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Abstract

Unsupervised Image-to-Image Translation (Unsupervised 12I) has emerged
as a significant area of interest and has recently seen substantial advancements due to
its wide range of applications and reduced data annotation requirements. However,
in scenarios with limited data, ensuring training stability and generating diverse,
realistic images remain critical research directions. To address these challenges, we
propose two simple, plug-and-play methods: the Masked AutoEncoder Generative
Adversarial Network (MAE-GAN) and the Style Embedding Adaptive Normaliza-
tion (SEAN) block.

The MAE-GAN, a pre-training method for Unsupervised 121 tasks, integrates
the architectures and strengths of both MAE and GAN. It also enhances learn-
ing style-specific information during pre-training, leading to stable training and
improved image quality in downstream tasks. The SEAN block is a novel normal-
ization block that leverages large-scale pre-trained feature extractors and self-learns
the style feature space for each domain in each layer. Consequently, it allows for
a choice between diversity and fidelity, enabling the generation of more diverse or
realistic images.

Our method achieves substantial success on the less common and challenging
concrete defect bridge dataset (CODEBRIM), demonstrating its real-world appli-
cability. Additionally, our methods, trained on just 10% of the Animal Faces HQ
dataset (AFHQ), achieve image quality on par with models trained on the full
dataset, while also reaching greater image diversity, proving its real-world applica-

bility and immense potential.

Keywords: Unsupervised Image-to-Image Translation, Multiple Domain Image-
to-Image Translation, Data-Efficient Generative Adversarial Network, Masked Au-

toencoder
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Chapter 1

Introduction

In this chapter, we begin with introducing the background of the thesis. Then
our motivation and the solution we proposed are given. Finally, we will list our

contributions and outline our thesis.

1.1 Background

In recent years, the field of image generation has made significant progress,
with Unsupervised Image-to-Image Translation (Unsupervised 12I) emerging as a
key area of interest. This is largely due to its wide-ranging applications and the
reduced need for data annotation. However, in practical applications, collecting suf-
ficient data to train Unsupervised 12 models is often challenging.

Furthermore, in situations with limited data, the diversity of generated images
is often compromised to ensure the successful production of usable images. There-
fore, ensuring the stability of generative model training and producing realistic and

diverse images with limited data has become a critical research topic.
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1.2 Motivation

To address these challenges, recent works [I} 2] have employed data augmenta-
tion techniques that can be easily applied to different model architectures. However,
in the same task of data-efficient generation, the other two categories, namely knowl-
edge sharing and model architecture, have not been extensively explored, or they
may have more restrictions, making them less applicable in practical scenarios. In-
terestingly, Previous research [3] suggests that these three methods can complement
each other. Motivated by this, our work is dedicated to creating a simple and uni-
versal method focusing on knowledge sharing and model architecture. We hope our
method can ensure stable training, generate realistic images, and maintain image

diversity even in situations with limited data.

1.3 Proposed Method

We first propose Masked AutoEncoder Generative Adversarial Network (MAE-
GAN), a novel pre-training method for Unsupervised Image-to-Image (I2I) tasks.
It integrates the Masked Autoencoder (MAE) architecture with Generative Ad-
versarial Networks (GANSs), leveraging the adversarial nature of GANs to address
the blurred image generation often associated with MAE and simultaneously trains
the generator and discriminator within the GAN framework. During pre-training,
an additional style input is incorporated, enabling the generator to repair masks
and acquire style-related information. This method can be easily integrated with
various Unsupervised 12I models and training methodologies, enhancing learning
style-specific information during the pre-training phase and improving the quality
of images generated in downstream tasks.

Another method we proposed is the Style Embedding Adaptive Normalization
(SEAN) block, which leverages large-scale pre-trained feature extractor to enhance

the diversity of images. It takes as input several style features obtained from style

doi:10.6342/NTU202303360



images processed through a pre-trained feature extractor. These style features un-
dergo a simple dimensionality reduction, are averaged, and then combined with label
embedding to generate the required style code for the generator. This method al-
lows the model to self-learn the distribution of style codes for each label, enabling
the acquisition of the desired style code directly from the label without needing a
style image referencing. By adjusting the standard deviation of the distribution, a
balance can be achieved between the diversity and fidelity of the generated images.
Ultimately, this significantly enhances the diversity of generated images when data

is limited.

1.4 Result

Our experiments primarily focus on a less-explored COncrete DEfect BRidge
IMage (CODEBRIM) dataset, demonstrating the feasibility of our method in less
common real-world data environments. Additionally, on the widely used Animal
Faces-HQ (AFHQ) dataset, our methods can generate high-quality images compa-
rable to the baseline produced with 100% of the data while only using 10% of the
data. This indicates a significant improvement in data efficiency. Our methods
also yield competitive results compared to state-of-the-art approaches. Notably, our

methods produce higher image diversity, a critical aspect in image generation tasks.

1.5 Contribution

Our work contributes to the field of Data-Efficient Unsupervised Image-to-Image

Translation as follows:

e We've developed a new framework that combines MAE and GAN for pre-
training 12I’s Generator and Discriminator. This approach stabilizes GAN

training and enhances image quality.
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e We have designed a new normalization block with minimal training parame-
ters. This block can leverage large-scale pre-trained feature extractors to learn

style codes, thereby enhancing image diversity even with limited data.

e Our method effectively handles less-explored datasets like the concrete defect
bridge, demonstrating its real-world applicability. It also competes well with
state-of-the-art approaches on the popular AFHQ dataset, highlighting its

broad generalizability.

1.6 Outline of this Thesis

The rest of the paper is organized as follows: Section 2 provides a literature
review, Section 3 describes our proposed methodology, Section 4 presents our exper-

iments and results, and Section 5 concludes the paper and discusses future work.
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Chapter 2

Literature Review

In this chapter, we initially explore the concept of Data-Efficient Generation,
with a specific focus on one of its implementation strategies - the Pre-trained Gener-
ative Adversarial Network. Subsequently, in Section 2.2, we explore diverse types of
Image-to-Image Translation techniques, including but not limited to Unsupervised
Image-to-Image Translation and Data-Efficient Image-to-Image Translation, which
aligns with the objectives of our study. Section 2.3 provides a succinct overview
of the Masked-AutoEncoder utilized during our pre-training process and discusses
previous work related to its integration with generative models. Lastly, we introduce
the concept of latent space embedding, a critical component in understanding our

proposed methodology.

