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ABSTRACT

STYLE SYNTHESIZING CONDITIONAL
GENERATIVE ADVERSARIAL NETWORKS

Yarkin Deniz Cetin
M.S. in Computer Engineering
Advisor: Selim Aksoy
Co-Advisor: Ramazan Gokberk Cinbig
January 2020

Neural style transfer (NST) models aim to transfer a particular visual style to a
image while preserving its content using neural networks. Style transfer models
that can apply arbitrary styles without requiring style-specific models or archi-
tectures are called universal style transfer (UST) models. Typically a UST model
takes a content image and a style image as inputs and outputs the corresponding
stylized image. It is, therefore, required to have a style image with the required
characteristics to facilitate the transfer. However, in practical applications, where
the user wants to apply variations of a style class or a mixture of multiple style

classes, such style images may be difficult to find or simply non-existent.

In this work we propose a conditional style transfer network which can model
multiple style classes. While our model requires training examples (style images)
for each class at training time, it does not require any style images at test time.
The model implicitly learns the manifold of each style and is able to generate
diverse stylization outputs corresponding to a single style class or a mixture of

the available style classes.

This requires the model to be able to learn one-to-many mappings, from an
input single class label to multiple styles. For this reason, we build our model
based on generative adversarial networks (GAN), which have been shown to gen-
erate realistic data in highly complex and multi-modal distributions in numerous
domains. More specifically, we design a conditional GAN model that takes a
semantic conditioning vector specifying the desired style class(es) and a noise
vector as input and outputs the statistics required for applying style transfer.

In order to achieve style transfer, we adapt a preexisting encoder-decoder based
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universal style transfer model. The encoder component extracts convolutional
feature maps from the content image. These features are first whitened and then
colorized using the statistics of the input style image. The decoder component
then reconstructs the stylized image from the colorized features. In our adap-
tation, instead of using full covariance matrices, we approximate the whitening
and coloring transforms using diagonal elements of the covariance matrices. We
then remove the dependence to the input style image by learning to generate the

statistics via our GAN model.

In our experiments, we use a subset of the WikiArt dataset to train and val-
idate our approach. We demonstrate that our approximation method achieves
stylization results similar to the preexisting model but with higher speeds and
using a fraction of target style statistics. We also show that our conditional GAN
model leads to successful style transfer results by learning the manifold of styles
corresponding to each style class. We additionally show that the GAN model
can be used to generate novel style class combinations, which are highly corre-
lated with the corresponding actual stylization results that are not seen during

training.

Keywords: style transfer, neural style transfer, universal style transfer, genera-
tive models, generative adversarial networks, conditional generative adversarial

networks.



OZET

STIL SENTEZLEYICI KOSULLU QEKISMELI URETICI
AGLAR

Yarkin Deniz Cetin
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Selim Aksoy

Ikinci Tez Damsmant: Ramazan Gokberk Cinbig

Ocak 2020

Noral sinir transfer modelleri, noral aglar kullanarak bir resmin igerigini koru-
yarak, bu resme belirli bir sanatsal stili aktarmay1 amaglar. Stile 6zgiin model ya
da mimari gerektirmeden keyfi stiller aktarabilen modellere evrensel stil aktarimi
(ESA) modelleri olarak bilnmektedir. ESA modelleri tipik olarak bir igerik ve stil
resmini girdi olarak alip, stillendirilmig resmi ¢ikt1 olarak veririler. Bu nedenle,
stil aktarimi igin istenilen 6zelliklere sahip bir stil resminin bulunmasi gerek-
mektedir. Ancak bir stilin cesitlemelerini ya da stillerin kombinasyonlarini ak-
tarilmasi gereken uygulamalarda, buna uygun bir stil resmi bulunmayabilir ya da
bulunmasi zor olabilir. Bu ¢aligmada, bir stil resmine gereksinim duymadan stil
aktarimi yapabilen bir ag sunuyoruz. Agimiz stil resmi yerine bir kogullandirma
etiketi kabul etmekte ve stil transferini bu kogullandirmaya gore yapmaktadir.
Kosullandirma etiketi birden ¢ok stili barindirabilmektedir ve belirli bir etikete
kosullandirilmig cesitli stiller iiretebilmektedir. Modelin tek bir kosul etiketiden
bircok stile haritalamayi ogrenebilmesi gerekmektedir. Bu nedenle modelimiz,
karmasik ve cok modlu dagilimlar: gercekei bir gekilde iiretebilen tiretici ¢ekismeli
aglar (QUA) iizerine kuruludur. Modelimiz girdi olarak istenilen stil simflarimi
belirten anlamsal bir kogullandirma vektorii alan ve stillendirmeyi yapmak igin
gerekli olan istatistkleri tireten bir kogullu c¢ekigmeli tiretici agdir. Stil aktarimi
yapabilmek amaciyla daha onceden gelistirilmis, otokodlayici tabanl bir stil ak-
tarma modelini uyarliyoruz. Bu model once kodlayici ile icerik resminin evrigimsel
oznitelik vektorlerini ¢ikartarak bunlarin tizerine agartma dontisiimii uygulayarak
caligmaktadir. Daha sonra agartilmig 6znitelikler stil resminin 6znitelikleriyle

renklendirme dontigiiniimiine sokularak stilr resminin kodlar1 elde edilir ve son
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olarak kod c¢oziicii, bu koddan stil aktarilmig resmi olusturmak amaciyla kul-
lanilir. Onerdigimiz uyarlamada, kovaryans matrislerinin tam hallerini, ayni ma-
trisin yalnizca kosegen elemanlarini kullanarak yakinsiyoruz. Aym zamanda CUA
temelli modelimiz ile ozniteliklerin istatistklerini direkt olarak tireterek modelin
stil resmi girdisine olan ihtiyacin1 ortadan kaldiriyoruz. Egitim ve dogrulama
deneylerinde WikiArt verikiimesinin bir alt kiimesini kullaniyoruz. Hedeflenen
stil istatistiklerinin yalnizca kii¢lik bir boliimiinii kullanan yakinsama metodu-
muzun, orijinal metotdan daha hizli ¢caligtigini ve orijinal modelle benzer sonuclar
elde ettigini gosteriyoruz. Aym zamanda CUAmin gelistirdigimiz gercek stil
resimlerine oldukca benzer, egitim kiimesinde bulunmayan stil kombinasyonlari

tiretebildigini gostermekteyiz.

Anahtar sozciikler: stil transferi, sinirsel stil transferi, evrensel stil transferi,
tiretici modeller, ¢ekigmeli tiretici aglar, kogullu ¢ekismeli tiretici aglar.
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Chapter 1

Introduction

Creation of a painting or an image with a certain artistic style is a challeng-
ing task, which can typically be achieved only by people with specific skills and
training. Neural Style Transfer [3] introduces the problem of developing com-
putational approaches that can imitate stylistic image creation by transforming

existing images.

In this chapter, we make an introduction to the problem of style transfer and
main challenges in it. Then we define a novel type of style transfer problem,
provide a brief summary of our approach and explain our contributions. We

conclude the chapter by giving an outline of the thesis.

