





ISTANBUL TECHNICAL UNIVERSITY % GRADUATE SCHOOL OF SCIENCE
ENGINEERING AND TECHNOLOGY

WORDS AS ART MATERIALS:
GENERATING PAINTINGS
WITH SEQUENTIAL GENERATIVE ADVERSARIAL NETWORKS

M.Sc. THESIS

Azmi Can OZGEN

Department of Computer Engineering

Computer Engineering Programme

JULY 2020






ISTANBUL TECHNICAL UNIVERSITY % GRADUATE SCHOOL OF SCIENCE
ENGINEERING AND TECHNOLOGY

WORDS AS ART MATERIALS:
GENERATING PAINTINGS
WITH SEQUENTIAL GENERATIVE ADVERSARIAL NETWORKS

M.Sc. THESIS

Azmi Can OZGEN
(504161535)

Department of Computer Engineering

Computer Engineering Programme

Thesis Advisor: Prof. Dr. Hazim Kemal EKENEL

JULY 2020






ISTANBUL TEKNIK UNIVERSITESI % FEN BILIMLERI ENSTITUSU

SANAT MATERYALI OLARAK KELIMELER:
SERI URETICI CEKiSMELI AGLAR iLE
SANATSAL RESIM URETIMI

YUKSEK LISANS TEZI

Azmi Can OZGEN
(504161535)

Bilgisayar Miihendisligi Anabilim Dah

Bilgisayar Miihendisligi Programi

Tez Danmismani: Prof. Dr. Hazim Kemal EKENEL

TEMMUZ 2020






Azmi Can OZGEN, a M.Sc. student of ITU Graduate School of Science Engineer-
ing and Technology 504161535 successfully defended the thesis entitled “WORDS
AS ART MATERIALS: GENERATING PAINTINGS WITH SEQUENTIAL GEN-
ERATIVE ADVERSARIAL NETWORKS”, which he/she prepared after fulfilling the
requirements specified in the associated legislations, before the jury whose signatures
are below.

Thesis Advisor : Prof. Dr. Hazim Kemal EKENEL ...............ccccc.........
Istanbul Technical University

Jury Members : Assist. Prof. Dr. Tlkay Oksiiz =~ ........cococoovvinnnne,
Istanbul Technical University

Assoc. Prof. Dr. Aykut Erdem ...
Hacettepe University

Date of Submission : 14 June 2020
Date of Defense : 14 July 2020






To my family,

vii






FOREWORD

I am very thankful to my advisor, Prof. Dr. Hazim Kemal EKENEL for his support
and guidance in both this work and in my academic career.

I am grateful to my family for their unconditional support throughout my whole life.

Finally, I would like to thank the members of SiMiT Lab, my teammate Seymanur
Akt1, Alperen Kantarci, Irem Eyiokur, Dogucan Yaman, Omid Abdollahi Aghdam,
Anil Geng, Deniz Engin, Aydin Ayanzadeh, Emre Kolag for all the supports and their
valuable friendship.

July 2020 Azmi Can OZGEN

iX






TABLE OF CONTENTS

Page

FOREWORD . IX
TABLE OF CONTENTS v Xi
ABBREVIATIONS .. Xiii
LIST OF TABLES . . . . v XV
LIST OF FIGURES . .. XVii
SUMMARY v XXI
OZET Xxiii
1. INTRODUCTION ..... . L. wo 1
1.1 PUIpOSe Of TRESIS eeuviiiiiieiiiieiiie ettt ettt et 4
1.2 Literature REVIEW ........c.coviiiiiiiiiiiiiieeieeeetteite ettt 5
1.2.1 Deep generative learning models .........ccceeeviiiieiiiiiieiniiieeenieee e 5

1.2.2 IMAage ZENETALION ...c..eeruiieiiiriiieiiesiie et etee e sttt s e e e e saeeeeneeneens 5
1.2.3 Image-to-image translation..........ccecveeeriieeriiieerieeniee et eiee e siee e 5
1.2.4 Style transSTer.....ccoociiiiiiiiiee e e 6
1.2.5 Text-to-1mage SYNRESIS ..c..ccoouiiiiiiriirieeiieiierteeee e 6

2. METHODOLOGY .... . . e 7
2.1 Word EmMbBedding........cccueeiiiiiiiiiiiieiieeeieeeee et 8
2.2 Generative Adversarial NetwWorks........cccceecveeiiiniiniiniiinicnieeeeecneeeeeens 10
2.3 Deep Convolutional Generative Adversarial Networks...........ccccceeevveenneennne. 12
2.4 MO COlLAPSE.....eeerieiiieiieiieiieee ettt ne e 13
2.5 Model ATCRITECTUTIE.......eeiuiieiiiiieriieeieeee ettt 14
2.5.1 THE fIrSt SEAZE ..eeevvveeeiieeeiieeiieeeiee et e et e e rreeeteeesbeeeareesbeeenaaeesnseeennneas 15
2.5.2 The SecoNd STAZE.......eevueerririieiienieeie et 16
2.5.3 The third StAE .......eevuiiiriiieeiieeeieeeee ettt 17

2.6 Model OptimiZation.........ceeeuveerieeriiieeniieeiieesteeesreessieeesreeessreesseesssseesseesnnns 17
2.6.1 Wasserstein loss with gradient penalty (WGAN-GP) .........cccccevvennne. 18
2.6.2 Minibatch diSCrimination...........ccocueeieerieenienieeieeie et 19
2.6.3 Spectral nOrmaliZation..........c.eeeeeriiieerriiiieeeriieee et e e riaee e 20
2.6.4 Hyper-parameter StraleZy .........cceeveerueerueenieeneeniieereenieeneeereeneeseeesneenne 21

3. DATASET . 23
3.1 WOrds ANALYSIS....ceeiuiiiiiieiiiieeiieeete ettt 24
3.2 TMAZE ANALYSIS c.uvieiiiieiiiieeiie ettt e 25
3.3 Data AUZMENTAtION......ccuueeriiieeriiieeiieenieeeriteesieeeseteesteeesbeessneessseessseesnseeennns 25

4. EXPERIMENTS w 27
i T 11 11 YU UTSRPPR 27
O 11N 1 1 VRPN 27
4.3 Fréchet Inception Distance (FID) ........ccccooviiiiiniiiiiiiieiciececececeees 28

xi



4 SUTVEY ..ttt et ettt ettt e et e ettt e s bt e e st e e s bt e e sateesabaeesabeesnbeesabeesnbeesabeeenns 29

4.5 ViSUal RESUILS ...c.evviiiiiiiiii et e e e 34
5. CONCLUSION ..cuuiiiivueinsnncssanissnncssasssssasessasssssassssssssssassssasssssassssasssssassssssssssasesss 41
REFERENCES... . . . cesressaseessnnessansenanes 43
CURRICULUM VITAE ...uuciiivueicnsencnsnncssancsssnsessasssssassssssssssassssssssssasssssassssasssssasesss 47

Xii



ABBREVIATIONS

GAN : Generative Adversarial Networks

CNN : Convolutional Neural Network

RNN : Recurrent Neural Network

WGAN-GP : Wasserstein Generative Adversarial Networks with Gradient Penalty
FID : Fréchet Inception Distance

IS : Inception Score

Xiii






LIST OF TABLES

Table 2.1

Table 3.1
Table 3.2
Table 3.3
Table 4.1

Page
: Some top words (bold ones) and their most related top four words
(below) from oUr dataSel.........evveeeeeiererreeeeeeeeiiieeeee e e e 8
: Image shape statistics of our dataset ...........coceeevieeiniiiniieinieenieennn 25
: Image color channel means of our dataset............cceeeeeviieinieenieenne. 25
: Image color channel standard deviations of our dataset...................... 25
: FID scores of random noise and stages of our model. ........................ 28

XV






LIST OF FIGURES

Figure 1.1

Figure 2.1

Figure 2.2

Figure 2.3

Figure 2.4

Figure 2.5

Figure 2.6

: Overview of the proposed pipeline. Keyword lists are converted
into word vectors, and they are given to our sequential GAN
model. At each stage, the model proceeds from the output of the
previous stage, and more detailed and higher resolution images
are generated. Notice that the generated image contains most of

Page

the keywords, and relations between them are creatively connected.. 2

: Basic model workflow with three stages of GANs. Word vectors
are processed only in the first stage. The second stage continues
where the first stage left off and image resolution increases. The
third stage continues where the second stage left off, and the final

image is created in this Stage. ........cooeevieriieiniinienieeeeeeceeeee

¢ Shallow neural network architecture of word embedding model
with a N dimensional one hidden layer, C x V shaped inputs and
N x 'V shaped outputs. C and V represent context size and word

VECLOr S1Z€ TESPECLIVELY. cuvviiiiiiiiiiiiiiiieee e

: The basic schema of GAN. The generator is fed with latent
variable z, randomly chosen inputs, and generates fake data G(z).
Discriminator is both fed with real data x and fake data G(z),

outputs D(x) and D(G(z)) respectively..........cocevvrerreieeneenenienenns

: The basic schema of DC-GAN. The generator is fed with latent
vectors. This vectors are upsampled through deconvolutional
layers in the generator. Conversely, the generated image (or
real image) is downsampled through the convolutional layers of

QISCIIMINATOL. ©evvveeeieeeeeeeeeitteeeeee et e eeeeeteaa e eeseeeeeeresasaaeaeeseeeeerrenes

: The first stage GAN architecture. Generator has one fully
connected layer to process word vectors, convolutional upsample
layers and ResNet blocks. Discriminator has one fully connected
layer to process word vectors, convolutional downsample blocks
and minibatch discrimination layer. Batch normalization is
applied after convolutional layers except the last layer and the first

layer of the generator and disCriminator. ...........ccoccveevveeenieennieeennnen.

