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Challenges
Enhance information acquisition with VAEs

• Discovery of high-value information. 

• Bayesian reward function [2] as an expected gain of information: 

 

• Approximated in [3,4] by transforming into  space: 

  

• These methods are based on Gaussian approximations of the true posterior.

z
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[3] Ma et at., 2018 [4] Ma et at., 2020[2] Bernardo et at., 1979
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Challenges
Improve missing data imputation with VAEs

• Imputation under a VAE framework [3,4,5,6]: 

 

• Also based on Gaussian approximations of the true posterior.

p(xU |xO) = Ep(z|xO)[p(xU |z)] ⇡ Eq(z|xO)[p(xU |z)]
<latexit sha1_base64="GDNdmuq5P26I50HoAyAIhfrjaoY="></latexit>
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[3] Ma et at., 2018 [4] Ma et at., 2020 [5] Nazabal et at., 2020 [6] Mattei et at., 2020
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Challenges
Jointly increase flexibility and improve inference

• Hierarchical VAEs are successful at modeling flexibility. 

 

• Complicated posteriors -> Delicate inference 
(posterior collapse). 

• Gaussian approximate inference worsens.

p(z1)
LY

l=2

p(zl | zl�1)
<latexit sha1_base64="+MnSmLtDX/eslYBCGeRekf45KUk="></latexit>
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[6]

z1
<latexit sha1_base64="1gXU4TbLSkaFNbb0Rl8AuNXpQNw="></latexit>

z2
<latexit sha1_base64="1maWpgk440eQVoHS/0CTSHSjhgw="></latexit>

x
<latexit sha1_base64="hNSlGFbxY1QXRZSWX4aNGu5SNtI="></latexit>
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Contributions
Hierarchical Hamiltonian VAE for mixed-type incomplete data (HH-VAEM)

• Increased flexibility by using 
hierarchical latent space. 

• Improved inference by means of 
automatically tuned HMC. 

• Reparameterization for well-posed HMC 
on relaxed posterior. 

• More accurate imputation and 
prediction. 

• More effective information acquisition.

5



Advances in Neural Information Processing Systems (NeurIPS) 2022

Information acquisition
Sampling-based method

• Sampling-based estimator [11] of the Mutual Information: 

 

 

✓ Avoids the Gaussian approximation 

✓ Efficient, easy parallelization.

<latexit sha1_base64="1fTp7jnSabzrDDNHeOeUSrYuCIA="></latexit>

R(i,xO) = DKL [p(y, xi|xO)||p(y|xO)p(xi|xO)] = I(y;xi |xO) =

=

ZZ

xi,y
pxi,y|xO

(xi,y|xO) log

✓
pxi,y|xO

(xi,y|xO)

pxi|xO
(xi|xO)py|xO

(y|xO)

◆

<latexit sha1_base64="rJXJ1ryOWx+hCoYn/O5Cy1SCgZg="></latexit>

Î(y;xi |xO) ⇡
X

ij

pxi,y|xO
(i, j) log

pxi,y|xO
(i, j)

pxi|xO
(i)py|xO

(j)
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[11] Kraskov et at., 2004
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2HMC samples (orange)

q(z|x)
<latexit sha1_base64="niwxoIL1HiGXPyfnNOipINpldKk="></latexit>

p(z|x)
<latexit sha1_base64="iqypmH2FYUXQjM8UtFTYmeFMZt0="></latexit>

2HMC samples (orange)

q(z|x)
<latexit sha1_base64="niwxoIL1HiGXPyfnNOipINpldKk="></latexit>

p(z|x)
<latexit sha1_base64="iqypmH2FYUXQjM8UtFTYmeFMZt0="></latexit>

HH-VAEM
Improving inference
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L(x; ✓,�) = Eq�(z|x) [log p✓(x | z)]�DKL (q�(z | x)kp(z))
<latexit sha1_base64="9Yyz2BaOCfjC7mVy/nUsNe1hYBM="></latexit>

⇡ 1

S

SX

s=1

log p✓(x | z(s))�DKL (q�(z | x)kp(z))
<latexit sha1_base64="dBNJFu6AYyYPIsXLwHCtjquQR7Q="></latexit>
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Hamiltonian Monte Carlo
Improving inference

• Discrete trajectories (chains) of  updates, 
ending in: 

 

• Target: true posterior density. 

• Needed: 

• 1. Good initial proposal (encoder). 

• 2. Well-defined hyperparameters.

T

q(T )(z|x) ⇡ p(z|x)
<latexit sha1_base64="foXhOnAEY+a5B/Z3kf8Rv8hxKCc="></latexit>
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Hamiltonian Monte Carlo
Hyperparameter tuning [7]

• Tuning the hyperparameters via Variational 
Inference:





• Add an inflation parameter for scaling the 
proposal [8]


�
⇤ = argmax

�
E
q(T )
� (z)

[log p⇤(z)] +H

h
q
(T )
� (z)

i

<latexit sha1_base64="5GQfkpVivkHxsVmDDr6aHIVWgyY="></latexit>

s⇤ = argmin
s

SKSD(z(T ),rz log p
⇤(z))

<latexit sha1_base64="u/EDBB+1f3G7DTIQx3ZpIIdJKa4="></latexit>
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[7] Campbell et at., 2021 [8] Gong et at., 2020
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Hierarchical latent space
Ill-posed for HMC

• Hierarchical dependencies lead to huge gradients [11, 12] 

