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(NN), or a function.

Basic |ldea of G/Nlt is a neural network
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Algorithm

Alnitialize generator and discriminato. G = D
Aln each training iteration:

Step 1 Fix generator G, and update discriminator D

| Databas_(;

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



Algorithm

Alnitialize generator and discriminato

Aln each training iteration:

Step 2 Fix discriminator D, and update generator G
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Algorithm

Alnitialize generator and discriminatoi
Aln each training iteration:

Sample some
real objects:

Learning
D

Learning
€




Anime Face Generatlon

Source of training datdnttps://zhuanlan.zhihu.com/p/24767059



Anime Face Generatlon

1000 updates L% g RS 4



Anime Face Generatlon
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Anime Face Generatlon




Anime Face Generatlon




Anime Face Generation
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Anime Face Generation
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The faces
generated by
machine.

The images are generated by
YenHao Chen, PGhunChien
JunChenXie, TsungHan Wu.
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(Variational Autoencoder

As close as possible

Randomly generate
a vector as code
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» Image ?

= Generator



Auto-encodernv.s GAN

As close as possibl
< >

Sp02

Auto-encoder
Just copy an imag
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If discriminator doesiot simply memorize the images,

Generator learns the patterns of faces.
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Generator ¢1 an image (a high

dimensional vector)

AA generator G is a network. The network defines a
probability distributionv

0

Normal
Distribution

(o)

as close as possible

"0 i MEDT )
Divergence between distributions andv
How to compute the divergence?




Discriminator
G O FEDAQO B )

Although we do not know the distributions of andd
we can sample from them.

o I -
Database ‘W‘}L*’ % m& W{,@M; ,§)
4R | W N KA A\ > ,Jr//‘¥ ‘

Sampling from|fm 1 (4

< ST ST T BT
sample fro 2 —~ G — TR IR
normal S e .

Sampling from|}




Discriminator 6 &i rE0ad i )

Y : data sampled frond Using the example objective
/- : data sampled fron® function is exactly the same as

training a binary classifier.
*
o *

* * * Discriminator
*
ExampleObjective Function for D .
o("d0) O D [a € @ Op [c‘x e(pﬂ ’O(cb))]
L (G is fixed)
Training:'o" i ‘rm cZ(’OFi‘Q‘ The maximum objective value
IS related to JS divergence.

train

[Goodfellow et al., NIPS, 2014]




Discriminator 6 &i rE0ad i )

Y : data sampled frond Training:
4 : data sampled frono (O AY ‘I'QA (Z(’OFi‘C)‘

* * "
*i\z * * train

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

2 X *’*(*

SR T

large divergence easy to discriminate



[Goodfellow et al., NIPS, 2014

G »i ME | A@(0)

o Oi ‘rQA (Z(’OFi‘Q‘ The maximum ob_jective value
IS related to the divergence.

Alnitialize generator and discriminator

Aln each training iteration:

Step 1 Fix generator G, and update discriminator [p

Step 2 Fix discriminator D, and update generator ¢



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)

USI”g the d|Vergence Reverse KL 41—1(')g;(—t)

. Pearson y* L2+t
you ||keJ Neyman y> 2 —21—1
Squared Hellinger =
: : Jeffrey Wi(el=*) + ”("f,) +t—2
[SebastiaNlowozin 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

Aln most cases) and0  are not overlapped.
Al. The nature of data

Bothd  and0 are lowdim
manifold in highdim space.

The overlap can be ignored.

A2. Sampling

Even thoughb  andv
have overlap.

If you do not have enough
al YL Ay3d XX




What is the problem of JS divergence?

0 |«—|0 0 |<«|0 X X 0 0
o /EquallybadB B ] B
0¥ b ) 0 D ) yyx 0B B )
a € Q¢ a € "Qc T

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 obtaine» Same divergence




Wassersteln distance

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

AThe average distance the earth mover has to move
the earth.

C

o
[ C




Wassersteln distance

Smaller Larger
. m

CKSNBE INB YlIyeé LlraarotsS ayz2g)
aAyYy 3 GKS aY2QOAy3 LA FYyE GAGK
define the Wasserstein distance.