: The second stage GAN architecture. Generator has convolutional
upsample and downsample blocks. There are skip connections
between layers that has same resolution images. Discriminator has
convolutional downsample blocks and minibatch discrimination
layer. Batch normalization is applied after convolutional layers
except the last layer and the first layer of the generator and

QISCIIMUINATOL. ©evvviiiieeeeeeeeititeeeeeee et e eeeeeteaa e eeeeeeseeeeeeresasaeaeeseeeeesrenns

xXvii

w7

. 9

.12

. 15

.. 16



Figure 2.7

Figure 3.1 :

Figure 3.2

Figure 3.3 :

Figure 3.4 :

Figure 4.1 :

Figure 4.2 :

Figure 4.3 :

Figure 4.4 :

Figure 4.5

Figure 4.6 :

: The third stage GAN architecture. Generator has convolutional

upsample and downsample blocks. There are skip connections
between layers that has same resolution images. Discriminator has
convolutional downsample blocks and minibatch discrimination
layer. Batch normalization is applied after convolutional layers
except the last layer and the first layer of the generator and
discriminator. Notice that the filter sizes are slightly different than

the SECONA SLAZE. ....eevuiieiiiieeiieetee ettt 17
Sample digital art images on the left and classical art images on

the TIGNE oo e e 23

: Top most used 50 words in our dataset.........cccceevveerverceerneeneennennnen. 24

Sentence length histogram of our dataset. .........c.ccceevveeeviierniieenineenns 24

Sample augmented images. On the top: Original image, on
the second row from left to right: Gaussian blur, color jitter,
gamma correction, on the second row from left to right: histogram
equalization, resolution changing, sharpening............c.ccecceeevvveenneenns 26
Survey results. From left to right; all participants and groups
according to their Al relations from 1 to 5. Blue bars represent the
normalized total score of 186 participants that they acquire from
48 images. Light blue bars represent total score on generated 24
images. All bars are normalized to (0, 1) interval. .........cccccooveveuenennee. 30
Survey results. From left to right; all participants and groups
according to their age groups. Blue bars represent the normalized
total score of 186 participants that they acquire from 48 images.
Light blue bars represent total score on generated 24 images. All
bars are normalized to (0, 1) interval. ........cccoceoeveinireinneceecee 30
Survey results. From left to right; all participants and groups
according to their education status groups. Blue bars represent the
normalized total score of 186 participants that they acquire from
48 images. Light blue bars represent total score on generated 24
images. All bars are normalized to (0, 1) interval. .........ccccceeveueenennee. 31
Survey results. From left to right; all participants and groups
according to their work status groups. Blue bars represent the
normalized total score of 186 participants that they acquire from
48 images. Light blue bars represent total score on generated 24
images. All bars are normalized to (0, 1) interval. .........ccccerveueenennee. 31

: Top 5 the most-confused images that are actually made by our

model. From left to right; 46.2%, 40.3%, 39.2%, 38.2% and
30.6% of all participants guessed that they are made by humans.
We are informed that most of the participants thought that these
images have quite realistic brush strokes and objects are not
obscure as the Others. .........oocioiiiiiiiiiiii e 32
Top 5 the least-confused images that are actually made by our
model. From left to right; 6.5%, 10.8%, 11.3%, 11.8% and 12.4%
of all participants guessed that they are made by humans. For
those images, participants said that the artifacts around the images
played an important role in their deciSions. .........cocccecveeveenieriveeneenne 32

xviii



Figure 4.7

Figure 4.8 :

Figure 4.9 :
Figure 4.10:
Figure 4.11:
Figure 4.12:

Figure 4.13:

: Top 5 the most-confused images that are actually made by

humans. From left to right; 76.9%, 59.1%, 58.6%, 58.1% and
51.1% of all participants guessed that they are made by our model.
Plain, monochromatic and worn images make participants suppose

that there must be an artificial generation. ..........ccccceeeeveercieesnieenneenns

Top 5 the least-confused images that are actually made by
humans. From left to right; 8.6%, 10.8%, 10.8%, 14.0% and
14.5% of all participants guessed that they are made by our model.
Color usage on the canvas and theme of the paintings is very
critical in the thought process of all the images. Especially, if
the participant has experience with artificially generated images
before or has an advanced understanding of art, it is more difficult
to deceive them. Most of the participants said that these images

are more artistic and have more details compared to others. ..............

Sample results. From left to right; given words, our outputs

through three stages and corresponding ground truth for given words.

Sample results. From left to right; given words, our outputs

through three stages and corresponding ground truth for given words.

Sample results. From left to right; given words, our outputs

through three stages and corresponding ground truth for given words.

Sample results. From left to right; given words, our outputs

through three stages and corresponding ground truth for given words.

Sample results. From left to right; given words, our outputs

through three stages and corresponding ground truth for given words.

Xix

32

33

35

36

37

38

39






WORDS AS ART MATERIALS:
GENERATING PAINTINGS
WITH SEQUENTIAL GENERATIVE ADVERSARIAL NETWORKS

SUMMARY

Generative adversarial networks are one of the most popular topics and widely
researched area of computer vision. They have been developed a couple of years
ago as an unsupervised learning method. These models can easily be utilized
as feature learners, and they are used in many interesting applications such as
generating realistic images, generating sketch images, image-to-image translation, 3D
object generation, image inpainting, generating super-resolution images, voice/music
generation, anomaly detection, generating synthetic datasets, adversarial attacks. We
focused on text-to-image synthesis in this work. Specifically, we synthesize painting
images from a given set of keywords. The aim is to generate unique artificial painting
images that reflect given keywords in their contents.

Converting text descriptions into images using Generative Adversarial Networks has
become a popular research area. Visually appealing images have been generated
successfully in recent years. There is a remarkable amount of studies in the literature
regarding this topic. Inspired by these studies, we investigated the generation of artistic
images on a large variance dataset. As an important part of this work, we created our
dataset. Dataset has 3492 images with classical paintings and also digital paintings.
They both provided a mixture of different painting styles for our work and we believe
that this dataset will be a good resource for other researchers as well. Therefore, we
shared our dataset publicly to be used in artificial art generation studies.

One major characteristic of our work is that we used keywords as image descriptions,
instead of sentences. Therefore, our dataset consists of image-keyword pairs and
includes images with variations, for example, in shape, color, and content. These
variations in images provide originality which is an important factor for artistic
essence. However, those variations make learning difficult at the same time. As a
result of this difficulty, we designed a sequential deep neural network model.

As our neural network model, we proposed a sequential Generative Adversarial
Network model which consists of three separate stages to handle images and keyword
sets simultaneously. Keyword and image pairs are processed through the stages
of neural network layers. The first stage of this sequential model processes the
word vectors and creates a base image whereas the next stages focus on creating
high-resolution artistic-style images without working on word vectors. To deal with
the unstable nature of GANs, we proposed a mixture of techniques like Wasserstein
loss, spectral normalization, and minibatch discrimination. Besides, we set a special
hyper-parameter set separately for all the networks used in the model.

Ultimately, we were able to generate painting images, which have a variety of styles.
Evaluation of the results is one very critical part of the work. We provided both
quantitative and qualitative analyses for them. As a quantitative analysis, we evaluated
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our results by using the Fréchet Inception Distance score. For the qualitative analysis,
we conducted an extensive user study with 186 participants. Both analysis objectively
supported that our painting images can be considered as artworks.
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SANAT MATERYALI OLARAK KELIMELER:
SERI URETiCi CEKISMELI AGLAR iLE
SANATSAL RESIM URETIMI

OZET

Yapay zekanin sanat liretme yetenegi, bilgisayar biliminin tartismali konularindan
biridir. Yapay zeka gercek sanat yaratabilir mi, yoksa bilgisayarla iiretilen eserler
sikict sayilar ve denklemlerden olusan bir matristen daha fazlasi degil mi? Bu sorunun
cevabi arastirmacilar arasinda ve hatta yapay zeka ile ilgilenen insanlar arasinda uzun
zamandir diistiniiliyordu. Bu ¢alismaya baslamadan once bu sorunun cevabin1 merak
ediyorduk ve baglarken en biiyiik motivasyonumuz bu oldu.

Cogu zaman sanat, duygular1 ve fikirleri aktarma ¢abas1 oldugu i¢in bir insan eylemi
olarak kabul edilir. Ote yandan, sanatsal {iretimin deterministik ve mantiksal siire¢lerin
sonunda ortaya ¢iktigin1 iddia edenler de var. Mantiksal bir siire¢ olsa bile, sanat
tretmenin sadece insan beyninin iistesinden gelebilecegi bir sey olabilece8i ya da
sadece insan beyni tarafindan iiretildiginde bir sanat eseri olarak diisiiniilebilecegi de
s0z konusu olabilir. Bagka bir deyisle, bir eseri yalnizca insan zihni, duygular1 ve
deneyimleri sonucunda iiretildiginde bir sanat eseri olarak degerlendiriyor olabiliriz.
Tersine, eger bir sanat eseri insan aklinin bir sonucu degilse, o zaman onu rastgele bir
tiretim olarak diisiinme egiliminde olmamiz olasi. Tiim bu soru ve fikirleri diisiinmeyi
okuyuculara ve uzmanlara birakiyoruz, ciinkii bu fikirler bu calismanin felsefeye
dokunan kismi. Tezin amacina odaklanirsak, sanat eserleri olarak kabul edilen insan
yapimi resimlerle egitilmis bir yapay sinir ag1 modeliyle yapay resimler iiretmeyi ve
bu yapay resimlerin sanat eserleri olup olmadigini sorgulamay1 amagladik.