2.1 Data-Efficient Generation

Generative Models have made significant advancements in image synthesis,
which can be attributed to the emergence of large-scale datasets. However, this
progress also necessitates increased computational resources and time. In scenarios
with limited training data, stabilizing the training process and generating realistic
images have become increasingly crucial research objectives. Consequently, a novel

class of generative tasks, referred to as Data-Efficient Generation, has emerged.
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Previous research [3] has categorized this field into three main types:

1. Knowledge Sharing: This approach uses transfer learning techniques or pre-

trained methods to reduce data demand and speed up training effectively

[, 5, 6, [7), 18]

2. Model Architecture: This approach involves designing specific model architec-

tures to avoid overfitting [9] [10] [TT].

3. Data Augmentation and Regularization: This approach involves transforming
input data to augment the original dataset or enabling the model to produce
consistent outputs when given augmented inputs, thereby allowing the model

to learn some prior knowledge [12] 13, 14} [15].

2.1.1 Pre-trained Generative Adversarial Networks

Previous studies [4] [6] have shown that the knowledge obtained from pre-trained
generative networks is intimately related to the source data distribution. Transfer
learning proves more effective when the source and target domains exhibit greater
similarity. Therefore, a few papers [8, [7] have utilized the same dataset for both
pre-training and fine-tuning by altering and combining model components to achieve
the desired pre-training effect.

Although previous work [4] demonstrates that GANs can benefit from pre-
trained models, particularly when dealing with limited data, the competitive nature
of GANs, which consists of two mutually adversarial models, raises questions about
the optimal approach to pre-train GANs. Several studies [4, [6] [7] indicate that
to effectively employ a pre-trained GAN network, it is crucial to pre-train both
the generator and the discriminator. Otherwise, pre-training results might even be

inferior to those obtained from training from scratch.
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2.2 Image-to-Image Translation

The term ”Image-to-Image Translation (I12I)” traces its origin back to the sem-
inal work of Isola et al., titled 'pix2pix’ [16], and its usage has been increasing ever
since. Initially, this paper drafted I2] as the learning process of a mapping func-
tion from an input image to a corresponding output image. However, the advent
of Unsupervised 121 [I7] has contributed to a more expansive definition [I8], encap-
sulating 121 as a process of transferring images from a source domain to a target
domain while retaining the inherent content representations. Over recent years, 121
has garnered increasing interest and witnessed considerable advancements, primar-
ily due to its wide-ranging applicability across several image generation challenges,
including but not limited to image synthesis [16, [19] 20], style transfer [17, 2] 22],

image restoration [23], and super-resolution [24].

2.2.1 Unsupervised Image-to-Image Translation

In practical applications, obtaining paired and content-aligned image pairs is
often challenging. This issue has steered the bulk of I2I research towards Unsuper-
vised 12I [I7], the objective of which is to infer a transformation from the source
domain to the target domain without necessitating paired data. Given the nebu-
lous nature of this definition, the translated outcomes can potentially be ambiguous
without supplemental restrictions. To mitigate this ambiguity, extant 12I method-
ologies incorporate constraints to maintain image content based on semantic features

[25, 26].

2.2.2 Data-Efficient Image-to-Image Translation

While numerous existing I2I models can produce realistic and high-quality im-
ages, they typically require extensive training data. The quality of the generated

images tends to degrade in scenarios where the data is limited. Consequently, the
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concept of Data-Efficient 121 emerged. An earlier model, FUNIT [9], utilized an
additional style encoder and trained by taking the mean of multiple style codes as
the input to AdaIN [22]. This approach aimed to construct a useful latent space
so that during inference, only a few target style images are required to obtain the
necessary style code to complete the translation in unseen domains. Considering the
success of Data Augmentation in the realm of Data-Efficient Generation [12] 3],
ReMix [I] chose to generate new intermediate samples by interpolating training data
at the feature level. It also proposed a novel content loss based on the perceptual
relationship between samples, achieving the effect of data augmentation.

Recent advancements, particularly in large-scale diffusion models, have gener-
ated realistic and diversified images. Consequently, many researchers have shifted
their focus from GANSs to diffusion models. State-of-the-art works such as PITI [27]
and pix2pix-zero [28] exemplify this trend. However, given the vast parameter space
of diffusion models, these methods primarily manipulate the latent space, altering
the input text prompt or style code to control the content of the generated images.
They refrain from additional training on the original diffusion model, which con-
sequently restricts the generated downstream tasks within the generating scope of
the original diffusion model. This limitation manifests in the inability to generate
images for rare or unseen data. Therefore, training a Data-Efficient 121 Diffusion

Model from scratch remains an intriguing and valuable research problem.

2.3 Masked AutoEncoder

The concept of a Denoising Autoencoder [29], introduced in 2008, was designed
to facilitate robust representation learning, even in the presence of partial input
corruption. Recent studies [30], [B1] have successfully applied masked autoencoding
techniques in the spatial dimension, where random pixel grids are masked, resulting

in notable improvements. These advancements have subsequently triggered a wave
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of exploratory research centered around the capabilities of masked autoencoders.

2.3.1 Masked AutoEncoder with Generation Model

Masked Autoencoders (MAEs) have achieved considerable success in semi-
supervised learning (SSL) tasks, particularly those related to classification. As a
result, a significant number of subsequent studies have concentrated their efforts
on the encoder component of the MAE, with minimal attention given to the de-
coder due to its typical omission in downstream tasks. However, a recent shift has
occurred. Several recent works [32) B3] have aimed to enhance the pre-training ef-
fectiveness of the MAE encoder by integrating the structure of Generative Networks
with the existing MAE architecture. This merging unexpectedly unveiled that the
MAE’s decoder also yields promising results in downstream generative tasks, such

as inpainting.

2.4 Latent Space Embedding

In the domain of image generation tasks, the utilization of an auxiliary style
code as input is occasionally mandated to exert more precise control over the stylistic
content of the generated images. The advent of AdaIN [22] set the stage, employ-
ing a pre-trained VGG as a style encoder to extract the style code. This code was
then fed into the generator through a purpose-designed normalization block. This
method was later adopted by the highly influential styleGAN [34] in the GAN do-
main, albeit with an added twist: using a latent decoder instead of a style encoder.
Essentially, this involves leveraging a randomly initialized latent code in tandem
with style (label) information to produce the style code, a strategy that has yielded
notable successes within the GAN sphere. This progress has consequently instigated
numerous further investigations, including the Image2styleGAN series [35] [36].

