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Abstract

In recent years deep learning has achieved great success in various computer vision tasks,

such as image classification and segmentation. Unsupervised image-to-image (I2I) trans-

lation, which models how to translate images from one domain to another without paired

data, lacks systematic and thorough study. In this dissertation I illustrate the significance of

studying unsupervised I2I translation, relevant theories, and propose potential approaches to

addressing drawbacks and shortcomings in existing works. This dissertation introduces four

new contributions in unsupervised I2I translation. The first contribution is the proposal of

a unified framework for unsupervised I2I translation. The second contribution is to provide

fine-grained control on I2I translation where current approaches fall short. The third contri-

bution of this dissertation is cooperating a module for controlling shapes when translating

certain type of images, which require preserving shapes after I2I translation. Lastly, this

dissertation proposes a new I2I translation framework that learns to, in an unsupervised

manner, only translate objects of interest and leave others unaltered.

The first contribution of this work is to address the open problem of multimodal unsuper-

vised I2I translation using a generative adversarial network. Previous works, such as MUNIT

and DRIT, are able to translate images among multiple domains, but they generate images

of inferior quality and less diverse. Moreover, they require training n(n� 1) generators and

n discriminators for learning to translate images among n domains. Therefore, I propose

a simpler yet more effective framework for multimodal unsupervised I2I translation. The

new approach only consists of a mapping network, a encode-decoder pair (generator), and a

discriminator. The methods assume that the latent space can be decomposed into content

and style sub-spaces by the encoder, where content space is deemed domain-invariant and



style space is domain-dependent. Unlike MUNIT and DRIT that simply sample style codes

from a standard normal distribution when translating, I employ a mapping network to learn

style codes of different domains. Translation is done through the decoder by keeping content

codes and exchanging the style codes. To encourage diversity in translated images, I employ

style regularizations and inject Guassian noise in the decoder. Extensive experiments show

that the new framework is superior to or comparable to state-of-the-art baselines.

The second contribution of this dissertation is to add fine-grained control when per-

forming I2I translation. The new framework first assumes that the latent space can be

decomposed into content and style sub-spaces. Instead of naively exchanging style codes

when translating, the framework uses an interpolator that guides the transformation and

produces sequences of intermediate results under different strengths of transformation. Do-

main specific information, which might still exist in content code and generate inferior images

if they are simply treated as domain-invariant, are excluded in our framework. We prove

the key assumptions of our framework by establishing some theoretical foundations. Exten-

sive experiments show that the translated images using the new framework are superior or

comparable to state-of-the-field baselines.

This dissertation also proposes a new I2I translation framework that is shape-aware.

Attribute transfer is more challenging when the source and target domain share different

shapes, and this new model is able to preserve shape when transferring attributes. Compared

to other state-of-art GANs-based image-to-image translation models, the new model is able

to generate more visually appealing results while maintaining the quality of results from

transfer learning.

The last part of this work tries to learn to only translate objects of interest and keep the

background unaltered, which produces more visually pleasing results than other approaches.

Previous works, such as CycleGAN, MUNIT, and StarGAN2 are able to translate images

among multiple domains and generate diverse images, but they often introduce unwanted

changes to the background. To improve this, I propose a simple yet effective attention-based



framework for unsupervised I2I translation. The framework not only translates solely objects

of interests and leave the background unaltered, but also generates images for multiple

domains simultaneously. Unlike recent studies on unsupervised I2I with attention mechanism

that require ground truth for learning attention maps, the new approach learns attention

maps in an unsupervised manner. Extensive experiments show that the new framework is

superior to the state-of-the-art baselines.
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Abstract

In recent years deep learning has achieved great success in various computer vision tasks,

such as image classification and segmentation. Unsupervised image-to-image (I2I) trans-

lation, which models how to translate images from one domain to another without paired

data, lacks systematic and thorough study. In this dissertation I illustrate the significance of

studying unsupervised I2I translation, relevant theories, and propose potential approaches to

addressing drawbacks and shortcomings in existing works. This dissertation introduces four

new contributions in unsupervised I2I translation. The first contribution is the proposal of

a unified framework for unsupervised I2I translation. The second contribution is to provide

fine-grained control on I2I translation where current approaches fall short. The third contri-

bution of this dissertation is cooperating a module for controlling shapes when translating

certain type of images, which require preserving shapes after I2I translation. Lastly, this

dissertation proposes a new I2I translation framework that learns to, in an unsupervised

manner, only translate objects of interest and leave others unaltered.

The first contribution of this work is to address the open problem of multimodal unsuper-

vised I2I translation using a generative adversarial network. Previous works, such as MUNIT

and DRIT, are able to translate images among multiple domains, but they generate images

of inferior quality and less diverse. Moreover, they require training n(n� 1) generators and

n discriminators for learning to translate images among n domains. Therefore, I propose

a simpler yet more effective framework for multimodal unsupervised I2I translation. The

new approach only consists of a mapping network, a encode-decoder pair (generator), and a

discriminator. The methods assume that the latent space can be decomposed into content

and style sub-spaces by the encoder, where content space is deemed domain-invariant and



style space is domain-dependent. Unlike MUNIT and DRIT that simply sample style codes

from a standard normal distribution when translating, I employ a mapping network to learn

style codes of different domains. Translation is done through the decoder by keeping content

codes and exchanging the style codes. To encourage diversity in translated images, I employ

style regularizations and inject Guassian noise in the decoder. Extensive experiments show

that the new framework is superior to or comparable to state-of-the-art baselines.

The second contribution of this dissertation is to add fine-grained control when per-

forming I2I translation. The new framework first assumes that the latent space can be

decomposed into content and style sub-spaces. Instead of naively exchanging style codes

when translating, the framework uses an interpolator that guides the transformation and

produces sequences of intermediate results under different strengths of transformation. Do-

main specific information, which might still exist in content code and generate inferior images

if they are simply treated as domain-invariant, are excluded in our framework. We prove

the key assumptions of our framework by establishing some theoretical foundations. Exten-

sive experiments show that the translated images using the new framework are superior or

comparable to state-of-the-field baselines.

This dissertation also proposes a new I2I translation framework that is shape-aware.

Attribute transfer is more challenging when the source and target domain share different

shapes, and this new model is able to preserve shape when transferring attributes. Compared

to other state-of-art GANs-based image-to-image translation models, the new model is able

to generate more visually appealing results while maintaining the quality of results from

transfer learning.

The last part of this work tries to learn to only translate objects of interest and keep the

background unaltered, which produces more visually pleasing results than other approaches.

Previous works, such as CycleGAN, MUNIT, and StarGAN2 are able to translate images

among multiple domains and generate diverse images, but they often introduce unwanted

changes to the background. To improve this, I propose a simple yet effective attention-based



framework for unsupervised I2I translation. The framework not only translates solely objects

of interests and leave the background unaltered, but also generates images for multiple

domains simultaneously. Unlike recent studies on unsupervised I2I with attention mechanism

that require ground truth for learning attention maps, the new approach learns attention

maps in an unsupervised manner. Extensive experiments show that the new framework is

superior to the state-of-the-art baselines.
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Chapter 1

Introduction

Chapter 1 introduces the problem of unsupervised image-to-image (I2I) translation and

brie
y summarizes techniques for solving it. I begin by de�ning the problem and addressing

its signi�cance. Then, classic and current approaches to unsupervised I2I translation will be

reviewed.

1.1 Problem Statement

In recent years, computer vision (CV) has seen great success using deep learning due to im-

provements in parallel computing devices and deep learning libraries. Deep learning models

outperform humans in various CV tasks like image classi�cation4{6 and object detection7{11 .

I2I translation, which has received less attention than other CV tasks, focuses on how images

translate from one domain to another, so the translated images preserve the content of the

source domain image but appear as an image of target domain. For example, Fig 1.1 shows

examples of translating edge maps to shoes and handbags. Image-to-image translation is

a broad body of sub-problems that can be categorized into multi-domain and multimodal

1



Figure 1.1 : Examples of translating edge maps to shoes and handbags.

problems. In multi-domain I2I translation, models can translate images to multiple do-

mains simultaneously as with a model that translates cat images to dog and lion images.

Multimodal I2I translation shows that translation results are not deterministic and have

variations. For example, a winter scene translated to summer scenes can di�er because of

the lighting, or the degree of a smile might di�er when translating neutral faces to smiling

ones.

I2I translation has great signi�cance, and various computer vision tasks can bene�t from

it. Class imbalance issues in image classi�cation is one such example. Class imbalance issues

occur when one class has far fewer images than other classes. Deep learning models trained

on imbalanced data sets tend to be biased and sensitive. One can use a I2I translation

model to synthesize data for the smaller classes so that data sets are more balanced. Image

super-resolution is another example of I2I translation, referring to making images with low-

resolution into high-resolution images. Fig. 1.2 is an example of image super-resolution.

This means that a low resolution image can be transmitted over the internet at lower cost

than a high-resolution image; the receiver can then use super-resolution to make the image

a high resolution image using a trained image super-resolution model.

I2I translation not only has wide practical uses but also constantly encourages new the-

oretical breakthroughs. I2I translation is closely related to generative models, which are

2



Figure 1.2 : An example of image super-resolution.

roughly categorized into three types. The �rst type is autoencoders (AE) for studying data

compression and reconstruction. Subsequent improvement on AE has introduced various

regularizations on loss functions to learn disentangled representations of input data, which

directly inspires the study of I2I translation. For example, varying the smile dimension in

learned disentangled representation can turn neutral faces into smiling ones. Another gen-

erative model is 
ow-based, which uses the variable theorem and learns invertable mapping

from image to image, a natural option for modelling I2I. Another type of generative model,

generative adversarial networks (GANs)12, shows impressive results for unsupervised learn-

ing and is vital to this research13{18 . GANs consist of a generator and a discriminator, with

the former producing fake data samples from a latent vector and the later attempting to

distinguish fake samples from real ones. The generator can be an AE, a 
ow-based model, or

a mix of the two, thus creating many options in designing generative models. No thorough

study, however, provides a systematic guideline for choosing the right design. Therefore, in

this research, I bridge this gap theoretically and empirically.

