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VAE variants

e Convolutional VAE

* Conditional VAE

* B-VAE

* |WAE

Ladder VAE

Progressive + Fade-in VAE

* VAE in speech

 Temporal Difference VAE (TD-VAE)

Representation learning

Hierarchical
representation learning

Temporal
representation learning
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VAE variants

e Convolutional VAE
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Convolutional Variational Autoencoder

e Limitations of vanilla VAE
* The size of weight of fully connected layer == input size x output size
* If VAE uses fully connected layers only, will lead to curse of dimensionality
when the input dimension is large (e.g., image).

e Solution

14x14x32

1152 1152

y PIx64 T Tx64 ;
1 1 3128 33128 n [ ]
: -
| ‘ /
J L Conv3 Reshape ’
/ stride=2
/

Conv2 DeConv3
stride =2 stride=2
ﬂaﬂen

4 g L_J
stride =2 \ J sDtr'bdccor:‘vz
V

Fully connected layers here
(independent variables)

Image is modified from: Deep Clustering with Convolutional Autoencoder. NIPS 2017.
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VAE variants

 Conditional VAE
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Conditional Variational Autoencoder

 Train and inference with labeled data.

KLIN (p(Y. X).S(Y, X)) N0, 1 |] Decoder
N\

(P)

+

p Y, XS (Y. X)) *
Encoder [Samplef. from A7(0), /1]

()

Learning structured output representation using deep conditional generative models. NeurlPS 2015.
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Recap: Variational Autoencoder

* Recap: Setting up the objective
 Maximize P(X)
* Set Q(z) to be an arbitrary distribution

D [Q(z)|[P(z]X)] = Ez~q [log Q(z) — log P(z|X)]
D [Q(2)[|P(z|X)] = E;~p [log Q(z) — log P(X|z) — log P(z)] + log P(X)

log P(X) — D [Q(2)[|P(z|X)] = E:~q [log P(X|z)] — D [Q(z) || P(2)]

log P(X) — D [Q(z|X)[[P(2]X)] = Eo~q [log P(X|2)] = D [Q(z]X)||P(2)]

Auto-Encoding Variational Bayes. Diederik P. Kingma, Max Welling. ICLR 2013
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Recap: Variational Autoencoder

* Recap: Setting up the objective

log P(X) — D [Q(z]X) || P(z]X)] =|E.~q [log P(X]2)] = D [Q(z|X)||P(2)

encoder ideal reconstruction KLD

Auto-Encoding Variational Bayes. Diederik P. Kingma, Max Welling. ICLR 2013
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Conditional Variational Autoencoder

» Setting up the objective with labels
* Maximize P(Y|X)
* Set Q(z) to be an arbitrary distribution

D [Q(zlY, X)[|P(2]Y, X)] = Ex~q(jv,x) llog Q(zY, X) — log P(z]Y, X))

D[Q(z]Y, X)|[P(z|Y, X)] =
E,.o(|vx) [log Q(z|Y, X) —log P(Y|z, X) — log P(z|X)] 4+ log P(Y|X)

D [Q(z|Y, X)[|P(z]Y, X)] =
E..o(lv.x) [log Q(z|Y, X) —log P(Y|z, X) — log P(z|X)] +log P(Y|X)

log P(Y|X) — D [Q(IY, X)[[P(]Y, X)] =
E.o(ivx) log P(Y[z, X)] = D [Q(]Y, X) [ P(z] X))

Learning structured output representation using deep conditional generative models. NeurlIPS 2015.
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Conditional Variational Autoencoder

e Setting up the objective

encoder ideal
log P(Y|X) — D [Q(2]Y, X) [ P(z]Y, X)] =
E, o(|v.x) [logP(Y|z, X)| — D [Q(z|Y, X)||P(z|X)]

reconstruction KLD

10
Learning structured output representation using deep conditional generative models. NeurlIPS 2015.
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Conditional Variational Autoencoder

* Train and inference without labeled data i.e., vanilla VAE

R

11
Learning structured output representation using deep conditional generative models. NeurlPS 2015.
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Conditional Variational Autoencoder

 Train and inference with labeled data.

Decoder Decoder

latent space ' ' latent space

A variational autoencoder generating images according to given labels

12
Learning structured output representation using deep conditional generative models. NeurlPS 2015.
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Conditional Variational Autoencoder

 Train and inference with labeled data.

