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Source model
• Low-dimensional representation of data that:


➡ Captures range of galaxy morphologies


➡ Has a latent space compatible with Bayesian inference

Latent space
z

x
Data

p(z) = N(0, I)

Kingma & Welling 2013, Rezende et al 2014

Train encoder, decoder by 
maximizing lower bound on 

p(data)

Variational autoencoder

qϕ(z |x)
Encoder

pθ(x |z)
Decoder
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• Encoder, decoder: deep convolutional neural networks

Galaxy VAE

• Dataset: ~56,000 galaxies, redshifts ~ 1

Radford et al 2015 (DCGAN)

S/N < 10 S/N ~ 20 S/N > 100

This talk: train on ~10,000 
images with S/N = 15 - 50

Eg, decoder:

http://great3.jb.man.ac.uk/

https://arxiv.org/abs/1511.06434
http://great3.jb.man.ac.uk/
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Galaxy VAE: reconstructions
Original Reconstruction Original ReconstructionOriginal Reconstruction

1. 2.

1.

2.

Rezende & Viola 2018, Zhao et al 2017

x

z ∼ qϕ(z |x)

x′�

https://arxiv.org/abs/1810.00597
https://arxiv.org/abs/1702.08658
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Hoffman & Johnson 2016, Alemi et al 2018

http://approximateinference.org/accepted/HoffmanJohnson2016.pdf
https://arxiv.org/pdf/1711.00464.pdf


Galaxy VAE: samples
z ∼ p(z) = N(0, I)

Hoffman & Johnson 2016, Alemi et al 2018

http://approximateinference.org/accepted/HoffmanJohnson2016.pdf
https://arxiv.org/pdf/1711.00464.pdf


Galaxy VAE: samples
z ∼ p(z) = N(0, I)

Hoffman & Johnson 2016, Alemi et al 2018

http://approximateinference.org/accepted/HoffmanJohnson2016.pdf
https://arxiv.org/pdf/1711.00464.pdf


Galaxy VAE: samples
z ∼ p(z) = N(0, I) z distribution for training data

Hoffman & Johnson 2016, Alemi et al 2018

http://approximateinference.org/accepted/HoffmanJohnson2016.pdf
https://arxiv.org/pdf/1711.00464.pdf


Galaxy VAE: samples
z ∼ p(z) = N(0, I) z distribution for training data

Hoffman & Johnson 2016, Alemi et al 2018

≠ N(0, I)→open issue with VAEs!

http://approximateinference.org/accepted/HoffmanJohnson2016.pdf
https://arxiv.org/pdf/1711.00464.pdf


Galaxy VAE: samples
z ∼ p(z) = N(0, I)

Our approach: sample z from 
here to generate better galaxies

z distribution for training data

Hoffman & Johnson 2016, Alemi et al 2018

≠ N(0, I)→open issue with VAEs!

http://approximateinference.org/accepted/HoffmanJohnson2016.pdf
https://arxiv.org/pdf/1711.00464.pdf
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Normalizing flows

• Compose invertible transformations with simple 
Jacobians to reshape distributions

• Parametrize with neural networks

• For our purposes: inverse autoregressive flows (IAFs), 
which enable efficient sampling of the latent variable

z ∼ N(0, I) z′� ∼
fT ∘ . . . ∘ f2 ∘ f1(z)

Rezende & Mohamed 2015, Kingma et al 2016, …

https://arxiv.org/abs/1505.05770
https://arxiv.org/abs/1606.04934


Galaxy VAE: samples
z distribution for training data z samples from IAF fit
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z ∼ IAF(z)



Galaxy VAE: samples

Generated galaxies

z distribution for training data z samples from IAF fit

x

z ∼ IAF(z)
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Lensing galaxies
True source Observation

True Einstein radius: 2.3 
Best-fit value: 2.29

*Very preliminary, simplified analysis

Best-fit source



Conclusions
• Integrate galaxy VAE with full analysis pipeline


• Improve prior/latent distribution mismatch:


• Fully incorporate flows with VAE


• Fix blurriness:


• More flexible encoder? β/conditional-VAE, …?


• Example of “differentiable programming” for physics + ML

Tomczak & Welling 2018 Higgins et al 2017

https://arxiv.org/abs/1705.07120
https://openreview.net/forum?id=Sy2fzU9gl


Conclusions
• Integrate galaxy VAE with full analysis pipeline


• Improve prior/latent distribution mismatch:


• Fully incorporate flows with VAE


• