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structures in data, based on a given model and observed evidence.
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Variational Autoencoders
Decoder

• To decode the latent samples we use a Neural Network as a decoder.
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<latexit sha1_base64="H91SejMXEYgFb7hH5xghSCvPSxQ=">AAAB/XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84BkCbOT3mTMzO4y0yuEJfgLXvXuTbz6LV79EifJHjSxoKGo6qaaChIpDLrul7Oyura+sVnYKm7v7O7tlw4OmyZONYcGj2Ws2wEzIEUEDRQooZ1oYCqQ0ApGN1O/9QjaiDi6x3ECvmKDSISCM7RSs4tDQNYrld2KOwNdJl5OyiRHvVf67vZjniqIkEtmTMdzE/QzplFwCZNiNzWQMD5iA+hYGjEFxs9m307oqVX6NIy1nQjpTP19kTFlzFgFdlMxHJpFbyr+6wVqIRnDKz8TUZIiRHweHKaSYkynVdC+0MBRji1hXAv7O+VDphlHW1jRluItVrBMmtWKd16p3l2Ua9d5PQVyTE7IGfHIJamRW1InDcLJA3kmL+TVeXLenHfnY7664uQ3R+QPnM8f/V2V0g==</latexit>

p✓(x|z)
<latexit sha1_base64="nCijCWPaL1c4Ch7d7xC4x0A1Icc="></latexit>
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Variational Autoencoders
Marginal Likelihood

• Unfortunately, the integral is intractable.

log p✓(x) = log

Z

z
p✓(x|z)p(z)dz

<latexit sha1_base64="JdqNQd8tSmfYL484j9rgGgBchqE="></latexit>
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x
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z
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✓
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• There is not a close expression for the objective. An approximation is required.
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x
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✓
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<latexit sha1_base64="nCijCWPaL1c4Ch7d7xC4x0A1Icc="></latexit>
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• Unfortunately, the integral is intractable.
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• There is not a close expression for the objective. An approximation is required.

• Equivalently, we can’t infer the posterior of an observation!

p(z|x) = p✓(x|z)p(z)
p✓(x)

<latexit sha1_base64="kbdk9RjIUjxDuM6/PjUz3tsKjWA="></latexit>
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x
<latexit sha1_base64="2k0HpJQXQJLUjtpSMlKL9DaJPVA=">AAACBXicbVC7TsMwFL0pr1JeBUYWiwqJqUoKEowVLIxFog+pDZXjuK1VO45sB1FFnfkFVtjZECvfwcqX4LQZoOVIlo/OuVf36AQxZ9q47pdTWFldW98obpa2tnd298r7By0tE0Vok0guVSfAmnIW0aZhhtNOrCgWAaftYHyd+e0HqjST0Z2ZxNQXeBixASPYWOm+F0ge6omwX/o47ZcrbtWdAS0TLycVyNHol797oSSJoJEhHGvd9dzY+ClWhhFOp6VeommMyRgPadfSCAuq/XSWeopOrBKigVT2RQbN1N8bKRY6i2YnBTYjvehl4r9eIBYum8Gln7IoTgyNyPzwIOHISJRVgkKmKDF8YgkmitnsiIywwsTY4kq2FG+xgmXSqlW9s2rt9rxSv8rrKcIRHMMpeHABdbiBBjSBgIJneIFX58l5c96dj/lowcl3DuEPnM8f5kKZsw==</latexit>

z
<latexit sha1_base64="SO4aMv+ZhrJyOgCKNkFyi5bZP9k=">AAACBXicbVC7TsMwFL0pr1JeBUYWiwqJqUoKEowVLIxFog+pDZXjuK1VO45sB6lEnfkFVtjZECvfwcqX4LQZoOVIlo/OuVf36AQxZ9q47pdTWFldW98obpa2tnd298r7By0tE0Vok0guVSfAmnIW0aZhhtNOrCgWAaftYHyd+e0HqjST0Z2ZxNQXeBixASPYWOm+F0ge6omwX/o47ZcrbtWdAS0TLycVyNHol797oSSJoJEhHGvd9dzY+ClWhhFOp6VeommMyRgPadfSCAuq/XSWeopOrBKigVT2RQbN1N8bKRY6i2YnBTYjvehl4r9eIBYum8Gln7IoTgyNyPzwIOHISJRVgkKmKDF8YgkmitnsiIywwsTY4kq2FG+xgmXSqlW9s2rt9rxSv8rrKcIRHMMpeHABdbiBBjSBgIJneIFX58l5c96dj/lowcl3DuEPnM8f6WyZtQ==</latexit>

✓
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x
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z
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✓
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p✓(x|z)
<latexit sha1_base64="nCijCWPaL1c4Ch7d7xC4x0A1Icc="></latexit>
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Variational Autoencoders
Amortized Variational Inference

• A Gaussian approximation of the posterior is considered instead 

 q�(z|x) = N (z; µ, �2I)
<latexit sha1_base64="cC0ToXQWOCunuR/coLC1uSsL2Tw="></latexit>

14

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

p(z|x)
<latexit sha1_base64="iqypmH2FYUXQjM8UtFTYmeFMZt0="></latexit>
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• A second Neural Network, called encoder, maps observations to the Gaussian parameters. 

Variational Autoencoders
Encoder

15
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<latexit sha1_base64="2k0HpJQXQJLUjtpSMlKL9DaJPVA=">AAACBXicbVC7TsMwFL0pr1JeBUYWiwqJqUoKEowVLIxFog+pDZXjuK1VO45sB1FFnfkFVtjZECvfwcqX4LQZoOVIlo/OuVf36AQxZ9q47pdTWFldW98obpa2tnd298r7By0tE0Vok0guVSfAmnIW0aZhhtNOrCgWAaftYHyd+e0HqjST0Z2ZxNQXeBixASPYWOm+F0ge6omwX/o47ZcrbtWdAS0TLycVyNHol797oSSJoJEhHGvd9dzY+ClWhhFOp6VeommMyRgPadfSCAuq/XSWeopOrBKigVT2RQbN1N8bKRY6i2YnBTYjvehl4r9eIBYum8Gln7IoTgyNyPzwIOHISJRVgkKmKDF8YgkmitnsiIywwsTY4kq2FG+xgmXSqlW9s2rt9rxSv8rrKcIRHMMpeHABdbiBBjSBgIJneIFX58l5c96dj/lowcl3DuEPnM8f5kKZsw==</latexit>

z
<latexit sha1_base64="SO4aMv+ZhrJyOgCKNkFyi5bZP9k=">AAACBXicbVC7TsMwFL0pr1JeBUYWiwqJqUoKEowVLIxFog+pDZXjuK1VO45sB6lEnfkFVtjZECvfwcqX4LQZoOVIlo/OuVf36AQxZ9q47pdTWFldW98obpa2tnd298r7By0tE0Vok0guVSfAmnIW0aZhhtNOrCgWAaftYHyd+e0HqjST0Z2ZxNQXeBixASPYWOm+F0ge6omwX/o47ZcrbtWdAS0TLycVyNHol797oSSJoJEhHGvd9dzY+ClWhhFOp6VeommMyRgPadfSCAuq/XSWeopOrBKigVT2RQbN1N8bKRY6i2YnBTYjvehl4r9eIBYum8Gln7IoTgyNyPzwIOHISJRVgkKmKDF8YgkmitnsiIywwsTY4kq2FG+xgmXSqlW9s2rt9rxSv8rrKcIRHMMpeHABdbiBBjSBgIJneIFX58l5c96dj/lowcl3DuEPnM8f6WyZtQ==</latexit>

✓
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Inference model
Recognition model
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• A second Neural Network, called encoder, maps observations to the Gaussian parameters. 

Variational Autoencoders
Encoder
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Variational Autoencoders
Evidence Lower Bound

• We match the approximate and true posterior by minimizing

DKL (q�(z|x)||p(z|x))
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Variational Autoencoders
Evidence Lower Bound

• This objective is the so-called Evidence Lower Bound (ELBO), typically expressed as
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Variational Autoencoders
Scalable training with Stochastic Gradient Descent (SGD)

18

For each batch of B samples: 

1. Encode to the parameters of the approximate posteriors           . 

2. Draw a sample from each           . 

3. Optimization step on  and . θ ϕ

r(✓,�)

 
1

B

BX

i=1

(log p✓(xi|z)�DKL (q�(z|xi)kp(z)))
!

