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Start with a training example x;.

Map it to a distribution g4 (z|x;) in the latent space.
Sample a point z from q4 (z]x;).

Map z back to a distribution pg(x|z) in the data space.
We want pg(x|z) to match x; as much as possible.
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1 The gradient VL5 is straightforward compute
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where zj = pz(x;, @) + 02(xi, #) © ek, and e, ~ N(0,1).

I We have discussed how to compute the gradient Vg 4L. Using the gradient, we can
estimate 6 and ¢ simultaneously using gradient ascent.

I The hyperparameter K is usually set to 1.
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= log p(x) — E;q(z|x)[log p(2|x)] + Dke(q(z[x)||p(2))

Therefore,
E;~q(z|x)[log P(z]x)] — Dki(a(z|x)[|p(2)) < log p(x)

The LHS is called the variational lower bound (VLB) or the evidence lower bound (ELBO) of
the per-sample loglilihood log p(x) Equality holds when q(z|x) = p(z|x).
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where the values of z are sampled from the prior p(z). Those values do not depend on x;
and negligible probabilities to x;. The RHS is a poor approximation of log pg(x;).

m Here is the VAE objective function is a lower bound of log pg(x;):
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where the values of z;, are sampled in such a way that they depend upon x;. Those values
usually give high probabilities to x;. The LHS is a better approximation (lower bound) of

log po (x;).



