
may not fully address the diverse restoration needs of severely degraded images, especially in
less represented areas like skin texture or hair. This gap underscores the need for dictionaries
that encompass a broader range of facial features and conditions, enhancing the efficacy of
BFR in handling varied degradation scenarios.
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2.3.4 Codebook Prior Based BFR

While dictionary prior-based methods in blind face restoration employ actual image
patches for restoration, codebook prior-based approaches utilize abstract encodings of facial
attributes. This paradigm shift is driven by the limitations inherent in facial component
dictionaries. As evidenced by works like VQFR [73], RestoreFormer [82], and CodeFormer [18§],
researchers are increasingly adopting Vector Quantized (VQ) codebooks. These codebooks
encompass all crucial facial areas, offering a more comprehensive solution. The concept of VQ
codebooks was originally introduced by VQGAN [83] and VQVAE [75] to create a dictionary
of representative vectors. These vectors serve as a set of visual elements that can be combined
to generate images. In the context of blind face restoration, integrating codebook priors has
proven effective in reducing uncertainties imposed by degradation [73].

Typically, these methods employ a quantized autoencoder consisting of an encoder,
a vector quantization module, and a decoder, consecutively. Quantization is performed on
abstract feature maps generated by the encoder by identifying their nearest neighbors in the
reference codebooks. The authors in 73] have shown that quantization leads to degradation
removal but entails a trade-off between degradation reduction and fidelity enhancement.
Raising the encoder’s downsampling factor results in greater degradation reduction but at
the expense of reduced fidelity. VQFR [73| recommended using a downsampling level of 32
for the encoder to strike a balance between degradation reduction and fidelity. Additionally,
it proposes employing a parallel decoder to further enhance fidelity. CodeFormer [18] chose a
downsampling level of 16 to prioritize fidelity. They also utilized a multi-head transformer
to reduce degradation and enhance fidelity further. The transformers mapped the nearest-
neighbor codes into more accurate code combinations, resulting in improved accuracy. In
contrast to CodeFormer, RestoreFormer (Wang et al. 2022) incorporates a multi-head cross-
attention layer to facilitate comprehensive spatial interactions between corrupted queries and
HQ key-value pairs.

2.3.4.1 VQFR

Figure 2.11 illustrates the general framework of the VQFR network. It comprises an
encoder for abstract feature extraction (29), a vector quantization module for nearest-neighbor
code quantization (z4?), and two parallel decoders—the main branch and the texture branch.

The texture-branch decoder reconstructs HQ textural features (F?) from the quantized
features. The resulting HQ featutes suffer from low-fidelity. To imrpove their fidelity, they
undergo warping using Texture Warping Modules (TWM), guided by input features extracted
from degraded image at various spatial levels. Finally, the warped features are input into the
main decoder to generate the final restored image.
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With the VQ codebook serving as a facial dictionary and the parallel decoder de-
sign, VQFR can enhance the quality of facial details while maintaining fidelity during face
restoration.

Main Branch

Figure 2.11: The VQFR framework. Image from [73].

2.3.4.2 CodeFormer

CodeFormer employed a pretrained quantized autoencoder initially trained on HQ
images. Following this, they performed fine-tuning of the encoder using LQ-HQ image pairs,
while keeping the decoder frozen. To enhance the results further, a multi-head transformer was
incorporated immediately after fine-tuning the encoder to predict a refined, more quantized
code combination.
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Figure 2.12: CodeFormer framework. Image from [18]

The general framework of the CodeFormer method is illustrated in Figure 2.12. To
strike a balance between fidelity and quality, an additional module named the "controllable
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feature transformation (CFT) module" was employed. This module regulates the flow of
information from the LQ encoder to the HQ decoder. Spatial feature transformation, as
referenced in [84], was harnessed within the CFT module. This involved applying a learnable
affine transformation based on encoder features to the decoder features, thereby augmenting
fidelity.

2.3.4.3 RestorFormer

RestoreFormer [82] adopts a methodology akin to CodeFormer, albeit with a notable
distinction. In contrast to CodeFormer’s utilization of self-attention mechanisms, Restore-
Former leverages cross-attention mechanisms to amalgamate abstract features both prior to
and post quantization. Figure 2.13 illustrates the general framework of RestoreFormer.
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Figure 2.13: RestoreFormer framework. Image from [82].

In a manner reminiscent of CodeFormer, Restoreformer employs a pretrained quantized
encoder-decoder architecture. The encoder, designated as F,, is responsible for encoding the
degraded image into abstract features represented as z,. These abstract features then undergo
nearest neighbor quantization, yielding HQ) features denoted as z;. What sets RestoreFormer
apart is its utilization of these components in a cross-attention framework.

In this framework, the z; code assumes the role of the query, while z, serves as the
key and values. This ingenious approach efficiently combines HQ, albeit low-fidelity features
obtained after quantization with high-fidelity yet LQ features from before quantization. The
result is an accurate amalgamation of code, denoted as 2’, which is subsequently mapped back
to reconstruct the image through the decoder. This distinctive cross-attention mechanism
forms the core of RestoreFormer’s approach, enabling it to achieve its goal of image restoration.
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2.4 Datasets for BFR

In the field of BFR, the choice of dataset plays a crucial role in the development
and evaluation of BFR algorithms. HQ datasets provide a solid foundation for training,
validating, and testing BFR techniques, ensuring their effectiveness and robustness in real-
world applications. A suitable dataset should contain a diverse set of images with varying
facial expressions, lighting conditions, and poses to effectively represent the complexities of
human faces.

In recent years, many face image datasets have been used for BFR, which differ in
various aspects, such as the number of samples, facial characteristics contained, and others. It
is worth noting that most datasets primarily provide HQ face images. To use these datasets
for training and evaluating BFR models, corresponding L() face images need to be synthesized
using a degradation model (eg., using Equation 1.3).

In this section, we will discuss some of the widely-used datasets for BFR, highlighting
their unique characteristics and contributions to the development of BFR techniques, as well
as the necessary preprocessing steps involved in adapting them for BFR tasks.

2.4.1 CelebA

The CelebFaces Attributes Dataset (CelebA)[85] is a widely-used large-scale face
attributes dataset, consisting of more than 200,000 celebrity images, each with 40 attribute
annotations. The images in CelebA exhibit significant pose variations and background clutter,
making it a valuable resource for training and evaluating BFR models that can handle
complex real-world scenarios.

CelebA offers substantial diversities, large quantities, and rich annotations, which
include:

e 10,177 unique identities, providing a diverse representation of facial features, expressions,
and appearances.

e 202,599 face images, ensuring a large sample size for more robust and generalizable
BFR models.

e 5 landmark locations and 40 binary attributes annotations per image, enabling re-
searchers to explore additional tasks such as facial attribute recognition and facial

landmark detection.

Given its comprehensive nature and extensive collection of images, CelebA has become a
popular choice for researchers and practitioners working in the domain of BFR.
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2.4.2 CelebAMask-HQ

CelebAMask-HQ [86] is a large-scale face image dataset that consists of 30,000 HQ
face images selected from the CelebA dataset, following the same procedure as CelebA-HQ.
Each image in this dataset is accompanied by a segmentation mask of facial attributes
corresponding to CelebA. The masks in CelebAMask-HQ have been manually annotated, with
a resolution of 512 x 512, and include 19 classes representing various facial components and
accessories, such as skin, nose, eyes, eyebrows, ears, mouth, lip, hair, hat, eyeglass, earring,
necklace, neck, and cloth.

2.4.3 HELEN

The HELEN dataset [87] is a comprehensive facial image dataset that focuses on facial
landmarks and contours. It is composed of 2330 face images of 400 x 400 pixels with labeled
facial components generated through manually-annotated contours along eyes, eyebrows,
nose, lips, and jawline. The dataset was specifically designed to improve the performance of
facial landmark detection algorithms.

The images in this dataset are diverse, including various lighting conditions, occlusions,
expressions, and poses, making it suitable for training and evaluating robust BFR models.
In addition to the 2330 HR images, the dataset comes with detailed annotations of facial
landmarks, which encompass the eyes, eyebrows, nose, lips, and jawline. These annotations
are created by carefully tracing the contours of each facial component manually, ensuring
accurate and reliable ground truth data for model training and evaluation.

The HELEN dataset has been widely used in various computer vision tasks, such as facial
landmark detection, facial attribute recognition, , and BFR. Its comprehensive annotations
and diverse set of images make it a valuable resource for researchers and developers working
on facial image analysis and manipulation tasks.

2.4.4 FFHQ

The Flickr-Faces-HQ (FFHQ) dataset [73] is a HQ collection of human face images
specifically designed for training and evaluating face-related computer vision tasks. The
dataset consists of 70,000 HQ PNG images at a resolution of 1024 x 1024 pixels, showcasing
considerable variation in terms of age, ethnicity, and image background. In addition, it offers
good coverage of accessories such as eyeglasses, sunglasses, and hats.

The images in the FFHQ dataset were collected from Flickr, thus inheriting the biases of
that website. To create the dataset, the images were automatically aligned and cropped using
dlib”, and only images under permissive licenses were included. To further refine the dataset,

Thttp://dlib.net/
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various automatic filters were applied to prune the set, and finally, Amazon Mechanical Turk
was utilized to remove occasional statues, paintings, or photos of photos.

The FFHQ dataset has been widely used in various facial analysis and manipulation
tasks, such as face generation, and BFR, due to its HQ images and rich diversity in terms of
subjects and attributes.

245 LFW

The Labeled Faces in the Wild (LFW) [88] dataset is a publicly available benchmark for
face verification, also known as pair matching. Designed to study the problem of unconstrained
face recognition, this dataset contains more than 13,000 face images collected from the internet.
Each face is labeled with the name of the person pictured, with 1680 individuals having two
or more distinct photos in the dataset. The only constraint applied to these images is that
they must be detected by the Viola-Jones face detector [89].

There are currently four different sets of LFW images, including the original set and
three types of "aligned" images. The aligned images consist of "funneled images" [90], LFW-a
(an unpublished method of alignment), and "deep funneled" images [91]. Among these
variations, LFW-a and the deep funneled images yield better results for most face verification
algorithms when compared to the original images and the funneled images [90].

The LFW dataset’s diversity and unconstrained nature make it a valuable resource for
researchers and developers working on face verification and recognition tasks. By providing a
challenging benchmark, it helps drive advancements in the field and improve the performance
of facial analysis algorithms in real-world applications.

2.4.6 VGGFace

The VGG Face dataset [92] is a comprehensive collection of 2.6 million face images
representing 2,622 distinct individuals. Designed to support the development of face recogni-
tion technology in the academic research community, it addresses the gap in data availability
between academic researchers and large corporations like Google and Facebook.

The dataset primarily consists of images of celebrities, public figures, actors, and
politicians, with names extracted from the Internet Movie Database (IMDB) celebrity list,
ranked by popularity. This selection criterion ensures a diverse range of individuals with
varying facial features, expressions, and appearances, which is crucial for training robust face
recognition models.

An important aspect of the VGG Face dataset is its large size, which allows researchers
to train deep learning models that can generalize well to real-world scenarios. Moreover, the
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dataset covers a wide range of variations in terms of age, ethnicity, and image background,
providing a rich source of information for researchers to evaluate their models’ performance
across different demographics and conditions.

In addition to the image data, the VGG Face dataset includes metadata such as
ethnicity, age, and kinship information collected from IMDB. This additional information
can be utilized for various auxiliary tasks in face recognition research, such as age estimation
or kinship verification, further enriching its value for academic research.

Although the VGG Face dataset serves as a valuable resource for academic research
in the field of face recognition technology, it is essential to consider the ethical implications
surrounding the use of such data, as the individuals included did not provide consent for the
use of their biometric information.

2.4.7 VGGFace2

The VGGFace2 dataset [93], introduced as an enhancement of its predecessor, the
VGGFace dataset, offers a wide array of face images tailored for advancing the domain of
face recognition. This dataset bridges the chasm between earlier datasets and the pressing
need for diverse, real-world reflective data.

Predominantly sourced from Google Image Search, this dataset envelops an impressive
volume of images, encompassing a diverse spectrum of individuals. Like its predecessor, the
VGGFace2 dataset leans towards images of notable figures, ensuring that researchers are
equipped with a myriad of facial features, expressions, and appearances, all indispensable for
honing robust face recognition systems.

