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Taxonomy of Generative Models

« Lot SF2 ZES0| &)

© Ofl ZRO| HO[EIS AFSE ZQITI? & OffH WHS AISSH= 20| FRHUNI?
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Generative Models

/\

Explicit Density Implicit Density
Tractable Density Approximate Density GAN
«  NADE « VAE *  Too many GANs
*  PixelRNN *  WaveVAE

*  PixelCNN
*  WavelNet
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Autoregressive

© AP RIS YROR B4 K| RIS 0ISEHs 2WOIH, OfF AlEHo| MBS0| 7|50 (R718) oISS 48
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* Necessary Math = The Chain Rule for Probabilities

N

X, > X, > X3 > Xy } p(x) = ’11;=1 p(xtlxli "'lxt—l)
make a new image p(x1,X2,X3,X,) = X1, X2, %3) p(Xq, X2, X3)
Joint probability= p(x)
make A<=l conditional probability 2 p (s ]x1)
=ali
make a p(xz|xq,x2)

make a new p(xylxq, x0,x3)
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Autoregressive
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x1 > x2 > X3 > X4_ } p(x) = ’11;=1 p(xtlx].’ ""xt—l)

make a new |mage p(xl’XZ’ x3’x4) = xl’lexgt p(X1,XZ, x3)

(£t11) VAE
make intractable density function po(x) = f po(2)pe(x|z)dz

with latent z
make a

make a new
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Autoregressive

* Advantages and Disadvantages

2 < CHA
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02 | PixelRNN and PixelCNN

* Paper

* Aaron van den Oord

Pixel Recurrent Neural Networks

(Mimn van den Oord )

Pixel recurrent neural networks Nal Kalchbrenner
A Qord, N Kalchbrenner, K Kavukcuoglu - arXiv preprint arXiv:1601.06759, 2016 - arxiv.org Koray Kavakcnogin
... occluded completions original Figure 1. Image completions sampled from a PixelRNN ___ The Google DeepMind

networks also incorporate residual connections (He et al., 2015} around LSTM layers; we observe
that this helps with training of the PixelRNN for up to twelve layers of depth __.

Ye U9 6663 218 THEME HAH THA HE 9o

Abstract

Modeling the distribution of natural images is
a landmark problem in unsupervised learning.
This task requires an image model that is at
once expressive, tractable and scalable. We
present a deep neural network that sequentially
predicts the pixels in an image along the two
spatial dimensions. Our method models the dis-
crete probability of the raw pixel values and en-
codes the complete set of dependencies in the
image. Architectural novelties include fast two-
dimensional recurrent layers and an effective use
of residual connections in deep recurrent net-
works. We achieve log-likelihood scores on nat-
ural images that are considerably better than the
previous state of the art. Our main results also
provide benchmarks on the diverse ImageNet
dataset. Samples generated from the model ap-
pear crisp, varied and globally coherent.

AVDNDORD & GOOGLE.COM

NALK & GOOGLE. COM
KORAYE @ GOOGLE. COM
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02 | PixelRNN
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« 0|O|X| &ME7te| &M= Red—Green—Blue &=AMZ F9|

v p(xilX<i) = p(ipl X< (i o 1 X<t xi 1) (%1 5| X<t im0 %1 )
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« 0|O|X| &ME7te| &M= Red—Green—Blue &=AMZ F9|

v p(xilX<i) = p(ipl X< (i o 1 X<t xi 1) (%1 5| X<t im0 %1 )
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« 0|O|X| &ME7te| &M= Red—Green—Blue &=AMZ F9|

v p(xilX<i) = p(ipl X< (i o 1 X<t xi 1) (%1 5| X<t im0 %1 )
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« 0|O|X| &ME7te| &M= Red—Green—Blue &=AMZ F9|
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02 | Masking

o« oixf HAs ddok=l J}AHM AME Zebet 0l2ie] YEE AEotX| SL0t0f STt

OII

* O{EZ maskingsS AEsSt=7101 mh2tA RRAZ0| AISE 4+ U= 2| He{Vt E2td

[Mask A] [Mask B]

* Context= p(x;|X<;)E 2|0| o QIXf Ml MEHZIE AFEStE &4= masking

o Sixf TAM MHEHZFE AF2SHK| &= masking « Mask AZ AI2SHO|Z0| A2
b
channels are not connected to themselves } _
* Mask AZ =3l 0|0] 0| ZMZ=7t9| dependencyS
* Input O|O|X|0f| 2|HEHO = AlZst= B H7347| W20 AFZ0| 7ts

