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2019011001 박성진
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• !"#$"%&'()*+,-).'/)0#.(+)1"2)0#.(+)3+-2&+4.5

TIRG; Text Image Residual Gating
(CVPR 2019)

Locally Bounded
(CVPR 2020)

VAL;Visualinguistic Attention Learning
(CVPR 2020)

• BASELINE
• No attention

MAAF;Modality-Agnostic Attention Fusion
(Arxiv 2020)

• Self-Attention, Cross-Attention
• Auxiliary Module

• Self-Attention, Cross-Attention • Self-Attention, Cross-Attention

• Fashion200k
- train 172k, test 30k, val 3k
- attribute-like (one word difference)
- ”replace with ---- “

• MIT-state(245noun/115adj)
- 60k images with object-state label
(e.g., “red tomato”, “new camera”)

- fix noun, change adj • CSS(color, shape, size)
- train 46K test 15K
- add, remove, change object attribute
- 2d->3D / 3D -> 3D
- more enrich text

• Shoes (train 10k test 4.7k)
- more enrich text
- relative caption/ description

• Fashion IQ
- Workshop
- 40k images with modification text
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• !"#$"%&'()*+,-).'/)0#.(+)1"2)0#.(+)3+-2&+4.5

TIRG; Text Image Residual Gating
(CVPR 2019)

Locally Bounded
(CVPR 2020)

VAL;Visualinguistic Attention Learning
(CVPR 2020)

• BASELINE
• No attention

MAAF;Modality-Agnostic Attention Fusion
(Arxiv 2020)

• Self-Attention, Cross-Attention
• Auxiliary Module

• Self-Attention, Cross-Attention • Self-Attention, Cross-Attention

• Fashion200k
- train 172k, test 30k, val 3k
- attribute-like (one word difference)
- ”replace with ---- “

• MIT-state(245noun/115adj)
- 60k images with object-state label
(e.g., “red tomato”, “new camera”)

- fix noun, change adj • CSS(color, shape, size)
- train 46K test 15K
- add, remove, change object attribute
- 2d->3D / 3D -> 3D
- more enrich text

• Shoes (train 10k test 4.7k)
- more enrich text
- relative caption/ description

• Fashion IQ
- Workshop
- 40k images with modification text

:; <&%9.58=&'(9&%-&>)3+$2+%+'-.-&"'
?; @"A)-")2+-2&+4.5
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• !"#$"%&'()*+,-).'/)0#.(+)1"2)0#.(+)3+-2&+4.5
67.-).8"9-):+'+2.-&4+)#"/+5%;

•Toward more high-resolution , super-resolution images with high variation such as age, gender, color, hair (in Face datasets)
•What is GAN learned? -> If we know that, Image Manipulation is possible

GANs [Goodfellow et al.] 2014 DCGAN [Radford et al.] 2016 BigGAN [Brock et al.] 2018PG-GAN [karras et al.] 2017

PG-GAN BigGAN StyleGAN

!"#$%&'(%)*+,-.$/0/+1%2341.$%)/+5.%6789:
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• 0'-+2$2+-&'()-7+)-2.&'+/):+'+2.-"2<)5.-+'-)9'&-=)5.-+'-)%$.>+

GAN Dissection for Interpreting Latent Units (ICLR 2019)
HiGAN; Semantic Hierarchy Emerges in Deep Generative Representations 
for Scene Synthesis (Arxiv 2020)

On the "steerability" of generative adversarial networks (Arxiv 2020) GANalyze: Toward Visual Definitions of Cognitive Image Properties (ICCV 2019)

?.'&$95.-+)#@)"A')&#.(+)'"-)12"#)B<):CD)0'4+2%&"'
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• :CD)0'4+2%&"')E'"-)12"#)F)89-)#@)"A')&#.(+G

Image2StyleGAN [Brock et al.] 2019

• optimization-based approach
• StyleGAN (FFHQ)
• Reconstruction OK
• Manipulation -> only Face
• G와다른도메인사진 x

In-Domain GAN Inversion [Zhu et al.] 2020

• domain-guided encoder
• StyleGAN (FFHQ): W
• domain-guided encoder
• Reconstruction OK
• G와다른도메인사진 x