3



1.2 Unsupervised Image-to-Image Translation

Image-to-image (I2I) translation refers to translating images from one domain to another,

one with di�erent properties. An example is the task of turning images of cartoon sketches

into real-life graphs. Many tasks in computer vision can be considered I2I translation: image

inpainting 19, style and attribute transfer20;21, and super-resolution22, among others. Paired

I2I transfer tasks require paired data sets that are costly to acquire; paired data sets make

I2I relatively easy to solve, unlike unpaired data sets. Chen and Koltun translated paired

images of semantic maps to photographic images using regression23. Isola et al. framed

paired I2I translation tasks using conditional generative models24.

Unsupervised I2I translation converts images from one domain to another without paired

data supervision. Much success in unpaired I2I translation is due to the cycle consistency

constraint, proposed in three earlier works: CycleGANs25, DiscoGANs26, and DualGANs27.

Recent systems like MUNIT28 and DRIT 29 were developed to perform multimodal I2I trans-

lation, which refers to producing images with the same content but in di�erent contexts. For

example, a winter scene could be translated into many di�erent summer scenes depending on

weather or lighting. StarGAN-V230 and ModularGANs31 have been proposed to translate

more than two domains.

Previous research shows that unsupervised I2I is feasible, but several shortcomings in the

process must be addressed.

ˆ Recent SOTA studies like MUNIT28 and DRIT 29 can translate images into several

domains, but they generate less diverse images with inferior quality. Moreover, they

require training n(n � 1) generators andn discriminators for learning to translate

images amongn domains, which is computationally expensive.

ˆ Most frameworks for unsupervised I2I translation shift images by simply keeping con-

tent latent codes and exchanging style latent codes, which generate inferior images.

4



Moreover, they often cannot control translation strength because they naively adopt

the cycle consistency loss. As a result, only one translation can be produced, and

generating possible intermediate translation results is not feasible.

ˆ Existing studies mostly focus on I2I at the image level, meaning that the entire input

image is translated. This introduces unwanted changes to the background and produces

sub-optimal translation results.

To remedy the drawbacks of current methods of unsupervised I2I translation, I propose

several approaches based on GANs and autoencoders, which I hypothesize will improve the

quality of generated images according to current state-of-the-�eld metrics.

1.3 A Uni�ed Framework for Unsupervised I2I Trans-

lation

MUNIT and DRIT have been recently suggested as frameworks for unsupervised I2I transla-

tion. MUNIT, or Multimodal UNsupervised Image-to-image Translation, and DRIT, Diverse

Image-to-Image Translation via Disentangled Representations were used in two co-current

studies that addressed the multimodal problem of unsupervised I2I translation. They use

encoders to extract content and style codes from images and translate images by replacing

the style codes with codes of di�erent domains while keeping the content codes of the source

domain. They so need a pair of encoders and decoders for each domain. As a result, they

require training n(n � 1) generators andn discriminators for learning to translate images

amongn domains, which is computationally expensive. Moreover, they sample style codes

from a standard normal distribution when translating, which leads to inferior translation.

Therefore, I propose a simpli�ed, yet more e�ective, framework for unsupervised I2I

translation. The framework consists of only one paired encoder-decoder and one discrim-
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inator for learning to translate among all domains, while achieving better generalization

than previous attempts at unsupervised translation. Instead of sampling style codes from a

standard normal distribution, I used a mapping network to learn style information. With

more generalization capability added by the mapping network, the translation results im-

proved. MUNIT and DRIT also do not regularize the style and content codes. Both studies

using MUNIT and DRIT assume that style codes are domain-speci�c and content codes are

domain-invariant, an assumption that requires imposing regularization. Therefore, I added

loss functions to impose constraints that show content codes are domain-invariant and style

codes are diverse.

To summarize, the novel contributions for this research are the following:

ˆ A new I2I translation framework that is simpli�ed yet more e�ective than existing

frameworks and reduces network size and training time;

ˆ A novel framework with a mapping network to learn the styles of di�erent domains,

leading to better translation results;

ˆ Several regularization techniques to show that content codes are domain-invariant and

style codes are diverse;

ˆ Results from extensive experiments that show the framework is superior or comparable

to SOTA baselines.

1.4 Unsupervised I2I with Fine-grained Control on La-

tent Space

Previous studies using such translators as self-supervised CycleGAN, MUNIT, and con-

trastive GAN translate images by keeping content latent codes from one domain and ex-

6



changing the style latent codes with codes from another domain, thus generating images of

inferior quality. Moreover, they depend on the cycle consistency constraint, so they cannot

generate translation images in intermediate stages. Therefore, I included a module, the in-

terpolator, which is placed between style codes of di�erent domains. The interpolator takes

two style codes and mixes them non-linearly. This allows control of the strength of trans-

lation by changing how much style code is taken from di�erent domains. Unlike naively

mixing two style codes linearly, the interpolator can produce smoother and more natural

looking results. MUNIT and DRIT both operate assuming content codes of each domain are

domian-invariant, but domain-speci�c information may still occur in content code. Without

special care, generated images could still show traits of the source domain. Therefore, to

keep content code domain-independent, I removed style-speci�c information in content code

before translating images.

To sum up, �ne-grained control over latent space manifests three ways: 1) latent codes

can be deconstructed into content and style, much like DRIT29 and MUNIT 28; 2) instead of

simply exchanging style codes, an interpolator, which is a neural network, guides their trans-

formation; and 3) domain-speci�c information in content code is removed before translation

for better results. This research o�ers the following novel contributions:

ˆ A new framework with an embedded interpolator controls translation strength and

generates smooth-looking translation results of intermediate stages;

ˆ New techniques remove domain-speci�c information in content code;

ˆ A simpli�ed framework architecture based on MUNIT reduces the size and training

time but achieves better translation.

ˆ The framework appears superior or comparable to SOTA baselines after extensive

experiments on publicly available data sets.
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1.5 Shape-aware Generative Adversarial Networks for

Attribute Transfer

Generative adversarial networks (GANs) have been successfully applied to transfer visual

attributes in many domains, including that of human face images. This success is partly

attributable to the facts that human faces have similar shapes and the positions of eyes, noses,

and mouths are �xed among di�erent people. Attribute transfer is more challenging when

the source and target domain share di�erent shapes. In this paper, we introduce a shape-

aware GAN model that is able to preserve shape when transferring attributes, and propose

its application to some real-world domains. Compared to other state-of-art GANs-based

image-to-image translation models, the model I propose is able to generate more visually

appealing results while maintaining the quality of results from transfer learning. The novel

contributions are as follows:

ˆ A novel shape-aware GANs model that is capable of multi-domain, multi-modal at-

tribute transfer while maintaining the shape of source domain;

ˆ Several strategies for stabilizing training of the proposed model.

ˆ Experiments showed that the model is able to generate more visually satisfying results

than recently proposed state-of-art baseline model while maintaining the quality of

translated results.
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1.6 Instance-level Unsupervised I2I with Self-supervised

Learning

Most studies on I2I translation emphasize translating at the image-level, not the instance

level. As a result, if the task is to translate horse images to zebra images, an image with

a horse eating green grass can be translated into a fake zebra, but the grass would also

change to yellow because most zebra images show yellow grass. In other words, the trans-

lated horse image shows unwanted changes to the background. In another scenario, images

have multiple objects of interest like two or more horses, so frameworks based on image-level

translation fail to accurately translate all objects at the same time. To achieve instance-level

translation, then, a segmentation mask must post-process the translated results. Segmenta-

tion annotations are costly because they require pixel-level annotation. Therefore, I applied

self-supervised methods to learn the segmentation mask while also learning to translate. Self-

supervised approaches exploit labels and annotations from the input data itself, so it can be

considered an unsupervised approach, unlike a supervised approach that requires annotations

provided by humans. This part of the research has the following novel contributions:

ˆ A novel framework for unsupervised I2I translation with an attention mechanism, which

allows image translation at the instance level;

ˆ A framework that allows unsupervised learning of attention maps, which does not

require segmentation annotations;

ˆ Our framework was superior the SOTA baselines, as demonstrated by extensive exper-

iments using publicly available data sets.
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1.7 Road Map

This dissertation is organized as follows:

Chapter 2 introduces theoretical background that serves as a foundation for the theory

behind I2I translation. This includes autoencoders and their variants, 
ow-based models,

and �nally GANs.

Chapter 3 lays out a novel, simpli�ed, yet more e�ective model for image translation

based on GANs and AEs. This model improves on MUNIT and DRIT but overcomes several

shortcomings. The proposed model simpli�es the network architecture without compromis-

ing translation performance. It also provides several regularization techniques to solidify

the assumption that content code is domain-invariant and style code is diverse. To further

improve translation performance, style information from di�erent domains was learned via

a mapping network instead of samples from a standard Gaussian distribution. Test beds

and evaluation metrics for evaluating the new model are also discussed, and the model is

compared to SOTA baselines.

Chapter 4 o�ers a new model that addresses the e�ect of �ne-grained control on trans-

lation results. To be speci�c, existing models perform translation by exchanging style codes

from di�erent domains. We could not, however, generate translation results of intermediate

stages using existing models. Moreover, naively interpolating two translated images to make

a pseudo intermediate image does not guarantee a smooth result. Therefore, our model was

equipped with an interpolator, which also operates as a neural network, to guide the creation

of intermediate stages. A commonly used assumption underlying I2I translation is that con-

tent codes are domain-invariant across multiple domains. However, content codes are not

guaranteed to contain domain-speci�c information, which leads to results that look arti�cial.

To address this problem, before translation begins, the new model removed domain-related

information contained in content codes. Test beds and evaluation metrics were selected to
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evaluate the new model, comparing it against previous SOTA baselines.

Chapter 5 proposes a shape-aware GAN model that is able to preserve the shape before

and after translation. I employ the same idea of interpolator proposed in Chapter 4, so the

model can translate images of intermediate results. Using an example of tomato leaves, the

model shows promising results in successfully preserving shape at little cost of classi�cation

accuracy.

Chapter 6 o�ers a novel model to achieve instance-level translation. Previous methods

mostly translate at image-level, which introduces unwanted changes to the background and is

limited if multiple objects of interest appear in the original images. The new model achieved

instance-level translation by using a self-supervised, attention mechanism. Some studies

have attempted to use an attention mechanism, but the mechanism is often supervised and

requires segmentation masks in the model, a costly technique. Moreover, previous research

often used oversimpli�ed models for dual-domain translation, which requires a large amount

of training to model multiple domains. Therefore, our model used a uni�ed framework

that achieved instance-level I2I translation while also using multiple domains and producing

diverse translation results. Test beds and evaluation metrics evaluated the new model,

comparing it against previous SOTA baselines.

In Chapter 7, I review the claims made throughout this dissertation, summarize key

�nding, and provide ideas for future study.
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Chapter 2

Literature Review

This chapter provides a review of recent literature on generative models with a focus on

autoencoders and generative adversarial neural networks.

2.1 Autoencoders

The ability to learn useful representations of data with little or no supervision is challenging.

Autoencoders (AEs32) could accomplish this goal. AEs learn mapping from high-dimensional

observations to lower-dimensional representation space so that the original observations can

be reconstructed (approximately) from lower-dimensional representations. Bengio et al.33

proposed a set of meta-priors, which are general assumptions about or goals of AE such as

disentanglement of explanatory factors and the concentration of data on low-dimensional

manifolds. AEs can be grouped by meta-priors into four categories:

ˆ Disentanglement: If data consists of independent factors of variations, disentanglement

AEs can capture these factors in learned representations. Therefore, changing one
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factor leads to only one variation in reconstructed data.

ˆ Hierarchical organization of explanatory factors: This assumes data can be described

by a hierarchy of increasingly abstract concepts. For example, images can be abstractly

described using objects at di�erent levels of granularity.

ˆ Semi-supervised learning: Supervised and unsupervised learning share representations.

and shared representations can then be used to synthesize data.

ˆ Clustering: Assuming data has multi-category structures, structures can be captured

with a latent mixture model where each mixture corresponds to one category, and its

distribution models the factors of variations within that category, which leads to a

representation within that cluster and enables controlled data synthesis.

2.1.1 Preliminaries

Variational autoencoders34 are intended to learn disentangled, semantically meaningful, sta-

tistically independent and causal factors of variation in data. VAEs consist of two coupled

but independent models: the encoder and decoder. The encoder models a mapping (p� (zjx))

from data space to latent variables, and the decoder learns a mapping from latent variables

to original data space. To turn the intractable posterior inference into tractable problems,

we can introduce a parametric inference modelq� (zjx), where � are the parameters of this

inference model. We optimize� such that p� (zjx) � q� (zjx). The distribution q� (zjx) can

be parameterized using deep neural networks. The parameters� can be the the weights and

biases of the neural network.

(�; log� ) = Encoder� (x) (2.1)

q� (zjx) = N (z; �; diag(� )) (2.2)

The optimization objective of the variational autoencoder is the evidence of the lower bound,
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abbreviated as ELBO. For any choice of inference modelq� (zjx), we have

logp� (x) = Eq� (zjx) [logp� (x)]

= Eq� (zjx) [log[
p� (x; z)
p� (zjx)

]]

= Eq� (zjx) [log[
p� (x; z)
q� (zjx)

q� (zjx)
p� (zjx)

]]

= Eq� (zjx) [log[
p� (x; z)
q� (zjx)

]]
| {z }

= L �;� (x)

+ Eq� (zjx) [log[
q� (zjx)
p� (zjx)

]]
| {z }

= DKL (q� (zjx)jj p� (zjx))

(2.3)

The �rst term is the ELBO, and the second term is the Kullback-Leibler (KL) divergence

betweenq� (zjx) and p� (zjx), which is equal to or greater than 0. So we have the following

inequality:

L �;� (x) = logp� (zjx) � D KL (q� (zjx)jjp� (zjx))

� logp� (zjx):
(2.4)

When we maximize the ELBOL �;� (x) w.r.t � and � , we will maximize the marginal likelihood

p� (x) and minimize the KL divergence so thatq� (zjx) is closer tologp� (zjx).

Intuitively, we would attempt to optimize the ELBO using gradient descent. The back-

propagation, however, throughz is infeasible because it is randomly sampled from some

distribution. We resolve this problem by the reparameterization trick. assuming we have

continuous latent variables and a di�erentiable encoder and generative model, so the ELBO

can be straightforwardly di�erentiated w.r.t. both � and � through a change of variables.

This process is called the reparameterization trick. We �rst express the random variable

z � q� (zjx) as some di�erentiable (and invertible) transformation of another random variable

� , given z and � : z = g(�; �; x ), where the distribution of random variable� is independent

of x and � . Then, we can rewrite the expectations in terms of� :

Eq� (zjx) [f (z)] = Ep(� ) [f (z)]: (2.5)

Under the reparameterization, we can replace the expectation forq� (zjx) with one for
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p(� ):

L �;� (x) = Eq� (zjx) [log[
p� (x; z)
q� (zjx)

]]

= Ep(� ) [log[
p� (x; z)
q� (zjx)

]]:
(2.6)

After we replacez with g(�; �; x ), we can calculate the gradient forz and � because they are

not produced in a random sampling process.

Computation of ELBO

Computing ELBO requires computing the density,log(q� (zjx)), which can be easy to com-

pute with suitable g(�). If g(�) is an invertible function, the densities of� and z are related

by logq� (zjx) = logp(� ) � logd� (x; � ), where the the second term islogjdet@z
@�j.

We usually use Gaussian distribution for factorizing the encoder, which meansq� (zjx) =

N (z; �; diag(� 2)), where � and � are outputs of the encoder. After reparameterization, we

can write:

� � N (0; I ); (2.7)

(�; log� ) = Encoder� (x); (2.8)

z = � + � � �; (2.9)

where � is element-wise product. The Jacobian of the transformation from� to z is @z
@� =

diag(� ), which is a diagonal matrix with the elements of� on the diagonal. Then, the log

determinant of the Jacobian is
P

i log� i , so the posterior density can be written as

logq� (zjx) = logp(� ) � logd� (x; � )

=
X

i

logN (� i ; 0; 1) � log� i :
(2.10)
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2.1.2 VAE for Learning Disentangled Representations

Assuming the data are generated from independent factors of variations, VAEs with suit-

able regularization can learn disentangled representations. A classic approach to enforce

some meta-priors on the latent representations is to regularize the posteriorq� (zjx) or the

aggregated posteriorq� (z). Most recent work can be summarized into an objective in the

form

L V AE (�; � ) + � 1E ^p(x) [R1(q� (zjx))] + � 2R1(q� (z)) ; (2.11)

where R1 and R2 are regularizers, and� 1, � 2 > 0 are the corresponding weights. The

main idea behind several recent research on disentanglement augmented theL V AE loss with

regularizers that encourage disentanglement of the latent variablez.

� � V AE 35 proposes to weigh the second term in Equation 2.11 with a coe�cient� > 1,

thus adding � 1 = � � 1 > 0 to L V AE (�; � ):

L � � V AE (�; � ) = L V AE (�; � ) + � 1E ^p(x) [R1(q� (zjx))] : (2.12)

By minimizing Equation 2.12, we encourageq� (zjx) to better match the factorized prior

q� (x), which in turn constrains the implicit capacity of the latent representationz � q� (zjx)

and encourages it to be factorized.

In FactorVAE 36, we observed that Equation 2.11 encouragedq� (z) to be factorized by

penalizing the second term but simultaneously discouraged the latent code to be informa-

tive by penalizing the �rst term. To reinforce only the former e�ect, FactorVAE proposes

to regularize L V AE with the total correlation TC( q� (z) = DKL (q� (z)jj
Q

j q� (zj )) of q� (z),

which is a popular measure of dependence for multiple random variables. The objective of

FactorVAE is

L F actorV AE (�; � ) = L V AE (�; � ) + � 2TC(q� (z); (2.13)

where the last term is the total correlation.
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� � T CV AE 37 splits DKL (q� (z)jjp� (z)) into DKL (q� (z)jj
Q

j q� (zj ))+
P m

j =1 DKL (q� (zj )jjp(zj )),

penalizing each term individually.

L � � T CV AE (�; � ) = L V AE (�; � ) + � 1TC(q� (z) + � 2

X

j

DKL (q� (zj )jjp(zj )) ; (2.14)

where� 1 and � 2 are set to 0 by default, leading to the same objective as FactorVAE. Unlike

FactorVAE, however, the TC term is estimated using importance sampling.InfoVAE 38

rewrites L V AE (�; � ) as

DKL (q� (z)jjp(z)) + Ep̂(x)DKL (q� (xjz)jjp� (xjz)) ; (2.15)

which encourages disentanglement. We can further reweight the �rst term in 2.15 and

encourage mutual information betweenz � q(zjx) and x by adding a regularizer proportional

to I q� (x; z) to 2.15. We can further rearrange the terms in the resulting objective, arriving

at

L V AE (�; � ) + � 1DKL (q� (z)jjp(z)) + � 2Ep̂(x)DKL (q� (zjx)jjp� (z)) : (2.16)

For tractability, the last term in Equation 2.16 is replaced by other divergences, such as the

Jensen-Shannon divergence, which is implemented as a GAN model.

DIP-VAE 39 It suggests matching the moments of the aggregated posteriorq� (z) to a mul-

tivariate standard normal beforep(z) during optimization of L V AE (�; � ) to encourage disen-

tanglement of the latent variablesz � q(z). It proposes to match the covariance ofq� (z) and

N (0; I ) by penalizing their L2 distance, leading to a disentangled inferred prior objective:

L V AE (�; � ) + � 1

X

k6= l

(Covq� (z) [z])2
k;l + � 2

X

k

((Covq� (z) [z])k;k � 1)2: (2.17)

For standard parametrization,q� (zjx) = N (� � (x); diag(� � (x))), Covq� (z) [z] =
P N

i =1 diag(� � (x i )) + Covp̂(x) [� � (x)], � � (x) only contributes to the diagonal ofCovq� (z) [z].

HSIC-VAE 40 It leverage the Hilbert-Schmidt independence criterion (HSIC) to encourage
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independence between groups of latent variables, as

L V AE (�; � ) + � HSIC(q� (zG1 ); q� (zG2 )) ; (2.18)

wherezG = f zkgk2 G is an estimator of HSIC. In addition to controlling independent relations

of the latent variables, HSIC can be used to remove sensitive information, provided as labels

with the training data, from latent representation by using the regularizer HSIC.

HFVAE 41 It hierarchically decomposes theDKL term into a regularization term of the de-

pendencies between groups of latent variablesf GkgnG
k=1 and regularization of the dependencies

between the random variables in each groupGk . Re-weighting di�erent regularization terms

allows encouraging di�erent degrees of intra- and inter-group disentanglement, leading to

the following:

L HFVAE (�; � ) = L V AE � � 1I q� (x; z)

= + � 2(� Eq� (z) [log
p(z)

Q
G2 G p(zG)

] + DKL (q� (z)jj
Y

G2 G

q� (zG)))

= + � 3

X

G2 G

(� Eq� (zG ) [log
p(zG)

Q
k2 G p(zk)

] + DKL (q� (zG)jj
Y

k2 G

q� (zk))) ;

(2.19)

where� 1 controls the mutual information between the data and latent variables, and� 2 and

� 3 determine the regularization of dependencies within groups by penalizing the correspond-

ing total correlation.

VIB 42 It aims to derive a variational approximation of the information bottleneck objec-

tive, which targets learning a compact representationz of some random variablex that is

maximally informative about some random variabley. The objective of VIB is

L VIB (�; � ) = L V AE (�; � ) + � 1Ep̂(x) [DKL (q� (zjx)jjp(z))] + � 2TC(q� (z)) : (2.20)

We can derive a more tractable expression for 2.20 and establish a connection to dropout

for particular choices ofp(z) and q� (zjx).

AAE 43 Adversarial Autoencoders (AAEs) turn a standard autoencoder into a generative
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model by imposing a prior distribution p(z) on the latent variables by penalizing some

statistical divergenceD f between p(z) and q� (z) using a GAN. Using the negative log-

likelihood as reconstruction loss, the AAE objective can be written as

L AAE (�; � ) = Ep̂(x) [Eq� (zjx) [� logp� (xjz)]] + � 2D f (q(z)jjp(z)) : (2.21)

The encoder and decoder are deterministic, which means thatp(xjz) and q(zjx) are replaced

by decoder (D � ) and encoder (E � ), and the negative log-likelihood in 2.24 is replaced with

the standard autoencoder loss. The advantage of implementing the regularizer� 2D f using

a GAN is that any p(z) we sample can be matched.

VFAE 44 (Variational Fair Autoencoders) assumes a likelihood of the formp� (xjz; s), where

s models redundant latent factors like sensitive information.z models the remaining latent

factors. Using an approximate posterior of the formq� (zjx; s) and imposing factorized prior

p(z)p(s) encourages independence ofz � q� (zjx; s) from s. However,z might still contain

information about s, in particular in supervised settings wherez encodes label information

y that might correlate with s and additional factors of variation z0. To mitigate this issue,

VFAE proposes an MMD-based regularizer toL VAE , encouraging independence between

q(zjs = k) and q(zjs = k0).

L VFAE (�; � ) = L VAE + � 1

KX

l=2

MMD( q� (zjs = l); q� (zjs = 1)) ; (2.22)

whereq� (zjs = l) =
P

i :s( i ) = l
1

jf i :s( i ) = lgj q� (zjx(i ) ; s(i )). To reduce the computational complexity

of the MMD, VFAE can use random Fourier features.

2.1.3 VAE for Learning Hierarchical Representations

PixelVAE 45 It uses a VAE with feed-forward convolutional encoder and decoder, combining

the decoder with a (shallow) conditional PixelCNN46 to predict output probabilities. It has

a hierarchical encoder and decoder structure with several levels of latent variables, meaning
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p� (x; z1; z2; :::; zL ) = p� (xjz1)p� (z1jz2):::p� (zL � 1jzL )p(zL ). The variables are realized by a feed-

forward convolutional network. This approach extracts high- and low-level features on one

hand, allowing controlled generation of local and global structure but, on the other hand,

results in better clustering of the codes according to classes for multi-class data.

VLAE 47 The second term inL VAE of Equation 2.11 encourages the latent codez � q� (zjx)

to store only the information that cannot be modeled locally by decoding distributionp� (xjz).

To enforce latent codesz � q� (zjx) in storing meaningful information, VLAE adapts the

structure of the decoding distributionp� (xjz), so it cannot model information we want z to

store. For example, to encouragez to capture global high-level information while allowing

p� (xjz) to model local information like texture, we used an autoregressive decoding distribu-

tion with a limited local receptive �eld that cannot model long-range spatial dependencies.

VQ-VAE 48 It realizes a VAE with discrete latent space structure using vector quantization

(VQ-VAE). Each latent variable zj is assumed to be a categorical random variable with

K categories, and the approximate posteriorq� (zj jx) is assumed to be deterministic. Each

category is associated with an embedding vectorek 2 RD . The embedding operation induces

an additional latent space dimension of sizeD. Let us say the latent representationz is an

M � M � 1 feature map, the embedded latent representation ~z is an M � M � D feature

map. The distribution q� ( ~zj jx) is implemented using a deterministic encoder networkE � (x)

with D-dimensional output, quantized w.r.t the embedding vectorsf ekgK
k=1 . In summary,

we have

q� ( ~zj = ek jx) =

8
><

>:

1 if k = argmin l








 E� (x) � el










0 otherwise
; (2.23)

The embeddingsek can be learned individually for each latent variablezj or shared for

the entire latent space. Assuming a uniform priorp(z), the second term inL VAE evaluates

to logK becauseq� (zjx) is deterministic and can be discarded during optimization. The

embedding vectorsek , which do not receive gradients as a consequence of using a straight-

through estimator, are updated as the mean of the encoded pointsE� (x(i )) assigned to the
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corresponding categoryk as in mini-batch k-means.

2.1.4 VAE for Semi-supervised Representations

For Semi-supervised VAE 49, latent codes can be divided into two parts:z and y, where

y is label information. The inference model takes the formq� (zjy; x) = q� (zjy; x)q� (yjx),

meaning there is a hierarchy betweeny and z. When labels are available, the inference

model is conditioned ony, meaningq� (zjy; x). Without a label, the label is inferred from

q� (z; yjx). This model thus e�ectively disentangles the latent code into two partsy and z and

allows semi-supervised classi�cation and controlled generation by holding one of the factors

�xed and generating the other. This model can optionally be combined with an additional,

unsupervised learning model to gain an additional level of hierarchy.

AAE 43 (Adversarial Autoencoders (AAEs)) turns a standard autoencoder into a generative

model by imposing a prior distribution p(z) on the latent variables by penalizing some

statistical divergenceD f between p(z) and q� (z) using a GAN. Using the negative log-

likelihood as reconstruction loss, the AAE objective can be written as

L AAE (�; � ) = Ep̂(x) [Eq� (zjx) [� logp� (xjz)]] + � 2D f (q(z)jjp(z)) : (2.24)

The encoder and decoder are assumed to be deterministic, which means thatp(xjz) and

q(zjx) are replaced by decoder (D � ) and encoder (E � ), and the negative log-likelihood in

Equation 2.24 is replaced with the standard autoencoder loss. The advantage of implement-

ing the regularizer� 2D f using a GAN is that any p(z) we can sample can be matched.

2.1.5 VAE for Unsupervised Learning

In PixelGAN-AE 50, if p� (xjz) is not too powerful (in the sense that it cannot model

the data distribution unconditionally without using the latent code z), the term p� (xjz)
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and the reconstruction term have competing e�ects: a small amount of mutual information

I q� (x; z) makes reconstructingx i from q� (zjx(i )) challenging for p� (xjz), leading to a large

reconstruction error. Conversely, a small reconstruction error requires the codez to be

informative and henceI q� (x; z) to be large. In contrast, if the decoder is powerful, the mutual

information and reconstruction terms can be minimized and are largely independent, which

prevents the latent code from being informative and hence providing a useful representation.

