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VAE Loss

intractable |logpg(x) Rewrite log likelihood by latent z

= E.vq2) [10gp0(37|z)] g Dyy (Q(Z)HPO(Z)) +H Dk (Q(Z)||pe(z|$))

intractable



VAE Loss

intractable logpg(a:)—DKL(q(z)||p9(z|x)) intractable

= |Eong(e) | logpo(e]2) | - D (a(2)Ipo(2))
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* Thisis called Evidence Lower Bound (ELBO)
* Lower bound of log py(z)

 This equation holds for any distribution ¢(z)



VAE Loss

qs(z|x) qs(2z)  p(2)
E. i | 108 Po(e12) ||~ Dic (760 1Pr4) )

 This is called Evidence Lower Bound (ELBO)
* Lower bound of log py(x)

* This equation holds for any distribution ¢(z2)

* Parameterize q(z) by g,(z|z)
* let py(z) be a simple known prior p(z)



VAE Loss

£0,6(8) = ~Eangy (el | log po(2]2) | +Drc (a6(212)]Ip(2))
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(b) Learned MNIST manifold

(a) Learned Frey Face manifold



