Generative Adversarial Network

and its Applications to Signal Processing
and Natural Language Processing

Hung-vyi Lee and Yu Tsao



Outline

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

Part II: Applications on Signal Processing

Part Ill: Applications on Natural Language
Processing




Generative Adversarial Network

and its Applications to Signal Processing
and Natural Language Processing

Part |: General Introduction



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

Generator

Examples



Powered by: http://mattya.github.io/chainer-DCGAN/

Basic |dea of GAN  'tisaneural network

(NN), or a function.
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Basic Idea of GAN

image ‘

Discri-

It is a neural network

/ (NN), or a function.

scalar

minator ‘ Larger value means real,
smaller value means fake.
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Algorithm

* Initialize generator and discriminator | G D

* In each training iteration:

Step 1: Fix generator G, and update discriminator D

Database

generated
objects

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 ﬁJ
NN Discri-
—) —) e V)
I Generator minator TR
vector update fix

Gradient Ascent

large network




Algorithm

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

Sample some
real objects:

Learning Generate some
D fake objects:

Learning
G




Source of training data: https://zhuanlan.zhihu.com/p/24767059



Anime Face Generatlon

1000 updates




Anime Face Generation
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Anime Face Generation
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10,000 updates



Anime Face Generation

20,000 updates



Anime Face Generation

50,000 updates K¢ ._ !
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v

The faces
generated by
machine.

The images are generated by
Yen-Hao Chen, Po-Chun Chien,
Jun-Chen Xie, Tsung-Han Wu.
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(Variational) Auto-encoder

As close as possible

» » é » B »
Encoder ) Decoder
a2

= Generator

» NN »Ima e’
Decoder 5€ !

= Generator

&

Randomly generate
a vector as code

3p0d




Auto-encoder v.s. GAN

Auto-encoder

3 » NN » As close as possible
Q. <
1 Decoder Just copy an image
= Generator Fuzzy ...
GAN
é Genera- Qiscri- —_
e tor : minator
2 4

If discriminator does not simply memorize the images,
Generator learns the patterns of faces.



FID Score
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[Mario Lucic, et al. arXiv, 2017]

Dataset = MNIST Dataset = CIFAR1O
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FID[Martin Heusel, et al., NIPS, 2017]: Smaller is better
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X: an image (a high-
dimensional vector)

Generator

* A generator G is a network. The network defines a
probability distribution P

Normal P (x) Piata(x)

Distribution

as close as possible

G* =arg mGjn Div(Pg, Pigia)
Divergence between distributions P; and P44
How to compute the divergence?



Discriminator
G* = arg mGjn DiU(PG; Pdata)

Although we do not know the distributions of P; and P44,
we can sample from them.

,%W‘
g H/ } ‘

Sampling from P ;,;,

< < < . &y IR
sample from > |8 3 G TR YRS 4
normal S48 g N 20 )

Sampling from P

Database fw g




Discriminator G* = argminDiv(Pg;, Pyata)

G

* . data sampled from P;,,, USingthe example objective

* . data sampled from P fun.ct.lon is gxactly the. s.ame as
training a binary classifier.

Discriminator

* * train

Example Objective Function for D

-
V(G,D) = Ey-pyy,, [logD ()] + Exp,[log(1 — D(x))]
s =

(G is fixed)

Training: D* = arg‘mglx V(D, G)‘ The maximum objective value
is related to JS divergence.

[Goodfellow, et al., NIPS, 2014]



Discriminator 6" = arg min Div(Ps, Paqtra)

* : data sampled from Py,¢4 Training:
* : data sampled from P, D* = arg‘mgx V(D, G)‘

*
* *
Discriminator

* * ** train
small divergence hard to discriminate
* (cannot make objective large)

* ok
** I* train

*

Discriminator

large divergence easy to discriminate



[Goodfellow, et al., NIPS, 2014]

G* =arg mGjn max V(G,D)

D* = arg‘maxV(D, G)‘ The maximum objective value
D is related to the divergence.

* |nitialize generator and discriminator

* In each training iteration:

Step 1: Fix generator G, and update discriminator D

Step 2: Fix discriminator D, and update generator G




Can we use other divergence?

Name D¢(P|@Q) Generator f(u)

Total variation 2 [ |p(z) — q(z)|da 2w —1]

Kullback-Leibler [ p(x)log? W dz ulog u

Reverse Kullback-Leibler [ ¢(x)log g{r% dx —logu

Pearson 2 | (qmp f) @)” 4y (u—1)2

2 (p(x)—q(x))* (1—u)?

Neyman y | q(q,) da ) u

Squared Hellinger | (\/p(:r) —aq(x) ) dx (Vu—1)°

Jeffirey [ (p() = a(a)) log (25) da (u—1)logu

2p(x) . 2q(x) . . 14w _ -

Jensen-Shannon 1 [ p(x)log m +q(x) log m dx | —(u+1)log +5* + ulogu

Jensen-Shannon-weighted [ p(z)7log i r()ﬁ;J((f)r)q(J) + (1 — 2)%r(;)r) log wp(x)f((fﬁn)q(r) dr  mulogu — (1 — 7+ 7mu)log(l — m + 7mu)

GAN J p(2)log - + q(2) log w5 dar — log(4) 4 ulogu — (u+ 1) log(u + 1)
Name Conjugate f*(t)
Total variation t

Kullback-Leibler (KL) exp(t —1)

Using the divergence Reverse KL T Tog(—)

] Pearson x* e+t
you ||ke @ Neyman y> 2 —21—1
Squared Hellinger =
) ) Jeffrey W(e™") + i + 1 — 2
(el=*)
[Sebastian Nowozin, et al., NIPS, 2016] Jensen-Shannon ~log(2 — exp(1))
Jensen-Shannon-weighted (1 — 7)log — 1= ==

GAN —log(1 —(xp( ))
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JS divergence is not suitable

* In most cases, P; and P,;,:, are not overlapped.

* 1. The nature of data
Both P;,¢q, and P are low-dim
manifold in high-dim space.
The overlap can be ignored.

e 2. Sampling

Even though P, .+, and P
have overlap.

If you do not have enough
sampling ......




What is the problem of JS divergence?

PGO — Pdata PGl <) Pdata ------ PGlOO

/ Equally bad X
]S(PGor Pdata) ]S(Pcl: Pdata) """ ]S(PGloo» Pdata)
= log?2 = log2 =

JS divergence is log2 if two distributions do not overlap.

Intuition: If two distributions do not overlap, binary classifier
achieves 100% accuracy

» Same objective value is obtained. » Same divergence




Wasserstein distance

* Considering one distribution P as a pile of earth,
and another distribution Q as the target

* The average distance the earth mover has to move
the earth.

P Q




Wasserstein distance

Smaller
distance?

Larger
distance?

—

There are many possible “moving plans”.

Using the “moving plan” with the smallest average distance to
define the Wasserstein distance.

Source of image: https://vincentherrmann.github.io/blog/wasserstein/



What is the problem of JS divergence?

dO dl
P Go | |Paata P G, | Paata - P G100 || Paata
]S(PGo' Pdata) ]S(PG1’ Pdata) """ ]S(PG100’ Pdata)
W(PG(): Pdata) W(Ple Pdata) ------ W(PGloor Pdata)
= dO = dl S O

Better!
—



[Martin Arjovsky, et al., arXiv, 2017]

WGAN

Evaluate wasserstein distance between P, and P

V(G,D) a S =

= oomax A [D@] — Erepg [DCO])

D has to be smooth enough. How to fulfill this constraint?