O 0000900000
LISHIL/Z 0N L LY/
222232222 2
38383532V 353983
r ¥7ra8K78484
r S S 85§858§5r5rS5s5S§
6 b6 666666 6
711917 1719171719717
¥ 7 885888 7 8 1§
97 79977 9 999

13
Learning structured output representation using deep conditional generative models. NeurlPS 2015.
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Conditional Variational Autoencoder

 Train and inference with labeled data.

O] | PINA3|Z|O6la T[]
Sll61dl7Ial4[q]|o47]0]8
SIS A T 0]7]6]5] (4[4
LRI R AR CIEINED

(a) CVAE

EIEIEARICIEAEIEIEAEARRAET RS
Slal7|Sll7(414[919 14 [7]|0]%
EINIEEIEaEaNa N EAEIEAEIEIE]
EAEIEAEIEIEAERANAEANACIRANIED

(b) Regressor

14
Learning structured output representation using deep conditional generative models. NeurlPS 2015.
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VAE variants

| | * B-VAE
Representation learning

15
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Before we start

» Disentangled / Factorized representation
* Each variable in the inferred latent representation is only sensitive to one
single generative factor and relatively invariant to other factors
 Good interpretability and easy generalization to a variety of tasks

B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. Irina Higgins, Loic Matthey, Arka Pal,
Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. ICLR 2017.
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Before we start

* Unsupervised hierarchical representation learning

(A) Encoder (B) Decoder
0.175 1

—— disentangled

v 0.61 — v
S 8 01501 - entangled

; 0.1251
0.4 2
€ € 01001
202 < 0.0751

0.01 — ' 0.050+ ' '
107 10° 10* 10° 107 10° 10° 10°
training iteration training iteration

Rethinking Style and Content Disentanglement in Variational Autoencoders. ICLR 2018 Workshops. 17
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* Unsupervised representation learning
 Augment the original VAE framework with a single hyper-parameter 3
that modulates the learning constraints
* Impose a limit on the capacity of the latent information channel
B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. Irina Higgins, Loic Matthey, Arka Pal, 18

Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. ICLR 2017.
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B-VAE

Héaéx EXN'D []EZNQQ') (z|x) log Peo (x ’ Z)]

subject to Dkr, (g4 (z|x)||pe(z)) < 6

B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. Irina Higgins, Loic Matthey, Arka Pal, 19
Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. ICLR 2017.
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B-VAE

F (0,0, 8) = Eqpy,(ax) logpe(x|z) — B(DkL (g4 (2[x)|ps(2)) — 9)
— IE;vaqd,(z|x) lngo(X Z) _ BDKL (q¢(z|x)|]p9(z ) T 185
> K,

~q,(z)x) 108 Po(x|2) — BDKL (g4 (2(x)||po(2)) ; Because §,6>0

SN N’

B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. Irina Higgins, Loic Matthey, Arka Pal, 20
Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. ICLR 2017.
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B-VAE

LBETA(¢7 IB) — _Ez~q¢(z|x) lngg(X’Z) + DKL (Q¢(Z|X)”p9(Z))

B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. Irina Higgins, Loic Matthey, Arka Pal, 27
Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. ICLR 2017.
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(b) emotion (smile) (a) Azimuth (rotation)

(c) hair (fringe)

B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. Irina Higgins, Loic Matthey, Arka Pal, 22
Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. ICLR 2017.
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B-VAE

DC-IGN
14 {_C_

oo III

LEEER

BRERRFR
' PRI FIEEE

Pwwu=n= i dadeialaly

BERETY dennue
Factor not learnt Factor not learnt M,"‘ , ’ ’ ; * '\ ¢ee

memewmwee r.(‘.{?-(:-,l!

Factor not learnt

(c) leg style (b) width (a) azimuth

B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. Irina Higgins, Loic Matthey, Arka Pal, 23
Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. ICLR 2017.
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B-VAE

TOTOE e Coone
OO GLOHE VODHE
<OVOHS CVOHP VDODH$
ODOHH VDDONTY DOODHE
SHOHH VTOONHD DDODOH

VOVPOE O DOOXTE
L ODDVE ¢ DOODS
i OSeTH TPIOY DOOSe
O8N OPOSD DOLD
A/LNS OPOOGD DHPDP

VoPL Y oS MeDe
zOPPDP PEHOY SGLDE
GQVﬁvw DPIDODY MG LD
EReHDD DPDODY ALTDS

DD PDOMY AQUDTS

SO POV DHDDE
z0DOVe ODOSY DOADDE
O CONOOe SDODY S TOe

"ODSOe SVeBP SOVSe

OODPOLS SPODO SOVDE

(uonejol) yinwizy (e) bunybi (q) uoneas|s (2)

24

B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. Irina Higgins, Loic Matthey, Arka Pal,

Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. ICLR 2017.
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B-VAE

e Discussion: It is really unsupervised?