More recently, in image-to-image (I2I) tasks, numerous networks, exemplified
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by psp [37] and starGANv2 [38], have employed both latent decoder and style en-
coder for style code generation. These works have demonstrated promising results,
yet the efficacy of these techniques with limited training data remains a topic open

for exploration.

10
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Chapter 3

Methodology

In this chapter, we will first define the problem at hand and enumerate all the
notations used throughout this thesis. Following that, we will explicate the appli-
cation of Masked Autoencoders (MAEs) in pre-training for Unsupervised Image-to-
Image (I2I) translation tasks. We will also present a newly conceived normalization
block designed to leverage the capabilities of a pre-trained feature extractor to en-
hance the diversity of generated images. Figure shows the overview architecture

of the proposed method.

[ 3 el
‘ . Feature ) —_
{ Extractor |:|
D
Original
MAE loss GAN losses

—~ D - i—

G, b

Figure 3.1: Overview of proposed architecture.
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3.1 Problem Definition

The objective of Unsupervised 121 is to transform images from the source do-
main to the target domain without necessitating paired data. However, the task
of learning the generative task of domain transformation is inherently challenging,
often requiring a substantial amount of data to ensure training stability. Under
such circumstances, the fidelity and diversity of the generated images often serve as
trade-off points, a situation that becomes even more pronounced in cases of data
scarcity.

This thesis aims to address the aforementioned issues, namely: i) promoting
the stable training of a viable generative model, and ii) guaranteeing the diversity
of the images generated, particularly when confronted with data-limited situations.
We aim to propose a pre-training approach for unsupervised 121 translation alongside

a novel architectural design for style code insertion.

3.1.1 Notations

Before introducing our proposed method, we present a list of symbols used in
this work:

Data Representation

e 1: input image

s : style code

c : style label

e y : generated image with the content of source image x, and the style of target

image x4

e X : dataset containing different style datasets X = {X,, X,, ..., Xn}, for each

dataset X; € X, there exists a corresponding ground truth label ¢; € C'

12
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o (C: label set C' = {c,,¢,,...,cN}

Network

G. : encoder component in generator

e (54 : decoder component in generator

e D : discriminator

E : style code generator
Loss

o L4 : adversarial loss

o L, : classification loss

o L,...: reconstruction loss

® Ly : style loss in the original architecture
Loss Weight

e )\, : weight of the classification loss

e \...: weight of the reconstruction loss

® \gye © weight of the style loss

3.2 MAE-GAN for I2I Pre-training

Image generation tasks are generally more challenging compared to other tasks,
and achieving stable training is a consistent area of research. This is especially the
case when data are limited. Existing approaches include techniques such as i) data
augmentation and regularization, ii) specially designed model architectures, and iii)

knowledge-sharing strategies like pre-training or transfer learning.

13
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Extensive research has been conducted into data augmentation and regulariza-
tion, as evidenced by numerous previous papers. However, model architectures are
often specific to certain tasks or datasets and thus are difficult to use more broadly.
Consequently, we directed our research toward knowledge-sharing. By integrating
Generative Adversarial Networks (GANs) with the Masked Autoencoder (MAE) ar-
chitecture, which has achieved great results in the Self-Supervised Learning (SSL)
domain, we propose a novel pre-training method for Unsupervised Image-to-Image
(I2) tasks. This approach provides the model with a better starting point for train-
ing, ensures stability during the training process, and yields higher-quality images.

Figure [3.2] shows our MAE-GAN for 12I model. In MAE-GAN pre-training, we
employ the structure of a Masked Autoencoder (MAE) for pre-training the multi-
domain image-to-image translation model. During pre-training, an additional style
input is inserted with the intention for the generator to not only learn to repair
masks but also to acquire style-related information beyond lower-level attributes

such as structure or edges.

—— i

Style Information MAE loss .
Original
GAN losses

¥
Ji-til-m-Toe

e

l Masked

Figure 3.2: Overview of proposed architecture.
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3.2.1 Pre-training Pipeline

Our objective is to pre-train a generator GG, a discriminator D, and a style code
generator E (if E exists in the downstream task). During the pre-training phase,
G is trained to transform a masked image x,, into an unmasked output image z,
which is governed by a style code s. This style code s is either a direct derivative
of the class label ¢ or a product of E in the form of E(c) — s, facilitating the
pre-training of G and E. Due to GAN models’ adversarial nature, we integrate an
existing Masked Autoencoder (MAE) architecture with the GAN framework. Both
the real input image x and the unmasked image & are fed to D for the computation
of Lgan and Lcls for z, 2, thereby enabling the pre-training of D. We find that
these supplementary losses will improve the quality of images generated and bolster

the learning of style-specific information.

3.2.2 Training Objectives

Given an image x € X and its domain ¢ € C, and the style code s is either
a direct derivative of the class label ¢ or a product of E in the form of E(c) — s,
and we will mask input image x to get the masked input z,,, then we train our

framework as the following objectives.

Reconstruction Loss. During pre-training, the generator G accepts the masked
image x,, and s as input and learns to generate an unmasked image & = G(z,, s)

through a reconstruction loss function, defined as follows:

Lrec = Exy,, x, c[|| * — G(xm, s) |1], (3.1)

the reconstruction loss function is similar to the one used in MAE [30], but with
an additional style code s input. The intention here is to enable the generator G
to learn not only high-level information from the unmasking process but also to

understand how to generate images belonging to the style domain defined by the

15
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style label s, thereby assisting in downstream task learning.

Adversarial Loss. The adversarial loss is subject to modifications depending on
the type of adversarial loss used in different downstream tasks. Without loss of

generality, we provide a definition of the adversarial loss as follows:

Ladv = E,[log Dg.(2)] + Ey,, c[log(1 — Dge(G(2m, 5)))], (3.2)

D,,. is one of the output heads of D, used to determine if the input image is
real or fake. In this process, G is trained to generate unmasked images that are
indistinguishable from real images, improving the quality of the generated image

details, unlike the original MAE, which tends to produce blurred images.

