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Deep generative models
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/
(/ Deep generative models

o Define probabilistic distributions over a set of variables
o 'Deep” means multiple layers of hidden variables!

G
:



/
(/ Early forms of deep generative models

o Hierarchical Bayesian models
aSigmoid brief nets (Neal 1992]
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ﬁ Early forms of deep generative models

o Hierarchical Bayesian models

aSigmoid brief nets neal 1992] geft)e.ra’five
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% Early forms of deep generative models

o Hierarchical Bayesian models
aSigmoid brief nets (Neal 1992]

o Neural network models
aHelmholtz machines [Dayan et al.,1995]
-- alternative inference/learning methods
-- the process, not a global math expression,
defines the model CODE UNITS
aPredictability minimization [Schmidhuber 1995]
-- alternative loss-functions
-- again, no explicit global math expression.  pata
the training procedure defines it implicitly Figure courtesy: Schmidhuber 1996

DICTIONS

:

The word “model” is here not
very rigorous anymore! o trexma@ons sz ¢ g



/
ﬁ Early forms of deep generative models

a Training of DGMs via an EM style framework
o Sampling / data augmentation

zZ=1{24,2,)}

neWNP(Zl |Z21 x)

Zq
neWNP (ZZ |Z1116W) x)

Z)
a Variational inference
log p(x) = Eq(z1x)[log pe(x,2)] —KL(qy(z|x) || p(2)) = L(6, $; x)
maxg,4L(0, P; x)
o Wake sleep
Wake: mingEg, zx) |log pg (x|2)]
Sleep: mingE, x|z |log qd,(zlx)]



; Resurgence of deep generative models

a Restricted Boltzmann machines (RBMS) (smolensky, 1986]
nBuilding blocks of deep probabilistic models

— Q\Q\Q\Q@@Qﬁ
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BRI factor: exp(v; wij hj)
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Resurgence of deep generative models

a Restricted Boltzmann machines (RBMS) (smolensky, 1986]
nBuilding blocks of deep probabilistic models

o Deep belief networks (DBNS) (Hinton et al., 2006]
aHybrid graphical model
nlnference in DBNs is problematic due to explaining away
a Deep Boltzmann Machines (DBMS) (saiakhutdinov & Hinton, 2009]
aUndirected model

Deep Belief Network Deep Boltzmann Machine
h3
WS
h?( D)
WQ
h!C D)
Wl




/
(/ Resurgence of deep generative models

a Variational autoencoders (VAES) (kingma & weling, 2014]
/ Neural Variational Inference and Learning (NVIL) mnin & Gregor, 2014]

s )
¢---F z
q¢(z|x) " / pe(x|z)
\
inference model ‘®}/ generative model
N

% 000

Figure courtesy: Kingma & Welling, 2014



/
(/ Resurgence of deep generative models

a Variational autoencoders (VAES) (kingma & weling, 2014]
/ Neural Variational Inference and Learning (NVIL) mnin & Gregor, 2014]
a Generative adversarial networks (GANS) [Goodteliow et al,. 2014]

Zgen

—|Lgen

code

Ldata

data/gen

Gg: generative model ?
Dy: discriminator



Resurgence of deep generative models

a Variational autoencoders (VAES) (kingma & weling, 2014]
/ Neural Variational Inference and Learning (NVIL) mnin & Gregor, 2014]
a Generative adversarial networks (GANS) [Goodteliow et al,. 2014]
o Generative moment matching networks (GMMNS) [Lietal., 2015; Dziugaite et al., 2015]



Resurgence of deep generative models

a Variational autoencoders (VAES) (kingma & weling, 2014]
/ Neural Variational Inference and Learning (NVIL) mnin & Gregor, 2014]
a Generative adversarial networks (GANS) [Goodteliow et al,. 2014]
o Generative moment matching networks (GMMNS) [Lietal., 2015; Dziugaite et al., 2015]
o Autoregressive neural networks

A
ORI



% Outline

o Theoretical Basis of deep generative models
o Wake sleep algorithm

o Variational autoencoders
o Generative adversarial networks

Q
Q
Q



; Synonyms in the literature

o Posterior Distribution -> Inference model

Variational approximation

Recognition model

Inference network (if parameterized as neural networks)
Recognition network (if parameterized as neural networks)
(Probabilistic) encoder

a '"The Model" (prior + conditional, or joint) -> Generative model
a The (data) likelihood model
o Generative network (if parameterized as neural networks)
a
a