0

Source of imagehttps://vincentherrmann.github.io/blog/wasserstein/



What is the problem of JS divergence?
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[Martin Arjovsky et al.,arXiy 2017]

WGAN

Evaluatevasserstein distancbetweent and 0

oo - Syt
| A@ {0,  [0()] O« [0()]}

N

D has to be smooth enoughHow to fulfill this constraint?

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

generated

Keeping the D smooth forces
D(x) becoméband Ho
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AOriginal WGANR Weight Clippinguartin Arjovskyet al.,

arXiy 2017]
Force the parameters w between ¢ afd
After parameter update, if w > ¢, w = c; If wegw =-C

Almproved WGAN Gradient Penaltyshaanculrajan

NIPS, 2017]

v\real =
. . O
[Kodali, et al.arXiy 2017]
[Wej, et al., ICLR, 2018]

samples

ASpectral Normalizatiof Keep gradient norm
smaller than 1 everywhern@iyato, et al., ICLR, 2018]



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

Energybased GAN (EBGAN)

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

U Benefit The auteencoder can be prgain
by real images without generator.

{ Discriminator

 EN gy DE Ry

Autoencoder 0 for the

best images



Mode Collapse

Y : real data
v : generated data




* 4

. * 4 K
Missing Mode? t tj{ ****i
x*ﬁ Kk

Generator switches mode during training

Generator
at iteration t

Generator
at iteration t+1 |

Generator

BEGANN CelebA



Train a set of generator§ OROFE HO }
Ensemble generate an image

Random pick a generatd®
Use Oto generate the image

XX

Generator
2

Generator
1

X X




[Tim Salimangset al., NIPS, 2016]

Objective Evaluation @ mage

wi class (output of CNN)

class 2
Off-the-shelf T
- Image Classifi  (eg) C'asﬁs L class 3

e.g. Inception net,

Concentrated distribution
VGG, etc.

means higher visual quality
& ->->6<<fosb> 0@ £ @)

o mpEm 0wy L,

W ## 0( o) Uniform distribution
X

means higher variety




Objective Evaluatio

Bk
b -u%ﬁ%%“@%
g ¢

5 or N class 2
(A0
class 1 class 3

¥

N
B

Inception Score

0 ()& £0WRY  Negative entropy of B(x)

0(Wa ¢ W) Entropy of P(y)
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AOriginal Generator

Normal /& ©
Distribution®_> G '

AConditional Generator

CONdItION C wp

Normal /6 © G —
Distribution \@§® —

[Mehdi Mirza, et al.arXiy 2014]

e.g. Textto-Image

GDANI ogA0K
I VR NSl’?_é,é
GDANI 6A 0K
NAOOZ2YE




Textto-Image

ATraditional supervised approach

cl:adogis runnin» NN

¢tSEGY

as close as
possible

Target of
NN output



[Scott Reed, et al, ICML, 2016]

Conditional GAN
c: train »

G Image x = G@,Z)
Normal distributiond » »

X is real image or not

. D ‘ | Generator will Iegrn to )
> - (original) » staldlr 38y SN GS NBI )

But completely ignore the

Real imagesisei Input conditions.

Generated imagesimage (Q



[Scott Reed, et al, ICML, 2016]

Conditional GAN
c: train »

Normal distributiond »

D X IS realistic or not +
» scalar *'°'4

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

True textimage pairs: (train , @ 1

(cat, ﬁ ,0 (train, 'mage )0

G » Image x = G¢,2)




Conditional GANDIscriminator

object x—| Network —

Network — Score

condition c— Network — X 1S realistic or not +
. c and x are matched
(almost every paper) or not
object x— Network » X IS realistic or not
condition ¢ \ Network — c and x are matche
[AugustusOdenaet al., ICML, 2017] Oor not

[TakeruMiyato, et al., ICLR, 2018]
[Han Zhang, et alarXiy 2017]



The images are generated by
YenHao Chen, PGhunChien

Cond |t|0na| GAN JunChenXie, TsungHan Wu.

paired data
&&j blue eyes Collecting anime faces

= 8 red hair and the description of its
o €8l short hair characteristics

red hair,
greeneyes

blue hair,
red eyes




[Phillip Isola, et al., CVPR, 2017

Conditional GANImageto-image

oy

input

Day to Night

input output

output

input

Edges to Photo

Ay
fF \

output input output

Image translation, opix2pix



[Phillip Isola, et al., CVPR, 2017

Conditional GANImageto-image

NN » Image * aidiiii
E » 9€ as close A=
possible :

e.g. L1

Testing:

It is blurry.




[Phillip Isola, et al., CVPR, 2017

Conditional GANImageto Image

D » scalar

Testing:

Input GAN+ L1



[Michael Mathieu, et ahrXiv, 2015]

Conditional GAN
- Video Generation

Generator »

J
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

ATraining and testing data are in different domains

I feature

The same
distribution

4>I feature

Take digit
classification as example



Domain Adversarial Training

feature extractor (Generator)

m

¢>@c>@c>

image

blue points

SH R

red points

Always output
Zero vectors

Domain Classifier Fails

Which domain?

|:> ﬂ |:> @) domain label d

¥ Discriminator
,{‘_ s s (Domaln classifier)

SOINILD
' J &




Domain Adversarial Training

feature extractor (Generator) _Label predictor
[>® E> @ [> IZ> §[> [> [> Ed% label
= % 7 Which digits?
image ’ I Which domain?

-+

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

Discriminator
(Domain classifier)

Not only cheat the domain L

classifier, but satisfying labe
predictor at the same time

Successfully applied on image classification
[Ganinet al, ICML, 201%4jakanet al. IMLR, 2016 ]

More speechrelated applications in Part Il.
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Unsupervised Conditional Generation

% oo 1l
1 t,
A »‘lt, "ﬁ‘ i
o de ETRES a : i 3
I e e TN

Domain X s

i Y ) -
: AMLUHE SR e
4 < 30 > 3] .
" w1 DomainyY
3 R <

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

Domain X Domain Y
male - female M Partll
It is good. It is bad.
LiQa |+ FAz2R> LGiQ& F ol
| love you. L R2Yy QiU f 2 0¢

Part |l



Unsu

pervised

Conditional Generation

AApproach 1: Direct Transformation

L

Domain X

e

For texture or
color change

Ov ‘I‘ 00 m /
,

Dmain Y

Encoder of Face Decoder of
domain X Attribute domainyY

Larger change, only keep the semantics



Daln X

Direct Transformation

Domain Y

Become similar
Domaln X to domaln Y

Input image
belongs to
domain Y or not

Domain Y



Dam X

Direct Transformation

Domain Y

Become similar
Domaln X to domaln Y

Not what we want!

ﬂ » scalar

Input image
belongs to
domain Y or not

Domain Y



Daln X

Direct Transformation

Domain Y

Become similar
Domaln X to domaln Y

ignore input

ﬂ m) 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]



Din X

Direct Transformation .-

Do

Ty
“”‘ i
! k!

Encoder — prestrained —s. Encoder
Network P Network Input image
as close as belongs to
‘ possible ‘ domain Y or not
T < -

Baseline of DT NanivTaigmanet al., ICLR, 2017]



[JunYan Zhu, et al., ICCV, 2017]

Direct Transformation

as close as possible

Input image
belongs to
domain Y or not

Domain Y



Direct Transformation

as close as possible

scalar: belongs to
domain Y or not

as close as possible




For multiple domains, Disco GAN
consideringstarGAN - -
[YunjeyChoi,arXiy 2017] ;‘li I:'

LDA &-{

[Taeksodim, et

Dual GAN al., ICML, 2017] {:

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

Ga(Gp(v,2'),2)

A T F U Pl UG
- S Y F F
CYC|e GAN | F X =1 | 1= -
.DX ‘DY 4 le-l istency L...e S\ _—;..\....- los:
(a) ®) ©

[JunYan Zhu, et al., ICCV, 2017]



Issue of Cycle Consistency

ACycleGANa Master of Steganography

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

The information is hidden.