 

rl+ 1
2
= rl +

1

2
� �rzl log p

⇤(zl) ,

zl+1 = zk + rl+ 1
2
� � � 1

M
,

rl+1 = rl+ 1
2
+

1

2
� �rzl+1 log p

⇤(zl+1),
<latexit sha1_base64="MxZR1tWJN3eArjVQ1nWbxC5Qg4s="></latexit>
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[9] Betancourt et at., 2017 [10] Betancourt et at., 2015
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Hierarchical latent space
Ill-posed for HMC

• Solution:  

✓ Reparameterization for relaxed posterior: 

 

NNs with parameters  , ✓µl ! fµl
<latexit sha1_base64="nKBjK6cUNVTPx6BdTNqJ7ZtUrvY="></latexit>

✓�l ! f�l
<latexit sha1_base64="RCecItDCDusJ+UZQ3uqq7gLDUiA="></latexit>
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Hierarchical latent space
Ill-posed for HMC

• Solution:  

✓ Reparameterization for relaxed posterior: 

 

NNs with parameters  ,  

✓ Perform inference on  with standard 
Gaussian prior. 

✓ No residual distributions needed.

✓µl ! fµl
<latexit sha1_base64="nKBjK6cUNVTPx6BdTNqJ7ZtUrvY="></latexit>

✓�l ! f�l
<latexit sha1_base64="RCecItDCDusJ+UZQ3uqq7gLDUiA="></latexit>

ϵ = {ϵ1, . . . , ϵ1}
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Hierarchical latent space
Ill-posed for HMC

• Solution:  

✓ Reparameterization for relaxed posterior: 

 

NNs with parameters  ,  

✓ Perform inference on  with standard 
Gaussian prior. 

✓ No residual distributions needed. 

✓ No need to increase complexity of the HMC method.

✓µl ! fµl
<latexit sha1_base64="nKBjK6cUNVTPx6BdTNqJ7ZtUrvY="></latexit>

✓�l ! f�l
<latexit sha1_base64="RCecItDCDusJ+UZQ3uqq7gLDUiA="></latexit>

ϵ = {ϵ1, . . . , ϵ1}
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HH-VAEM
Optimization algorithm

14

• 1. Train marginal VAEs using:  
<latexit sha1_base64="cK0YybJqVHPUesHQQUox4A2OBZY="></latexit>

Ld (xd; {✓d, �d}) = I (xd 2 xO)Eq�d
(zd|xd) log

p✓d (xd, zd)

q�d (zd | xd)
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HH-VAEM
Optimization algorithm

15

• 2. Training Hierarchical VAE using the ELBO: 

LV I (xO,yO; {✓, }) = Eq [log p✓ (zO | h1) + log p✓ (yO | x̂,h1)]�
LX

l=1

DKL (q (✏l | xO,yO) kp (✏l))
<latexit sha1_base64="DDzMn17ct6OkxggYPXdKfP4H/Kc="></latexit>
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HH-VAEM
Optimization algorithm
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3. Train a) encoder using ELBO,  b) HMC hyperparams, decoder and 
predictor parameters using HMC objective and c) scale using 
SKSD. 

 
LHMC (zO,yO; {✓, ,�}) = E

q(T )
� (✏)

[log p✓ (zO | h1) + log p✓ (yO | x̂,h1) +
LX

l=1

p(✏(T )
l )]

<latexit sha1_base64="U3g2aseI6xL/7/yvvaLq2R/gRYw="></latexit>

2HMC samples (orange)

q(z|x)
<latexit sha1_base64="niwxoIL1HiGXPyfnNOipINpldKk="></latexit>

p(z|x)
<latexit sha1_base64="iqypmH2FYUXQjM8UtFTYmeFMZt0="></latexit>
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Experiments
Mixed-type data
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º

º

log p(y|xO) = logE✏⇠q(T )(✏|xO) [p(y|✏)] ⇡ log
1

k

kX

i

p(y|✏i),
<latexit sha1_base64="aerw93NHcqpSgQ9tLDddsv62bl8="></latexit>



Advances in Neural Information Processing Systems (NeurIPS) 2022

Experiments
MNIST datasets
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• Sequentially acquiring high-value information by 
selecting features that maximize

Experiments
Sequential Active Information Acquisition (SAIA)

19

Î (y;xi | xO) ⇡
X

ij

pxi,y|xO
(i, j) log

pxi,y|xO
(i, j)

pxi|xO
(i)py|xO

(j)
<latexit sha1_base64="fHGWFj1jw/Cd4/ne4yIu/K0xOLE="></latexit>
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Experiments
Conditional image inpainting
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1. Encode to


2. Using HMC, sample from 


3. Decode to 

q(0)
�

(✏ | zO,xO,yO)
<latexit sha1_base64="/QgY8DozStjyo397LlWFK9WPY78="></latexit>

q(T )
�

(✏ | zO,xO,yO)
<latexit sha1_base64="5LfSBha2gwbnOmHKMvv6ANDODbs="></latexit>

p
⇣
xU | ✏(T )

⌘

<latexit sha1_base64="AFwOXvOf1a+N8p9n3UGtWxyFXSs="></latexit>
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Conclusion

• We presented: 

1. HH-VAEM: novel Hierarchical VAE improved with HMC with automatic hyperparameter optimization. 

2. Novel sampling-based technique based on the Mutual Information estimation for efficient information 
acquisition. 

• Based on the provided experiments, we demonstrate that our methods: 

✓ Improve approximate inference in hierarchical VAEs wrt to the Gaussian approximation. 

✓ Improve missing data imputation task. 

✓ Improve prediction task. 

✓ Improve active information acquisition task.
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