<latexit sha1_base64="Og6HF69Oa9ufrMM8f1rnp1J3k9E="></latexit>

q�(z|xi)
<latexit sha1_base64="EP08uKtcbAVvafpyD8DS1klw8rg="></latexit>

q�(z|xi)
<latexit sha1_base64="EP08uKtcbAVvafpyD8DS1klw8rg="></latexit>

[1] (Kingma et al., 2013)



22 September 2023Ignacio Peis

Variational Autoencoders
Scalable training with Stochastic Gradient Descent (SGD)

18

For each batch of B samples: 

1. Encode to the parameters of the approximate posteriors           . 

2. Draw a sample from each           . 

3. Optimization step on  and . θ ϕ

r(✓,�)

 
1

B

BX

i=1

(log p✓(xi|z)�DKL (q�(z|xi)kp(z)))
!

<latexit sha1_base64="Og6HF69Oa9ufrMM8f1rnp1J3k9E="></latexit>

q�(z|xi)
<latexit sha1_base64="EP08uKtcbAVvafpyD8DS1klw8rg="></latexit>

q�(z|xi)
<latexit sha1_base64="EP08uKtcbAVvafpyD8DS1klw8rg="></latexit>

z(s) = fµ(x) + f�(x) · ✏(s)
<latexit sha1_base64="USlY6MBQr1zDA5BvIu/Zx8thn40="></latexit>

✏(s) ⇠ N (0, I)
<latexit sha1_base64="jRpW110U+RESFrULr0t70cqR1VQ="></latexit>

Reparameterization trick[1]

Works reasonably good even for S=1
[1] (Kingma et al., 2013)



22 September 2023Ignacio Peis

Variational Autoencoders
VAEs in the functional space [26]
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HyperNetwork Data Generator

: Latent Variable

Encoder

Prior Distribution

Posterior Distribution

B. Koyuncu, P. Sanchez-Martin, I. Peis, P. M. Olmos and I. Valera. Variational Mixture of HyperGenerators for Learning 
Distributions Over Functions. In Proceedings of the 40th International Conference on Machine Learning (ICML), 2023.
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• How to control the Representation 
learning in VAEs [15-17]?

Variational Autoencoders
Current challenges and gaps in VAEs
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Variational Autoencoders
Current challenges and gaps in VAEs
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Outline
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Problem Statement
The i.i.d. assumption

• The large majority of VAEs are designed over the assumption that data is i.i.d. 

• Each latent representation encodes a single, independent datapoint.

24
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Problem Statement
Research Questions

• Why we would want to capture this shared information? 

‣ Discover global properties in patients 

‣ Global factors in climate data 

‣ …

26
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Problem Statement
Limitations of Existing Approaches

• Existing approaches are limited to “expensive” semi-supervision.

27

[1] [10]

[1] (Kingma et al., 2013) [10] (Dilokthanakul et al., 2016) [20] (Bouchacourt et al., 2018)

[20]

[27] (Vowels et al., 2020)
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Problem Statement
Limitations of Existing Approaches

• Vanilla VAE learns to generate i.i.d. data.

28

VAE

The MNIST dataset
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Problem Statement
Limitations of Existing Approaches

• Incorporating mixture models in the latent space of a VAE increases flexibility, but don’t 
explicitly generate shared global properties.

29

VAE GMVAE
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Problem Statement
Limitations of Existing Approaches

• More related models capture shared properties via semi-supervision. 
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Limitations of Existing Approaches

• More related models capture shared properties via semi-supervision. 

32

The group each data belongs 
needs to is observed.
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Contribution
The Unsupervised Global VAE

• None of the existing approaches capture global interdependencies in an unsupervised fashion. 

• Can we build a VAE that learns this shared information without any kind of supervision? 

✓ We present the Unsupervised Global VAE (UG-VAE).

33
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• The generative model for a batch is 

p(X,Z,d,�) = p✓x(X|Z,�)p✓z (Z|d,�)p(d)p(�)
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• The prior of the local representation is a Gaussian mixture, 
modulated by β
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• The mixture increases flexibility of the local space.
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• Where the likelihood model of each datapoint is a Gaussian 
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• The generative model for a batch is 

p(X,Z,d,�) = p✓x(X|Z,�)p✓z (Z|d,�)p(d)p(�)
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• Where the likelihood model of each datapoint is a Gaussian 

p✓x(X|Z,�) =
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p✓x (xi|zi,�) =
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N (µ✓x ([zi,�]) ,⌃✓x ([zi,�]))
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‣ The batch  shares the global representation .X = {x1, . . . , xB} β

‣ Every point  has a conditional local representation  .xi zi

Model Description
Generative model
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• The local encoder parameterises the Gaussian posterior
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N (µ�z (xi) ,⌃�z (xi))
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• A second local encoder parameterises the posterior of the 
components of the mixture
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• The global encoder requires exchangeability

 

 
q�� (�|X,Z) = N (µ� ,⌃�) =

1

Z

BY

i=1

N
�
µ�� ([xi,⇡�d (zi)]) ,⌃�� ([xi,⇡�d (zi)])
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‣ Product of Gaussian local contributions.