Unsupervised
Conditional Generation

AApproach 1: Direct Transformation

T 4 )

For texture or
color change

| \
Mo CJa A )
/

Domain X  Encoder of Face  Decoder of pomainy
domain X Attribute domainyY

Larger change, only keep the semantics



Projection to Common Space

Target

00

image

o
image » O 'Face

Attribute

Domain X Domain Y



Projection to Common Space
Training

Minimizing reconstruction error

4

Domain X Domain Y



Projection to Common Space
Training

Minimizing reconstruction error Discriminator

of X domain

' 00 » image »’o

image » (O)XV ’

1 Minimizing reconstruction error

Discriminator
of Y domain

1

Because we traintwoautS Y O2 RS NE & S LJ NJ S

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



Projection to Common Space
Training

_’I_’IC_)EI_’I ) Il I_’IC:DI_’I_>
RN R

(O]
Sharing the parameters of encoders and decoders

Couple GANingYu Liugt al., NIPS, 2016]
UNITming-Yu Liu, et al., NIPS, 2017]



Projection to Common Space
Training

Minimizing reconstruction error

00O ‘
| OU ’ * OO | R

Domain
Discriminator

Discriminator
of X domain

\ 0

Discriminator
of Y domain

‘OO0 andOVU fool the
domain discriminator

=» FromOU0 or'O0

The domain discriminator forces the output©fd and
Ov have the same d'St”bUt'On-[Gui||aumeLamp|e et al., NIPS, 2017]



Projection to Common Space
Training

Minimizing reconstruction error

Discriminator
of X domain

m) O
Discriminator
of Y domain

Cycle Consistency:

Used iInComboGANashaAnoosheh et al.,arXiy 017]



Projection to Common Space
Training

To the same

Discriminator
latent space

of X domain

’ 00 » image »’o

image M m image »’O
T \ Discriminator

of Y domain

Semantic Consistency:

Used In DT WanivTaigmanet al., ICLR, 201and
XGANAméIie Royer, et alarXiy 2017]
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Basic Components

You cannot control
AL

A

Get 20 scores wher
killing a monster

The rule
of GO



Neural network as Actor

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

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

Take the action
NN as actor based on the
1.1 et 0.7 Probability.
X 1 right 0.2 | Score of an
4+ fire 0.1

pixels y




Example: Playing Video Game

Start with
observationi Observation Observation

\ - Obt‘ain reward \ / Obt‘ain reward

l U




Example: Playing Video Game

Start with
observationi Observation Observation

This Is arepisode

Game Over Total reward:
(spaceship destroyed) " i

Obtain reward

After many turns

IIIIIIIIIIIIIIIII>




Actor, Environment, Reward
i ) i 0
 ;  ;

o RG] o JREREE
¥ | } | .
| (6)) | W |

Trajectory
t {i A hoE N o}




Reinforcement Learnlngs GAN

updated updated

fm/f f#f

I backpropagation.

> . fIO‘l 0

Actor© Generator Fixed ‘YlT ‘ t
Reward Functio® Discriminator (D |




Imitation Learning

i ™ i W
4 \
ﬁﬂ m X X
A ! y ! y
| @ | @ l

reward function is not available

. We have demonstration of the expert.
Self driving: record P
— T

human drivers < —

Robot: grab the {tHItHE R

arm of robot N

Eachftb a trajectory
of the expert.




Inverse Reinforcement Learning

demonstration
of the expert
- 7 T
Environment e
{(tHItHE A
‘ ]
Reward Reinforcement »
Function Learning Expert

L U Using the reward function to find theptimal actor.

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




The expert is always
the best

Framework of IRL

e [

Y(TH) Y(H)

(HHItHE Ry — Obtain

S I-> Reward Function R

\v:v/ Reward
Actor {t ot e it } Funcfon R

O Generator

_ Find an actor based
Reward function <+— on reward function R

O Discriminator _ .
By Reinforcement learning



GAN

High score for real,
low score for generated

\/
D

\

Find a G whose output
obtains large score from D

Larger reward forH)
Lower reward fort

Reward
FuncUon

Find a Actor obtains
large reward

ACIOII C———————
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Speech Signal Generation (Regression Task

Paired

‘ Obijective function

[Scott Reed, et al, ICML, 2016]
cott Reed, et a CVCle—GAN

Conditional GAN
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B ineee x-G(ca
Prior distribution Z »H

as close as possible
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c » _ o scalar: belongs to scalar: belongs to
D » splar realistic or not + g :
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(cat, E) 0 (train, Image ) 0 as close as possible
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(Classification Task)
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Speech Enhancement

