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ABSTRACT

Text to image by Self-Attention
Generative Adversarial Network

No, Juhyeon
Advisor : Prof. Kim, PhanKu, Ph.D.
Depar tment of Computer Engineering

Graduate School of Chosun University

It is very difficult for computers to understand human language. For mac
hine translation, we have long used statistical methods and recently start
ed using deep learning. However, the translation has low quality and high
quality machine translate model hasn’ t appear. In particular, the biggest
problem was the lack of understanding the context in the sentence. A numbe
r of studies have recently been conducted to solve these problems and mach
ine translation using RNN has shown results. However, it was still not abl
e to capture contextual meaning and it was difficult to expect an accurate
translation due to the problem of BNN. However, with the advent of the Att
achment Mechanism, improvements in machine translation have been made, and
not long sentences show great performance improvements.

Deep learning, meanwhile, has shown tremendous results in recent years i
n the image field. Image recognition and classification have already surpa
ssed human beings and have recently shown achievements such as reproducing
and painting styles of famous artists.

With the development of these deep learning models, this study proposes
self-Attention GAN, a model that uses text to grasp the meaning of the tex

t and make images accordingly.
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B. Bidirectional LSTM
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C. Transformer
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D. Scaled dot—-product Attention

we

student

/

[

18 8. Q, K, V HEHE 2tes HE

Scale dot-product Attention= =&Z2 Query, Key, Value EEHE HIROH ==

ot =Ch. HM 18 9XE Q, K, V ®BEHE &t 2242 "= A2 O
g JISXIE 080t <ot =Ch. 0 HE2 2 20 HEHZFH QHE, KH
B, VHEHE &= Y= "ot =0 222 Q, K, V ®IeHHE +otJl 2ol

[m]

Q

Ml JH2l Fully-connected LayerE O|&¢&tCh. Bt=S O & Layerl &2 512XH&
S JHNH 2E2 Al e HES 25 Y HHOICH Jisge 2108 0lZot
4 Attention ScoreE ol T=0 HH QHEON CHol A K RIS SAIEE
TSHCEH. OIEAH A RAIEE Keyet DHEE= 222 VOl BtgdiF=10 SAE
b BHHE VHIHHEES 25 OotAH ©™ Attention scoredt BHEE Zietd &

= 2001 LA St 2 =20l o JtX HElE &It AKXICH Scale
d dot-product Attention2 O|Z&tCt. fIUHA AHS dot-product Attention0il

r

A O]
T AN

Ho

Collection @ chosun



Scaled dot product Attention :

)=q* k/Vn 3

score (q, k

128
x B = 128 = — =
L Jdy
KaTm
32
X B = 32 = — =
L Jdy
K
] 32
x - = 32 = — =
L Jdi
K
Astudent 128
X B = 128 = — =
L Jd
& 9. Attention scoreE 20{LH= GIAl

ALO1Q] 2to2 2= A9 overflow

gRlolFz= 22 otH S 0. =S Scaled dot product Attention

= o
== U

16

16

8 90l Q2F K2 MXIHE0l Zoi&l Z0tE Attention scorectd) stCh. OF
Jl0l K 8o XtEQl 4, 0123t0 AHYS HESHCH OIEH 22 s Ot
NeLo=Z softmaxE XHESHH Attention distributionS Fot) OIE VOl =l
ZEHOZ HEHE0 HEE S oA =0 01248 HES 229 s
StLIA MEZEodt= 210 Otdl HE 2 01Eo 2Z2H2=2 HMelotH &

_’IO_

Collection @ chosun



128 Attention Distribution VI
— = 16 — 04 — 104x | | |
7%
%4
32 i
\/T_k = 4 =< s I R ‘— Attention Value
: .
32 = Vi
22— g e 01 04 x
& —
%
128 i
k

| S A0l Attention Value =&

b

ag 10.