Diger amaclardan biri ise, yazarlar ve ressamlar gibi sanatsal {iretim yapmak icin ilham
almasi gereken kisiler tarafindan kullanilabilecek bir uygulama prototipi olusturmaktir.
Bu insanlar, modelimiz tarafindan iiretilen goriintiileri stok fotograf internet sitelerinde
sunulan goriintiilere benzer sekilde kullanabilirler. Ciinkii ¢aligmadaki modelimiz
bir anahtar kelime listesini girdi olarak aliyor ve bu kelimeleri sanatsal bir resme
doniistiiriilebiliyor.

Bu calismanin ve benzerlerinin sanatsal iiretim yapabilen bir bilgisayar programi
olarak kendi baslarina de8erli oldugunu diisiinmemizin yani sira, bdyle program-
larin endiistrinin bazi alanlarinda kullanabilecek cesitli uygulamalarin kaynagi da
olabilecegini diisiiniiyoruz. Bunlardan bazilar1 olarak grafik tasarim, oyun tasarimi
ve reklamcilik gibi sanatsal tasarimin {iriiniin 6nemli bir pargasi oldugu alanlari
sayabiliriz.  Yine de, boyle calismalarin endiistride kullanilabilecek seviyelere
gelmesi icin daha biiyiik ekipler ve daha biiyiik yatirimlarla desteklenmesi gerektigi
kanaatindeyiz.

Son olarak, calisma kapsaminda olusturdugumuz verikiimesinin yapay zeka ile
sanat iretimi alaninda c¢alisan arastirmacilar i¢in yararli bir kaynak olacagina
inanityoruz. Bu amagcla bu verikiimesini internet ortaminda herkese acik olacak sekilde
paylastik. Bu tarz ¢alismalarin kapsamlarinin genislemesi i¢in boyle verikiimelerinin

xxiii



boyutlarinin yeterince biiyilk olmasinin ve sayilarinin da ¢ok olmasinin Onemli
oldugunu diisiiniiyoruz.

Uretici Cekismeli Aglar (UCA), bilgisayarl1 goriiniin en cok calisilan ve en gozde
konularindan bir tanesi. Bu modeller, birka¢ sene Oncesinde egiticisiz 6grenme
yontemi olarak gelistirildiler. Ancak onlar, rahatlikla 6znitelik 6grenici modeller
olarak da kullanilabilirler. ~ Baz1 uygulamalari olarak; gercek¢i resim {iiretimi,
eskiz iiretimi, resimden resme ¢evrim, 3B obje iiretimi, resim tamamlama, yiiksek
¢Oziiniirliklii resim iiretimi, ses/miizik iiretimi, anomali tespiti, yapay verikiimesi
dretimi, yaniltict saldirilar vb.  Biz bu calismada, metinden gorsel iiretimine
odaklandik. Ozellikle, verilen bir kelime kiimesinden sanat resimleri sentezleme
tizerinde calistitk. Amacimiz, igeriginde verilen anahtar kelimeleri dogru yansitan,
essiz yapay sanat resimleri iiretmektir.

Metin, goriintii, ses, video gibi veri tiplerini iiretmek ve bunlar arasinda doniisiim
yapmak, UCA’lar yardimiyla popiilerlik kazanmistir. Son yillarda literatiirde farkli
vert tiirlerini kullanarak yine bu farkli veri tiirlerini tiretmeye c¢alisan bir¢ok ¢alisma
yapilmistir. Son yillarda da UCA’lar bu amag igin kullanilan bir numarali sinir ag
modeli haline geldi. Biz de bu ¢aliymada UCA’lar1 temel sinir ag1 mimarisi olarak
kullanmayz tercih ettik.

UCAlar, iiretici ve ayirici olarak adlandirilan iki ayr1 ag1 egiterek, verilen
veri dagiliminin en iyi temsillerini 6grenmek icin tasarlanmistir.  Ayirici, hangi
girdilerin gercek veriden ve hangilerinin iiretilmis veriden geldigini ayirt etmek i¢in
giincellenirken; iiretici de ayiriciy1 en cok yaniltabilecek sahte veriyi iiretmek igin
giincellenir. Her iki ag da digerini yenmeye calisir ve sonu¢ olarak iiretici tek
basina yapay c¢iktilar sentezlemek igin kullanilir. Ureticiye saf bir giiriiltii kaynaginin
yan1 sira, istenen diger veri tipine doniistiirmek icin kosullu veri adi verilen anlaml
veriler de verilebilir. Bu kosullu veriler doniistiiriilmek istenen orijinal kaynaktir,
¢iktida bu kaynakla iligkilendirilecek yapay bir ¢ikt1 alinir. Uretici agin bu iki veri
arasinda bir esleme 68renmesi beklenirken, ayiricinin da ayni eslemeyi hem gercek
hem de yapay veri i¢cin 6grenmesi amaclanir. Biz bu calismada kosullu veri olarak
olarak anahtar kelimeleri kullanirken, saf giiriiltiiyii de bu girdilerin bir parcas1 yaptik.
Girdilerde giiriiltii kullanmanin, tez boyunca paylastigimiz gibi, birden fazla faydasi
bulunmaktadir.

Verilen metin agiklamalarindan elde edilen goriintii sentezi, ©nemli miktarda
yayinlanmig eser iceren popiiler arastirma alanlarindan biridir. Bu calismalarin
cogu, metin icerigini 6grenmeye ve bunlart verikiimesindeki benzer goriintiilere
doniistiirmeye ¢alistiklar yaygin verikiimelerine odaklanmigtir. Biz bunlarin aksine,
UCA’lan gercekgi goriintiiler yerine sanatsal resim goriintiileri olusturmak icin
kullandik. Bu nedenle, verikiimemizi daha fazla yaraticiliga sahip olmasi i¢in sekil,
renk, ¢izim teknigi ve icerik bakimindan ¢ok cesitli stillerle olusturduk. Verikiimesi,
klasik sanat resimleri ve dijital sanat resimleriyle toplamda 3492 tane gorsel igeriyor.
Ayrica, resimler i¢in agiklayici climleler kullanmak yerine, verilen resmin 6zelliklerini
yansitan anahtar kelimeleri tercih ettik. Yalmizca anahtar kelimeler kullanildiginda,
kelime siras1 onemsiz ve aralarindaki iligkiler belirsiz hale geldiginden kelimeleri
goriintiilerle iligkilendirmek zorlasir. Bununla birlikte, bu, modelimize orijinal bir
resim yaratma esnekligini saglar ve bu da sanat yaratimi i¢in onemli bir faktordiir.
Inaniyoruz ki bu verikiimesi diger arastirmacilar icin de iyi bir kaynak olusturacaktir.
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Bundan dolayi, calismamizi yapay sanat liretimi caligmalarinda kullanilmas: igin
erisime agtik.

Calismamizin karakteristik Ozelliklerinden bir tanesi, gorsellerin tanmimlart icin
climleler yerine anahtar kelimeler kullanmamizdir.  Bu yiizden verikiimemiz
gorsel-anahtar kelimeler ciftlerinden olusuyor ve sekil, renk ve icerik gibi cesitliliklere
sahip gorseller iceriyor. Bu cesitlilik sanatsal 6z i¢in Onemli bir etken olan 6zgiinligii
sagliyor. Ancak, bu cesitlilik ayn1 zamanda 6grenmeyi de zorlastirtyor. Bu zorlugun
istesinden gelebilmesi icin derin ve birka¢c asamadan olusan bir yapay sinir agi
mimarisi tasarladik.

Yapay sinir ag1 modeli olarak, gorselleri ve anahtar kelimeleri ayn1 anda isleyebilecek
lic ayr1 asamali Seri Uretici Cekismeli A§ modeli 6nerdik. Anahtar kelime ve gorsel
ciftleri sinir aginin katmanlar1 boyunca iglenir. Bu seri modelin ilk asamasi kelime
vektorlerini igler ve temel bir goriintii yaratirken, bir sonraki asama kelime vektorleri
tizerinde calismadan yiiksek c¢oOziiniirliiklii sanatsal tarzda goriintiiler olusturmaya
odaklanir.

Seri iiretici modelimize beselenebilmeleri icin anahtar kelimeler kelime vektorlerine
(gercek sayilarin vektorleri) eslenmelidir.  Geleneksel yontem n-gram modelleri
kullanirken, sinir aglar1 son zamanlarda popiiler hale geldi. Sinir ag1 olarak Word2Vec
algoritmasini kullandik. Kelime girdilerini bir metin grubu olarak alir ve istenen
boyutta (genellikle yiizlerce) bir vektor kiimesi iiretir. Sozliikteki her kelime, kelime
uzayindaki benzersiz bir vektore eslenir, boylece ilgili kelimeler bu vektor uzayinda
birbirine yakin olacak sekilde toplanir. Bu kelime vektorlerini, goriintii tiretme
modelimizin girdileri olarak kullandik. Word2Vec algoritmasini optimize etmek i¢in
vektor boyutu, pencere boyutu, donem sayisi gibi birka¢ hiper-parametre vardir.

Goriintii olusturma modeli icin cogunlukla evrisimsel ve evrisimsel olmayan katmanlar
iceren UCA’lar tasarladik. Goriintiilerin biiyiik cesitliligini 6grenmek icin, UCA’larin
tic asamadan olusan sirali bir mimarisini 6nerdik. Her asama, daha ayrintili ve daha
yiiksek ¢oziinitirliklii goriintiiler iiretir ve bir 6ncekinden daha sanatsal stiller ekler.
Bu ¢ok asamali yapi, her asama goriintiiler iizerinde ayri ayr1 ¢alistig1 i¢in daha soyut
O0grenme saglar.

