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[Abstract]

Recently, multi-modal deep learning techniques that combine heterogeneous data for deep learning
analysis have been utilized a lot. In particular, studies on the synthesis of Text to Image that
automatically generate images from text are being actively conducted. Deep learning for image synthesis
requires a vast amount of data consisting of pairs of images and text describing the image. Therefore,
various data augmentation techniques have been devised to generate a large amount of data from small
data. A number of text augmentation techniques based on synonym replacement have been proposed so
far. However, these techniques have a common limitation in that there is a possibility of generating a
incorrect text from the content of an image when replacing the synonym for a noun word. In this
study, we propose a text augmentation method to replace words using word hierarchy information for
noun words. Additionally, we performed experiments using MSCOCO data in order to evaluate the

performance of the proposed methodology.

» Key words: Deep Learning, Generative Adversarial Network, Text to Image Synthesis,
Data Augmentation, WordNet
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I. Introduction 2ste 7le2, AR A A73Y(GAN: Generative
Adversarial Network)[1]2 v}&og tjkst A7t o]

USR5 Altoll AHoleHA v]72A] glo]&Ql |7 20Jx]1L 9T},
@ HlolE9] £Q9 F0] 7[skepAoR S7FsH| & o]2J8t Text to Image 344 7]%0] &F otaix] 2.8 A}
o, oo Tt ookt F89Y v Y HolEE +A4 72 ReStGAN[2]S S 2 9T} ReStGANS ofnjEo]
5171 9ol B 2{'d(Deep Learning) L2|5S EES Jfatsto] o2 7 A]AEI0] Mast otualsoz 1

= A7 s gL 9l B A daElE o] Qlalst AlE MWy}t Ur|sHe 0]22 APMEITE <Fig.
o3| Z(Layer)S Ao} ore AlAY gelle A[R5H, 1> ReStGANS 2183} o]2 7Mo] oA|2, <o

o
s =
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=
Al
e)

E] 207
& S9e RO OlSORICk Ol B TE  “etie’, “Capri’S A2 YAS 1, 71 Lnels
2 Ao} A2}(Natural Language Processing), & 9] StackGAN[10]0]] H|s} 24 T o1& ElAEo| Hals}
9lXl(Speech  Recognition), ©Ju]x] EE(Image L o2 o|ujAl2 AU AL ®olct,
Classification), 78] 74X](Object Detection) S-of 2] o]A3 Text to Image ML tjofst Hopo|A &8 7}
ZEE 1 Qloh LAdo] O 7|42 Uro FAIS ubp QIx|0} E1AEO
B2 B Y Ve M2 UE S AR 7R El ooj= Mg vtelsts o]ulx|2 AAStE AL Alds]
olElE Bl steohs BEEE © 2Y(Multimodal  oj2)e ojr}. o] £t ojujx]S HIAER MY
Deep Learning)ol] o3t A= sHgE & 4 EQ T Clopst TholSo] AFRE 2 glom, £t Chojelw
o REEY § 29 shel S AR VK EOlE  mono) wet o2 o2 sjME 4 Q) wfRolct X
& =igohe Y229 A5(Single Modal Learning)2t  ele doejo] S4u} oju|x] Hloj&jo] S & ujy
Ze] HIAE, ojujx], 20jQ, ¥]HQ 5O Yt HolE  (Mapping)sl= Ao] 71AF EQ35F Wriolc).
S dsugroR s gg dse TR 4 3 o]RIFol Hlo|gjo] EAlS uj™shy] QJ5f, Text to
o}, 53] ElAEQ} o]ujx] Co|H & I TF+ EHZ Image 3HAC 7|80 2 vltyst oF] o|u]x|e} EIAE
2 9 2ol tieh AF A 298 T, O glolgyy} &kao] Tasid, olg] 7} ojulx|e} o]u]x=

27 5802 "Text to lmage” YOI L. Text to gugs)i Ba0] BAET] $jIe) H(Pair) 02 Aol

Image ¥4 U HAE0] thSsh= A2 o0AlS o slct. 5|9k o]9} 7o) o]u]x|Qt BIAEO] Moz L
User’s Input
Synthesis Model
“Women’s black pants” “Petite” “Capri”

Stack GAN

‘“j
(Amazon) “

Fig. 1. Examples of Text to Image Synthesis[2]