Domain Classification Loss. The classification loss may change depending on the
classification loss type used in various downstream tasks. Without loss of generality,

we define the classification loss as follows:

Las = Ex, c[—log Dys(c|z)] + Ey,, o[~ 10g Des(c|G(xm, s))], (3.3)

D5 is another output head of D, designed to identify the style label domain of the
generated images. G is trained to generate unmasked images indistinguishable from
images within the style label domain. The aim here is to ensure that, even if G
cannot generate an image & identical to the original z, it should at least generate
images similar to those within the style label domain, assisting in learning for down-

stream tasks.

Style Loss. Style loss refers to potential losses related to the style code generator
E in downstream tasks. For instance, the Style Reconstruction Loss and Style Di-
versification Loss used in StarGANv2 [38]. These losses can be integrated into the
training objective during the MAE-GAN pre-training phase to further optimize the

pre-training of E. This component can be omitted if the downstream task does not
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require a similar loss or FE.

Full Objective. Our full objective functions to optimize G, E and D can be sum-

marized as follows

'CD - _*Cadv + )\D *Cclsa (34)

cls
‘CG = Eadv + )\gsﬁcls + )\recﬁrec + )\style‘cstylea (3’5)

where A, Aree, and Agye are hyper-parameters that control the relative importance
of different losses, respectively, compared to the adversarial loss. If you don’t have
style loss, you can directly set the value of Mgy to 0.In our Experiments, we use

)\fl)s =3, )\gs =1, Aree = 10 and Agye = 0 in all of our pre-training experiments.

3.2.3 Masked Strategies

While masking the image, we adopt several suggestions and practices from
previous MAE-related work. 1) We used larger mask sizes as suggested in [30),
31] to prevent the generator from learning to fill in masked pixels based solely
on neighboring unmasked pixels. ii) We utilized the shifted mask technique as
implemented in [39], which involves randomly shifting the mask by a grid of pixels.
This approach helps prevent the generator from learning fixed grid-shaped patterns,
allowing for a dynamic mask ratio. Finally, iii) we incorporated a learnable position
mask, i.e., we transformed the mask values from their original zeros into learnable
values, unique for each pixel. This technique protects the generator from being
influenced by the mask values while preserving the original intention of the corrupt
input. These three strategies aim to enhance the effectiveness of the MAE-GAN

pre-training process.
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3.3 Style Embedding Adaptive Normalization

To increase diversity in the generated images, traditional style codes typically
employ latent decoders or style encoders. These are typically produced by inputting
a style label with noise or a style image. Techniques like the Style Diversification
Loss in StarGANv2 [38] are employed to ensure the diversity of the generated style
codes. However, when there is a lack of data, adding another set of parameters
to train can lead to instability during training, and even poorer performance than
without these techniques. To address this, we propose a novel block, which achieves
satisfactory results with the training of relatively few parameters and still performs
well when data is scarce.

Figure[3.3|shows the proposed Style Embedding Adaptive Normalization (SEAN)
block. SEAN block is a normalization block to augment the diversity of the gen-
erated images. This block takes as input several style features, which are obtained
from style images processed through a pre-trained feature extractor. These style
features are subjected to a straightforward dimensionality reduction, averaged, and
then combined with the label embedding to ultimately generate the required style
code for the generator. Importantly, this method can self-learn the distribution of
style codes for each label, and through the aggregation of multiple style codes during
training, it ensures that the style code space is continuous. This allows acquiring the
desired style code directly from the label without needing a style image post-training.
Moreover, by adjusting the standard deviation of the distribution, a balance can be
struck between the diversity and fidelity of the generated images. This process

effectively completes the style translation task in Image-to-Image Translation.
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Figure 3.3: The architecture of proposed SEAN block.

3.3.1 Pre-trained Feature Extractor as Style Code Genera-

tor

In our pursuit of training a model component with a minimal number of pa-
rameters that can nonetheless generate a broad diversity of style codes, the overall

style code extraction process can be formalized as follows:

s; = mean(oc(W;E(2))) + pi(c), (3.6)

where I represents a collection of augmented style images 2’ that are derived by

applying style-preserving augmentations to several input style images x.

- L], (3.7)

[336, "

for pre-trained feature extractors F, specifically, we utilize the Vision Transformer
(ViT) [40], a widely recognized and commonly used tool in this domain. We input

augmented style images ¥ and retrieve extracted style features from the ViT’s cls-
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token output. These style features are subsequently passed into our custom-designed
Style Embedding Adaptive Normalization (SEAN) blocks.

Following the insights provided by StyleGAN [34], the requirement for style
codes differs across layers, each correlating to distinct features in the generated
image. Consequently, the weights of the SEAN blocks are layer-specific. Identical
style features inputted into different layers’ SEAN blocks are first dimensionally
reduced via a single fully connected layer W; to a hidden dimension. Following a
straightforward non-linear activation layer o, these style codes will be aggregated,
resulting in the foundational style code.

The objective of the dimensionality reduction procedure is to allow different
layers to extract features that are important to each layer from the comprehensive
style features. As for style code aggregation, the first aspect is to achieve an effect
similar to data augmentation, and the second aspect is to allow the SEAN block to
learn that each style code space is continuous through the input of multiple style
code aggregations. Therefore, it can be guaranteed that any style code sampled
from this style code space can generate a real image corresponding to the label.

Furthermore, although the feature extraction capabilities of the pre-trained
feature extractor are strong, the dimension reduction process may inevitably lose
some image features. Therefore, we added a style label embedding ¢; to supplement
the style information missing from the style feature by inputting different style labels
¢ to obtain the style label embedding. These two components are then added to
obtain a better style code s;.

Finally, after the AdalN operation is applied to s;, it is fed to the generator G.
The AdalN operation is defined as:

AdaIN(z;, 5;) = 5o + s, (3.8)
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where each feature map x; is normalized separately, and then scaled and biased us-
ing the corresponding s, and s, vector transformed from style code s; via a single
fully connected layer.

While our entire block and pipeline may appear complicated, excluding the
parameters inherently involved in the AdalN operation, the truly trainable param-
eters remain limited to the dimension reduction W; and the style label embedding
¢;—both of which are merely low-dimensional fully connected layers. Consequently,
our methodology can be efficiently trained and stable even under data-limited con-

ditions.

