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Algorithm 1: Stochastic optimization of the ELBO. Since noise
originates from both the minibatch sampling and sampling of p(e€),
this is a doubly stochastic optimization procedure. We also refer
to this procedure as the Auto-Encoding Variational Bayes (AEVB)
algorithm.
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s X E%mIEss (Adversarial AE, AAE) : FEAXTHLE
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Adversarial Autoencoder
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el

-

Exrp,x)[—10g p(x)] < Ex[Eqzx)[—log p(x|2)]] — Ex [Z logo;(x))] + Eyz)[—log p(z)] + const.

= Reconstruction — Entropy + CrossEntropy(g(z), p(z))
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Thanks!

Questions?
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