1.1 Style Transfer Overview

The main goal of style transfer is commonly defined as transfering the artistic style
of one particular image, into another. Here, the term artistic style is broad, as it
encompasses many aspects of art creation and can be described in various ways.
For example, in the unsupervised super-resolution study [1], high resolution is
considered as a style, that is being applied to low-resolution images. Style transfer

in computer vision typically considered under texture synthesis. In these works

1



Content Image Style Image Stylized Image

Figure 1.1: Figure showing an example of style transfer. Here the resulting
stylized image is obtained using Li et al. [2].

artistic style is considered highly correlated with structure of a texture [4, 5, 6, 7].
Gatys uses a statistically guided definition for style and equates the image of style
with its summary of extracted features [3]. However, despite this difficulty in
defining artistic style formally and canonically, widely style transfer is considered

as the transfer of brush sizes, stroke patterns and color palettes across images.

Therefore, in style transfer, there are two types of input images. The style
1mage provides the style information implicitly through an image and the content
image gives the content information. A style transfer model is expected to extract
and use the style information from the style image and apply it to the content
image without altering the semantic content and global spatial structure of the
original image. In Figure 1.1, style transfer is illustrated through an example
showing an input pair of content and style images, and, the resulting stylized

image.

A number of different style transfer approaches have been proposed in the
literature. Early methods based on traditional computer vision methods uses
techniques such as stroke-based [8], region-based [9, 10, 11] and example-based
rendering [12]. More recent methods use neural style transfer starting with Gatys
et al. [3]. Methods which use neural networks typically split into one of the two

categories. These are image optimization and model optimization methods [13].



Image optimization methods try to optimize an image using pre-trained networks
while model based methods use feed-forward modes of the networks to perform

the transfer.

Style transfer has many potential applications in media generation. It has
started to find use in computer generated media, animations and entertainment
software. Chen et al. [14] proposes a convolutional style transfer network which
can preserve temporal information in video using short-term and long-term co-
herence losses. Another model, proposed by Gao et al. [15] can perform style
transfer in video in real time. Their method also preserves temporal coherency
of the style transfer. Applications of the real-time style transfer methods can
extend to interactive media as well. For example in 2019, Google announced a
plugin which utilizes style transfer with optical flow to create style transferred

game renders in real-time [16].

Main challenges. A fundamental challenge lies in the definition of style itself
as it is hard to describe style in a quantitative manner. From a technical point of
view, the style transfer problem is ill-posed as there is no unique solution given

a style image.

As a consequence, evaluating style transfer models is inherently difficult, as
well. Ideally, the output of a style transfer model should be rated based on
its artistic quality. As this is simply difficult to quantize, most works in this
domain resort to qualitative analyses and user studies for evaluation purposes.
While the rigor of these singular experiments is always an open question, they
can provide useful insight about the method. In this thesis, however, we solely
use quantitative metrics for its advantage of making systematic model tuning and
evaluation possible. Quantitative evaluation also makes our experimental results

much more reproducible.



1.2 QOwur Semantic Style Transfer Problem

Problem definition.. To our knowledge, all existing style generation methods
requires source style images for facilitating style transfer. While this provides a
finer control on the outcome images, sometimes images of the given style or style
combinations might not be available. In this respect, style transfer models are

limited as they can only transfer styles which already exist in the real world.

Towards removing the dependency to explicit style image input and creating a
semantically controlled stylization approach, we consider the problem of building
style class label conditional style transfer models. More specifically, we aim to
train a model that learns the manifold of predefined style classes through provided
per-class style training examples. At test time, we want to be able to generate
(novel) stylizations of a content image, by applying variations of either one of the
existing styles or a novel mixture of them. In Figure 1.2 we provide an overview

of our framework, and, illustrate the train and inference time operations.
Our approach.

Due to the complexity and high dimensionality of the image domain, learning
to generate images pertaining to predetermined styles is inherently a different
problem. Therefore, in our approach, instead of directly learning a generative
model that produces the final stylized image, we aim to operate in an intermedi-
ate feature representation level. Additionally, our approximation method enables
us to represent this intermediate features with fewer dimensions. This in turn
increases both the evaluation and training performance as the number of param-

eters of the network is smaller than networks which generate images directly.

In the original work a pre-trained VGG based networks as an autoencoder
which are based on [2] generates the final stylized image given a content and style
images as inputs. The encoder network encodes any image to its feature space.
The intermediate features i.e. the code generated by the encoder then fed into a
architecturally symmetric decoder which creates the final image. For stylization,

the features of the style and content image are combined using whitening and

4
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Figure 1.2: Here we see the basic framework of our method. The training set
consists of style images from pre-selected style categories and their respective
one-hot style labels. Using this dataset we train our model. In inference mode,
we input our model an any-hot label representing styles, a content image and a
noise.

coloring transforms. The resulting feature vector is then passed into the decoder

to create final stylized image.

In our method, instead of the VGG based encoder network we use a GAN
based generator to create tensors pertaining to the intermediate feature space.
Instead of a style image, our network takes a Gaussian noise vector and style
conditioning labels and outputs an approximation of the style features. This
approximation greatly requires a reduced dimension input to approximate the
style features and further explained in Chapter 3. For the content features we
use the same technique as the original model. Finally we combine our generated
style features with the content features using whitening and coloring transforms.

We then, pass the combined feature vector to decoder same as the original model



to create the final image.

Essentially our model is trained using a pre-determined set of styles and their
respective category labels. Then the model is used to generate stylized images.
The inputs of our model are; a content image, category label in the form of
multi-hot vector and random noise. Our model outputs the full stylized image

with style conditioned on the conditioning label.

Contributions. To our current knowledge this work is the first one generating
novel styles using label conditional generative models. While there exists other
GAN-based style transfer models [17], or other models which combine multiple
styles such as [18], these models do not generate new class-level style combinations

and instead produce deterministic style transfer.

Our second contribution is the approximation method which we propose for our
stylization framework. Instead of using the full feature matrices for performing
the whitening and coloring transform as in the original Universal Style Transfer
model [2], we approximate the features by encoding the prominent features of a
given style. This approximation method provides performance gains and ease of

style generation.

1.3 Outline

In Chapter 2 brief historical overview of style transfer and generative methods
are provided. Chapter 3 presents both the preliminaries and core of our work to
the reader. Chapter 4 contains the relevant experiments and their evaluations of

our method. Chapter 5 concludes the thesis with a brief discussion.



Chapter 2

Related Work

In this chapter, we provide an overview of neural style transfer and deep gener-
ative models related to our work. First, we give an general outline of traditional
and neural style transfer approaches, loosely based on Jing et al. [13]. In our dis-
cussion, we also give an overview of the state-of-the art approaches in universal
style transfer. Finally, we explain and discuss generative adversarial nets (GAN)

[19] since we later use GANs in construction of our style synthesizing approach.

2.1 Traditional Style Transfer Approaches

Before the introduction of neural network based style transfer, a number of works
was published on non-photorealistic rendering (NPR). NPR is one of the fields of
research related to style transfer. There existed several pre-neural network NPR
schemes which fundamentally provided style transfer-like functionality. Below,

we provide a brief overview of them.

Stroke based rendering. Stroke based rendering (SBR) is based on placing
digital brush strokes on a canvas to imitate image stylization [8]. In SBR, the
algorithm tries to match to the style of a given image, through iterative stroking

on a canvas according to an objective function. These SBR methods, however,

7



lack the flexibility of neural style transfer (NST) based models and typically need
to be deliberately designed for each style separately.

Region based techniques. Region based rendering for image stylization uses
semantic information on images such as locations of certain objects to position
strokes [9, 10]. Similarly, [11] uses transform image to canonical geometric shapes
and manipulate these to achieve artistic style. Region based algorithms have the

same limitations as SBR in terms of flexibility.