Enhancing

‘ Obijective function

#-‘ Output

U Model structures ofs: DNN[Wang et al. NIPS 2012; Xu et al., SPL 20I3AE
[Lu et al. Interspeechi2013] RNN (LSTNIChen et al., Interspeech 2015
Weningeret al., LVA/ICA 2015CNNFu et al. Interspeech?016]

ATypical objective function

U Mean square error (MSEXu et al., TASLP 201&]l[Pascuatt al.,Interspeech
2017] likelihood[Chali et al., MLSP 201 BTOJFu et al., TASLP 2018]

U GAN is used as a new objective function to estimate the parametéss in



Speech Enhancement
ASpeech enhancement GAN (SEGAN)uaet al., Interspeect2017]

Noisy Output Clean

>uli- ol
M
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D » Scalar

| » (Fake/Real)
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Speech Enhancement (SEGAN)

AExperimental results

Table 1 0Objective evaluation results.

Table 2Subjective evaluation results.

Metric Noisy Wiener | SEGAN Metric Noisy Wiener | SEGAN

PESQ 1.97 222 2.16 MOS  2.09 2.70 3.18

CSIG 3.35 395 3.48

CBAK  2.44 2.68 2.94

COVL  2.63 2.67 2.80 _

SSNR 1.68 5.07 il Fig. 1: Preference test results.
SEGAN-Wiener | | 3 |
SEGAN-Noisy [ | } E

—2 0 2 4

SEGANIelds better speech enhancement results than Noisy and Wiene



Speech Enhancement

APiX2PixXMichelsantiet al.,Interpsech2017]
Output

Scalar
(Fakeé Real



Speech Enhancement (Pix2Pix)
ASpectrogram analysis

Fig. 2: Spectrogram comparison of Pix2Pix W|th baseline methods.

Bt S S (e -

NGDNN  STAMMMSE

Pix2Pioutperforms STAMMSE and is competitive to DNN $E.




Speech Enhancement (Pix2Pix)

AObijective evaluation and speaker verification test

Table 3: Objective evaluation results.

| | PESQ
| SNR | 0O 5 10 15 20 | mean
(a) 1.20 142 1.79 240 3.13 | 1.99
. (b) 114 131 161 207 265 | 176
= (c) 125 151 1.87 231 278 | 105
= (d) 1.20 148 198 252 293 | 2.02
(e) 1.24 152 188 231 278 | 1.95
() 1.20 1.49 2.00 2.53 203 | 2.03
I STOI
|| 0 5 10 15 20 mean
(@) 044 056 067/ 0.77 085 ] 0.66
) (b) 043 056 0.66 074 081 | 0.64
= () 0.50 0.63 0.72 0.79 0.86 | 0.70
;5 (d) 046 059 0.71 078 0.83 | 0.67
(@) 049 062 072 079 085 | 0.70
I3 046 060 0.71 0.77 0382 | 0.67

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 6.27 5.80 | 9.51
§ (c) 1699 10.55 748 6.99 6.15 6.12 | 9.05
E () 1719 884 544 505 463 374 | 748
=5 (e) 1599 899 6.12 6,12 358 __5.67 8.08
(f) 1531 7.89 558 477 476 544 | 7.29
(a) No enhancement
(b) STSA-MMSE
(c) NS-DNN
(d) NS-Pix2Pix
(e) NG-DNN
(f) NG-Pix2Pix

1.

From the objective evaluations, Pix2&ukperforms Noisy and
MMSE and is competitive to DNN SE.

baseline models when the clean training data is used.

2. From the speaker verification results, Pix2Pix outperforms th

e




Speech Enhancement
AFrequencydomain SEGAN (FSEG#bhahue et al., ICASSP 20

Output

Clean

D » Scalar
(Faké Real



Speech Enhancement (FSEGAN)

ASpectrogram analysis

Fig. 2: Spectrogram comparison of FSEGAN witfalnled method.

s » '1 &
o & .
. s
e
[0S
=
-

(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)
AASResults

Table 5: WER (%) of SEGAN and FSEGANble 6: WER (%) of FSEGAN with ret

Test Set  Enhancer ASR-Clean WER  ASR-MTR WER Model WER (%)
Clean None 11.9 14.3 MTR Baseline * 20.3
MTR [ None 72.2 20.3 | [_tStereo 19.0
G 80.7 028 MTR + FSEGAN Enhancer * 25.4
| FSEGAN 33.3 25.4 | + 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 f&C|a&ER
(2) FSEGAN outperforms SEGAN as-fods.