*+,-H:9&/+/)0#.(+)?.'&$95.-&"'
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Text Guided Image Manipulation
Text	to	Image	Synthesis

• 1)	Generative	adversarial	text	to	image	synthesis	(ICML,	2016)
• 2)	StackGAN	(ICCV,	2017)
• 3)	StackGAN++	(TPAMI,	2017)
• 4)	Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)
• 5)	AttnGAN	(CVPR,	2018)
• 6)	TaGAN	(NIPS,	2018)
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• Generative	adversarial	text	to	image	synthesis	(ICML,	2016)

Two sub problems:
1. Learn a text feature representation that captures the important visual details
2. Use these features to synthesis a compelling image that a human might mistake for

real

It	is	the	first	end-to-end	differentiable	architecture	from	the	character	level	to	pixel	level	
(Conditions	on	Text	Descriptions)
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• Generative	adversarial	text	to	image	synthesis	(ICML,	2016)

A.Deep	symmetric	structured	joint	embedding (Text	Encoder)
B.Matching-aware	discriminator	(GAN-CLS)
C.Learning	with	manifold	interpolation	(GAN-INT)
D.Inverting	the	generator	for	style	transfer

It	is	the	first	end-to-end	differentiable	architecture	from	the	character	level	to	pixel	level	
(Conditions	on	Text	Descriptions)
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• Generative	adversarial	text	to	image	synthesis	(ICML,	2016)

A.Deep	symmetric	structured	joint	embedding

Char-CNN-RNN(Reed	et	al,	2016)
Oxford	102,	CUB	(pre-train)

GoogleNet	(Szegedy,	Christian,	et	al.	2015)
Imagenet pretrained
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• Generative	adversarial	text	to	image	synthesis	(ICML,	2016)

B.	Matching-aware	discriminator	(GAN-CLS)
The	most	straightforward	way	to	train	a	conditional	GAN	is	to	view	(text,	image)	pairs	as	joint	
observations	and	train	the	discriminator	to	judge	pairs	as	real	or	fake.	
This	type	of	conditioning	is	naive	in	the	sense	that	the	discriminator	has	no	explicit	notion	of	
whether	real	training	images	match	the	text	embedding	context.

!"#!! $%&
!"

'(), +) = ."~$#("),(~$#(() /01)!"(& , 2(3)) + ."~$$ " ,)~$% ) /01(5 − )!" +!! 2 3 , 7 , 2(3) )

In	naïve	GAN,	Discriminator	inputs:
1) Real	images	with	matching	text
2) Fake	images	with	arbitrary	text

Therefore,	it	must	implicitly	separate	two	sources	of	error:
à Unrealistic	Images(for	any	text)
à Realistic	Images	with	mismatch	text							

Discriminator	can	provide	an	additional	signal	to	Generator
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• Generative	adversarial	text	to	image	synthesis	(ICML,	2016)

C.	Learning	with	manifold	interpolation	(GAN-INT)
Deep	networks	have	been	shown	to	learn	representations	in	which	interpolations	between	embedding	
pairs	tend	to	be	near	the	data	manifold

This can be viewed as adding an additional term to the generator objective to minimize
.*& ,*'~$#(") [/01(5 − ) + 9, :2 ;+ + (5 − : 2 ;, ]

Because	the	interpolated	embeddings	are	synthetic,	the	discriminator	D	does	not	have	“real”	corresponding	image	
and	text	pairs	to	train	on.

However,	D	learns	to	predict	whether	image	and	text	pairs	match	or	not.

Thus,	if	D	does	a	good	job	at	this,	then	by	satisfying	D	on	interpolated	text	embeddings	G	can	learn	to	fill	in	
gaps	on	the	data	manifold	in	between	training	points.

Note	that	!! "#$ !" may	come	from	different	images	and	even	different	categories.
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• Generative	adversarial	text	to	image	synthesis	(ICML,	2016)

D.	Inverting	the	generator	for	style	transfer
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• Text	Guide	Image	Manipulation	(TGIM)
• Text-to-Image	Synthesis	(T2I)

TGIM T2I Negative text Text + Image
1- Style Encoder O X X Concat
1- GAN-CLS, INT X O Random Concat
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• StackGAN:	Text	to	Photo-realistic	Image	Synthesis	with
Stacked	Generative	Adversarial	Network	(ICCV,	2017)

Decompose	the	hard	problem	into	sub-problems!!