_’I’I_

“Collection @ chosun



E. Generative Adversarial Network
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2. Self-Attentione =EE

Bidirectional LSTM2l Z 0l Self-Attention2 EEAIZ|1J| foHA Bidirecti
onal LSTM2 ZIt MOl JtEX W2 S8ttt W2 (d,2uw) 3212 =X

-

b2l 3AJI0ICH. 2u= &Y

>

olt

HHOICH. d,= GSIOIIHIICIOIHZ HEZotAot=

= tanhE HEotiAl = 2=z U2

0

LSTMSl X+ OICH. 43t &=

o9

o

—~

2
d,n) DU M CHAl HEX wo= BB wy= d,AJ10 IHEX
of

rr

OICH. OIZH A 3t a,,, = 20l 209 ZS nie HHOICH a,,

32Xl ISHA LIS O0I2X HEES 20 Us 0ICH 3 22 of2i)

of 12 2DISS A % UCH. 0l@ HS 95| A wo= HEDF O

2 PAEHH 012 2I0IS PrEE & UN S0 DINYAOR S
3(;__|O

| attention ScoreE FotH =CH. 0] HAEES Al (8)

A, = softmaz(wytanh (w,M7)) (8)

2u

l tanh
T { ‘ Wsl ‘ ‘ |
softmax
- { I
-

n

& 13. Attention ScoreE Fot= WA

_16_

Collection @ chosun



AKX

AE ZWO A, = 2 ES 2N

rlu
min

Ol 0tLt gHd

!

N

i

t

ol
rr
o
i
N
0
U

e, A,,,.2 HOl SolA ZSHOZ2 Attention HEZO 4l (9)2 2F
a3 A= FPolAH =0
M:ASCOTEXH (9)
Aoz AdHIZNE ML) ol =&#HE M2 ful ly-connected Laye
g JINl=s 2&dE M=«

rE 0/28tCH. Ful ly-Connected Layers (n,2u)30
eshapedtO (n < 2u)2 Y02 Bt (n X 2u, E; )2 3IIE IHXle 5

Aol Do HBHO2 Ey 3010 HE A 100 EHE X, 00,2 OTHCE

‘X;mbedding = l’/l’/FC>< M (10)

2 Attentions =&t SHUE| =0l Hi=xet ¢SS JHAH =g &
22 dEol)l g0 0ldde 2HME LXot)l ?ol & dE2 S0l dHli=x
gt gt= JHAIXl ZotH XZol=O0F &tCh. WMets Z2 gt= XZEoHJ)| o P

enalization®& Forbenius Norm2 &E &6t SHEE 2| 0|

| 2 RISHCH5] .

=
N

rr

A

o

Penalty =1/(AA4 —_ ])||2F (11)

_’|7_

Collection @ chosun



B. Generator

Attention

Upsampling

Upsampling

Sentence Vector
Embedding

64x64x3
ZJ8 14, Generator8 =
Generator= IS Z2UE O0I2dotH 2H0U &= OI0IXNE d4ots I
£ Sttt Jdeiu SHIZErE 0IZ8aiAM O0I0IXE &S)l0ls B 2tez2s 32
b 255610 20 sHgst L0l= 8y 72 0|gsttt. Z= Edlm_o.l HEAE Ot
ANEE 48 M 13t -1AI018 R&2 E2 =JlsteEl JIRAICH =028
MEXLH. 722 LY X, pemm,= Concatenatedttd Ly X2 &S A=
HEE MAHSICH 0 HEE 0l|0IK2 2+SD] s = UM SHZ Ful ly-Conne

cted LayerE OIS8&HCE. (£, X2, 1616 x128)

8 2

Ol Ful ly-Connected La

yerE SISO 16X 16 1282 #Z g, S LECH $A02 HHGHH A
(12) 2t ZLCt.
gfeatures = VV; X Concatena’te()(embeddmg’ Zmise) (12)

_18_

(“)Collection @ chosun



9 feature= 128MEES JHXIE 16162 OIOIXIOICt. Generatoro =& 52

64<X64X<30122 0|0 LF0 UpsamplingS Bt= 8H&HC.

J& 15, Upsampling &2l

X B Upsampl ingll A= grppyeE 32X32X64 22 width? heightes <

HH2 HX= Hal channelll =2 ZAAIFI0 O|I0IXIE stUistct. 22 1x1
convolutiong O|&38t0 channel2 XXSEHCH. 48012 MME=S JIANEE XHOIT

O ZU=E 32X32X480] =0, OHAIZS =2 0|0IXIE Mol WHIIRI6HA
64 <64 <32 AJIE JINEZS= Convolutiondt® Generator? ZZSZ2UE S H