2. From Table 6, (1) Hybrid Retraining with FSEGAN outperforms Basel
(2) FSEGAN retraining slightly underperformdbbh%ed retraining.



Speech Enhancement

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

True or Fake True or Fake
t
I =
Estimated Estimated
Clean speech speech noise Noise data
data
=+ vE :
W
Noisy speectT o |l T rr{l(' ) |
fQ [11T@€ puE ]
Noisy data




Speech Enhancement (ATME)

ASpectrogram analysis

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

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

r

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




Speech Enhancement (ATME)

AMaskbasedbeamformerfor robust ASR

U The estimated mask parameters are used to compute spatial covariar
matrix for MVDRbeamformer

~
€

U iy=|"1 10  , whereiHyis the enhanced signal, amd; denotes the

observation oM microphones;Qandoare frequency and time indicgs
‘I denotes thebeamformercoefficient.

¢ )
C )

U The MVDR solved by: 1 T

U To estimatei , the spatial covariance matrix of the target sig ﬁél,), IS

(V)é -0 -
computed by f'Y'? Y ) YO where'Y )= Bh 10 () was
P

computed by AT.



Speech Enhancement (ATME)

AASR results

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

systems i eva!
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 || 758 || 10.24 | 751 | 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 M

e




Speech Enhancement (AFT)

ACycleGANbased acoustic feature transformati¢AFT)
[Mimura et al., ASRU 2017]

as close as possible

Clean 1 Syn. Noisy

Scalar: belongs to
domainT or not

Scalar: belongs to
domainSor not

nhanced

as close as possible

W =W (“Oo FO) W (“Oo FD)
@ "Oo hOo




Speech Enhancement (AFT)

AASR results on noise robustness and style adaptation

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

acoustic model | feature | cycleloss | Aand . | WER | ID | SONTce taroet feature WER
no adapt. no adapt. - 41.08 | (1) . - —— .

no adapt. adapt. with Gr—s no 1,1 55.45 | (2) JNAS CSJ-SPS no Zl(lﬂ])l. 26.47

yes 1,1 3734 1 3) adapt. with Gr— s | 25.93

yes trained | 36.56 | (4) - - : =

adapt. with Gs_r no adapt. yes .11 35.98 | (5) CSJ-APS CSJ-SPS no zulapl. 1313

yes trained | 34.31 | (6) Zl(la])l. with G- s 16.60

S Clean;Y Noisy JNAS: Read; CSBS: Spontaneous (relax),

CSAPS: Spontaneous (formal);

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

2.'00 can be used for model adaptation and effectively improve
ASR results for noisy speech.



Outlineof Part Il

wSpeech enhancement

[Scott Reed, et al, ICML, 2016]

Conditional GAN

c: train »

G

B e <6
Prior distribution z »

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

Cc
) » (betDter) »scalar

True text-image pairs: (train, E) 1

cat, BN o

(train, Image ) Q

wPostfilter speech synthesis, voice conversion

Cycle-GAN
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Postfilter

APostfilterfor synthesized or transformed speech

Speech
synthesizer

Voice
conversion

Speech
enhancement

Natural

ctral texture

spe
i

Synthesized

Obijective function
spectral texture

At o Output

AL AR 4

U Conventionapostfilter approaches fofs estimation include global variance
(GV)[Toda et al., IEICE 200vé&riance scaling (VB) A tea§, Witerpseech
2012] modulation spectrum (M3Yakamichi et al., ICASSP ZIODAIN with
MSE criteriorfChen et al., Interspeech 2014; Chen et al., TASLR.2015

U GAN is used a new objective function to estimate the parametess in



Postfilter

AGANDpostfilter [kaneko et al., ICASSP 2017]

Natural

Mel cepst coet

Synthesized Generated
Mel cepst coet MI cps cef Nature

.;t,::.‘ﬂ' é,‘; ~‘ D or
1l .,ﬂ.:«,du,%nl A g | »

Generated

U Traditional MMSE criterion results in statistical averaging.
U GAN is used as a new objective function to estimate the parametéis in

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



Postfilter(GANbasedPostfilten

ASpectrogram analysis

Fig. 4. Spectrograms of: (a) NAT (nature); (b) SYN (synthesized)v@jartse
scaling); (d) M@nodulation spectrum); (e) MSE; (f) Gpdstfilters

MCC
MCC

5 20
Frame
(a) NAT (b) SYN

MCC
MCC
MCC

20 25 3 10 15 20 2 10 15 20
Frame Frame Frame
(d) MS (e) MSE () GAN

GANpostfilter reconstructs spectral texture similar to the natural ohe.