© RSOl B AP7| KA HEE ASSHA K17 KRS

inferst= A2 871
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02 | Mapping Architectures

* input—to—state & state—to—state mapping=S =2 AL output pixels

+ LSTMIt 20| O|X RS 2T MEH £ U= Clxlel

v" Generative Image Modeling Using Spatial LSTMs (2015) orobability distribution

softmax
@) ® @
t i t
o H@jﬁﬁ’ } |2 E SLSTM—2
\] J \[\ J "\ y,
& ® &
Forget
SLSTM—1
ISTMCell = B N\ e
(ﬁ“ﬂ-‘ P @ |
Cl—l > LX/ \-!-/ N(\.v.,:l:,i(l_‘,!.‘/al- (;L;‘
A A NN
[t 't‘ g: | § |
Lo ]l ? | |taln —l @ : Logistic | input pixels
hye_y = C s :

xt Input Gate Output Gate



2019-07—05 Seminar

Autoregressive Generative Models

Mapping Architectures

02

* Spatial LSTM} & S22, state—to—state AAS 25 484

rlo
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« Computational costE £0|7| ${aH 37tX| 2HZ X2t
v" Row LSTM, Diagonal BiLSTM, PixelCNN

state
‘/ Row LSTM
«  Feature mapOllA EH state2CH X $H0i| EXHGH=
stateQ| ME =0 HIHSI0] AHALS 434
* input — state — ouput 25 Z2 37|
(zero padding2 AlR)
input

—

. JARES =0]7| 5l convolutionS AR

1x3
Conv
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02 | Mapping Architectures

* Spatial LSTMI} Z+2 O|™ WHES state—to—state AL S 25 48l

« Computational costE £0|7| ${aH 37tX| 2HZ X2t

v Row LSTM, Diagonal BiLSTM, PixelCNN

‘/ Row LSTM .=
*  Feature mapOilA EFl state 2Lt & 840l EXH5H= | r

stateQ| MHE0 HFAHSI] AARS 438

e
I Aed

* input — state — ouput 25 Z2 37|

(zero paddingS AtE)

* Receptive field= ZI0tX| X2t A[AC| 20| =0%!
« MRS F017] 2loH, convolution= AR
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* Spatial LSTMI} Z+2 O|™ WHES state—to—state AL S 25 48l

Mapping Architectures

« Computational costE £0|7| ${aH 37tX| 2HZ X2t

v Row LSTM, Diagonal BiLSTM, PixelCNN

‘/ Diagonal BiLSTM
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* Convolution=2 ALEsHAl ALHES ZAAZA
*  Row LSTMO]| H|5H &0 L
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* Spatial LSTMI} Z+2 O|™ WHES state—to—state AL S 25 48l

Mapping Architectures

« Computational costE =0|7| $all 37}X| &iH= A[Ct

v Row LSTM, Diagonal BiLSTM, PixelCNN

‘/ Diagonal BILSTM

»  (Trick) HEXo = AILS &5t | Lsh

=t

O|O|X|E Bt ZMM Fez 20

-
- parallelized by skew operation ....

Ct

M
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02

* Spatial LSTMI} Z+2 O|™ WHES state—to—state AL S 25 48l

Mapping Architectures

« Computational costE £0|7| ${aH 37tX| 2HZ X2t

v Row LSTM, Diagonal BiLSTM, PixelCNN

‘/ PixelCNN ®

*  LSTME| Hih X7t HE =&

3x3
Masked
Conv

* Convolution SIAEFS AIZSHN REIS 1=
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* Spatial LSTM1t 22 of|M 2IHES2, state—to—state AAMS 25

o

Mapping Architectures

« Computational costE £0|7| ${aH 37tX| 2HZ X2t

ods=

v Row LSTM, Diagonal BIiLSTM, PixelCNN

‘/ PixelCNN

«  Masked Convolution2 At

+  D|2H(LEZ ofafl) HEE BrHSHX| ®7| 28t EE

* Convolution AA0| BHE|7| Mo BHHSHX| L=
w |lw |w w|lw (w
HHoll 02 =AM A2
w | 0|0 w |w |0
01010 01010

[Mask A] [Mask B]
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02 | Mapping Architectures

o AN M AL0]Q] trade—off 7} =X

— OO

« FIIMOZ residual connectionsE AF2SHA H2 £9| H0|HHE A2

_ PixelRNN
= PixICNN
Row LSTM Diagonal BiILSTM
Receptive Field Triangular Full Dependency | Full Dependency
Computation Slow Slowest Fastest
Log—Likelihood Good Best Worst
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02 | Discrete Softmax Distribution