Example based rendering. Example based rendering aims to learn a mapping
between content to style images using a training set of comparing image pairs [20].
However, in real world such pairs of stylized and unstylized versions of images
are difficult to find. However, this method, given large amounts of training data,

can generalize to many artistic styles.

Image processing and filtering. Since the styles can be structural patterns
on images, image processing filters can be used as a mean for style transfer.
For example, in Winnemoller et al. [21] uses difference of Gaussians for contrast
enhancement to facilitate style transfer. This type of methods are relatively easy

to implement but typically lack in style diversity.

2.2 Neural Style Transfer

Style can be generalized as texture therefore changing the style of an image can
be also seen as changing its texture properties. Convolutional neural networks
provide detailed image statistics by learning filters which can differentiate between

content and style.



2.2.1 Single Style Models

Single style transfer is concerned with a single style image and the each style

image requires complete re-evaluation or re-training of the model.

Gatys et. al. [3] proposes a method that works by matching the Gram-matrix
statistics of transferred and style images. More specifically, the approach uses
backpropagation to match the second order statistics of the style and transferred

images. The statistics are acquired using a pre-trained VGG network.

This model uses the gram matrix which is also used in our model. [3] uses gram
matrix to calculate correlation matrix of feature maps. The aim of the method
is to match the gram matrix of the style image with the generated image. The

gram matrix is defined as:
G(F(L,)) = F(L)F(L,)T (2.1)

where F' is the output of the convolutional map and I, is the style image. Here
F(I;) has a dimension of m x n where m and n are the number of channels and

number of pixels in each feature map, respectively.

The method utilizes iterative back propagation, for each style image. Similar
to optimizing model weights; this optimization routine is typically slow. For each
image, the output pixels are initialized randomly and whole process starts from

scratch, making style transfer very slow in practice.

Another approach to single style method is to train a neural network to perform
real-time style transfer [1, 22] (Figure 2.1). These single-style-models (SSM) are
trained for a single style image and aim to perform the same transform as in [3]
through a stylization network. Improvements in stylization quality are made by
introduction of instance normalization (IN) [23]. Instead of batch-normalization,
IN does not normalize across samples in a batch and only performs spatial nor-

malization within each sample independently.

A Markov random field based approach by [24] increase texture preservation



Single Image Style Transfer

Content + Style b Network

AN
Training
78N
Style Image

Figure 2.1: Single style transfer method based on [1] requires training a separate
model for each particular style image.

over structurally complex images using adversarial training. However, this ap-
proach does not provide better results in non-texture style images, compared to

baselines.

2.2.2 Multi Style Models

While some of the single style approaches provide fast stylization, they require
training a separate model for each style. Generally, different style images belong-
ing to same style group, usually share many qualities such as color palette, brush
type, etc. Exploiting this phenomenon, Dumoulin et al. [25] uses shifting and
scaling on the IN layer of [23] to represent up tp 32 specific styles (not style cate-
gories) using a single network. They propose a conditional instance normalization
scheme to train a style transfer network. This model is also capable of linearly
combining different styles. Figure 2.2 shows an example which uses parametric

inputs for performing style transfer.

Chen et al. [26] uses an approach that decouples style and content by using
different network modules to learn the content and style information. They use
convolutional modules called stylebanks to learn individual styles. This approach
also allows incremental training for adding more styles as the content modules
could be frozen after the initial training and stylebanks are trained as usual for

new styles. There is a similar model by Zhang et al. [27] that can do style transfer

10
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- Training
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Figure 2.2: Multi image style can reuse styling learned from multiple styles and
apply similar styles to content images with use of conditioning parameters.

in real time.

The main disadvantage of the aforementioned models is that the model size
increases as more styles are embedded into the model. Aiming to tackle this
disadvantage, approaches combining the image generation from content and style
features are proposed. Li et al. [28] uses a model which can transfer any of the N
pre-selected styles by combining the feature maps of the content and style images
and passing the combined features to a decoder which creates the final image.
This is similar to the work [2] and only differs in the operation which combines

the style and content images. An illustration is given in Figure 2.3.

Our model is essentially a multi style model, governed by a conditioning layer.
Our network can be trained with arbitrary number of style examples and style
groups, without changing the model architecture except for the conditioning label
input layer. The model can also be used to generate styles which are not available
in the dataset as well, effectively synthesizing style, through mixing known style
categories. No prior work directly aims to learn a multi-style transfer model

conditioned on style category, to the best of our knowledge.

2.2.3 Universal Style Models

Universal style transfer requires a single model to perform style transfer for all

possible pairs of content and style images. The premise of universal style transfer

11
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Figure 2.3: Multi image style transfer using style images as stylization input
instead of parameters.

Universal Style Transfer

Content Image :I() Pre Trained Network ’E>_

{}

Style Images

Figure 2.4: Universal style transfer uses a single trained model for all possible
styles. Here images from multiple classes are successfully stylized by [2].

is shown in Figure 2.4. The first universal style model is proposed by Chen
and Schmidt [29]. This method extracts activation patches for style and content
images using a pre-trained VGG network. The method then swaps the content
patch, which extracted from the content image with the most similar style patch
extracted from the style image. This process is called style swap. The activation
map obtained this way is then reconstructed using a model optimization or an
image optimization method. This approach can transfer from arbitrary styles
as the patches only extracted from the given images and there is no training
involved other than the pre-trained VGG network. This model tries to optimize
the similarity between style patch an content patch activations. This optimization
scheme heavily biases model to preserve content over style since the style patches

are selected based on their similarity to the content patches.

A method for training a universal style model for [25] is proposed by Huang

and Belongie [30]. They propose to modify conditional instance normalization
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into adaptive instance normalization (AdaIN). AdaIN transfers first and second
order statistics between content and style images. This transferred features is
then passed into a decoder to generate the final image. This method is the first
method to achieve real-time universal style transfer. However, modifying feature
maps using only first and second order statistics has its limits in terms of style

complexity being transferred.

Li et al. [2], uses an approach similar to [30]. More specifically, instead of
using AdalN to modify the feature activations, they use whitening and coloring
transforms. Basically the work shows that whitening transforms removes the style
information of a given feature map obtained from pre-trained VGG activations.
The whitened content image, without any style information, then recolorized with
coloring transform using the coloring matrix extracted from the style image. This
model does not suffer from the generalization limitations of [30] and can apply
an arbitrary style, given the style image as an input, efficiently. The model
also incorporates an « parameter to control the amount of stylization. As our
work is based on [2], we provide a detailed explanation of whitening and coloring

transforms in the next chapter.

2.2.4 Semantic Style Transfer

Semantic style transfer aims to form a semantic relationship between the content
image and the style image and perform style transfer according to this mapping.
For example, style of the eyes can be mapped to eye patches in the content image.
For this reason these methods depend on region based methods. Chamapanard
[31] improves upon the patch-based algorithm of [32] and creates a better semantic
match between the content and style image. Here, the semantic segmentation of
the images can be fed into the network manually or from a dedicated semantic
segmentation network [33, 34]. It is shown that semantic information can increase
stylization quality [35] by mapping semantically similar structures from style

image to content image.
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Figure 2.5: Diagram explaining implicit generative models. Purpose is to model
the true data distribution using a model. Generative models try to map a (usu-
ally) Gaussian distribution to the true data distribution using parametric func-
tions. The parameters are updated according to the loss function representing
the dissimilarity between true and synthetic data distributions.