3.3.2 Style Code Space

Although the previously mentioned SEAN block can obtain high-quality style
codes to complete Image-to-Image (12I) tasks, it relies on a style image as input to
acquire the style code during inference. Consequently, the style of the generated
output is constrained by the quantity and variety of the style images. How can we
address this issue? We propose a method to improve the SEAN block, enabling it
to obtain diverse and high-quality style codes during inference using only the style
label.

Our approach is straightforward and does not require additional training pa-
rameters. The style code pool retains the style codes generated during training, and
every few epochs, it is used to calculate the mean and standard deviation of the
style code space. As we ensure the code space’s continuity by leveraging the style
code’s mean during the SEAN block’s training phase, we can preserve the means and
standard deviations of these styles along with the model weights. Consequently, we
can randomly sample a style code from this distribution during the inference stage,
resulting in high-quality and diverse style codes.

Furthermore, the balance between fidelity and diversity can be adjusted by

varying the multiples of the standard deviation. One could select a standard devia-
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tion multiple of 1 or 2 for stable output quality. Conversely, to increase diversity in
the generated images, one might choose a larger multiple of the standard deviation,
though the quality of the style code might be less stable. This flexibility allows us

to meet the objectives of various downstream tasks.
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Chapter 4

Experiments

In this chapter, we first introduce the datasets employed in our study and the
corresponding baseline models. We then outline the evaluation metrics chosen from
a broad selection of generative metrics and provide a rationale for our selections.
Subsequently, we analyze the effects of individual components within the two meth-
ods we proposed. Finally, we draw comparisons between our results and those of
previous research. This comparative analysis allows us to understand the advantages

and disadvantages of our methods in a broader context.

4.1 Datasets

In this research, our target datasets are those with insufficient data. Given the
absence of a dataset specifically dedicated to the Data-Efficient Multiple Domain
Unsupervised Image-to-Image Translation (I2I) task, we chose to employ standard
datasets for our study. For training purposes, we randomly selected 10% of the data
from these datasets.

Our experiments mainly utilized the Concrete Defect Bridge Image (CODE-
BRIM) Dataset [41]. This dataset possesses distinctive characteristics, including: 1)
The dataset consists of rare images, with no similar large-scale datasets available;

ii) The dataset has imbalanced quantities of images across different categories; iii)
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the image sizes and resolutions within the dataset are diverse. These attributes
make the CODEBRIM dataset closely resemble the conditions of real-world data
collections.

Given that images of defect patterns are sparse and exhibit irregularities, evalu-
ating the quality of synthesized images is not straightforward. Consequently, we use
the Animal Faces-HQ (AFHQ) Dataset for visual demonstrations of our results. Ad-
ditionally, the AFHQ dataset is widely employed in Multiple Domain Unsupervised
Image-to-Image (I2I) tasks, facilitating comparison with state-of-the-art methods

and providing deeper insights into the performance of our approach.

4.1.1 COncrete DEfect BRidge IMage

The Concrete Defect Bridge Image Dataset (CODEBRIM) is a multi-target,
multi-class dataset designed for concrete defect classification. It consists of six mutu-
ally non-exclusive classes: crack, spallation, exposed reinforcement bar, efflorescence
(calcium leaching), corrosion (stains), and normal surface samples. The number of
defects for these classes ranges from 833 to 2507, as represented in a selection of
images from the dataset shown in Figure In our experimental setup, all im-
ages are randomly cropped to a resolution of 128x128 pixels for the training phase.
We preserve the original class distribution and randomly select 10% of the original
training set to serve as the training data. The same test data set is used for the

evaluation phase.

4.1.2 Animal Faces-HQ

The Animal Faces-HQ (AFHQ) is a dataset of animal faces, specifically tailored
for the task of Multiple Domain Unsupervised Image-to-Image Translation. It was
first introduced in StarGAN-v2 [38]. Comprising 15,000 high-quality images of 512
x 512 resolution, this dataset is represented with a selection of images in Figure

[4.2] The dataset includes three domains - cats, dogs, and wildlife - each with 5,000
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Figure 4.1: Examples from CODEBRIM dataset.

images. These images are further partitioned into a training set containing 4,500
images and a testing set with 500 images for each domain. In our study, we con-
struct our training set by randomly selecting 500 images from each domain’s original
training set, while maintaining the original testing set unchanged. All images are

randomly resized to a resolution of 256x256 pixels for the training phase.

Figure 4.2: Examples from AFHQ dataset.

4.2 Experiments Setup

For CODEBRIM dataset, we utilize Defect-GAN [10] as our baseline and foun-
dational structure. Defect-GAN;, specifically designed for defect pattern generation,
has shown impressive results on the CODEBRIM dataset. Its underlying architec-
ture is a variant of StarGAN [42]. However, it adopts one-hot labels as input, which

may limit the diversity of the generated images.
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For the AFHQ dataset, we utilize StarGAN v2 [38] as our foundational struc-
ture, which addresses the limitation of StarGAN’s inability to generate diverse im-
ages. As our baseline, we use the results of the ReMix [I] paper, which was trained
on 10% of the dataset volume (since our reproduced results were inferior). Moreover,
we compare our results with those of state-of-the-art methods, ReMix and ScoreMix

[2], which address the identical task under the same constraints.

4.3 Evaluation Metrics

In generative tasks, numerous evaluation metrics exist. Prominent among these
are the Frechet Inception Distance (FID), used to gauge visual quality, and the
Inception Score (IS), utilized for measuring diversity. However, IS has a well-known
limitation in that it uses the classification results of the Inception model [43] on
ImageNet [44] to compute diversity. This could result in meaningless IS scores if
the data, such as the CODEBRIM dataset, doesn’t fall within the 1000 classes used
for pre-training. This phenomenon is highlighted in our experimental results shown
in Table [4.3] and Table [£.4] Therefore, in our study, we measure diversity using
the Learned Perceptual Image Patch Similarity (LPIPS), a metric that is commonly

adopted in recent image generation tasks.

4.3.1 Frechét inception distance

The Frechét Inception Distance (FID) is utilized to compute the Frechét dis-
tance amid two sets of images, thereby assessing the quality and likeness of the
synthesized images. This is accomplished by determining the disparity between the
distributions of real and generated images. Consistent with common practices, we
employ feature vectors from the concluding average pooling layer of the ImageNet-
trained Inception-V3.