U O 0 0 O

Generator
(Probabilistic) decoder



; Recap: Variational Inference

o Consider a generative model pg(x|z), and prior p(z)
o Joint distribution: pg(x,z) = pg(x|z)p(2)

o Assume variational distribution g (z]x)

a Objective: Maximize lower bound for log likelihood

log p(x)

= KL (4521 11 po(z1)) + | a (210 log 2% 2)

q¢(z|x)

Pe (x, Z)
q¢ (2]x)

> Jq(p(zlx) log
= L(6, p; x)
o Equivalently, minimize free energy

F(0,¢;x) = —logp(x) + KL(q¢(2]|x) || pe(z]x))



Recap: Variational Inference

Maximize the variational lower bound:
L(6, $; x) = Eg,(zx)log pe(x|2)] + KL(qy (z|x)||p(2))
= log p(x) — KL(q¢(z|x) || pe(z|x))
o E-step: maximize L wrt. ¢, with 0 fixed
maxg L(6, ¢; X)

o If closed form sOlutions exist:

qe (z|x) o< exp[log pe(x,2)]
o M-step: maximize £ wrt. 8, with ¢ fixed

maxg L(0, ¢; x)



% Wake Sleep Algorithm [Hinton et al., Science 1995]

o Train a separate inference model along with the generative model
o  Generally applicable to a wide range of generative models, e.g., Helmholtz machines

a Consider a generative model pg(x|z) and prior p(z)
o Joint distribution pg (x,2) = pg(x|2)p(2)
o E.g., multi-layer brief nets

o Inference model g4 (z|x)

o Maximize data log-likelihood with two steps of loss relaxation:

o Maximize the variational lower bound of log-likelihood, or equivalently, minimize the
free energy

F(6,¢;x) = —log p(x) + KL(q4(z|x) || pe(2z|x))
o Minimize a different objective (reversed KLD) wrt ¢ to ease the optimization
o Disconnect to the original variational lower bound loss

F'(0,¢; x) = —log p(x) + KL(pg(z|x) || q4(z|x))



% Wake Sleep Algorithm 52* 600

R4

X |© SO0 00O

o Free energy:

F(6,¢;x) = —logp(x) + KL(qy(z|x) || pe(z|x))
o Minimize the free energy wrt. 8 of pg =2 wake phase

maxg Eg z1x) [108 Pe(x, 2)]
o Get samples from g4 (z|x) through inference on hidden variables
o Use the samples as targets for updating the generative model pg (z|x)
o Correspond to the variational M step

[Figure courtesy: Maei’s slides] © Eric Xing @ MU, 20052020 21



% Wake Sleep Algorithm

a Free energy:
F(0,¢;x) = —logp(x) + KL(qp(2z|x) || pe(z]x))

o Minimize the free energy wrt. ¢ of g4 (z|x)

a Correspond to the variational E step maxy Eq z1x) [l0g pe(x, 2)]

o Difficulties:

. ) Po(Z, X) .
Q Optlmal Up(zlx) = fpee(z, x) dz Intractable

o High variance of direct gradient estimate VyF(6,$;x) = -+ VpEq(zx) [log pe (2, x)] + -
o Gradient estimate with the log-derivative trick:

VpEqy,llog pgl = | Vpqelogpe = | qglog pe Vylog qp = Eq,[log pg Vglog qe]
o Monte Carlo estimation:

V¢Eq¢ [1Og p@] ~ [Ezi~q¢ [log p@ (x, Zi) V¢q¢ (Zi |x)]
o The scale factor log py(x, z;) can have arbitrary large magnitude



G,
% Wake Sleep Algorithm ﬁ *o oXe)
R1* L 29

X O OO O

o Free energy:

F(0,¢; x) = —logp(x) + KL(qe(z|x) || pe(z|x))
a WS works around the difficulties with the sleep phase approximation
o Minimize the following objective = s/eep phase

F'(0,¢;x) = —logp(x) + KL(pe(z|x) || q4(z|x))

maxg E,, (2 [108 44 (2]2)] maxg B Hog pel-2)

o “Dreaming” up samples from pg(x|z) through top-down pass
o Use the samples as targets for updating the inference model

o (Recent approaches other than sleep phase are developed to reduce the
variance of gradient estimate: slides later)

