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Introduction
Research Questions: Part I

• One-layered VAEs approximate inference can be improved via Markov Chain Monte Carlo 
[1-4]. 

1. Could we leverage MCMC methods for Hierarchical VAEs? 

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

2

HMC samples (orange)

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

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

[4] Ruiz et at., 2021[1] Campbell et at., 2019 [2] Caterini et at., 2018 [3] Salimans et at., 2018

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

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

x
<latexit sha1_base64="hNSlGFbxY1QXRZSWX4aNGu5SNtI="></latexit>
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Introduction
Research Questions: Part II

• VAEs are successful in generating structured data. 

1. Could we generate non-structured data via functions [5,6] using a VAE framework? 

2. Can we encode weights of a Neural Network?

3

[5] Dupont et at., 2022 [6] Dupont et at., 2022
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Variational Autoencoders
Definition[7]

• Generative, explicit density models with intractable marginal log-likelihood. 

 

• Intractable, due to the complexity added by the NNs. 

• Posterior distribution: 

p(x) =

Z
p(x, z)dz =

Z
p✓(x|z)p(z)dz

<latexit sha1_base64="mdfqMu8htKqLI2q88/oY4gnzl6I=">AAACWHicbVHLSgMxFL0dH631VevSTbAIClJmqqAboejGpYJtBacMmTS1wWRmSO6Idezn+RG6dOtW96btIFq9EHI4D244CRMpDLruS8GZm19YLJaWyssrq2vrlY1q28SpZrzFYhnr65AaLkXEWyhQ8utEc6pCyTvh3dlY79xzbUQcXeEw4V1FbyPRF4yipYJKkJBdP1TZw2iPnBBfREiSnNgn4/vRCr0p+DYEPg440txHnr6N0+jPSFCpuXV3MuQv8HJQg3wugsqb34tZqniETFJjbjw3wW5GNQom+ajsp4YnlN3RW35jYUQVN91sUsSI7FimR/qxtsc+dML+TGRUGTNUoXUqigMzq43Jf7VQzWzG/nE3E1GSIo/YdHE/lQRjMm6Z9ITmDOXQAsq0sG8nbEA1ZWj/omxL8WYr+Avajbp3UG9cHtaap3k9JdiCbdgFD46gCedwAS1g8Azv8AGfhVcHnKKzNLU6hTyzCb/GqX4Ba+C0vg==</latexit>

p(z|x) = p✓(x|z)p(z)
p✓(x)

<latexit sha1_base64="kbdk9RjIUjxDuM6/PjUz3tsKjWA="></latexit>
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[7] Kigma et at., 2013

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>

✓
<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
Amortised Variational Inference (I)

• Learn a Gaussian approximation of the posterior using observed data by minimizing 

 

• Which is equivalent to maximizing 

 

named Evidence Lower Bound (ELBO). 

DKL (q�(z|x)||p(z|x))
<latexit sha1_base64="/nzHqXWT6AyB2icVZTAFTZe5ehs="></latexit>

L(x) = Eq�(z|x) log
p✓(x, z)

q�(z|x)
,

<latexit sha1_base64="5iD8Hh9gIu9YyowKuq9DuEGpwfo="></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>

✓
<latexit sha1_base64="H91SejMXEYgFb7hH5xghSCvPSxQ=">AAAB/XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84BkCbOT3mTMzO4y0yuEJfgLXvXuTbz6LV79EifJHjSxoKGo6qaaChIpDLrul7Oyura+sVnYKm7v7O7tlw4OmyZONYcGj2Ws2wEzIEUEDRQooZ1oYCqQ0ApGN1O/9QjaiDi6x3ECvmKDSISCM7RSs4tDQNYrld2KOwNdJl5OyiRHvVf67vZjniqIkEtmTMdzE/QzplFwCZNiNzWQMD5iA+hYGjEFxs9m307oqVX6NIy1nQjpTP19kTFlzFgFdlMxHJpFbyr+6wVqIRnDKz8TUZIiRHweHKaSYkynVdC+0MBRji1hXAv7O+VDphlHW1jRluItVrBMmtWKd16p3l2Ua9d5PQVyTE7IGfHIJamRW1InDcLJA3kmL+TVeXLenHfnY7664uQ3R+QPnM8f/V2V0g==</latexit>

�
<latexit sha1_base64="DVxTIUzs4sxiQPMLUDBS5WHxXUI="></latexit>

p✓(x|z)
<latexit sha1_base64="nCijCWPaL1c4Ch7d7xC4x0A1Icc="></latexit>

q�(z|x)
<latexit sha1_base64="1aVECloC3SrxUVqM+MPw/wHjbxg="></latexit>
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Variational Autoencoders
Amortised Variational Inference (I)

The ELBO is typically expressed as 

L(x) = Eq�(z|x) log p✓(x|z)�DKL (q�(z|x)||p(z))
<latexit sha1_base64="XfDRxYjIoLr8jGvypqxRXzAgU2k="></latexit>

6

N (0, I)
<latexit sha1_base64="LNs2+PTz1MXMwO/nl1vyCHFKRXY=">AAACT3icdVFdS8MwFE3n15xOpz76EhzCFBmtCvo49EVfRMFNYS0jzdItLGlLciuM0v/gr/FV/4KP/hLfxLT2QaceCDmce3O558SPBddg229WZW5+YXGpulxbWa2vrTc2Nns6ShRlXRqJSN37RDPBQ9YFDoLdx4oR6Qt250/O8/rdA1OaR+EtTGPmSTIKecApASMNGvuuJDCmRKRXGXYFC6CFXV+mdnZQ3JdGVXw0hj08aDTttl0A/yZOSZqoxPVgw6q7w4gmkoVABdG679gxeClRwKlgWc1NNIsJnZAR6xsaEsm0lxamMrxrlCEOImVOCLhQv79IidR6Kn3TmVvQs7Vc/K+WT9TZn9N+iL6cWRKCUy/lYZwAC+nXjkEiMEQ4DxcPuWIUxNQQQhU3NjEdE0UomC+omQCd2bh+k95h2zlqH94cNztnZZRVtI12UAs56AR10AW6Rl1E0SN6Qs/oxXq13q2PStlasUqyhX6gsvwJE5izMg==</latexit>

Decoder Encoder

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>

✓
<latexit sha1_base64="H91SejMXEYgFb7hH5xghSCvPSxQ=">AAAB/XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84BkCbOT3mTMzO4y0yuEJfgLXvXuTbz6LV79EifJHjSxoKGo6qaaChIpDLrul7Oyura+sVnYKm7v7O7tlw4OmyZONYcGj2Ws2wEzIEUEDRQooZ1oYCqQ0ApGN1O/9QjaiDi6x3ECvmKDSISCM7RSs4tDQNYrld2KOwNdJl5OyiRHvVf67vZjniqIkEtmTMdzE/QzplFwCZNiNzWQMD5iA+hYGjEFxs9m307oqVX6NIy1nQjpTP19kTFlzFgFdlMxHJpFbyr+6wVqIRnDKz8TUZIiRHweHKaSYkynVdC+0MBRji1hXAv7O+VDphlHW1jRluItVrBMmtWKd16p3l2Ua9d5PQVyTE7IGfHIJamRW1InDcLJA3kmL+TVeXLenHfnY7664uQ3R+QPnM8f/V2V0g==</latexit>

�
<latexit sha1_base64="DVxTIUzs4sxiQPMLUDBS5WHxXUI="></latexit>

p✓(x|z)
<latexit sha1_base64="nCijCWPaL1c4Ch7d7xC4x0A1Icc="></latexit>

q�(z|x)
<latexit sha1_base64="1aVECloC3SrxUVqM+MPw/wHjbxg="></latexit>
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• First reconstruction term requires an MC estimator: 

 

• Second regularization term can be computed in close form.

L̂(x) = 1

S

SX

i=1

⇣
log p✓(x|z(s))

⌘
�DKL (q�(z|x)kp(z))

<latexit sha1_base64="okP/PHwte7U0Fg9y4BB0NYdTRXw="></latexit>

Variational Autoencoders
Amortised Variational Inference (II)

7

[7] Kigma et at., 2013

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[7]

Works reasonably good even for S=1

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>

✓
<latexit sha1_base64="H91SejMXEYgFb7hH5xghSCvPSxQ=">AAAB/XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84BkCbOT3mTMzO4y0yuEJfgLXvXuTbz6LV79EifJHjSxoKGo6qaaChIpDLrul7Oyura+sVnYKm7v7O7tlw4OmyZONYcGj2Ws2wEzIEUEDRQooZ1oYCqQ0ApGN1O/9QjaiDi6x3ECvmKDSISCM7RSs4tDQNYrld2KOwNdJl5OyiRHvVf67vZjniqIkEtmTMdzE/QzplFwCZNiNzWQMD5iA+hYGjEFxs9m307oqVX6NIy1nQjpTP19kTFlzFgFdlMxHJpFbyr+6wVqIRnDKz8TUZIiRHweHKaSYkynVdC+0MBRji1hXAv7O+VDphlHW1jRluItVrBMmtWKd16p3l2Ua9d5PQVyTE7IGfHIJamRW1InDcLJA3kmL+TVeXLenHfnY7664uQ3R+QPnM8f/V2V0g==</latexit>

�
<latexit sha1_base64="DVxTIUzs4sxiQPMLUDBS5WHxXUI="></latexit>

p✓(x|z)
<latexit sha1_base64="nCijCWPaL1c4Ch7d7xC4x0A1Icc="></latexit>

q�(z|x)
<latexit sha1_base64="1aVECloC3SrxUVqM+MPw/wHjbxg="></latexit>
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Variational Autoencoders
Training

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>

8

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

q�(z|xi)
<latexit sha1_base64="EP08uKtcbAVvafpyD8DS1klw8rg="></latexit>
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Variational Autoencoders
Approximate Inference

• Can we get better samples that follow the green contour? 

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

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

[8]

[8] Cremer et at., 2018



Part I  
Missing Data Imputation and Acquisition with Deep 
Hierarchical Models and Hamiltonian Monte Carlo 

10
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Challenges
Enhance information acquisition with VAEs

• Discovery of high-value information. 

• Bayesian reward function [9] 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>

11

[9] Bernardo et at., 1979

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

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

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

xi 2 xU
<latexit sha1_base64="y2K3YBKTii+4++58wujRtiB8yuY="></latexit>
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Challenges
Enhance information acquisition with VAEs

• Approximated in [10,11] by transforming the reward into the latent space: 

  

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

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>

12

[10] Ma et at., 2018 [11] Ma et at., 2020
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Challenges
Improve missing data imputation with VAEs

• Imputation under a VAE framework [10-13]: 

 

• 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>

13

[12] Nazabal et at., 2020 [13] Mattei et at., 2020[10] Ma et at., 2018 [11] Ma et at., 2020
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Challenges
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.

14

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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Challenges
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(zL)
L�1Y

l=1

p(zl|zl+1)
<latexit sha1_base64="Tql6dpAMoZ9QzWldHSkpxAoZtBQ="></latexit>
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z1
<latexit sha1_base64="1gXU4TbLSkaFNbb0Rl8AuNXpQNw="></latexit>

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

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

[14] Child, 2020

[14]
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Challenges
Hierarchical VAEs

• Delicate inference (posterior collapse). 

 

16

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

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

x
<latexit sha1_base64="hNSlGFbxY1QXRZSWX4aNGu5SNtI="></latexit>
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Challenges
Hierarchical VAEs

• Solution: top-down inference. 

✓ Posterior collapse is relaxed.  

✦ Inference bias worsens with latent dimensionality.

17

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

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

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

r1
<latexit sha1_base64="5tEQeFf+DbBaHiNdzmJrfuCoIJk="></latexit>

r2
<latexit sha1_base64="lNJUWuE9oTKB7jhcifMgdNAzptU="></latexit>
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Challenges
MCMC for improving inference in VAEs

18

[15]HMC samples (orange)

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

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

[15]HMC samples (orange)

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

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

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>

[15] Peis et al., 2021
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Challenges
Handling partial heterogeneous data

• Factorization over dimensions[10-13]: 

 

• Naïve approach for heterogeneous[12,13]: use a different likelihood 
per dimension. 

• Problem: inbalanced likelihoods.

L(x) = Eq�(z|x)

"
DX

d=1

I(xd 2 xO) log p✓(xd|z)
#
�DKL(q�(z|xO)||p(z))

<latexit sha1_base64="016AyC7tFzZA5vv20P62qRn2wSk="></latexit>

[12] Nazabal et at., 2020 [13] Mattei et at., 2020[10] Ma et at., 2018 [11] Ma et at., 2020
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Challenges
Handling partial heterogeneous data

• Solution[11]: learn first  marginal VAEs : 

 

and a joint dependency VAE  on the marginally encoded data: 

 

• Interdependencies between heterogenous variables are better captured by the 
dependency VAE.

