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direct max likelihood 0 update in VAE amortised learning
viased... consistent!
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Intractable... qo(2) = p(z|x) 9 | stmple direct!
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Least square regression gives conditional expectation
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How to estimate |E,:)[Viogpe(z,2)]| ?

* define
lo(z,x) = log pe(z, ) Vi(z,x) = Vglogpe(z,z) , ~
* then Ep(z12) [V 1og pa(2, 7))
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Ep(z12)[VI(2, 7)) = argmin B, o [[|VE(z, 2) — g(7)][3]
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* In practice, draws 2y, £, ~ Pg and solve g
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Algorithm: lssues:
1. Zp, Xn ~ Do } sleep « Vl(z,2) = Vylogpg(z, x)is high dimensional
2. find g by regression « computing V/(z,,x, ) forallsleep samples can be slow
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4. update 8 by g(x,,,) } wake



How to estimate |E,..)[Vlogpy(z, z)]| more efficiently?

IIE’p(z|:}0) [V log pg (Z, CIZ)]
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e define
lo(z,x) = log pe(z, ) Vi(z,xz) = Vglogpe(z,x) ,
* suppose we estimate Ep(z|m) [69(2,33)] with kernel ridge regression, then
-()51(33‘)-
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is an estimator of E,(|4)[V/(z, )] by kernel ridge regression

Theorem: if

Ep(z2)[V1og po(z, 7))

€ £2 and the kernel is rich, then Vo fo(x) is a consistent estimator of

]Ep(z|x) [V log pg(z, l’)]




Amortised learning by wake-sleep

(1 Zn, Xn ~ Do consistent! h
2. kernel ridge C\efegression By (210 [V log po (2, 2)] |= V log p ()
fo = argmin . 1080z ) = £ () |
3% ~D " g | simple, direct!
4. update 8 by g(x,,) = Vg fo(x)
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Z €{1,2,3,4,5}

Assumptions: Non-assumptions: O—-O~0O
* easy to sample from pg * posterior

* true gradient is L e typeof Z

* Vglogpg(x,z) exists * structure of pg I I




Experiments

* Log likelihood gradient estimation
* Non-Euclidean latent

* Dynamical models

* Image generation

* Non-negative matrix factorisation
* Hierarchical models

* Independent component analysis

* Neural processes

consistent!
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Experiment 1

Generative model

:)

21,29 ~N(0,1), x|z ~ N (softplus(b - z) — Hb”%,(f

Task: estimate Vp logpg(x) for different b and o

variational

amortised
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Experiment II: prior on the unit circle
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Vodel re LN L pals) = N(@INNu (2),02T)
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Task: generate Gabor filters of uniformly distributed orientations (no special reparameterisation)
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Experiment [Il: dynamical model

Model

T ~ Categorical(m
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sample quality
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Experiment [V: downstream tasks

Model:

p(zi) =U(2:;0,1), p(x;|z) = Bernoulli (x;;Z;), x; = sigmoid (w; - logit(z) + b;)

Task: reconstruct or denoise images after training
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Thank youl!
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amortised learning

consistent!

Ep(z|2) [Vlogpy(z,z)]|= Vlog po(x)

N

g | simple direct!
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