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A” Kinds Of GAN ves https://github.com/hindupuravinash/the-gan-zoo

Cumulative number of named GAN papers by month

GAN o
ACGAN 465
BGAN 20
CGAN

DCGAN
EBGAN
fGAN 150
GoGAN %

It is @ wise choice to
25 attend this tutorial.

Total number of papers
N
\,
o

2014 2015 2016 2017 2018
Year

Mihaela Rosca, Balaji Lakshminarayanan, David Warde-Farley, Shakir Mohamed, “Variational Approaches for Auto-Encoding
Generative Adversarial Networks”, arXiv, 2017

*We use the Greek « prefix for a-GAN, as AEGAN and most other Latin prefixes seem to have been taken
https://deephunt.in/the-gan-z00-79597dc8c347.



Generative Adversarial Network (GAN)

* Anime face generation as example

vector ‘
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Generator

Discri-
minator

high

‘ (; ¥ | dimensional
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vector

‘ score

Larger score means real,
smaller score means fake.



Algorithm

* Initialize generator and discriminator | G D

* In each training iteration:

Step 1: Fix generator G, and update discriminator D

generated
objects |

Data base

randomly
sampled

Discriminator learns to assign high scores to real objects
and low scores to generated objects.



Algorithm

* Initialize generator and discriminator | G D

* In each training iteration:

Step 2: Fix discriminator D, and update generator G

Generator learns to “fool” the discriminator

hidden layer B N
NN Discri- -
— — =)
I Generator minator oS
vector update fix

large network

Backpropagation



Algorithm

* Initialize generator and discriminator -
* In each training iteration:

Sample some
real objects:

Learning Generate some
D fake objects:

Learning
G
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i The faces
generated by

.. ‘ w‘ J machine.
\ , A\ i *‘ The images are generated by
W‘p iy Yen-Hao Chen, Po-Chun Chien,
\lw r Jun-Chen Xie, Tsung-Han Wu.
?l W» ViK1




Conditional Generation

Generation
(037 0.17[-0.3 NN
—0.1| |-0.1 .
. : 0.1 —
Generator

—0.71 1L 0.7 11 0.9 |
In a specific range

Conditional Generation

“Girl with red hair
and red eyes” ; NN

“Girl with yellow Generator
ribbon”




paired data
blue eyes

Conditional GAN \= ) red hair

t"‘ S8l short hair
c: red hair »

G » Image x = G(c,z)
Normal distribution z »

-yl
N » (better)

True text-image pairs: (red hair, &"‘I‘ ) 1

» scalar X is realistic or not +
c and x are matched or not

(blue hair,\\\f"s_}a) 0 (red hair, Image ) 0

[Scott Reed, et al, ICML, 2016]



The images are generated by
Yen-Hao Chen, Po-Chun Chien,

Cond |t|0na‘ GAN Jun-Chen Xie, Tsung-Han Wu.

[Scott Reed, et al, ICML, 2016]

paired data x = G(c,z)

blue eyes
red hair C: text » » Image
short hair

red hair,

green eyes

blue hair,
red eyes




Conditional GAN

WWWM# c: sound »

"a dog barking sound”

Training Data

Collection WWWMWW

QY




The images are generated by Chia-
Hung Wan and Shun-Po Chuang.

CO N d Itl ona ‘ GA N https://wjohn1483.github.io/

audio_to_scene/index.html

* Audio-to-image Louder




Conditional GAN - Image-to-label

Multi-label Image Classifier

person, sports ball,

baseball bat, baseball glove

Generator person 1

s

frisbee 09

sampling
Classifier |== O 7| m——)

.
sports ball 0.5

Fixed feature extractor : f,,; =

e O 1B =

1

y—

—)
—)

2!

Discriminator

= D(,%)

Input condition

Generated output

Positive example :

person, boat,
bird ;

y
egative example:

[pe;s?,ms:ee] Discriminator
ports ball 2 m } g

y X

=3 "_— }_,

y X



Conditional GAN - Image-to-label

The classifiers can have |VGG-16 56.0 33.9
different architectures. |+ GAN 60.4 412 |
The classifiers are LInception 02.4 535 |
trained as conditional | *GAN 63.8 55.8 |
GAN. | Resnet-101 62.8 53.1 |
| +GAN 64.0 55.4 |
| Resnet-152 63.3 52.1 |