[Figure courtesy: Maei’s slides] ©Eric Xing @ CMU, 20052020 23 g



; Wake Sleep Algorithm

Wake sleep
o Parametrized inference model q¢(z|x)

o Wake phase:
o0 minimize KL(qg(z|x) || pe(z]|x)) wrt. 6
0 Egy @ [Velog pe(x]2)]

o Sleep phase:
o minimize KL(pg(z|x) || q¢4(z]|x)) wrt. ¢

a Epg(z,x) [V¢log Q¢(Z, .X')]
o |low variance
o Learning with generated samples of x

o [wo objective, not guaranteed to converge

Variational EM

- Variational distribution q¢(z|x)

» Variational M step:
* minimize KL(q4(z|x) || pg(z]|x)) wrt. 6
* Eqy(ziv) [Volog pe(x|2)]

« Variational E step:
* minimize KL(q4(z|x) || pe(z|x)) wrt. ¢
* qgp x exp[log pg] if with closed-form
* VgEq,llogpe(zx)]

* need variance-reduce in practice

» Learning with real data x

« Single objective, guaranteed to converge

© Eric Xing @ CMU, 2005-2020 24
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/
{/ Variational Autoencoders (VAES)

o [Kingma & Welling, 2014]

o Use variational inference with an inference model
o Enjoy similar applicability with wake-sleep algorithm

o Generative model pg(x|z), and prior p(z)
o Joint distribution pg(x,z) = pg(x|2)p(2)

¢---t )
o Inference model g4 (z|x) 40 (z1) : / b (x]2)
inference model \‘®}/ generative model
N

~—

Figure courtesy: Kingma & Welling, 2014

© Eric Xing @ CMU, 2005-2020 25 g
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% Variational Autoencoders (VAES)

o Variational lower bound
L(6,$;x) = Eq zix)llog pe(x,2)| —KL(q4(z|x) || p(2))

a Optimize L(0, ¢; x) wrt. 8 of pg(x|2z)
o The same with the wake phase

o Optimize L(0, ¢; x) wrt. ¢ of q4(z]x)
V¢L(6, ¢, X) = ...} V¢[EQ¢(Z|X) [log pe(xlz)] + ...

o Use reparamelerization trick 1o reduce variance

o Alternatives: use control variates as in reinforcement learning [Mnih & Gregor,
2014; Paisley et al., 2012]



% Reparametrized gradient

o Optimize L(8, ¢; x) wrt. ¢ of q4(z|x)
o Recap: gradient estimate with log-derivative trick:
VpEq,llog pe(x,2)] = Eq, [log pe(x, z) Vylog qy]

o High variance: VpEq,llog pel = Ey,_g,[log po(x, 7)) Vg (2i]x)]
o The scale factor log pg (x, z;) can have arbitrary large magnitude

o gradient estimate with reparameterization trick
z~qp(zlx) & z=gu(€x), € ~ p(€)
VoEqqyzixllog pe(x,2)] = Ecoppe) [l7¢log Po (x, Zy (6))]

o (Empirically) lower variance of the gradient estimate
o Eg., z~ N(u(x),L(x)L(x)T) & €~N(0,1), z=u(lx) + L(x)e



/
{/ VAEs: algorithm

Algorithm 1 Minibatch version of the Auto-Encoding VB (AEVB) algorithm. Either of the two
SGVB estimators in section 2.3 can be used. We use settings M = 100 and L = 1 in experiments.

0, ¢ < Initialize parameters

repeat
XM « Random minibatch of M datapoints (drawn from full dataset)
€ <+ Random samples from noise distribution p(e€)

g < Vo o LM (0, ¢p; XM €) (Gradients of minibatch estimator (8))

0, ¢ + Update parameters using gradients g (e.g. SGD or Adagrad [DHS10])
until convergence of parameters (6, ¢)
return 9, ¢

[Kingma & Welling, 2014]

© Eric Xing @ CMU, 2005-2020 28 g
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4

VAEs: example results

VAEs tend to generate blurred
images due to the mode
covering behavior (more later)

Latent code interpolation and
sentences generation from
VAES [Bowman et al., 2015].

(14 29

i want to talk to you .
“o want to be with you . ”

“o do n’t want to be with you .
1 do n’t want to be with you .

she did n’t want to be with him .