=l Ch.
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C. Discriminator

‘ = Oor1
| Down ‘
‘ sampling =

4x4x512

4x4x%128

2 16. Discriminator® #=

Discriminator= WY Z1}, Generator2 Z1, JecH2l OI0IKIE Ol&0dt
o A Ol0IKIJF & OI0IXIQF Hl ol L0 & MA CJA=XE HD
Ct. Discriminator2l Input2 [X, jeqsing, OIOIXIBCZ M- 0I0IXE B

e
S (X, ieding Gimg) S OI20HA AWIX JMRQIX BHEstn 224l 010X 2l
BRUE (X, pediing Ringl S OIS HA MR MWK BEGH SCH IR
OI0IXI2 B=20l= 00 JrZH Li2toFot) & OI0IXIel BA20= 101 JrZA
LI H St= 240l Discriminator® St & £ QUCH. Discriminatore ZHY
= 9oiM X UALZ2 OI0IXIE DownsamplingstCt., =22 0/0IX
64 X 64 X 32 downsamping ot0 OI0IXIS 3AJl= =012 channelg =& =el
= convolution WH= HELCH downsamplingE BH=ot SES

4x4x1289 AJIE JH& WK S=SAIZICH SAI0 X, g, 2t downsamplin

«Q

& = Concatenatedotdl IGHA X, qiing Ol (meeddmg,4><4><128)9| s

€
XIE JH& Fully-connected LayerE &HEAIZICH. 22 EE 4X4X 128

D, pediing® 84S downsampling@l Z1t2k concatenateAl2ICt,
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2 17. Downsampling2 &2l

downsampling
(4x4x128)

fc_embedding
(4x4x128)

18 18. Concatenate embedding & downsampling

dEES MHEES 12 ot= ConvolutionsS &St

ol 2OoIXer Al (13)2t

C.ooury = Concatenate(douwn, fcembeddmg) (13)
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i ﬂJIﬂI

OIDIXIE

st20| ZISHO| EIC}.

ratore=
o=z
o & Jie WERK3a= M2 T

riminator2 =&3|

o

Q
OlF O &ICH

SICIIERES

aug=

2l GANZ

z =
&0l X

E ZHE o2

= 1€ 2

=

_|

—/

Ol Dij

1
BCE, ———Eyllog h(z;60)) +

1—1
Lossp =

Generator2 =I&3t= Disc

rim
Lh2 Z2oel & (16)E 0IE8H.

Loss =

Collection @ chosun

—

BCE, ,+ BCE,,

minatorOfl JX OIDIXIE

ot =

(=}

MEIX eEot=0l,

PN
=2

, Discriminatore=

X0

/]

LossOl
2= QUCH.
|,

=)}
Oleq&t
S0 s Z=0l

scriminator @ Losse=

—
(@]
wn
w
U

Jz

(1—ylog(1—h(z;0)) (14)

+ BCE,

wrong

[55]

=)
ST

BCE,,. (16)
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E. Training

Embedding2 2003

Il
b
=
Kl

SMECH HETI OHMES Ede Al B

SotA2M OI0IKE ddot)| AolA =2Fot)| 0l&e ZUE HHUERAIO

N AtEsetCh. GANZ2 Embedding2l Z2tE 0|E0t0d OI0IXIE ddot)|l 2o 600
Bol sts= Mdsttt. g It2tiitH= st 20, gHEs 51222

AHSCEH, LSTM &2 gtakz2 JHXID| &0 10242 AD|IE 2t=Ch. Embedding
9| Ful ly-Connected Layer= 256, 1282 AJIE Jikl= &

m

E ZuE Y5
OtALCt. Generator= Embedding®l Z QI 1282 Z0IE BUE 2t 1002 Z0IE Ot
K= noise #IHE 0I1&0ot0 OI0IXNE MAGHHCH Upsampling2 43l A AIGHA
D ZhE 64X64x32 OI0IXNE MHOIESE ZHOIRULCE. Discriminatore= &
HEe Z2umel 128 2012l HHE  Fully-Connected layerE SIHAIA
4X4X642 Z0IE Jt&l HIHE =0 £5 2= 0l0IK= 482 downsamp
ingS HA 4X4X5122 Z0IE Jt&l Z2UE =0k 0l & e #E= Conc