2.3 Neural Network based Generative Models

In this section, we provide an overview of prominent approaches for neural net-
work based generative modeling. Generative modeling is one of the most impor-
tant areas in artificial intelligence and machine learning research. The ability to
generate novel data has been sought after by many academics over the years. A
source of motivation for studying them is their practical application. Examples
include image generation, super-resolution, music and voice generation. Another
motivation for studying of the generative models is that they can be used to
understand and model the underlying data distributions better as a generative
model inherently aims to learn the manifold underlying a data distribution. In

Figure 2.5 a diagram describing parametric generative models can be seen.

Generative modeling problem is an ill posed problem as the classes, latent
vectors or any other source of image generation inherently have less information
than the generated data. Therefore generative models are required to solve one-

to-many mapping problems. Towards addressing this challenge, a number of
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important models have been proposed in the past few years, such as variational
auto encoders, autoregressive models and generative adversarial networks. We

summarize these prominent approaches in the following sub-sections.

2.3.1 Variational Autoencoders

Variatonal Autoencoders (VAE), proposed by Kingma and Wellington [36] and
Rezende et al. [37], VAEs use a similar architecture to conventional autoencoders
38, 39, 40] and try to model the data generation process. VAEs can provide better
control on the statistics of latent representation of the images [41] by encouraging
statistical independence. One of the setbacks of the VAE is the tendency to
generate blurry or noisy images because it uses a form of least squares as the

reconstruction loss, which is part of the training objective [42].

2.3.2 Autoregressive Models

Autoregressive models aim to model data based on random processes dependent
on previous outputs. For example, Pixel RNN proposed by Oord et al. [43] uses
the previously generated pixels in an image to guess the next pixel. This models
can complete occluded images [44] or can be adapted to create high quality images
[45]. A study on modeling and generating raw audio is proposed by Oord et al.
which is based on PixelRNN [46]. WaveNet is fully autoregressive and outputs
are conditioned on samples from previous timesteps. Another useful application
of autoregressive models is in natural language processing (NLP). An attention
based auto-regressive model called “transformer” [47] uses encoder and decoder
structures with autoregression instead of convolution and recurrence, which was

common use of language modeling.
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2.3.3 Generative Adversarial Networks

Generative adversarial networks (GAN) first proposed by [19] can model high-
dimensional distributions of data and suited well for complex data generation.
GANSs are further advanced to generate state-of-the-art results in the generative

modeling domain with contributions from [48, 49, 50] and many others.

A GAN model consists of two networks which are trained against each other
to perform better than the competing network. The first network is the generator
G which aims to generate realistic data. The other one is the discriminator D

which tries to identify between real data versus data generated by the generator.

In this process generator never sees the real data directly and it depends on
the gradient flow coming from the discriminator for its model updates. Basically
the discriminator can be thought as a learnable loss function which guides the
generator to learn the true data distribution. GANs are architecture agnostic
and they can be formed with fully connected, convolutional or other kinds of

components.
Training formulation of a GAN can be denoted as solving
max min V(G,D) (2.2)
where

V(G,D) = Eorpora(@)[10g D(@)] + Eznp. () [log (1 = D(G(2)))].

Here V is the function the models are trying to minimize and maximize which
have inputs G and D denoting generator and discriminator networks. The pguta

and p, are the distribution of the true data and noise respectively.

A more generalized version of the training objective for GAN is given by Na-

garajan and Kolter [51] as the following:

L(0,¢) = Epp,, [f(=Dy())]) + Epa)[f (Dus(Go(2)))] (2.3)
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for some real valued function f. Here 6 and 1 are the weights of the given

generator and discriminator respectively.

As stated in [52], the goal of GAN training is to find a Nash-equilibrium (6*, ¢*)

for the given value function given in Eq. (2.2).

Non-conditional GANs. Early GANs used fully-connected layers to generate
data. The very first GAN in [19] uses FC layers to generate images from MNIST,
CIFAR-10 and TFD. Other non conditional GANs which can generate higher
dimension images and 3D volumetric data [53] has also been proposed. Notably,
LAPGAN [54], DCGAN [55] improve image quality with the use of convolutional

layers.

Conditional GANs. Non-conditional GANs are implicitly conditioned to model
a single data distribution. Therefore a new GAN model is trained for each distri-
bution (e.g. dogs as opposed to animals). Mirza and Osindero [56] introduce con-
ditional GANs (CGAN) to make generator and classifier conditioned on classes.
This allows GANs to represent multi-modal data better. Odena et al. [57] use it

for class conditional image generation.

CGANs modifies the Eq. (2.2) with additional variable y as the class of the
generated data. Hence Eq. (2.2) becomes:

a0 By, 0108 Dely)] + Eavpollog(1 — DG (24)

so that both generator and discriminator can model classes differently.

In our study we use CGAN with Projection Discriminator introduced by Miy-
ato and Koyama [58] as our CGAN framework for generating stylized images with
different styles. Methods prior to this study, the discriminators generally concate-
nated the class label y to the generated data. [58] provides a model constructed

from a probabilistic assumptions.

There are also works on learning attribute conditional generative models. For
example, a work by Karras et al. [17] which uses a conditioned GAN to generate

high quality face images. Their model allows control of the certain features such
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as pose, identity, complexion.

GAN training. GAN training is a challenging task and an open research prob-
lem. Local convergence is not always possible as shown by [51, 59]. For this
reason typically a collection of regularizations and architectural decisions is used

to make GAN both trainable and representative of the true data distribution.

Unlike discriminative models, whose convergence can be detected by tracking
loss function, convergence is difficult to detect in GANs. For simple GANs intro-
duced in [19] convergence is generally determined by discriminator having 50%
accuracy. However, in Wasserstein GANs (WGAN) [60], for example, discrimi-
nators do not provide class labels as their output is not bound between 0 and 1.

In this case detecting convergence is not trivial.

There are several methods proposed to make convergence possible, faster and
models more stable. Batch normalization [61] can improve GAN results [55] as it
behaves more stable against changing batch statistics. A normalization technique
called spectral normalization (SN) [62] is now common in training Wasserstein
GANSs. Spectral normalization works by normalizing the weights in a layer by its
spectral norm, i.e. maximum singular value gradient of the weight in its domain.
This term help the discriminator to be Lipschitz continuous [63]. As it is central

for training our model, SN is explained thoroughly in Chapter 3.1.
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Chapter 3

Method

Here we present our method for generating images. Section 3.1 presents the
preliminary methods which our method is built upon. The original UST model
2] and two statistical transforms called whitening and coloring transforms are
explained extensively. We conclude the preliminaries by explaining projection
CGAN and spectral normalization. In Section 3.2 we present our covariance
matrix approximation method which is one of our main contributions. Finally,
in Section 3.3 we describe our model architecture and discuss the effectiveness of

our design.

3.1 Preliminaries

In this section the methods and techniques which are used in our model will be
explained. While some background information is already given in the previous

section, here we provide the mathematical details of the methods.
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Figure 3.1: Figure taken from [2]. (a) Demonstrates the VGG auto-encoders,
trained for reconstructing a given image. (b) Shows a single-level stylization
network. A content and a style image is provided to the model. The model
performs style transfer using whitening and coloring transforms. (c¢) The VGG
auto-encoders are concatenated to achieve stylization at every feature space level.
The gray box highlights the VGG, and VGG5 networks we use in our study.

3.1.1 Original Style Transfer Network

Our model is mainly based on the universal style transfer method developed by

12].