ReStGAN n
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JHl Hlol8e AR ez FIiEo] gleng, Text to
Image &/d= et B2t &9 ol HolEE &Eshe=
22 oj%- ol ol

ole} &2 sk HolEl 25 ZAIE shiAasty] Hsll A
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golsel £5 el 57 Wiiso) B8], A2
o= BAE doleg 5P| Ye ATE F2ww 9]
on:] LH__EXJO] O:]__I_Li /\u\_g-]/\ §_O. oluﬂu Ecﬂg A}
gato] Qolol2 TSk olg] oA 7lute] 573 7]
QUH[4-5]. sHAIg oleiet EAE dlols 27w
Sxe ofg Bbgold EAt] wet 7 dolo] A
(Hierarchical) ¥AE 225X 23t IS 2
t}. <Fig. 2> ol0|x|e} EAET} o2 s Hole
oA BAE 27 ojofel Aol = tiRleh 71de] oA
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BlAEQ] oju] 9} glo] EIAES} Z7}E] 2 9Joo
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24 7Mg &0l 5449 HolHY 548 FHAIAE
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oo & AofX= 7|E HAE F7)
£ =55t A olufR|o] FA S FHAIZ17] st Tof
o] oju] AF 7I9F "IAE F4 7THES AR AN
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Augmented Text

Synonyms
Replacement

The cable car is on the road.
The car is on the road.

Alste Waloa BIAE =719
o] A ojulAI S 7] &) Ei
E‘ }‘g}f)‘% O]U]KI%] E‘H_é; l:] /\_,_O'](Inceptlon

Score)[6] YIS 5] Ao wpHo] Oaxo Wrlstcy,

e =8 Ao 7l
1]0]]51 7<71— HPH% o

II. Related Research

1. Text to Image Synthesis

9 2L AT 2UFS A e A5
752 BEolol Bt LIATOR YHF A
(CNN: Convolutional Neural Network)[7], &% A7
OHRNN: Recurrent Neural Network)[8] Z12] 11 AR
A} A1Z4UH GAN: Generative Adversarial
Network)[1] 50| tjmAlolct. z|Zofl= oAAQl Hlo]
B EAEY #dg d5ohe BERE Sisoll B 2
atya|Zo] ol &2y 9lon Aoz old EIA
Eof tf3sh= A ofulxlE Adsks 71ed Text
to Image &7do] Qlch

Text to Image ¥4 A L112]5Q GANS vIE

Oz tofet A7t 881l ot GANZ

9139} Th7] YEY A7t Aho HYstAA Btag
Rt AAYOR, Wl HEIE 4
Aok At 7W HolEl S A, Tavls A o
olE{e} A/dH HIolElE TS| gt 52 ottt

Scott Reed+= 20164 GAN-S &85t 7Hdst T+
25 5ol HAERRH oux]E A/ddliui= YHES
AIQFSIATHI]. SHRIRE 24171 GAN9Q] {Feheh Bell 415
2 A= oJu|AE Y 4 e AT EXg

t}. olgist &A1 sj2sk] glsl = JHe] GANE Ao}

The car is on the road.

Hypernyms

Augmented Text

The motorvehicle is on the road.
The car is on the road.

Replacement

Fig. 2. Examples of Text Augmentation
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Sentence Vector)25F Q3 5hH= 4% ©o] pE0A A& djole] 54 71HE &8ss Al=rt S71stal 9l
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1
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2. Data Augmentation 2ol 719ke] flojg 42 eFKIOﬂ ozt sts= 56
glole] F7dolst IYAQl Hats Foll giojHe] & =0l L ool HEQF GARSH HIE] S 7H= TS
S7HAA sgoll Zast 3+t 0] goE & edst= A= wlAo 2 Word2Vec[15], Fasttext[16], Z2]1
7|%olct. Hlojg] 572 E3] o]u]x] go]ge] 5 = Glove[17] 2] ©o] g O}_’E]KO EOH A=
2]7] ol 2] AREACE AR S 2 o]n]X] Hlo|g o olflo= 7|A ¥ &8s =J9] oJulE
O3t Flipping, Color Space, Cropping, Rotation, HESIHA A& & th=2A & —F'_'Jo}% F7Foh=
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< NLTK >
Tokenizer 1an(>$ethi;3ta
ﬁ/ I !
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Fig. 3. Overall Research Process
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o wie} 7|t 57}, 12| BERTI18], GPT219] 5 Ol
2 AR si0] olZolAl o] BEL k| AR o
of B N 3% 5 | 29 7152 BEH HAE o
ole] 37 A7} B3| 2aE| 1 9Ir}{20-22)