atenatetd= HH =SHOZ XRX JHMIX HHEGHH =CLCt.
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V. & & Zi =4
A. &Y &3F
1. 48 833 2 &7
AS BA CPU i7-8700K, GPU-1080ti 11gb
Egolg A | 75443
g2|olold Al | 18861
HAE A 23576
sts 314 Embedding 1003/, GAN 10003l
SHA A2 Embedding 1002 S °f 7Al2t
SETE GAN 10031 & 2 23A|2t
H 10l U2 AHdYE Z2H0= 75443012 GIOIEIE AIESoIF el Zeldiola2
1886101, HIAE <= 23576012 GIOIEHHZ =8t CH. AE0 At=2St HOIEeH= CU
B_200_2011 GIOIE{Z OIDIKIE &%ol= EAEQ 0|0]X] Ol 0& dlol
B AOICH. M0l Ol A2 8 184 L. & JHel OI0IK & & e &4

f

rr

ol
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this bigger bird has a white belly, breast and head ...
this bird is white and grey in color with a curved ...
the small white and gray bird is standing on rock ...
this bird is short, fat, has webbed feet and the top ...
this bird has a white belly and breast with grey back ...
this larger bird has a yellow bill with pink webbed ...
this bird is very fat with its wings flared out and ...

a white breasted, grey bodied bird with pink, ...

this bird is grey and white it has a yellow beak ...

this medium sized shore bird features a bright ...

8 19. OI0IXI &IAE GIOIES A, otLtel ol0lXIol & Jhel £¥ol= 2&01 UCH

<start> this is a green bird with a yellow and white underbelly and white streaks around its eyes. <end=

2 20. <start>E21 <end>EZ2S ELESH HIAE Al

!

rr
o
W

Hm

LU
Mo
H
ool

= start E21 en 2 FO4 1029002 SHZ OIRH A UL,
SOl =XE OHESIH =22 TESHAH &0 AHZ 08t HHES UHE= tok

enizer€ 0I20ot0 X RS 8 2048 2001 Lol =0

a
(]

i
Hb
>
tu
[

P - stari
HF  sccmessemessm 5 this

13 is

1 a

53 green
I — " bird

- " with

§  csssanassmnsssn " 3§

VF s 5 yellow
1 S S and
;[ IR = whita
o R — =

8 210 HOE =XZ vH= 0lAl
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H 2. Inception Score[8]

Dataset GAN-INT-CLS|6] Self-Attention GAN

Inceptions
CUB_200_2011 2.88 + .04 3.24 + 0.1
core

32 Molatr= OI0IXIE

0z
0x
o

X
We UWERIZDE FAdotRUlt. GAN2 8= FHTols gEgs =&JI0s

OI0IXE EMAEOCZ EH)Iol= 2HAal0] A& S AL Inception Scoreldt S

0z
0x
m

t

04
ol

OISl feature space&tOIASl Heletl & = UCH. &R CIOIE < It GIOI

HOlA SHES 28 9, & Z80 SZO BRY 242 260 2 ASS
A

FID*=llm,—m, |3+ Tr(Cp+ G, —2(C,C)"?) ()

Al (179 (m,, G.), (my,Cp)e 2428 MR GIOIESl B2 24, IR H Ol
Efol BRI SM0ICH Tre H2AE). HI=E d&o2 sSYs siazl 001X

£ MAGl= GAN-INT-CLS 2ol AL 2.882 Inception scoreE ZHaI¥ 1D,

MotE RE2 3.24 L2 scoreE €40, & =22 X0IE32 22 &
HiG ol 220 A & X018 2. &, Moo= 20| 229 2ol o
Z D] 20 L2 Z2oetD & 4= g
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this bird is almost all black with a long bushy tail.

Ground Truth

Generated Image

8 22. Self-Attention GANS &g Z 1t 1
this bird is duck with this particular a gray and this is a grey
mostly dark brown body bird has a belly  black bird bird with a
grey and has a  brown head. that is white flying in air black beak and
white ring and gray a white eye.

around its hill.

yinil punoin

abew| pajesausn

BHZOICH. &KX OI0IXKle S&2 XA X2 O0I0INE AtSet
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Ct= Zeldl, M2l 2501 ott BiE0lI sts0 2 &= 0K ATD 5=
Ct. &&= 0I0IX2 3% Sol tHiE= & Heotkl ot sAlol ti=E2 0l
OIXIOF BHE Ol SIHE &H=Z ZEE8sS 2 = UUCH. L£&F ot=AIo2 A=z
O Jdoflat=2l OI0IXNE Helot=0d estAIE /I W20 &MAQ sfaf=Jt &
HEs 2 = Ul Ss0ls & 7201 A=,

Ground Truth

Generated Image

this bird has feathers pointing upward just before its beak,
small white eyes, and brown feathers covering the rest of its body.
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