Reconstruction Decoders. In our model we use reconstruction decoders
trained in [2]. These decoders are trained using pixel reconstruction loss, i.e.
pixel-wise mean square error (MSE) and feature loss, which are based on MSE
between feature maps of various levels. The decoders for this model is trained on

the following objective proposed in [1]:
L= I, = Ll + M@ (1) — @ (L)l (3.1)

where I;, I, are input and output images for the auto-encoder. ® is the VGG
encoder and creates the feature space using Relu_X_1 layer. Additionally \ is a
weight parameter to control the balance between these losses. The decoders (and
encoders) are frozen after this stage. We had hardware limitations which severely
hindered with experimentation. We believe that the quality of the network does
not increase substantially to warrant the extra memory and computational usage.
For this reason throughout this paper we select the largest two networks which
are used in original paper. These are denoted as VGG ReLU 4.1 and VGG
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ReLU_5_1 and their decoder counterparts. These models are highlighted gray in
Fig. 3.1. We call these networks VGG and VGG5. For stylization constant «
we use 0.7. Using only the last two networks also makes the prediction easier as
we only predict the mean values of the last 2 networks. The feature map depths
of the VGG, and VGG5 are 512 x 32 x 32 and 512 x 16 x 16 respectively for input

image with size 3 x 256 x 256, all written in channel x height x width ordering.

3.1.2 Whitening and Coloring Transforms

Let I. and I be the content and style images respectively. Then using the pre-
trained VGG encoder, we extract f; and f. from the images. These are flattened
feature maps of the given images at a certain level after the activation functions.
In our case we choose ReLU 4.1 and Relu 5.1 of the VGG19 network from [64]
for creating the feature maps. ReLLU 4.1 and Relu_5_1 are the ReLU activated
feature output maps after the convolutional layers conv_4_4 and conv_5_4 respec-
tively. Both have channel depth of 512.

We use whitening and coloring transforms for extracting and applying style
information on the images. The purpose of whitening and coloring transforms is

to match the covariance matrix of f, to covariance matrix of f, [2].

For whitening transform we obtain fc such that fc f; =1

~

f.=E.DSPE S, (3.2)

In Eq. (3.2) D, is the diagonal matrix comprised of eigenvalues of the co-
variance matrix f.f| € IR. E. is the orthogonal matrix which satisfies the
fof] = E.D.E].

For the coloring transform inverse of the whitening is applied. The feature
map of the resulting image denoted as f,.s. Coloring transform aims to match the

correlations of f., and f, such that f..f.. = f.fT.
N 1 ~
fos = E.DPE] ., (3.3)

21



Similarly Dy is the diagonal matrix comprised of eigenvalues of the covariance
matrix f,f, € IR. Ej is the orthogonal matrix which satisfies the f,f] = E,D,E]
The resulting f.s is re-centered using the mean vector of the style features my

with fcs = fcs + my

3.1.3 CGAN with Projection Transform

The standard CGAN works according to the Eq. (2.4). The loss function given
in Eq. (2.2) is modified into

ﬁp = _Emmapdam(y) [E$~pdata(f|y) [log D(x’ y>]]

(3.4)
—5 EZsz(y) [EZsz(g(z)ly) [log(l — D(g(z, y)))]]

following this, one can decompose Eq. (3.4) i.e. the output of the discriminator

as log likelihoods:

Pdata (x|y>pdata (y)
Pe()(G (2, 9)Y)pg(=)(G(2,y)

[, y;0) =y " Vo(x;0e) + ¥(d(z;60), 0w) (3.6)

where V' is the embedding matrix of y, ¢(-,0s) is a vector output function of x

f(z,y) =log (3.5)

and ¢(+,0s) is a scalar function.

In Eq. 3.5 and Eq. 3.6, all variables denoted with 6 (64, 0y) and V' are learnable
parameters optimized in the learning process. The study uses the term projection
discriminator as it uses a linear projection of the conditioning labels y instead
of concatenation. The authors claim that the method allows an implicit regu-
larization on the generator when the generator distribution and target distribu-
tion are relatively simple while acknowledging the lack of theoretical grounding.
Nonetheless, their method provides better results in conditioning in ImageNet

dataset [65].
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Algorithm 1: Power Iteration Algorithm

Result: o(W) ~a'Wo

¥ < random matrix

@ < random matrix

while iteration < mazx iteration count do
0 WTa/||WTall
<+ WTo/|[WTo||,
increment iteration

end

3.1.4 Spectral Normalization

Spectral normalization achieves Lipschitz continuity over the discriminator D
by normalizing the weights. In [62] spectral normalization is used to gener-
ate the ideal discriminator theorized by [59]. Lipschitz norm ||g||L;, is equal
to supro(Vg(h)) where o(A) is the spectral norm of the matrix A. The spectral

normalization is given in Eq. 3.7.
Wsn = W/o(W) (3.7)

Since o (W) is largest singular value, it can be computed by singular value de-
composition. However this is deemed expensive and instead the regularization
method relies on power iterations [66, 67]. Algorithm 1 can compute sufficiently

approximate values for (W) with iteration count 1 as demonstrated in [67].

3.2 Diagonal Covariance Approximation

In our style transfer model explained later in this chapter, we develop a con-
ditional generative model that synthesizes the statistics needed for the coloring
transform. Full covariance matrix, however, is difficult to model generatively. In
this sub section, we propose an approximation to the aforementioned style trans-
fer approach that drastically reduces the dimensionality of the statistics that need

to be synthesized.

We modify Eq. (3.2) such that instead of computing Fy, Dy from covariance
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matrix of F§, we only use the mean vectors of the given F, and diagonal of its
covariance matrix. For symmetry we use the same method on content features

F, when whitening.

Given F,, an m X n matrix where m is the number of channels and n is the
number of pixels in feature domain. In the coloring transform when computing

the coloring matrix normally we compute:
Ys = (Fs — ps)(Fs — /LS)T/(n —1)

U,D,E] =%,

In our method we do not use the F; matrix and instead directly use the diagonal

of 5 for SVD decomposition.

Us;DE] = diag(%,) (3.8)
Since diag(3;) has form

D 0

0 %
diag(E,) = ”
0

0 - 0 Spm

- 4 mXm

U, and E are combination of one-hot vectors as can be seen in Fig. 3.2. In this
figure we observe the Dy is relatively preserved as well as the final stylized result.
The high-valued features are preserved in F which allows our approximation to

work.

Our motivation behind this approach is to exploit the low cross-correlation
between the variable of VGG. Since the non-diagonal entries in the covariance
matrix denotes the covariance of two different channels, they carry some informa-
tion about the distribution. However assuming independence, we can set these
entries to zero. Effectively performing an element-wise multiplication between

covariance and an identity matrix of the same size.
Yi=201 (3.9)
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Figure 3.2: Here we observe the differences between our proposed method and
the original [2]. The covariance matrix ¥. is from a content image. The F, is
obtained through coloring with a sample style image. (The matrices are cropped
to 16x16 for better visualization)

We construct the square matrix D; using the diagonal entries of the ¥. Then we

use D; and Ej5 to calculate the coloring matrix .S.

S =E;DE]

Since in Eq. 3.2 we require us = XI(Fs(i))/n and we do not have Fy we also

predict the means of F§ to complete a valid coloring transform.

Therefore instead of requiring a m x n matrix our approximation only requires
two m x 1 matrices for coloring. For m = 512 this is an n-fold decrease as in
our required parameters since, ny = 1024 and ns = 256 for VGG, and VGG;

decoders respectively.

