Variational Inference and
Generative Models
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Probabillistic latent variable models
Variational inference

Amortized variational inference

. Generative models: variational autoencoders

AGoals
AUnderstand latent variable models in deep learning
AUnderstand how to use (amortized) variational inference
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Probabilistic models
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Latent variable models
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Latent variable models in general
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p(z)= [ p(z|z)p
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p(z|z) = N (pinn(2), onn(2))
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Latent variable models in RL

conditional latent variable latent variable models for
models for mulimodal policies modelbased RL

p(ot]zy)  actually models p(z¢41|x¢) and p(x1)

p(x) latent space has structure
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Using RL/control + variational inference to model human behavior
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How do we train latent variable models?

the model: py(x)
the data: D = {x1,z9, 23, ..., TN}

maximum likelihood fit:

1
0 < arg max — Z log pg(x;)

1
0 < arg Max — Z log (/ pg(xi|z)p(z)dz)

|

completely intractable



Estimating the logjkelihood

alternative: expected log-likelihood: intuition: “guess” most likely z given z;,
and pretend it’s the right one
1 but th ible values of
9 «— arg max — E. [log pe (s, 2) ...but there are many possible values of z
6 N ; (o) 7] so use the distribution p(z|z;)

but... how do we calculate p(z|z;)? )




Variational Inference



The variational approximation

but... how do we calculate p(z|x;)? what if we approximate with ¢;(z) = N (u;, 0;)

can bound log p(z;)!

log p(z:) = log [ plail2)p(2)

z

= log / p(i]2)p(2) 328

p($i|2)p(2)]




The variational approximation

but... how do we calculate p(z|z;)?

can bound log p(z;)!

log p(z:) = log [ plail2)p(2)
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> Ezwqq:(z) llog gi(2)
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log E[y] > Elogy]

maximizing this maximizes log p(z;)

/

— EZqu-(z) [logp(:ci|z) + logp(z)] + Ez(@q}(z) [log Qi(z)]
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Entropy: 0! 1

Pt 1)

H(p) = —Epeup(a) log p(x)] = - / p(w) log p(x)dz " high
Intuition 1. howrandomis the random variable? >
Intuition 2: how large is the log probability in expectatiamder itself p(x) 4 I

ow
what do we expect this to do? :
Ezquz(z)[logp(xi|z) + log p(z)] + H(Qi)

this maximizes the first part
Pl 2) this also maximizes the second part

/ (makes it as wide as possible)
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KLDivergence:

DKL(QHP) — E:crvq(:v) llog %] — E:Uwq(a:) [log Q(x)] — Equ(m) [logp(x)] — _Ea:rvq(:):) [1ng(£l?)] _ H(Q)

Intuition 1: howdifferentare two distributions?

Intuition 2: how small is the expected log probability of one distribution under another, minus entropy?

why entropy?

this maximizes the first part

p(2) this also maximizes the second part

/ (makes it as wide as possible)
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The variational approximation

log p(zi) > E,q.()log p(zi|z) +log p(2)] + H(q:)

what makes a good ¢;(2)? intuition: ¢;(z) should approximate p(z|x;)
approximate in what sense? compare in terms of KL-divergence: Dky, (q;(2)||p(z|x))
why?
qi(2) qi(2)p(z;)
DKL qi\Li)||P\=<|Li)) — Ezrv i(z |:10g ] — Ezw i(z llog
(@ @PEl7)) = Eeny(o [log 17| = Buv oy [log 202

= —E, g, (»)logp(zi]2) +1og p(2)] + E.rg,(2) 108 ¢i(2)] + By, (2) [log p(@:)]
= —E,q,()[logp(x4|2) +1ogp(2)] — H(q:) + logp(z;)
= —Li(p,q;) + logp(x;)