« 0|O|X|Q] Zzt TAM2 0~2550] SHEHSHE H4US 22
 Autoregressive 220|222, Of stepOtC} AHEZ inpute2 Hrat =2 S0{710F

« X| =S ok= Chdl, 256712 S2AE = softmax layerg ALE

v

« Z2HA0| order, prior = At
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«  Softmax distributionS AHEQUS I},
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*  QOutputsS 0~255 AlO|gte 2 ZN|5HX| ote = o )
Lipd ol fiskxl 2ot Softmax Distributions
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* Inference, H|O|EE M-Mot= TPHOIAl UAAHA| O stepE = softmax layerE X|LIA| =

Discrete Softmax Distribution

+ Softmax layerS x|t OIC}, argmaxS 25K 41 EZOIN M5 ME2S 23

» CHSH HIOIE7 &8 4= U= randomnessZt 24l

OO 0O00O0 ONONONONO) OO 0O0O0O0
OO 00O : ;
o6 Input f PixelRNN wsamp'e fr°m=g 8 0 OO inpu f PixelRNN wsamp'e from:8 8 8 8 ©
(_ Softmax | gistribution \_ Softmax | gistribution
Randomness of Randomness of

Generation Generation
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02 | Experiments

o SAl AFEI/E image generation 220]| HloH 01 £2 d5= B¢
o M7} HItH: Negative Log—Likelihood

* Image Completion2} Z2 XA = AI2E 4= AUS

occluded completions original
o NEL Tt i i * AR B AR
Uniform Distribution: 8.00 b t b
Multivariate Gaussian: 4.70 T gl e Ll A o T | S
NICE [1]: 4.48 b
- i S 5 e e el
Deep GMMs [3]: 4.00
RIDE [4]: 3.47 w

A A B LR
=R FTTE Y
Diagonal BiLSTM: 3.00 (2.93)
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03 | Gated PixelCNN

* PixelCNN — AArtEE= HEX|EH Hs0| PixelRNNO|| H|SHA| H=

v/ 0|0|X| MM Xixl= ZIA ck2|o| M sequentialdhA| X138

* PixelCNN2] receptive fieldofl= blind spot0| =X



2019-07-05 Seminar
03 | Gated PixelCNN

* Horizontal & \Vertical Stack
— Xl T 2{0f = 2= &of Ciet HEE 713 & Horizontal Stackdl 71891 HEZE CHA| S04
— oixf &lof| et MEE

v Blind Spot2 0§ PixelRNNT} Z
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* Gated Activation

v" PixelRNN2| LSTM cell 2t0]| AFZ2E|= multiplicative units = complex interaction2 220 HIFE 4~ QIS

v" PixelCNNOJ|E Gated Activation2 AFRSIEE C| X2

Gated Activation

z = tanh(W j, * X) @0 (W, i, * X) ©
?
*: convolution operator I |
. L tanh
©: element—wise multiplication operator T }
k: layer index
Y Wrk  Conv Conv. Wy
f,g: filter, gate 2 W is learnable convolution filter I T
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03 | Gated PixelCNN

* Gated Activation
v" PixelRNN2| LSTM cell 2t0]| AFZ2E|= multiplicative units = complex interaction2 220 HIFE 4~ QIS

v" PixelCNNOJ|E Gated Activation2 AFRSIEE C| X2

p = #feature maps

1 x1

Split feature maps

—————————————————————
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03 | Gated PixelCNN

* Gated Activation
v" PixelRNN2] LSTM cell 2t0]] AFZ == multiplicative units 2 complex interactionS 2 2!0j| BIEsS £~ QIS

v" PixelCNNOJ|E Gated Activation2 AFRSIEE C| X2

p = #feature maps

l B
2p = 1x1 ——D ) 2p
_ : [

Split feature maps

|
|

|

|

|

|-,- ’ | O
: -”l—*’f?'—k-]/" add p—o—p
|

[

|

|

|

|

Vertical Horizontal
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* PixelCNNOf| Cjot HIZH S MSA[FA, REHS| 852 SaAZ
v" Discretized logistic mixture likelihood
— Softmax layer CHA! logistic distributions2] &2 2 0|F0{ X! latent intensity variableg A2 (Kingma)