A noteworthy characteristic of VGGFace2 is its broad scope in terms of variability:

e Pose Variations: From frontal captures to profile shots, this dataset ensures models
can navigate the intricacies of varying facial angles.

e Age: With images spanning across different age groups, VGGFace2 stands resilient to
the myriad nuances introduced by age.

e Illumination: Emphasizing real-world applicability, it accommodates images from
dimly lit environments to brightly illuminated ones.

e Ethnicity and Profession: Diversity remains at its core, with a rich mix of ethnic

backgrounds and professions, thereby mitigating model biases and ensuring widespread
applicability.
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The primary intent behind the dataset is to fortify research endeavors, enabling models
to thrive across diverse real-world conditions. Supplementing the image data, VGGFace2 also
extends metadata, allowing for nuanced research undertakings like age estimation or kinship
verification, mirroring its predecessor’s ethos.

However, as with the VGGFace dataset, it’s imperative to weigh the ethical con-
siderations tied to using such data. The individuals featured in VGGFace2, much like
VGGFace, haven’t explicitly consented to the usage of their likenesses, emphasizing the need
for responsible usage and evaluation in research circles.

The above-mentioned datasets each provide a diverse and large-scale collection of
face images with varying characteristics. They differ in the number of images, attributes,
landmarks, parsing maps, and identity details, which cater to distinct research requirements
in the BFR field. Table 1.1 presents a summary of these public face image datasets commonly
used in BFR research.

Table 2.1: Summary of Public Face Image Datasets for BFR.

Dataset #images F#Attributes #Landmarks Parsing maps Identity
CelebA 202,599 40 5 X v
CelebAMask-HQ 30,000 X X v v
Helen 2,330 X 194 v X
FFHQ 70,000 X 68 X X
LFW 13,233 73 X X v
VGGFace 2,622,000 X X X v
VGGFace2 3,310,000 X X X v
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2.5 Image Quality Assessment

Image quality, as it pertains to visual attributes and viewer perception, can be defined
in several ways depending on the measurement methods employed. Image quality assessment
(IQA) metrics play a crucial role in evaluating the performance of BFR techniques. These
metrics help quantify the quality of reconstructed images compared to the original HQ) images.
The IQA methods can be broadly categorized into subjective methods, which rely on human
perception of an image’s naturalness and quality, and objective methods, which involve
quantitative techniques for calculating image quality numerically [94].

While quality-related visual aspects of an image often provide a good measure, this
approach can be resource-intensive, particularly when dealing with large datasets [95]. Conse-
quently, objective methods are more suitable for BFR and computer vision tasks. According
to Saad, Bovik, and Charrier [96], IQA methods are primarily divided into three categories:
reference image-based, features from the actual image, and blind IQA without any information
about the ground truth. In this section, we delve deeper into the IQA methods predominantly
used in the domain of BFR.

2.5.1 PSNR

In information systems, the peak signal-to-noise ratio (PSNR) serves as a metric to
analyze the signal power against the noise power, predominantly in images. The PSNR
provides a quantitative measure of the compression quality of an image. In BFR, the first
step to calculate PSNR is determining the Mean Squared Error (MSE) between the pixel
values of the original and the reconstructed images. Once the MSE is determined, PSNR is
computed as:

2
PSNR = 10 - logy (%) (2.25)

where max is the maximum possible pixel value of the image. For an 8-bit grayscale image,
max = 255. The MSE between the original and reconstructed images is calculated using:

1 v . .
MSE = — DY Teetliy 5) = Treelis ) (2.26)
i=1 j=1

where I and .. denote the original (reference) and reconstructed images, respectively. m
and n are the dimensions of the images, and the summations are performed over all pixel
positions (i, 7).
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While higher PSNR values signify better image quality with reduced distortion, lower
values indicate a heightened level of noise and degradation. However, it’s worth noting that
PSNR might not always correlate well with the human perception of image quality, given
its emphasis on pixel-wise differences without accounting for the structural or perceptual
features of the images [97]. There are scenarios where the PSNR metric can be deceptive,
with the reconstructed image not bearing much visual resemblance to the reference [98, 99].
Consequently, in recent years, metrics that better align with human visual perception have
gained higher popularity.

2.5.2 SSIM

The Structural Similarity Index (SSIM) is an objective image quality assessment metric
introduced by Zhou and Bovik. [30]. This metric evaluates the similarity between two images
based on their structural, luminance, and contrast properties. Unlike PSNR, which is centered
around pixel-wise differences, SSIM is influenced by the human visual system’s perception,
making it a more intuitive metric for capturing image quality from a human perspective.

The SSIM value lies between -1 and 1, providing a measure of similarity between a
reference image and a distorted or reconstructed image. A perfect score of 1 indicates that
the images are identical in terms of structural content, while a score nearing -1 suggests
significant dissimilarity. Higher SSIM values generally indicate better image quality and a
stronger resemblance between the two images.

The SSIM index calculation is expressed as:

(2 pro - iy + C1)(2 - 00y + C)
(12 + p2 + Ch)(02 + o2 + Cy)

SSIM(z,y) = (2.27)

where x and y represent the two images under comparison. p, and u, denote their respective
mean intensities. Their variances are represented as o2 and 05, and o0,, captures their
covariance. The constants C' and C5 are added to stabilize the division operations, ensuring

that the denominator doesn’t approach zero.
SSIM has gained popularity in recent years for its better correlation with human visual

perception, making it more suitable for various image processing tasks, including image
compression, restoration, and super-resolution.
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2.5.3 MS-SSIM

Multi-Scale Structural Similarity Index (MS-SSIM) [100] is an extension of the SSIM
that takes into account image details at different resolutions by considering multiple scales.
This enhancement makes MS-SSIM more suitable for assessing the quality of images in tasks
like BFR, where preserving fine details is crucial.

One of the limitations of the original SSIM metric is that it does not reliably account
for the uneven distribution of image details. To overcome this limitation, MS-SSIM divides
the image into multiple windows, first assesses SSIM for each window separately, and then
combines these SSIM values to obtain the final MS-SSIM score.

MS-SSIM calculates the SSIM index at various scales by applying a Gaussian pyramid
decomposition to the reference and distorted images. It computes the SSIM values at each
scale and then combines them using a weighted geometric mean to obtain the final MS-SSIM
score. The score ranges from -1 to 1, with higher values indicating better image quality and
stronger correlation with human perception.

In comparison to the original SSIM metric, which only considers a single scale and
may be affected by uneven image detail distribution, MS-SSIM is better equipped to capture
the structural and perceptual similarities between images at different levels of detail. As a
result, it provides a more accurate assessment of image quality, especially in cases where the
preservation of fine details and textures is of paramount importance.

The MS-SSIM calculation involves the computation of the SSIM index at multiple scales,
typically achieved by down-sampling the images using a Gaussian pyramid decomposition.
The final MS-SSIM score is obtained by combining these SSIM values using a weighted
geometric mean. The MS-SSIM formula can be represented as:

N
MS-SSIM (Lief, Lee) = [ ] [SSIM(I{y, IE)]™ (2.28)

ref ) “rec
i=1

where I,..¢ and I, are the reference and reconstructed images, respectively, N is the number
of scales, I( )f and 1) represent the reference and reconstructed images at scale 4, and a; are

the Weightmg factors that control the relative importance of SSIM values at each scale.

It is important to note that the formula above is a simplified representation of the
MS-SSIM calculation. In practice, the computation of MS-SSIM involves calculating the
luminance, contrast, and structure terms of the SSIM metric at each scale, and then combining
them using a weighted geometric mean with different exponents for each term.
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2.5.4 LPIPS

Learned Perceptual Image Patch Similarity (LPIPS) is a perceptual image quality
assessment metric developed by researchers at Google Brain [32]. It’s designed to measure the
perceptual similarity between a reference image and a distorted or reconstructed image.LPIPS
is particularly useful in tasks such as image super-resolution, compression, and restoration,
where accurately assessing the visual quality of the reconstructed images is essential.

LPIPS uses deep learning and often employs architectures like VGG [101] or AlexNet
[102], leveraging pre-trained weights. The neural network extracts feature embeddings from
patches of the reference and reconstructed images. The perceptual similarity is then computed
from these features. In essence, LPIPS measures the distance in a deep feature space between
two images. A smaller LPIPS score indicates that the images are perceptually closer.

Unlike traditional metrics like PSNR or SSIM, which often rely on pixel-wise comparisons,
LPIPS aligns better with human visual perception by emphasizing structural and perceptual
differences. This makes it particularly apt for applications where the preservation of fine
details and textures is important. Empirical evaluations have showcased its closer alignment
with human judgment when juxtaposed with PSNR and SSIM.

However, there are considerations to bear in mind. LPIPS, while powerful, isn’t as
ubiquitous as metrics like PSNR, SSIM, or MS-SSIM. It’s primarily in the domain of research
or specific applications requiring ligned image quality assessments. Furthermore, as a learned
metric, LPIPS could exhibit sensitivity to the dataset on which its underlying network was
trained, which might cause variations in assessment across different domains or contexts.

2.5.5 FID

Fréchet Inception Distance (FID) [31], is a metric used to evaluate the quality of
generated images, particularly in the context of image restoration, where the similarity
between the distributions of the reconstructed and reference images is measured by comparing
the deep feature representations of the two sets of images. A lower FID score indicates that
the reconstructed images are more similar to the reference images, while a higher score implies
a larger discrepancy between the two sets. The better the visual quality, the smaller the FID.

In contrast to traditional metrics like PSNR and SSIM, which focus on pixel-wise
differences and local structural similarities, FID assesses the visual quality of face images in
a distribution-wise manner. This approach enables FID to capture higher-level perceptual
features and more accurately reflect the subjective perception of image quality.

Rooted in the Fréchet distance, which quantifies the disparity between two probability
distributions, FID employs the Inception-v3 network — a pre-trained deep convolutional
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neural network|103]|. This network extracts high-tier feature representations from both original
and restored images. Subsequently, the mean and covariance of these feature representations
are determined for both image sets. The FID score is then derived as the Fréchet distance
between the two corresponding multivariate Gaussian distributions.

FID has become a popular evaluation metric for tasks like image restoration and
generation because it captures both the quality and diversity of the generated images. It is
generally considered to be more reliable and informative than other metrics, such as PSNR,
or SSIM, as it accounts for both the intra-class and inter-class variability in the generated
images and better aligns with human visual perception. The mathematical representation of
FID is:

FID = ||H’ref - Hrec||2 + Tr(Eref + Erec - 2(Eref2rec)1/2) (229)

where (firer, Zrer) and (firee, Srec) Symbolize the mean and covariance of the feature representa-
tions for the reference and generated images, respectively. The Euclidean norm is represented
as || - ||, and Tr(-) stands for the trace of a matrix. The square root operation applied to a
matrix is computed element-wise.

2.5.6 NIQE

Natural Image Quality Evaluator (NIQE) [104] is a no-reference image quality assessment
metric that quantifies the visual quality of an image without requiring a ground truth reference
image for comparison. The metric’s methodology revolves around gauging the distance
between two multivariate Gaussian models, one fitting the natural image statistics and the
other fitting the evaluated image statistics.

Specifically, the fitting of the multivariate Gaussian model is based on quality-aware
features derived from the natural scene statistic model. These features capture the statistical
properties of natural images, which can help determine whether the evaluated image exhibits
characteristics typically found in HQ images.

The NIQE score is a scalar value that represents the distance between the statistical
models of the natural images and the evaluated image. A lower NIQE score indicates that
the evaluated image has a higher visual quality and is more similar to the natural image
statistics, while a higher score implies a larger discrepancy between the two sets of image
statistics, indicating a lower visual quality.

In image processing applications, especially when a reference image is either inaccessible

or impractical for use, e.g., real-world image restoration, no-reference metrics like NIQE
become indispensable, offering a pragmatic solution to quantify image quality.
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2.5.7 MOS

Mean Opinion Score (MOS) is a subjective image quality assessment metric that
evaluates the perceptual quality of images through human judgment, offering valuable insights
into how people perceive image quality. In contrast to the above objective quantitative metrics,
MOS relies on the opinions of quality testers who grade images based on specific criteria,
such as sharpness, natural look, and color. The final MOS is obtained by calculating the
arithmetic mean of the assigned scores.

