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Overview and Summary

Theorem. Let p(z) = Hgizlpm) and q(z) = Hglzl q;(2;), and let g(p, q) be the unbiased reparam-
eterization estimator of the alpha-divergence between p and ¢. Then

= Variational Inference minimizes KL(q||p).
= Could target alpha-divergence

= Bayesian logistic regression.
= Two datasets: iris (d = 4) and australian (d = 14).
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= p and ¢ factorized Gaussians with mean zero and variances 2, = 1, 2, = 4 dimensionat distributions. lterations lterations lterations terations
p. 1 o | p. T qr " If ae # 0 the SNR includes the product of d terms, all less than one (unless p; = g;).
" Find parameters o,; that minimize alpha-divergence.
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e 506 — N=10 Simply put, the SNR contains the product of d terms all less than one, which get smaller for alpha Optimization t.he.ory suggeﬁs t.hat an exponential amount of computation time would be
SEoa —— N=100 . needed to optimize the objectives.
2t — N=1000 far from zero and for p and q very different. . .
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- 10’ 102 10° 10 102 10° 10 102 10° 10" 102 10° 1.0 example, if the log-posterior were fully-factorized, concave, strongly concave, Lipschitz
lterations lterations lterations lterations Ios smooth, or Gaussian. Our results show that, for general alpha-divergences, no such guarantee
06 is possible.
s = A general-purpose algorithm for optimizing an alpha-divergence based on currently available
Variance alone does not explain failure, SNR does: unbiased gradient estimators may be unachievable.
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= Other optimizers (e.g. Adam) do not fix the issue.
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