22 September 2023Ignacio Peis

Model Description
Product of Gaussians

40

[28] (Bromiley, 2003)



22 September 2023Ignacio Peis

µi
<latexit sha1_base64="2/VxDjZ9jpUWS6hQ+cAdgXOFdW8="></latexit>

⌃i
<latexit sha1_base64="xeepul64Oi1CwE2G4v2apa3YpFI="></latexit>

 
q�� (�|X,Z) = N (µ� ,⌃�) =

1

Z

BY

i=1

N
�
µ�� ([xi,⇡�d (zi)]) ,⌃�� ([xi,⇡�d (zi)])

 

<latexit sha1_base64="UBwdZPGgeHxlDylc7NbmpyKqFGs="></latexit>

• The parameters of the product can be expressed as ([28]):

Model Description
Product of Gaussians
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⇤� = ⌃�1
� =

BX

i=1

⇤i

µ� = (⇤�)
�1

BX

i=1

⇤iµi

<latexit sha1_base64="FCy1ekFnLl3ENN0i1PbCKXMALbw="></latexit>

[28] (Bromiley, 2003)
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Based on the provided experiments, we evidence that: 

‣ VAEs can be used to learn global shared information in an unsupervised manner. 

‣ The learned global representations are interpretable with UG-VAE. 

‣ Potential applications in clinical data, climate data, etc.

I. Peis, P. M. Olmos and A. Artés-Rodríguez. Unsupervised Learning of Global Factors in Deep 
Generative Models. In Pattern Recognition, 134, 109130, 2023.  



22 September 2023Ignacio Peis

Outline
Contents

1. Introduction 

2. Variational Autoencoders 

3. Unsupervised Learning of Global Factors in VAEs 

4. Hierarchical VAEs and Hamiltonian Monte Carlo 

5. Conclusions

45



Ignacio Peis 22 September 2023

Contribution II: HIERARCHICAL VAES 
AND HAMILTONIAN MONTE CARLO

46



22 September 2023Ignacio Peis

Problem Statement
Improved MCMC inference

47

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

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

[4]
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Problem Statement
Improved MCMC inference in Hierarchical VAEs

• One-layered VAEs approximate inference can be improved via Markov Chain Monte Carlo 
[5-9].

1. Could we leverage MCMC methods for Hierarchical VAEs?

2. If so, could we improve incomplete data handling with MCMC?

48

HMC samples (orange)
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• Also based on Gaussian approximations of the true posterior.
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[31] (Nazabal et at., 2020) [32] (Mattei et at., 2020)[29] (Ma et at., 2018) [30] (Ma et at., 2020)
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• Approximated in [29,30] by transforming the reward into the latent space:
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Problem Statement
Discovery of high-value information (Active Learning)

• Bayesian reward function [33] as an expected gain of information:

R (i,xO) = Exi⇠p(xi|xO)DKL [p (y|xi,xO) || p (y|xO)]
<latexit sha1_base64="ebvOz/y3BclExR8AMR90QWd+JmM="></latexit>

• Approximated in [29,30] by transforming the reward into the latent space:

 
R̂ (i,xo) = Ep̂(xi|xo)DKL [q (z|xi,xo) || q (z|xo)]�

Ep̂(y,xi|xo)DKL [q (z|y,xi,xo) || q (z|y,xo)]
<latexit sha1_base64="oHe8EqT6VXjB40oUx8WclKLDKWw="></latexit>

• These methods are based on Gaussian approximations of the true posterior.
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[33] (Bernardo et at., 1979)

xi 2 xU
<latexit sha1_base64="y2K3YBKTii+4++58wujRtiB8yuY="></latexit>

xO
<latexit sha1_base64="ONjqP67eT5dz+Ir7UPpI/u+dwqc="></latexit>

xU
<latexit sha1_base64="GN76z570y4W8KopwZww0iqSeuWQ="></latexit>

y
<latexit sha1_base64="rPHoTnxtRP44Og6dv+x+g6nxb3c="></latexit>

[29] (Ma et at., 2018) [30] (Ma et at., 2020)
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Problem Statement
Sampling-based methods for incomplete data related tasks

• Expectations over the intractable posterior should leverage a well-designed MCMC 
approximation method when compared to a Gaussian-based approximation.