To prevent this, PixelGAN-AE drops the I q� (x; z).

L PixelGAN-AE (�; � ) = L V AE (�; � ) � I q� (x; z): (2.25)

JointVAE 51 equips the� � VAE framework with heterogeneous latent variable distributions

by concatenating continuous latent variablesz with discrete onesc for improved disentang-

ment of di�erent types of latent factors. The corresponding approximate posterior is factor-

ized asq� (cjx)q� (zjx). The regularization strength � 1 in the � � VAE objective is gradually

increased during training, assigning di�erent weights to the regularization term correspond-

ing to the discrete and continuous random variables. Numerical results (based on visual

inspection) show that the discrete latent variables naturally model discrete factors of vari-

ation like digit class in MNIST or garment type in Fashion-MNIST and hence disentangle

such factors better than models with continuous latent variables only.

2.2 GANs for Unpaired Image-to-Image Translation

Ideally, generative models learn how data is distributed, thus allowing data synthesis from

the learned distribution. Since the advent of GANs12, generative models have achieved

impressive results in tasks like image editing52;53 and style transfer21. GANs learn the data

distribution by approximating the similarity of distributions between the training data and

the fake data produced by the learned model. GANs usually comprise a generator and a

discriminator. The entire model learns by playing a minimax game: the generator tries to

fool the discriminator by gradually generating realistic data samples, and the discriminator,
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in turn, tries to distinguish real samples from fake ones. GANs have been improved in various

ways. To produce more realistic samples, an architecture of stacked GANs has been proposed:

the laplacian pyramid of GANs54; layered, recursive GANs55; progressive growing GANs56;

and style-based GANs20;21. Several studies have attempted to solve the instability training of

GANs using energy-based GANs57, Wasserstein GANs58, and boundary equilibrium GANs59.

Generative models are designed to model and reproduce the statistical distribution of the

training data, allowing the synthesis of data from the learned distribution. The key incentive

behind GANs is estimating the underlying probability density or probability mass function

of the observed data. GANs learn the probability distribution implicitly by computing the

similarity of the distribution between the real training examples and the fake data generated

by the learned model. After the model is trained well, it can be used to generate additional

data with distribution similar to the real data.

Figure 2.1 shows the general architecture of GANs. The learning process is guided by

a minmax game (See Equation 2.1) where the discriminator (D) increases the probability

of classifying images as real when the images (x) are sampled from the real distribution

(pdata (x)). The generator (G), however, tries to decrease the likelihood of identifying gen-

erated images as real when images come from the fake distribution (pz(z)). As learning

progresses, the discriminator gets better at classifying the data as real or not, and the gen-

erator becomes better at producing realistic data. Naturally, the generator can then be used

to generate data when training examples are not su�ciently available.

min
G

max
D

V(D; G) = E
x2 pdata (x)

[logD(x)] + E
z2 pz (z)

[log(1 � D(G(z)))] (2.26)

Image-to-image (I2I) translation refers to translating images from one domain with one

set of properties to another with di�erent properties. An example is the task of turning

images of cartoon sketches into real-life graphs. Many tasks in computer vision can be posed

as I2I translation, such as image inpainting19, style and attribute transfer20;21, and super-
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Figure 2.1 : Architecture of GANs

resolution22. Paired I2I transfer tasks require costly paired data sets; translation using

paired data sets are relatively easier to solve than unpaired data sets. Chen and Koltun

translated paired images of semantic maps to photographic images using regression23. Isola

et al. framed paired I2I translation tasks using conditional generative models24. We will

review the literature on the more challenging unpaired I2I task where no paired data sets

are available. Unpaired I2I translation can be categorized into two-domain I2I and multi-

domain I2I, and each category can be divided into two sub-groups: single-modal output

and multi-modal output. Single-modal output means that a framework can produce only a

single output, and multi-modal output refers to variations on a single output. For example, a

winter scene can be translated into di�erent summer scenes with di�erent lighting or weather

conditions.

Two-domain single-modal I2I

Two-domain single-modal I2I refers to frameworks that can translate images between two

domains resulting in only one translated image. We begin by reviewing some pioneering

research that inspired unpaired I2I.
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CycleGANs 16 learn a mapping G: X ! Y such that the distribution of images from

G(X ) is indistinguishable from the distribution from Y; CycleGANs use an adversarial loss

expressed as

L CycleGANs (G; DY ; X; Y ) = Ey� pdata (y) [logDY (y)] + Ex� pdata (x) [log(1 � DY (G(x)))] ; (2.27)

where G generates imagesG(x) that look similar to images from domainY , while DY

distinguishes between translated samplesG(x) and real samplesy. G minimizes this objective

against an adversary D that maximizes it. CycleGANs introduce a similar adversarial loss

for the mapping functionG0: Y ! X as well as its discriminatorDX . CycleGANs introduce

a cycle consistency loss to enforceG0(G(X )) � X , meaning for each image x from domain X,

the image translation cycle should bring x back to the original image. The cycle consistency

loss is calculated as

L CycleGANs (G; G0) = Ey� pdata (y) [jjG(G0(y)) � yjj 1] + Ex� pdata (x) [jjG0(G(x)) � xjj 1]: (2.28)

The full objective is

L (G; G0; X; Y ) = L GAN (G; DY ; X; Y ) + L GAN (G0; DX ; Y; X) + � L cyc(G; F ); (2.29)

where� controls the relative importance of the two objectives. We solve for

G� ; G0� = arg min
G;G0

max
D x ;D y

L (G; G0; X; Y ): (2.30)

U-GAT-IT 60 stands for unsupervised generative attentional networks with adaptive layer-

instance normalization for image-to-image translation. U-GAT-IT has an attention module

that guides a model to focus on more important regions, distinguishing between source and

target domains based on the attention map obtained by the auxiliary classi�er. Moreover, the

AdaLIN (adaptive layer-instance normalization) function helps our attention-guided model

to 
exibly control the amount of change in shape and texture by learned parameters depend-

ing on datasets. The translation model consists of an encoderEs and an auxiliary classi�er

� s(x) trained to learn the weight of the k-th feature map for the source domain,wk
s , by

using global average pooling and global max pooling; i.e.,� s(x) = � (
P

k wk
s

P
ij E k ij

s (x)).
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By exploiting wk
s , we can calculate a set of domain speci�c attention feature mapsas(x) =

ws � Es(x) = f wk
s � E k

s (x)j1 � k � ng, where n is the number of encoded feature maps.

Residual blocks are equipped with AdaLIN whose parameters,
 and � , are dynamically

computed by a fully connected layer from the attention map.

AdaLIN( a; 
; � ) = 
 (� � âI + (1 � � ) � âL ) + � (2.31)

âI =
a � � Ip

� 2
I + �

; âL =
a � � Lp

� 2
L + �

; (2.32)

�  clip[0;1](� � � � � ) (2.33)

� I , � L are channel-wise, layer-wise mean, and� I , � L are standard deviations,
 and � are

parameters generated by the fully connected layer,� is the learning rate, and � � indicates

the parameter update vector (e.g., the gradient) determined by the optimizer. A special loss

function used in this research is CAM loss, which is the classi�cation loss. Imposing this loss

function shows the generator and discriminator where they must improve or what makes the

most di�erence between the two domains in the current state.

UAIT 61 stands for unsupervised attention-guided image-to-image translation, where unsu-

pervised attention mechanisms are introduced to jointly train with generators and discrim-

inators. The proposed approach has two attention networks. OneAS extracts attention

maps of images from the source domain, and anotherAT extracts attention maps of images

from the target domain. The translated image is evaluated by

s0 = sa � FS! T (s) + (1 � sa) � s; (2.34)

where FS! T (s) translates source images to the target domain T, and sa is the attention

map.

UAITs also embed attention mechanisms into the discriminator, which only considers

attended regions. Simply usingsa � s is problematic because real samples fed to the discrim-

inator now depend on the initially-untrained attention mapsa. This leads to mode collapse

if all networks in the GAN are trained jointly. To overcome this issue, UAITs �rst train
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the discriminators on full images for 30 epochs, and then switch to masked images once the

attention networks AS and AT have developed. Further, with a continuous attention map,

the discriminator may receive fractional pixel values, which may be close to zero early in

training. While the generator bene�ts from the ability to blend pixels at object boundaries,

multiplying real images by these fractional values causes the discriminator to learn that mid

gray is real. Thus, they provide a threshold for the learned attention map for the discrimi-

nator. The loss functions are common, which include adversarial loss and cycle consistency

loss.

TIIT 62 stands for towards instance-level image-to-image translation. TIIT is based on

MUNIT 28 and equipped with instance-level translation. MaskRCNN63 is used to extract

(multiple) instance(s) from images. Translation is done by swapping style codes but keeping

content codes. The loss functions are similar to MUNIT, which include cycle consistency

loss, adversarial loss, and latent codes reconstruction loss, but TIIT uses the global level and

MUNIT the local instance level.

AGOT 64 stands for attention-GAN for object trans�guration in wild images. This frame-

work also introduces an attention mechanism into an image-to-image translation framework.

AGOT, however, is supervised; i.e. they train the attention network with segmentation

annotations. Like UAIT, they express translated images as

s0 = sa � FS! T (s) + (1 � sa) � s; (2.35)

where FS! T (s) translates source images to the target domain T, and sa is the attention

map. The loss functions used to train the network are standard for other image-to-image

translation frameworks. The loss functions are adversarial loss, cycle consistency loss, and

a sparse loss to encourage the attention network to focus on a small region related to the

object instead of the whole image. The sparse loss is the L1 loss of attention maps.