3.3 Conditional Styling Generative Adversarial
Network (CS-GAN)

In this section we explain our main model Conditional Styling Generative Adver-
sarial Network (CS-GAN) and compare our method to pre-existing methods and

highlight the differences of our model. We describe our complete architecture and
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training method of the model. Finally, we provide an ablation study, justifying

our model’s design and training process.

We aim to generate stylized image given a any-hot encoding of the desired
style category(ies). For this purpose we propose a GAN based model which can
generate diag(X) and ps.

One of the main differences of our model compared to existing multi-style and
universal style transfer approaches is that our model does not use style images
directly to generate stylized images. Instead of extracting style statistics from
style images we use the X generated by our model with the help of our approxima-
tion method. Since our network does not need to predict full covariance matrices
only two vectors of size 512 is required to enable the image stylization and gen-
eration. This reduces the complexity of our model architecture drastically. The
reduction in output vector enables us to generate these vectors using conventional
fully connected layers instead of convolutional layers and this allows us to better
model the output vector space. This is because while convolutional networks are
efficient for modeling data with spatial continuity such as images, this is most
probably not the case for our necessary vectors for approximating the covariance

matrices.

Model Architecture. Our model uses a fully-connected architecture as opposed
to convolutional architectures in [55]. The model uses multiple modern techniques
for training GANs. The input of the model is a label vector denoted y which is an
one-hot vector encoding one of the predetermined styles. For data diversification
we use standard Gaussian noise vector z with dimensions 20 x 1. The network
produces two vector pairs (y/diag(2), us). Here we produce the square-root of the
diagonal elements for the reasons we explain in the next paragraph. We convert
\/W(E) back to diag(¥) before feeding these vectors to the decoders VGG,
and VGGs. These decoders require the inputs diag(Xy4), ps and diag(X3s), ps
respectively. We have two GAN networks, one for generating the mean vectors
of the style features to be used in colorizing transform and one for generating the

diagonal entries of the style feature covariance matrix. Our first generator can
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written as:
pas = Gu(z,y) (3.10)

The GAN for generating the diagonal entries of the covariance matrix (Gy, Ds)
has near identical architecture with the GAN generating the mean vectors
(G, D,). However, there is one key difference. Gy, does not predict the diag-
onal entries of the covariance matrix instead it predicts the square root of the
covariance matrices. The square root is also concave (—+/z is convex for mini-
mization purposes) and it maps the entries in a narrower range. We also know
that all entries of the diagonal of covariance matrices must be non negative since

it is positive semi-definite. Similarly our second generator can be written as:

Vdiag(¥), 5 = Gs(z,y) (3.11)

The order of layers i.e. linear, normalization and ReLLU configuration is partially
inspired pix2pix network by Isola et al. [68]. Instead of using dropout for creating
variance in the generation as in pix2pix, we use a similar technique that applies

feature-wise linear modulation layers proposed by Perez et al. [69].

As the discriminator architecture we use the general architecture proposed in
projection GAN [58]. Our discriminator is similarly composed of fully connected
layers. We use three fully connected layers with Leaky ReLU activation. Similar
to the generator we use skip connections for better gradient flow. As projection
for the conditioning labels, we use a linear layer instead of embedding matrices
proposed in original paper [58] as they're equivalent with linear layers having
the advantage of representing any-hot vectors with continuous values. We use

spectral normalization and batch normalization in the network.

In both networks we use Leaky ReLU proposed by Maas [70] which is built
upon ReLU [71] with leak coefficient of 0.2. Leaky ReLU provides advantages
against dying ReLU problem. Also for better gradient flow, we use skip connec-

tions between Linear-Normalization-ReLU modules which perform well as demon-

strated in [72].
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Figure 3.3: Architecture of the GAN generating the means. Left. Generator
network. Notice the symmetrical generation for both VGG, and VGG means.
Right. Discriminator network. The projection conditioning is denoted by the
yellow area.

For training both Gy, and G, generators we use the same discriminator archi-

tecture. For both of our GANs the discriminators can be written as
score, = D(pas,y), scores = D(X4s5,y) (3.12)

The architectures of the both Gy and G, networks are same, in Fig. 3.3. We
can see the details of the architecture for the generator and discriminator for the

means. (G, and D,,)

Model Training. We train our models using Adam optimizer proposed by
Kingma and Ba [73]. For our optimizer we select the parameters §; and (5 as
0.5 and 0.999 respectively. We utilize the two time-scale update rule (TTUR)
and select different learning rates for generator and discriminator for better op-
timization [74]. We also use learning rate decay with decay constant of 0.999 per

epoch.
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Also we use different update-per-epoch for generator and discriminator. We
use the historical buffer used by Shrivastava et al. [75]. This method forces
discriminator to remember failing modes of the generator and helps avoiding
the mode-collapse. History buffer was one of the most effective ways to combat

mode-collapse in our networks and is very straightforward to implement.

As the loss function for GAN training we use hinge loss described in Eq. (3.13)

and (3.14) for the discriminator and generator respectively.

Lp = ReLU (1 — D(paata; py)) + ReLU (1 +D(G(2,v),v)) (3.13)

Lg y _D(g(zvy)7y) (314)

Hinge loss terms are robust to outliers in the dataset as they are clamping the
minimum losses to zero with ReLU layers. They are shown to stabilize the training
process with HingeGAN [62]. Our method for training is shown in Algorithm 2.

For our training we set k = 2.

Algorithm 2: Random Batch Algorithm
Result: G(z,y)
G < initialize weights
D < initialize weights
HistoryBuffer «— G(z,y)
while epoch < maz epochs do
FakeData < G(z,y) + HistoryBuffer
optimize(G(z,y))
for =0 — k do
| optimize(D(RealData, FakeData))
end
HistoryBuffer|[RandomIndex] +— FakeData]RandomIndex]
epoch < epoch + 1
end
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Chapter 4

Dataset and Experiments

In this chapter we provide the details of our experiments results and their respec-
tive discussions. Firstly, we explain our training process. Secondly, we discuss

our the evaluation methods. Finally, we present the experiments we conducted.

4.1 Style Dataset

In the experiments we use the WikiArt dataset, which consists over 126K entries.
The dataset contains images and their meta-data, which includes basic informa-
tion such as its name, author and year as well as manually annotated qualitative

features such as style, genre and technique.

The images collected from 10 styles which consisted at least 1000 entries per
style. From these we generated a train and test split with ratio of 0.8 and 0.2
respectively. The styles are chosen from images which consists of unique styles,
i.e. none of the images in the dataset has multiple styles. We denote this dataset
as S10-1000. In Fig. 4.1 the distribution of the dataset can be seen. Also in
Table 4.1 we provide number of samples in each selected style. Fig 4.2 shows

sample images from the selected styles.
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Figure 4.1: The distribution of styles with sample larger than 1000.

4.2 Training Process

We train our model on GTX 1070 implemented in PyTorch 1.2.0 [78]. We use
a batch size of 1024. In Fig. 4.3 are the loss function for generator and dis-
criminator. We also keep track of the MSE between generated means, however
this is actually a heuristic metric since generator does not have any information
on style image it should transfer. We relied on MSE for detecting gradient ex-
plosions where model completely fails to generate a distribution similar to the
original data. Even though there are methods which use MSE for enhancing

GAN training [76], we do not use MSE in our training process.