+GAN 63.9 54.1

Att-RNN 62.1 54.7

[Tsai, et al., submitted to

ICASSP 2019] RLSD 62.0 46.9



Conditional GAN - Image-to-label

The classifiers can have VGG-16 56.0 33.9
different architectures. + GAN 60.4 41.2
The classifiers are AcC Rt 62.4 >3-
trained as conditional +GAN 63.8 | 55.8
GAN. Resnet-101 62.8 53.1
+GAN | 640 | 554
Conditional GAN
Resnet-152 63.3 52.1
outperforms other
models designed for +GAN 63.9 54.1
multi-label. Att-RNN 62.1 54.7

RLSD 62.0 46.9




Conditional GAN

— Speech Recognition

B 28

ASR Paired Unpaired
Outputs Text Text

o

Tfaining\

CLM
J
-
5
Low High

Quality Score Quality Score

(a) CLLM learning step

R

w__/

Adversarial Training of End-to-end Speech
Recognition Using a Criticizing Language
Model, https://arxiv.org/abs/1811.00787

Training l
Quality ASR Sequence
SCDI‘E* Model Loss 3

S

ASR
Outputs
Fixed ,//

|

Paired
] =B
(b) ASR model learning step



Table 1. Speech recognition performance. ”+LM” refers to shal-
low fusion decoding jointly with RNN-LM [13], "+AT” refers to the
adversarial training proposed here, "+Both” indicates training with
AT and joint decoding with RNN-LM, and BT is the prior work of
back-translation [21].

Data Method CER/WER (%) WER AT
Dev Test Test
(A) (a) Baseline | 10.5/21.6 10.5/21.7 -
w/o | (b)+LM 10.9/20.0 11.1/20.3 6.5%
unpair | (c) +AT 95/19.9  9.6/20.1 7.4%
text | (d) +Both 94/179  9.7/183 15.7%
(e) +LM 105/19.6 10.6/19.6 9.7%
B) | (p +AT 9.1/19.1  9.5/19.2
; 6‘5’&5 (2) +Both 90/17.1  9.1/173 | 20.3%
text | (h) BT? 10.3/23.5 10.3/23.6 6.3%
(i) BT+LM* | 9.8/21.6 10.0/220 | 12.7%
(C)w/ | (j) +LM 99/186 102/188 | 13.4%
860hrs | (k) +AT 8.6/18.5  8.8/187
text | (1) +Both 79/153  82/158 | 27.2%

T Relative improvement with respect to the baseline.
T Prior work [21], baseline WER 25.2% on test set reported.



Unsupervised Conditional GAN

Condition »

Object in Domain X

» Generated Object
Object in Domain Y

Transform an object from one domain to another
without paired data (e.g. style transfer)

Domain X _ Domaln Y
Not Paired a

Vincent van Gogh S
paintings



Unsupervised
Conditional Generation

e Apprpach 1: Direct Transformation

For texture or
color change

Domain X

* Approach 2: Projection to Common Space

B ]

Domain X Encoder of Face Decoder of Domain Y
domain X  Attribute domainY

Larger change, only keep the semantics



Doi X

S
i

Direct Transformation

»scalar

’ Input image
belongs to
domain Y or not

Domain Y



Doi X

S
5%

Direct Transformation

»scalar

jou ’ Input image
belongs to
domain Y or not

Domain Y



[Jun-Yan Zhu, et al., ICCV, 2017]

Direct Transformation

as close as possible

Lack of information s
for reconstruction 4

Sl ’ Input image

belongs to
domain Y or not

DomainyY



Cycle GAN

as close as possible

scalar: belongs to scalar: belongs to
domain X or not - domain Y or not

SN Gvx 5 )’L =

as close as possible




Unsupervised
Conditional Generation

e Approach 1: Direct Transformation

For texture or
color change

Domain X

* Approach 2: Projection to Common Space

Encoder of Face Decoder of Domain Y
domain X  Attribute domainY

Larger change, only keep the semantics



Projection to Common Space

Target

Domain X

Attribute

Do

mainY




Projection to Common Space
Training

Minimizing reconstruction error

Domain X Domain Y



Projection to Common Space
Training

Minimizing reconstruction error

=

Discriminator
of X domain

DEy

Lo

image » ENY ’

1 Minimizing reconstruction error

N o
" ‘? Discriminator
of Y domain

Because we train two auto-encoders separately ...

The images with the same attribute may not project
to the same position in the latent space.