AGGAN 65 stands for attention-guided generative adversarial networks for unsupervised

image-to-image translation. AGGANs embed an attention module inside the generator. Like
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other image-to-image translation frameworks, AGGAN learns two attention maps, one from

the source domain to the target domain and another in the reverse direction. For example,

the generator (GX ! Y ) : x ! [M y; Ry; Gy] takes in source imagex and outputs an attention

map (M y), content map (Ry), and translation results Gy. The attention maps de�ne a per

pixel intensity specifying to what extent each pixel in the content maps will contribute to the

�nal rendered image. Translation resultsGy can be obtained byRy � M y + x � (1 � M y). The

generator only considers the attended area, but the discriminator looks at the entire region.

Therefore, an attention mechanism is added to the discriminator, so it only focuses on the

area of interest. The �nal loss function comprises attention-guided adversarial loss and cycle

consistency loss. To reduce changes and constrain generators, we adopted pixel loss between

the input images and the generated images. To prevent attention maps being saturated to

1, at which point, the attention-guided generator has no e�ect, generators perform a total

variation regularization over attention maps.

MUNIT & DRIT 28;29 share similar ideas: the generator consists of a style encoder and

a content encoder. The content encoder extracts content codes, which are assumed to be

domain-invariant, and the style encoder outputs style codes that are domain-variant. When

MUNIT and DRIT perform image translation, the style codes of di�erent domains are ex-

changed, and the content codes are kept. Like other GANs-based models, they use a discrim-

inator to distinguish images of di�erent domains. The loss functions for training the model

are adversarial losses for translated results, cycle-consistency loss, image reconstruction loss

when decoded back from the latent codes, and latent code reconstruction loss. Image recon-

struction loss and latent code reconstruction loss have not been discussed, so they will be

illustrated here. We can reconstruct images using the decoder on the latent codes obtained

from the encoders, so the image reconstruction loss is expressed as

L x
recon = kD(Ec(x); Es(x)) � xk1 ; (2.36)

whereEc is the content encoder, andEs is the style encoder.D is the decoder. Latent codes

can be reconstructed from the translated images, and the latent code reconstruction loss is
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expressed as

L c
recon = kc0

m � cmk1 ; (2.37)

L s
recon = ks0

n � snk1 ; (2.38)

where cm and sn are content codes ofxm and style codes ofxn . Encoding the translated

imagexmn produces (c0
m ; s0

n ).

StyleGANs 13 are based on the progressively growing gan56; both the generator and dis-

criminator grow progressively, starting from a low resolution of 4� 4 and adding new layers

that model increasingly �ne details as training progresses before achieving high resolution of

1024� 1024. Several techniques can increase the quality of the �nal images. The �rst uses

minibatch standard deviation, which solves one problem with gans; they have a tendency to

capture only a subset of the variation found in training data. Their solution is to compute

the standard deviation for each feature in each spatial location over the minibatch. Then,

these estimates are averaged over all features and spatial locations to arrive at a single value.

They replicate the value and concatenate it to all spatial locations and over the minibatch,

yielding one additional feature map, which is inserted towards the end of the discriminator.

The second technique solves the problem of GANs being prone to escalating signal mag-

nitudes as a result of unhealthy competition between the discriminator and the generator.

Using a trivial N (0; 1) initialization and then explicitly scaling the weights at runtime re-

places carefully designed weight initialization. Another technique is to normalize the feature

vector in each pixel to unit length in the generator after each convolution layer.

StyleGAN is based on a progressively growing gan, but it makes several improvements. The

biggest change is removing the progressive grow training scheme. First, an 8-layer multi-

layer perceptron is used on the initial latent codez that produces an intermediate style code

w. Then, w is injected into the generator using adaptive instance normalization (AdaIN)
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operations after each convolution layer. The AdaIN operation is de�ned as

AdaIN(x i ; y) = ys;i
x i � � (x i )

� (x i )
+ yb;i; (2.39)

where each feature mapx i is normalized separately and then scaled and biased using the

corresponding scalar components from styley. Finally, the generator is provided a direct

means to generate stochastic detail by introducing explicit noise inputs. These are single-

channel images consisting of uncorrelated Gaussian noise. We fed a dedicated noise image

to each layer of the synthesis network.

2.3 Flow-Based Model for I2I Translation

Autoencoders and generative adversarial networks do not explicitly model the probability

density function of data. Flow-based models try to do so using normalizing 
ows, which are

a powerful statistical tool for density estimation. Normalizing 
ows66 transform a simple dis-

tribution into a complex one by applying a sequence of invertible transformation functions.

Flowing through a chain of transformations, such models repeatedly substitute one variable

for a new one according to the change of variables theorem, eventually obtaining a prob-

ability distribution of the �nal target variable. Mathematics requires in normalizing 
ows

that all transformation functions be easily invertible and their Jacobian determinant easy

to determine. There are three important models with normalizing 
ows. Dinh et al.67 used

RealNVP (real-valued non-volume preserving) to implement a normalizing 
ow by stacking

a sequence of invertible bijective transformation functions. Dinh et al.68 also used a pre-

decessor model of RealNVP called NICE (non-linear independent component estimation),

whose transformation is the a�ne coupling layer without the scale term, known as an addi-

tive coupling layer. Kingma and Dharimal69 extended previous reversible generative models,

NICE and RealNVP, and simpli�ed the architecture by replacing the reverse permutation

operation on the channel ordering with invertible 1x1 convolutions. The details of these

models are reviewed in detail in Chapter 2.
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Image-to-image translation would be easy if we could �nd the hidden factors behind the

images that control whether the image is, for instance, a cat or dog. When we discuss GANs

and VAEs, latent codesz are important intermediaries between source images and translated

images. However, neither of them explicitly learns the probability density function because it

is too di�cult. Flow-based models can �nd such disentangled factors, so we can manipulate

them to turn, for example, cat images into dog images.

Flow-based generative models are based on the change of variable theorem, which is

brie
y illustrated here. Given a random variablez and its known probability density function

z � � (z), we construct a new random variable using a 1-1 mapping functionx = f (z), whose

inverse functionz = f � 1(z) exists. We can inferp(x) using
Z

p(x)dx =
Z

� (z)dz = 1 (2.40)

p(x) = � (z)j
dz
dx

j = � (f � 1(x)) j
df � 1

dx
j = � (f � 1(x)) j(f � 1)0(x)j: (2.41)

The multivariable version has a similar format:

z � � (x); x = f (z); z = f � 1(x) (2.42)

p(x) = � (z)jdet
dz
dx

j = � (f � 1(x)) jdet
df � 1

dx
j (2.43)

where detdz
dx is the Jacobian determinant of the functionf . A normalizing 
ow transforms a

simple distribution into a complex one by applying a sequence of invertible transformation

functions. Flowing through a chain of transformations, we repeatedly substitute each variable

for a new one following the change of variables theorem and eventually obtaining a probability

distribution of the �nal target variable. To illustrate, we have x = zi = f i (zi � 1); zi � 1 =
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f i � 1(zi � 2); :::; z1 = f 1(z0); then we have

zi � 1 � pi � 1(zz� 1) (2.44)

zi = f i (zi � 1) ! zi � 1 = f � 1
i (zi ) (2.45)

pi (zi ) = pi � 1(f � 1
i (zi )) jdet

df � 1
i

dzi
j (2.46)

= pi � 1(zi � 1)jdet(
df i

dzi � 1
)� 1j according to inverse function theorem. (2.47)

= pi � 1(zi � 1)jdet
df i

dzi � 1
j � 1 according to property of the Jacobian invertible function, then

(2.48)

logpi (zi ) = log pi � 1(zi � 1) � logjdet
df i

dzi � 1
j (2.49)

= logpi � 2(zi � 2) � logjdet
df i � 1

dzi � 2
j � logjdet

df i

dzi � 1
j (2.50)

= ::: = logp0(z0) �
KX

i =1

logjdet
df i

dzi � 1
j p0(z0) is known to us. (2.51)

The path traversed by the random variableszi = f i (zi � 1) is the 
ow, and the full chain formed

by successive distributionspi is called a normalizing 
ow. Required by the computation

in the equation, a transformation function f i should be easily invertible and its Jacobian

determinant easy to compute.

RealNVP 67 stands for real-valued non-volume preserving, which implements a normalizing


ow by stacking a sequence of invertible bijective transformation functions. In each bijection

f : x ! y, known as a�ne coupling layer, the input dimensions are split into two parts. The

�rst d dimensions remain the same, and the rest undergo an a�ne transformation. Both the

scale and shift parameters are functions of the �rstd dimensions, so we have

y1:d = x1:d (2.52)

yd+1: D = xd+1: D � exp(s(x1:d)) + t(x1:d); (2.53)

where s(:) and t(:) are scale and translation functions, and both map. The� operation

is the element-wise product. The mapping function is easily invertible, and its Jacobian
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determinant is easy to compute: exp(
P D � d

j =1 s(x1:d) j ). Furthermore, RealNVP can work in

a multi-scale architecture to build a more e�cient model for larger inputs. The multi-scale

architecture applies several sampling operations to normal a�ne layers, including spatial

checkerboard pattern masking, squeezing, and channel-wise masking.

NICE 68 stands for non-linear independent component estimation, a predecessor of RealNVP.