51

HMC samples (orange)

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

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

Low bias samples from HMC and hierarchically enriched model improve the

three considered tasks:

⇤ Imputation: p(xU |xO) ⇡ Eq(T )(✏|xO)[p(xU |✏)].
⇤ Prediction: p(y|xO) ⇡ Eq(T )(✏|xO)[p(y|✏,xO, x̂U )].

⇤ Sampling-based active learning.
<latexit sha1_base64="t39iu1uqXQxDnxIJNvrHqCsneOg="></latexit>
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Contributions
Hierarchical Hamiltonian VAE for mixed-type incomplete data (HH-VAEM)

• Increased flexibility by using hierarchical latent space. 

• Heterogeneous data handling [30]. 

• Improved inference by means of automatically tuned HMC. 

• Reparameterization for well-posed HMC on relaxed posterior.

52

[30] (Ma et at., 2020)
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Method
Hamiltonian Monte Carlo [35,36]

• Sample from complex distributions via unnormalised targets 

1. Phase and momentum space 

    

   

 

2. Hamiltonian equations 

                        

p(z, r) = p(r|z)p(z)
<latexit sha1_base64="TAymU7QjDhIHyJaIcWnTwYiTR3o=">AAACVnicdVFNS8NAEN1Ea2u12urRy2IRWpCSVEEvQtGLxwr2A9pQNttNu3Q3Cbsbocb8Dn+NV/0L+mfETZuDbXVg2Md7M8PMWzdkVCrL+jLMre3cTr6wW9zbLx0clitHXRlEApMODlgg+i6ShFGfdBRVjPRDQRB3Gem5s7tU7z0RIWngP6p5SByOJj71KEZKU6OyHcLa0OXxc3IO01ckdXgDw9oSwxe4FOsZpdGoXLUa1iLgJrAzUAVZtEcVozQcBzjixFeYISkHthUqJ0ZCUcxIUhxGkoQIz9CEDDT0ESfSiRe3JfBMM2PoBUKnr+CC/d0RIy7lnLu6kiM1letaSv6npRNl8ue0FdLla0sq79qJqR9Givh4uaMXMagCmHoMx1QQrNhcA4QF1WdCPEUCYaV/oqgNtNft2gTdZsO+aDQfLqut28zKAjgBp6AGbHAFWuAetEEHYPAK3sA7+DA+jW8zZ+aXpaaR9RyDlTDLPyHWtKk=</latexit>

H(z, r) = � log p(z, r) = � log p(r|z)� log p(z) = K(r, z) + V (z)
<latexit sha1_base64="L81fzCv6AygM7UR2R5Ft/Ne9aCE="></latexit>

dz

dt
= +

@H

@r
=

@K

@r
dr

dt
= �@H

@z
= �@K

@z
� @V

@z
<latexit sha1_base64="6aJLpgOq0KJ0icvVIVVbZYp9T+0="></latexit>

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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[35] (Neal et at., 2011) [36] (Betancourt et at., 2017)
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Method
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[35] (Neal et at., 2011) [36] (Betancourt et at., 2017)
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Method
Hamiltonian Monte Carlo

• Discrete trajectories (chains) of  updates, ending in 

 

• Target: true posterior density (blue). 

• Needed: 

1. Good initial proposal (encoder). 

2. Well-defined hyperparameters.

T

z(T ) ⇠ q(T )(z | x) ⇡ p(z | x)
<latexit sha1_base64="gCG//sCRu9Mfotm4wfHGr0YfpaI="></latexit>
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Method
Hamiltonian Monte Carlo

• Discrete trajectories (chains) of  updates, ending in 

 

• Target: true posterior density (blue). 