UCA’larda kargilagilan en yaygin zorluk, agirliklari birbirini yenecek sekilde
giincellendiginden iireticiyi ve ayiriciyr ayni anda giincellemektir. Bu ¢cogu zaman
dengesiz bir egitim egrisine neden olmaktadir. UCA’larin dengesiz dogasi, boyle bir
sirali modelle ¢cok hizli biriktiginden, dengesiz 6grenme egrilerini ve mod ¢okiisii
olarak bilinen fenomeni Onlemek icin, Wasserstein kaybi, spektral normalizasyon
ve kiiclikkiime ayrilmasi gibi bazi dengeleyici optimizasyon tekniklerini kullandik.
Ayrica, modelde kullanilan tiim aglar i¢in ayr1 bir 6zel hiper-parametre kiimesi
belirledik.

Sonugta, cesitli stillere sahip resim goriintiileri tretebildik.  Sonuglarin deger-
lendirilmesi ¢aligmanin kritik boliimlerinden bir tanesi. Bunun ig¢in niceliksel ve
niteliksel analiz yaptik. Niceliksel analiz olarak, sonu¢larimizi Frechet Baslangic
Mesafesi puanini kullanarak degerlendirdik. Niteliksel analiz olarak, 186 katilimci ile
bir kullanici anketi gerceklestirdik. Bu iki analizin de sonuglarini tablolar ve grafiklerle
paylastik. Iki analiz de iirettiimiz resimlerin sanat eseri olabilecegini destekledi.
Ayrica modelimizin irettigi resimlerden bazilarini girdi olarak kullanilan anahtar
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kelimelerle birlikte en son kisimda paylastik. Bu gorsel sonuclarin degerlendirilmesini
okuyucuya birakiyoruz.
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1. INTRODUCTION

Generating various data types such as texts, images, audio, videos, and conversion
between those have gained popularity with the aid of Generative Adversarial Networks
(GANSs) [1]. In recent years, many studies have been conducted in the literature trying
to produce these different types of data using different datasets. GANs became the
number one neural network model used for this purpose. In this study, we preferred to

use GANSs as the basic neural network architecture as well.

GANs were designed to learn the best representations of given data distribution by
training two separate networks called generator and discriminator. The generator is
updated to generate similar outputs to given input data while discriminator is updated
to distinguish which inputs come from real training data and which come from the
generated data. Both networks try to beat the other one and as a result, the generator
is used to synthesize artificial outputs. The generator might be given a noisy input as
well as meaningful data called conditions to convert them into the other desired data
type. Converting text (specifically words) to images is the one that we have focused on

this work.

Image synthesis from given text descriptions is one of the trending research area,
which has a considerable amount of published works. Most of these works focused
on common datasets, where they try to learn text content and convert them to similar
images in the dataset. On the contrary, we utilized GANs to generate artistic painting
images instead of photo-realistic images. Therefore, we have formed our dataset with
a large variety of styles in shape, color, drawing technique, and content to have more
creativity. Moreover, instead of using descriptive sentences for images, we preferred
keywords that reflect the features of the given image. By using only keywords, the
word order is insignificant, and relations between them are obscure, so associating
the words with the images becomes harder. However, this provides our model the
flexibility to generate images more freely which is an important factor for art creation.

The overview of the proposed pipeline is shown in Figure 1.1.
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Figure 1.1 : Overview of the proposed pipeline. Keyword lists are converted into
word vectors, and they are given to our sequential GAN model. At each
stage, the model proceeds from the output of the previous stage, and
more detailed and higher resolution images are generated. Notice that
the generated image contains most of the keywords, and relations
between them are creatively connected.

As can be seen from Figure 1.1 keywords must be mapped into word vectors (vectors
of real numbers) via a process called word embedding. The traditional method uses
n-gram models, whereas neural networks became popular recently. We used the
off-the-shelf Word2Vec [2, 3] algorithm, which uses neural networks as well. It takes
word inputs as a corpus of text and produces a vector space with the desired dimension
(usually hundreds). Each word in the corpus is mapped to a unique vector in the space
so that the related words will also be close to each other in this vector space. We used
these word vectors as the inputs of our image generation model. There are several
hyper-parameters to optimize the Word2Vec algorithm such as vector size, window

size, epochs, etc. as we shall see in the following chapters.

For the image generation model, we designed GANSs that mostly contain convolutional
and deconvolutional layers. To learn large variance of images, we proposed a
sequential architecture of GANs, which consists of three stages. Each stage generates

more detailed and higher resolution images as well as adds more artistic styles than the
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previous one. This multiple staged structure provides more abstract learning as each
stage works on the images separately. The detailed mechanism of the model will be

shared in the following sections as well.

The most common difficulty for the GANs is that converging the generator and the
discriminator at the same time since their weights are updated to beat each other.
This is causing an unstable training curves most of the time. As the unstable nature
of GANs accumulates too fast with such a sequential model, to prevent unbalanced
learning curves and the well-known phenomenon called mode collapse, we utilized
some stabilizing optimization techniques such as Wasserstein loss [4, 5], spectral
normalization [6] and minibatch discrimination [7] which will be discussed in the

following chapters as well.

Our contributions can be summarized as follows:

e We have created a new keywords-to-painting dataset. Dataset contains 3492 images
with 1746 digital art images and 1746 classical painting images. There are 738

unique keywords.

e We have used keywords for image descriptions, where word order is insignificant
and word relations are more obscure unlike full sentence descriptions, leading to

more artistic image generations.

e We have designed a sequential GAN architecture that handles both word vectors

and real-fake image pairs.

e We have employed a mixture of optimization techniques —Wasserstein loss,
spectral normalization, and minibatch discrimination— to train all the networks

stably and efficiently.

The remainder of the thesis is organized as follows. Chapter 2 is on our proposed
pipeline, network architecture, and optimization methods. Chapter 3 gives details
about the dataset that we created. In Chapter 4, we present training techniques, and

experimental results. Finally, Chapter 5 concludes the thesis.



1.1 Purpose of Thesis

The ability of artificial intelligence to produce artwork is one of the controversial topics
of computer science. Can artificial intelligence create true art, or it is no more than
a matrix formed by dull numbers and equations? The answer to this question has
been long-awaited among researchers and even among people interested in artificial
intelligence. Before we started this study, we were wondering the answer to this

question and this was our biggest motivation when starting this study.

Often, art is considered to be a human act, as it is an effort to convey emotions and
ideas. On the other hand, some argue that artistic production comes out at the end
of deterministic and logical processes. Even if it is a logical process, producing art
can be something that only the human brain can overcome, or it can be considered
as a work of art only if it is produced by the human brain. In other words, we can
only evaluate a work as a work of art when it is produced as a result of the human
mind, emotions, and experiences. Conversely, if a work of art is not a result of
the human mind, then we think of it as just a randomly generated production. We
leave thinking of all these questions and ideas to readers and experts, as this is the
part of this work that touches philosophy. If we focus on the purpose of thesis,
we aimed to produce artificial paintings by a complete mathematical model, trained
with human-made paintings, which are considered to be works of art and to question

whether these artificial paintings are works of art.

Another aim is to create a prototype of an application that can be used by people who
need the inspiration to produce artistic production, such as writers and painters. These
people can use the images produced by our model in a similar way to the images
presented on stock photo websites. Because the model we use takes the keyword set
as input and these words can be fed into our model by people who want to use such
an application. We anticipate that such an application can be used in various fields of
the industry such as graphic design, game design, and advertising besides pure artistic
production. The last but not least goal is; we believe that the dataset we created will
be a useful resource for researchers working in the field of artwork generation with

artificial intelligence.



1.2 Literature Review

1.2.1 Deep generative learning models

Deep generative learning models with a convolutional layer structure have shown
remarkable performance for generating images. Earlier works were conducted as
unsupervised feature learning models [1, 8—11]. Mirza et al. [12] introduced a
conditional version of this generative model and opened a way for data translation
tasks. All these models use either classic GANs or a variant of their old or newer

variants.

1.2.2 Image generation

Image generation with labels is extensively studied. Oord et al. [13], Yan et al. [14],
and Odena et al. [15] have proposed conditional models to generate images where
conditions can be class labels or descriptive image attributes. Brock et. al. [16]
generated class-conditional samples using a large scale GAN training and acquired
visually high-quality images. There are also progressive training approaches [17, 18],
in which generated output resolutions continually increase and better image qualities

are acquired.

1.2.3 Image-to-image translation

Image-to-image translation studies use images as conditions (inputs to the generator)
to generate new images (outputs from the discriminator). Isola et al. [19] approached
this translation as a general-purpose solution and modeled a conditional adversarial
network that learns a mapping from an input image to an output image as well as
learns a loss function to train the mapping. Choi et al. [20] proposed a single GAN
model that can perform image-to-image translations for multiple domains. Zhu et
al. [21] extended the translation idea for the datasets where the paired input and output
samples are absent. Similarly, Yi et al. [22] devised an unsupervised general-purpose
image-to-image translation network which enables learning for two sets of unlabeled

datasets from two different domains.



1.2.4 Style transfer

Style transfer is another research area that is related to our work since they mostly
deal with the translation of artistic essence (colors, styles, etc.) of images. [21] can
be mentioned here as well because their work experimented as photo-generation from
paintings and vice versa. Gatys et al. [23] designed a CNN-based neural network where

they separate and recombine the content and style of images.