Postfilter(GANbasedPostfiltel

AObijective evaluations

Fig. 6: Averaging difference in
modulation spectrum per Mel
cepstralcoefficient.

Fig. 5: Mekepstraltrajectories GANv
GAN was applied in voiced part).

— NAT
-~ SYN
— GAN
M| --- GANv

— NAT
s 'SYN
| |=— vs

— MS

| | — MsE
— GAN
== GANv

Modulation spectrum

3.5

0 20 40 60 80 100 120 140 0 5 10 15 20 25 30 35

Frame McC

GANpostfilter reconstructs spectral texture similar to the natural one.




Postfilter(GANbasedPostfiltel

ASubijective 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. GANpostfilter significantly improves the synthesized speech.
2. GANpostfilter is effective particularly in voiced segments.
3. GANwutperforms GAN and is comparable to NAT.



Frequency

Postfilter(GANpostfilte-SFTF)
AGAN posfilter for STFT spectrogranksneko etal.,

Interspeech2017]

fe TTS synthesized Window function GAN postfiltered
"'m]’ Synthesized ~ GAN-based L Reconstructed
. f3 : Spectrogram 4 Postfilter Spectrogram 4
3 —
fi .
e ——s| Synthesized i~ GAN-bgsed L) Reconstructed | > — >
V5 J2; | Spectrogram 3 Postfilter Spectrogram 3 S
I3 3
fi ———=| Synthesized I~ GAN-based -~ Reconstructed | ———= E
v 1 ‘ Spectrogram 2 Postfilter Spectrogram 2
s :
- x| Synthesized | _| GAN-based | _| Reconstructed | _—7 ]
1 = ST == Spectrogram 1 Postfilter Spectrogram 1
h 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

U GANpostfilter was applied on higldimensional STFT spectrograms.

U The spectrogram was partitioned inbbbands (each band overlaps its
neighboring bands).

U The GAMNbasedpostfilter was trained for each band.
U The reconstructed spectrogram from each band was smoothly connecte



Postfilter(GANpostfilteSFTF)

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




Speech Synthesis
ABpeclingynstiedisatvite sr€hdpfling

sperittapara(Aasis

[Saito et al., ICASSP 2017]
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Speech Synthesis (ASV)

AObijective and subjective evaluations
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Fig. 8: Averaged GVs of MCCs.
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Fig. 9: Scores of speech quality.

Preference score
; !

Proposed
(wp=1.0) :
e 3

0.0 0;.2 0;.4 O;.6 0;.8

1.0

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




Speech Synthesis

ASpeech synthesis with GAN {SB8N)saito et al., TASLP 2018]
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Speech Synthesis (G3N)

ASubijective evaluations

Fig. 10: Scores of speech qualgp)(

(a) MGE vs. Proposed (wp=0.3)

Proposed , :
(wp =0.3) . . l__l
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(b) MGE vs. Proposed (w,=1.0)
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Fig. 11: Scores of speech quality
(spand FO).

(a) MGE vs. Proposed (sp+F0)
Proposed ' ' : !
(sp+FO0)

MGE
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The proposed algorithm works for both spectral parameters and FO.




Speech Synthesis

ASpeech synthesis with GAN glottal waveform model
(GlottGAN [Bollepalliet al., Interspeech2017]

Glottal waveform Glottal waveform
: Generated
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Gen.
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Speech SynthesiSlpttGAN

AObijective evaluations
Fig. 12: Glottal pulses generated by GANSs.

G, D: DNN

G, D: conditional DNN
G, D: Deep CNN

G, D: Deep CNN + LS los

The proposed GANased approach can generate glottal
waveforms similar to the natural ones.