In the context of our approach, each test image from a specified source domain
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is transformed into the target domain employing a set of 10 style codes. For style
space sampling, these style codes are derived from our chosen style embedding distri-
bution. In reference-guided synthesis, these style codes are synthesized by averaging
the results from a previously trained feature extractor, utilized on 10 clusters of
reference images. These reference images are randomly selected from the target
domain test set. Consequently, we compute the FID score amid the transformed
images and the target domain training images. We report the average FID scores

across all image domain pairs.

4.3.2 Learned perceptual image patch similarity

The Learned Perceptual Image Patch Similarity (LPIPS) serves as a measure
to quantify the perceptual similarity between a pair of images. This metric essen-
tially measures the similarity amid image patches under a predefined network and
is known for its alignment with human perception. The common practice involves
generating multiple images for each image in the dataset utilizing the same label
but different style codes. Subsequently, pairs of generated images are selected, their
LPIPS values calculated, and the outcomes averaged. Notably, a higher LPIPS value
signifies a higher image diversity.

In our methodological approach, we use the LPIPS algorithm that StarGAN
v2 originally used. Specifically, for each test image from a source domain, we gener-
ate 10 target domain images employing 10 different style codes. The methodology
for obtaining these style codes is the same as when we calculate FID scores. Subse-
quently, we calculate the average of the pairwise distances among all outputs derived
from the same input (i.e., 45 pairs). Ultimately, we report the average LPIPS values

across all test images.
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4.4 Evaluation and Results

Table provides a quantitative evaluation of our proposed MAE-GAN and
SEAN methods on the CODEBRIM dataset. The results clearly demonstrate that
each method individually contributes to the generation of images that are both
more realistic and diverse. When both methods are combined, we achieve results
that compete favorably with state-of-the-art techniques, as presented in Table [4.2]
The asterisk (*) in this table indicates results directly taken from their respective
papers, as detailed implementation details and code were not disclosed. Therefore,
these results should be considered for reference only due to differences in dataset
partitioning during training. As can be seen, through the utilization of powerful
features extracted by our pre-trained feature extractor, our method achieves a sig-
nificant LPIPS score of 0.523, outperforming all previous methods. Importantly,
our approach is based on pre-training, whereas other techniques often resort to data
augmentation methods. Consequently, we anticipate that integrating state-of-the-
art strategies into our work could yield superior results. However, as the source code
is not publicly available for the other two papers, investigating this concept presents

a promising direction for future work.

Method Choices
MAE-GAN SEAN Style Space Sampling FID| LPIPSt

X X X 86.02 -
v X X 65.82 -
X 4 X 89.20 0.1475
v v X 64.72 0.1534
v v v 61.05 0.2239

Table 4.1: Comparative Analysis of Different Configurations.

To focus on numerical comparisons and better demonstrate our achieve-

ments, we generated many images on these two testing datasets to showcase our
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Method FID LPIPS

Baseline 10% data 42.09 0.450
Baseline 100% data  20.32 0.438

*ReMix 22.92 0.460
*ScoreMix 17.99 0.466
Ours 22.29 0.523

Table 4.2: Results Compared with State-of-the-art Methods

results. Figure [4.3| compares our method with the baseline on more challenging
image transformations. As can be seen, the images produced by the baseline do
not correspond as closely to the reference images. The generated images are sig-
nificantly inaccurate, particularly in cases with multiple subcategories, such as the
"Wild” category. Our proposed method, however, excels in learning and merging
the features of both source and reference information.

Moreover, Figures [4.4] and demonstrate the successful preservation of con-
tinuity in the style code space using multiple style codes mean, which can generate
numerous realistic hybrid creatures not originally present in the dataset. In the
following sections, we will delve into the roles of the various components in our

proposed method.

4.5 Futher Analysis for Each Component in M A E-

GAN

Figurel4.6|displays the outcomes after pre-training on the CODEBRIM datasets.
Each triplet displays the Ground Truth (Left), the Reconstructed Image via our
MAE-GAN (Middle), and the Original Masked Image (Right). Following pre-
training, the model demonstrates robust generative capabilities, producing repaired
results that are free from the blurriness observed in previous work [30]. Instead, the
outcomes feature distinct details and innovative imagery. Moreover, as illustrated

in Figure [£.7] the Generator, post pre-training, has assimilated knowledge across

29
doi:10.6342/NTU202303360



Source

Reference

(a) Baseline (b) Ours

Figure 4.3: Qualitative Comparison of Image Synthesis Results Using 10% of the
AFHQ Dataset.
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Source  First Interpolation Outputs Second

Refer- Refer-
ence ence

Figure 4.4: Diverse Translation Results by Interpolating Two Style Codes in the
SEAN Block.
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(b) Mixed Wild Animal Outputs

Figure 4.5: Diverse Translation Results by Mixing Multiple Style Codes in the
SEAN Block.
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various domains. As a result, it can expedite training in downstream tasks and

generate more realistic images.

(a) CODEBRIM dataset (b) AFHQ dataset

Figure 4.6: Reconstructed images from the validation set after pre-training with
our MAE-GAN.

4.5.1 Masked Autoencoder Generative Adversarial Network

Framework

Table showcases the performance of various Masked Autoencoder (MAE)
and Generative Adversarial Networks (GAN) framework combinations. The integra-
tion of MAE and GAN results in significant improvements, evidenced by a 21-point
reduction in the FID score, demonstrating the efficacy of this combined approach.

Importantly, the beneficial effect is observed when MAE and GAN are com-
bined; separating the training of the Generator and Discriminator negatively im-
pacts the outcome. In this scenario, the Generator is solely pre-trained with MAE,
and the Discriminator is trained using a classification task, which leads to an in-

crease in FID from 65 to 75.
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Source (a) Train from Scratch (b) After MAE-GAN Pre-training

Figure 4.7: Comparison of Images Generated During Initial Training With and
Without Pre-training

On the other hand, if the integration is maintained and only style code insertion
is removed, thereby preventing images from undergoing AdalN transformation, the
FID only increases from 65 to 70. This suggests that the impact isn’t as substantial,
indirectly proving the utility of style code insertion. These results affirm the impor-
tance of harmonious interaction between the various components of the MAE-GAN

framework for optimized performance.