A.Stage-1:	sketch	the	primitive	shape	and	colors
B.Stage-2:	rectify	defects
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A.	Conditioning	Augmentation

• StackGAN:	Text	to	Photo-realistic	Image	Synthesis	with
Stacked	Generative	Adversarial	Network	(ICCV,	2017)

With	limited	amount	of	data,	it	usually	causes	discontinuity	in	the	latent	data	manifold,	
which	is not	desirable	for	learning	the	generator.

To	mitigate	this	problem,	we	introduce	a	Conditioning	Augmentation	technique	to	produce	
additional	conditioning	variables	!" ~$(& '; , ∑(';)),  !"= = &= + -=⨀/ , / ~ $(0,1)

To	further	enforce	the	smoothness	over	the	conditioning	manifold	and	avoiding	overfitting,
add	the	regularization	term	to	loss	of	G

Char-CNN-RNN(Reed	et	al,	2016)
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C.	Stage-1

• StackGAN:	Text	to	Photo-realistic	Image	Synthesis	with
Stacked	Generative	Adversarial	Network	(ICCV,	2017)

Instead	of	directly	generating	a	high-resolution	image	conditioned	on	the	text	description,
We	simplify	the	task	to	first	generate	a	low-resolution	image	with	our	Stage-I	GAN,	which
focuses	on	drawing	only	rough	shape	and	correct	colors	for	the	object.
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D.	Stage-2

• StackGAN:	Text	to	Photo-realistic	Image	Synthesis	with
Stacked	Generative	Adversarial	Network	(ICCV,	2017)

Stage-2	GAN	is	built	upon	Stage-1	GAN	results	to	generate	high-resolution	images.
It	is	conditioned	on	low-resolution	images	and	also	the	text	embedding	again	to	correct	defeats
In	Stage-1	results.	The	Stage-2	Gan	completes	previously	ignored	text	information	to	generate	more
Photo-realistic	details.
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• StackGAN:	Text	to	Photo-realistic	Image	Synthesis	with
Stacked	Generative	Adversarial	Network	(ICCV,	2017)
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• StackGAN++:	Realistic	Image	Synthesis	with	Stacked
Generative	Adversarial	Networks	(TPAMI,	2017)

1. Multi-scale	image	distributions	approximation
2. Joint	conditional	and	unconditional	distribution	approximation

x
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• StackGAN++:	Realistic	Image	Synthesis	with	Stacked
Generative	Adversarial	Networks	(TPAMI,	2017)

1. Multi-scale	image	distributions	approximation
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• StackGAN++:	Realistic	Image	Synthesis	with	Stacked
Generative	Adversarial	Networks	(TPAMI,	2017)

2.	Joint	conditional	and	unconditional	distribution	approximation
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• StackGAN++:	Realistic	Image	Synthesis	with	Stacked
Generative	Adversarial	Networks	(TPAMI,	2017)
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• Text	Guide	Image	Manipulation	(TGIM)
• Text-to-Image	Synthesis	(T2I)

TGIM T2I Negative text Text + Image
1- Style Encoder O X X Concat
1- GAN-CLS, INT X O Random Concat
2- StackGAN,++ X O Random Concat
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• Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)

Two sub problems:
1. Realistic	image
2. Preserve	&	change
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• Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)

A.	Network	architecture
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• Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)

Text	encoder;	VSE

Unifying Visual-Semantic Embeddings with Multimodal Neural Language Models
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• Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)

B.	Adaptive	loss	for	semantic	image	synthesis
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• Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)

B.	Adaptive	loss	for	semantic	image	synthesis
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• Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)
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• Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)
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• Text	Guide	Image	Manipulation	(TGIM)
• Text-to-Image	Synthesis	(T2I)

TGIM T2I Negative text Text + Image
1 - Style Encoder O X X Concat
1 - GAN-CLS, INT X O Random Concat
2 - StackGAN,++ X O Random Concat
3 - SISGAN O X Random Concat
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Text Guided Image Manipulation
Text	to	Image	Synthesis