Participants in a MOS study typically rate images on a scale, often from 1 to 5, where
1 denotes the poorest quality and 5 the highest. These assessments encompass a variety of
criteria such as sharpness, color fidelity, and overall naturalness. The culminating MOS is
the arithmetic average of these scores.

In the context of image restoration research, some methods that achieved good objec-
tive quality scores under-performed in subjective assessments, particularly in human face
reconstruction [17, 105, 106]. As a result, researchers have employed MOS in various studies
[107, 108, 109, 17] to measure human perception of image quality.

MOS effectively captures human perception, but it is not without limitations. These
include non-linearity between scores, variation in results due to changes in test criteria, and
potential human error. The reliability of MOS as an assessment metric is contingent upon
the number of human raters involved. A small number of raters can introduce bias into the
MOS, whereas a larger pool of raters increases the metric’s reliability and reduces potential
biases. Consequently, researchers should consider the number of raters when using MOS to
ensure a more accurate representation of human perception.
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Chapter 3

Methodology

3.1 Motivation

Let Y be the space of the HQ face images and X be the space of the degraded LQ
face images. The aim of BFR is to find the corresponding HQ face image y € Y of an
LQ face image x € X. To achieve this goal, most DNN-based methods learn a function
®(zx) — y. However, being a one-to-many inverse problem, multiple potential face images
(.8, Y1,Y2, ., Yn) in Y can be mapped to from an input x. Our objective is to generate an
HQ image that genuinely represents the original LQ input image.

Theoretically, this can be accomplished by having a StyleGAN network [73| pre-trained
on huge face datasets and using GAN inversion techniques. Specifically, the latent vector
corresponding to the input L(Q) image can be found by adopting the GAN inversion technique.
Then, the corresponding HQ image can be retrieved by feeding the latent vector to the
StyleGAN network. Let us denote the latent vector as z € R?, the HQ image as h € R", the
LQ image as I € R? and the StyleGAN network with G : R? — R". Then the GAN inversion
technique can be formally expressed as follows:

z* = argmin L(®(G(z)),1) (3.1)

zcRd

where L is generally a pixel-wise loss function like MSE and MAE and & is the assumed
degradation function.

Optimization-based GAN inversion methods require a lot of time and computational

resources, which limits their practical applications. Therefore, we adopt the learning-based
approach for GAN inversion as the alternative.
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For the learning-based GAN inversion, we need a CNN network to learn the latent
representation of images. The CNN network denoted by C' : R? — R? can directly learn the
mapping function from the LQ image [ to the corresponding optimum z*:

2" =C(l). (3.2)

We take advantage of an AutoEncoder network for the learnable CNN function C :
R? — R The AutoEncoder framework is composed of Encoder and Decoder networks. The
Encoder network maps the corrupted image to the low-dimensional latent space, while the
Decoder network maps the latent representation back to the image space. Therefore, the
Encoder network conducts the GAN inversion task by providing the latent representation of
the image, while the Decoder network can remove the uncorrelated noise and artifacts and
provides a coarse super-resolved image.

That being said, utilizing only the latent vector generated by the AutoEncoder network
might not result in high fidelity. It tends to produce HQ images maintaining the pose, yet
compromises on preserving the facial structure, leading to a loss of identity. To mitigate such
issues, we introduced the following adjustments in our proposed architecture illustrated in
figures 3.2 and 3.3.

3.1.1 Style-Identity Integration

Styles are the building blocks in StyleGAN for facial image generation. The richness
and accuracy of these styles are crucial for creating faithful representations. These styles
inherently encapsulate essential details such as pose, color, and texture. Augmenting these
styles with identity information could significantly improve the generation process. A concept
analogous to identity in this context is the identity vector, produced by a face recognition
network, e.g., ArcFace [33]. This vector is designed to minimize distances between vectors
of the same individual while maximizing those between different individuals, effectively
capturing unique identity features.

Our approach proposes embedding this identity vector into the styles of StyleGAN.
This integration is a novel step towards ensuring that synthetic images not only maintain
high visual quality but also stay true to the unique characteristics of each individual’s identity.
To perform this integration, we utilize the Style-to-ID Network to infer the identity vector
corresponding to a StyleGAN2 style vector s. This process is expressed as i; = Fp(s),
where %, represents the inferred identity vector and Fy denotes the Style-to-ID function
parameterized by 6. Our objective is to minimize the /5 loss between these inferred identity
vectors and the corresponding ground-truth identity vectors (2,), which are obtained directly
from the ground-truth images using the ArcFace network. Given that our image distribution
spans c distinct classes of identities, we propose the theorem 1 to underpin our methodology:
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Assumption 1. The ArcFace network generates identity vectors with considerably lower
distances® between identity vectors within the same identity class (intra-class distance) as
compared to those between identity vectors across different identity classes (inter-class dis-
tance).

Lemma 1. Let C and I be random variables, and let f(c,i) be a function defined on their
joint domain. Under suitable reqularity conditions, the following equality holds:

ECNPCJ'NPUC [f(C, Z)] = ECNPc,iNP”C,c’NPClI [f (C/, Z)] .

Proof. We begin by writing the left-hand side of the equality in integral form:

Eenroinpy el f(c,1)] = /P(C =c) /P(I =i1|C=c)f(i,c)didc

c A

:/c/iP(C:c,I:i)f(c,i)dz‘dc
:/C/iP(C:c,]:i)f(c,i)/C/P(C:c’|I:i)dc’didc
:/CPC(c)/P(I:z‘|C’:c)/,P(C:c’|I:i)f(c’,i)dc’didc

(2 C

- ECNPCJZNPHC)C/NPCH [f(cl) /’/)]‘

Theorem 1. Minimizing the €5 loss between the style-inferred identity vector t5. and the
corresponding ground-truth identity vector 14, mazimizes the variational lower bound of the
mutual information between the style vectors and the identity class of images.

8Here, "distance" specifically refers to cosine distance; however, for normalized identity vectors, this
effectively translates to Euclidean distance.
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For clarity and ease of reference throughout the proof, we provide a list of the symbols
used, along with their corresponding descriptions, in the table below:

Table 3.1: Symbols used in the proof and their corresponding descriptions.

Symbol Description

N Total number of input images.

c Identity class of an image.

N, Number of images belonging to the identity class ¢

l. Low-quality input image belonging to the identity class c.

g. Ground-truth image belonging to the identity class c.

ig, Identity vector extracted from g, i.e., 45, = ArcFace(g..).

Se Style vector extracted from ..

Tse Style-inferred identity vector extracted from style vector, i.e., 15, = F(s.).

Proof. Our investigation begins with an analysis of the mutual information between identity
class ¢ and the style-inferred identity %5_, which can be expressed as:

L(e,ise) = H(c) = Hic | dse).

Since the entropy #H(c) is constant, maximizing the mutual information Z(c, ) cor-
responds to minimizing the conditional entropy #H(c | 25). This conditional entropy can be
expressed as:

Hc|is.) = ECNP(C),isCNF(SC)[EC/NP(C\isc) [_ log P (CI | is(:)”-

Given the unavailability of the true posterior P(c | i5.), we approximate it with an
auxiliary distribution, denoted as P(c | ¢s,):

H(c | ise) = Ecnre)isentso) | ~DRL(P( | € )|P(- | Bse)) HEernp(elis,) [—10g P (¢ | 4s.)]
<0
S EECNP(C),iSCNF(sc),c’NP(c\iSC) [_ 1OgP (Cl ‘ isc)l'

-~

7'[ub

Since the Kullback-Leibler divergence (Dgp,) is always non-negative, the auxiliary
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conditional entropy provides an upper bound for the true conditional entropy. We denote
this upper bound by H.,;,, which can be further simplified using Lemma 1:

Hub = EcmaP(c),iScNF(sc) [_ 1OgP (C | isc)] . (33)

To derive the auxiliary posterior P(c | 4s.), Bayes’ rule is applied to the marginal
distribution P(%s.) and the conditional distribution P(és, | ¢):

P(c) P(isclc)

P(C|i36) = 7)(7:3 ) Y

(3.4)

where P(c) denotes the prior of the identity class, which can be calculated using the following
formula:

Ple) = % (3.5)

We employ the Parzen window estimation method |Parzen, 1962| to approximate
the marginal and conditional distributions. By utilizing the ground-truth identity vectors
t1,%2,...,%,...,ty, which are derived from feeding all the N ground-truth training im-
ages through ArcFace, and applying Parzen window estimation with a Gaussian kernel
parameterized by o2, we obtain:

N
. 1 1. .
Plis,) = mz exp (—@H’LSC — zng) (3.6)
k=1

Similarly, let us define the set K. = {k| g € c}, which includes the indices k of all
training images belonging to the identity class ¢ with g*) denoting the k** ground-truth
image in the dataset. Now we can write:

. 1 1. .
Plindle) = sty 2o o (~gualiee — il (5.7)
“keKe

Putting Eq. 3.5, Eq. 3.6, and Eq. 3.7 inside Eq. 3.4, we obtain the auxiliary posterior
distribution as follows:
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N . .
sc) — 1 . . 2\ * .
> _kek, €XP (_W”zsc - 1k”2)

Following this, the upper bound H,;, is derived by substituting the posterior distribution
obtained in Eq. 3.8 into Eq. 3.3:

N . )
> j—1 €XP (_ﬁHZSc - lk”%)

ZkeKC eXp (_#”iSc - zk”%) .

7-[ub = Ech(c),iSCNF(sC) - log (39)

Subsequently, we use the following triangle inequality for ground-truth identity vectors,
g, and 2,

Vk, ik = ig 13 = 14se — 39,13 < llise — dll3 < |ldse — 49|13 + llig. — dll3- (3.10)

(.

LHS RHS

We apply the right-hand side (RHS) of the inequality 3.10 to the numerator and the
left-hand side (LHS) to the denominator of Eq. 3.9 to obtain a second-level upper bound
denoted by Hpe:

2 k=1 &P (=552 ([[dac — g 13 + [lg, — ic]13))
Y rex, P (=37 (= llise = dg,[13 + ik — 4g,]3))

g

HubQ

Hub < Eewb(e)iac~F(se) [—log

-

which, after extracting the terms involving %,,., simplifies to the following:

1
Huve = Eeop(orin ~ris.) | —log| exp(——=||ts. — q.||> —I—K}
12 = B vty | 108 (030025l — i, ) -

= ECNP(C),iSCNF(sc) [HiSC - igcng]

where K is a constant independent of #5,. This equation shows that the /5 loss results in
minimizing the second-level upper bound of the whole conditional entropy variational upper
bound.
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In the end, we exploit Assumption 1 to complete the proof. Assuming that the intra-
class distance between identity vectors is much smaller than the inter-class distance, RHS and
LHS of Eq. 3.10 closely approximate the middle term, thereby rendering the second upper
bound sufficiently tight. This makes H,p, represent the value of H,;, rather than merely
serving as its upper bound.

Finally, based on the Data Processing Inequality theorem (DPI) [110], we understand
that to maximize Z(c, is.), it is essential to also maximize Z(c, s). This understanding is
rooted in the DPI theorem, which indicates that the transformation from s to 24, cannot
introduce new information about ¢. Therefore, to ensure that the mutual information between
c and 14, is maximized at the end, the preceding step must be optimally configured to preserve
the maximum possible information about c. O

This approach promotes the inclusion of identity information into the style vector s by
shifting the style space to include more of the identity space where the i, belongs (see Figure
3.1).

Figure 3.1: Maximizing mutual information for enhanced identity preservation in Style Vectors.
The imposition of identity-in-style loss in our methodology facilitates the maximization of
mutual information between the identity (¢,) and style (s) vectors. This approach propels
the style vector to incorporate and preserve a higher degree of identity information, resulting
in a more nuanced and identity-preserving style vectors.
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3.1.2 Multi-resolution Feature maps Fusion

StyleGAN2 feature maps, while exhibiting exceptional quality, can potentially com-
promise fidelity, leading to HQ yet unfaithful outcomes. To mitigate this, we leverage an
autoencoder to extract semantic feature maps ( f) at varying resolutions. Integration of these
features in the StyleGAN blocks serves as guidance to create images where face components

are better preserved and aligned to that of the original subject.