1.2.5 Text-to-image synthesis

Text-to-image synthesis studies use text descriptions as conditions to GAN models.
Dash et al. [24] synthesized images from conditioned text descriptions. Xu et al. [25]
devised an attention-driven mechanism through multi-stage architecture. Similarly,
Mansimov et al. [26] designed another attentional mechanism with bidirectional
recurrent neural networks to encode the image captions. Zhang et al. [27,28] proposed
a decomposed architecture where the first stage sketches basic attributes such as
color and shape from given text descriptions, and the second stage adds more details
and yields better image quality. Qiao et al. [29] designed a text-to-image-to-text
framework to learn generations by modifying text descriptions. Some other approaches
focus on object locations as well as text descriptions while generating images from
captions [30, 31]. Similarly, Park et al. [32] proposed a model that focuses on
foreground and background objects at the same time for given text descriptions. For

better learning of text descriptions, using mismatching text is another idea [33].



2. METHODOLOGY

Our methodology consists of two main parts: Word embedding and three stages of
GANs. Word embedding is realized relatively more straightforward since it utilizes
the off-the-shelf method: Word2Vec [2,3]. Three-staged sequential GAN, on the other
hand, is a fundamental part of the work and one of the contributions of this work.
The proposed method’s workflow is illustrated in Figure 2.1, and it is explained in the

following sections.

:ﬁww Word vectors INFIY

[ ‘ Real
Discriminator
Fake

N Real
- Decider
: > Fake

CxV_ 1xV N
'Word vectors [NETS Generator

(C+1)xvV

Real

Fake

Stage 3 Final image

Figure 2.1 : Basic model workflow with three stages of GANs. Word vectors are
processed only in the first stage. The second stage continues where the
first stage left off and image resolution increases. The third stage
continues where the second stage left off, and the final image is created
in this stage.



2.1 Word Embedding

A shallow neural network algorithm Word2Vec [2, 3] was used for word embedding.
Word2Vec is a language processing model which transforms a text corpus into word
vectors with desired dimensions. In the process, similar words come closer to each
other in the vector space. There are two methods that Word2Vec uses: Continuous Bag
of Words (CBOW) and Skip-Gram. CBOW tries to predict a word w by looking at the
whole context. Conversely, Skip-Gram tries to predict the next word by looking at the
word w. We preferred the CBOW method. The reason for the word ’continuous’ is

that the vectors are represented by float values and not only binary values.

The size of the context is limited by choosing a window. We have chosen window size
as 10. If the sentence length is smaller than 10, the window size is bounded by the

length of sentence length for the given keyword set.

The basic architecture is a two-layer neural network with V' dimensional output layer.
V also represents the size of word vectors, which is taken as 64. The hidden layer
size N is also 64. Context size (number of words representing one image) is fixed to
six, and one noise vector is concatenated to the end of context as the same size of a
real word vector size. Finally, our vocabulary size is 738 (total unique words) for the

training dataset. A detailed schema is given in Figure 2.2.

painting scenery | realism female
paint landscape | romanticism sexy
religious cliff impressionism | woman
jesus nature peasant bed
christ day painting beautiful
impressionism | portrait animal male
realism famous hunt man
expressionism | stylish predator beard
paint thoughtful | prehistoric famous
umbrella self reptile book
horse dark sea fantasy
equine black ocean horn
stallion red wave evil
gallop darkness | turtle magic
fast evil underwater wing

from our dataset

Table 2.1 : Some top words (bold ones) and their most related top four words (below)



We utilized the Gensim library [34]' which provides an efficient, powerful, and
well-documented Word2Vec implementation and it is widely used by the natural
language processing community. Some other hyper-parameters used in WordVec
model are window size is 10, minimum word count is 3 (ignoring all words with
frequency lower than this), the initial learning rate is 0.01, minimum learning rate is
0.00001, epoch is 500, negative sampling is 20 (how many noise words will be used).
As a result of our Word2Vec model, we presented some of the top words and their most
relevant words all selected from our keywords of the dataset in Table 2.1. Notice that,
these relations reflect the context of the images. Therefore, if some words used more
in classical paintings or digital paintings, then its most relative words are reflecting the

context of that image respectively.

All words EOne-hotencoded N-dim hiddené V-dim output

in context | vectors layer layer
H 6\ ' '
O
Q
animal

-

[®)
O
O
O O
O O
Q@ Q@
cat l
E 6 V-dim
; N-dim
O
tiger W2: NxV
N /V-dim : :
Inputs: CxV | Outputs: CxV

Figure 2.2 : Shallow neural network architecture of word embedding model with a N
dimensional one hidden layer, C x V shaped inputs and N x V shaped
outputs. C and V represent context size and word vector size respectively.

'ttps://radimrehurek.com/gensim/index.html
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2.2 Generative Adversarial Networks

Generative Adversarial Networks (GANSs) is considered to be one of the most
interesting ideas of our decade. After the Deep Convolutional Neural Networks
proposed by Krizevsky et al. [35] in 2012, it was seen by many as the second most
innovative work in the field of artificial intelligence in the last decade. GANs quickly
became popular after it is proposed by Goodfellow et al. [1] in 2014, and was applied to
popular computer vision applications besides all other artificial intelligence problems.
Considering our application, GANs are the first network model that comes to mind.
Although there are many variations of GANs, we will just give details about its basic
form and equations, then we will explain convolutional GANs. After that, we will start

explaining our sequential GAN model.

A GAN is composed of two separate neural networks. One is the generator which is
designed to generate a data distribution of interest from a given latent space. Here, the
latent space term is used to define randomly chosen inputs. These random inputs lead
to unpredictably generated outputs in the end. On the other hand, the discriminator
tries to distinguish those generated outputs from the real data distribution. In other
words, a discriminator works as a simple binary classifier. While the generator tries
to deceive the discriminator by its fake data distribution, the discriminator is learning
the real and fake data. This process leads to a competitive learning model between two

different neural networks. The basic schema of a GAN is given in Figure 2.3.

X > - ——» D(x)
Discriminator

—>D(G(2))

Y

z~N®O0,1) —> Generator —>»G(z)

Figure 2.3 : The basic schema of GAN. The generator is fed with latent variable z,
randomly chosen inputs, and generates fake data G(z). Discriminator is
both fed with real data x and fake data G(z), outputs D(x) and D(G(z))
respectively.
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Real data distribution is p,;(x) and fake data distribution is pg(z). The objective for
the discriminator is given Equation 2.1 which is a maximization condition for the

discriminator.

max By, () [10g(D(x))] +Ep, (o) [log(1 — D(G(2)))] 2.1)

In Equation 2.1 the discriminator tries to make fake inputs D(G(z)) = 0 and real inputs
D(x) = 1 (discriminator output is bounded to an interval [0, 1] by a sigmoid function).
In the end, the discriminator tries to minimize the classification error. Similarly, the

objective of the generator is a minimization condition that is given in Equation 2.2.

minE,._,, (; log(1 - D(G(2)))] 2.2)

The generator tries to make D(G(z)) = 1 and minimize Equation 2.2. This means the
generator tries to minimize Equation 2.1 indirectly and maximize classification error.

Both equations are combined into one in Equation 2.3

minmax B, o log(D()] + ., log(1 - D(G(2)))] 23)

where both the generator and the discriminator have different objectives (minimization

and maximization) over the same equation.

Equation 2.3 also defines a minimax game where the generator tries to minimize and
the discriminator tries to maximize the objective. A minimax game is a well-known
concept in game theory where two-players compete with each other by making
simultaneous moves to optimize a condition without knowing the moves of the other
player. In the game theory, the solution of a minimax game is equal to Nash
equilibrium where both players gain nothing by changing their strategy. Namely, the
game reaches a point where the players do their best and their total gain against each
other is O (this leads to a zero-sum game). Training a GAN should ideally reach a Nash
equilibrium where the discriminator has only a 50% chance at its binary predictions
since the fake outputs are indistinguishable from the real ones. However, as we shall

see this case is practically impossible for the training of GANSs.
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2.3 Deep Convolutional Generative Adversarial Networks

Before delving into our model and its training stabilization techniques we will talk
about Deep Convolutional GANs which is a variation of a classical GAN architecture
to specifically generate images from given latent space. This architecture is also the

building block of our model.

Deep Convolutional Generative Adversarial Networks (DC-GAN) is firstly proposed
by Radford et al. [11]. These networks are an extension of GANs and use convolutional
and deconvolutional (convolutional-transpose) layers inherently in both the generator
and the discriminator parts. The strided deconvolutional layers transform the latent
vectors into a desired image shape by upsampling it in the generator. Conversely,
convolutional layers downsample the image in the discriminator to classify it as real
or fake. Both the generated image and the real image is processed through the same
layers in the discriminator. In the end, data is reshaped to 1D vector by fully connected
layers, then a sigmoid layer squeezes it into [0,1] interval. Both networks can be
updated by Equation 2.3 as well as by other objective functions such as Wasserstein
loss as we shall see in the following sections. The simple schema of DC-GAN is given

in Figure 2.4.

