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VI via Missing Feature Posteriors (Feat. QAVI)

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

Classification of images with imputed pixels

Estimated Log-Likelihood 

Hierarchical VAE Results 
Goal: Leverage deep generative models, 
such as variational autoencoders for 
missing data imputation   

Latent Gaussian model with NN conditional likelihood

Approximate posterior with amortized inference network

Optimize variational bound on log-likelihood (ELBO)

Expressive posterior approximations 

Background: Variational Autoencoder (VAE)

Classification accuracies 
using 100 samples from the 
inferred posterior for 
randomized missing queries 
on MNIST (top) and SVHN 
(bottom). We use a trained 
discriminative model, with 
WRN-28-2 architecture, to 
predict class labels.


Likelihood: For two image mask distributions, we plot importance-weighted log-likelihood estimates for 
missing pixels using varying samples.  We average over 1000 MNIST (left) or SVHN (right) test images.

QAVI 
FID: 21.21

Post. Match 
FID: 23.68

VAEAC 
FID: 26.41

Truth Masked QAVI (3 samples) 
Full “Very-Deep” VAE arch.

Digit completion results on MNIST (left) and SVHN (right) images for various inference queries. The performance of 
Posterior Match varies widely depending on the missing-feature distribution it is trained on; training by masking pixels at 
random yields poor results. In contrast, QAVI automatically adapts to queries and proposes multiple valid imputations. 
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qλ(xM, z ∣ xO) = qλ(xM)qϕ(z ∣ xM, xO)

ℒM(λ; x) = Eqλ(xM)[Eqϕ(z|xO,xM)[log pθ(xO, xM |z)] − KL(qϕ(z |xM, xO) | | p(z))] + H(qλ(xM))

qλ(xM, z) = qλ(z)pθ(xM |z)

ℒN(λ; x) = Eqλ(z)[log pθ(xO |z)] − KL(qλ(z) | |p(z))

Key takeaway: Query Adaptive Variational Inference
Fit a joint posterior over latent variables and missing features per observation (without 
amortization) using the standard evidence lower bound objective.

This query adaptive approach provides substantially improved imputation performance at a 
reasonable computation cost. 

max
λ

ℒ(λ; xO) = Eqλ(xM,z) [log
pθ(xO, xM, z)

qλ(xM, z) ]

θϕ

z

xM xO

Generative 
Model : 

Inference 
Model :

qλ(xM)

θθ

qλ(z)(a) (b)

z ∼ qϕ(z |xO, xM)

En
co
de
r

D
ec
od

er

xM ∼ qλ(xM)

(a)

z ∼ qλ(z)

(b)

D
ec
od

er

z z

xM xM

pθ(xM |z)qϕ(z |xM)

: Observed features

: Missing features

: Latent code

: Variational approximation

parameters

: ELBO

xO
xM
z ℒ

λ

Inference objective (ELBO)

Variational approx. factorization

Variational approx. factorization

Inference objective (ELBO)

Previous state-of-the-art methods retrain the encoder to handle missing data

Posterior matching: Train missing-data encoder to match fully-observed outputs

VAE with Arbitrary Conditioning (VAEAC): Train conditional generative model

Background: Amortized Imputation

xM ∼ pθ(x |z), z ∼ qψ(z ∣ [xO, 0])

Disadvantages:

• Requires expensive retraining 
with known query distribution

• Non-optimal performance

Gaussian Mixture Hierarchical VAE

pθ(x, z) = 𝒩(z ∣ 0,I) ⋅ 𝒩 (x ∣ μθ(z), σθ(z))

pθ(z ∣ x) ≈ qϕ(z ∣ x) = 𝒩 (z ∣ , μϕ(x), σϕ(x))

ℒ(x, θ, ϕ) = Eqϕ(x∣x) [log
pθ(x, z)

qϕ(z ∣ x) ] ≤ log pθ(x)

qϕ(z ∣ x) = ∑
k

c(k)
ϕ (x) ⋅ 𝒩 (z ∣ μ(k)

ϕ (x), σ(k)
ϕ (x))

qλ(z) = ∑
k

c(k)
λ ⋅ 𝒩 (z ∣ μ(k)

λ , σ(k)
λ )

For amortized inference network: “Ladder” VAE architecture
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• Poor variance modeling

z1

z0

x

z1

z0

xIn
fe

re
nc

e 
m

od
el

G
en

er
at

iv
e 

m
od

el

Non-amortized QAVI posterior
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λ : Optimized variational 
parameters

: Networks shared 
with generative and 
amortized inference 
models

Non-amortized QAVI posterior

∇λz =
∇λF(z |λ)
∇zF(z |λ)

∇λz =
z ⋅ ∇λ f(z |λ)

f(z |λ)

Implicit reparameterization 
gradients

Importance sampled 
gradients

Use for 
Gradients explode for   

λ = μ, σ Use for  
Lower acc. for 

λ = c

Hybrid gradient estimator

min
ψ

KL(qϕ(z ∣ xO, xM) | |qψ(z ∣ [xO,0])

min
θ,ψ,ϕ

Eqϕ(z∣xO,xM) [−log pθ(xM, xO ∣ z)] + KL(qϕ(z ∣ xO, xM) | |qψ(z ∣ [xO,0])

Extends to 
~100 layers 
for large 
HVAEs!  

λ = c λ = μ, σ

Sample missing 
features:

Given observed features and retrained 
missing data encoder qψ( ⋅ )