The decoder network aspires to construct a coarse reconstructed image that generates
high fidelity representations where facial structures are maintained. However, due to the
¢y loss deployed as the objective function, the images produced tend to be blurry and not
of high quality. Despite this, the high fidelity of these images provides a unique advantage.
By integrating the semantic multi-resolution feature maps generated by the decoder with
corresponding feature maps derived from the style vectors—which possess high quality but
lower fidelity—results in the generation of images where local feature components are better
preserved, and the identity of the person in the input image is more accurately retained.

3.1.3 Codebook Prior Image Restorer

To elevate overall image quality and enhance robustness against noise, we integrated
the preceding model termed GPR with a codebook-prior-based image restoration framework
denoted as CPR. This integration capitalizes on the continuous latent space offered by the
GPR framework, facilitating the generation of high-fidelity face images that retain their
identity. Simultaneously, the discrete latent space of the codebook-prior model within the
CPR framework assures the rendered output image is of exceptional quality.

3.1.4 FTM Module

Considering the potential information loss, particularly regarding identity or fidelity,
during the mapping process to the discrete latent space of the codebook-based autoencoder,
we introduced the Feature Transformer Module (FTM).

FTM bridges the encoder and decoder at various layers, ensuring that the fidelity and

identity of the input remain intact. The primary objective is to mitigate any existing artifacts,
culminating in a notable enhancement in image quality.

3.2 Model Architecture

The proposed IGCP model (Identity-embedded GAN and Codebook Priors) adopts
a two-stage approach to BFR, uniquely utilizing the continuous latent space of GAN prior
networks for identity information fusion and realistic texture synthesis, and the discrete space
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of codebook prior networks for producing high-quality output images. The architecture is
illustrated in Figure 3.2.

In the first stage, our approach employs a Generative Prior Restorer (GPR) network
for initial image restoration. Distinct from existing methods that apply identity-based
losses to the final restored image, our work innovates by embedding identity information
directly into the style vectors of the StyleGAN [76] network during the generation process.
This is achieved through the introduction of an identity-in-style loss. GPR synergizes an
AutoEncoder (AE) with our novel Identity-Embedded StyleGAN (IES). The AE network
supplies the IES with style vectors and spatial feature maps, while an auxiliary Style-to-1D
network aids in generation of identity-infused style vectors. The identity-infused style vector
s, along with multi-resolution feature maps from the AE f, are then fed into the StyleGAN
generative blocks, where s serves as a basis to build upon and generate output images, while
f steers the generation process to ensure that face components are better aligned to that of
the original subject, by merging with the generative features at various resolutions.

Proceeding to the second stage, the approach utilizes a two-component framework
known as the Codebook Prior Restorer (CPR) network. This framework comprises a Vector
Quantized AutoEncoder (VQAE) [83] for artifact mitigation and to add a final touch of
quality, complemented by introducing a Feature Transfer Module (FTM). This module has
been proven essential for ensuring fidelity and identity preservation.

Stage | (GPR) Stage Il (CPR)

- Ve ~
1] I

> VQAE ——HQ

AN /

Figure 3.2: IGCP framework overview.
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3.2.1 GAN Prior Restorer (GPR, Stage I)

3.2.1.1 AutoEncoder (AE)

The AutoEncoder (AE) framework plays a crucial role in our IGCP architecture,
functioning as a bridge that processes and refines degraded images. This AE network can be
broadly categorized into two main parts: the Encoder and the Decoder. Both the encoder
and decoder comprise a series of cascading residual blocks introduced in [111], which are
visualized in Figure 3.3 (a).

e Encoder:
The encoder segment of the AE is responsible for mapping L(Q) images to a condensed
latent space. Specifically, for a given input LQ image [, the encoder function () processes
it to produce feature maps f and a latent vector z as expressed in equation 3.12.

(f,2) = Q). (3.12)

The feature maps (f) are sent to the decoder through skip connections. The latent
vector is sent to both the decoder and the Identity-Embedded StyleGAN Network
(IES). The Encoder’s primary mission is to finds a mapping function between the LQ
image and a latent vector that maintains the information needed to reconstruct the
corresponding ground-truth image.

e Decoder:
Following the encoding process, the latent vector undergoes decoding. The decoder
network is expressed in equation 3.13.

(f.h) = P(z. ) (3.13)

where P denotes the decoder function. This function ingests the latent vector z and
feature maps f produced by the encoder. The outputs are f , which are the skipped
feature maps forwarded to the IES network, and h, a coarsely restored HQ image. The
decoder is designed to meet the following requirements: a) Ensuring the latent code z
is a true representative of the L(Q) image by attempting to construct a coarsely restored
image, and b) Extracting feature maps that are then forwarded to subsequent GAN
blocks in the TES network.

In a holistic view, the Encoder network maps the corrupted image to the low-dimensional

latent space, while the Decoder network maps the latent representation back to the image
space.
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Therefore, the Encoder network conducts the GAN inversion task by providing the
latent representation of the image, while the Decoder network can remove the uncorrelated
noise and artifacts providing a coarsely restored image.

3.2.1.2 Identity embedded StyleGAN (IES)

The IES network, illustrated in Figure 3.3 (b), operates in conjunction with the AE
network to produce the initial restoration. The IES encompasses a mapping network M and
a generator G with a sequence of generative blocks.

The latent vector z is first projected onto an intermediate identity-infused style vector
s through a fully connected mapping network M , mathematically presented as:

s = M(z). (3.14)

This identity-infused style vector s resides within a less-entangled space |73, 76] and is
trained to retain high mutual information in alignment with the identity derived from the
ground-truth image, enhancing the identity preservation capability of the framework Q see

section 3.1.1 . Subsequently, the style vector s and AE’s multi-resolution feature maps f are
fed into all generative blocks of the Generator module, formalized by:

h=G(s, f). (3.15)

Each generative block (shown in Figure 3.3.(c)) consists of two consecutive style-
modulated convolutions added to two different noise inputs. Notably, to embed the AE to
the GAN prior network in IGCP, a constant pair of noise inputs is scaled and reused across
all generative blocks.

The input of each generative block is scaled up by a factor of two until the desired
output resolution is obtained. To help the generative blocks generate the desired output
image, the upsampled inputs are concatenated with the corresponding skipped feature maps,
where a 1 x 1 convolution is adopted as a bottleneck layer to keep the dimensions consistent
with the original StyleGAN architecture [76].

It is worth mentioning that due to the use of a constant noise the image restoration
process is a one-to-one mapping, mitigating the uncertainty problem of one-to-many mapping
in some previous methods. Noise inputs are particularly important to generate fine details
such as skin texture, hair strands, or subtle variations in lighting and shading. These details
are often too small or too random to be controlled directly by the latent code but are essential
for the realism of the images.
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3.2.2 Codebook Prior Restorer (CPR, Stage II)

To further improve the image quality after the first stage, we apply the CPR network
to the output of Stage (I). The CPR network is composed of a pre-trained vector quantized
autoencoder 83|, denoted by AE,, that removes any remaining artifacts and distortions, and
an FTM block that enhances the fidelity of the image.

3.2.2.1 Vector Quantized AutoEncoder (VQAE)

The pre-trained VQAE network [83], depicted in Figure 3.3.(d), consists of three key
components: an encoder (E,), a decoder (D), and a discrete codebook (Z = {z}X ) with
K = 1024 entries. The encoder transforms the image h into a code denoted as z. in a
continues space shown in equation 3.16:

ze = Eq(h). (3.16)

Subsequent to this encoding, the continuous codes are subjected to a nearest-neighbor
operation Q(.) to derive their corresponding quantized codes, denoted as z4:

z2q = O(2c) = argmin ||ze — zi||3. (3.17)
zZLEZ

Finally, the quantized codes are mapped back to the image space by the decoder to
form the final restored image (h):

h = Dqy(z,). (3.18)

The VQAE network is pre-trained, following the approach in [83], utilizing both image-
level and codebook-level loss terms. The image-level loss contains a combination of L1 loss,
perceptual loss [112], and adversarial loss in [83], while the codebook-level loss is simply the
05 loss between the quantized code and the continuous code [33].
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3.2.2.2 FTM Block

Using the VQAE network enhances image quality, but the network’s discrete latent space
may compromise image fidelity and hinder identity preservation. This is primarily because
mapping to a discrete space via a nearest-neighbor operation can lead to information loss. To
address the pitfalls of nearest-neighbor quantization, we introduce a feature transformation
module (FTM). This module aims to integrate encoder features with decoder features across
different scales seamlessly (see Figure 3.3.(e)).

The FTM consists of a single residual block [111] tailored for each feature scale. It

takes advantage of multi-resolution feature maps from both the encoder and decoder to derive
parameters for spatial feature transformation, namely the weight W and shift S:

W,S = FTM(f., f}) (3.19)

Here, fi and ffi represent the encoder and decoder feature maps at the it" resolution,
respectively, with W, S, f?, f}, € R"**¢ where h, w, and ¢ denote the height, width, and
number of channels.

Subsequently, the decoder feature maps undergo an update based on & and W:

fie floW+S (3.20)

where fﬁ denotes the the updated decoder feature at the i*" resolution. Such a strategy
has proven effective in preserving fidelity from the encoder to the decoder without inducing
distortions.
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3.3 TRAINING SCHEME

3.3 Training Scheme

We first train the GPR network independently using a set of synthesized LQ-HQ face
image pairs from the FFHQ dataset [113]. Then, having the GPR network frozen, we embed
the CPR network and perform a slight fine-tuning. Figure 3.4 illustrates the training losses
used in training the GPR and CPR networks:

. : Ground truth
. : AE output
. :IES output
. : VQFR output

: Style vector

.ii : Identity vector
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Figure 3.4: IGCP Training scheme: (a) Training loss used for the GPR network. (b) Training
loss of the CPR Network.

3.3.1 GAN Prior Restorer (GPR, Stage I)
3.3.1.1 AutoEncoder (AE)

The AE network is composed of an encoder and a decoder that are connected by skip
connections, forming a U-shaped structure as shown in Figure 3.3(a). The encoder aims to
find an abstract representation of the L.QQ image in the latent space, which is the latent vector
z. The decoder aims to generate feature maps that closely match the original ground-truth
image and preserve the facial structure. To achieve this, we use a pixel-wise ¢, loss (Lag)
between the coarsely restored HQ image h produced by the decoder and the corresponding
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ground-truth image. Denoting the LQ image as "l" and the ground-truth image as g, the
AE loss function can be expressed as:

Lag = |AEQ) — gl (3.21)

where ||.||; denotes the pixel-wise /; norm applied to the AE’s output, and the ground-truth
image (g).

3.3.1.2 Identity embedded StyleGAN (IES)

The IES network, depicted in Figure 3.3 (b), is a StyleGAN network? that is modified
to operate in conjunction with the AE network to generate the initial restoration. As for the
IES network, the following four loss functions are adopted:

a) We leverage pixel-wise ¢, loss (referred to as £,) to fit the intermediate restored HR
image h with the ground-truth image g and increase the fidelity. The ¢; loss focuses on
maintaining pixel-level accuracy:

L, =|lh— gl (3.22)

b) We leverage a VGG-based perceptual loss [112] (denoted as L,4,) to maintain perceptual
quality. The VGG loss emphasizes perceptual similarity by considering high-level feature
representations extracted by the VGG network [101]. The formula for this loss is given
by:

2

¢,(h) — ¢,(9)| (3.23)

2

N 1
E’U o _—
99 ; C;H;W;

where the function ®,(-) represents the feature map obtained from the j* layer of a
pre-trained VGG network for a given input. The dimensions of these feature maps are
denoted by C;, H;, and W; (representing the number of channels, height, and width,
respectively). The parameter N corresponds to the number of VGG layers used in the
loss computation. The term |-||3 signifies the squared Euclidean (¢5) norm. This loss
function aims to minimize the difference in high-level features between the target and
generated images, encouraging perceptual similarity in terms of content and texture.

9 The initial weights of the StyleGAN network were from a pre-trained model, providing “priors". The
network is fine-tuned during the training of our model.
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c)

We also incorporate the adversarial loss (referred to as L,4,) within the adversarial
framework to ensure residing on the natural image manifold:

Lava = log(D(g)) + log(1 — D(h)) (3.24)

where D(.) denotes the discriminator network.

