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VARIATIONAL INFERENCE



Variational Inference

* Problem Definition @_m]

— Observable Data: X = {931; Ly veey ﬂfm}

— Hidden Variable: z = {21, 20, ..., 2, } @n
— Posterior Distribution of hidden variable given
some data:
p(z,X) p(x|z)p(2)

PER) = ") = To(xlz)p(e)da

Intractable to compute



Variational Inference

» Approximate p(z|x) by q¢(z)
* Minimize the KL Divergence:

= z)1o 1(2) Z
Drcla(2)|p(zlx)] = / o(Dlog 1 7

z|x)



Evidence Lower Bound

Dicla(a)lp(alx)) = [ ata)log-27-ds

o) p(zlx)

= 2)log B2

—/Q( )log p(z, %) d

- /q(z)logp?z(;zi) dz-l—/q(z)logp(x)dz

— /q(z)(lagq(z) — logp(z, x))dz + logp(x)

= —(Ey(2) [logp(z,x)| — Eq(z)[logg(z)]) + logp(x)

N _/
V

L{q(z)]




Evidence Lower Bound

Dgrlq(z)||p(z|x)] = —L|gq(z)] + logp(x)

| logp(x) = Diczla(=)]lp(z/x)] + Lia(2)) |

Minimize Dgklq(z)||p(z|x)]

Is equal to Maximize L[q(z))]



VARIATIONAL AUTOENCODER



Introduction

* Generative modeling

— Producing more examples that are like those already
in a database, e.g.

* Take in a database of 3D models of something like plants and
produce more of them to fill a forest in a video game

* Take handwritten text and try to produce more handwritten
text
— Get examples X distributed according to some
unknown distribution P ,(X), and our goal is to learn
a model P which we can sample from, such that P is
as similar as possible to P,



Variational Autoencoder

Observable Data: X = {x(l),x(z), ---,x(N)}

Assume that the data are generated by some random
process, involving an unobserved continuous random
variable z

The process consists of two steps:

— 1. z~py(2)

— 2. x|z~py(x|2)

Introduce a recognition model q4(z|x): an
approximation to the intractable true posterior p4(z|x)



Variational Autoencoder

Marginal Likelihood: L122P(9) = Drcrla(2)|p(z}x)] + Lla(2)] |

log po(x) = D r|gs(z|x)|[pe(z[x)] + L(0, ¢, %)

Variational Lower Bound:
L(ﬂ' o} X) — Eq@u_(z|x) [IDng}(X, Z) - logqqg,(z\x)]
— L, (z]x) [Iﬂgpg(Z) + lﬂgpg (X‘Z) - IDgQ¢(Z|X)]

CUR——

= F

46 (2]x) ﬂog

= — D1 [gs( \ x)1P0(2)] + Egy s llogpo (x12)]



Monte Carlo Gradient Estimator

Gradient of £(0, ¢, X) contains VeE,, (z}x)[logps (x|z)]
which is Intractable

Use Monte Carlo Gradient Estimator :

VoE, wlf(2)] = Vs / 15(2) f (2)dz

= | g.(z zv‘i}gd’(z)z = z) f(z)V . ]logqg.(z)dz
[ w1 e [ 46@)1(@) slogas (2

= Eq¢{z}[f( )Vglog %(3)]

f(z)Vgloggs(z'") where zV) ~ ¢4(z)



Objective Function

L(0,¢,x") = —=DiLlqy(2x")||pg(2)] + E,, (5x0)) [logpe(x'”|2)]

Monte Carlo Gradient Estimator

L(0,¢,x") = =D [gs (2|x"")[[ps (2)] + — Zlﬂgﬁ (x"]z0)

Given multiple datapoints from a dataset X with N datapomts, we can construct
an estimator of the marginal likelihood lower bound of the full dataset, based on
minibatches:

£(0.¢:X) ~ £(0,6: X) = 1;211{9@:{ )



Reparameterization Trick

auxiliary variable

inapla) Oy TP

deterministic variable

Z = Q‘@(Ee X)

Example:

e ~N(0,1)
2~ plele) = N o) )

zZ=u+ o€




Reparameterization Trick

Decoder

()

I[\

HICLIN (i X ), (X)) .:J.'l_L ||




Reparameterization Trick

[

26D — () 4 () @ O
> 4 ﬁ

Encoder ~ Decoder
Networks Networks
q4(z|x) po(x|z)

Kl) x ()

zﬂ)




VAE
E‘(H:qﬁ’a x{i]) — —D}{L[q{ﬁ,(ZlK ”pﬁ’ Zlﬂgp ( }lz ”})

gy (2|x") = N (z, ¥, 0>T)
jpg(z) — N(Z.}.O,I)

J L
L0, 6,xV) = Zl+lng ,uj : Zlﬂgp (xD|z(D)
Regularization Reconstruction
Error

Let J be the dimensionality of z



Training

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 Vgﬁ,ﬁﬁ"f(ﬂ, ¢; XM €) (Gradients of minibatch estimator @)
0, ¢ + Update parameters using gradients g (e.g. SGD or Adagrad [DHS10])
until convergence of parameters (6, ¢)
return 0, ¢




EXPERIMENTS



Experiments
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(b) Learned MNIST manifold

(a) Learned Frey Face manifold

values of the latent variables z. For each of these values z, we plotted the corresponding generative

dinates on the unit square were transformed through the inverse CDF of the Gaussian to produce
pe(x|z) with the learned parameters 6.

Figure 4: Visualisations of learned data manifold for generative models with two-dimensional latent
space, learned with AEVB. Since the prior of the latent space is Gaussian, linearly spaced coor-



Experiments
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{c) 10-D latent space {d) 20-D latent space

(b} 5-D latent space

{a) 2-D latent space

Figure 5: Random samples from learned generative models of MNIST for different dimensionalities

of latent space.



