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1. Key ldea

Gradient of ELBO : Vo L(0) = Ey(.) [Vy (logp (z, fo(e)) — loggs (fo(€)))]
e (1) model term : (with MC approximation)
Eye) [Vologp (z, fs(e)] = % oy Vologp (z, fs (£¢))), € ~ q(e)
e (2)entropy term:

Vo loggs (fa(e)) = V.1ogge(2) x Vafo(e) + Vologas(2)| ., .) = V:loggs(z) x Vo fo(e)

=0( in expectation )

but V. log gs(2) is not available !

use "UNBIASED MC estimator" of V, log gg(2)

e using density ratio (X)
e using lower bound of ELBO (X)
e directly optimize ELBO (O)

Key idea: as a form of... V. log gs(2) = Egistrib () [ function (z,-)]

2. UIVI
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V.logqy(z) = Eg,() [V loggs (2 | e')]
(use MC estimation)

~V.,loggy(z|€), € ~qy(e]2)

gradient of ELBO

VoL(0) = Eye) [Vo (logp (2, fo(e)) — loggs (fa(€)))]
=Eqy) [Vologp (z, fo(€))] — Eqe) [Vologgs (fo(e))]
=Eye) [Valogp (z, fo(e))] — Eqe) [V logge(2) x Vo fo(e)]
~ Eqge) [Vologp (z, fo(€))] — Eqe) [V210ggs (2| €') x Vafo(e)] € ~qo(e | 2)

VoL(0) = Eq(e)qu) [VZ (log p(z, z) —10g 4o (2))],—p,(ue) % Voho(u;e)

2.1 Full Algorithm

Estimate the gradient based on samples :

e 1)samplee ~ g(€), u ~ g(u) ( standard Gaussian)
o 2)setz = hy(e;u) = pg(e) + Bo(e)?u

e 3)evaluate V, log p(z, z) and Vyhg(u;¢)

o 4)ysamplee’ ~ gy (¢' | 2)

e 5)approximate V,loggy(z) =~ V.loggy (z | €')

(How to do step 4 & step 5?)

2.2 Reverse Conditional
in "step 4) sample e’ ~ qg (€' | 2)"...

e conditional : gy(2 | €)

 reverse conditional : gp (2 | €')

sample from reverse conditional using HMC

o g(e'|2) xq(e')gs (z]€") (unnormalized density )
e but HMC is slow
Thus, start with a GOOD STARTING(INITIAL) POINT , which is €

[proof]

(e,2) ~ao(e,2) = q(e)av(z | €) = av(2)as (< | 2)

Thus, e is a sample from gy (e | 2)

To accelerate sampling e’ ~ q (¢’ | z), initialize HMC at e

( after few iterations, the correlation between e and € will decrease! )

3. SIVI vs UIVI
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4. VAE Experiments with UIVI

Model :

* py(z,2) =1, (2) Ps (xn | 1)
Amortized variational distribution :

* ¢ (2n | 2n) = [a(en) a0 (2n | €n, @) den
Goal:

e Find model parameters ¢ and variational parameters 6

average test log-likelihood

method MNIST  Fashion-MNIST
Explicit (standard VAE)  —98.29 —126.73
SIVI —97.77 —121.53
UIVI —94.09 —110.72

UIVI provides better predictive performance
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