* [tis unsupervised/self-supervised learning, because it does not need any label
data

* Itis not fully unsupervised learning, it works because of the inductive bias of the
neural network model, the hierarchical design introduces prior knowledge about

the data

B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. Irina Higgins, Loic Matthey, Arka Pal,
Christopher Burgess, Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. ICLR 2017.
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VAE variants

Representation learning {
* |[WAE

26
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IWAE

* Optimize a tighter lower bound than VAE
* VAE just optimizes a lower bound of log P(X)

log P(X) — D [Q(z]X) || P(z]X)] =|E.~q [log P(X]2)] = D [Q(z|X)||P(2)

encoder ideal reconstruction KLD

27
Importance Weighted Autoencoders. ICLR 2016.
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IWAE

* Optimize a tighter lower bound than VAE

p(z,2)

logp(z) = log/p(:c,z)dz = log/p(m © q(z|z)dz =log E, Z|a,)[ ]

q(z|z) q(z|z)
p(z, 2) p(z, zi)
1 E z|lz =1 o'E'z 2052 ~q(2|T
0g I)[q(z|m)] 0 1522502k ~q( l)[k; (Zz|ﬂ3)
1 o~ P, 2;) = p(z z%) 3
Lk (.’I)) - E21=z2r"=zk"’9(zlx) [log Z Z Q(Z I-T) ] = log Ezlaz2,---azk“’9(z|m) Z zi|x Ing(wl
1=1 ? i="

28
Importance Weighted Autoencoders. ICLR 2016.
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ELBO(6) = Eq[log p(z, z)] — Eg[loggo(z | z)]

p(z, 2) ‘/

q(z|z)

VAEWloss: B, q(2/z) log

p(z )
q ZZ|$)

ﬁﬁ'WAEHglOSS: Ezl 2D g ,szq(Zlil) [log Z

29
Importance Weighted Autoencoders. ICLR 2016.
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IWAE

 Why “Importance weighted”

1 <~ p(z, zi0) 1<
VEzz z~q(z|lz log — =FE, 290021 ~q( 2| Vi log — i
0 13423095k Q(I ’0)[ng;(KZz|-’E,9)] 3 BT R TR Q(l ’9)[ @ ng;'UJ]
p(z, z(0)
where wW; =
q(zi|m>0)

1k
VAE: ; Vo log w;

k
IWAE: ) "5V log w;
=1

30
Importance Weighted Autoencoders. ICLR 2016.
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VAE variants

Hierarchical < * Ladder VAE

representation learning

31
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Ladder VAE

* To learn hierarchical latent representation
 Deep models with several layers of dependent stochastic variables are difficult to train
* Limiting the improvements obtained using these highly expressive models

LVAE: Ladder Variational Autoencoder. Casper Kaae Sgnderby, Tapani Raiko, Lars Maalge, Sgren Kaae Sgnderby, and Ole Winther. NIPS 2016.
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Ladder VAE

a) b)
OROERCLONO

- — shared —

OO ONO
®» ® & (2

encode decode encode decode

Hierarchical VAE Ladder VAE

33
LVAE: Ladder Variational Autoencoder. Casper Kaae Sgnderby, Tapani Raiko, Lars Maalge, Sgren Kaae Sgnderby, and Ole Winther. NIPS 2016.
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Ladder VAE

L0, p;x)wu = —BKL(qs(2|2)[|pe(2)) + Ey,(2|) [l0g po(x]2)]

trai test test
a) Ly b) L} ) L0

-84 -

)

. —— VAE —— VAE+BN+WU '
—-01 4 : ' : —o1 -\/ —86
{ —— VAE+BN —— LVAE+BN+WU ¢
1 2 3 4 5 1 2 3 4 5
Number of Layers

—
[ &)
w
-
o

Figure 3: MNIST log-likelihood values for VAEs and the LVAE model with different number of latent
layers, Batch-normalization (BN) and Warm-up (WU). a) Train log-likelihood, b) test log-likelihood
and c) test log-likelihood with 5000 importance samples.