In training we used TTUR which smooths the training process and leads to a

31



Figure 4.2: Characteristic images from selected styles. Half of the styles belong
to single era, namely Renaissance. The other half, i.e. neo-expressionism, color
field painting, pop art, magic realism and minimalism, are more modern. This
selection is on purpose to demonstrate the ability of modeling both similar and
distinct styles.
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Table 4.1: The styles in the S10-1000 dataset and their respective counts.

Style Count

High Renaissance 1554
Pop Art 1517
Minimalism 1499
Abstract Art 1496
Early Renaissance 1468
Magic Realism 1266
Mannerism 1228
Color Field Painting 1151
Neo-Expressionism 1013
Academicism 1003

more stable convergence. In both figures the discriminator losses do not increase
showing that the discriminator is able to assign real-fake values correctly. TTUR
is required so that the generator can only make smaller updates cannot escape the
discriminators effective domain. This leads to better training of the discriminator
as it allows more time for the discriminator to learn previous generator failure

modes.

In Fig. 4.3 we also test the effectiveness of using spectral normalization as well.
The training without spectral normalization causes instabilities in the training
and generator non-convergence as predicted by [67]. The computation cost in-
troduced by the spectral normalization was undetectably small since our network

only uses few linear layers.

We experimented with different batch sizes and found that the batch sizes
between 128 and 1024 leads to better convergence. We also used relativistic
losses for our network which proved effective in many GANs yet these led to

non-convergence in our experiments [77].
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Figure 4.3: The training losses over 500 epochs. Top Left. Training loss with
TTUR used, learining rate set to 10~* for generator and 10~3 for discriminator.
Top Right. No TTUR used, with both learning rates set to 10~*. Bottom Left.
Training without spectral normalization, notice the instabilities in the generator
loss.

4.3 Experiments

We demonstrate the capabilities of our model through experiments. We first de-
tail the evaluation methods namely the Frechet Inception Distance (FID) and
then compare the original method to our approximation to demonstrate its ef-
fectiveness. We then compare our complete model to approximation. Finally we

demonstrate the multi-style capabilities of our network.

4.3.1 Evaluation Methods

The true evaluation metric for style transfer is still one of the open questions of
neural style transfer. There are two possible ways to evaluate transfer quality,

qualitative and quantitative. Qualitative methods rely on human judgment and
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can be subject to many external factors, such as age, gender and state of the mind
of the observer at the time of observation. Accounting these external factors fre-
quently require large population samples which may not be feasible. Quantitative
evaluation depends on proposed metrics for images such as performance based
on time complexity, absolute duration per image and distance between activation

maps.

Evaluating GANs is yet another challenge as many GANs are constructed
from unlabeled data and lack the necessary classifiers to evaluate them. One
of the proposed methods is the Inception Score [79]. Inception score uses the
Inception-v3 model proposed by Szgedy et al. [80]. In inception score, images
with meaningful content which also have a conditional label distribution p(y|z)
with low entropy, gets a higher score [79]. This means that an image generated in
one class should have higher probability assigned to it by a classifier for being in
that class versus other possible classes. An image with large difference between
highest probability class and lower probability classes is considered a better, more

realistic image.

Another requirement for high quality GANs is the intra-class variance. This re-
quires the integral of the marginal probability distribution to have a high entropy
[79]. The generated images belonging to a class should have similar probability

of being in the same class.

Combining these requirements forms the following metric:

IS = exp (—E, [Dkw(p(y|o)||p(v))]) (4.1)

The exponentiation makes IS of different models easier to compare. Although
it can provide a good metric to measure realistic images, it has setbacks which
disallows our use of IS. Image must belong one of the classes inception model
is trained on. In WikiArt dataset, such classes does not exist as many images

contains several classes.

We therefore use the Frechet Inception Distance proposed by Heusel et al. [74]
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based on the original inception score. FID is given by
d*((m, C), (M, Coy)) = |Jm — my||2 + Tr(C + C,y — 2(CC,)?) (4.2)

Here (m, C) is the Gaussian obtained from the model data distribution p(-) and
(M, Cyp) is the Gaussian obtained from the real data distribution. Specifically m
and m,, denote the feature-wise means of the generated and real data respectively.
C and C,, are the covariance matrices obtained from the respective data. How-
ever, FID needs at least channel-size dataset to work. This means it requires 2048
images for each class. However our test dataset contains fewer than 300 images
per class for this reason we use a shallower pooling layer from the Inception-v3
instead of the final pooling layer. We also believe that earlier layers can capture
image stylization better and thus use the first pooling layer with 64 channels.
This makes our FID scores incomparable with other studies, however it provides

a reliable benchmark for both [2], which we consider as a baseline, and our work.

4.3.2 Baseline FID Measures

Since we do not have an FID based baseline for [2], we create our own baseline

and compute a distance matrix for the images generated in the original model.

Experimental Setup. For our experimental setup we use S10-1000 dataset
to stylize images based on all available style images, then compare their cross-
class FID scores. We use a single content image to eliminate randomness in the
measures. The FID is obtained through the first max pooling features as opposed

to final average pooling features in [74].

Results. Mean FID difference between classes as shown as a matrix in Fig. 4.5.

Sample outputs from the reduced model can be seen in Fig. 4.4.

In Fig. 4.5 we can see that more dissimilar styles have higher FID values such
as early renaissance with low color contrast versus the minimalist case where color
have higher values. Also the palettes of the renaissance era styles are restricted

with their materials in contrast to more modern styles such as minimalism and
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Figure 4.4: Left. The images generated by the [2]. Right. Images generated by

the diagonal approximation for all styles in S10-1000. Only VGG, and VGG;

are used.

color field painting. Also as we use the approximation of the covariance matrix

i.e. its diagonal, there are some differences in the FID distances. However, as

can be seen in Fig. 4.6, the difference in quality is perceptually low.

Experimental Setup.

4.3.3 Diagonal Stylization

In the first experiments we compare our style mean

shifting algorithm with the original algorithm provided in [2]. We directly feed
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Figure 4.5: Left. The output of the FID matrix for approximation model. High-
est FID belongs to the classes Early Renaissance and Minimalism. Highest dis-
tance is 10.56. Right. Same FID matrix of the original model. Notice the
similarity.

Table 4.2: FID Distances between models.

Model Against Average FID

Original Diagonal Only 0.36
Original CS-GAN 1.76
Original Random 4.4

the style image features into the original model and our network with the real-
mean array we obtained form pre-trained VGG encoder. In this experiment we
use the truncated model (i.e. decys) which contains only the largest 2 of the 5

networks in [2].

Results. In Fig. 4.7 we see that our method approximates the stylization quite
well and only has distance differences lower than 1. Our approximation models
the stylization process well. However especially in Minimalism and Color Field
Painting, our model performs worse or different than modified [2]. There are
several reasons for this. First of all minimalism as a style encompasses many
different styles of many distinct authors. Older art tend to more scholastic in the
sense that practitioners of a certain style had small variance. The other reason is

the usage of with many different color palettes which effects the output of VGG
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Figure 4.6: The images generated by the modified version of the [2] for all styles
in S10-1000. Only VGG, and VGG5 are used.

model significantly.

4.3.4 CS-GAN

Experimental Setup. For the CS-GAN experiment we generate samples equal
to the number of samples generated by our test images. Among different snap-
shots of the trained model over epochs, we picked the model with the least gen-

erator loss for generating images.
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Figure 4.7: The output of the FID difference matrix for stylized and generated
images. Left.The output of diagonal approximation model. Right. Subtraction
of Original FID matrix from diagonal approximation matrix.