Similar to GFPGAN method [16], we employ an identity-in-image loss to preserve facial
identities. This loss measures the cosine distance between the ground-truth identity
(4,) and the inferred identity from the output image (¢;) as follows:

Lig=1—cos(iy, %) (3.25)

where the identity vectors are obtained using the ArcFace network [33], commonly
employed for face recognition tasks.

To enhance the preservation of identity information during the image generation process,
we propose the identity-in-style loss denoted as L,, which encourages a high mutual
information between the identity of the images and their corresponding styles ensuring
the latent codes belonging to the same identities reside close to each other in the style
space. To achieve this objective, We utilize a fully connected network with a single
hidden layer, referred to as the Style-to-ID network, to approximate the mean vector
(f(s)). This nomenclature underscores the network’s purpose of mapping style to
identity.

Lo =g — f(s)]* (3.26)

The total loss of the IES network is the combination of all the mentioned loss functions:

LIES = Ep + £vgg + Eadv _'_ £id + £s. (327)

It should be noted that the AE network undergoes simultaneous training in tandem

with the IES network. However, gradients do not flow from the AE to the IES, thus not
directly impacting StyleGAN’s fine-tuning. This decoupling of the gradients allows the
network to focus on learning distinct aspects separately, leading to better results and more
efficient training By preserving identity in the style vectors, we ensure that the generated
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images possess identities that are more consistent with the ground-truth images. This
approach strengthens the network’s ability to produce faithful representations and maintain
the distinctive characteristics of the original faces.

The overall loss function for the GPR network, denoted as Lgpg, is formed by aggre-
gating Lap (3.21) and Lrgs (3.27):

Lapr = Larg+ L1Es. (328)

3.3.2 Codebook Prior Restorer (CPR, Stage II)

In the second stage, we refine the image quality and eliminate any remaining artifacts
and distortions from the first stage by feeding the image restored in Stage (I) to the CPR
network. The CPR network comprises a VQAE network for distortion removal and an FTM
block for fidelity enhancement.

We employ a VQAE network, which has been pre-trained based on the methodology
described in [83] 1. This network utilizes both image-level and codebook-level loss functions.
Specifically, the codebook-level loss is determined by the /5 loss between the quantized code
and its continuous counterpart, as detailed in [83]. However, given that the Encoder network
(E,) remains fixed in our approach, we opt to disregard the codebook-level loss, focusing
solely on the image-level loss which amalgamates the following loss functions:

a) Lp,, a pixel-wise £, loss between the final restored image h and the ground-truth image
g as shown in Equation 3.29:

Ly, = [[h —gll1. (3.29)

b) Lygg,, a perceptual loss [112, 114] defined as the perceptual dissimilarity between the
final restored image h and the ground-truth image g by considering high-level feature
representations extracted by the VGG network [101]:

2

Lugg, = i ﬁ |#,(h) = 9,09, (3.30)

10 The initial weights for this VQAE network are sourced from [18].
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where the function ®;(-) represents the feature map obtained from the j™ layer of a
pre-trained VGG network for a given input. The dimensions of these feature maps are
denoted by C;, H;, and W; (representing the number of channels, height, and width,
respectively). The parameter N corresponds to the number of VGG layers used in the
loss computation. The term ||-||3 signifies the squared Euclidean (¢;) norm. This loss
function aims to minimize the difference in high-level features between the target and
generated images, encouraging perceptual similarity in terms of content and texture.

¢) Lavd,, the adversarial loss in [83] as shown in Equation 3.31.

Lavd, = log(Dq(g)) + log(1 — Dq(h)) (3.31)

where D, (.) denotes the discriminator network in the CPR module.

In addition to the loss functions mentioned above, we also use an identity-in-image loss
in Equation 3.32 that measures the cosine similarity between the identity vectors of the final
restored image %, and the ground truth image %,, obtained using the ArcFace network [33].
This inclusion aims to encourage the FTM module to effectively convey identity-rich features.

Liq, = 1 — cos(ip, iy). (3.32)

The overall loss function for the CPR network, denoted as Lopg, is formed by aggre-
gating the above mentioned loss functions as shown in Equation 3.33:

‘CCPR = qu + ‘Cvggq + /Cavdq + /Cidq- (333)

The Lcopr loss aids in optimizing parameters within the FTM module. We also slightly
fine-tune the VQAE network along with the FTM training.

In summary, our proposed two-stage approach combines the strengths of a U-shaped
autoencoder and StyleGAN, along with the benefits of quantized latent spaces from VQGAN,
to progressively restore degraded face images. By addressing both coarse and fine-grained
details and preserving facial identities throughout the restoration process, we aim to provide
a robust and effective blind face restoration method capable of producing highly realistic and
high-fidelity outputs.
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Chapter 4

Experiments

4.1 Datasets

4.1.1 Training Dataset.

We use the FFHQ dataset [73], comprising 70,000 HQ face images of resolution
1024 x 1024. The ground-truth images (g) are formed by resizing FFHQ images to 512 x 512.
For training pairs, we derive LQ (1) images from their ground-truth counterparts using the
following degradation model [16, 17, 18, 19]:

L= {[g ® ka ir +n5]JPEGq} TT (41)

where g is first filtered with a Gaussian kernel k,, downscaled by factor r, added with
Gaussian noise ng, compressed using JPEG with quality ¢, and finally resized to 512 x 512.The
parameters o, r, 0, and ¢ are uniformly sampled from [0.2:10], [1, 16|, [0, 15], and [60, 100]
intervals, respectively.

Additionally, for data augmentation purposes, each image in the training set is in-
dependently subjected to random transformations in each epoch. Specifically, with a 20%
probability, an image is mirrored, and with a 10% probability, it is converted to black
and white. Figure 4.1 presents example pairs of HQ images and their corresponding LQ
counterparts from our training set.
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Figure 4.1: Example pairs of HQ ground-truth images from the FFHQ dataset [73], alongside
their LQ counterparts derived using Equation 4.1.

4.1.2 Test Datasets.

4.1.2.1 Synthetic datasets

We evaluated our trained model on two synthetic datasets, where the LQ input images
are derived from their HQ ground-truth counterparts, forming pairs of LQ-HQ images.
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(i) CelebA-IntenseTest, comprising 3,000 LQ-HQ image pairs derived from CelebA-HQ
[86]. The LQ images underwent high degradation using the Equation 4.1, where the
parameters o, 7, 0, and ¢ are uniformly sampled from [5:20], |2, 16], |0, 20|, and [50,
80] intervals, respectively. Figure 4.2 presents example pairs of HQ images and their
corresponding L(Q) counterparts from the CelebA-IntenseTest dataset.

HQ LQ HQ

Figure 4.2: CelebA-IntenseTest dataset: example pairs of HQ ground-truth images and their
synthesized LQ counterparts.
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(ii) CelebA-Test proposed by [16]. This dataset consists of 3,000 LQ-HQ image pairs
derived from CelebA-HQ [386]. The LQ images are generated by applying a moderate
degradation process '! to the HQ images, which makes them less challenging than the
ones in CelebA-IntenseTest dataset. Figure 4.3 presents example pairs of HQ images
and their corresponding L.QQ counterparts from the CelebA-Test dataset.

Figure 4.3: CelebA-Test dataset: example pairs of HQ ground-truth images and their
synthesized LQ counterparts.

11 the parameters o, r, 6, and ¢ in Equation 4.1 are randomly selected from [0.2:10], [1, 8], [0, 15], and [60,
100], respectively [16].
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4.1.2.2 real-world datasets

We also assessed the model’s performance on three real-world datasets: LEW-Test,
WebPhoto (proposed by [16]), and Wider-Test [18]. These datasets feature only LQ images
with diverse degradations, and their ground-truth HQ counterparts are unknown. Furthermore,
it should be noted that they do not overlap with our training set.

(i) LEW-Test |16] (degradation level: mild). The LFW-Test dataset is a subset of the
LFW dataset [38], which consists of L(Q) face images taken in the wild. It includes only

the first image of each individual in the LFW dataset, resulting in a total of 1,711
images. Figure 4.4 presents presents some example images from the LEW-Test dataset.

2
A
)

\s/

\=/

Figure 4.4: Representative examples from the LEFW-Test dataset.

(i) WebPhoto-Test [16] (degradation level: moderate). The WebPhoto-Test dataset
comprises 407 LQ faces collected from the Internet. These faces were extracted from
188 photos that exhibit diverse and complicated degradation. Figure 4.5 displays some
images from the WebPhoto-Test dataset.
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Figure 4.5: Representative examples from the WebPhoto-Test dataset.

(iii) WIDER-Test [18] (degradation level: Heavy). The WIDER-Test dataset includes 970
severely degraded face images, derived from the WIDER, Face dataset [115]. These
images serve as a challenging benchmark, aiming to evaluate the generalizability and
robustness of blind face restoration methods. Figure 4.6 showcases some images from
the WIDER-Test dataset.

Figure 4.6: Representative examples from the WIDER-Test dataset.
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4.2 Metrics

To evaluate the proposed method on CelebA-HQ with available ground-truth, we utilize
reference-based measures, PSNR, Structural Similarity Index Measure (SSIM) [30], and
(LPIPS) [32]. Additionally, we assess identity preservation by employing the cosine similarity
of features extracted from the ArcFace network [33], denoted as IDS. Furthermore, we
evaluate the perceptual realism of the restored images across both the CelebA and real-world
datasets, by Frechet Inception Distance (FID) [31] metric.

4.3 Implementation Details

The GPR module’s AE network comprises a convolution layer at both ends, comple-
mented by 6 cascaded residual blocks [111] in the encoder and decoder. Each convolution is
followed by batch normalization and Leaky ReLU activation (negative slope of 0.2). The style-
to-ID network utilizes two fully connected layers with a ReLU activation function between
them. The architectures of the StyleGAN and VQFR networks follow the specifications in

76] and [83], respectively. The FTM block includes a 1 x 1 convolution for merging features
from the VQFR’s encoder and decoder, followed by a residual block.

We implemented our method using the PyTorch framework and distributed the training
across 8 GeForce GTX 1080 Ti GPUs. Our training process is divided into two distinct
stages: GPR (stage I) and CPR (stage II).

(I) Stage I: In this stage, we fine-tuned the IES network concurrently with the training of
the AE network. Following the methodology outlined in [76], we employed the Adam
optimizer [116] with a learning rate set to 1073. The hyperparameters $; and (3, were
set to 0.9 and 0.999 respectively. We utilized a batch size of 16 and trained the network
for a total of 400k iterations.

(IT) Stage II: In alignment with the practices of [83], we once again employed the Adam
optimizer [116], but this time with a reduced learning rate of 107°. The hyperparameters
1 and (5 remained consistent at 0.9 and 0.999. The batch size was reduced to 8 for
this stage. The training proceeded for 10k iterations. During the first 5k iterations, we
fixed the parameters of the VQAE network, only updating those of the FTM module.
Subsequently, in the remaining iterations, we fine-tuned both the decoder of the VQAE
network and the FTM module. While doing so, we scaled down the CPR loss, Lcopr
(refer to Equation 3.33), by a factor of 0.08.
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4.4 Comparison with SOTA Methods

In this section, we benchmark the performance of IGCP against several SOTA techniques:
PULSE [9], GFPGAN [16], GPEN [17], DR2 [1], Codeformer [18], and VQFR [73]. The first
three methods belong to GAN prior based techniques, DR2 is a diffusion-based method, and
the last two methods fall under the category of codebook prior-based techniques.

All the aforementioned models were pretrained on the FFHQ dataset. For our evaluation,
we ran them using their default settings to ensure a fair comparison.

4.4.1 Quantitative Comparison.

4.4.1.1 Comparison on Synthesized Datasets

The following tables provide a comparative evaluation of IGCP against SOTA baselines
on two datasets: CelebA-IntenseTest, which features heavy degradation, and CelebA-Test,
characterized by moderate degradation.

Table 4.1: Quantitative comparison on CelebA-IntenseTest (heavy degradation). Measures
for LQ are shown as a point of reference.