CO

Without the constraint, the
training of D will not converge.

generated

Keeping the D smooth forces
D(x) become oo and —oo D



V(GJ D) — DEl—I}Jli???S'(ChitZ{EXNPdata [D (x)] o EXNPG [D (x)]}

* Original WGAN — Weight Clipping [Martin Arjovsky, et al.,

arXiv, 2017]
Force the parameters w between c and -c
After parameter update, ifw>c,w=c;ifw<-c,w=-cC

* Improved WGAN — Gradient Penalty [ishaan Gulrajani,
NIPS, 2017]

|
v\rea' 9
[Kodali, et al., arXiv, 2017]

[Wei, et al., ICLR, 2018] samples

* Spectral Normalization = Keep gradient norm
smaller than 1 everywhere [miyato, et al., ICLR, 2018]



[Junbo Zhao, et al., arXiv, 2016]

Energy-based GAN (EBGAN)

e Using an autoencoder as discriminator D
» Using the negative reconstruction error of
auto-encoder to determine the goodness

» Benefit: The auto-encoder can be pre-train
by real images without generator.

Discriminator

ﬂ ‘Ij“. , ’ \ . * -O. 1
Autoencoder 0 for the
best images




Mode Collapse

Training with too many iterations ......

* !b

-,....»(Jw

Y : real data
i\( . generated data




***
Missing Mode? % **

Generator switches mode during tralnlng

Generator
at iteration t

Generator
at iteration t+1

Generator

BEGAN on CelebA



Train a set of generators: {G{, G5, -, Gy}

Eﬂsemb‘e To generate an image

Random pick a generator G;
Use G; to generate the image

Generator Generator
1 )




[Tim Salimans, et al., NIPS, 2016]

Objective Evaluation  *'meee
y: class (output of CNN)

class 2

Off-the-shelf
.- » P(:le) class 1

lass 3
— class

Image Classifier

e.g. Inception net,
VGG, etc.

Concentrated distribution
means higher visual quality

1## Py'IxY) P(y) = zP(y |x™)

x? ﬁ# P(y?|x?) | >

x3 ## P(y3|x3) Uniform distribution

means higher variety




Objective Evaluation .

class 1

P(ylx) class 2

class 3

¥

Inception Score

P(y) =

L.

=Y Py

¥

— 2 y P(y|x)logP(y|x) ' Negative entropy of P(y|x)

x Yy

— z P(y)logP(y) Entropy of P(y)
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* Original Generator

Normal /@ ©
Distribution OCZDO G

e Conditional Generator

condition C =)

Normal /@ © G
Distribution OCZDO '

[Mehdi Mirza, et al., arXiv, 2014]
e.g. Text-to-Image

“Girl with red hair
and red eyes . NN

“Girl with yellow Generator
ribbon”




a dog is running &
TeXt_tO_l mage a bird is flying E

* Traditional supervised approach

cl: a dogis running » NN

Text: “train”

as close as
possible




[Scott Reed, et al, ICML, 2016]

Conditional GAN

c: train »

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

X is real image or not

» D » ‘I Generator will learn to
* (original) >talar generate realistic images ....

| But completely ignore the
Real images: [Jasi input conditions.

Generated images: Image




[Scott Reed, et al, ICML, 2016]

Conditional GAN

c: train »

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

¢ » D X is realistic or not +
scalar

N » (better) c and x are matched or not

True text-image pairs: (train, =\

0 (train, Image ) QO




Conditional GAN - Discriminator

object x — Network —

Network —» score

condition c —» Network —— X is realistic or not +
al ) c and x are matched
almost ever aper

v pap or not
object x — Network » X is realistic or not
condition ¢ \ Network —> c and x are matched
[Augustus Odena et al., ICML, 2017] or not

[Takeru Miyato, et al., ICLR, 2018]
[Han Zhang, et al., arXiv, 2017]



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

CO n d |t|O n a ‘ GA N Jun-Chen Xie, Tsung-Han Wu.
paired data
\&L\ blue eyes Collecting anime faces
N 8 red hair and the description of its
Ry short hair characteristics

4 v |
red hair,
green eyes
M]

~

blue hair,
red eyes




[Phillip Isola, et al., CVPR, 2017]

Conditional GAN - Image-to-image

— it

Labels to Street Scene

Day to Night __ Edges to Photo

v,
i

input output input output

Image translation, or pix2pix



[Phillip Isola, et al., CVPR, 2017]

Conditional GAN - Image-to-image

* Traditional supervised approach

Hiiaield
» NN » Image ~ . EANE]
as close as e
. 3 ']mf ‘ *', i H
possible

e.g. L1

Testing:

It is blurry.




[Phillip Isola, et al., CVPR, 2017]

Conditional GAN - Image-to-image

D » scalar

Testing:




[Michael Mathieu, et al., arXiv, 2015]

Conditional GAN
- Video Generation

Generator »

Discriminator thinks it is real

Discrimi » Last frame is real
nator or generated



Ground Truth Adversarial NMon-Adversarial

https://github.com/dyelax/Adversarial_Video_Generation



Domain Adversarial Training

* Training and testing data are in different domains

data The same
Testing distribution
data

Generator 4>I feature
Take digit

classification as example



Domain Adversarial Training

feature extractor (Generator) Always output }
o
-

E>m|:> EE>E E:> [ zero vectors

image l’

Domain Classifier Fails }
Which domain?
|:> n |:> @) domain label d

Discriminator
:.» (Domain classifier)

blue points

red points



Domain Adversarial Training

feature extractor (Generator) Label gredictor
[> E> [> E> §[> [> |:> E class label y
U- ~ Which digits?
image ’ J
‘.f-u

Which domain?

|:> m |:> @) domain label d
Discriminator

(Domain classifier)

Not only cheat the domain L

classifier, but satisfying label
predictor at the same time

Successfully applied on image classification
[Ganin et al, ICML, 2015][Ajakan et al. IMLR, 2016 ]

More speech-related applications in Part Il.
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Unsupervised Conditional Generation

1]“:_’ A o “T"".‘
T il S0 I i
e e SN T sy 1
3T e W - S e WM. S
Domain X &= x = . DomainY

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

Domain X DomainY
S MMM
male female Part ]
It is good. It is bad.
It’s a good day. < > It’s a bad day.
| love you. | don’t love you.

Part Il



Unsupervised
Conditional Generation

* Approach 1: Direct Transformation

Domain X

For texture or
color change

* Approach 2: Projection to Common Space

&-} ENy —>I—> DEy

Domain X Encoder of Face Decoder of
domain X Attribute domainyY

DomainY

Larger change, only keep the semantics



Doi X

S
i

»scalar

{on ] ’ Input image
belongs to
domain Y or not

DomainY



Doi X

S
5%

Direct Transformation

Become similar
todomainY

»scalar

’ Input image
belongs to
domain Y or not

DomainY



Domain X

ni
T

Direct Transformation

Become similar

Domain X to domain Y

2

|y T & e |
- 53 5
» L pit 2 £ slLLL]
N = B 1
- : _: <ol M _|‘\ |
AT, T

ignore input

Dy »scalar

The issue can be avoided by network design.

Input image
Simpler generator makes the input and belongs to
output more closely related. domain Y or not

[Tomer Galanti, et al. ICLR, 2018]



Domain X

SuR £ o]
- . -

T L e ] I

a3 557 e i i

Dy m) scalar

. Encoder
<«— pre-trained —» '
Network Input image
as close as belongs to
possible ‘ domain Y or not
T « -~y

Baseline of DTN [yaniv Taigman, et al., ICLR, 2017]



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

Direct Transformation

as close as possible

Cycle consistency

Lack of information (S
for reconstruction 4

’ Input image
belongs to
domain Y or not

DomainY



Direct Transformation

as close as possible

scalar: belongs to
domain Y or not

as close as possible




For multiple domains,

considering starGAN
[Yunjey Choi, arXiv, 2017]

[Taeksoo Kim, et

Reconstruction error
s llv — Ga(Gr (v, 2" ), 2)|

uuuuu et Ztern
G P -
g X Y N A X | Y X v
CyCIe GAN l F l . ¥ £ ¥ cycle-consistency
D D cycle-consistency_. _____ \ *.\_. loss
X Y | loss | _»®
(a) | ®) ' @

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



Issue of Cycle Consistency

* CycleGAN: a Master of Steganography

[Casey Chu, et al., NIPS workshop, 2017]

The information is hidden.



