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Introduction to Variational AutoEncoders

Generative Models

A model that can sample from a

learned distribution

KingmaandWelling 20141

Razavi et al 20191



In some generative models samples are

generated by a net applied to a random

latent code

µ X Gf random
deterministic

faotdEent samplerimage induced random

typically Z Nro.tl high dimensional Variable

typically low dimensional

Autoencoders

Autoencodors attempt
to reconstruct input
signalsimages by
learning mappings to
and from a code

Want X DfE rxlkX



Motif EIl DorEor kill wi Exif nisdatase

A plain autoencoder is not a generative model

as it does not define a distribution

Traininatentdimensionalgenerative model

bylikelihooet

Given data Xi o n
train a gen model

to maximize the likelihood of the observed data

X
If gen model

Go RETIRE wind 1
then p x 0 almost Everywhere

Range G

So can't directly optimize likelihood

To have nonzero likelihood Everywhere

define noisy observation model

Parul Z NIX Golz MI

Under a simple prior przl this induces



a joint distribution pork Z

Now prXl f PrziprXIzldz
I

intractable to Evaluate at each iteration

optimize a lower bound instead

Variationallower Bound

Setup
Data generated by

2 n p z prior
X pgfXlZ flow dim

inference synthesis
Use qy zit as

proxy for po.CZ IX

high dim

Kingma and Welling 2019



Find3 lower bound to pour

dog Parti IE log peril IE log PIXIE
2 qfZlX znqrz1 Po fZ IX
y 7

T.IE tslEiEFn.g7IfI
zEqznlos I tea in

Lay ft Died9421411Poem
Variational Lower Bound NLB
Evidence lower boundCELBO

Define Died911101 LEgeog95ft

Note Dk 911 pl t Dm 1191

Measure of how far p is from q

Dk EMP 10 and is O iff p _g

So logpo.rxlldEqzwh.PEIFTu Lo erxi



Interpretation B
Lo.ie zEqzweogPoiTETu EqrzfgPoHZiPgfEI

zEqrzwlosPoNHtLEq fosqf x

reconstruction Error regularization

first term Poul Zl N x Goel MII
logPautz 4,11X Gorzilftconstant

so
EzqlogPatrizi is Expected lzreconstruction Error

Under the Encoder model

Maximizing VLB Encourages qy to be pointmas

Second term LIZ fog Dufferzixillpell

So maximizing VLB Lay pushes EyfEIX
toward PRZI Prevents qy from beinga point mass

Makes Epr 2 1 1 more like standard normal



Maximizing VLB Lay
Roughly maximizes PIX
Minimizes KL divergence of qyfzlxlandpo.CZ Xl
making Ey better

Main
Idea Instead of optimizing logpocket

optimize LoylXil
w LoylW LEqrz dos PETTIT

Optimizing Variational Lower Bound

Faf Laertes

one possibility
for Each Xi find best

Ey Z1 Xi by multiple gradient
steps in 4 Then gradient ascend
in Q

Expensive inference updates



Instead

Amortize the inference costs

by learning an inference net

turn E w

qfzixl Nfzinrxl.grxD
or OWI

Parameters of inference model
are shared between data points

Variational Autoencoder architecture
Encoder decoder

DD Do
T
E

random C parameterization
noise trick

Separate random
source from diff'able
quantities



StochasticGradientoptimizationLB

Dataset D Xi I n

solve Mff Loietti
w Loerw tzEqrznl9PqIE

Computing To y Longxi is intractable

but there are unbiased Estimators

Easy to get unbiased Po Lo yoo

Po LoyrXl To Eaggzwflog Ponzi logEgrzix

IE Podog Park Z
2 Ey

TologPork z w 2 Eyrzix
unbiased Estimate



Not as Easy to get unbiased Ty Lane

Ty LoyrXl TyEznqpzwflogporxizllogqfzixftIETyflogpo.CI Zi dogEgrzin
2 Ey

Recall qyfzixl NIZjmrxho.ru II
Mex tort E WE No I

Ley Xl Eqyrz flog Porno logEyrzixi

IE flogPort z logEyfzixl
E pre

Form Estimator of apex as
qy Xl by

E pre
z ieyrxltoyrxlE gry.ME
Io ph l logPorKiZl logEyfZIX



Unbiased Estimate of Ty Laurel8

Ty L'a ertl

Note ftp.ohoierw Lo.yrw

So IEprepytio.erw hefprohi teho.ie

Optimize UAE parameters w stochastic

gradients

Can Extend models to be more sophisticated

Eg E X vs OIA as inference model

Key points
optimize a lower bound to likelihood

lower bound has terms for reconstruction
and for regularization

maintain an inference model for Z IX
in place of intractable true distribution



reparametorization trick allows
backpropagating on mean and variance

of inference model

VAEs have been trained with
photorealistic outputs