The transformation in NICE is the a�ne coupling layer without the scale term, known as

an additive coupling layer.

y1:d = x1:d (2.54)

yd+1: D = xd+1: D + m(x1:d): (2.55)

GLOW 69 stands for generative 
ow with invertible 1x1 convolutions. The GLOW model

extends the previous reversible generative models, NICE and RealNVP, by replacing the

reverse permutation operation on the channel ordering with invertible 1� 1 convolutions. The


ow module in GLOW consists of three sub-modules. It begins with activation normalization,

which performs an a�ne transformation using one scale and bias parameter per channel. The

parameters are trainable but initialized, so the �rst minibatch of data has a mean of 0 and

standard deviation of 1 after normalization. The second step in the 
ow module is invertible

1� 1 convolution, which is a generalization of any permutation of the channel ordering. For

instance, we have an invertible 1� 1 convolution of an input hw � c tensor h with a weight

matrix W of sizec � c. The output is a h � w � c tensor, labeled asf = conv2d(h;W). We

must compute the Jacobian determinant, detdfdh , to apply the change of variable rule. The

input and output after 1 � 1 convolution can be viewed as a matrix ofh � w. Each entry x ij

in h is a vector ofc channels, and each entry is multiplied by the weight matrixW to obtain

the corresponding entryyij in the output matrix. The derivative of each entry is dx ij W
dx ij

= W,

and there areh � w such entries in total, so we have

logjdet
dconv2d(h; W)

dh
j = log( jdetWjhw ) = hwlogjdetWj: (2.56)
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The inverse 1� 1 convolution depends on the inverse matrix ofW � 1. The weight matrix

is relatively small, so the amount of computation for the determinant and inversion is not

huge. The last step in the 
ow module is the a�ne coupling layer, which shares the same

design as RealNVP.

2.4 Summary

I2I translation is of great signi�cance, and various computer vision tasks can be posed as

and bene�t from it. Class imbalance issues in image classi�cation is one such example. Class

imbalance issues occur when one class of images have far fewer entries than the other classes

of images. Deep learning models trained on imbalanced data sets tend to be biased and

sensitive. One can use a I2I translation model to synthesis fake samples, so data sets become

more balanced. Image super-resolution is another example of I2I translation, which refers

to turning low-resolution images to high-resolution ones. Image super-resolution is of great

value. One application is that one only needs to transmit a low resolution image over the

internet at low cost, and then the recipient restores the image to high resolution using a

trained model.

I2I translation not only has wide practical uses but is also a study that constantly en-

courages new theoretical breakthroughs. I2I translation can bene�t from the information in

Chapter 2: autoencoders, GANs, and 
ow-based models. We can impose various regular-

izations on loss functions to learn disentangled representations of input data, which directly

inspires the study of I2I translation. For example, varying the smile dimension in learned

disentangled representation can turn neutral faces into smiling ones. Another kind of gen-

erative models are 
ow-based models, which are based on the change of variable theorem

and learning an invertable mapping from image to image, which is a natural option for mod-

elling I2I. GANs can generate images with higher quality than autoencoders via adversarial

training. The generator can be even be an AE, a 
ow-based model, or a mix of the two,
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which provides many options in designing generative models. Flow-based models can di-

rectly model data distribution instead of sampling through a prior latent distribution as in

GANs, and it can also help reveal disentangled latent factors, which can be used directly for

I2I translation.

In the next four chapters, I will outline potential approaches to I2I translation with

methods mostly focused on GANs and AEs.
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Chapter 3

A Uni�ed Framework for

Unsupervised I2I Translation

Image-to-image translation refers to translating images from one domain to another featuring

di�erent styles, styles that are visually distinct. An example is the task of turning images of

cartoon sketches into real-life graphs. Many tasks in computer vision can be viewed as image-

to-image translation, such as image inpainting19, style transfer20;21, and super-resolution22.

Supervised image-to-image translation tasks need paired data sets that are costly to obtain,

and such tasks are relatively easier to solve than their unsupervised counterparts. Under

paired data supervision, image-to-image translation can be done by taking a regression ap-

proach23 or using conditional generative models24. Our work addresses the more challenging

unsupervised image-to-image translation task without access to paired data sets. Most re-

search into unsupervised image-to-image translation draws inspiration from CycleGANs25

using the cycle consistency constraint, research that has achieved impressive results. More

recent studies have improved upon CycleGANs and can translate images among multiple

domains. The research often operates under the assumption that latent codes can be de-

composed as content codes and style codes28;29. Translation thus exchanges style codes from
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di�erent domains while keeping the original content codes. Style codes, however, are simply

sampled from a standard normal distribution, which leads to inferior translation results.

Moreover, these translations require trainingn(n � 1) generators andn discriminators to

learn to translate images amongn domains, which is costly. In our study, I suggest a sim-

pler yet more e�ective approach. Our framework shares the assumption that style codes

are domain-dependent and content codes are domain-invariant. However, our approach uses

only one generator-discriminator pair and a mapping network, which learns the style codes

of di�erent domains. I also used several e�ective techniques for encouraging more diverse

translated results. Extensive experiments showed that our framework is superior or compa-

rable to state-of-the-art (SOAT) baselines. To summarize, the novel contributions for this

part of work include

ˆ A new I2I translation framework that is simpli�ed yet more e�ective than existing

approaches and reduces network size and training time.

ˆ A novel framework that consists of a mapping network to learn styles of di�erent

domains, which leads to better translation results.

ˆ Several regularization techniques to impose the assumption that content codes are

domain-invariant and style codes are diverse.

ˆ Extensive experiments on publicly available data sets show that this framework is

superior or comparable to SOTA baselines.

3.1 Related Work

Generative adversarial networks. Ideally, generative models learn how data is dis-

tributed, thus allowing data synthesis from the learned distribution. Since the advent of

GANs70, generative models have achieved impressive results in tasks like image editing52;53
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and style transfer21. GANs try to learn the data distribution by approximating the similarity

of distributions between the training data and the fake data produced by the learned model.

GANs usually comprise a generator and a discriminator. The entire model learns by playing

a min-max game: the generator tries to fool the discriminator by gradually generating real-

istic data samples, and the discriminator, in turn, tries to distinguish real samples from fake

ones. GANs have been improved in various ways. To produce more realistic samples, an

architecture of stacked GANs has been proposed: the laplacian pyramid of GANs54; layered,

recursive GANs55; progressive growing GANs56; and style-based GANs20;21. Several stud-

ies have attempted to solve the instability training of GANs using energy-based GANs57,

Wasserstein GANs58, and boundary equilibrium GANs59. In this study, I used GANs with

improved techniques to learn the distribution of data and how to translate among di�erent

domains.

Unsupervised image-to-image translation. Unsupervised image-to-image translation

takes images from one domain and translates them to another without paired data supervi-

sion. Much success in unsupervised image-to-image translation is due to the cycle consistency

constraint, proposed in three earlier research reports: CycleGANs25, DiscoGANs26, and Du-

alGANs27. To translate more than two domains, MUNIT28 and DRIT 29 can be used. These

methods, however, naively sample style codes from a standard normal distribution, which

leads to inferior translation results. Moreover, they require trainingn(n � 1) generators and

n discriminators for translating images amongn domains, which is computationally expen-

sive and time-consuming. Our method involved a simpler yet more e�ective approach that

required only one set of generator-discriminator. Recent systems like StarGAN230 and Mod-

ularGANs31 were developed for multimodal image-to-image translation to produce images

with the same content but di�erent contexts. Inspired by StyleGANs20, I used a mapping

network to model style codes of di�erent domains. Furthermore, I added several regulariza-

tion techniques to encourage diversity in translated results.
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3.2 Methods

3.2.1 Preliminaries

Let x be an image that belongs to one of many domains. Graph (a) in Figure 6.1 shows

an overview of our model. I began with a latent vectorz sampled from a standard normal

distribution. z goes through a mapping network, which learns style codess of a speci�c

domain, wherem is a domain label ands = M (z; m). I furthermore used a content encoder

Ec to extract content codesc from image inputs. The decoderD takes content and style

codes to generate reconstructed imagesx0, which are then used by style encoderEs to

produce reconstructed style codess0. I computed two L1 losses using the reconstructed

images and style codes. Finally, I used a multi-task discriminator to distinguish real images

from generated ones. During the translation phase, I kept the original content codes but used

the style codes of the target domains. Graph (b) of Figure 6.1 illustrates image translation

between two domains.

Figure 3.1 : The structure of our framework. (a) shows how our framework learns and (b)
shows cross-domain translation within two domains.
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3.2.2 Training Objectives

In this section, I discuss the loss functions for learning in our framework.

Image reconstruction loss . After images are encoded to style and content codes, the

decoder maps the latent space back to the image space and reconstructs the image. Image

reconstruction loss is formulated as

L x
recon = kD(Ec(x); M (z; m)) � xk1 ; (3.1)

where m is the domain to which imagex belongs.

Style code reconstruction loss . After encoding reconstructed images using the style

encoder, I obtained reconstructed style codes. I constructed the style code reconstruction

loss as follows:

L s
recon = ks � Es(x0)k1 ; (3.2)

wherex0 = D(Ec(x); M (z; m)) and x 2 X m .

Regularization of style and content codes . To further encourage domain-variant

style codes and domain-invariant content codes, I added regularizers to style and content

encoders. The style regularizer forces style codes of di�erent domains to di�er by minimizing

L s
regu , which is calculated as

L s
regu = � k D(cm ; sm ) � D(cm ; sn )k1

� k D(cn ; sm ) � D(cn ; sn )k1 ;
(3.3)

where (cm ; sm ) = ( Ec(xm ); Es(xm )) and (cn ; sn ) = ( Ec(xn ); Es(xn )). cm and sm are content

and style codes of imagexm 2 X m . cn and sn are content and style codes of imagexn 2 X n .

