Module 19.6: Computing the gradient of the log
likelihood
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o How do we compute these expectations?
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o How do we compute these expectations?

0Z(0) _ Ep(H\V) [vihj] — Ep(V,H) [vihj] @ The first summation can actually be
Ow;j simplified (we will come back and simplify it
later)
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o How do we compute these expectations?
0Z (0 :
(0) = By (0] — Epqy.n [vihs] @ The first summation can actually be
wij simplified (we will come back and simplify it

later)

@ However, the second summation contains an
exponential number of terms and hence
intractable in practice
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How do we compute these expectations?
The first summation can actually be
simplified (we will come back and simplify it
later)

However, the second summation contains an
exponential number of terms and hence
intractable in practice

So how do we deal with this 7

CS7015 (Deep Learning) : Lecture 19



