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Controlling Information in 3-VAEs UNIVERSITAT @
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Figure taken from Alemi et al.,
Fixing a Broken ELBO, ICML 2018.
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For one architecture, total bit rate separates into: Ip(22)
R = R(zp) + R(zr-1]21) + R(zp—2 | 2z0-1,2L) + ... + R(21]|2>2)

+)
where: ®v}\, =
R(zelz3011) = Eq(an,y o) [DKL (06 (2| 22041, ) | Do(ze | 22041)]] O 2/ |Po(zilz2)

= Proposed training objective: xl2
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Lagrange multipliers



There is no “One VAE Fits All” UNIVERSITAT
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Application Type 1: Reconstruction UNIVERSIIAT
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Application Type 2: Rep. Learning UNIVERSITAT

. . . g . p(z2)
Theory: consider classifier operating on z,

= accuracy < =1 (l4(label; z5)) < F~1(Ep,.[R(2z2)]) GP

O/ |pe(zilz2)

f(a) = H|[pgaa(y)] +alog a+ (1 — ) log ﬁ [analogous to Meyen, 2016] —N»
\ S (pe(xlzi)

MI RBF SVM kNN Logistic Linear SVM % )
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Application Type 3: Generation UNIVERSITAT

Theory: expect best generative performance when all 8 = 1 e
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2. representation learning performance
(classification accuracy using an

SVM with RBF kernel for f12)
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