고려대학교컴퓨터학과석사과정
2019011001 박성진

- Text	encoder:	Char-CNN-RNN,	VSE
- Unconditional Loss & Conditioning Augmentation
- (image,	wrong	text),	(image,	relative	text)

-> Image & Language는 단순 concat
->	Text는 단순 Sentence	level
->	Spatial이나 word	혹은 channel에 대한 깊은 탐구 부족
-> Multimodal에 대한 alignment	부족• 1)	Generative	adversarial	text	to	image	synthesis	(ICML,	2016)

• 2)	StackGAN	(ICCV,	2017)
• 3)	StackGAN++	(TPAMI,	2017)
• 4)	Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)
• 5)	AttnGAN	(CVPR,	2018)
• 6)	TaGAN	(NIPS,	2018)
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• AttnGAN:	Fine-Grained	Text	to	Image	Generation	
with	Attentional Generative Adversarial Network	(CVPR,	2018)
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• AttnGAN:	Fine-Grained	Text	to	Image	Generation	
with	Attentional Generative Adversarial Network	(CVPR,	2018)
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• AttnGAN:	Fine-Grained	Text	to	Image	Generation	
with	Attentional Generative Adversarial Network	(CVPR,	2018)

A. Attention	Generative	Network
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• AttnGAN:	Fine-Grained	Text	to	Image	Generation	
with	Attentional Generative Adversarial Network	(CVPR,	2018)

B.	Deep	Attentional	Multimodal	Similarity	Model	(DAMSM)
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• AttnGAN:	Fine-Grained	Text	to	Image	Generation	
with	Attentional Generative Adversarial Network	(CVPR,	2018)

B.	Deep	Attentional	Multimodal	Similarity	Model	(DAMSM)
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• AttnGAN:	Fine-Grained	Text	to	Image	Generation	
with	Attentional Generative Adversarial Network	(CVPR,	2018)

B.	Deep	Attentional	Multimodal	Similarity	Model	(DAMSM)
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• AttnGAN:	Fine-Grained	Text	to	Image	Generation	
with	Attentional Generative Adversarial Network	(CVPR,	2018)



45/61

!"
#$
%&
'(
)*
©
+,
-.
*/
0)
1%
02
30
4'
10
'5
6%
"7
58
8&
4'
*9
*:
%)
&;
&7
&0
2*<
4)
52
2&'
54
75
*3
0=

• Text	Guide	Image	Manipulation	(TGIM)
• Text-to-Image	Synthesis	(T2I)

TGIM T2I Negative text Text + Image
1 - Style Encoder O X X Concat
1 - GAN-CLS, INT X O Random Concat
2 - StackGAN,++ X O Random Concat
3 - SISGAN O X Random Concat
4 - AttnGAN X O Random

(constrastive)
Attention, Concat
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• Text-Adaptive	Generative	Adversarial	Networks:
Manipulating	Images	with	Natural	Language	(NIPS,	2018)

Same	as	SISGAN	(From	original	image)
- Preserve	&	change
- Realistic	image
- Text	adaptive,	word-level
- Modifying	color	or	textual
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• Text-Adaptive	Generative	Adversarial	Networks:
Manipulating	Images	with	Natural	Language	(NIPS,	2018)
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• Text-Adaptive	Generative	Adversarial	Networks:
Manipulating	Images	with	Natural	Language	(NIPS,	2018)
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• Text-Adaptive	Generative	Adversarial	Networks:
Manipulating	Images	with	Natural	Language	(NIPS,	2018)

A.	Generator
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• Text-Adaptive	Generative	Adversarial	Networks:
Manipulating	Images	with	Natural	Language	(NIPS,	2018)

B.	Text-adaptive	discriminator
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• Text-Adaptive	Generative	Adversarial	Networks:
Manipulating	Images	with	Natural	Language	(NIPS,	2018)

C.	Objectives
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• Text-Adaptive	Generative	Adversarial	Networks:
Manipulating	Images	with	Natural	Language	(NIPS,	2018)
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• Text	Guide	Image	Manipulation	(TGIM)
• Text-to-Image	Synthesis	(T2I)