34
LVAE: Ladder Variational Autoencoder. Casper Kaae Sgnderby, Tapani Raiko, Lars Maalge, Sgren Kaae Sgnderby, and Ole Winther. NIPS 2016.
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Figure 6: PCA-plots of samples from q(z;|z;—1)
for 5-layer VAE and LVAE models trained on

MNIST. Color-coded according to true class label
35

LVAE: Ladder Variational Autoencoder. Casper Kaae Sgnderby, Tapani Raiko, Lars Maalge, Sgren Kaae Sgnderby, and Ole Winther. NIPS 2016.
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LVAE: Ladder Variational Autoencoder. Casper Kaae Sgnderby, Tapani Raiko, Lars Maalge, Sgren Kaae Sgnderby, and Ole Winther. NIPS 2016.
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LVAE: Ladder Variational Autoencoder. Casper Kaae Sgnderby, Tapani Raiko, Lars Maalge, Sgren Kaae Sgnderby, and Ole Winther. NIPS 2016.
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LVAE: Ladder Variational Autoencoder. Casper Kaae Sgnderby, Tapani Raiko, Lars Maalge, Sgren Kaae Sgnderby, and Ole Winther. NIPS 2016.
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LVAE: Ladder Variational Autoencoder. Casper Kaae Sgnderby, Tapani Raiko, Lars Maalge, Sgren Kaae Sgnderby, and Ole Winther. NIPS 2016.
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VAE variants

Hierarchical <
representation learning  \_e Progressive + Fade-in VAE
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Progressive + Fade-in VAE

 Discussion

encoders decoders

-

? high-level

hL— 1 —>

A middle-level

8L

'

8L-1

©

h1/ -

H low-level

—
R - -

o l—

ZUNID
& &)
& -
= ~

7598

Can we directly train a hierarchical VAE with ladder
structure like that?

Progressive Learning and Disentanglement of Hierarchical Representations. ICLR 2020.
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Progressive + Fade-in VAE

 Discussion

encoders decoders

dl}

T high-level

>
T

A middle-level
l

8L

'

:

ﬂ low-level

ez )%
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E,)[KL(q(z|x) ||p N = [ [q(z) q(:|;1‘)log%i)ld;lrdz

- e i
. ;;:q;’) ' e, Vog i
= MI,.. -)( + [ [ q(=, 1()(,1—(1.1(1‘~

= MI,.. (z, ‘) + [q(z luq—d‘
=M1, .(z,z) + KL(q(z ||p

Information SHORTCUT problem

all information go through the low-level path,
other paths are ignored.
model is lazy...

42

Progressive Learning and Disentanglement of Hierarchical Representations. ICLR 2020.



Progressive + Fade-in VAE

* Progressive + Fade-in

« increase from 0 to 1 gradually

NV vz A P

PEKING UNIVERSITY

he 4>@—>3L

hr a@—»&

i !

h‘L—l —> 8L-1

X @) X

Stage 1: enable high-level path

Progressive Learning and Disentanglement of Hierarchical Representations. ICLR 2020.

A [ A l

i Y | Y

hy [ ’@ 81 h) —a’@—a' g1

4 v t '

X ®) X X © X
Progressive Training -

Stage 2: enable high-level
and middle paths

Stage 3: enable all paths ...

43



va.,g Até‘*g

PEKING UNIVERSITY

Progressive + Fade-in VAE

e Results

Z3 High-level: background and foreground colors

i

i <2 Middle-level: shape

<1 Low-level: ...

44
Progressive Learning and Disentanglement of Hierarchical Representations. ICLR 2020.
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Progressive + Fade-in VAE

* Results
High-level Middle-level Low-level
- ‘.‘G ‘G .G .G .G .@ .@ @ mmvuablezs : § § § en e % %
- - ckground color ' - o | @

wave hair

latent variable z1

ALK IE IR AR

-
-

slight open mouth

45
Progressive Learning and Disentanglement of Hierarchical Representations. ICLR 2020.
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VAE variants

Temporal < * VAE in speech

representation learning
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VAE in speech

* Learning latent representations for style control
and transfer in end-to-end speech synthesis
* RNN as encoder