• Needed: 

1. Good initial proposal (encoder). 

2. Well-defined hyperparameters.

T

z(T ) ⇠ q(T )(z | x) ⇡ p(z | x)
<latexit sha1_base64="gCG//sCRu9Mfotm4wfHGr0YfpaI="></latexit>
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Method
HMC Hyperparameter tuning [9]

55

[37] (Gong et at., 2020)[9] (Campbell et at., 2021)
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Method
HMC Hyperparameter tuning [9]

• Tuning the hyperparams via Variational Inference:

�
⇤ = argmax

�
E
q(T )
� (z)

[log p⇤(z)] +H

h
q
(T )
� (z)

i

<latexit sha1_base64="5GQfkpVivkHxsVmDDr6aHIVWgyY="></latexit>
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[37] (Gong et at., 2020)[9] (Campbell et at., 2021)

https://github.com/ipeis/HMCTuning
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Method
HMC Hyperparameter tuning [9]

• Tuning the hyperparams via Variational Inference:

�
⇤ = argmax

�
E
q(T )
� (z)

[log p⇤(z)] +H

h
q
(T )
� (z)

i

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

• Add an inflation parameter for scaling the proposal [37]

s⇤ = argmin
s

SKSD(z(T ),rz log p
⇤(z))

<latexit sha1_base64="u/EDBB+1f3G7DTIQx3ZpIIdJKa4="></latexit>
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Method
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• Tuning the hyperparams via Variational Inference:
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E
q(T )
� (z)

[log p⇤(z)] +H

h
q
(T )
� (z)

i

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

• Add an inflation parameter for scaling the proposal [37]

s⇤ = argmin
s

SKSD(z(T ),rz log p
⇤(z))

<latexit sha1_base64="u/EDBB+1f3G7DTIQx3ZpIIdJKa4="></latexit>

• Code available at: 

   https://github.com/ipeis/HMCTuning 
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[37] (Gong et at., 2020)[9] (Campbell et at., 2021)

https://github.com/ipeis/HMCTuning
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Method
Hierarchical VAEs

• Hierarchical VAEs are successful at increasing flexibility. 

 

• The hierarchy allows for modelling: 

‣ Abstract to specific generative factors. 

‣ Global to local generative factors.

p(z) = p (zL)
L�1Y

i=1

p (zi | zi+1)
<latexit sha1_base64="PchGHM8MJfyEKED2k9ZL7FX4nrQ="></latexit>
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z1
<latexit sha1_base64="1gXU4TbLSkaFNbb0Rl8AuNXpQNw="></latexit>

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

x
<latexit sha1_base64="hNSlGFbxY1QXRZSWX4aNGu5SNtI="></latexit>

[13]

[13] (Child, 2020)
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Method
HMC is ill-posed for Hierarchical VAEs

• Hierarchical dependencies lead to huge gradients [36,38] 

  

• Samples can diverge due to integrator overflow issues.

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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[36] (Betancourt et at., 2017) [38] (Betancourt and Girolami, 2015)
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Method
HMC is ill-posed for Hierarchical VAEs

58
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Method
HMC is ill-posed for Hierarchical VAEs

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

✓ Perform inference on  with standard 
Gaussian prior.

ϵ = {ϵ1, . . . , ϵ1}

✓ No need to increase complexity of the HMC method.
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Method
Optimization algorithm

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)

59
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Method
Optimization algorithm

59

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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Method
Optimization algorithm

59

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
Set up

• Training: missing features and target 
with a probability sampled from 

 for each batch. 

• Test: fixed 50% missing features, fully-
missing target.

U(0.01, 0.99)

60

Model HMC Hierarchical*

VAEM ❌ ❌

MIWAEM ❌ ❌

HMC-VAEM ✔ ❌

H-VAEM ❌ ✔

HH-VAEM ✔ ✔

* 2 layers of latent variables. xO
<latexit sha1_base64="ONjqP67eT5dz+Ir7UPpI/u+dwqc="></latexit>

xU
<latexit sha1_base64="GN76z570y4W8KopwZww0iqSeuWQ="></latexit>

y
<latexit sha1_base64="rPHoTnxtRP44Og6dv+x+g6nxb3c="></latexit>
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Experiments
Missing data imputation and target prediction

61

º

º

Negative log-likelihood of imputed missing data 

Negative log-likelihood of predicted target
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Experiments
Missing data imputation and target prediction (MNIST datasets)

62
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Experiments
Sequential Active Information Acquisition (SAIA)

63

<latexit sha1_base64="1fTp7jnSabzrDDNHeOeUSrYuCIA="></latexit>
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y
<latexit sha1_base64="rPHoTnxtRP44Og6dv+x+g6nxb3c="></latexit>

xO
<latexit sha1_base64="ONjqP67eT5dz+Ir7UPpI/u+dwqc="></latexit>
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‣ Target prediction. 

‣ Active information acquisition.
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