MAE-GAN Framework FID IS

Baseline : DefectGAN 86.02  3.031
MAE-GAN 65.82 2.991
w/o style code insertion 70.82  2.935
Split training 75.73 3.095

Table 4.3: Performance Comparison of Different Framework Combining Masked
Autoencoder (MAE) and Generative Adversarial Networks (GAN).

4.5.2 Masking Strategy

Table [£.4] presents the performance comparison across various masking strate-
gies. FEach component significantly reduces the FID score, demonstrating their

unique utilities. When utilizing the MAE-GAN framework before applying the three
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methods under consideration, the FID score already displays a substantial reduc-
tion. Then a comprehensive analysis of the individual impact of each component

will be carried out in the upcoming sections. Mask Size Figure [4.8] examines

Mask Strategies FID IS
Baseline : DefectGAN  86.02  3.031
Original MAE-GAN 74.67  3.018

+ large mask 71.25 2.924
+ shifted mask 69.73 3.057
+ learnable mask 65.82 2.991

Table 4.4: Performance Comparison of Various Masking Strategies.

the effect of varying mask sizes on the performance of downstream tasks. Given an
image size of 128x128 pixels, we found that a moderate mask size, ranging from 8
to 16, produces superior results in downstream tasks. This observation aligns with
the findings of SIMMIM [31]. Specifically, if the mask size is too small, the genera-
tor tends to repair the mask directly from nearby pixels, bypassing the learning of
useful features. Conversely, increasing the mask size does not significantly impact
performance, suggesting that using a larger mask size during pre-training could be

beneficial.

78.00 4

—8— Original MAE

76.00

74.00

Q 72.00

70.00 -

68.00 -

66.00 -

mask size

Figure 4.8: Efficacy of Mask Size
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Shifted Mask The idea of using a shifted mask is borrowed from the data aug-
mentation techniques mentioned in [39]. Figure analyzes the impact of using a
shifted mask in combination with different mask sizes on the performance of down-
stream tasks. The results suggest that there is not much difference when the mask
size is relatively small. However, as the mask size increases, not using a shifted mask
can easily cause the model to learn the generative information at fixed locations,
significantly reducing the effectiveness of pre-training. Therefore, it is best to use a

shifted mask when increasing the mask size. Learnable Mask Our work diverges

78.00
76.00 -
74.00 4

Q 72.00

)

70.00
68.00 4

—8— Original
66.00 Without Shifted Mask

T T T T T T T
1 2 4 8 16 32 64
mask size

Figure 4.9: Impact of Mask Size with and without Shifted Mask.

from previous Mask Autoencoder (MAE) approaches by emphasizing the generative
capabilities of MAE. To prevent the generator from being overly influenced by the
mask values, while still maintaining the original purpose of the corrupted input, we
employ learnable mask tokens to replace the original mask-zero values. In Figure
"Zero’ denotes the original mask method, while 'mean’ uses the average of the
unmasked pixel values as the mask value. 'Scalar’ and 'vector’ refer to channel 1 and
3 learnable masks, respectively, and ’'position’ and 'full’ represent channel 1 and 3
learnable masks, with each pixel acting as a learnable mask token. As shown in this

figure, learnable mask tokens that incorporate positional information, particularly
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of the ’position” and 'full’ types, consistently outperform other mask token types in

downstream tasks. Otherwise, the original zero-mask would be adequate.

80

78

76 1 75.24

74.87 74.67

74

72 A

70

FID

65.99
681 67.03

66 65.83

64

62

60 -

zero mean scalar vector Pposition full
mask token type

Figure 4.10: Performance of Various Mask Token Types.

Mask Ratio Figure presents an analysis of the impact exerted by various
masking ratios on the performance of downstream tasks. Consistent with conclu-
sions drawn from previous work, our experiments also substantiate that a moderate
masking ratio, specifically between 40% and 75%, consistently provides robust per-

formance across a variety of downstream tasks.

4.6 Futher Analysis for Each Component in SEAN

Figure [4.12] showcases the diversity of the images generated by our method.
Given the same label input, our approach can generate a range of realistic defect
patterns while preserving the features of the original source images. Therefore, our
method can be utilized not only for style transfer and generation of non-existent

images but also for augmenting existing datasets.
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Figure 4.11: Efficacy of Different Mask Ratios.

4.6.1 Comparison of Various Style Code Insertion Methods

Train from Scratch MAE-GAN Pre-trained

Method FID LPIPS FID LPIPS
Baseline : DefectGAN 86.02 - 65.82 -

(A) with latent decoder — 95.14 0.0236 71.15 0.0539
(B) with style encoder  109.29 0.0001 85.11 0.0145
(C) with single fc 81.13 - 71.67 -

(D) with finetuned ViT ~ 99.37 0.0662 73.99 0.1427
(E) with ViT 89.20 0.1475 64.72 0.1534

Table 4.5: Comparison of different style code insertion methods.

Table [4.5] contrasts different style code insertion methods and their perfor-
mance with and without pre-training via MAE-GAN, with the original DefectGAN
utilizing SPADE [20] to insert the style code. In contrast, (A) - (C) in the table uti-
lizes distinct style code generators combined with AdaIN [22]. Under conditions of
training from scratch with limited data, due to the additional training complexities
presented by an extra style code generator in (A) and (B), the diversity of generated
images could not be effectively improved. As a result, opting for a simpler option
such as the single multi-layer perceptron (mlp) in (C), is found to be a superior

choice. Though it does not generate diverse images like the original method, it
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Source Diverse Generated Images

Figure 4.12: Diverse images generated from the same label input in the
CODEBRIM dataset, for: (a) Crack, (b) Efflorescence, and (c) Spallation,
Exposed Bars, Corrosion.
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guarantees the usability of the generated images.

In the case of employing our proposed SEAN block to input the style code,
we compared two different approaches. (D) first finetune the pre-trained feature
extractor on the target CODEBRIM dataset, then freezes the model’s weight to
extract features. In contrast, (E) utilizes a model directly pre-trained on ImageNet
with frozen weights. It was observed that while (D) allowed the extraction of fea-
tures closer to the dataset, it reduced the richness of feature information leading
to a decrease in both the quality and diversity of generated images. Instead, (E)
significantly improved the diversity of generated images with negligible loss in FID.