D (θd, γd)

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

q�d(zd|xd)
<latexit sha1_base64="bVVRjAJZYBnYsx7GITFu2IZxvoM="></latexit>

(θ, ϕ)

L(z) = Eq�(h|z)

"
DX

d=1

I(zd 2 zO)Eq�d
(zd|xd) [log p✓(zd|h)]

#
�DKL(q�(h|zO)||p(h))

<latexit sha1_base64="Mg6kBJxu3i1/T0nNKi51S106sbY="></latexit>

[11] Ma et at., 2020
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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. 

• Heterogeneous data handling. 

• More accurate imputation and prediction. 

• More effective information acquisition.

21
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Contributions (II)
Sampling-based method for active information acquisition

• Sampling-based estimator [16] 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)

22

[16] Kraskov et at., 2004
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Method
Hamiltonian Monte Carlo
• 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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Method
Hamiltonian Monte Carlo
• 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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Method
Hamiltonian Monte Carlo

• 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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Method

• Tuning the hyperparameters via Variational 
Inference: 

 

• Add an inflation parameter for scaling the 
proposal [17] 

 

• Code available at:  

   https://github.com/ipeis/HMCTuning 

�
⇤ = 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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[1] Campbell et at., 2021 [17] Gong et at., 2020

HMC Hyperparameter tuning [1]

https://github.com/ipeis/HMCTuning
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Method
HMC is ill-posed for Hierarchical VAEs

• Hierarchical dependencies lead to huge gradients [18, 19] 

  

• 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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[18] Betancourt et at., 2017 [19] Betancourt et at., 2015
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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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Method
Ill-posed for HMC

• Solution:  

✓ Reparameterization for relaxed posterior: 

 

NNs with parameters  ,  

✓ Perform inference on  with standard 
Gaussian prior. 

 

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

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

ϵ = {ϵ1, . . . , ϵ1}
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Method
Ill-posed for HMC

• Solution:  

✓ Reparameterization for relaxed posterior: 

 

NNs with parameters  ,  

✓ Perform inference on  with standard 
Gaussian prior. 

✓ 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}

29



DTU Copenhagen, 2 June 2023

Method
Optimization algorithm

30

• 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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Method
Optimization algorithm

31

• 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

32

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

33

• HH-VAEM with 2 layers of latent variables. 

• Baseline models:  

1. VAEM: Gaussian-based, 1 layer. 

2. MIWAEM: Gaussian-based, 1 layer, importance weighted. 

3. HMC-VAEM: HMC-based, 1 layer. 

4. H-VAEM: Gaussian-based, 2 layers. 

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

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

U(0.01, 0.99)
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Experiments
Missing data imputation and target prediction

34

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>
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Experiments
(MNIST datasets)

35
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• Sequentially acquiring high-value information by 
selecting features that maximize our proposed 
sampling-based reward:

Experiments
Sequential Active Information Acquisition (SAIA)

36

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

37

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.

38
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Further details

39

[Paper]

[Code]

[Automatic HMC code]

[15] Peis et at., 2022

https://papers.nips.cc/paper_files/paper/2022/file/e8dbeb1c947a30576c699e7f5c73d3e3-Supplemental-Conference.pdf
https://github.com/ipeis/HH-VAEM
https://github.com/ipeis/HMCTuning


Part II 
Variational Mixture of HyperGenerators for 
Learning Distributions over Functions 

40
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Motivation

• We typically deal with discretized versions of data that are continuous in nature.

41

Spatial Temporal Spatio-temporal

2D Images 3D Images Polar data Time series Audio Motion sequences Video
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Motivation

• Data can be expressed as a function over continuous coordinate systems.

42
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Motivation

• Focusing on images:

43

 

 

• Each pixel is now a pair {xd,yd} where xd 2 R2, yd 2 R3
<latexit sha1_base64="6N0pAvz04pdbnAIb2R/xf2iEt1A="></latexit>

• Full image is a pair of sets X = {xd}Dd=1, Yd = {yd}Dd=1
<latexit sha1_base64="X2H4TLIpGDMXe+XpqQTh08bf5X0="></latexit>

• Generator function f : X ! Y creates this speficic image with the map-
ping f(xd) = yd, d 2 [1, ..., D]

<latexit sha1_base64="vvE6Nr9A71nAEqqcr9xaKcI02k8="></latexit>
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• This approach will easily allows for:

Motivation

44

Inpainting [6,7] Outpainting [6,7] Superresolution [6,7]

Conditional Generation 
[6,7] 

Interpolation
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• This approach will easily allows for:

Motivation

44

Inpainting [6,7] Outpainting [6,7] Superresolution [6,7]

Conditional Generation 
[6,7] 

Interpolation

These ones require inference!
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Implicit Neural Representations
INRs [20-22]

45

Data Generator

[20] Sitzmann et at., 2020 [21] Mescheder et at., 2019 [20] Sitzmann et at., 2019
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Implicit Neural Representations
INRs [20-22]

46

Data Generator

[20] Sitzmann et at., 2020 [21] Mescheder et at., 2019 [20] Sitzmann et at., 2019
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Implicit Neural Representations
INRs [20-22]

47

Data Generator

[20] Sitzmann et at., 2020 [21] Mescheder et at., 2019 [20] Sitzmann et at., 2019
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Implicit Neural Representations
INRs [20-22]
• Learning distributions functions within a VAE framework.

48

Data Generator

Data generator          is unique to each image

…

i=1

…

i=N

…
…

…
…

[20] Sitzmann et at., 2020 [21] Mescheder et at., 2019 [20] Sitzmann et at., 2019
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Deep Generative Models of INRs

49

How to scale to large datasets?

How to map a latent representation to an INR?
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Deep Generative Models of INRs

50

[23] Ha et at., 2017

Data GeneratorHyperNetwork [23]
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Deep Generative Models of INRs

51

HyperNetwork [23] Data Generator

Have           , a summary 
representation of image.

[23] Ha et at., 2017
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Previous work
GASP[5]

• Adversarial training: 

Can’t tackle inference related tasks.

52

[5] Dupont et at., 2020
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Previous work
GASP[5]

• Adversarial training: 

Can’t tackle inference related tasks.

52

Point-wise Convolution

[5] Dupont et at., 2020
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Previous work
Functas[6]

• Decoupled training: 

1. Fit an INR per datapoint using 
SIREN[20] and modulation vectors, 
named functas. 

2. Train any generative model on the 
functa dataset of vectors. 

Computationally expensive inference.

53

[20] Sitzmann et at., 2020[6] Dupont et at., 2022
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Deep Generative Models of INRs

54

How to infer the latent representation z?
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Proposed method: VAMoH
Variational Mixture of HyperGenerators

55
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VAMoH
Encoder

56

HyperNetwork Data Generator

: Latent Variable

Encoder

Prior Distribution

Posterior Distribution



DTU Copenhagen, 2 June 202357

• PointConv[21] encoder for point clouds.

VAMoH
Encoder

µ
<latexit sha1_base64="chE+5/KfudjcjD11Ciyj805eeQE="></latexit>

log(�)
<latexit sha1_base64="ryZ79jPiwm8LhQpBbuSJPe5NJC8="></latexit>

N (z; µ,�2I)
<latexit sha1_base64="G01z8ciLdIrRFUWf2p1HfOfljUw="></latexit>

...
<latexit sha1_base64="oCfaUr/5yOtwhorvo5miYNTAegY="></latexit>

Point-wise encoder

PointConv

10

1

0

f�(Xk)
<latexit sha1_base64="OoLz8Rc91fX83NeRDeCczh5Nlbw="></latexit>

<latexit sha1_base64="QXFoDHl8UpXrFOA4OF+X2oN7lUU=">AAACKXicbVDLTsMwEHR4lkKhhSMXiwqJU5UgXscKLhyLRB9SG1W267SmdhzZDqJE/Qeu8At8DTfgyo/gtDmQlpFWGs3sancHR5xp47pfzsrq2vrGZmGruL1T2t0rV/ZbWsaK0CaRXKoORppyFtKmYYbTTqQoEpjTNh7fpH77kSrNZHhvJhH1BRqGLGAEGSu1elgkz9N+uerW3BngMvEyUgUZGv2KU+oNJIkFDQ3hSOuu50bGT5AyjHA6LfZiTSNExmhIu5aGSFDtJ7Nzp/DYKgMYSGUrNHCm/p1IkNB6IrDtFMiM9KKXiv953dgEV37Cwig2NCTzRUHMoZEw/R0OmKLE8IkliChmb4VkhBQixiaU24JF7odkqFA0YuQpr2IpxwZhnQboLca1TFqnNe+idn53Vq1fZ1EWwCE4AifAA5egDm5BAzQBAQ/gBbyCN+fd+XA+ne9564qTzRyAHJyfX6GAp5s=</latexit>z