Projection to Common Space
Training

Minimizing reconstruction error

gl
os mp

Discriminator
of X domain

DE

Discriminator

of Y domain
Domain

Discriminator

ENy and ENy fool the
domain discriminator

=» From ENy or ENy

The domain discriminator forces the output of ENy and
ENY have the same distribution. [Guillaume Lample, et al., NIPS, 2017]



Projection to Common Space
Training

ENX DEX

HH T Y-

ENy
Sharing the parameters of encoders and decoders

%
”

Couple GAN{[Mming-u Liy, et al., NIPS, 2016]
UNIT[Ming-Yu Liu, et al., NIPS, 2017]



Projection to Common Space
Training

Minimizing reconstruction error

Discriminator
of X domain

DE

DE,

T \ Discriminator

of Y domain

Cycle Consistency:

Used in ComboGAN [Asha Anoosheh, et al., arXiv, 017]



Projection to Common Space
Training

To the same

latent space of X domain

-LEL& D0k | mp{s mpD,

image *M DEY image »DY
T \ Discriminator

of Y domain

Discriminator

Semantic Consistency:

Used in DTN [Yaniv Taigman, et al., ICLR, 2017] and
XGAN [Amélie Royer, et al., arXiv, 2017]
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Unsupervised
Conditional Generation

Image Style Transfer

Not Paired
photos Vincent van Gogh’s
paintings
Text Style Transfer
It is good. Not Paired It is bad.
It’s a good day. < > It’s a bad day.
| love you. | don’t love you.

positive negative



Cycle GAN

as close as possible

scalar: belongs to scalar: belongs to
domain X or not - domain Y or not

SN Gvx 5 )’L =

as close as possible




Cycle GAN

as close as possible

1

negative

| love you.
positive

1

g Ov-x g

Itis bad. map A2 mp Itisgood. mp . mp

posmve

negative

as close as possible

It is bad.

negative

negative sentence? «E‘ E positive sentence?

| hate You.» Gyosy »

| love you.
positive

1




Discrete Issue

Seq2seq model
hidden layer

with discrete output
It is bad.

negative

- It is good.

poanve

E positive sentence?
large network
Backpropagation 9‘




Three Categories of Solutions

’ Gumbel-softmax

\J
e [Matt J. Kusner, et al, arXiv, 2016]

Continuous Input for Discriminator

\J

e [Sai Rajeswar, et al., arXiv, 2017][Ofir Press, et al., ICML workshop, 2017][Zhen
Xu, et al., EMINLP, 2017][Alex Lamb, et al., NIPS, 2016][Yizhe Zhang, et al., ICML,

2017]

“Reinforcement Learning”

\

* [Yu, et al., AAAI, 2017][Li, et al., EMNLP, 2017][Tong Che, et al, arXiv,
2017][Jiaxian Guo, et al., AAAI, 2018][Kevin Lin, et al, NIPS, 2017][William

Fedus, et al., ICLR, 2018]




Cycle GAN

Discrete?

Word embedding
[Lee, et al., ICASSP, 2018]

as close as possible

l
I

ik

1

- GX—>Y -

g Ov-x g

Ils i l

i

1

g Ov-x Lag

negative sentence? «E‘ E positive sentence?

» GX—>Y »

g

as close as possible

1




Thinks Yau-Shian Wang for providing the results.

Cycle GAN

- Negative sentence to positive sentence:
It's a crappy day — it's a great day
| wish you could be here - you could be here
it's not a good idea — it's good idea
| miss you — i love you
| don't love you — i love you
| can't do that — | can do that
| feel so sad — 1 happy
it's a bad day — it's a good day
it's a dummy day — it's a great day
sorry for doing such a horrible thing — thanks for doing a
great thing
my doggy is sick - my doggy is my doggy
my little doggy is sick — my little doggy is my little doggy




Projection to Common Space

Decoder hidden layer as discriminator input

[Shen, et al., NIPS, 2017]

Positive
Sentence » ENy ’

Negative » EN, ’

Sentence

ENy and ENy fool the
domain discriminator

[Zhao, et al., ICML 2018]
[Fu, et al., AAAI, 2018]

/ Discriminator
of X domain

Positive
DE »
X Sentence D X

o
) DE,

Negative » D
Y

Sentence
Discriminator
of Y domain

Domain

Discriminator = From ENy or ENy



Unsupervised
Conditional Generation

Image Style Transfer

Not Paired

)

Vincent van Gogh'’s

paintings
Text Style Transfer

Not Paired
document |. E summary

This is unsupervised abstractive summarization.




Abstractive Summarization

 Now machine can do abstractive summary by seq2seq (write
summaries in its own words)

summary 1

XN summary 2

summary -
(in its own words) w i B Il summary 3
seq2seq ﬁ -
Supervised: We need lots of Training Data

labelled training data.