III. Proposed Method

1. Research Process

2 FoMe 2 =wollA Aljtshs ©ole] 9ol AlS
7]9F FIAE 27 71R9] deE IRt 7 oot @Al
At Aot WriEe] AANQ g2 <Fig. 3>t
<Fig. 4>9} 7t}

<Fig. 3> HAE Z7F oA EZO] FAF Hot
ASA HAE E&ste A WHE9 7HE UEUY,
<Fig. 42 AI¢t YRiEs dgjEes mylst Zojot
ARt YHEs 9w HAE HoHE EZS)
(Tokenize)gt ¥ n 711e] EZ(Token)Z =5t FA}
£ AYstal 2/56h= Phase 1, 12|11 YEvls HEs}
of FA| Wt AR o g HolE thA|sh= Phase 29]
F 7z Hdd A2 Phase 12> 22 A
2 HAE gfo[HZ (1) NLTK[23]9] EIUo|A
(Tokenizer)g ARgsto] EFo =2 Falskl, (2) w2]H
EZS9 AYoIM NLTKO] =8&0jof siF=A] 4= n
Mo} EZES ARt F, (3) AEE Tolsof tisl FAF
£ Aosts BAM HIWZ &l BAKR ©E BAME T
she Ald2 438gtt. o]% Phase 201M & (4) AEE
EZS9 FAPL HATOIH AJRlo1E, BAF 919] FAto|H
w20l g HEHN FE5hL, (5) F&2H o =
w015 (2)A e EZS3 giAsks 12 &5l
A5AR0g A2 HAE HolEE A/ "ot

7 a7gof digt ARl Ahs el & g9 oje A
FE 7HdY oAt oA dgste, AA| HlolEE A&
gF A Y s B7F Aube oA avligit.

def Preprocessing(input_Text. Selection_N):
Tokens = word_tokenizer(Input_Text)

Tokens = [Token for Token in Tokensif Token not in Stopwords)
Chosen_Tokens = random.sample(Tokens, Selection_N)

for token in Chosen_Tokens:
if pos_tag(token) in Noun_list:
Noun_Tokens.append(token)
else:
Other_Tokens.append(token)

return Noun_Tokens, Other_Tokens

def Word_Replace(Noun_Tokens, Other_Tokens).

for noun in wordnet.synsets(Noun_Tokens):
hyper_word = noun.hypernyms()
replace_word = Input_Text.replace(Noun_Tokens, hyper_word)
New_Text.append(replace_word)

for other in wordnet.synsets(Other_Tokens):
syn_word = other.hypernyms()
replace_word = Input_Text.replace(Other_Tokens, syn_word)
New_Text.append(replace_word)

return New_Text

def main():
Selection_N=1
Input_Text="/MSCOCO.txt*

Preprocessing(Input_Text, Selection_N)
Word_Replace(Noun_Tokens, Other_Tokens)

main()

Fig. 4. Research Process Algorithm

2. Word Tokenization and Token Selection
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T== Fig. 6oM&E HFsH Bt <Fig. 5>+
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=80 AMg ARt Y= BlAERYE AF BEF
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KV

A man standing on a white surfboard
holding a long paddle.

Fig. 5. Example of Data

O?gﬂa! A man standing on a white surfboard holding a long paddle.
J a man standing on
Wor - _
Tokenization a white surfboard | holding
a long paddle
S;rf;t:ir;n ['man’ 'surfboard 'holding']

Fig. 6. Example of Word Tokenization
and Token Selection

<Fig. 6>= ‘a man standing on a white surfboard
holding a long paddle’o|2f= ZA2 EZ0 g Ba|st
5, 31X 02 ‘man’, ‘surfboard’, 72]1 ‘holding 2]
Vo] £2g MY AnE wolt. £30] HYS 28
o}Z AlQlgt YAl EZ & A9 n 7] EZS A=st
+ YAlog o|ojAH, EF 491 n stolmmtz}u]
El(Hyperparameter)2 A1 2% 4 Qlch