TGIM T2I Negative text Text + Image
1 - Style Encoder O X X Concat
1 - GAN-CLS, INT X O Random Concat
2 - StackGAN,++ X O Random Concat
3 - SISGAN O X Random Concat
4 - AttnGAN X O Random

(constrastive)
Attention, Concat

5 - TaGAN O X Random Attention, Concat
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Text Guided Image Manipulation
Text	to	Image	Synthesis

고려대학교컴퓨터학과석사과정
2019011001 박성진

- Word	&	Sentence	level	같이 활용
- Various	Loss	(DAMSM,	Reconstruction)
- word-region,	word-layer	wise	attention

->	Multimodal에 대한 alignment를 좀 더 고도화했음
-> 하지만 여전히 negative	sample에 대해 Random
->	Text	embedding을 concat으로 넘겨줌

• 1)	Generative	adversarial	text	to	image	synthesis	(ICML,	2016)
• 2)	StackGAN	(ICCV,	2017)
• 3)	StackGAN++	(TPAMI,	2017)
• 4)	Semantic	Image	Synthesis	via	Adversarial	Learning	(ICCV,	2017)
• 5)	AttnGAN	(CVPR,	2018)
• 6)	TaGAN	(NIPS,	2018)
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• 67.-)A+).2+)>"'%&/+2&'()/++$5@I
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• 67.-)A+).2+)>"'%&/+2&'()/++$5@I

• ;+<4/(.= =4,4$.,

• >'33'+%$<45.

• !"#$%&'()"%*+%,-(."%&'()"
• ,-(."%&'()"%*+%!"#$%&'()"
• /0&1(2*203.10&$0)%&'()"
• 4503$%&'()"

!!

"!

!`!+

!"#$%#&'()*)(%+","#',%*-.%#/&'.0)#)-1

(I, T, I`)
2-33-1%43"5'6%("&,)-1%&").#

(I,S)

!!

$!

!"

$"

!#

$#

!!

• I:         Source Image
• S:        Source Text (caption)
• (I,S):   Normal pairs
• T:       Target Text
• I`:       Target Image

•(I,T) -> I`; What we want to Learn
*T is not negative text
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• J'$.&2+/)/.-.%+-)HK)J'%9$+24&%+/)L+.2'&'(=)M+51H%9$+24&%+/)L+.2'&'(
!"#$"%"&'(')*&+,"($&)&-

• ?/$/'+

• 67"$"#$%$(&89%:53$7(&$0;"%2"(7303.
• <5:59%=0-:>?9%@9%ABC>9%=DE/9%@

• #@A

• 67"$7(0303.%<5F"29%CGH")$0;"
• A"7$9%I6!9%@%9%J>J:!?E9%!K9@

• ?/$B4CDC/+1B/$,/5%(.<(.$.+,4,/'+

• !D5*=$7"(-L%>#-"7$9%/0>AJ?!9@
• C3"*=$7"(-L%M30$"79%M30;"7*/>9%

/>*AJ?!9%C&)(79%@

• EF'D$,(.43G%@H3.(, I678J%KL#@AM

• N+.D$,(.43G%N$54(%I6767%K>>?M
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• J'$.&2+/)/.-.%+-)HK)J'%9$+24&%+/)L+.2'&'(=)M+51H%9$+24&%+/)L+.2'&'(
!"#$"%"&'(')*&+,"($&)&-

• /0&1(2*203.10&$0)%&'()"
• ,-(."*!"#$%="-(3$0)%E20.3-"3$

,%N%0-(."%O"($17"9
=%N%$"#$%O"($17"
/%N%;0&1(2*203.10&$0)%O"($17"

>-

?-

@+

>.

?.

@,

• A+ − A, BC A, − A+ ≅ E+ − E, BC E, − E+
P%$"#$%&"-(3$0)%.('%≅ ,-(."%&"-(3$0)%.('

• @+ − @, BC @, − @+ ≅ F

• E+, A+ − (E+ , A, ) ≅ F
!"#$QRS ,3$"7'52($053

G

• !T,L% A+ → IE
• !I,<L% E+, A, → IE
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