2

Celebrity faces [Radford 2015]

© Eric Xing @ CMU, 2005-2020
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/
f Generative Adversarial Nets (GANS)

o [Goodfellow et al., 2014]

a Generative model x = Gg(z), z ~ p(2)
o Map noise variable z to data space x
o Define an implicit distribution over x: pg, (x)

o a stochastic process to simulate data x
o Intractable to evaluate likelihood

o Discriminator Dy (x)
o Output the probability that x came from the data rather than the generator
o No explicit inference model

o No obvious connection to previous models with inference networks like VAEs
o We will build formal connections between GANs and VAEs later



{/ Generative Adversarial Nets (GANS)

o Learning
o A minimax game between the generator and the discriminator

o Train D to maximize the probability of assigning the correct label to both
training examples and generated samples

o lrain G to fool the discriminator

maxp ,CD = Ewdiata(w) [log D<CD)] + ]E:nNG(z),sz(z) [1Og<1 o D(m»]
minG EG = Ech;(z)’sz(z) [log(l — D(w))] .

1(Rea|)
(discriminator O(fake)
real image 1(real)

— Discriminator training
— Generator training

- G
(generator)

Z - N(0,I)

P

[Figure courtesy: Kim’s slides]

fake image ©Eric Xing @ CMU, 2005-2020



/
f Generative Adversarial Nets (GANS)

o Learning
o Train G to fool the discriminator

o The original loss suffers from vanishing gradients when D is too strong
o Instead use the following in practice

1(Rea|)
. 0
 |(discriminator (fake)
real ih‘lage 1(real)

B — Discriminator training
— Generator training

- G
(generator)

Z - N(0,I)

[Figure courtesy: Kim’s slides]

fake image ©Eric Xing @ CMU, 2005-2020
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% Generative Adversarial Nets (GANS)

o Learning
o Aim to achieve equilibrium of the game
a Optimal state:

2 pg(xX) = Paara(x)

_ Pdata(x) _ 1
2 D(x) = Pdata()+pg(x) 2

1(Rea|)

\1; :’1" D
&“  |(discriminator O(fake)
real iage 1(real)

— Discriminator training
— Generator training

§—{ ot
(generator)

Z - N(0,I)

fake image

[Figure courtesy: Kim’s slides]



GANSs: example results

Generated bedrooms [Radford et al., 2016]

© Eric Xing @ CMU, 2005-2020
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The Zoo of DGMs

a Variational autoencoders (VAES) [Kingma & Welling, 2014]
o Adversarial autoencoder [Makhzani et al., 2015]
o Importance weighted autoencoder [Burda et al., 2015]
o Implicit variational autoencoder [Mescheder., 2017]

o Generative adversarial networks (GANS) [Goodfellos et al., 2014]
o InfoGAN [Chen et al., 2016]
o CycleGAN [Zhu et al., 2017]
o Wasserstein GAN [Arjovsky et al., 2017]

o Autoregressive neural networks
o PixelRNN / PixelCNN [oord et al., 2016]
o RNN (e.g., for language modeling)

o Generative moment matching networks (GMMNS) [Li et al., 2015; Dziugaite et al., 2015]
o Retricted Boltzmann Machines (RBMS) [smolensky, 1986]

© Eric Xing @ CMU, 2005-2020
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(/ Alchemy Vs Modern Chemistry

This flower has small, round violet ) This flower has small, round violet
pc:luls with a dark purple center 3z, petals with a dark purple center

N l-_m)

Generator Network

Generator Network B rosidual blocks

Discriminator Network

enas1
X
ﬂ

Leaky RelU

bi) i,‘l Pl

el sl vl G
Scangom "UNI" | VM\I“ Chvomeum
- o) 138 )

4

Y Zr ‘ Nb Mo
'«m-.m Nobmm Modytder m
| o . »nn
» T 4
Hf W
\ Kot 'wsmn Tungrsen
e ™
‘ £3-103 0 o5 |w0e

Mind Juice Media Inc. All rights reserved

"Rt b g W

© Eric Xing @ CMU, 2005-2020 36



% Outline

Q
Q
Q

o A unified view of deep generative models
o new formulations of deep generative models
o Symmetric modeling of latent and visible variables

Z Hu, Z YANG, R Salakhutdinov, E Xing,
“On Unifying Deep Generative Models”, arxiv 1706.00550

© Eric Xing @ CMU, 2005-2020 37 g
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/
f A unified view of deep generative models

a Literatures have viewed these DGM approaches as distinct model
training paradigms

Q

GANSs: achieve an equilibrium between generator and discriminator

o VAEs: maximize lower bound of the data likelihood

a Let's study a new formulation for DGMs

a
a

Connects GANs, VAEs, and other variants, under a unified view

Links them back to inference and learning of Graphical Models, and the wake-sleep
heuristic that approximates this

Provides a tool to analyze many GAN-/VAE-based algorithms
Encourages mutual exchange of ideas from each individual class of models



Generative Adversarial Nets (GANSs):

a Implicit distribution over x ~ pg (x|y)

_ JPgo (x) y=20
pe(m’y) B {pdata(w) Yy = L.