The content regularizer encourages content codes of di�erent domains to remain similar by
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minimizing L c
regu , which is formulated as

L c
regu = kD(cm ; sm ) � D(cn ; sm )k1

+ kD(cm ; sn ) � D(cn ; sn )k1 :
(3.4)

Inspired by StarGAN230, I calculated style diversity as

Lds = kEs(x1) � Es(x2)k1 ; (3.5)

where z1 and z2 are two random latent vectors; x1 = D(Ec(x); M (z1; m)), and x2 =

D(Ec(x); M (z2; m)).

Adversarial loss . GANs are used to match the distribution of translated results to real

image samples, to the point that the discriminator �nds real and fake samples indistinguish-

able. I used two adversarial losses with one for learning latent-guided translation and the

other for reference-guided translation. Latent-guided translation refers to using the mapping

network to obtain target style codes, and reference-guided translation uses the style encoder

to extract style codes of target domains. The adversarial loss for learning the discriminator

Cm with latent-guided translation is formulated as

L l
adv = E

z� N (0;I );xn � p(X n )
[logCm (D(Ec(xn ); M (z; m)))]

+ E
xm � p(X m )

[log(1 � Cm (xm ))] ;
(3.6)

and the adversarial loss for learning the discriminatorCm with reference-guided translation

is constructed as

L r
adv = E

xm � p(X m );xn � p(X n )
[logCm (D(Ec(xn ); Es(xm )))]

+ E
xm � p(X m )

[log(1 � Cm (xm ))] ;
(3.7)

where the discriminatorCm attempts to identify if images are from the domainm.
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Full objective . Our full objective is formulated as follows:

min
M;E;D

max
C

� 1L x
recon + � 2L s

recon + � 3(L s
regu + L c

regu )

+ � 4(L l
adv + L r

adv) � � 5Lds;
(3.8)

where� 1 to � 5 are hyperparameters for each loss term.

3.3 Theoretical Analysis

I established a theoretical foundation for our framework. Speci�cally, minimizing the pro-

posed loss functions led to 1) reconstructed images with the same distribution as the orig-

inal image. Further, the encoder and decoder had reverse functions. 2) The content codes

matched across domains with the interpolators mapping the source style codes to target style

codes. And 3) the conditional distributionsp(xn jxm ) and p(xm jxn ) were estimated with the

learned distribution p(xm! n jxm ) and p(xn! m jxn ). For ease of notation, I denoted the two

conditionals p(xm! n jxm ) and p(xn! m jxn ) as p(xmn jxm ) and p(xnm jxn ).

3.3.1 Proposition 1

When the image reconstruction loss is minimized, reconstructed images have the same dis-

tribution as the original image, and the encoder and decoder are reverse functions.

Proof: The image reconstruction loss functions are described in (4.1) and (4.2). When

the reconstruction loss is minimized, the reconstructed images look similar to the original

images, which is to sayp(xm ) = p(xrecon
m ) = p(xmnm ).
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If I have p(xm ) = p(xrecon
m ), then

p(xrecon
m ) = p(D(Ec(xm ); Es(xm ))) = p(xm ):

Thus, the encoder and decoder are reverse functions, which is to sayE = ( D)� 1.

3.3.2 Proposition 2

When the adversarial loss is minimized, the content codes match across domains, and the

interpolator can map the style codes from the source domain to the target domain.

Proof: When (4.8) is minimized, the translated image is indistinguishable from images in

the target domain, meaningp(xmn ) = p(xn ) and p(xnm ) = p(xm ). Thus, we have

p(D(cn ; sn )) = p(xn )

= p(xmn )

= p(D(cm ; sn )) :

Thus, p(cn ) = p(cm ), or the content codes match across domains. When translating style

codes across domains, an interpolator guides the transition. Therefore, the proof can be

written

p(D(cn ; sn )) = p(xn )

= p(xmn )

= p(D(cm ; sm! n ))

= p(D(cm ; I mn (sm ; sn )))
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sincep(cn ) = p(cm ), then p(I mn (sm ; sn ))) = p(sn ). Similarly, p(I nm (sm ; sn ))) = p(sm ), which

proves that the interpolator can e�ectively map style codes from the source domain to the

target domain.

3.3.3 Proposition 3

When optimality is achieved, the conditional distributionsp(xm jxn ) and p(xn jxm ) can be

estimated with p(xnm jxn ) and p(xmn jxm ).

Proof: If p(xmn jxm ) = p(D(cm ; sn )jxm ), and sincep(cn ) = p(cm ), we can write

p(xmn jxm ) = p(D(cm ; sn )jxm )

= p(D(cn ; sn )jxm )

= p(xn jxm ):

Similarly, p(xnm jxn ) = p(xm jxn ), meaning the conditional distributionsp(xm jxn ) and p(xn jxm )

can be estimated with the learned distributionp(xnm jxn ) and p(xmn jxm ) without having to

know the joint distribution, p(xm ; xn ).

Data sets. I evaluated our framework on CelebA-HQ56 and AFHQ30 data sets. As with

StarGAN230, I separated CelebA-HQ as domains of male and female and AFHQ as domains

of cat, dog, and wild. For a fair comparison, all images were trained with size 256� 256, the

largest resolution supported by the baselines.

Evaluation metrics. I evaluated visual quality using Frech�et inception distance (FID)71

and the diversity of translated images with learned perceptual image patch similarity (LPIPS)72.

FID measures the discrepancy between two sets of images. I translated each test image in
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the source domain into a target domain using 10 reference images randomly sampled from

the test set of the target domain. I then calculated FID between the translated images and

test images in the target domain. I calculated FID for every pair of image domains (e.g., cat

$ dog) and reported the average value. LPIPS measures the diversity of generated images

using the L1 distance between features extracted from the pretrained AlexNet4. For each

test image from a source domain, I generated 10 outputs of a target domain using 10 refer-

ence images randomly sampled from the test set of the target domain. I then computed the

average of the pairwise distances among all outputs produced from the same input, which

are 45 image pairs. Finally, I reported the average LPIPS values over all test images. Lower

FID values indicated the two sets of images have similar distributions. Higher LPIPS values

indicated higher diversity of generated images.

To evaluate visual quality of translation results, I used the Amazon Mechanical Turk

(AMT) to compare the results against the baselines based on user preferences. Given a

source image and a reference image, AMT workers selected the best transfer result among

all models.

3.4 Experiments

3.4.1 Data Sets

I used data sets similar to those used in previous research on unsupervised I2I translation.

As in previous research24;28;52, I used images of shoes and their edge map images generated

by73. With 100,000 images of shoes$ edges, 400 images of them were used for testing; the

rest were used as the training data set. Fig. 3.2 provides an example of such edge maps for

shoes and handbags.

The cats $ dogs data set comes from Huang28, which contains approximately 2,300
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Figure 3.2 : Examples of shoe and handbag edges

Figure 3.3 : Examples of cat and dog images

images of cats and dogs. We used 100 images of cats and 100 images of dogs for testing; the

rest were used for training. Fig. 3.3 shows an example of cat and dog images.

3.4.2 Baselines

I compared our framework to three baseline models developed in recent years. Our framework

is closely related to MUNIT28 and DRIT 29, which I also used as baseline models. More recent
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Figure 3.4 : Examples of animal and human images

research on unsupervised image-to-image translation used StarGAN230;74{76 , which achieves

impressive results and was another baseline model in our study.

Data sets and framework details. We evaluated our framework on CelebA-HQ56

and AFHQ30 data sets. As with StarGAN230, we also separated CelebA-HQ as domains

of male and female, and AFHQ as domains of cat, dog, and wild. For a fair comparison,

all images were trained with images 256� 256, which is the largest resolution supported

by the baselines. The detailed architecture of our framework and training details are in

Supplementary information, and code will available upon publication.

Evaluation metrics. We evaluated the visual quality using Frech�t inception distance

(FID) 71 and the diversity of translated images with learned perceptual image patch similarity

(LPIPS) 72. Images generated by our framework are compared with the testing data set to

calculate FID and LPIPS. Lower FID values indicate that the two sets of images have more

similar distributions. Higher values of LPIPS indicate higher diversity of generated images.
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Models Performance (" )
MUNIT 2.820 %
DRIT 9.050 %
StarGAN2 43.50 %
Ours 44.63 %

Table 3.1 : Votes from ATM workers for most preferred style transfer results.

Models CelebA-HQ AFHQ
FID( #) LPIPS (" ) FID( #) LPIPS (" )

MUNIT 31.4 0.363 41.5 0.511
DRIT 52.1 0.178 95.6 0.326
StarGAN2 13.7 0.452 16.2 0.450
Ours 17.5 0.459 19.9 0.476
Test data 14.8 { 12.9 {

Table 3.2 : Quantitative comparison on latent-guided translation.

3.5 Results

In this section, we show the qualitative and quantitative results of the experiments. An

ablation study was used to evaluate the e�ectiveness of several key design choices.

Qualitative results. We used the AMT to compare our results against the baselines.

Given a source image and a reference image, AMT workers selected the best transfer result

among all models. All ten workers answered 60 questions about images. Table 3.1 shows our

method slightly outperformed StarGAN230 and exceeded MUNIT28 and DRIT 29 by a large

margin.

Quantitative results. The latent-guided and reference-guided translations were similar

to StarGAN230. Figure 3.6 provides examples. We used FID to evaluate the similarity of

distributions and LPIPS to evaluate the diversity of generated images. As tables 3.2 and 3.3

show, our method and StarGAN230 performed similarly, and both outperformed MUNIT28

and DRIT 29 by a large margin other than latent-guided LPIPS results of MUNIT28 on

AFHQ. StarGAN2 30 achieved the lowest FID for the both data sets, and our method achieved

the highest LPIPS among all models.
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