— memory efficient

v" Conditioning on whole pixels
— PixelCNN2 RGBE MZI=E 1243 Lt AX|Z color channel AO|Q] &= 12| 2&6HK| &5
— Color channel 2 outputE M&ESHK| 21, 22| joint distributionZ AtE6tESE HY

v" Downsampling
— Long range dependency0l| F[2fst HES E2t5H7| {/5H strideE X

v" Short—cut connections

— Encoder_Decoder ;5% Al-_g, Symmetrlc E7E=| 32x32 16x16 8x8 8x8 16x16 32x32 i ‘ltn:..

v Dropout

— Regularization
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04 | WaveNet

WAVENET: A GENERATIVE MODEL FOR RAW AUDIO

* Paper
Airon van den Oord Sander Dieleman Heiga Zen'
Karen Simonyan Oriol Vinyals Alex Graves
Nal Kalchbrenner Andrew Senior Koray Kavukcuoglu
[PDF] WaveNet: A generative model for raw audio.
A Van Den Oord, S Dieleman, H Zen, K Simonyan... - S5W, 2016 - regmedia.co.uk
This paper introduces WaveNet, a deep neural network for generating raw audio waveforms. Google DeepMind, London, UK
The model is fully probabilistic and autoregressive, with the predictive distribution for each f Google, London, UK
audio sample conditioned on all previous ones; nonatheless we show that it can be .
1w DY 915= 2IE ZHE EEAE HA A HE e
ABSTRACT

This paper introduces WaveNet, a deep neural network for generating raw audio
waveforms. The model is fully probabilistic and autoregressive, with the predic-
tive distribution for each audio sample conditioned on all previous ones; nonethe-
less we show that it can be efficiently trained on data with tens of thousands of
samples per second of audio. When applied to text-to-speech, it yields state-of-
the-art performance, with human listeners rating it as significantly more natural
sounding than the best parametric and concatenative systems for both English
and Chinese. A single WaveNet can capture the characteristics of many different
speakers with equal fidelity, and can switch between them by conditioning on the
speaker identity. When trained to model music, we find that it generates novel and
often highly realistic musical fragments. We also show that it can be employed as
a discriminative model, returning promising results for phoneme recognition.
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* Raw audio — A|Zt0]| 2t XHESH HES0| LT 2ISICE (ticks)
v dt™Mo =z 1x0{ 16,0007H2] ME0| F&E (16kHz2)
v 0|™ 2= {|0|E{0]| CHEH dependency?t =Y

|'0II

« 2XI& O|0|X| H|0|E{of| XEZ et PixelRNN, PixelCNN= 1X3 2C|< O|0|E| MEZStIXt 5t= Al

100N S Be

1 Second
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04 | Key Ideas

* Dilated causal convolutions

v' Long—term dependecy

* Companding transformation

v" From regression to classification

* Gated convolution + residual + skip—connections

v" Powerful non—linearity
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* Remember chain rule

Causal Convolutions

» Joint probability = product of conditional probabilities = stack of convolution layers

v

p(x1)

Stack of Convolution

X1 [X2 | X3 | X4 Ke-1| Xt T p(x1, %) = p(x1)p(x2lx1)
p(X1,X2,X3) = p(Xq,X2)P(X3|X1, X2) LayersE Egsl‘é Zd
e

X1 | Xg [ X3 | Xq | o Keoq| Xe Xr AUl0 essV )) WaveNet

- p(x) = H{=1 P (Xe|Xq, o) Xe—q)
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04 | causal Convolutions

* Autoregressive model with convolution

* Autoregressive model:
t—1 A|FOoIM Y2 output ¢t AIEQ]
inpute. 2 Ar=0| =t

* |nput, hidden, output size = 16

“>pooling layerE ALE3IX| &1,

zero—padding= Saoll sizeE SX|&

v

time

°/9H recurrent CHAl convolution= ALEsH=71?

-2 O|E =0, 16kHz0|A 100ms= 1,600 time stepsO|Ct. RNN, LSTM= AtEs5t{ EXZE stgst7 (o= HE ZLCt

-
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04

* Causal convolution layers

Causal Convolutions

* # hidden layers = 3

« filter size = (2, 1)

O\ -O\ -O\ O\ O
N N N N
N N N N
N N N N
N N N N
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04

* Causal convolution layers

’ ’ ’
| ’ | ’ | ’ |
| L | L | L |
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(s | (s |
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O\ -O\ -O\ -O\ -O
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* Causal convolution layers

Causal Convolutions
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* Causal convolution layers

Causal Convolutions

, ’ ’ ,
1 | s | ,
1 4 1 ’ 1 ’ 1 4
’ ’ ’ ’
! ’ ! / ! / ! ’
[ [ [ [
| 1/ 1/ [

4 4 ’

