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Housekeeping

® Mid-term exam
® December 5th (Saturday) [Topics covered up to Dec 2nd]
® Mode of exam
v/ Time to respond - 3 hours

e Exam paper uploaded in Teams Channel and response (photo-scanned and
uploaded in your folder).

e Open book, open notes
* Strictly no online communication or help sought.

*x Academic integrity and ethics strongly followed.




Recap of previous class




Variational auto encoders

® The data X and latent variable Z

® The forward model
v Sample the latent variable
v Sample the data given the latent 1), (X|Z)

® The marginal distribution / po(x|2)pe(z)dz

v/ maybe intractable

8 The posterior distribution g (Z | X)

®may also be intractable




Variational auto encoders

® Approximate the posterior

¢ (Z|x) ~ po(z]X)

® Using variational lower bound.




Variational lower bound
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Variational lower bound

A

O.é KL(q¢(Z‘X)‘|p9(Z|X)) — /C]gb(Z‘X)lOQZjEj 23

CV¢(ZI:)\) ~ PQ(Z/?() :@/ Q¢(Z|X)ZOQZZEZ X;
- _/ng(zx)lo@

Po\X, Z
- —/Q¢(Z|X)l09 ’ )

@But K L(gs(z[x)[|ps(z]x)) = 0

E9:309 Advanced Deep Learning



Variational lower bound %3 'Pg("‘) -~ L (% -,gb,@)

® Defining the variational lower bound —
X, Z ) ' po(x,2) |
L(x;¢,0) = / q¢(z|x)logp9( ) dz = E, (log Po(X, 2) )
A~ qqg(Z‘X) — _QQS(Z‘X)_
v Called ELBO (evidence lower bound of the data) /“

L(x; ¢,0) = log pe(x) — K L(qe(z|x)||pe(z]x))

o Maximizing the lower bound #— ﬁy‘ wwml ‘W\.w‘.u

* Maximizes the log likelihood of the data

*x Minimized the KL divergence between the true posterior
distribution and appromixation.




Variational lower bound

® Variational lower bound properties - can be split two terms

L(x; ¢, 0) = Eq (lOQ _pQ(X‘:;)_) %@é 'Q-Og PQ(%)

AN qe(2]x)

&
=K L(q4(z|x)||pe(2)) + E, (lag pQ(X|Z)>

\/V\/

® Can be split into two termi " W)










Reparameterization | Chan g of Vonladolea)

® Take a random variable independent of the [data and parameters

e ~ p(€) p(e) [

W\/ m

® Transiorm the random variable to the latent variable with parameters
“) A
€, ¢7 X Q/&Z/‘)() J;qu; )
v Gion

® Now the gradient computation of the expectation can be simplified.

\I\I\

v/ Decoupling the sampling and the gradient computations on the term
involving .
Ly | log po(x|z)




Reparameterization

Original form Reparameterized form

< Backprogl I
V. f

: Deterministic node — : Evaluation of {

v
. : Random node =g : Differentiation of f




Assumptions and Approximations fw VAE
~—~ — —

L(x;¢,0)

® Assume

e (z|Xx) =
A\

e

= K L(q4(2|x)||pe(2)) +

N (z; p(x), o (x)

® The conditional distribution

pe(X|z) =
o~

N £ >‘/>

vw /om\m’\LMU\

OF (lf)g pe(XIZ)>

po(z) = N(z;0,1) [:Slzano\aﬁlo\ Grouan)

[ fundhom DF 4“%‘"]

A - [ o 5}




Assumptions and Approximations

/
L(x; 6,8) =K L(gs (1) Ips (2))|+ E, (wg po(x2)

o (Z

® The KL divergence

v Between two Gaussians




Assumptions and Approximations — N8E

L(x;¢,0) =

® Computing the lower bound

v Expectation |E, | log py(x|z)

e approximated as single sample estimate from the Gaussian.

e WIill be equivalent of the reconstruction error













The algorithm

IX — f(2)

ik
/(2)

i\

v Decoder

P KLN (1(X), 2(X))[IV(0, I)]
KLN (1(X), B(X))[IV(0, I)] | A -

Sample z from N (u(X), X (X))

q/¢(2(m)

Sample € from N (0, I)
/




The VAE model

Datapoint

Inference Model am Generative Model
- — —_—

a(zx) b(x,2)

NS

Objective
ELBO = log p(x,z) - log q(z|x)




The big picture
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Some examples




Visualizing the latent space

round 1: train in latent space
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Visualizing the latent

- Ankle boot
- Bag

- Snheaker

- Shirt

- Sandal

- Coat

- Dress
- Pullover

- Trouser

I- T-shirt




More examples
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(b) 5-D latent space (c) 10-D latent space (d) 20-D latent space

(a) 2-D latent space

Kingma, Diederik P., and Max Welling. "Auto-encoding variational

bayes." arXiv preprint arXiv:1312.6114 (2013).

®Reading