[ ]Latent vectors

[ ] Generated images
(@ Upsampling

@ Downsampling

Figure 2.4 : The basic schema of DC-GAN. The generator is fed with latent vectors.
This vectors are upsampled through deconvolutional layers in the
generator. Conversely, the generated image (or real image) is
downsampled through the convolutional layers of discriminator.
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2.4 Mode Collapse

The well-known problem of Equation 2.3 is the vanishing gradient for the generator.
Generally, discriminator classifies better as opposed to generator generates images.
This leads to gradients approach zero very quickly for the generator. In this case,
the discriminator dominates the training, and the generator can never improve itself.
Conversely, if the generator is arranged to have many more parameters as opposed to
a discriminator with fewer parameters, then the generator quickly learns to deceive
discriminator with the same meaningless images. Either case GAN falls to a situation
called mode collapse. In a typical mode collapse case, the fake outputs are plain
one-color images even though the inputs are different from each other. These
meaningless inseparable images either deceives the discriminator all the time and the
generator dominates, or these outputs are an indication that the generator fell too much
behind by the discriminator since the discriminator learned to classify very quickly and

started to say "fake" everything that the generator produced.

There are several reasons for the mode collapse occurred. One is if the model capacity
of the one network outweighs the other one, then this network can easily dominate.
Therefore, model sizes (number of parameters) must be tuned so that the balance
between the generator and the discriminator should be secured. One other problem
might be the loss function. Finding a suitable loss function is the first step to resolve
the unbalanced training problem. Other common solutions are stabilizing by tuning
the hyper-parameters such as the learning rate and regularization strength. Tuning the

hyper-parameters may slow one down and gives the other a chance to catch it.

Once a mode collapse has occurred, practically the objective cannot be realized
and training must be stopped. From the engineering point of view, training is
restarted until you are sure that it can continue without observing "mode collapse".
Training stabilization must be guaranteed before starting the training by tuning the
hyper-parameters. And at some point, the best hyper-parameters can only be found by
trial and error. We performed a mixture of optimization techniques to prevent mode

collapse which is presented in the following sections.
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2.5 Model Architecture

The very basic schema of our model is given in Figure 2.1 earlier. This model
architecture consists of three staged GANs. Each stage is a Convolutional GAN in
itself and has one generator and one discriminator. The model architecture is similar to
StackGAN proposed by Zhang et al. [27,28]. But our architecture has one extra refiner
stage, and there are some other differences at the inner structure of GANs. Also,
training methods and optimization techniques are radically different from StackGAN
since we try to learn the artistic features of the images and try to provide originality in
the outputs. These differences will be discussed in the upcoming sections. First, we

will explain the details of the GAN stages.

The first stage processes the word vectors in the generator and produces a relatively
lower resolution image. This image forms a base for the upcoming stages. On the
other hand, the discriminator processes real image-word vectors and fake image-word
vectors pairs and gives unbounded outputs. Unbounded output without sigmoid
function at the end is used since we use Wasserstein loss as we will discuss in

Section 2.6.

The second stage takes the output of the first stage generator, refines it through the
convolutional layers, and outputs a higher resolution image. This stage’s networks
are called as refiner and decider even though they are generator and discriminator

essentially. At this stage, no word vector is processed by neither refiner nor decider.

The third stage is quite similar to the second stage. It takes the output of the second

stage and gives the final image with the highest resolution.

The advantage of using this type of sequential staged model is that separating base
image creation with word vectors and image refinement processes. Therefore, we can
design more specialized networks and increasing image resolution through the layers
becomes easier. To generate higher resolution images, more refinement stages can be
added. However, each refiner stage requires more an more computation power as well
as memory allocation. In our experiments, we made it feasible to train with 3 stages
(2 refiner stages) with our equipment. But, we highly encourage the researchers to try

the same architecture with more refiner stages.
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2.5.1 The first stage

The first stage is a classical GAN with one generator and one discriminator, and its
architecture is given in Figure 2.5. Word vector inputs are fixed in the shape of 7 x 64
with six words and one additional noise row. If given words for the image is not filling
the context of six words, then one of the closest words from vocabulary is chosen
randomly. On the contrary, if there are more words than six, then a random subset is
chosen. This way inputs become noisier and varied so that it provides stable learning

curves as proposed by Salimans et al. [7].

The generator consists of a series of convolutional and convolutional upsample layers.
In the middle of the generator, there is a series of ResNet [36] blocks to extract features
better as the generator also works as a feature learner. In the end, the generator outputs
a 64 x 64 image. The same word vectors are given to discriminator paired with real
and fake images separately. In the discriminator, word vectors firstly pass through a

fully connected layer to be able to concatenate them with the images channel-wise.

At the end of the discriminator, there is a minibatch discrimination layer in which its

functions will be explained later. And it gives unbounded outputs.

Generator Discriminator

[ Fully Connected

- [ Convolutional

8 Upsampling

@ ResNet

[ Downsampling

[ Minibatch Discrimination
+) Channelwise stack

1"64"64

9 ResNet Blocks

Figure 2.5 : The first stage GAN architecture. Generator has one fully connected
layer to process word vectors, convolutional upsample layers and ResNet
blocks. Discriminator has one fully connected layer to process word
vectors, convolutional downsample blocks and minibatch discrimination
layer. Batch normalization is applied after convolutional layers except
the last layer and the first layer of the generator and discriminator.
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2.5.2 The second stage

The second stage also has one generator (refiner) and one discriminator (decider) and
the architecture are given in Figure 2.6. It proceeds from the output of the first stage

and refines it through its generator.

The generator consists of a series of convolutional downsample and upsample layers
and works like an autoencoder essentially. There are skip connections between
those downsample and upsample layers to provide smoother gradient flows and faster
learning. In the end, the generator outputs a 128 x 128 image. Since this stage proceeds
where the first stage left off, word vectors are not processed at this stage but only the

output of the first stage.

Similarly, the discriminator consists of series of convolutional downsample layers and
only processes the output of the refiner paired with corresponding real images. The real
images are resized to 128 x 128 the shape of output images of the refiner so that both
the fake images and real images can be fed to the first layer of the discriminator. In the
end, there is a minibatch discrimination layer in which its detail will be explained in

the upcoming sections.

Refiner
2x32
64x64 - M '

Figure 2.6 : The second stage GAN architecture. Generator has convolutional
upsample and downsample blocks. There are skip connections between
layers that has same resolution images. Discriminator has convolutional

downsample blocks and minibatch discrimination layer. Batch
normalization is applied after convolutional layers except the last layer
and the first layer of the generator and discriminator.

Decider

(] Fake Image
0 upsampling
B Downsampling
B Minibatch Discrimination
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2.5.3 The third stage

The third stage architecture is almost identical to the second stage as given in Figure
2.7 except that it is fed with the output of the second stage and generates a 256 x 256

image.

Refiner Decider

ol l

Figure 2.7 : The third stage GAN architecture. Generator has convolutional upsample
and downsample blocks. There are skip connections between layers that
has same resolution images. Discriminator has convolutional
downsample blocks and minibatch discrimination layer. Batch
normalization is applied after convolutional layers except the last layer
and the first layer of the generator and discriminator. Notice that the
filter sizes are slightly different than the second stage.

() Fake Image

@ Upsampling

8 Downsampling

@ Minibatch Discrimination
\9 Channelwise stack

2.6 Model Optimization

Stable convergent training with GANs is quite challenging. As mentioned before,
when either the generator or the discriminator starts to dominate training, mode
collapse 1s quite likely to occur. In this case, saving training from falling apart is
almost impossible. Therefore, prior adjustments are required. Choosing a good loss
function, setting the most suitable hyper-parameters, arranging network layers are the

most important features for these adjustments to apply on.

Our architecture has three separate GANs, and the first two feed the others by their
outputs. Therefore, we tried out a lot of stabilizing optimization techniques and to
perfect the training curves. We will first talk about our loss function. Then, we will
give details about minibatch discrimination and spectral normalization. Finally, we

will conclude this chapter with our hyper-parameter strategy.
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2.6.1 Wasserstein loss with gradient penalty (WGAN-GP)

Wasserstein GAN (WGAN) was proposed by Arjovsky et al. [4]. Itis an improved way
of training GANs with a different loss function to prevent vanishing gradient for both
the generator and the discriminator and to avoid mode collapse. WGAN replaces the
discriminator with a critic and instead of classifying as real or fake (binary) it evaluates
the inputs and puts on a scale. According to this scale, the most real inputs are grouped
at the top and the most fake inputs are grouped at the bottom. This scale is not bounded
between [0, 1] as it would be in the classical GAN. To achieve this unlimited output,
no sigmoid function is used at the end of discriminator. Ultimately, in Wasserstein loss
the discriminator tries to maximize D(x) — D(G(z)) and the generator tries to maximize

D(G(z)).

Since the loss is not bounded, gradients should be clipped to avoid gradient explosion.
Generally, weights can be clipped between [c, —c| where ¢ € R in WGAN. Besides,
in [4] discriminator is updated more than the generator and RMSProp is used for

optimization to stabilize training.

However, enforcing stabilization by clipping weights is not an effective method
according to Arjovsky et al. [4] since it limits the model capacity. To overcome this
Wasserstein loss with gradient penalty (WGAN-GP) is proposed by Gulrajani et al. [5].

Equation 2.3 transforms into Equation 2.4 with a gradient penalty term.

Ex[D(®)] — Ex[D(x)] + AE(|[V:D®)] 2 — 1)) 2.4)

where x and X represent real and fake data instances respectively and A is constant

multiplier for gradient penalty term.

As Gulrajani et al. stated WGAN-GP provides more stable convergence in the training.
Therefore we selected it for optimization and obtained the best training curves in our
experiments. The final form of our loss function is given in Equation 2.4 and A is
taken as 10.0. Wasserstein loss provided us more stable converging curves as opposed

to BCE (Binary Cross Entropy) loss and LSGAN loss [37].
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2.6.2 Minibatch discrimination

For our task, one of the most important conditions for producing good quality images
is to produce them with great variety. The basic idea is evaluating the variety of
batches of outputs instead of just individual samples. Another term used to express this
variety is entropy. Minibatch discrimination was developed by Salimans et al. [7] to
prevent the generator from producing outputs with lower entropy than the real dataset.
Therefore, minibatch discrimination is essentially intended to increase the entropy of

the generator.