Method PSNR1 SSIM?T LPIPS| FID| IDST
LQ 21.85 0.768 0.603 172.01 0.37
PULSE 19.45 0.719 0.522 50.78  0.13
GFPGAN 21.00 0.725 0.452 27.01 0.45
GPEN 21.73 0.728 0.448 27.43  0.49
DR2 20.64 0.738 0.469 35.056  0.27
CodeFormer  22.03 0.730 0.422 30.65 0.49
VQFR 22.02 0.745 0.415 19.11 0.52
IGCP 22.67 0.759 0.404 16.40 0.59

As shown in Table 4.1, the IGCP model achieves remarkable performance on CelebA-
IntenseTest, surpassing all other methods in terms of various metrics. This impressive result
demonstrates that IGCP can handle severe image degradations effectively and robustly, while
preserving the facial details and identity.
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Table 4.2: Quantitative comparison on CelebA-Test (moderate degradation). Measures for
LQ are shown as a point of reference.

Method PSNR71 SSIMt LPIPS| FID| IDST
LQ 25.31 0.821 0.487 101.86 0.79
PULSE 20.46 0.743 0.484 44.52  0.18
GFPGAN 24.67  0.807 0343 11.72 0.81
GPEN 24.65 0.787 0.400 14.65  0.83
DR2 21.71 0.752 0.424 26.17  0.34
CodeFormer  25.12 0.802 0.344 14.99  0.77
VQFR 24.75 0.808 0.346 10.28 0.81
IGCP 25.24 0.813 0.348 11.61 0.84

As shown in Table 4.2, the IGCP model achieves remarkable performance compared to
other models. It surpasses them in PSNR, SSIM, and IDS metrics, which reflect its ability to
generate HQ) images from corrupted inputs. It also performs well and achieves competitive
results in LPIPS and FID, which evaluate the perceptual similarity and diversity of the
generated images. These results demonstrate that IGCP can handle varying degrees of image
degradations while preserving essential image characteristics.

4.4.1.2 Comparison on Real-World Datasets

Table 4.3 contrasts restoration methods on real-world datasets using the FID and IDS
metrics. FID gauges the similarity between restored and real images, while IDS assesses
identity preservation.

Table 4.3: Quantitative comparison on real-world datasets.

Dataset LFW-Test WebPhoto-Test WIDER-Test
Method FID/| IDST FID| IDST FID| IDST
LQ 136.80 1.00 168.36 1.00 197.46 1.00
PULSE 83.80 0.20 101.03 0.42 86.36 0.18
GFPGAN 61.25 0.93 91.11 0.82 43.08 0.74
GPEN 58.89 0.95 82.08 0.83 50.23 0.72
DR2 51.03 0.40 107.21 0.42 47.84 0.36
CodeFormer 59.32 0.89 85.35 0.77 43.32 0.70
VQFR 55.47 0.88 87.62 0.80 43.87 0.72
IGCP 55.93 0.95 80.54 0.84 43.11 0.74
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The results in Table Table 4.3 reveal the following key points:

1. IGCP consistently posts commendable FID scores, signifying its adeptness at generating
perceptually accurate restorations.

2. IGCP’s dominance in the IDS metric across all datasets highlights its superior ability

to maintain the input image’s identity. This is especially critical in real-world scenarios,
where the fidelity of individual faces is paramount.
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4.4.2 Qualitative Comparison

4.4.2.1 Visual Comparison on Synthesized Datasets

Figure 4.7 provides a visual evaluation of restoration methods on CelebA-H(Q) images
that were synthetically degraded using equation 4.1.

PULSE GFPGAN GPEN CodeFormer VQFR IGCP (ours) Ground-truth Input

.l Q- Sy 'I 'l Q- 'l ‘l 2

Figure 4.7: Qualitative comparison of IGCP with SOTA models on CelebA-IntenseTest
dataset. G'T means ground-truth.

The comparison performed in Figure 4.7 reveals the following insights:

1. Mild and Moderate Degradation (upper and middle rows): In cases where the facial
features are not significantly distorted by degradation and the subject’s identity is still
discernible, IGCP stands out by enhancing image quality and ensuring the preservation
of the subject’s identity marking its advantage over other SOTA methods.

2. Heavy Degradation (lower row): IGCP effectively maintains image quality and retains
recognizable facial features highlighting its resilience to severe degradation.

Figure 4.8 illustrates a comparative evaluation of IGCP and other SOTA models using
the CelebA-IntenseTest dataset, which consists of synthesized L(Q) images paired with their
ground-truth. Given the severe degradation in these images, most SOTA models struggle
to deliver satisfactory restorations. In contrast, the IGCP model showcases significant
robustness to noise. Notably, even when presented with minimal cues, IGCP effectively
utilizes the available information to reconstruct the identity, producing HQ outputs exhibiting
a commendable degree of similarity to the ground-truth.
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PULSE GFPGAN CodeFormer IGCP (ours) Ground-truth Input

Y

Figure 4.8: Qualitative comparison of IGCP with SOTA models on CelebA-IntenseTest
dataset (heavy degradation).
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Figure 4.9 offers a qualitative evaluation of the IGCP model’s performance in comparison
to other SOTA models using the CelebA-Test dataset, characterized by mild degradation.
Despite the relatively subtle distortions in the dataset, discerning the nuances and producing
high-fidelity restorations can still pose a challenge. However, the IGCP model, as evident
from the results, manages to restore images that bear a striking resemblance to the ground-
truth. This consistency underlines the model’s prowess in handling both extreme and subtle
degradations, reiterating its versatility and efficacy in diverse image restoration scenarios.

PULSE GFPGAN GPEN DR2 CodeFormer VQFR IGCP (ours) Ground-truth Input

Figure 4.9: Qualitative comparison of IGCP with SOTA models on CelebA-Test dataset
(mild degradation).
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4.4.2.2 Visual Comparison on Real-World Datasets

Figure 4.10 offers a visual evaluation of BFR methods across three real-world datasets.
Evidently, while most SOTA baselines grapple with reconstructing facial components in
the presence of severe degradation (as illustrated in the bottom row), IGCP stands out
by successfully restoring these features, underlining its advanced generalization capabilities.
Further observations indicate that for images with mild to moderate degradation (top and
middle rows respectively), IGCP produces sharper and more visually appealing outcomes,
where facial components align more closely with the originals.

PULSE GFPGAN CodeFormer

LFW-Test

‘WebPhoto-Test

‘Wider-Test

Figure 4.10: Qualitative comparison of IGCP with SOTA models on real-world datasets:
LFW-Test [16], WebPhoto-Test [16], and WIDER-Test [18].

Figure 4.11 showcases a comparative analysis between IGCP and other SOTA models
on the Wider-Test dataset, characterized by a high level of degradation in L(Q images. A
striking observation from this comparison is IGCP’s robustness against noise. Despite the
high degradation level, IGCP stands out, producing HQ) images that maintain a strong fidelity
to the original, while other SOTA models grapple with the noise and degradation. Another
significant strength of IGCP lies in its age-sensitive restoration. This is prominently displayed
in the first row: when restoring an image of a child, the output from IGCP is age-appropriate,
unlike other models that produce an anomalously aged appearance. On the other hand, in
the second row, IGCP illustrates its capability to restore mature facial features adeptly. The
restored face displays natural-looking skin wrinkles, reflecting an age-consistent skin texture.
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PULSE GFPGAN CodeFormer VQFR IGCP(ours)

“ SN AN Bl - AN ,
Figure 4.11: Qualitative comparison of IGCP with SOTA models on WIDER-Test
dataset|18] (heavy degradation).
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Figure 4.12 presents a qualitative comparison of the images restored using the IGCP
method and other SOTA models on the WebPhoto dataset, which contains L.Q) images with an
average level of degradation. It is evident that IGCP consistently produces HQ restorations.
Importantly, this quality doesn’t come at the expense of fidelity to the original image. A prime
example of this balance can be observed in the eyes of the woman in the first row: they are not
only enhanced in clarity, but also remain closely aligned to the original L.QQ image, ensuring
the preservation of key facial features. Through these results, we demonstrate IGCP’s ability
to restore images without compromising the core identity and inherent attributes of the
subject.

CodeFormer VQFR IGCP(ours)

Figure 4.12: Qualitative comparison of IGCP with SOTA models on WebPhoto-Test dataset
[16] (moderate degradation).
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CodeFormer ‘ VQFR ;GCP(ours)

Figure 4.13: Qualitative comparison of IGCP with SOTA models on LEW-Test dataset |16]
(mild degradation).
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Figure 4.13 provides a qualitative comparison between IGCP and other SOTA models
using the Ifw-Test dataset, which is marked by mild degradation. Due to the subtle nature of
the degradation, most SOTA models typically generate restorations with high quality and
fidelity. However, the IGCP’s unique strength comes to the fore in its ability to preserve
and reflect nuanced facial expressions and gestures without overly normalizing them. An
illustrative example of this capability can be observed in the second row, focusing on the
man’s mouth. The right side of his mouth is distinctively downturned, lending him a specific
expression. While other models seem to slightly neutralize or smoothen this aspect, IGCP
retains the unique shape of the mouth. This precision enables IGCP to reflect gestures and
emotions with a natural touch.

4.4.3 Human Evaluation.

Given the limitations of quantitative metrics and their often weak correlation with
human visual perception of image quality, we conducted qualitative assessments through
two user studies. These studies aimed to provide a subjective assessment of the effectiveness
of our blind face restoration method in comparison to five SOTA models: GFPGAN [16],
GPEN [17], DR2 [1], Codeformer [18], and VQFR [73]. For the first study, we randomly
selected 30 LQ-HQ image pairs from the CelebA-IntenseTest with the HQ images serving as
references, while the LQ counterparts were restored using each of the aforementioned models.
28 participants compared the reference with the restored images from each model and ranked
them on a scale of 1 (most faithful) to 6 (least faithful) based on similarity.

The second study took a similar approach but used 15 randomly chosen LQ images

from the WebPhoto-Test [16] and WIDER-Test [18| datasets. Given the absence of HQ
ground-truth images in these datasets, L(Q) images served as the reference.

Table 4.4: Average ranks of each method in human evaluation 2. GT means ground-truth.

Study GT as reference (1st) LQ as reference (2nd)
Method Mean STD Mean STD
GFPGAN 5.15 0.96 4.10 1.64
GPEN 3.91 1.49 3.14 1.48
DR2 4.49 1.31 5.34 1.24
CodeFormer 3.10 1.45 2.92 1.31
VQFR 2.64 1.24 3.05 1.39
IGCP 1.70 0.99 2.46 1.41

12 PULSE is omitted due to its notably inferior performance.
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Table 4.4 tabulates the average rank and standard deviation (STD) of the ranks for
each method across both studies. IGCP consistently performed the best, achieving the lowest
rank. The small STD values suggest a broad consensus among evaluators, reinforcing the

reliability of the results.

Blind Face Restoration Survey
for severly degraded images

Hello!

Thank you for your participation!

Please rank these restored images by how well they
match a reference image. Rank the best match as '1'
and the worst match as '6'.

How it works?

Start by choosing the best image (Rank 1), then the
second best (Rank 2), and so on until Rank 6.

Your responses are anonymous and confidential.
Thanks for your participation!

Start

(a)

Blind Face Restoration Survey
for images from the wild

Hello!

Thank you for your participation!

Please rank these restored images by how well they
match a reference image. Rank the best match as '1'
and the worst match as '6'".

How it works?

Start by choosing the best image (Rank 1), then the
second best (Rank 2), and so on until Rank 6.

Your responses are anonymous and confidential.
Thanks for your participation!

Start

(b)

Figure 4.14: Introduction page on the two surveys, where participant are asked to rank the
given image based on how well it matches to its reference.
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IGCP VQFR CodeFormer DR2 GFPGAN IGCP VQFR CodeFormer DR2 GPEN GFPGAN

® Rank 1 m Rank 2 = Rank 3 w Rank 4 ® Rank 5 W Rank 6 W Rank 1 W Rank 2 “Rank 3 mRank 4 W Rank 5 M Rank 6

Figure 4.15: Results from two user studies on image restoration. The left side presents the
first study where 30 HQ images from the CelebA-IntenseTest dataset were randomly and
restored using six different methods: GFPGAN [16], GPEN [17], DR2 [1]|, Codeformer|18],
VQFR [73], and IGCP. The bar chart under the images summarizes the percentage of votes
each method received for ranks 1 (most faithful) to 6 (least faithful). Participants ranked the
restored images based on their similarity to the reference. The right side depicts the second
study, which used 15 L(Q images from the WebPhoto-Test and Wider-Test datasets.