0 X ~Dpg,(x) & x=06y(2), z~p(zly =0)

0 X ~ Pgara(X)
o the code space of z is degenerated

o sample directly from data

Zgen

Lgen

Ldata

(distribution of real images)

code data/gen

g @

(distribution of generated images)

3



/
{/ A new formulation

o Rewrite GAN objectives in the "variational-EM” format
o Recap: conventional formulation:
maxep Lo = Eu—Gy(2),zmp(zly=0) 108(1 — Dg(x))] + Egnpyy, (z) [10g Dy ()]
maxg Lo = Ep—qy(2),zop(z|y=0) [108 D ()] + Expyoa (@) l0g(1 — Dy(x))]
= Ez—Gy(2),2~p(z|y=0) 108 Dy (x)]

a Rewrite in the new form q("")(y|gg)
e ¢
o Implicit distribution over x ~ pg(x|y)
x = Gg(z), z ~ p(zly)
o Discriminator distribution g4 (y|x) .
qp(V|x) = q4(1 —y|x) (reverse) ¥ ‘
q
peo(x|y)

maxe Lo = Ep, (a|y)p(y) 108 96 (y[2)]
maxg Lo = Ep, (ly)p(y) [108 45 (y|T)]



% GANSs vs. Variational EM

Variational EM GAN

o Objectives o Objectives

maxgLy,e = Eq, (21 [10g o (x12)] + KL (44 (212 |p(2))
maxgLgye = Eqy 2108 Pa(x]2)] + KL (qu(le)llP(Z))

o Single objective for both 8 and ¢
o Extra prior regularization by p(z)

o The reconstruction term: maximize the theoretic view

o Two objectives

maxg L¢ = Epe(mly)p(y) log d¢ (y])]
maxg Lo = Ep, (@]y)p(y) [108 q;;(y\a:)]

o Have global optimal state in the game

conditional log-likelihood of x with the o The objectives: maximize the conditional

generative distribution pg(x|z)
conditioning on the |latent code z inferred
by g4 (z]x)

log-likelihood of y (or 1 — y) with the
distribution g4 (y[x) conditioning on
data/generation x inferred by pa(x|y)

& 0

0 pg(x|z) is the generative model
0 ge(z|x) is the inference model

o Interpret g4 (y|x) as the generative model
o Interpret pga(x]y) as the inferermecerrieeel




* Interpret x as latent variables

% L * Interpret generation of x as
GANSs vs. Variational EM

performing inference over latent

In VEM, we minimize the following:

- F(8,; %) = —log p(x) + KL (q4(zlx) || pe(21x))
Variational EM GAN

- K] (inference model ! pne’rerinr)

o Objectives o Objectives

maxgLy,e = Eq, (21 [10g o (x12)] + KL (44 (212 |p(2))

maxg Lo = Ep, (a)y)p(y) [108 90 (y]2)]
maxgLgye = Eqy 2108 Pa(x]2)] + KL (qu(le)llP(Z))

maxg Lo = By, (@ly)p(y) [108 05 (y]2)]
o Single objective for both 8 and ¢ o Two objectives

o Extra prior regularization by p(z) o Have global optimal state in the game
o The reconstruction term: maximize the theoretic view

conditional log-likelihood of x with the o The objectives: maximize the conditional

generative distribution pg(x|2) log-likelihood of y (or 1 —y) with the
conditioning on the |latent code z inferred distribution g4 (y|x) conditioning on

by g4 (z]x) data/generation x inferred by pg(x]y)

0 pg(x|z) is the generative model o Interpret g4 (y|x) as the generative model
0 ge(z|x) is the inference model o Interpret pg(x|y) as the inferemecesrritreel g




/
(/ GANSs: minimizing KLD

o As in Variational EM, we can further rewrite in the form of minimizing KLD
to reveal more insights into the optimization problem

a For each optimization step of pg(x|y) at point (68 = 8,, ¢ = ¢y), let
o p(y): uniform prior distribution