Minibatch discrimination layers are shown in Figures 2.5 and 2.6, which forces the
generator to generate a wide variety of images and prevent mode collapse. It is applied
to the final dense layer of the discriminator by concatenating the similarity of input
image x with all other images in the batch. The similarity for the minibatch b is given

as

o(x), =Y cp(xi,x;) €R (2.5)
j=1

where ¢, (x;,x) = exp (— 1M, —ijth) € R is L;-distance between i/ and j"
image. Here, f (x;) € R is the vector of features of input x;, T € RA*8*C is learnable
parameter tensor of minibatch discrimination layer and M; = f;- T. Similarity output

of the all batches is given as

o(x,-) = [0 (xi)l ,o(xi)z,...,o(xi)B] € RE (2.6)

which is concatenated channel-wise with the feature vector f (x;).

As our dataset contains a wide variety of images, real inputs to the discriminator will
have very low similarity. On the contrary, if the generator starts to output monotonic
images, the similarity metric given in Equation 2.6 will be very high. In this case,
discriminator should penalize the generator. As we shall see in visual results in
Chapter 4, minibatch discrimination provided our model to generate large variety of

outputs for given set of keywords.
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2.6.3 Spectral normalization

Spectral normalization is firstly proposed by Miyato et al. [6] as an alternative to
gradient penalty and other weight normalization techniques. The idea is simply
replacing all the weights W in a layer with W/o(W). Here, (W) is the spectral

norm of the weight matrix W. Spectral norm of W is given in Equation 2.7

(W) =||Wv||=ul Wy (2.7)

where u and v are randomly initialized vectors for given weight W in a layer. In a

specific update time #, v; is given as

WIw)ty
V =l (2.8)
[(WIW)v|
and at time 7 + 1, u;41 and v;; | are computed as
U1 =Wy
(2.9)

T
Vil =Wty

Equation 2.9 defines a power iteration rule over u and v as the weight W changes slowly
over time. Since it does not involve any derivative operation, spectral normalization is

computationally efficient than applying gradient penalty.

We applied spectral normalization [6] to all convolutional layers as an additional
stabilizer of training. As Miyato et al. stated spectral normalization provides more

diversely generated samples than conventional weight normalization [6].

Miyato et al. [6] compared their model Spectral Normalization GANs (SN-GANs)
to WGAN-GP models and regularization techniques and proposed that the images
generated by their models are clearer and more diverse on CIFAR-10 [38] and
STL-10 [39] datasets. In this work, we utilized spectral normalization in combination

with the gradient penalty as a regularization method.
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2.6.4 Hyper-parameter strategy

Planning of the hyper-parameter set is the last of the strategies we applied to optimize
the training of our model. These hyper-parameters include general neural networks
parameters such as learning rate, regularization strength as well as others such as label
flipping probability rate specific to GANs. We will explain parameter separation idea

that we used on our sequential GAN architecture to have more stabilized training.

Separating parameters for the generator and the discriminator is another technique to
have more stable training. As Heusel et al. introduced [40] using different learning
rates (generator: 0.0001, discriminator: 0.0002) benefits more stabilized convergence
for the generators against the discriminators. These learning rates are the same in
the refiner and the decider networks in the second and third stages. Inspired by this
idea, we applied different dropout rates (generator: 0.2, discriminator: 0.65) for all the
convolutional and dense layers on all networks. Conversely, we used the same weight
decay as 0.00001 on our Adam optimizer [41] on all networks. The details of Adam

optimizer will be given in the upcoming sections.

Another strategy for training stabilization is that flipping labels with 0.05 probability
(fake images become real and real ones become fake). This strategy slows down
the discriminator activity and prevents mode collapse by setting wrong labels on the

images and give more chances to the generator to generate different images.

Other hyper-parameters and optimization techniques will be explained in detail in the
following sections. Now we will continue with our dataset and its features in the next

chapter.
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3. DATASET

Our dataset! is a painting images collection acquired from deviantart.com for digital
paintings and wikiart.org for classical paintings. 1746 digital paintings and 1746
classical paintings were used in total and 349 images were reserved for testing. As
can be seen in Figure 3.1, our dataset contains a large variety of images in shape,
color, content, and style. Similarly, our vocabulary size (738) is quite extensive. We
believe that this variety is a necessity for artistic essence since it leads to generating

unique images for a given set of input words.

~oleve

4y

Figure 3.1 : Sample digital art images on the left and classical art images on the right

I Accessible from https://doi.org/10.5281/zenodo.3690752
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3.1 Words Analysis

The number of total unique words is 738. Histogram of the top most used 50 words of

our dataset is shown in Figure 3.2.
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Figure 3.2 : Top most used 50 words in our dataset.

Keyword set for a given image is called a sentence. Although we have used fixed

sentence length in the training phase, which is 6, images in the original dataset have

not the same sentence length. The histogram of sentence lengths is given in Figure 3.3.
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3.2 Image Analysis

All images are 3-channel RGB images. Classical painting images have relatively
smaller resolution than digital painting images but have a lower standard deviation

in width and height. The detailed image statistics are given in Table 3.3.

| Total | Mean width | Mean height | Std width | Std height

Classical paintings | 1746 | 609.54 561.06 147.99 60.13
Digital paintings 1746 | 1108.05 1015.45 307.39 367.33
All paintings 3492 | 858.79 788.25 346.88 347.69

Table 3.1 : Image shape statistics of our dataset

‘ Red mean ‘ Green mean ‘ Blue mean

Classical paintings | 120.91 107.25 90.48
Digital paintings 127.64 121.79 118.51
All paintings 124.88 114.52 104.50

Table 3.2 : Image color channel means of our dataset

‘ Red std ‘ Green std ‘ Blue std
Classical paintings | 55.84 52.45 48.77
Digital paintings 56.10 54.85 53.10
All paintings 55.97 53.65 50.94

Table 3.3 : Image color channel standard deviations of our dataset

3.3 Data Augmentation

Data augmentation plays an important role in our experiments due to the relatively
small size of our dataset. We applied a series of image processing methods randomly.
One of them is Gaussian blur with a randomly selected radius from the uniformly
distributed (0,3) interval. Color jittering was used that randomly factored brightness,
contrast, saturation, and hue values in the intervals (0.6,1.6), (0.6,1.6), (0.6,1.6),
and (—0.2,0.2) respectively. Additionally, gamma correction, histogram equalization,
sharpening, and random resolution changing was applied. We did not use other
well-known augmentation methods, such as horizontal flipping, image rotation,
channel swapping, or grayscaling since they would have caused incompatibility
between the words and content of the images. Images are normalized to (0, 1) scale as

well as our word vectors. Augmentation effects can be seen in Figure 3.4.
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Figure 3.4 : Sample augmented images. On the top: Original image, on the second
row from left to right: Gaussian blur, color jitter, gamma correction, on
the second row from left to right: histogram equalization, resolution
changing, sharpening.
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4. EXPERIMENTS

4.1 Training

We did the training with the 3143 image-keyword pair, which is 90% of the
dataset. Word vectors are acquired using our Word2Vec model trained previously
and are normalized into [—1,1] scale. Training of all three stages was conducted
simultaneously. Namely, one forward pass is completed until all three stages output
one image. The alternating training method as proposed by [40] was not used.
Therefore, all the generators and the discriminators were updated at the end of the same
minibatch. Instead of updating generator and discriminator separately, we separated
learning rate and dropout rate parameters of them to organize stabilized training as we

shall discuss in the upcoming sections.

For all networks, Adam [41] optimizer with beta = 0.5 was used. The batch size
is selected as 16. Excluding hyper-parameter stabilization experiments, all networks
were trained for at least 3000 epochs. Besides, there have been experiments where we
have over 3000 epochs to fine-tune more. As we mentioned before, learning rates were
initialized to 0.0001 and 0.0002 for the generator and the discriminator, respectively,
and decayed to half for every 300 epochs but not below 0.00001. This learning rate
strategy covers the refiner and decider networks that belong to the second and the third

stages as well.

4.2 Testing

For this work, testing means that creating a set of images for a given keyword set and
evaluating them using a particular metric or asking the quality of the images to the
people. Our evaluation strategy will be shared in the upcoming sections. We did the
testing with the 349 image-keyword pair, which is 10% of the dataset. Images are

created using only the generator networks (in three stages). All final created images

27



were compared to ground truth images using Fréchet Inception Distance (FID) [40]

metric as we will talk about in the next section.

4.3 Fréchet Inception Distance (FID)

Fréchet Inception Distance (FID) proposed by Heusel et al. [40] is the first method that
we used to measure the quality of the generated images. It is an alternative method
to Inception Score (IS) that is proposed by Salimans et al. [7]. The FID score simply
compares the generated samples to the real samples. Lower FID score corresponds to
more similar real and generated samples as measured by the Inception-v3 model [42].
In the case of measuring FID for the identical datasets, the score becomes 0. FID
score evaluates the similarity between the real and the generated datasets as well
as the diversity of the generated images by measuring the distance of two Gaussian

distribution which is given as

14 — tag|? + Tr(Cr+ Co — 2(C,Cy)'/?) .1

where (u,,C;), (Ug,C,) are the mean and covariance of the real and generated image

distributions.

