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Goal: Leverage deep generative models,
such as variational autoencoders for
Missing data imputation
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Background: Variational Autoencoder (VAE)

Latent Gaussian model with NN conditional likelihood
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Background: Amortized Imputation

Previous state-of-the-art methods retrain the encoder to handle missing data
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Key takeaway: Query Adaptive Variational Inference

Fit a joint posterior over latent variables and missing features per observation (without Classification of images with imputed pixels

Given observed features and retrained . g . .
MNIST Classification accuracies

Sample missing

features: missina data encoder d( -) amortization) using the standard evidence lower bound objective. - |
. D 100 & N Y e O Ny using 100 samples from the
Posterior matching: Train missing-data encoder to match fully-observed outputs 5 g o S , ,
. D (X X Z) XO : Observed features /1 : Variational approximation T inferred posterior for
min KL(q¢(z | X0, X3) | \qw(z | [x0,0]) max & (/1‘ xO) — F .2 1o o O\NO> Mo Yo et e parameters 9 50 randomized missing queries
W ’ q,(Xps.2 MZ ISSINGg Teatures "q:'; 25 N MNIST N VHN
VAE with Arbitrary Conditioning (VAEAC): Train conditional generative model A q/l(xM ’ Z) 7 - Latent code g : ELBO § 0 z)ottomi Vggﬁ; )82 a(tjtfaine q
min £ —log py(xyp Xo | 2)| + KL(g4(z | X0, X3 [ 1 g, (2 | [%0,0]) . : . o . . 7 S scriminat |
Oy WO | oo | ) pre oM T Y ? This query adaptive approach provides substantially improved imputation performance at a Sy 8 (o &?{:}rg'ga;'\;ercrifsgb;’;"t?o
Disadvantages: reasonable computation cost. ) Pt oredict class labels |
® [Requires expensive retraining ® Non-optimal performance ® Poor variance modeling I
with known query distribution — _
Image QAVI QAVI QAVI QAVI Match Encoder in Gibbs Gibbs Zeros

Methods

Non-amortized VI (Gauss., Flow, Mix. QAVI)

- C z ~ q,(2)
Variational approx. factorization

Expressive posterior approximations Estimated Log-Likelihood

Mix. Flow Gauss. Feat. Posterior Posterior Posterior Re-tuned

S S — Metropolis Pseudo Fill
QAVI QAVI QAVI QAVI Match (True) Match

=" Match (Rand.) = ™ Encoder " in Gibbs Gibbs =" Zeros
—-14.0 —-12.5

'

Hierarchical VAE

Decoder

Gaussian Mixture QA(XM, 7) = QA(Z)PQ(XM | 2)

For amortized inference network:
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Non-amortized QAVI posterior
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Likelihood: For two image mask distributions, we plot importance-weighted log-likelihood estimates for

missing pixels using varying samples. We average over 1000 MNIST (feft) or SVHN (right) test images.
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