Unsupervised
Conditional Generation

* Approach 1: Direct Transformation

For texture or
color change

Domain X

* Approach 2: Projection to Common Space

&-} ENy —>I—> DEy

Encoder of Face Decoder of Domain Y
domain X  Attribute domainY

Larger change, only keep the semantics



Projection to Common Space

Target

image

Domain X

Lo

Face
Attribute

Do

mainY

image




Projection to Common Space
Training

Minimizing reconstruction error

Domain X Do‘main Y



Projection to Common Space
Training

Minimizing reconstruction error

» image

Discriminator
of X domain

DE,

Lo

image » ENY ’

1 Minimizing reconstruction error

Discriminator
of Y domain

1

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

iy sk
NIIERR JLHECRS

ENy
Sharing the parameters of encoders and decoders

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



Projection to Common Space
Training

Minimizing reconstruction error

DEy ‘
W .-. EN ’ * DE . AN

Domain
Discriminator

Discriminator
of X domain

0,

Discriminator
of Y domain

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

Minimizing reconstruction error

Discriminator
of X domain

DE

DE,

0,

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

Discriminator
of X domain

' DEX » image »DX

image *EM DEY image »DY
T \ Discriminator

of Y domain

Semantic Consistency:

Used in DTN [vaniv Taigman, et al., ICLR, 2017] ahd
XGAN [Amélie Royer, et al., arXiv, 2017]
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Basic Components

@ You cannot control
g A
rd 1 r N

Video Get 20 scores when
Game killing a monster
The rule
Go

of GO




Neural network as Actor

* Input of neural network: the observation of machine
represented as a vector or a matrix

e Output neural network : each action corresponds to a
neuron in output layer

Take the action

NN as actor based on the

\

Ll eft 07 probability.

* » » T right 0.2\ Score of an
: action
4+ fire 0.1

pixels )




Example: Playing Video Game

Start with
observation s Observation s, Observation s3

\ - Obtain reward \ / Obtain reward

T1=0 7"2=5




Example: Playing Video Game

Start with
observation s Observation s, Observation s3

This is an episode.
Game Over
(spaceship destroyed)

Obtain reward 7

Total reward:
T

After many turns

IIIIIIIIIIIIIIIII>

R: Tt




Actor, Environment, Reward
S1 aq 52 a;
E \ E \

\ ¥ \

S1 aq S2 a, S3

Trajectory

T = {51; aq,S2,A2,***, ST, aT}




Reinforcement Learning v.s. GAN

S1 aq So a,

\ \
\ \
S1 aq 52 ap S3
> “Black box”
} | You cannot use
g1 T backpropagation.

Actor — Generator Fixed R(l) zT: t
T) = T't
t=1

Reward Function — Discriminator



Imitation Learning

S1 aq So a-,
e (e

v ¥ v
S1 aq So a, S3

reward function is not available

o We have demonstration of the expert.
Self driving: record

human drivers - N |
. . X Each 7 is a trajectory
Robot: grab the {t1, 10, , Ty} of the expert.

arm of robot N



Inverse Reinforcement Learning

demonstration

of the expert

Environment e

. {flrfzr"'rfN}
¥/
Reward '
- * Relnforce.ment ‘
Function Learning

L » Using the reward function to find the optimal actor.

» Modeling reward can be easier. Simple reward
function can lead to complex policy.




The expert is always
the best.

N N
z R(%,) > z R(T)
n=1 n=1

&/
» (2,85, tn} — Obtain
— I-» Reward Function R

Reward
Actor {t4,7T0,, TN} Function R

\

Find an actor based
4 0N reward function R

Framework of IRL

— Generator

Reward function

— Discriminator _ ,
By Reinforcement learning



High score for real,
low score for generated

\/
D

\

Find a G whose output
obtains large score from D

Larger reward for 7,,,
Lower rewa rd fort

Reward
Functlon

Find a Actor obtains

—
Actor large reward
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Speech Signal Generation (Regression Task)

Paired

‘ Obijective function

Y ‘-‘ Output

N [Scott Reed, et al, ICML, 2016] Cycle GAN
Conditional GAN

as close as possible

c: train
N
Prior distribution Z »d
c » - scalar: belongs to scalar: belongs to
» scalar *"°™@ Istic or not + domain X or not domain Y or not
c and x are matched or not

" » (better)

True text-image pairs: (train, ﬁ) 1

(cat, g) 0 (train, Image ) 0 as close as possible




Speech, Speaker, Emotion Recognition and Lip-reading
(Classification Task)

Domain Adversarial Training

N t only cheat the domain
sifier, but sati fy ng label
pre d ctor at the e time

Successfully a ppl do mg classification
[Ganin et al, ICML, 2015][Aj et al. JML R, 2016 ]
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Speech Enhancement

Enhancing

‘ Objective function

»Model structures of G: DNN [Wang et al. NIPS 2012; Xu et al., SPL 2014], DDAE
[Lu et al., Interspeech 2013], RNN (LSTM) [Chen et al., Interspeech 2015;
Weninger et al., LVA/ICA 2015], CNN [Fu et al., Interspeech 2016].

» Typical objective function

» Mean square error (MSE) [Xu et al., TASLP 2015], L1 [Pascual et al., Interspeech
2017], likelihood [Chai et al., MLSP 2017], STOI [Fu et al., TASLP 2018].

» GAN is used as a new objective function to estimate the parameters in G.




Speech Enhancement

» Speech enhancement GAN (SEGAN) [Pascual et al., Interspeech 2017]
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Speech Enhancement (SEGAN)

* Experimental results

Table 1: Objective evaluation results.

Table 2: Subjective evaluation results.

Metric Noisy Wiener | SEGAN Metric  Noisy Wiener | SEGAN
PESQ 1.97 2.22 2.16 MOS 2.09 270 3.18
CSIG 2.3 323 3.48
CBAK 2.44 2.68 2.94
COVL 2.63 2.67 2.80
SSNR 1.68 5.07 1.5 Fig. 1: Preference test results.
\ l
SEGAN-Wiener | | ] | .
SEGAN-Noisy |- | } |
| |
—2 0 2 4

SEGAN vyields better speech enhancement results than Noisy and Wiener.




Speech Enhancement

* Pix2Pix [Michelsanti et al., Interpsech 2017]
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Speech Enhancement (Pix2Pix)
e Spectrogram analysis

Fig. 2: Spectrogram comparison of Pix2Pix with baseline methods.

Pix2Pix outperforms STAT-MMSE and is competitive to DNN SE.




Speech Enhancement (Pix2Pix)

e Objective evaluation and speaker verification test

Table 3: Objective evaluation results.

| | PESQ
| SNR | 0O 5 10 15 20 | mean
(@ | 1.20 142 1.79 240 3.13 | 1.99
L L® [ 114 131 161 207 265]| 176
= | © [125 151 187 231 278 | 1.95
S| (@ | 120 148 198 250 293 | 202
(e) | 1.24 1.52 1.88 231 278 | 1.95
® | 1.20 149 2.00 253 203 | 2.03
I STOI
|| 0 5 10 15 20 mean
@ | 044 036 067 077 035 0.66
) ) | 043 056 066 074 081 | 0.64
= | @ 050 0.63 072 0.79 0.86 | 0.70
S| (@ | 046 059 071 078 083 | 067
() | 049 0.62 0.72 0.79 085 | 0.70
M | 046 060 071 077 082 ] 067

Table 4: Speaker verification results.