Mel spectrogram WaveNet |
. vocoder /
S S r
' Reference \ Mel spectrogram
I". )
. encoder T
; (écfcrcncc embedding Decoder
P ™ o N
C re ) ( ¢ ) t
\\_ 4 N ___‘/
N VL Attention

g f
Recognition model \/. Encoder |
/ Tacotron 2
Text sequence

Learning latent representations for style control and transfer in end-to-end speech synthesis. ICASSP 2019.
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VAE variants

Temporal

representation learning < * Temporal Difference VAE (TD-VAE)

48
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TD-VAE

* To model temporal information

49
Temporal Difference VAE. ICLR 2019.
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TD-VAE

e State-space model as a Markov Chain model

Latent Variables

States

it

Temporal Difference VAE. ICLR 2019.
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bt : belief(a:l, c ooy ZBt) — belief(bt_l, .’Bt) bt — RNN(bt_l, {Bt)

p(wt-I-l)' - mele)' - '7mt) ~ p(wt—i-la' . '7wT|bt)

51
Temporal Difference VAE. ICLR 2019.
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logp(z) > log p(z) — Dxu(q(2|z)|p(2|z))
=K, qlogp(z|z) — Dxi(q(z|)||p(2))
q(z|z)
p(z)
= E,q[log p(z|2) — log q(z|z) + log p(2)]
= E,q[logp(z, 2) — log g(z|z)]
logp(z) > E, 4[logp(z, 2) — log q(z|z)]

= E,qlogp(z|z) — E..4log

52
Temporal Difference VAE. ICLR 2019.
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logp(:z:t |$<t)

ey e 7K P

PEKING UNIVERSITY

> B, | z)ngllog (e, 21, 2| w<t) — log q(ze-1, 2| T<t)]

E(zt 1,26)~g :logp(a:t
(2¢ 1,2¢)~q ]'ng(mt
(22 1,2)~q 108 P(t

VAR VALY,

E
E

Notice two things:

21,2, Tt) +logp(z-1, 2¢|z<t) — log q(z1-1, 2¢|T<t)]
z) + logp(zi—1|z<t) + log p(2¢|2t—1) — log q(2t—1, 2|z <t )]
z) + log p(zi_1|z<t) + log p(zt|2e-1) — log q(2¢|z<¢) — log q(2¢—1|2¢, 2 <t)]

* The red terms can be ignored according to Markov assumptions.

* The blue term is expanded according to Markov assumptions.

* The green term is expanded to include an one-step prediction back to the past as a smoothing

distribution.

53

Temporal Difference VAE. ICLR 2019.



TD-VAE
log p(@t|w<t) > E(,, | .)~gllogp(ze|2:) + log p(2—1|z<t) + log p(2¢|2e—1) — log q(zt|z<t) — log q(z—1|2¢, z<t)]

Precisely, there are four types of distributions to learn:

1. pp(.) is the decoder distribution:
x; | 2;) is the encoder by the common definition;

o p(
Pzt | 2) — pp(a: | 2);

(.) is the transition distribution:
p(z: | z:_1) captures the sequential dependency between latent variables;
p(2t | 1) = pr(z | z-1);
3. pB(.) is the belief distribution:
o Both p(24—1 | z<¢) and g(2; | £<¢) can use the belief states to predict the latent

2.

o OE o

variables;
o p(z—1 | z<t) = pB(2e-1 | be-1):
° q(z | x<t) = pB(2t | br);
4. ps(.) is the smoothing distribution:
o The back-to-past smoothing term q(2;_1 | 2, mgt) can be rewritten to be dependent of
belief states too;

°© Q(Zt—l | Zt,mgt) —>pS(Zt—1 | Zt,bt—l,bt)?
54
Temporal Difference VAE. ICLR 2019.
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To incorporate the idea of jumpy prediction, the sequential ELBO has to not only work on ¢, 4 1,
but also two distant timestamp t; < 3. Here is the final TD-VAE objective function to maximize:

Jt, 1, = Ellogpp(, |2, ) + log pp(24, |by, ) + log pr(z, |2, ) — log pB (21, |bs,) — log ps (24, |2, , bt, , bt, )]
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Summary

e Convolutional VAE

* Conditional VAE

* B-VAE

* |WAE

Ladder VAE

Progressive + Fade-in VAE

* VAE in speech

 Temporal Difference VAE (TD-VAE)

Representation learning

Hierarchical
representation learning

Temporal
representation learning

A AN S
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Thanks
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