We compared the quality of generated images by the FID score (lower is better) in
Table 4.1. Complete Gaussian random noise images are our upper bound and they
represent the worst images that can be generated for given keywords. The lower FID
bound is missing since the ideal painting image does not exist for given keywords. As
can be seen from Table 4.1, more realistic images are generated through the stages of
our model. As we shall see in the upcoming sections, Stage 3 presents the best-quality

images visually.

FID score
Random noise 487.66
Stage 1 384.67
Stage 2 234.18

Stage 3 (Final output) 218.34

Table 4.1 : FID scores of random noise and stages of our model.
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4.4 Survey

The survey is the second method that we used to measure the quality of the images
that our model generated. Since the evaluation of artworks is a subjective action,
we thought that the survey we conducted would be more successful than a numerical

metric in evaluating the quality of the pictures.

The survey ! was held by querying the participants whether a given painting image is
made by our model or by a human. The questions of the survey were short and simple,
as the survey was intended to be organized with a sufficient number of images and with
a lot of participants from different professions. To make the survey simpler, keywords
of the images were not given and all the images were shown one by one. Besides,
we asked the participants their confidence level on each image (Unsure, Somewhat
confident, Very confident). Results were collected from 186 participants where 98%
of the total is at least a university student or has a college degree. We did not ask the
participants’ professions, but we also know that there are some art critics, and many

researchers working in the area of artificial intelligence among the participants.

Participants were shown 48 images. 24 of them are generated by our model and the
rest is made by humans (those images were collected from our dataset but were not
used in the training). The participants were also asked their relations with Al at a scale
of 1 to 5. Besides, other anonymous information such as their age, education status,
and work status were collected. Although there was no time limit while answering the
questions, participants were also warned not to look at the pictures for more than a few

seconds and give quick answers.

We evaluated the survey results by plotting charts of the participant’s success
concerning their information. Also, we provided some of the most and the least
confusing images in the survey and shared our thoughts on them. The survey results
according to participant relations with Al can be seen in Figure 4.1. Similarly,
Figure 4.2, Figure 4.3, and Figure 4.4 show other results according to participant age,
education status, and work status respectively. The height of bars in the groups are

normalized as the length of all participant groups will be 1.0.

I Accessible from https://forms.gle/LiWTiMKbLvsx62L38
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Figure 4.1 : Survey results. From left to right; all participants and groups according
to their Al relations from 1 to 5. Blue bars represent the normalized total
score of 186 participants that they acquire from 48 images. Light blue
bars represent total score on generated 24 images. All bars are
normalized to (0, 1) interval.
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Figure 4.2 : Survey results. From left to right; all participants and groups according
to their age groups. Blue bars represent the normalized total score of 186
participants that they acquire from 48 images. Light blue bars represent
total score on generated 24 images. All bars are normalized to (0, 1)
interval.
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Figure 4.3 : Survey results. From left to right; all participants and groups according

to their education status groups. Blue bars represent the normalized total
score of 186 participants that they acquire from 48 images. Light blue
bars represent total score on generated 24 images. All bars are
normalized to (0, 1) interval.
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Figure 4.4 : Survey results. From left to right; all participants and groups according
to their work status groups. Blue bars represent the normalized total
score of 186 participants that they acquire from 48 images. Light blue
bars represent total score on generated 24 images. All bars are
normalized to (0, 1) interval.
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As a result of the survey, the average success rate of guessing whether a given image
(of all 48 images) is generated by our model or by a human is found to be 73.8%.
The success rate of guessing correctly for all images (24 images) generated by our
model is 77.9%. According to survey results, the top five most and the least confusing
images created by both our model and humans are given in Figures 4.5, 4.6, 4.7, and

4.8 respectively.

/
P

Figure 4.5 : Top 5 the most-confused images that are actually made by our model.
From left to right; 46.2%, 40.3%, 39.2%, 38.2% and 30.6% of all
participants guessed that they are made by humans. We are informed that
most of the participants thought that these images have quite realistic
brush strokes and objects are not obscure as the others.
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Figure 4.6 : Top 5 the least-confused images that are actually made by our model.
From left to right; 6.5%, 10.8%, 11.3%, 11.8% and 12.4% of all
participants guessed that they are made by humans. For those images,
participants said that the artifacts around the images played an important
role in their decisions.

. .iF

Figure 4.7 : Top 5 the most-confused images that are actually made by humans.
From left to right; 76.9%, 59.1%, 58.6%, 58.1% and 51.1% of all
participants guessed that they are made by our model. Plain,
monochromatic and worn images make participants suppose that there
must be an artificial generation.
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Figure 4.8 : Top 5 the least-confused images that are actually made by humans. From
left to right; 8.6%, 10.8%, 10.8%, 14.0% and 14.5% of all participants
guessed that they are made by our model. Color usage on the canvas and
theme of the paintings is very critical in the thought process of all the
images. Especially, if the participant has experience with artificially
generated images before or has an advanced understanding of art, it is
more difficult to deceive them. Most of the participants said that these
images are more artistic and have more details compared to others.

From the visual results of the survey, we can comment that bright colors make
participants think that image is artificially generated as in Figure 4.6. Besides,
when the objects are prominently seen and artifacts around the images are absent,
participants can be deceived as given in Figure 4.5. Although they are made by
humans, there are also pictures thought to be made by Al due to their abstract content
and monochromatic use as seen in Figure 4.7. Overall, the participants that have
experience with Al, or have an advanced understanding of art are the most difficult ones
to deceive. They are quite confident at detecting fake creations as seen in Figure 4.8.
This was reflected in the results shared in the Figure 4.1 and Figure 4.3. From these
results, we have seen that it is a requirement that the color and brightness balance of
the generated images are set correctly and the objects in the images are distinguished

clearly to deceive people.

Another remarkable detail that we noticed in the survey was that while they are shown
the images, participants became more successful in differentiating images towards the
end of the survey, as they understood the style of our model better. Thus, the success of
the participants was better in the images shown at the end of the survey compared to the
images shown at the beginning. Nevertheless, apart from the statistics, the participants
also stated that they had fun during the survey and were surprised at many images

made by Al when they saw the answer key.

Here we end the analysis of the results part. In the next section, we will share the visual

results and leave the assessment to the reader.
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4.5 Visual Results

In this section, we present other visual results other than the ones shared in the survey.
We believe that the visual results are the most important factor to evaluate such a
research. In the previous section, we made two different evaluations of the pictures
produced by our model through the FID score and survey. Here we leave the artistic

evaluation of the pictures shared visually to the reader.

The figures that show our visual results include the input keywords as well as the
generated images through the stages of our model. From the final generated images we
can conclude that the image content of the generated images is compatible with given
words generally. Besides, when a very similar word set is given unique styles and
contents were generated. Still, the content in the final images should not be expected
to be as clear as a human-made painting. Theses paintings as we mentioned before
should be seen as productions that will trigger inspiration in artistic production. In
other words, rather than criticizing how clear the objects in the images are, the artistic
features (originality, color harmonies, abstract features, etc.) of the images should be

given more importance.

As a weakness, some details like the face of people are not created very well and there
are artifacts around the objects. We believe that those weaknesses would be resolved
by expanding the dataset. Detailed visual outputs for given words at different stages
are provided in Figure 4.9, 4.10, 4.11, 4.12. Some input keyword-ground truth image
pairs may appear more than once. But since corresponding generated images may be

different, those pairs were kept in the result figures.
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Figure 4.9 : Sample results. From left to right; given words, our outputs through
three stages and corresponding ground truth for given words.
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38



decoration
design
furniture
interior
palace
realism
female
impressionism
nu
painting
sad

Woman
landscape
moon

river
scenery
valley
water
beautiful
blonde
female
girl
portrait
thoughtful
face

friar
male

man
painting
portrait
female

nu
nude
sculpture
statue
woman

autumn
city
cityscape
impressionism
scenery
tower
forest
landscape
man
nature
river
waterfall

couple
double
female
male
portrait
romanticism
femnale
nu

nude
realism
Sexy
woman

elder
gentleman
impressionism
male

man

portrait
Figure 4.13 : Sample results. From left to right; given words, our outputs through
three stages and corresponding ground truth for given words.

39






5. CONCLUSION

Art generation is one of the most controversial topics of Artificial Intelligence studies.
Is the art only the specialty of humans, or can a machine learn it through observation
and experiment? In this work, we investigated this question as our motivation. For
this purpose, we designed our generative neural network model and created our

keyword-painting dataset.

Literature about this field has just begun to form. Although there are hundreds of
studies about image generation and tens of studies about text-to-image generation,
text-to-art studies are still not too many. The field of art generation is generally
concentrated on the neural image synthesis topic. In this topic, researchers tried to
create artistic images by merging an artistic image style into a target image, instead of
creating an artistic painting from scratch. Likewise, text-to-image generations did not
focus on generating scratch art images but focused on creating photo-realistic images
from text. Our work differs from most of the art generation studies by its particular

sequential generative model and its specially prepared keyword-painting dataset.

In this work, we proposed a sequential GAN model to generate paintings from
keywords. For this purpose, we created a keyword-to-painting dataset. Our model
acquired 218.34 FID score, and at the survey with 48 images (24 images were made by
our model, and the rest were made by humans) 26.2% of all 186 participants mistaken
about who made it. Currently, our model capability should be evaluated by its visual
outputs even though we have provided an FID score for quantitative measurement and
a survey. Please note that we cannot compare the FID score to the other works in
literature due to the use of different datasets. However, we believe visual outputs show
promising results as well. Please note that with larger datasets, variety in inputs would

increase, and this would in return lead to producing better images. Nevertheless, visual

41



results show that our model is quite successful at generating visually appealing, mixed

style, fairly suited to text descriptions painting images.
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