0 pe=s,(®) = Ep(y)|Pe=a, x1¥)]
0 q"(xly) < qg-p (vIX)Pg=g, (%)

o Lemma 7. The updates of 8 at 8, have

Vo s Epo(@ly)p(y) [log Qp=p, (y\w)} ] ‘«9:90 B

Vo |Ep) [KL (po(@ly) la" (@[y))] = ISD (pa(aly = 0)|po(aly = 1)) |

o KL: KL divergence
o JSD: Jensen-shannon divergence

0—0,



; GANSs: minimizing KLD

o Lemma 7. The updates of 8 at 8, have

Vo - Epe (29)p() [log Q=g (y\w)} } ‘9:90 -

Vo By KL (po(@19) 4" ([y))] ~ ISD (po(aly = 0) [po(ly = 1)) |

60=0,

o Connection to variational inference

See x as latent variables, y as visible

Pe=p,(x): prior distribution

q" (x|y) « q},’,zd,o(ylx)pg:go (x) : posterior distribution
pe(x|y): variational distribution
o Amortized inference: updates model parameter 6

o Suggests relations to VAEs, as we will explore shortly

In VEM, we minimize the following:
F(8,¢;x) = —log p(x) + KL (qg(z1x) || pe(zlx))

o 0O O O

© Eric Xing @ CMU, 2005-2020 44 g
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% GANs: minimizing KLD

Po=9, Xy = 1) = Paata (X)  Po=g, Xy = 0) = pg,_, ()

Po=gnew (xly = O) = pgezgnew (x)

P

-
——————

o Minimizing the KLD drives pg, (x) 10 paata (X)

a By definition: pg=g, (x) = Ep()|Pe=e, *|y)| = (ngzeo(x) + pdata(x)) / 2

0 KL(pg(xly = DIlq" (x]ly = 1)) = KL(paata(®¥)11q" (x|y = 1)) : constant, no free
parameters

0 KL(pe(xly = 0)[|q" (x]y = 0)) = KL(pg,(x)||q" (x|y = 0)) : parameter 6 to ootimize
ixlv = 0) o o — 0 1 (v]2)
0 q"(xly =0) < qgp=¢ (¥ = 0[x)ps=g, (x)
0 seen as a mixture of Pgo-s, (x) and pggiq(x) . ;
o mixing weights induced from qg_ (v = 0]x) 4<§9(w|y)
o Drives pg,(x|y) to mixture of Pgo-o, (x) and pgaqeq (X)

> Dr|veS pg@ (x) to pdata (x) © Eric Xing @ CMU, 20052020 45 Lg



% GANSs: minimizing KLD

Po=9, Xy = 1) = Paata (X)  Po=g, (Xly = 0) = pg,_, (%)

|:> - PB:Q"BW_(xW =0) =pg,_mew X)
missed mode ,’I S\ /! \\
-~ x _______ r/ o =
*Missing mode phenomena of GANs KL (py GOl1g" Gxly = 0))
* Asymmetry of KLD Dg,(X)
« Concentrates pg(x]y = 0) to large modes of - fpge(x) log ey = 0) ¥
q" (x]y)
= Dy, (x) misses modes of pygeq (%) * Large positive contribution to the KLI_D in the
.S " £ JSD regions of x space where ¢" (x|y = 0) is small,
ymmetry o _ unless p, (x) is also small
e DOeS Nnot affeCt the behaVIOI’ Of mOde . = Pgg (X) tends to avoid regions where
MmISSIiNg q" (x|y = 0) is small

© Eric Xing @ CMU, 2005-2020 46 Lg



(/ Recap: conventional formulation of VAEs

a Objective:

maxenﬁvae = Epoia(a) [Eqn(zm) log pg(x|z)] — KL(g,(z|x)||p(= ))}

o p(z): prior over z

0 pg(x|z): generative model

0 gn(z|x). inference model

o Only uses real examples from pgq:q(x), lacks adversarial mechanism

a To align with GANs, let’s introduce the real/fake indicator y and
adversarial discriminator