Unsupervised Abstractive Summarization

 Now machine can do abstractive summary by seq2seq (write
summaries in its own words)

summary 1 D
e
summary 2 H e
7 \ l( S G TuvE s
= B :
o AN o
seq2seq —

Domain X Domain Y




Unsupervised Abstractive Summarization

Human written summaries » 1.,.@ » Real or not
EF Discriminator
& mm‘%.

word
seguence

EraB—

Seqg2seq

document



Unsupervised Abstractive Summarization

Human written summaries » %Q » Real or not

n Et Discriminator

Il

word

document sequence document
|r 5 2 |r
"5@"."%}"
4 I ‘ J I (J 4. ry
Seq2seq Seq2seq

minimize the reconstruction error




Unsupervised Abstractive >
Summarization Only need a lot &=

of documents to #
train the model &—2#

This is a seq2seq2seq auto-encoder.

Using a sequence of words as latent representation.

not readable ...

word
document sequence document




Unsupervised Abstractive
Summarization REINFORCE algorithm to

deal with the discrete issue

» %g » Real or not
ﬂ E 'S: Discriminator

Human written summaries

Let Discriminator considers

my output as real

4

word

document sequence document
ﬁk Summary? k .

I

Seqg2seq SquSeq



Experimental results

English Gigaword (Document title as summary)

Supervised 33.2 14.2 30.5
Trivial 21.9 7.7 20.5

LU periise 28.1 10.0 25.4

(matched data)

Unsupervised 272 91 241

(no matched data)

Matched data: using the title of English Gigaword to train
Discriminator

No matched data: using the title of CNN/Diary Mail to
train Discriminator



Using
matched data

Semi-supervised Learning

34
33
32
31
30
29

28 \ . .
semi-supervised

27

26 unsupervised
25

ROUGE-1

0 10k 500k
Number of document-summary pairs used

--\WGAN -®-Reinforce —Supervised

e e N~

Approaches to deal with the discrete issue. 3.8M pairs are used.
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Unsupervised
Conditional Generation

Image Style Transfer

Not Paired

)

photos Vincent van Gogh'’s
paintings

Speech Style Transfer

B Al o M Not Paired " . %M

il < >
N S W%W% ""‘W"‘* .

Speaker A Speaker B

This is unsupervised voice conversion.




N

Conversion ‘\ 3
i / 4
.
<>



In the past

Speaker A Speaker B

How are you? S e o WMWW How are you?
Good morning D WW‘M‘"%W Good morning

With GAN  Speaker A Speaker B

AREY Mm How are you?
BRE *‘WW‘WWW‘W Good morning

Speakers A and B are talking about completely different things.




Cycle GAN

as close as possible

scalar: belongs to scalar: belongs to
domain X or not - domain Y or not

SN Gvx 5 )’L =

as close as possible




X: Speaker A, Y: Speaker B

CyC ‘ e GA N [Takuhiro Kaneko, et. al, arXiv,
2017][Fuming Fang, et. al, ICASSP,

fOI" Voice Conversion 2018][Yang Gao, et. al, ICASSP, 2018]

as close as possible 1

“:mmram 4 Gxoy -Mr 4 Gy x L4 ’M*”WW
bl . | -
bt b L 4 O 4o

1 as close as possible 1

scalar: belongs to
domain Y or not




Projection to Common Space

EN, 7o
EN, Le




Projection to Common Space

Encoder

e All the speakers share the
same encoder.

* The model can deal with the
speakers never seen during training.



Projection to Common Space

Use a vector (one-hot) to All the speakers also share
represent speaker identity. the same decoder.

Encoder

Decoder

The encoder fools the
discriminator.

Discriminator = \Which speakers?

We hope that encoder can extract the phonetic information while
removing the speaker information.



Projection to Common Space

Training phonetic information L Which
\ 3 Discriminator —
RN speakers?

WM%ﬁ Encoder —
How areyou? | |
Decoder —» WWW

‘ |

.?. @ reconstructed

A ]

Testing

A is reading the

% —> Encoder —» sentence of B
B Hello \
Decoder —» WWW
- S /

Hello




Which

Discriminator —
speakers?

MW —> Encoder .

\ . . .
How are you? ¢ Does it contain phonetic
information?

Different colors: Different colors:
different words different speakers
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Issues

Training L Which
Discriminator —
speakers?
Mm — Encoder
How are you?
Decoder —» M MM
“u o reconstructed
The Same Speakers
Testing Low Ciuallty

A is reading the
sentence of B

9‘: wwww*w* — Encoder

B Hello

P
Different Speakers «

-
a®
““““
a®



2nd Stage Training

Cheat discriminator
Help speaker classifier

oA — Encoder — t

Hello \

cf

B
Decoder — 4
L
D'?‘f coeaker No Iearnmg‘
ifferent Speakers target???