SNR ‘ 0 5 10 15 20  clean ‘ mean
(a) 21.09 1599 13.61 11.66 9.18 6.99 | 13.08
o (by 17.69 1258 8.17 6.53 627 5.80 | 9.51
§ (c) 1699 10.55 748 6.99 6.15 6.12 | 9.05
E (d 1719 884 544 505 463 374 | 7.48
=5 (e) 1599 899 6.12 6,12 558 567 8.08
(f) 1531 7.89 558 477 476 544 | 7.29
(a) No enhancement
(b) STSA-MMSE
(¢) NS-DNN
(d) NS-Pix2Pix
(e) NG-DNN
(f) NG-Pix2Pix

1. From the objective evaluations, Pix2Pix outperforms Noisy and
MMSE and is competitive to DNN SE.
2. From the speaker verification results, Pix2Pix outperforms the
baseline models when the clean training data is used.




Speech Enhancement
* Frequency-domain SEGAN (FSEGAN) [Donahue et al., ICASSP 2018]

Clean

Scalar
(Fake/Real)



Speech Enhancement (FSEGAN)

e Spectrogram analysis

Fig. 2: Spectrogram comparison of FSEGAN with L1-trained method.

(b) L1-trained output G(x)

(c) Clean speech target y (d) FSEGAN output G(x)

FSEGAN reduces both additive noise and reverberant smearing.




Speech Enhancement (FSEGAN)
* ASR results

Table 5: WER (%) of SEGAN and FSEGAN. Table 6: WER (%) of FSEGAN with retrain.

Test Set  Enhancer ASR-Clean WER  ASR-MTR WER Model WER (%)
Clean None 11.9 14.3 MTR Baseline * 90.3
MTR [ None 72.9 20.3 | [_tStereo 19.0
G 80.7 028 MTR + FSEGAN Enhancer * 25.4
| FSEGAN 33.3 254 | + Retraining 210
| + Hybrid Retraining 17.6 |
MTR + L1-trained Enhancer * 21.4
+ Retraining 18.0
| + Hybrid Retraining A | |

1. From Table 5, (1) FSEGAN improves recognition results for ASR-Clean.
(2) FSEGAN outperforms SEGAN as front-ends.

2. From Table 6, (1) Hybrid Retraining with FSEGAN outperforms Baseline;
(2) FSEGAN retraining slightly underperforms L1-based retraining.



Speech Enhancement

* Adversarial training based mask estimation (ATME)
[Higuchi et al., ASRU 2017]

True or Fake True or Fake
1
Dy
True speeyt or { for True n0|se
Estimated Estimated
Clean speech speech noise Noise data
data
GMask
VMask
Noisy speech T = Esf ke [108(1 — DS(Sfake» 9))]
nfake [log(l o DN(nfake' 6))]
Noisy data



Speech Enhancement (ATME)

* Spectrogram analysis

Fig. 3: Spectrogram comparison of (a) noisy; (b) MMSE with
supervision; (c) ATMB without supervision.
(a) (b) r

1000y
7000}
000 S
5000

S S R R ) B S S RSN RN R N S R R

The proposed adversarial training mask estimation can
capture speech/noise signals without supervised data.




Speech Enhancement (ATME)

* Mask-based beamformer for robust ASR

» The estimated mask parameters are used to compute spatial covariance
matrix for MVDR beamformer.

> §f,t:

H
Wr

Vst , where 8¢ is the enhanced signal, and ys ; denotes the
observation of M microphones, f and t are frequency and time indices;
W, denotes the beamformer coefficient.

> A LY
The MVDR solves w¢ by: wg ¥ (R}(Cs+n))_1 h

» To estimate hf, the spatial covariance matrix of the target signal,|R; | is

(m)_ M7 Yre Y], t‘ (n)
, Where|Ry ™= ————7+= M, /| was

R — plstn) __ p(n)

computed by : £ ¢ £

computed by AT.

(s)

YreMpy




Speech Enhancement (ATME)

 ASR results

Table 7: WERs (%) for the development and evaluation sets.

dev . eval

systems
y avg || bus | caf | ped | str avg bus caf | ped Str

Unprocessed 9.01 || 14.00 | 7.94 | 6.03 | 8.05 || 15.60 || 22.55 | 16.21 | 12.89 | 10.74

Adversarial Training || 5.00 || 7.60 | 4.09 | 4.03 | 429 || 7.58 | 1024 | 7.51 | 6.20 | 6.39

MMSE 483 || 720 | 4.04 | 3.98 | 410 || 7.04 || 9.25 | 6.67 | 6.02 | 6.24 |

1. ATME provides significant improvements over Unprocessed.
2. Unsupervised ATME slightly underperforms supervised MMSE.




Speech Enhancement (AFT)

* Cycle-GAN-based acoustic feature transformation (AFT)
[Mimura et al., ASRU 2017]

as close as possible

Clean l Syn. Noisy

- » GS_>T » ik e (1

Scalar: belongs to
domain S or not

Scalar: belongs to
domain T or not

Enhanced

as close as possible

Ve = Vean (Gxy, Dy) +Vgan (Gxsy, Dy)
+A VCyc (GX—>Yr GY—>X)




Speech Enhancement (AFT)

* ASR results on noise robustness and style adaptation

Table 8: Noise robust ASR. Table 9: Speaker style adaptation.

acoustic model | feature | cycleloss | Aand p | WER | ID | SORTER faroet foatite WER
no adapt. no adapt. - - 41.08 | (1) =
no adapt. adapt. with Gr—s no 1,1 5545 | (2) INAS CSJ-SPS no Zldﬂ])t. 26.47
yes 1,1 13734103 adapt. with Gr— s | 25.93
yes trained | 36.56 | (4) -
adapt. with Gs_1 no adapt. yes .- 3598 | (5) CSJ-APS CSJ-SPS no Z’ldﬂ]){. 1313
yes trained | 34.31 | (6) adapt. with Gr—5s | 16.60
S: Clean; T: Noisy JNAS: Read; CSJ-SPS: Spontaneous (relax);

CSJ-APS: Spontaneous (formal);

1. Gr_ can transform acoustic features and effectively improve
ASR results for both noisy and accented speech.

2. Gg_,7 can be used for model adaptation and effectively improve
ASR results for noisy speech.




Outline of Part Il

e Speech enhancement

e Postfilter, speech synthesis, voice conversion

[Scott Reed, et al, ICML, 2016]

Cycle-GAN

Conditional GAN

c: train »
G Image x =G(c.z
(cz)

Prior distribution Z » A

as close as possible

X is realistic or not +

D »
lar
. » (better) scala c and x are matched or not

il ™ W i 9o Tt e Pe
; L .:.— ". l : A 7 ¥ y
scalar: belongs to scalar: belongs to
domain X or not - domain Y or not
- s B s
True text-image pairs: (train, ﬁ) 1 !

(cat, ﬁ) 0 (train, Imae ) O

as close as possible




Postfilter

* Postfilter for synthesized or transformed speech

Natural

spectral texture

Speech | |

synthesizer ;
. Synthesized

voice . spectral texture

conversion —

Speech q': 'g’q;hg | ;,‘Lln ) Output

enhancement

‘ Obijective function

» Conventional postfilter approaches for G estimation include global variance
(GV) [Toda et al., IEICE 2007], variance scaling (VS) [Sil’'en et al., Interpseech
2012], modulation spectrum (MS) [Takamichi et al., ICASSP 2014],DNN with
MSE criterion [Chen et al., Interspeech 2014; Chen et al., TASLP 2015].

