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These slides are part of the course “Data Compression With and Without Deep Probabilistic Models” taught
at University of Tubingen. More course materials—including video recordings, lecture notes, and problem sets
with solutions—are publicly available at https://robamler.github.io/teaching/compress23/.
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Recall: Variational Inference URBINCER

» ldea:
> approximate the (inaccessible) true posterior P(Z| X =x) with a variational distribution Q4(Z).

» Find the best approximation ¢* := arg max; ELBO(¢, x).

> Evidence Lower Bound: ‘ELBO(¢>, x) = Eq,(z)[ log P(Z, X =x) — log Qs(Z)] ’

> negative expected net bit rate of bits-back coding: ELBO(¢,x) = —Es[RI*(x|s)]
> bound on the evidence: ELBO(¢,x) = log P(X=x) — Dki(Qy(Z) ” P(Z|X=x)) < log P(X=x)
> regularized maximum likelihood: ELBO(¢,x) = EQ¢(Z)[Iog P(X=x|Z)] — Dx(Qs(Z) H P(2))

> teday: rate/distortion-tradeoff: ‘ELBOg(gﬁ7 x) = Eq,z)[log P(X=x|Z)] — 8D«.(Q4(2) || P(2)) ’
(eckally, woch ook ()

» Problems:

» What's the generative model P(Z,X)? — variational expectation maximization

> Expensive “argmax” for each message x in both encoder & decoder. —; amortized inference
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Part 1: Learning the Generative Model R

» Goal: learn optimal parameters 6* of the generative model Py(Z,X) = Py(Z) Py(X | Z).
> Thus, the ELBO now depends on 6, i.e., ELBO(6, ¢,x) = Qy(Z)[log Py(Z, X=x) — log Q(Z)]
> Example: data X = (X;), are binarized images, i.e., each X; is a pixel value € {0,1}.
— Prior is fixed: P(Z=2z) = N(z;0,/) (standard normal distribution)

— Likelihood is parameterized by a (deconvolutional) neural network gy: see cl«ss ‘{DEN,(’”, /ﬂ,/@[”
Py(X|Z) =11, Po(Xi | Z) with Py(X;=1|Z=2) = 0(gp.i(2)) h 9'.//,,/fer note book,

» Distinguish:
» global parameters 8* (“model parameters”):
— specify the generative model Py.(Z,X)
— same for all data points x = known to both sender & receiver

> Jocal parameters ¢* (“variational parameters”):
— specify an approximation Q4-(Z) to the posterior Py-(Z | X=x) for a specific data point x
— different for each data point x = not available to the receiver until it has decoded x
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Variational Expectation Maximization TURNGEN
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1. In order to develop a new compression method: juiMalime A &= runSom
refm‘/‘ ekl couvogonce:
> learn optimal parameters 6* of the generative model Py(Z, X):

% o Avetwr 3¢~ ’L"i-ﬂ-'«y se*
¢ (‘85) Zag »z;m ECBo (79/ 4’/’5) ‘;:),74/’2: 4 & prioe or ey o

* /4 an E s Qo 19 *,ﬁ v -rlu'\'lfl Coavery Pace !
I & ey 15”( g teatniy saf [ELB - o 2, 5-] }jf:;’/qle ¢ed>+;,%£csd»9¢,5)
= Aty Eg_rmvlvm‘m"? set [""gﬂx ELBO(&/ cﬁ/ 75)3 of'*(m(e e +QZZ9E(80[12 Q;)

2. Share the learned generative model '@ Z,X) between sender & receiver.
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3. In deployment: encode / decode a given data point @

~

> Use entropy model Qy(Z).
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Part 2: Learning How to Do Inference (Fast) TUBINGEN

» Problems:

1. Learning the generative model requires an expensive inner loop for every training step.
2. Expensive optimization over ¢ for each message x we want compress / decompress.

» Solution: amortized variational inference

» learn a mapping f from x to variational parameters
such that setting ¢ < f(x) approximately maximizes ELBO(8*, ¢, x) for a given x.
> Notation: inference network f;(x); variational distribution Q4(Z|X=x)< i~ fla wolaf e we'va wseof
> Example: Gaussian mean field variational distribution: 5ot s woulf be Qﬁ(z) (§>
— inference network f;(x) = (p4(x), log Ué(x)) outputs means and (log) variances
— these parameterize a variational distribution Qy(Z |x) = N (py(x), diag(o3 (%), ..., 03 4(x)))
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Variational Autoencoders (VAEs) R vt

Combine variational expectation maximization with amortized variational inference.

» Lossless compression with variational autoencoders:
» use bits-back trick — Problem 9.2

» Lossy compression with variational autoencoders:
» Example: data X = (X;); are color images, i.e., each X; is a continuous RGB value € [0, 1].
— Prior may be learned, e.g.: Py(Z=2z) = N'(z;0,diag(0?,...,0% channe1s)”SF2r12-41m)
— Likelihood is parameterized by a (deconvolutional) neural network gy:
Py(X|Z) = [1; Po(Xi| Z) with density function py(x;| Z=2z) = N(x;; gp,i(2). gl)
> Idea: just use gp;(z) as the reconstruction of an image. T{b wabols o vl (fishodion
(Don't bother using the likelihood Py(X |Z=z) to encode the true image.) Eealo-ofP" (see next week)

> Likelihood no longer has a probabilistic meaning. But — log Py(X|Z=2) is a distortion metric.
—> ELBO becomes a rate-distortion trade-off

» next week
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