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Statistical models and missing data problem

‚ Statistical models pθpxq are typically specified for fully-observed data x P D,
‚ And are often fitted via maximum-likelihood estimation (MLE).
‚ What can we do if part of the data is missing?

1. Marginalising the missing variables
ş

pθpxobs,xmisq dxmis is generally intractable.

2. Expectation-maximisation (EM) requires sampling of pθpxmis | xobsq Ñ intractable.

log pθpxobsq ě Efpxmis|xobsq

„

log
pθpxobs,xmisq

fpxmis | xobsq

ȷ

, “ELBO”

3. Variational EM requires fitting of fϕpxmis | xobsq for each xobs P D Ñ inefficient.

4. Amortised variational inference
requires 2D variational distributions, one
for each pattern of missingness Ñ

inefficient!
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A wish-list

‚ A general-purpose method for any statistical model pθpxq via (approximate) MLE.
‚ Do not make unnecessary simplifying assumptions to accommodate data missingness.

‚ Efficiently represent and sample the 2D conditional distributions for large datasets.
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Variational Gibbs Inference: Core idea

1. Core idea: Turn the 2D conditional distribution problem into D conditional distributions.
2. To make f t

ϕpxmis | xobsq flexible:
‚ Specify it to be the marginal of a Markov chain with a learnable kernel κϕpxτ`1

mis | xobs,x
τ
misq.

3. To address the 2D pattern problem:
‚ We specify the kernel to be Gibbs (updates one dimension of xmis at a time):

κϕpxτ`1
mis | xτ

mis,xobsq “ Eπpj|idxpmqq

”

qϕj
pxj | xτ

mis∖j ,xobsqδpxτ`1
mis∖j ´ xτ

mis∖jq

ı

,

where πpj | idxpmqq is the selection probability for the j-th dimension of a Gibbs sampler.
‚ Hence we have to learn only D variational Gibbs conditional qϕj pxj | xmis∖j ,xobsq.

See our JMLR paper for

‚ Full method: how to efficiently sample and optimise the transition kernel.

‚ Details on the variational model of the Gibbs conditionals.

‚ Applications to variational autoencoders and normalising flows.
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