\ 4

o real or generated? «——— Discriminator
Extra Criterion for
Training S eakgr
which speaker? «—— P e
Classifier




[Chou et al., INTERSPEECH, 2018]

Experimental Results

» Subjective evaluations(20 speakers in VCTK)

0.455 0.435

0.35

Naturalness Similarity Naturalness Similarity
B “Two stages” is better B “Projection” is better
B “One stage” is better B “Cycle GAN” is better

Indistinguishable Indistinguishable




A is reading the
sentence of B
A

Decoder —»
0/
Speaker "o ©

Source: K
Target: .
Source to Target: B

Thanks Ju-chieh Chou for providing the results.

- ‘%MWM*M — Encoder

B Hello
Source Speaker

Target &=

https://jjery2243542.github.io/voice_conversion_demo/



Target Speaker I:I

Source Speaker Source to Target
(Never seen during training!)

Me

(] e <]

Me
(doesn’t work.
D Me D Just for fun)

Thanks Ju-chieh Chou for providing the results.
https://jjery2243542.github.io/voice_conversion_demo/



Unsupervised
Conditional Generation

. Not Paired ) (PN YOO OV Not Paired |
It is good. It is bad. # W b M M‘ y '“ : "M '
It’s a good day. <:> It’s a bad day. . 4 <:> T PN PV IO
| love you. | don’t love you. %-W%— TS TRYS WWW
positive negative Speaker A Speaker B
Audio

PO IVIP TRVUON TIYOR Not Paired

PR TPW TUYW Y < > || Text

This is unsupervised speech recognition.




https://devopedia.org/images/article/102/9180.1532710057.png

Supervised Speech Recognition

—

Loud and clear
Speech-recognition word-error rate, selected benchmarks, % Log scale
100

Switchboard — Switchboard cellular

O—0 Meeting speech

Broadcast

speech IBM, Switchboard

The Switchboard corpus is a collection of recorded
telephone conversations widely used to train and
test speech-recognition systems

T I I T T T I T T T T T I T I T I T T I

1993 96 98 2000 02 04 06 08 10 12 14 16

Sources: Microsoft; research papers

(I believe you have seen similar figures before.)

* Supervised learning needs lots of annotated speech.
* However, most of the languages are low resourced.



http://www.parenting.com/article/teach-baby-to-talk

Speech Recognition in the Future

Whete're Yo, .

. ianhv “’ [.O(.-(,
s anith Lean 82
A
c-,“ /(
;'."-1 A =)'

Learning human language with
very little supervision



[Liu, et al., INTERSPEECH, 2018]
[Chen, et al., arXiv, 2018]

Unsupervised Speech Recognition

* Machine learns to recognize speech from unparallel speech and text.

audio collection
(without text annotation) (not parallel to audio)

This idea was too crazy to be realized in the past.
However, it becomes possible with GAN recently.



Acoustic Token Discovery

Acoustic tokens can be discovered from audio collection
without text annotation.

Acoustic tokens: chunks of acoustically similar audio segments

with token IDs [Zhang & Glass, ASRU 09]
[Huijbregts, ICASSP 11]
[Chan & Lee, Interspeech 11]



Acoustic Token Discovery

Token 3

Token 2

|
il

Token 2 Token 3 Token 1

Acoustic tokens can be discovered from audio collection
without text annotation.

Acoustic tokens: chunks of acoustically similar audio segments

with token IDs [Zhang & Glass, ASRU 09]
[Huijbregts, ICASSP 11]
[Chan & Lee, Interspeech 11]



[Wang, et al., ICASSP, 2018]

Acoustic Token Discovery

t
N
.
P
P
s

Phonetic-level acoustic tokens are obtained by
segmental sequence-to-sequence autoencoder.




Unsupervised Speech Recognition

- s -
e -l

LG st L

P1 Py Ps3 AY LAHV Y UW

G UHD B AY
P1 P3s P

)
P1 P3 Ps Ps _

HH AW AAR Y UW

AY M FAY N
~wl-owdomp o, p, o p, | Cvele
1 5 3
GAN TAY W AA N
Phone-level Acoustic Phoneme sequences
Pattern Discovery from Text

[Liu, et al., INTERSPEECH,
2018]

[Chen, et al., arXiv, 2018]




WER/PER (%)

100 Libirspeech (Word recognition)

90
80
70 TIMIT (Phoneme recognition),
50 /audio and text are unmatched
50
40
30
0 TIMIT (Phoneme recognition),
0 audio and text are matched
0
N R A e N & S A S
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Concluding Remarks

Part |I: General Introduction of Generative
Adversarial Network (GAN)

Part II: Applications to Natural Language
Processing

Part Ill: Applications to Speech Processing




(My YouTube Channel, 30K subscribers, 2.4M total views)