1 s s |
1 1 R4 1 R4 1
1 [ [ 1
| (2 [ |

o UHIAO| convolutionS S5t i,

2t filter= 2 E input spaceZ X|LIZiC}

Q\ -O\ -O\ O\ O
N N N N
N N N N
N N N N
N N N N
N N N N
N N N N
N N N
N N N N
N N N N
N N N N
N N N N
N N N N
O\ -O\ -O\ -O\ O
N N N N
N N N N
N N N N
~ ~ ~ ~
S N N S
N N N N
O\ -O\ -O\ -O\ -O
N N N N
N N N N
N N N N
~ ~ ~ ~
S N N S
N N N N
N N N N
N N N N
N N N N

O g W o W ¢ W ¢

O\ -O\ -O\ -O\ -O
O\ -O\ -O\ -O\ -O

time



2019-07—05 Seminar

Autoregressive Generative Models

04

* Causal convolution layers

Causal Convolutions

o UHIAO| convolutionS S5t i,

Zt filter= 2E input spaceE X|LtZtCt
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* Causal convolution layers

19150
vy

Causal Convolutions

o QUHEMOI convolutionS SHEEH I,

Zt filter= 2= input spaceE X|LtZICt
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time—based masking: causal filter
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» Dilated =2 increase receptive field

Dilated Causal Convolutions

_L

« XA A2 receptive field
IR SHA| = input space?| 371)
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Convolution2] receptive fieldE S7tA|7|7] A=

- - = Computational cost7} 01 =0t H =Xl
> layerE 0| &L, fiter sizeE 7|2{0F &
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» Dilated =2 increase receptive field
v Dilated convolution2 0|&3l, M HAZFOZ = receptive fieldE L

v' Dilationg 1, 2, 4, -, 512, 1,2, 4, -, 512, 1, 2, 4, -, 512 & 3074<] layerE 75 receptive field = 1024
(1x1024 convolution=CH MW §8)

Dilated Causal Convolutions

=L

O

Qutput
Dilation = 8

Hidden Layer
Dilation = 4

_ —IC}._—',—' . T '.—.'I

O\O

Hidden Layer
Dilation = 2

O

Hidden Layer
Dilation =1

Input
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« OflA]

Dilated Causal Convolutions
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Hidden
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Autoregressive Generative Models
04 | Companding Transformation

* PixelRNN, PixelCNNIt FASHAl, 2t amplitude 2t2 otLt2| classZ 7FdsH softmax distribution= AFE (discrete)
v UHI™O 2 gudio?] distribution2 HE315H7| £l8H, Gaussian Mixture Model S2 A2 (continuous)

v 24 HIo|EE 2567l E2iAZ F0] regression EXMIE multi—class classification 2|2 Hat (4 — law)

‘:'l:(:lif‘:'nri',f'l“’:
T v

In(1 + plxe])

f(x;) = sign(x;) ,where — 1< x; <1,u= 256

In(1 + p)
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04 | Gated Convolution + Residual + Skip—Connections

« DHEIZ | HOtM non—linearityE S&25| BIEE + UEE 715

v 1x1 convolutionS E4l skip—connectionskt st

Residual Block
>+
Residual T
1x1 ] ]
4 Skip Connection
I > 1x1 >
©
*
I I
tanh o
Dilated Conv Dilated Conv
T T 2x1 dilated conv = Gated Activation
- 1x1 conv + residual connection
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« WaveNet2 ZRXS 0 Y timestepOi|AQ] L=

Gated Convolution + Residual + Skip—Connections

[

A

512
dilation=g¢  Residual Block Lz» 1x1
| 512
dilation=4 Residual Block LZ» 1x1 (ZHA = 742
30 layers | 512 256 z &» RelU — 1x1 &» ReLU — 1x1 &» Softmax
dilation=2  Residual Block LZ» 1x1
| 512
dilaton=1  Residual Block LZ» 1x1
[ 512

Causal Filter
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OB | conclusions

* Sequentialdt X E BIHSIH H|0|He| 2 E stgotd = A=
v' 0|O]X| — PixelRNN, PixelCNN
v QLC|L — WaveNet

* Key — HIO|E{Zt EXH5H= dependencyE H&st= B

« 10|29 2ES--

Many GANs

Parallel WaveNet — @C|2 MM &5 SIIAIZ] 2

Tacotron — Encoder—Decoder—Attention End—to—End for Text—to—Speech
Parrotron — End—to—End model for Speech—to—Speech conversion
Translatotron — End—to—End model for Speech—to—Speech translation

Attention is All You Need

AN N N N