» GAN is used a new objective function to estimate the parameters in G.



Postfilter

* GAN postfilter [kaneko et al., ICASSP 2017]

Natural

cepst. coef.

Mel
i Ei;

Synthesized Generated
Mel cepst. coef. Mel cepst. coef. Nature
AL AR 4 Generated

» Traditional MMSE criterion results in statistical averaging.
» GAN is used as a new objective function to estimate the parameters in G.

» The proposed work intends to further improve the naturalness of
synthesized speech or parameters from a synthesizer.



Postfilter (GAN-based Postfilter)

e Spectrogram analysis

Fig. 4: Spectrograms of: (a) NAT (nature); (b) SYN (synthesized); (c) VS (variance
scaling); (d) MS (modulation spectrum); (e) MSE; (f) GAN postfilters.

15 20 25 30 35 5 10 15 20 25 30 35 5 10 15 20 25 30 35
Frame Frame Frame

(a) NAT (b) SYN (c) VS

15 20 25 30 35 5 10 15 20 25 30 35
Frame Frame Frame

(d) MS (e) MSE (f) GAN

5 10 15 20 25 30 35

GAN postfilter reconstructs spectral texture similar to the natural one.




Postfilter (GAN-based Postfilter)

* Objective evaluations

Fig. 6: Averaging difference in
modulation spectrum per Mel-
cepstral coefficient.

Fig. 5: Mel-cepstral trajectories (GANv:
GAN was applied in voiced part).
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GAN postfilter reconstructs spectral texture similar to the natural one.




Postfilter (GAN-based Postfilter)

* Subjective evaluations

Table 10: Preference score (%). Bold font indicates the numbers over 30%.

Former Latter Neutral
GAN vs. SYN | 565+49 220+4.1 21.5+4.0

GAN vs. GANv | 11.3+3.1 37.3+£48 51.5+49
GANvs. NAT | 16.8 £3.7 83.5+49 298+45

GANvvs. NAT | 30.3+45 345+47 35.3+47

1. GAN postfilter significantly improves the synthesized speech.
2. GAN postfilter is effective particularly in voiced segments.
3. GANv outperforms GAN and is comparable to NAT.




Postfilter (GAN-postfilter-SFTF)

* GAN post-filter for STFT spectrograms [kaneko et al.,
Interspeech 2017]

2 TTS synthesized Window function GAN postfiltered
Synthesized GAN-based Reconstructed i
. ' ili""' ..L_.-? — =
" f5 ] Spectrogram 4 Postfilter Spectrogram 4
3 —
fi :
> e —— Synthesized ~ GAN-based L) Reconstructed >
S vgi | Spectrogram 3 Postfilter Spectrogram 3 S
“g’ fs Synthesized GAN-based R tructed "g’
s s | ——>| Synthesized | _ -based | _| Reconstructe &
l Spectrogram 2 Postfilter Spectrogram 2
. }
Synthesized ~ GAN-based N Reconstructed
- === Spectrogram 1 Postfilter Spectrogram 1
h Time 1. Partition: 2. Postfiltering: 3. Concatenation:
Divide spectrogram into multiple Apply GAN-based postfilter Apply window function to each band
frequency bands with overlap to each band and connect them with overlap

» GAN postfilter was applied on high-dimensional STFT spectrograms.

» The spectrogram was partitioned into N bands (each band overlaps its
neighboring bands).

» The GAN-based postfilter was trained for each band.

» The reconstructed spectrogram from each band was smoothly connected.



Postfilter (GAN-postfilter-SFTF)

* Spectrogram analysis

Fig. 7: Spectrograms of: (1) SYN, (2) GAN, (3) Original (NAT)
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| GAN postfilter reconstructs spectral texture similar to the natural one. |




Speech Synthesis

o fpmet Hinguiibiesifeattiten D apoat§isg eecHipatiam ¢ASg)
[Saito et al., ICASSP 2017]

N

C C
Generated ObjectiMstunction Natural

Linguistic speech |« »  speech
features P i MR IO

sp genprdtion error sp
E; (MJE} MSE
L(C, f)=LG(C, f) + Wp E_GLD,:[(&)
Lp
Minimum generation error (MGE Gen.
| gen (MGE) &) > Dy |—>m
with adversarial loss. Nature

Lp(c,e)=Lp1(c) +Lpo(€)
Lp1(€) = == %1, log(D(c,))..NAT
Lpo(8) = =7 Ei-1log(1 — D(2,))...5YN




Speech Synthesis (ASV)

* Objective and subjective evaluations

Global variance

10" ; ) T
; ; Preference score
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Fig. 8: Averaged GVs of MCCs. Fig. 9: Scores of speech quality.

0 = 10 15 20
Feature index

1. The proposed algorithm generates MCCs similar to the natural ones.
2. The proposed algorithm outperforms conventional MGE training.




Speech Synthesis

* Speech synthesis with GAN (SS-GAN) [saito et al., TASLP 2018]
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Speech Synthesis (SS-GAN)

* Subjective evaluations

Fig. 10: Scores of speech quality (sp).
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Fig. 11: Scores of speech quality
(sp and FO).
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The proposed algorithm works for both spectral parameters and FO.




Speech Synthesis

e Speech synthesis with GAN glottal waveform model
(GlottGAN) [Bollepalli et al., Interspeech 2017]

Glottal waveform Glottal waveform
: Generated Natural
Acoustic speech < »  speech
features P P
parameters | parameters
Gen.
D —>
Nature




Speech Synthesis (GlottGAN)

* Objective evaluations

Fig. 12: Glottal pulses generated by GANs.
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The proposed GAN-based approach can generate glottal

waveforms similar to the natural ones.



Speech Synthesis

* Speech synthesis with GAN & multi-task learning
(SS-GAN-MTL) [Yang et al., ASRU 2017]
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Speech Synthesis (SS-GAN-MTL)

* Speech synthesis with GAN & multi-task learning
(SS-GAN-MTL) [Yang et al., ASRU 2017]

X X
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VGAN(G; D) = Ex~pdata(x) [logDCE (xb’; label)]
+E,p, [log(1 — Dcp(G(z]y))|y, label]
Vi2(G) = Ez~pz,[G(Z|y) — x]?




Speech Synthesis (SS-GAN-MTL)

* Objective and subjective evaluations

Table 11: Objective evaluation results.

Fig. 13: The preference score (%).

Methods | MCD (dB) | Fo RMSE (Hz) | V/UV (%)
BLSTM 4.624 18.544 6.447
ASV [16] 4.670 18.871 6.562
GAN 4.633 18.678 6.492
GAN-PC 4.628 18.616 6.464

29.5%
Neutral

27.0%
BLSTM

28.7%
ASV

32.2%
Neutral

26.3%
GAN-PC

36.8%
Neutral

30.5%
Neutral

29.0%
BLSTM

1. From objective evaluations, no remarkable difference is observed.
2. From subjective evaluations, GAN outperforms BLSTM and ASV,

while GAN-PC underperforms GAN.




Voice Conversion

e Convert (transform) speech from source to target

% Target
speaker
£ Source

5~ speaker ‘ Objective function

» Conventional VC approaches include Gaussian mixture model (GMM) [Toda
et al., TASLP 2007], non-negative matrix factorization (NMF) [Wu et al., TASLP
2014; Fu et al., TBME 2017], locally linear embedding (LLE) [Wu et al.,
Interspeech 2016], restricted Boltzmann machine (RBM) [Chen et al., TASLP
2014], feed forward NN [Desai et al., TASLP 2010], recurrent NN (RNN)
[Nakashika et al., Interspeech 2014].