3. Token Classification

& AoME <Fig. 3>ol|A HdEEH EFS0] BAME A
ofshe BAF B WAL ThE BALE et BAH T
w (B 3y AVt 2 A= JA g2t BEE9
OiAl Alo] Fetr]7] tholl AL Bl 27t 84s] FQs)
ot EA} B129) Atet glojele] 27|14 Holo] £ 5
ol Wt AolshAl YERER|RE LytAlQl o] AmA
o= NLTKO] FAF BjL Y=ot of 97%= UEhdth

=z
—
—
=
1o
|
%
Do
)
[J
i
>
ol
on
K
|
%
Do

1
g
o
[2a)
o
e
)

A} <Table 1>} Zo] ‘'man’2 NN, & HALZ,
‘surfboard’= ‘NN, & 92, J2]1 ‘holding &
'VBG', & SALZ FAP} AEET o]FA FAPL AlE
H EZE2 BAE 7IECR 2719 7R B
4l st BAF ZHEL2]o] 1 ThE Shs= A 0]9]9]
SAF 71| a22jo|t}. TAte] W= NLTKS] FAF B 2
AEOA] T4 HARI NN, B4~ HARI 'NNS', @4 1
FHARD NNP', B4 1-3BARI 'NNPS'& A7 3H.
<Table 1>l Al E2 % ‘man’¥} ‘surfboard & A
Ql 'Noun'02, 72|11 i EF2 YA 9|9 BAE U
Efl= ‘Others'®2 29 A& IS £ gl

Table 1. Example of Parts Classification

Token man surfooard | holding
POS NN NN VBG
Class Noun Noun Others

4. Word Replacement

2 AoflMe Y2 HAEQ] TolEZ FAt] et A
olgt WAlo g tjxlsh= <Fig. 3>2] (WA 4)<t (B4 5)
£ AJNRICh AR BAF 99] FAtR RE EFE
YEHIY] ol AW AR S vigos ol tiA|7} o] £o
A=, BAE 2R ES2 JRol=, BAF 9] FAL
2 2RH EZ2 fool= giAgt) o, [ojol= o
2 77 UE 4 9ot 2 oM doFER ES
o se] fojolE sttt <Fig. 7> FAol| Tt
A5 oz To] tiAI7} o] RofZl 7Hge] Autz, FARI
‘man’'?} ‘surfboard’= ZFZF ARQJojQl  ‘person’u}
‘board’2, J2]1 AP} ofd ‘holding'& S-2]0]Ql
‘keeping 0 2 THAE S-S QI 4 Qlrt.

a man standing on a white
_. surfboard holding a long paddle.

@ Word Replacement

a person standing on a white
board keeping a long paddle.

Fig. 7. Example of Word Replacement
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IV. Experiment

1. Experiment Overview

2 oM oA AThsE Al B e AA| Hlo]
Eoll K8 A7 9 Aok P ee] % 24 AE 4
izt Agdoll= MSCOCO[25] Hlol&] MEZ A8t
c}. MSCOCO:= 787 ©1Al, Bal T2] 7 o]u|&] 8-y
0] 72 ALgE|] oF 339t 79| TlojE]7} Bllo]
o}, 2 Aol A= 201400 S7HE ElolE oA o]u]x|
57 Hojg] BIAEZ A}R5Ig o0, BIAE GHolE &
2 &31-&(Training) o]0]X] Hjo]&] oF 85t

210 Rod
Bl A Eofut AL51% 1 75-8(Validation) ©]n]&| Hjo]
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30 e ;R

E] OF 40} Ao]| Hojg] ElAEoj= A 85}X| Orojr}. Al
73S Python 3.67 NLTK Tj7]X| & v} o 2 L5519

o0, Text to Image A 2E-L2 Pytorch 7]§toz2 L
S1=] AttnGANS AR5 1, AttnGAN Zdlof| TloFstH
HAE 57 We MgsisiA AL NAstc

2. Pilot Experiment
& oAM= ElolEe] at m39] Afoldf] T A

= 7Fssb7] Yol =82 Adslivie et o3t A
= AISY5ti. <Fig. 8(a)>+= ©[u]A] glo]&| 18071t o
0R] G 2709] HAET} EAfsts HlolH MES F1&%t
2] gFoly, oj2{et HolE NE=R st5sto] F2et
Z1p7t <Fig. 8(b)>olt}. AME W shgof Tagt o
O|E{7} Z-SHA| kotA =go] FEjEAL A= A st
Al xe Ale =l 4 o) sH <Fig. S(a)>= <Fig.
8(a)>oflAl 4155 o]ulx] HlolH 1807§2 10,0407 =2 &
AR 2 OIUIKIDL 67110 FIAEVL EXsh= HlofE Al