In Figure 4.15, we provide two examples of images shown to the user, one from each
study. The left-hand side is an example of the first study where 30 HQ images from the
CelebA-HQ dataset were degraded and then restored using six different methods: GFPGAN
[16], GPEN [17], DR2 [1], Codeformer|[18], VQFR [73], and our proposed model denoted as
IGCP. The reference image (presented at the top) in the first study is the ground-truth HQ
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image. The right-hand side depicts an example from the second study, which used 15 LQ
images from the WebPhoto-Test and Wider-Test datasets, where no ground-truth image is
provided. The LQ image (shown on the top) is presented to the user as the reference image
in this second study. In both studies, the participants ranked the restored images based on
their similarity to the reference. In Figure 4.15, we also show a bar chart for each study,
summarizing the percentage of votes each method received for ranks 1 (most faithful) to 6
(least faithful).

4.5 Ablation Study

4.5.1 GPR: Assessing Identity to Style Integration.

We assessed the merit of integrating identity with style in the GPR network through
three model variations: 1. GPR/wo/i: trained with no identity loss. 2. GPR/wo/i:
incorporated only the identity-in-image loss ignoring the proposed identity-in-style loss, and 3.
GPR: integrated both the identity-in-image and identity-in-style losses. Each configuration
was tested on 200 degraded CelebA-HQ images across 10 identities (20 images for each). The
t-SNE [117] visualizations of style vectors from these variants are shown in Figure 4.16.
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Figure 4.16: Comparison of the style vectors generated by three variants of IGCP: (a)
GPR/wo/i, which does not use any identity loss, (b) GPR/wo/is, which uses only identity-in-
image loss, and (¢) GPR, which uses both identity-in-image and identity-in-style losses. We
use t-SNE [117] to visualize the embeddings of the style vectors in a two-dimensional space.
We observe that the style vectors are clustered by identity when we use the identity-in-style
loss (L), indicating that it effectively preserves the identity information within the style
vectors.
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as shown in Figure 4.16, The GPR model is the only one that exhibits clustering by
identity, highlighting the effectiveness of our identity-to-style integration approach. This is
supported by the visual comparison provided in Figure 4.17, as the image from the GPR
model closely mirrors the ground-truth and achieves a superior IDS score.

LQ  GPR/wo/i GPR/woliy GPR

A

IDS =023 IDS=052 IDS=054 IDS=0.64 IDS=1

Figure 4.17: Comparisons of different GPR configurations.

To evaluate the quality of our identity embeddings in style vectors, we compute three
key metrics: intra-class and inter-class distances. These distances are derived from the
identity vectors of generated images:

e Intra-Class Distance: This metric computes the average dissimilarity of identity
vectors extracted from images within the same identity class, indicating the model’s
consistency in preserving unique identity features. A lower distance signifies a superior
ability to capture the distinct characteristics of the same identity across various images.

e Inter-Class Distance: This measures the mean dissimilarity between identity vectors
extracted from images belonging to different identity classes, with a higher distance
being preferable. It reflects the model’s effectiveness in distinguishing between disparate
identities.

e Separability Index: Defined as the ratio of intra-class to inter-class distance, this
index quantifies the distinguishability of identity classes. A value approaching 0 denotes
efficient separation between identities, highlighting the model’s proficiency in not only
differentiating between various identities but also in maintaining consistency within
images of individual identities.

Both intra-class and inter-class distances are calculated based on the cosine similarity
between feature vectors. Cosine similarity ranges from -1 to 1, where 1 represents identical
orientation, 0 indicates orthogonality, and -1 implies the opposite directions. For our purposes,
we transform cosine similarity into a distance measure by subtracting it from 1, resulting in
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a range of 0 to 2, where 0 indicates no distance (maximum similarity) and 2 indicates the
maximum possible distance.

Table 4.5 summarizes the intra-class and inter-class distances for the ten different
identity classes in Figure 4.16. These metrics confirm the effectiveness of our identity-in-style
integration approach.

Table 4.5: Comparative analysis of intra-class and inter-class distances of identity vectors
from 10 identity classes, each represented by 20 examples. These vectors are derived from
images restored by the GPR network under various configurations, alongside comparisons to
ground-truth HQ images.

IES Configuration Average IDST Intra-class Distance| Inter-class Distance] Separability Index|

Input LQ 0.36 0.63 0.81 0.78
IES/wo/i 0.52 0.65 0.89 0.73
IES/wo/is 0.57 0.62 0.91 0.68
1ES 0.61 0.60 0.95 0.63
Ground-truth HQ 1.00 0.37 0.99 0.37

4.5.2 CPR: Significance of FTM Module.

To explore the impact of the FTM module, we used the output image from the GPR
module, denoted as GPR, and fed it to several CPR configurations: 1. CPR model without the
FTM module containing only a pre-trained VQAE with no finetuning denoted as CPR/wo/ft.
2. CPR module without the FTM but with VQAE finetuning, referred to as CPR/wo/FTM.
3. CPR: The final CPR module that involves VQAE finetuning with the aid of the proposed
FTM. The images produced by these configurations are illustrated in Figure 4.18. Our
findings suggest that the inclusion of the FTM module within the CPR model along with
finetuning the VGAE network yields marked enhancements both in enhancing image quality
and maintaining the identity of the subject in the input image.

GPR CPR/wo/ft CPR/wo/FTM CPR

IDS =0.79 IDS = 0.84 IDS = 0.66 IDS E 0.61 IDS = 0.86 IDS=1

Figure 4.18: Comparisons of different CPR configurations.
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4.6 Extension to other applications
The proposed IGCP framework is versatile and can be easily adapted to various face
manipulation tasks beyond restoration. We have expanded its application to tasks such as

super-resolution, image coloring, and inpainting. Preliminary results suggest our framework
has the potential to achieve high performance in these domains.

4.6.1 Inpainting

Masked Input IGCP

Figure 4.19: IGCP face inpainting results.
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The IGCP model can be adapted for face inpainting, where it demonstrates remarkable
performance. To construct the training pairs, we utilized a publicly accessible script [17] to
generate masked faces by randomly drawing irregular polyline masks. The corresponding
results are illustrated in Figure 4.19. Our IGCP approach produces realistic facial images of
high quality, without strokes and artifacts.

4.6.2 Super-resolution

Figure 4.20 demonstrates the application of the IGCP model in super-resolution tasks.
Specifically, it highlights the model’s capability to reconstruct an image from its Low Resolu-
tion (LR) counterpart that was downscaled by a factor of 16. The resultant images indicate
the model’s efficacy in restoring essential features and details, which emphasizes the viability
of IGCP in high-ratio super-resolution contexts.

LR IGCP GT LR IGCP GT

Figure 4.20: IGCP super resolution results (I): the Low Resolution (LR) image is downscaled
by a factor of 16.
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Figure 4.21 further attests to the adaptability and performance of the IGCP model
in super-resolution endeavors. Here, the challenge is even more pronounced, as the model
is tasked with the super-resolution of images downscaled by a factor of 32. Despite the
substantial loss of detail inherent to such a severe reduction, IGCP produces commendably
detailed restorations, underlining its potential for applications even in extreme super-resolution
scenarios.

LR IGCP GT LR IGCP GT

Figure 4.21: IGCP super resolution results (II): the Low Resolution (LR) image is downscaled
by a factor of 32.
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4.6.3 Colorization

We leveraged the capabilities of the IGCP model to address the intricate task of colorizing
grayscale images. The outcomes of our experiments with the IGCP model in this domain have
been promising. As illustrated in the Figure 4.22, the model successfully transforms grayscale
images into their colorized counterparts, rendering them with commendable accuracy.

Input IGCP GT

Figure 4.22: IGCP colorization results on gray-scale images from CelebA-HQ dataset.
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Chapter 5

Conclusion and future work

In this thesis, we present a novel framework for blind face restoration (BFR) that
combines an Identity-embedded GAN Prior Restorer (GPR) module with a Codebook Prior
Restorer (CPR). This unique combination of GAN priors and codebook priors allows our
BFR model to effectively handle varying levels of degradation in face images.

In the GPR model, we propose integrating a U-shaped autoencoder with a generative
prior network. By using an autoencoder, we successfully eliminate initial distortions from
both style and spatial features. Additionally, we enhance fidelity by directly merging the
autoencoder features with the generative features in successive generative blocks. We introduce
a novel identity-in-style loss function that infuses identity information into the style vector,
further improving the quality of the restored faces.

For the CPR model, we employ a quantized autoencoder to rectify any unresolved
corruptions in the output of the GPR model. Through fine-tuning of the quantized autoencoder
and incorporating a feature-transforming module, we amplify the conveyance of fidelity
information from encoder features. This approach significantly enhances fidelity while
maintaining overall quality.

Our extensive experiments demonstrate that the innovative design components in our
framework collectively contribute to superior performance in terms of fidelity, quality, and
identity preservation. We have also identified an intriguing application of our framework for
attribute-based face hallucination, such as gender and hair color, which we plan to explore in
future work.
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In addition to the advancements we have made in blind face restoration, we envision
an intriguing application of our framework in the realm of conditional blind face restoration.
Specifically, we aim to extend our framework to enable the generation of conditioned outputs
based on facial attributes such as gender and hair color.

At present, our framework primarily focuses on blind face restoration without considering
specific facial attributes. However, by incorporating a conditional generation component, we
can enhance the versatility and practicality of our framework. This extension would allow
users to specify desired facial attributes, and the model would generate restored faces that
align with those attributes.

To achieve this, we would need to incorporate attribute recognition and manipulation
modules into our framework. These modules would enable the identification and manipulation
of specific facial attributes, thereby guiding the restoration process according to the user’s
preferences.

By expanding our framework to encompass conditional face restoration, we can provide
users with more control over the restoration process and offer a wider range of applications.
For instance, users could generate restored faces with different gender presentations or
experiment with various hair colors.

Furthermore, we aspire to explore the integration of text and natural language processing
to further refine the quality of generated images. This approach will involve interpreting
descriptive text or contextual information about the desired image attributes, such as eye or
hair color, or specific facial expressions. Utilizing advanced language models like GPT-413,
we plan to process this input text, extract relevant features, and provide these as additional
parameters to our image generation system. This synergy between natural language processing
and image restoration holds the potential to revolutionize the way we interact with and guide
image generation technologies, making them more intuitive and aligned with human-centric
descriptions and requests. Such advancements will not only enhance the technical robustness
of our framework but also open new avenues for creative and personalized image restoration
and generation.

13 https://doi.org/10.48550 /arXiv.2303.08774
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Appendix A

Appendix

A.1 StyleGAN

The Style Generative Adversarial Network (StyleGAN) is an extension of the GAN
architecture that introduces significant modifications to the generator model. It is capable
of producing HQ, photorealistic images with a resolution up to 1024x1024 pixels. The key
contribution of StyleGAN is the introduction of a novel style-based generator architecture
that significantly improves the control over the generated images’ style and content. This
innovative approach separates high-level attributes (such as pose and identity) from low-level
details (such as textures and colors) in the image generation process. This separation allows
for more fine-grained control over the generated images and makes it easier to manipulate
specific aspects of the images while keeping others unchanged.

In this thesis, StyleGAN serves as a fundamental component of the proposed methodol-
ogy. Consequently, an in-depth examination of the two prominent versions of StyleGAN will
be conducted to elucidate their respective characteristics and contributions to the field.

StyleGAN builds upon the progressive growing GAN architecture, which incrementally
develops both the discriminator and generator models, starting from LR images and progres-
sively increasing their size. However, unlike traditional GANs, StyleGAN’s generator does
not take a latent vector as input. Instead, it starts with a constant matrix and uses two new
sources of randomness to generate synthetic images: style vector and noise layers.

The mapping network produces a style vector that controls the features of the generated
image at different levels of detail. This style vector is integrated into the generator model
at specific points through a new layer called adaptive instance normalization (AdalN).
Additionally, stochastic variation is introduced through noise layers added at specific points
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in the generator model. These noise layers are applied to entire feature maps, enabling the
model to learn styles in a fine-grained, per-pixel manner.