Results. In Fig. 4.9 we see that the model creates a FID matrix similar to both
original and diagonal approximation models. Further analysis on the matrix
shows that the CS-GAN FID matrix is approximately linearly scaled version of
original FID matrix with scale factor 1.65. We can also see that our model had
more problem imitating the Minimalism. For example in our model Minimalism

and Pop-Art are less distinct from the original model.

Overall our model can recreate the stylization to achieve similar FID matrix.
Also as seen in Table 4.2, the method approximates the distribution achieved by
the original model as FID implies. In Fig. 4.8 examples show that our model can
indeed recreate some of the stylizations present in the test dataset effectively. We
also observe a very diverse image generation which implies that our model can

generate a wide variety of images and does not suffer from mode collapse.

The diverse images generated can lie outside of the standard [0..1] range for
RGB images, this causes some amount of distortion as RGB’s max out and create
visually unappealing artifacts in the output image. We have tried to map output
images to [0..1] yet this caused a drastic reduction in image contrast and reduced
visual quality further. For this reason we present our results without mapping

them to the standard RGB range while using CS-GAN generated stylizations.

40



High Renaissance High Renaissance High Renaissance

Pop Art Pop Art

Minimalism Minimalism Minimalism

Figure 4.8: Left. Single style images generated by CS-GAN. Right. Images
with closest means and covariance diagonals from the test dataset .

It should be noted that quality of our network, CS-GAN can be improved by

using the non-truncated version of the autoencoder in [2].

On the performance side, we compare the original style transfer model’s av-
erage image generation speed versus CS-GAN. As seen in Table 4.3 there is a
32% improvement as seen in Table 4.3. The absolute performance boost actually
increases as we add more VGG layers to the auto-encoder architecture. This gain
originates from the absence of computation for style features. The encoder does

not have to generate style features for each image.

4.3.5 CS-GAN Multi-Hot

Our conditional GAN can take multi-hot labels as inputs as well. We perform

this experiment to measure the models ability to combine different styles to form
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Table 4.3: Performance measures of original and our model.

Model Time  Improvement
Original 1.717 ms -
CS-GAN + Decoder 1.295 ms 32%
CS-GAN 0.005 ms -

CS-GAN

Original and CS-GAN Difference

High Renaissance
Pop Art
Minimalism
Abstract Art

Early Renaissance

High Renaissance
Pop Art
Minimalism
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[
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Figure 4.9: Left. Output of the FID matrix for CS-GAN. Observe the similar
stucture with Fig. 4.5. Right. The FID differences between CS-GAN and
original model. The original model is scaled by 1.65 to center the distances.

genuine styles.

Experimental Setup. This experiment uses the same CS-GAN trained for one-
hot experiment. For evaluation we search the WikiArt for images with two styles.
These two styles must be already included in our S10-1000. Given these conditions
we find two multi-style groups, Color Field Painting-Pop Art and Minimalism-
Pop Art which contains 28 and 11 images respectively. We then combine the
one-hot labels with addition to create multi-hot vectors. We do not average the

multi-hot vectors to ||y|| = 1 as this creates very low contrast images.

Results. The images generated by the resulting means of multihot vectors is
shown in Fig. 4.11. While the general variety of the created images are still
preserved, the style images have less correspondence to the image with the closest

mean. This can be attributed to the lack of real samples. The model can combine
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Minimalism Minimalism Minimalism

Color Field Painting Color Field Painting Color Field Painting
Minimalism Minimalism Minimalism

Color Field Painting Color Field Painting Minimalism
Minimalism Minimalism Pop Art

Figure 4.10: CS-GAN outputs for multi-hot encodings. Each image pair
has an image generated by our model(Left) and its closest mean in the test
dataset(Right). Top Left Half. Color Field Painting and Pop Art. Bottom
Right Half. Minimalism and Pop Art. Note that the two styled samples have
very low presence in the dataset.

multiple styles together to form a novel style which is previously unknown to the

model.

In some stylings the stylized image has max outs in some pixels, this is partially
caused by feeding a conditioning label with higher element sum, i.e. higher norm.
Normalization of the input label reduces the contrast of the styling and creates
lower quality images. We believe that if the network was trained with multi-
hot embeddings with internal L1 or L2 normalization, it could better preserve
the image contrast at reconstruction. However such training were not possible

because of the dataset limitations.

In Fig. 4.12, we present the progressive style transfers to highlight the effects
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of combining styles. For this particular images we fix the noise z for all examples
to suppress the variance caused by different noise samples. One important thing
to note is that the images do not combine linearly and instead generate novel
stylizations. This effect can be observed in first and last rows of the figure. This

figure is a qualitative assessment of our model in terms of generating novel styles.

For more examples see Appendix A.
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Figure 4.11: More CS-GAN outputs for multi-hot encodings with a different
content image. Each image pair has an image generated by our model(Left) and
its closest mean in the test dataset(Right). Top Left Half. Color Field Painting
and Pop Art. Bottom Right Half. Minimalism and Pop Art. Note that the
two styled samples have very low presence in the dataset.
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Figure 4.12: Image stylizations with fixed noise z for different style combinations.
Notice that the styles combinations are not mere linear combinations of two
images.
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Chapter 5

Conclusion

In this chapter, we briefly summarize the main results and implications of this

study. We also provide a brief discussion of possible future study directions.

5.1 Discussion

In this thesis, we have proposed a framework for universal multihot-to-style trans-
fer. The framework uses a GAN based style-transfer network for universal style
transfer. Our model directly infers correlation matrix which will be used for
style transfer from the one-hot vectors itself. The model draws many inspirations
from previous works. Building upon these features we have been able to pro-
vide a cross domain model, which can synthesize stylized images from one-hot or

multihot style category inputs.

We have shown that our multi-style model can also create novel stylizations
by combining conditioning labels. This flexibility allows our model to generate
outputs involving niche styles. Its generative nature also enables the model to
generate styling which does not have a real life correspondence and can be used

in creative applications.
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While our model can create visually comparable images, we have observed a
discrepancy in terms of FID scores, compared to the original model. We believe
that this discrepancy between original and ours stems from our approximation
method. While our method enables GAN training by reducing complexity n-fold,
we clearly loose style information partially. This trade-off, however, enables us
to train our generative model successfully without observing (significant) GAN

training problems, such as instability.

Overall, our network provides a framework using which style transfer can be
controlled through semantic input from the user. Another contribution of our
model is providing an approximation method, which is efficient and quality pre-

serving.

5.2 Future Work

We believe there are at least two main ways in which we can improve this work in
future work. First is designing and training a GAN which can better approximate
the covariance matrices of the style images. For this purpose convolutional GANs
can be used to generate data in higher dimensions. Other means of approximating
the full covariance matrix can be done through low rank matrix multiplication
methods. To this end, one method that we have planned but eventually did not

include in the final version of the model is the following:
F; 5= g(z 5 y)
Y= F3F)
where Fj; is a low rank approximation of F; e.g. for Fj ,,«, We can generate

Fs pmxj where j << n.

A second improvement to our style transfer model can be made by using better
semantic conditioning vectors where styles can be represented densely. This would
allow conditioning vectors created from word2vec embeddings and could give finer

control over the styles. Such an approach can also improve the ability to generate
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novel styles creatively, using semantic inputs. For a finer control, however, domain
specific corpus collection might be required and our network should be adapated

to accommodate a higher number of styles.
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Appendix A

Style Transfer Examples
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