Ml
o

E2 753 Aujo] Yuoln, o]2fat Holg] AlER &
Sot9 T%OL At} <Fig. 9(b)>olct. <Fig. 8>0] ula}
<Fig. 9>2 o|n]x]|e} BIAE Ho]E]Q] ofu} ®3lo] ZH

sRom, Ao g o} AAF Zuofja] QEog =
o]Al Ex}of| Bshst= =3 o]u]x|7} A= 7L Sl

Ik=iy
DL A2 aua

2 9lck

s @ A L]

= { This is a blue circle { This is a green triangle { This is a red rectangle
ex ;
blue circle

green triangle red rectangle

(a) Training Data
Image: 180/ Textperlmage: 2

Blue Circle Blue Rectangle Green Circle

Green Triangle Red Rectangle

Red Triangle

(b) Inference

Fig. 8. Image Generation from Original Data

Image . A

This is a blue circle
this is blue

Text 1h|.s is a circle
This has no vertex
This is a round shape

There is a blue circle on the white background  * It is a green triangle with three lines

This is a green triangle
this is green

this is a triangle

It has three vertices

It consists of three sides

(a) Training Data
Image: 10,040/ Text per Image: 6

O n &1 5!

Blue Circle  Blue Rectangle Green Circle Green Triangle Red Rectangle Red Triangle

(b) Inference

Fig. 9. Image Generation from Augmented Data

3. Preprocessing

B HojA= MSCOCO9] 20144 HlojEjoA] &3¢
ojm|x] of 8%t Ao foid HAEZS NLTK E3Lo]A]
2 AMgoto] E2 T9l2 et o, oidleluAl sk n
7ol E2So] AMElg] Alsto] AutE AAJSH}. <Fig.

10> £218 olefolx] dolo] ofulx|e} s} ofulA]

] ﬁH*o:] q 7H4] Eﬂ/\EO]D:] <Fig. 1>e Eﬂ/\ EZ
ATALE HgteE 5], NLTK EJUo|XE Algslo] EZ
gz 223 S HoEd.
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A flat screen and a keyboard
and mouse on the desk

2

a slim computer and keyboard
sitting on a desk

A desktop with its monitor
turned off on a table.

A computer desk with
a monitor and keyboard on it

Flatscreen computer monitor and
other electronics on a wooden desk.

Fig. 10. A Sample Image with Five Captions
a flat screen and
0] a keyboard and mouse
on the desk
a slim computer and
@ | keyboard sitting on a
desk
a desktop with its
@ | monitor turned off on
a table
a computer desk with
@ a monitor and keyboard
on it
flatscreen | computer | monitor and
® other electronics on a
wooden desk
Fig. 11. Results of Word Tokenization
Selected Token
@ screen
@ slim
@ monitor
@ keyboard
® desk

Fig. 12. Selected Tokens
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Table 2. Replacement Candidates for Each Word

Token | screen slim monitor |keyboard| desk
POS NN 1] NN NN MM
Class | Noun | Others | Noun | Noun | Noun
Word | display | slender | display | device table
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Table 3. Augmented Text Captions

Num Type Text
: a flat displayand a keyboard
Augmentation and mouse on the table
®
v a flat screen and a keyboard
Grikgin and mouse on the desk
; a slender computer
Augmentation and kevboard sitting on a desk
@
. a slim computer
Origin and keyboard sitting on a desk
; a desktop with its display
AHgmEntation turned off an a table
@
. a desktop with its monitor
Qngin turned off on a table
; a computer desk
& Augpgntztion with a monitor and device on it
Origin a computer desk
9 with a monitor and keyboard on it
AdiraRtation flatscreen computer monitor
b g and other physics on a wooden Lable
Giiain flatscreen computer menitor
gr and other electronics on a wooden desk

5. Performance Evaluation
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Fig. 13. Overall Process of Performance Evaluation
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Inception Score

No Text Augmentation  # Synonym Replacement ¥ Proposed Method

Fig. 15. Best Inception Score of Each Method
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