[21] Wu et at., 2019
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VAMoH
Decoder

58

HyperNetwork Data Generator

: Latent Variable

Encoder

Prior Distribution

Posterior Distribution
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VAMoH
Reconstruction

59

Posterior Distribution
HyperNetwork Data Generator

Encoder 
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VAMoH
Super Resolution

60

Posterior Distribution
HyperNetwork Data Generator

Encoder 
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VAMoH
Image Completion

61

Posterior Distribution
HyperNetwork Data Generator

Encoder 

Completion
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VAMoH
Image Generation
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HyperNetwork Data Generator

Encoder 

Sample from Prior
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VAMoH
Image Generation
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HyperNetwork Data Generator

Encoder 

Sample from Prior
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VAMoH
Optimization

64

How to learn all these steps end-to-end from data?
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VAMoH
Optimization

65

Posterior 
HyperNetwork Data Generator

Encode

Generative model: Aim: Learning latent variables z 
given data (intractable) How: Learn an approximation
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VAMoH
Optimization

66

• For a single data sample

• For all samples in our dataset

Reconstruction Regularization
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VAMoH

Problem:

If the prior is too simple, it 
hinders generation quality.

Solution:

Learn a more complex 

Regularization Term: We need to align the approximate 
posterior with the prior.

‘Holes’ problem

67
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• More expressive prior using RealNVP (Real-valued, Non-Volume Preserving) Flow.

VAMoH
Flow-based prior

[23]
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VAMoH
Mixture of HyperGenerators

69

HyperNetworks

…

k=1

k=K …

Choose!

HyperNetwork Data Generator

Mixture of HyperGenerators

Single HyperGenerator
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VAMoH
Mixture of HyperGenerators

70

Image Reconstruction with Mixture of HyperGenerators

70
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VAMoH
ELBO

71

Reconstruction the features of the observed pixels

KL of the continuous latent variable

KL of the discrete latent variable

• For a single data sample

• For all samples in our dataset

71
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Experiments
Baselines

72

Model Approach Training Procedure Generation Reconstruction, Imputation, 
Super Resolution

GASP (2021) [5] GAN Minimax Forward Pass ❌
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Experiments
Baselines
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Model Approach Training Procedure Generation Reconstruction, Imputation, 
Super Resolution

GASP (2021) [5] GAN Minimax Forward Pass ❌

Functa (2022) [6] Flow-based Bilevel optimization + Extra Generative 
Model

Optimization procedure(s) 
per sample
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Experiments
Baselines
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Model Approach Training Procedure Generation Reconstruction, Imputation, 
Super Resolution

GASP (2021) [5] GAN Minimax Forward Pass ❌

Functa (2022) [6] Flow-based Bilevel optimization + Extra Generative 
Model

Optimization procedure(s) 
per sample
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Experiments
Baselines
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Model Approach Training Procedure Generation Reconstruction, Imputation, 
Super Resolution

GASP (2021) [5] GAN Minimax Forward Pass ❌

Functa (2022) [6] Flow-based Bilevel optimization + Extra Generative 
Model

VaMoH (ours) VAE-based Single optimization Forward Pass

VAMoH provides a probabilistic generative model that is efficient, robust, and expressive for modeling distribution over functions. 

Optimization procedure(s) 
per sample

Forward pass
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Experiments
Datasets

PolyMNIST 
(28x28)

CelebA-HQ (64x64)

Shapes3D (64x64)

ERA5 (Polar)

ShapeNET (Voxels)
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Experiments
Generation

Shapes3DCelebA-HQ
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Experiments
Generation

ERA5 ShapeNETPolyMNIST
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Experiments
Reconstructions
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Experiments
Inference times

Reconstruction

Super-reconstruction
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Experiments
Image completion
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Conclusion
Thanks to learning distributions of functions, our proposed VAMoH can easily perform: 

• Generation. 

• Reconstruction. 

• Conditional generation. 

• Super resolution (interpolation). 

While being: 

✓Robust to partially observed data. 

✓Expressive for generating high-quality data. 

✓Efficient in terms of inference. 

82



DTU Copenhagen, 2 June 2023

Further details

83

[Paper]

[25] Koyuncu et at., 2023
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