Voice Conversion
* VAW-GAN [Hsu et al., Interspeech 2017]

% Target
speaker

£y Source
o~ speaker

Real
D __J» or

Fake

» Conventional MMSE approaches often encounter the “over-smoothing” issue.
» GAN is used a new objective function to estimate G.
» The goal is to increase the naturalness, clarity, similarity of converted speech.

V(G,D) = Vgan(G,D) + AVy 4 (x|y)




Voice Conversion (VAW-GAN)

* Objective and subjective evaluations
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Fig. 14: The spectral envelopes. Fig. 15: MOS on naturalness.
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VAW-GAN outperforms VAE in terms of objective and subjective

evaluations with generating more structured speech.




Voice Conversion

* Sequence-to-sequence VC with learned similarity metric

(LSM) [Kaneko et al., Interspeech 2017]
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Voice Conversion (LSM)

e Spectrogram analysis

Fig. 16: Comparison of MCCs (upper) and STFT spectrograms (lower).

Source Target FVC MSE(SZS) LSM(SZS)

Frequency (kHz)
S

Frequency (kHz)

Time (s) Time (s)

The spectral textures of LSM are more similar to the target ones.




Voice Conversion (LSM)

* Subjective evaluations

Table 12: Preference scores for naturalness. Fig. 17: Similarity of TGT and SRC with VCs.

Table 12: Preference scores for clarity.

Former | Latter | Neutral

Percentage

100 —

Former Latter Neutral
FVC vs. LSM 17.1 & 6.3 729 + 7.5 10.0 5.0 - i
MSE vs. LSM 10.0 £+ 5.0 84.3 + 6.1 5.7+ 39 60 i

FvCvs.LSM | 329 +79l 543484 |120+56 (a) Similarity to TGT (b) Similarity to SRC
MSE vs. LSM 203 =TS 65.0 + 8.0 7945
% Target Source
speaker o~ speaker

* $

LSM outperforms FVC and MSE in terms of subjective evaluations.




Voice Conversion
¢ CycIeGAN-VC [Kaneko et al., arXiv 2017]

as close as possible

Source 1

Syn. Target

1 Source

Scalar: belongs to
domain S or not

Y

Scalar: belongs to
domain T or not

(:I:' .‘n"l

d il

Target T

Syn. Source

as close as possible

Veu = Vean (Gxy, Dy) +Vean (Gxoy, Dy)
+A VCyc (GX—>Y: GY—>X)




Voice Conversion (CycleGAN-VC)

* Subjective evaluations

Fig. 19: Similarity of to source and
to target speakers. S: Source;

Fig. 18: MOS for naturalness. _
T:Target; P: Proposed; B:Baseline

(a) Intra-gender (SF1-TF2) (b) Inter-gender (SF1-TM3)

(a)
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1. The proposed method uses non-parallel data.
2. For naturalness, the proposed method outperforms baseline.

3. For similarity, the proposed method is comparable to the baseline.




Voice Conversion

* Multi-target VC [chou et al., arxiv 2018]

» Stage-1

.
T~

» Stage-2

Enc




Voice Conversion (Multi-target VC)
* Subjective evaluations

Fig. 20: Preference test results

*proposed =stage 1 only -proposed =Cycle-GAN-VC(re-imple)

“indistinguishable _+indistinguishable
0.455 0.435

Naturalness Similarity Naturalness Similarity

1. The proposed method uses non-parallel data.
2. The multi-target VC approach outperforms one-stage only.

3. The multi-target VC approach is comparable to Cycle-GAN-VC in
terms of the naturalness and the similarity.
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Speech, Speaker, Emotion Recognition and Lip-reading
(Classification Task)

Domain Adversarial Training

N t only cheat the domain
sifier, but sati fy ng label
pre d ctor at the e time

Successfully a ppl do mg classification
[Ganin et al, ICML, 2015][Aj et al. JML R, 2016 ]

Acoustic Mismatch

4 )
1] 1 O

Channel  Accented  Noisy data Clean data
\_ distortion speech Y




Speech Recognition

e Adversarial multi-task learning (AMT)
[Shinohara Interspeech 2016]

y Z Obijective function

Output 2
Output 1 utput V, == X;log P(y;|x; 6k, 06)
Senone Domain
V,=—X;log P(zi|x;; 0, 0p)
v, v, Model update
0Vy Max
Oc < 0c — €57~ classification
00,
accuracy
0, « 6 — E% Max domain
20, accuracy
V; av,
Op « O — €| =2 | +a—=
EE <(’)9G> 96,
Input Max classification accuracy

Acoustic feature and Min domain accuracy



Speech Recognition (AMT)

* ASR results in known (k) and unknown (unk)
noisy conditions

Table 13: WER of DNNs with single-task learning (ST) and AMT,
noise ST | AMT | RERR

Kk car 2000cc 5.83 506 4.63
k exhib. booth 6.80 6.66 2.06
k station 7.89 7.6 1.65
k crossing 6.96 6.65 4.45

unk | car 1500cc 5.58 5.46 215
unk | exhib. aisle 171 6.93 10.12
unk factory 12.17 | 12.92 -6.16
unk highway 9.73 9.52 2.16

unk crowd 6.72 6.40 4.76
unk | server room 8.54 7.76 0.13
unk air cond. 6.96 6.98 -0.29
unk elev. hall 0.23 9.60 -4.01

average 7.84 7.68 2.04

The AMT-DNN outperforms ST-DNN with yielding lower WERs.




Speech Recognition

* Domain adversarial training for accented ASR (DAT)
[Sun et al., ICASSP2018]

Y z Objective function

Output 2 B |

Domain V,, == %.;1og P(y;1x;; O, 05)
V,=—2;log P(z;|x;; 6k, 0p)

Output 1
Senone

v, Model update

0Vy Max
Og « 05 — € 90 classification
G accuracy

0, « 6 — E% Max domain

20, accuracy

%A Vv,
0 0. —el —2 z
EeE E(E)HG) 96,

Input Max classification accuracy
Acoustic feature and Min domain accuracy



Speech Recognition (DAT)

* ASR results on accented speech

Table 14: WER of the baseline and adapted model.

training data A il
= STD | FJ IS JX SC | GD | HN | Avg.
STD - | 1555 | 23.58 | 1575 | 14.08 | 1562 | 15.32 | 1934 | 17.28
STD + (600hrs with trans) | - | 14.22 | 14.84 | 941 | 868 | 9.13 | 9.62 | 11.89 | 10.60
STD + (600hrs no trans) | 0.03 | 15.37 | 22.96 | 14.48 | 13.79 | 15.35 | 14.86 | 18.24 | 16.6]

STD: standard speech

1. With labeled transcriptions, ASR performance notably improves.
2. DAT is effective in learning features invariant to domain differences
with and without labeled transcriptions.




Speech Recognition

e Robust ASR using GAN enhancer (GAN-Enhancer)
[Sriram et al., arXiv 2017]

Cross entropy with L1 Enhancer:
lz — z||,

H(h(@),y) + A -
YT Mzl + 12l + €

Cross entropy with GAN Enhancer:
H(h(2),y) + A Vgay (9(x), g(X))

X

X
Noisy data Clean data



Speech Recognition (GAN-Enhancer)

* ASR results on far-field speech:

Fig. 15: WER of GAN enhancer and the baseline methods.