StyleGAN adopts the baseline progressive GAN architecture with some modifications
to the generator part. The discriminator architecture remains largely similar to the baseline
progressive GAN. Some of the architectural differences include:

Baseline Progressive Growing GANs: StyleGAN employs the progressive GAN
structure, wherein the size of the generated image increases progressively from low resolution
(4x4) to high resolution (1024x1024). New layers are added to both the generator and
discriminator models to accommodate larger resolutions.

Bi-linear Sampling: In both the generator and discriminator, bi-linear sampling is
used instead of the nearest neighbor up/down sampling used in previous baseline progressive
GAN architectures.

Mapping Network and Style Network: The mapping network produces an inter-
mediate vector from the latent input vector, with each element controlling various visual
features. This mapping replaces the direct application of the latent vector to the input layer.

Elimination of Traditional (Latent) Input: The authors of StyleGAN found that
the photo-generation characteristics are examined by the intermediate vector (w) and AdalN.
As a result, they replaced the initial input with a constant matrix of dimensions 4x4x512 to
improve the network’s performance.

Noise Addition: Gaussian noise is added to each activation map before the AdaIN
operation. A separate noise sample is calculated for each layer based on its scaling factors.

Merging Regularization: The StyleGAN uses the intermediate vector at various
levels of the synthesis network, enabling the network to learn the relationship between different
levels of detail.

A.1.1 StyleGAN v1

The primary contribution proposed in StyleGAN v1 lies in the innovative architecture
of the generator, which proposes numerous enhancements over the conventional approaches.
the StyleGAN generator, consists of two networks mapping and synthesis.

A.1.1.1 Mapping Network

The mapping network in StyleGAN (see fig. A.1 ) is an essential component that
introduces an intermediate latent space, known as the W space. Unlike the traditional
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approach, where a vector from the Z space is directly fed to the generator, the W space is
formed by mapping Z space vectors through an 8-layer Multilayer Perceptron (MLP). The
primary purpose of introducing the W space is to achieve better disentanglement. When the
features are disentangled, it means that each dimension of the W space vector holds unique
information about the image, such as pose, facial expression, or hair color. This organized
representation enables more precise control over the image synthesis process, making it
possible to modify specific characteristics while keeping other aspects of the image unchanged
leading to generation of more realistic and diverse images, as well as perform intuitive and
effective mixing and interpolation operations between different images.

Latent z € Z

Normalize
Mapping
network

Y
FC

Figure A.1: Mapping network in StyleGAN v1, depicting the transformation of a 512-
dimensional input vector drawn from a normal distribution into a 512-dimensional output
vector (w) using an 8-layer Multilayer Perceptron (MLP). Each dimension of the output
vector w contains distinct information related to various image attributes.

To determine whether the W space truly presents less entanglement than the Z space,
the authors propose two new metrics: Perceptual path length, which measures the degree of
changes in the image during interpolation, and Linear separability, which calculates the ease
of separating latent space points corresponding to two image classes using a hyperplane.
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The authors demonstrate that the W space, combined with a style-based generator
architecture, yields the best Frechet Inception Distance (FID) score, perceptual path length,
and separability. They also show that adding a mapping network to a traditional generator
results in a loss of separability but a better FID, emphasizing the strengths of the W space.

Table A.1: Performance analysis of various mapping network depths on the FFHQ dataset.
As demonstrated that FID, separability, and path length are all positively affected by the
presence of a mapping network, for both style-based and traditional generator architectures.
Additionally, deeper mapping networks tend to outperform shallower ones, further emphasizing
the benefits of incorporating a mapping network.

Path length Separa-

Method Hib fll | end | bilit

B Traditional 0 Z 5.25 412.0 415.3 10.78
Traditional 8 Z 4.87 896.2 902.0 170.29
Traditional 8 W 4.87 324.5 212.2 6.52
Style-based 0 2 5.06 283.5 285.5 9.88
Style-based 1 W 4.60 219.9 209.4 6.81
Style-based 2 W 4.43 217.8 199.9 6.25

F Style-based 8 W 4.40 234.0 195.9 3.79

A.1.1.2 Synthesis Network

The synthesis network in StyleGAN v1 plays a pivotal role in generating the final image
output based on the styles provided by the mapping network and the affine transformations.
The key components of the synthesis network are as follows:

e Affine Transform: The learned affine transformation is essential for converting the w
vectors into styles, which are then fed into the synthesis network. This transformation,
referred to as "A" in the original paper, allows each layer of the synthesis network to
receive one style vector, enabling cross-layer style control and improving the model’s
performance.

e AdalIN (Adaptive Instance Normalization): This technique comprises normalization
followed by modulation and was initially introduced in a style transfer model. It
facilitates the control of style features in the generated image.

e Noise — B: The primary objective of introducing noise into the synthesis network is
to create stochastic variations in the output image. This concept can be compared to
the imperceptible changes in the positions of stars in the sky. Similarly, small features
like hair, freckles, and skin pores in human faces exhibit stochastic behavior. This
randomization is achieved by adding per-pixel noise after each convolution.
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) Noise
Synthesis network g

Const 4x4x512

Figure A.2: StyleGAN v1 synthesis network. The synthesis network (g) is comprised of 18
layers, with two layers allocated for each resolution ranging from 4x4 to 1024x1024 pixels.
The latent vector w in the latent space W, controls the generator using Adaptive Instance
Normalization (AdalIN) at every convolutional layer. Following each convolution, Gaussian
noise is incorporated prior to computing the nonlinearity. In this context, "A" denotes
a learned affine transformation, while "B" signifies the application of learned per-channel
scaling factors to the noise input. Finally, a separate 1x1 convolution is employed to convert
the output of the last layer to RGB format.

A.1.1.3 StyleGAN vl Issues

StyleGAN v1 has a few notable issues that were addressed in the subsequent version,
StyleGAN2. Some of these issues include:

e Blob-like artifacts: In StyleGAN-generated images, there are observable blob-like
artifacts that resemble water droplets. These artifacts become more prominent when
examining the intermediate feature maps within the generator network. The issue seems
to begin at a resolution of 64x64 in all feature maps and worsens at higher resolutions.
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Figure A.3: blob-like artifacts in In StyleGAN v1. In StyleGAN vl, blob-like artifacts
resembling water droplets sometimes appear in the generated images. Although these artifacts
are not always visible in the final output, the problem is always there when examining the
activations within the generator network. The presence of these artifacts can be traced
back to the use of instance normalization in the Adaptive Instance Normalization (AdaIN)
operation.

e The progressive growing utilized in StyleGAN v1, involves gradually increasing the
resolution of the images generated by the GAN, starting from LR images and progres-
sively adding layers to the generator and discriminator models to accommodate higher
resolutions. While progressive growing has been effective in generating HQ images, it
also introduced some challenges. One of the main issues with progressive growing is
that it can lead to some artifacts and inconsistencies in the generated images, especially
as the resolution increases. This is because, as new layers are added to the models,
the network has to adapt to the changes in architecture, which can result in instability
during training.

To address these issues, StyleGAN2 proposes an alternative design that eliminates
the need for progressive growing. Instead, it introduces a number of architectural
improvements, such as weight demodulation and revised AdalN, to stabilize HR training
without the need for the progressive growing technique. These changes help to overcome
the limitations of progressive growing and result in higher-quality images with fewer
artifacts and inconsistencies.
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Figure A.4: Phase artifacts resulting from progressive growing in StyleGAN v1. In this
example, the teeth remain aligned with the camera (indicated by the blue line), despite the
generated faces turning to the right. This demonstrates that progressive growing can lead to
unnatural and misaligned facial features in the generated images.

A.1.2 StyleGAN v2

StyleGAN v2 is an improved version of StyleGAN v1, featuring several key differences
that result in better image quality, fewer artifacts, and more stable training. The main
differences between StyleGAN v1 and StyleGAN v2 are:

A.1.2.1 Weight Demodulation

Supported by the experimental findings (see fig., the following modifications made in
StyleGAN2:

1. Simplification of the initial constant processing.
2. Exclusion of the mean during feature normalization.

3. Relocation of the noise module outside the style module, enhancing the overall structure.
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The mean is not needed
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Figure A.5: Revised architecture in StyleGAN2. This illustration showcases the modifications
made to the original architecture, including the removal of redundant operations at the
beginning, repositioning of the addition of b and B outside the active area of a style, and
adjusting the standard deviation per feature map.

4. Incorporation of the Mod, Demod operations: Other than the previous architectural
modifications, the following changes have been applied in StyleGAN v2:

The modulation (mod std) and the subsequent convolution (Conv 3x3) can be merged
by scaling the convolution weights, which is implemented as Mod above. This alteration
does not affect the model’s overall design.

/ — . ..
Wik = Si-Wi,

where ¢ is the input feature map 1.

Next, the weight is normalized using the Demod operation:

_ ;2
0j = E :wijk
ik

The updated weight is normalized as follows:

/
" wij k

Wik, —
\/Zi,k Wy~ €
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A small value of € is added to prevent numerical instability. Although this process
is not mathematically identical to instance normalization, it normalizes the output
feature map to maintain a standard unit standard deviation, thus achieving objectives
similar to other normalization methods. In particular, it enhances the stability of
the training process. Experimental results indicate that this approach successfully
eliminates blob-like artifacts.
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Figure A.6: Replacement of instance normalization with a “demodulation” operation being
applied to the weights associated with each convolution layer, as explained in [76].

A.1.2.2 Lazy Regularization

In StyleGAN v2, the authors introduce an improvement called lazy regularization,
which stems from the observation that the model’s performance remains unaffected when
regularization costs are calculated less frequently. In the context of StyleGAN, R; regulariza-
tion is applied when training with the FFHQ dataset. However, it has been discovered that
ignoring the regularization cost most of the time during cost calculation does not negatively
impact the model’s performance. In fact, incorporating the regularization cost only once
every 16 mini-batches maintains the model’s effectiveness while simultaneously reducing
computational costs. This innovative regularization technique, known as lazy regularization,
enables more efficient training without compromising the model’s performance.
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A.1.2.3 Path length regularization

In StyleGAN v2, path length regularization serves to improve the disentanglement and
interpretability of the latent space while also acting as a performance measure for GANs. A
potential concern arises when there is significant variation in path distances between different
segments along the interpolation path. Ideally, linearly interpolated points should maintain
consistent image distances between consecutive points. This consistency implies that equal
displacements in the latent space should correspond to equivalent magnitudes of change in
the image space, irrespective of the latent factor value.

To address this issue, an additional cost is incorporated when the change in the image
space diverges from the ideal expected displacement. The change is calculated using the
gradient available for backpropagation, and the expected displacement is approximated by
the running average observed thus far. The path length regularization term is integrated into
the generator’s loss function, encouraging the model to generate small and consistent changes
in the output image for slight adjustments in the input latent code.

Consequently, the latent space in StyleGAN v2 becomes smoother and more inter-
pretable, facilitating more controlled manipulations of the generated images. Path length
regularization plays a crucial role in enhancing the quality and stability of StyleGAN v2
compared to its predecessor, StyleGAN v1.

A.1.2.4 Larger Network Architecture

In order to perform an in-depth analysis to investigate the influence of fine resolution
layers on image generation, the authors of StyleGAN v2 measured the contribution of various
layers to the variance of the generated images. The diagram on the left in Fig. A.7 illustrates
the contribution of each layer, with the horizontal axis representing the progress of the
training process. Initially, the lower resolution layers are expected to dominate. However,
as the training progresses, the HR layers should gradually become more prominent in their
contribution.

Despite this expectation, the contributions from the HR layers, specifically the 1024 x
1024 layers, were not as substantial as anticipated. It was hypothesized that the capacity of
these layers was insufficient. To address this, the number of feature maps in the HR layers
was doubled, which led to a significant improvement in their impact, as illustrated by the
diagram on the right in Fig. A.7.
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Figure A.7: StyleGAN v2 network size: The vertical axis in the diagrams depicts the relative
standard deviations of different resolutions, while the horizontal axis corresponds to the
training progress, measured in millions of training images shown to the discriminator. It is
evident that, initially, the network focuses on LR images and progressively shifts its focus
to larger resolutions as training advances. In the original configuration with the StyleGAN
network size (a), the generator essentially outputs a 512 x 512 image with minor sharpening
for 1024 x 1024, whereas in the modified configuration (b), the larger network concentrates
more on HR details.
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