Under the conditions of pre-training using MAE-GAN;, (A) - (C) have been ob-
served to learn style-related information in advance, not only greatly reducing FID
but also enhancing the diversity of the generated images. Moreover, the results were
even better when using SEAN. As can be seen in Figure [4.13] after pre-training, the
style codes for the same labels congregate together, thereby improving the learning
outcome of downstream tasks. Ultimately, this led to a significant increase in the

diversity of generated images and a slight improvement in image quality.

4.6.2 Multiple Style Codes Mean and Label Embedding

Table [4.6| presents a comparative analysis of various style code extraction meth-
ods while utilizing the SEAN block. These strategies can be divided into two cat-
egories: (i) and (B) extracting a style code from a single style image, (ii) and (A)
computing the average of style codes obtained from multiple style images. It was
found that using the aggregation of multiple style codes during the training phase
helps the model to create a smoother and more continuous style space. As a result,
the choice between a single style code or multiple style codes during the inference
phase has a minimal impact on the outcomes. However, it is worth noting that
training the model with a single style code can potentially lead to a significant de-

cline in performance during the inference phase if the model encounters previously
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Figure 4.13: t-SNE visualization of style codes from CODEBRIM test images
extracted using ViT
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unseen style codes.

In addition to these two methods, we considered that although a pre-trained
feature extractor has strong feature extraction capabilities, it may not cover all
types of images during pre-training. Furthermore, feature extraction, a process of
compressing images, could inevitably result in losing some original image features.
Thus, we introduced (iii) a label embedding to supplement the original style code,
leading to a minor improvement in performance.

During inference, we also employed a proposed (C) style space sampling tech-
nique. This involves determining the distribution of the style code for each label
during training, such that during inference, as long as the style code space is contin-
uous, any style code extracted from it should be usable. It is observed that this not
only allows us to increase the diversity of generated images by adjusting the mul-
tiplier of the distribution’s standard deviation within a safe range but also reduces

the FID, mitigates bias, and enhances the quality of generated images.

Train from Scratch MAE-GAN Pre-trained

Train Inference FID LPIPS FID LPIPS
Baseline : DefectGAN 86.02 - 65.82 -
(i) Single (A) multiple style images 103.00 0.0612 76.21 0.0522
Stvle I%na . (B) single style image 98.95 0.1392 73.16 0.1397
Y 8 (C) style space sampling  90.68 0.1420 69.15 0.1418
" . (A) multiple style images  89.63 0.0613 65.85 0.0609
éltl) llfﬁif;plei (B) single style image 89.20  0.1475  64.72 0.1534
Y g (C) style space sampling ~ 87.13 0.1214 63.65 0.1749
(A) multiple style images  87.48 0.0610 64.42 0.0628
gﬁbjﬁel (B) single style image 86.50  0.1419  63.90 0.1450
& (C) style space sampling  85.50 0.1127 61.05 0.2239

Table 4.6: Comparison of downstream performance with different methods of
obtaining style codes using the SEAN block.

4.6.3 Style Space Sampling
Finally, Table [4.7)illustrates the rate of defective image generation under differ-

ent standard deviation (std) multipliers. The depth of color signifies the probability
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of generating a defective image: white indicates no defects, and the lightest shade

represents less than a 1% defect rate, which is essentially negligible. For models

trained from scratch, the color at a 4x std signifies a 50% defective image rate.

Under typical usage, utilizing a 2x std multiplier is safe. After pre-training with

MAE-GAN, the style code space is even more well-concentrated, allowing the use of

up to a 4x std multiplier for style code retrieval. For our final choice of std multiplier,

we chose a value that produced defects, but at a very low rate. This corresponds to

a 2x std for models trained from scratch and a 4x std for models pre-trained with

MAE-GAN. This ensures that under normal circumstances, optimal image quality

and diversity are achieved while maintaining the generation of defect-free images.

Train from Scratch

MAE-GAN Pre-trained

Different STD Multipliers FID LPIPS FID LPIPS
Single Image Reference 86.50 0.1419 63.90 0.1250
x 1 STD 95.14 0.0536 65.88 0.0537
x 2 STD 89.50 0.1127 63.85 0.1235
x 4 STD 77.81 0.1896 61.05 0.2239
x 6 STD 76.81 0.1853 63.31 0.2831

Table 4.7: Defective image generation rates for different standard deviation
multipliers in style space sampling.
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Chapter 5

Conclusion

This chapter summarizes the contributions of our thesis and outlines potential

future enhancements to our system.

5.1 Summary and Contribution

We propose two methods, MAE-GAN and the SEAN block, which can achieve
stable training, enhance the realism of generated images, and increase the diversity
of generated images for Unsupervised Image-to-Image (I12I) tasks with limited data.
Our methods have been validated through experiments on a less-explored concrete
defect bridge image dataset, demonstrating their applicability in less common real-
world scenarios. Moreover, on the widely used AFHQ dataset, our methods can
generate images of quality comparable to those produced with full data, while only

utilizing 10% of the data, and they also yield a higher diversity of images.

5.2 Future work

Our future work can be divided into three main areas:
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5.2.1 Pre-trained Feature Extractor Selection

We currently use the commonly used Vision Transformer (ViT) [40] as our
large-scale pre-trained feature extractor. Yet, there are many other powerful fea-
ture extractors in computer vision [30, 45] and Vision Language Models [46] that
can extract useful features. Exploring these options or even using multiple feature

extractors to get richer features could be a promising direction.

5.2.2 Supervised Image-to-Image Translation

Our MAE-GAN pre-trains Unsupervised 12I models to get style information
from different domains. But it’s not yet ready for Supervised 121 tasks like Labels-to-
Photos. Adapting the MAE-GAN framework for different 121 tasks is an interesting

future research direction.

5.2.3 Integration with Data Augmentation Methods

Recent work on Data-Efficient Unsupervised 121 translation [1, 2] has focused
on data augmentation techniques, a different category from our pre-training method.
These two categories can complement each other, as shown in previous work [3]. But
without executable code from these papers, we haven’t integrated these methods
with ours yet. It’s an open question whether such integration could improve results,

even surpassing the state-of-the-art.
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