Model Near-Field Far-Field
CER WER CER WER
seq-to-seq 7.43% 21.18% | 23.76% 50.84%
seq-to-seq + far-field Augmentation | 7.69% 21.32% | 12.47%  30.59%
seq-to-seq + L!-Distance Penalty 7.54% 20.45% | 12.00% 29.19%
seq-to-seq + GAN Enhancer 7.78% 21.07% | 11.26% 28.12%

GAN Enhancer outperforms the Augmentation and L1-
Enhancer approaches on far-field speech.
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Speaker Recognition

 Domain adversarial neural network (DANN)

[Wang et al., ICASSP 2018]
y
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Speaker Recognition (DANN)

e Recognition results of domain mismatched conditions

Table 16: Perf_ormance of DAT and the state-of-the-art methods.

Systems# Adaptation EER% | DCF10 | DCF08
Methods [21]

1 - 9.35 0.724 | 0.520
2 - 5.66 0.633 | 0.427
3 Interpolated [6] [12] 6.55 0.652 | 0.454
4 IDV [9] [12] 6.15 0.676 | 0.476
5 DICN [11][12] 4.99 0.623 | 0.416
6 DAE [22] [12] 481 0.610 | 0.398
T AEDA [12] 4.50 0.589 | 0.362
8 DAT 373 0.541 | 0.335

The DAT approach outperforms other methods with
achieving lowest EER and DCF scores.
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Emotion Recognition

* Adversarial AE for emotion recognition (AAE-ER)
[Sahu et al., Interspeech 2017]
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Emotion Recognition (AAE-ER)

* Recognition results of domain mismatched conditions:

Table 17: Classification results on different systems.

OpenSmile | Code Auto- LDA | PCA
features vectors || encoder
(1582-D) (2-D) | (100-D) | (2-D) | (2-D)
UAR (%) 57.88 56.38 53.92 48.67 | 43.12

Table 18: Class

-1\ rmynthesized features.

AR (%)

Training
data

5.00
3,72
57.88

58.38

1. AAE alone could not yield performance improvements.
2. Using synthetic data from AAE can yield higher UAR.
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Lip-reading

 Domain adversarial training for lip-reading (DAT-LR)
[Wand et al., arXiv 2017]

Objective function

Output 2 V), == 2;1log P(y;|xi; OF, 0¢)

y

Output 1

Words Speaker V,=—Y;log P(z;|x;; Og, 6p)
Model update
Vy Vz aVy Max
Oc < 0c — €= (lassification
90,
v accuracy
0, « 6 — E% Max domain
20, accuracy
aV; av,
O « O — €| =—= ’
EVE €<69G> %8,
v Max classification accuracy
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Lip-reading (DAT-LR)

* Recognition results of speaker mismatched conditions

Table 19: Performance of DAT and the baseline.

Adversarial Number of Target Relative
o is $ g p-value
Training on training spk~ Testacc.  Improvement
1 18.7%
None 4 39.4%
8 46.5%
1 25.4% 35.8% 0.0030x
?elcl]g%: 4 13.6% 107%  0.0261%
8 49.3% 6.0% 0.0266x
50 Tarcet 1 24.1% 28.9% 0.0045x
b 4 41.5% 5.3% 0.1367
1 3 47.0% 1.1% 03555

The DAT approach notably enhances the recognition
accuracies in different conditions.
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Speech Signal Generation (Regression Task)

Paired

‘ Obijective function

Y ‘-‘ Output

N [Scott Reed, et al, ICML, 2016] Cycle GAN
Conditional GAN

as close as possible

c: train
N
Prior distribution Z »d
c » - scalar: belongs to scalar: belongs to
» scalar *"°™@ Istic or not + domain X or not domain Y or not
c and x are matched or not

" » (better)

True text-image pairs: (train, ﬁ) 1

(cat, g) 0 (train, Image ) 0 as close as possible




Speech, Speaker, Emotion Recognition and Lip-reading
(Classification Task)

Domain Adversarial Training

N t only cheat the domain
sifier, but sati fy ng label
pre d ctor at the e time

Successfully a ppl do mg classification
[Ganin et al, ICML, 2015][Aj et al. JML R, 2016 ]
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More GANSs in Speech
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A promising research direction and still has room for further
improvements in the speech signal processing domain

Thank You Very Much

Tsao, Yu Ph.D.
yu.tsao@citi.sinica.edu.tw
https://www.citi.sinica.edu.tw/pages/yu.tsao/contact_zh.html
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Conditional Sequence Generation

\

How are you Machine Learning | am fine.

% oa 2 H How are you?

ASR Translation Chatbot

The generator is a typical seq2seq model.

With GAN, you can train seq2seq model in another way.



Review: Sequence-to-sequence

Maximize
* Chat-bot as example likelihood I’m good.
Output: Not bad ’'m John. \‘
Human better output
Training Criterion better SENLENCE X

Training

data:
A: How are you ?

B: I'm good.

T

| Generator
Input sentence c

How are you ?
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 Machine obtains feedback from user
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you?
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e Chat-bot learns to maximize the expected reward




Maximizing Expected Reward

Learn to maximize expected reward

T Policy Gradient

Input sentence c #

Input sentence c #
response sentence x »

En | De.

Chatbot

Human

- response sentence x

# R(c,x) 1»

reward

[Li, et al., EMNLP, 2016]



Policy Gradient - Implemenation

R(ct xt) is positive

Updating 6 to increase Pg(x‘|c!)
R(Ci;xi) Is negative

Updating 6 to decrease Pg(x!|c!)

4




Comparison

Maximum Reinforcement
Likelihood Learning
1% 1%
Objective zl iy i z i i)
— ogPq(X"|cC — Rlc*, x"')logP
Function N£Ld o(%'1¢) N 4 (¢, )logPo(x'|c")
=1 1=1
; N , N
Gradient Nz ViogPg (3?1|C‘) Nz R(c‘,xl)Vlong (x‘lc‘)
i=1 =1
Training {(ct,2Y), ..., (N, 2} {(cL,xD), ..., (cN,x"))
Data

R(ch,®Y) =1

obtained from interaction
weighted by R(ci,xi)
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http://www.nipic.com/show/3/83/3936650kd7476069.html|

Conditional GAN

Input sentence c » m

Chatbot
Input sentence c #

response sentence x -

- response sentence x

Discriminator

» Real or fake

“reward”

\ 4
y &

human
dialogues

. N— |
" Q W‘:
[

[Li, et al., EMNLP, 2017]




Training data:

AlgO ﬂthm Pairs of conditional input ¢

and response x

* |nitialize generator G (chatbot) and discriminator D
* In each iteration:

e Sample input c and response x from training set
« Sample input ¢’ from training set, and generate
response X by G(c')

* Update D to increase D(c, x) and decrease D(c’, X)

e Update generator G (chatbot) such that

m Discrimi ﬁ
¢ - Chatbot » nator »scalar

update




m Discrimi
»scalar scalar
Chatbot nator
update Discriminator I
Can we use
radient ascent? A
s 4\ 4\ N

NO!

Due to the sampling process, “discriminator+ generator”
is not differentiable



Three Categories of Solutions

Gumbel-softmax

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”

\J

* [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]




m Discrimi ﬁ
Chatbot » nator »scalar scalarﬁ

update Discriminator

Use the distribution 711
as the input of
discriminator

Avoid the sampling
process

We can do
backpropagation /'
NOW. <BOS> O




What is the problem?

