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Problem class

» Directed graphical model:

X : observed variable g é é}
z : latent variables (continuous)
0 : model parameters

De(X,2): joint PDF g g g 5 g

« Factorized, differentiable

- Goal: learning parameters 0
- Requires inference over latent variables pg(z|x)

- Hard case: intractable posterior distribution pe(z|x)
e.g. neural nets as components

« We propose a method for fast approximate posterior inference per datapoint
- After inference, learning params is easy
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Gradients of log-posterior

« Gradients of log-posterior

po(z|x) = pe(x,2)/pe(x)
po(2z|x) x po(x,2)
Vzlogpe(z|x) = V,logpe(x,2z)
=) V.logpe(xjlpa(x;)) + Y  Valogpe(z;|pa(z;))

Xj Zj

Conditionals can be given
by feedforward neural networks
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Gradient-based Approximate
Inference/Learning methods

- MCMC / Monte Carlo EM

- often too slow / scaling issues
- Wake-Sleep

* Improper
- Pure MAP / Maximization?

« Heavlilyoverfitswith high dimensiona&'
- Stochastic Variational Inference

- Fit approximate posteriqg(z|x)
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Auto-Encoding Variational Bayes

|dea:

- Fit an approximate the posterior
. q(p(z|x) with 'variational parameters' ¢

e one-shot approximate inference

- Construct estimator of the variational lower bound
which we can optimize jointly w.r.t. ¢ jointly with 0

-> Stochastic gradient ascent
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Variational Lower Bound of the marg. lik.

lngg (X) — KL(QZ|X‘ ‘pz|x) + L(ea ¢; X>

where ( Qb, ) q¢(z|x) logpg(x,z) — lOg QC]b(Z‘X))
= Egy(21%) [0,0(2)]
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Monte Carlo estimator
of the variational bound

L

1
L0, ;%) = Eqy,(a)x) [fo,0(2 LZfe,qb z(")

where 2z ~ gy(z|x) (samples)

Can we differentiate through the sampling process w.r.t. @ ?
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Key reparameterization trick

Construct samples z ~ g _(z|x) in two steps:

1. € ~p(g) (random seed independent of @)
2. z=d(o, €, x) (differentiable perturbation)

such that z ~ q(p(z|x) (the correct distribution)

Examples:
- if g(z|x) ~ N(p(x), o(x)"2)
e ~ N(O,I)

Zz=u(x)+0o(x)*¢e
- (approximate) Inverse CDF
- Much more possibilities (see paper)
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SGVB estimator

£(8, %) — / 10(2) [log po(x. 2) — log 4(2)] dz

Z (logpg x,z) — log q¢(z<l)))

where € ~ p(e) (samples from noise variable)

2 = g(e, ¢)
(such that 2z ~ gg(z))

Really simple and appropriate for differentiation w.r.t. ¢ and 0!
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Auto-Encoding Variational Bayes
Online algorithm

repeat

X < random datapoint or minibatch

€ < sample from p(e€)

go,9¢ < v9,¢ 2(97¢;Xag(€7¢)) -®
00+ a-ge

P o+ a- gy

until convergence

Scales to very large datasets!

D . P K| N g ma UNIVERSITEIT VAN AMSTERDAM 10



Model used in experiments

pe(x|z) = N(u(z),o(z)I)

qp(2[x) = N (u(x), o (x)I)

L(6, ¢;x) = log pa(x|z")) + log pe(2")) — log q¢ (2 |x)

(noisy) negative reconstruction error regularization terms

where 2V ~ g4(z|x)
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Variational auto-encoder

injected noise {(

D.P. Kingma

p(z) and p(x|z)
(decoder)

q(z|x) = Ni,o)
(encoder)
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Results: Marginal log-likelihood

—-100 trmn — 1000 ~125 | tTam ‘_ 50000 |
3 _110 —-130} .
o _135 — Wake-Sleep (train)
E -120 - = Wake-Sleep (test)
= —-140 — MCEM (train)
S 130 . - - MCEM (test)
= ) — SGVB (train)
£ 140
o —150 - = SGVB (test)
(0]
=
—-160 ~160
0 10 20 30 40 50 60 0 10 20 30
# Training samples evaluated (millions)
Monte Carlo EM does not
scale well to large datasets
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2D Latent space: MNIST
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z2
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3D latent space: MNIST

X
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Time: z3
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Samples from MNIST
(simple ancestral sampling)
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(c) 10-D latent space (d) 20-D latent space
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(a) 2-D latent space
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2D Latent space: Frey Face

ARAAAAAR
72 ﬁ&, 31 Q:‘;ﬁﬁﬁﬂ' ¥

%"h;xmﬁfgﬁﬂ' %

19



O
O
O_
&
T O |
= =
—
=S
D o
L C
o
S O
)
5
O
af
L o
- O
D O
O & |
O ©
h_aS
-
O
O
C
(©
e
N’

-,

k



D . P K| n g m a UNIVERSITEIT VAN AMSTERDAM




Semi-Supervised Learning
and Analogy making

“Semi-Supervised Learning with Deep Generative Models
http://arxiv.org/abs/1406.5298

o
: L //:\

p(x,.2) = p(y) p(z) p(xly.z)

a(y.zx) = q(ylx) q(zly.x)

//\\

y \}_{/},/

Table 1: Semi-supervised classification on MNIST with 100, 600 and 1000 labeled samples.
Niabelea | NN SVM CNN TSVM EmbNN CAE MTC | Ml M2
100 2581 2344 2298 16.81 16.86 1347 1203 | 11.82(+0.25) 11.97(£1.71)
600 1144 B.85 7.68 6.16 597 6.3 5.13 572 (£ 0.049) 4.94(+0.13)
1000 10.7 5dl 6.45 5.38 2 MK 4.77 3.64 4.24 (= 0.07) 3.60 (£ 0.56)
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Analogy Making
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3. Model generates remaining classes
with same style

2. Model infers digit class and style

1. Human writes digit
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Potential applications

* Representation learning
* Deep generative models of images, video, audio
» Optimal compression (bits-back coding)
* Broader applications of SGVB estimator:
e.g. learning posterior of the global parameters

* Also see very recent paper:
“Stochastic Back-propagation and Variational Inference in Deep
Latent Gaussian Models”
[Danilo J. Rezende, Shakir Mohamed, Daan wierstra, 2014]
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Conclusion

* Auto-Encoding Variational Bayes

- Applies to almost any directed model with continuous latent
variables

- Optimizes a lower bound of the marginal likelihood
- Scales to very large datasets

- Simple

- Fast

Thanks!
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https://github.com/y0ast/Variational-Autoencoder.git
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