/
{/ VAEs: new formulation

o Assume a perfect discriminator q.(y|x)
o q.(y=1|x) =1if xisreal examples
o q.(y =0]|x) =1Iif xis generated samples
o g (%) == q.(1 —y|x)

a Generative distribution

S A

o Letpg(z,ylx) x pg(x|z, y)p(zly)p(y)
a Lemma 2

i =2 Ep, (@) |Bq, (zlzy)q” (v]e) 108 Do (|2, y)] — KL(qy (2|2, y)qk (y|)|Ip(2]|y)p(y))]
=2-E =KL (q, (2|2, y)q: (y|z)||lpe (2, y|z))]

Pog (CB)



% GANs vs VAEs side by side o (z,y1x) x pg(x|z, y)p(z|y)p(y)

GANs (InfoGAN) VAEs
Generative Py, (T) y=20 po(x|z) y=0
distribution po(xly) = {pzata(m) y = 1. po(T|2,y) = {pzam(w) y = 1.
D(;?;Tig‘;?iitr?r e (v]x) q.(y|x), perfect, degenerated
Z'irr:f):jeer;ce q,(z|x,y) of InfoGAN Gy (z]x, y)

- ' r A
KLD to ming KL (pg (x1y) |1 4" (x12,)) | mingKL (g, (zlx, )l (v12) || Po (2, y12),

minimize

~ mingKL(Pg || Q) ~mingKL(Q || Pp)
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% GANSs vs VAEs side by side

GANSs (InfoGAN) VAEs
KLD to ming KL (pe(x|y) || ¢"(x|z,¥))  |mingKL(q,(z|x,y)q: (y|x) || pe(z, ¥|x))
minimize ~ mingKL(Pg || Q) ~mingKL(Q || Py)

« Asymmetry of KLDs inspires combination of GANs and VAEs
« GANSs: mingKL(Pg||Q) tends to missing mode
* VAEs: mingKL(Q||Pg) tends to cover regions with small values of pi4tq

[Figure courtesy: PRML] Mode covering Mode missing



/
{/ Link back to wake sleep algorithm

o Denote
o Latent variables h
o Parameters 4

o Recap: wake sleep algorithm

Wake :  maxg Eq, (h|2)pyeia (@) (108 Po(z|h)]
Sleep . maxy Epe (x|h)p(h) [log Q)\(h|£13)]



VAEs vs. Wake-sleep

o Wake sleep algorithm
Wake : maxeg EQA(hIw)pdata<w) [logpg (a:\h)]

Sleep : maxy Epe(m|h)p(h) [log Q)\(h‘a))]
o Lethbez andAben

= maxg By (z@)paas. (@) 108 Pe(T|2)], recovers VAE objective of optimizing @
o VAEs extend wake phase by also learning the inference model (n)

maxe,n E;ﬁ‘% = Eq, z12)paata (@) log pg(z|2)] —Epata () [KL(qy(2|z)|lp(2))]

Minimize the KLD in the original variational free energy wrt. i

Stick to minimizing the wake-phase KLD wrt. both @ and n

Do not involve sleep-phase objective

Recall: sleep phase minimizes the reverse KLD in the variational free energy

O 0 0O O



GANs vs. Wake-sleep

o Wake sleep algorithm
Wake : Imaxeg EQA(h|w)pdata<w) [logpg (a:\h)]
Sleep . maxy Epe(m|h)p(h) [log Q)\(h‘a))]
o Let h bey,and A be ¢
= maxg Ep, (zy)p(y) 108 g6 (y|T)], recovers GAN objective of optimizing ¢

o GANSs extend sleep phase by also learning the generative model (0)

Directly extending sleep phase: maxg Lo = Ep, (z)y)p(y) 108 76 (y|2)]

GANs: | | | maxg Lo = Ep, (aly)p(y) 108 05 (y|z)]
The only difference is replacing g4 with q},’,

This is where adversarial mechanism come about !
GANSs stick to minimizing the sleep-phase KLD
Do not involve wake-phase objective

O 0O 0 0 0 O



% Conclusions

Z Hu, Z YANG, R Salakhutdinov, E Xing,
“On Unifying Deep Generative Models”, arxiv 1706.00550

o Deep generative models research have a long history
o Deep belief nets / Helmholtz machines / Predictability Minimization / ...

o Unification of deep generative models

o GANs and VAEs are essentially minimizing KLD in opposite directions
o Extends two phases of classic wake sleep algorithm, respectively

o A general formulation framework useful for
o Analyzing broad class of existing DGM and variants: ADA/InfoGAN/Joint-models/...

o Inspiring new models and algorithms by borrowing ideas across research fields
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