* Real sentence

1 0 0 0 0
0 1 0 0 0 \
0 0 1 0 0 Discriminator can
0 0 0 1 0 immediately find
e Generated 0 0 0] |0 1 the difference.
09||01]|01]| 0 0 /

0.1 0.9 0.1 0 0

Can never
be 1-of-N

0 0 01|08 ||01||] WGAN is helpful




Three Categories of Solutions

Gumbel-softmax

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”

e [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]




Reinforcement Learning?

m Discrimi »scalar

Chatbot nator
update

e Consider the output of discriminator as reward

* Update generator to increase discriminator = to get
maximum reward

* Using the formulation of policy gradient, replace reward
R(c, x) with discriminator output D(c, x)
 Different from typical RL
* The discriminator would update



D(Ci,xi is positive
Updating 6 to increase Py(x*|c?)

' ' D(ct, x') is negative
(cV,xN)  D(c",x™) Updating 6 to decrease Pg(x!|c?)

4




Reward for Every Generation Step
VRy ~ %z D(ct, x)ViogPg(xt|ct)

c' = “What is your name?” D(ci,xi) is negative
x' = “ don’t know” Update 6 to decrease logPy (xi|ci)

logPy (xi|ci) = logP(xﬂci) + logP(x§|ci,x{) + logP(x§|ci,x1i:2)
P("1"c) -2 $ ¥
¢t = “What is your name?” D(ct, xt) is positive
x' = “l am John” Update 0 to increase logPy(x!|ct)

logPg(xt|ct) = logP(x}|ct) + logP(x5|ct, x}t) + logP(xk|ct xt.,)

P("I"|cb) 4  » 2 »



Reward for Every Generation Step

hi = “What is your name?”  x* =“l don’t know”

logPg (xi|hi) = logP(x{|ci) + logP(xi|ct, xt) + logP(xk|ct, xt )
P("I"|C‘) P("don’t"|c‘, Ig} P("know"|cl, "I don@
=

VRy ~ —ED(C x‘)Vlqu (xt]ct)

b VR ~ NZE(Q(C x}.t) — b)VlogPq(x{|ct, xi. )

llt

Method 1. Monte Carlo (MC) Search [Yu, et al., AAAI, 2017]

Method 2. Discriminator For Partially Decoded Sequences
[Li, et al., EMNLP, 2017]




Experimental Results

Input | We've got to look for another route.

MLE |I'm sorry.

GAN |You're not going to be here for a while.

Input | You can save him by talking.

MLE |1 don't know.

GAN | You know what's going on in there, you know what |
mean?

 MLE frequently generates “I'm sorry”, “I don’t know”, etc.
(corresponding to fuzzy images?)

* GAN generates longer and more complex responses
(however, no strong evidence shows that they are better)

Find more comparison in the survey papers.
[Lu, et al., arXiv, 2018][Zhu, et al., arXiv, 2018]



More Applications

e Supervised machine translation [wuy, etal., arxiv
2017][Yang, et al., arXiv 2017]

e Supervised abstractive summarization [Liy, et al.,, Aaal
2018]

* Image/video caption generation [rRakshith Shetty, et al., ICCV
2017][Liang, et al., arXiv 2017]

If you are using seq2seq models,
consider to improve them by GAN.
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Text Style Transfer

Domain X

S 5
Wi " !

i 1 |y T
o [ CE8 ) ML)
W [Tt

_t .
=2 3 P Led

male female

It is good. It is bad.
It’s a good day. < > It’s a bad day.
| love you. | don’t love you.

positive sentences negative sentences




Direct Transformation

as close as possible

scalar: belongs to
domain Y or not

as close as possible




Direct Transformation

as close as possible

1

It is bad.

negative

| love you.

positive

1

» GX—>Y -

g Ov-x g

It is good.

pomnve

| hate you.

negative

1

g Ov-x Lag

It is bad.

negative

negative sentence? «m‘ E positive sentence?

» GX—>Y »

| love you.
positive

as close as possible

1




Direct Transformation

Discrete?

[Lee, et al.,

as close as possible

Word embedding

ICASSP, 2018]

l
I

1k

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




- 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 — 1 love you
| don't love you — i love you : -
i can't do that — i can do that ot U
| feel so sad — i 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

Title: SCALABLE SENTIMENT FOR SEQUENCE-TO-SEQUENCE CHATBOT RESPONSE WITH PERFORMANCE ANALYSIS
Session: Dialog Systems and Applications

Time: Wednesday, April 18, 08:30 - 10:30

Authors: Chih-Wei Lee, Yau-Shian Wang, Tsung-Yuan Hsu, Kuan-Yu Chen, Hung-Yi Lee, Lin-Shan Lee



Projection to Common Space

Discriminator
of X domain

Discriminator
of Y domain



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., arXiv, 2017]
[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 oM ENy or ENy
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Abstractive Summarization

* Now machine can do abstractive summary by
seg2seq (write summaries in its own words)

summary 1

N summary 2

summary |
(in its own words) w i Bl summary 3
seqg2seq “ A
Supervised: We need lots of Training Data

labelled training data.



Unsupervised Abstractive &=
Summarization Only need a lot g =7

The two seg2seq models are jointly learn to
minimize the reconstruction error.

! !

long short long
document document document
, Summary? ) .E

SquSeq Seq25eq



Unsupervised Abstractive
Summarization

This is a seq2seq2seq auto-encoder.

Using a sequence of words as latent representation.

Policy gradient is used.
not readable ...

long short / long
document document document
| R, 2 A, |
Erair = aieE
wedll . Summary? noedl |

Seqg2seq Seqg2seq



Unsupervised Abstractive

Summarization
%@ » Real or not
. E '% Discriminator

I

Human written summaries

Let Discriminator considers

my output as real

’

short long
document document

long
document




Semi-supervised Learning

—— WGAN
= Adversarial REINFORCE

ROUGE-2
i
o

== Supervised

0 10K 20K 100K  3.8M(full)

. - -
semi-supervised

unsupervised
P (unpublished)
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|l Unsupervised Translation|




Unsupervised Machine Translation

DomainY

vuite BRI TR B YR
ﬂzplatea 2 W® 8 e i& Astmy - g j
Zpoead i, 1 o ST 2
! s o (’/Q\vgope“mﬁ_ A2 < 2 4% v

= Compositions = 3 7 a = W ‘ﬁi‘ b E(7] b5 & ok 2
%, Tanlich”” B3 hg g KL
'oma/a@ : “ \\ E 7 * R ot
& h e T B e

[Alexis Conneau, et al., ICLR, 2018]
[Guillaume Lample, et al., ICLR, 2018]



supervised

. K\\V/’_ =~
unsupervised 7

104 10° 10° 107
number of parallel training sentences

Unsupervised learning  __ Supervised learning with
with 10M sentences 100K sentence pairs



Unsupervised Speech Recognition

~atdb-avif-o Bl D, D, D
#lsoppan P1 P3 P,
L TN o Ps Ps Ps
~at-wor-o I D, D5 0. D

Acoustic Pattern Discovery

Can we achieve
unsupervised speech
recognition?

S
E—

Cycle GAN

The dog is ......

The cats are ......

The woman is ......

The cat is ......

The maniis ......

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




Unsupervised Speech Recognition

- Audio: TIMIT
* Phoneme recognition Text: WMT
80 .
supervised
gﬁﬁ'
3\5{?-
S 403627 Gumbel-softmax
T — o~
< 30 -
713 é WGAN-GP

20 5

10

0 : : : :

10" 0.001 0.01 0.1 1.0

Labeled Data Ratio



Concluding Remarks

Conditional Sequence Generation

N\

e RL (human feedback)
e GAN (discriminator feedback)

Unsupervised Conditional Sequence Generation

\

e Text Style Transfer

e Unsupervised Abstractive Summarization
e Unsupervised Translation



To Learn More ...

You can learn more from the YouTube Channel
https://www.youtube.com/playlist?list=PLIV_el3uVTsMd2G9ZjcpJn1YfnMIwVOBf

(in Mandarin)
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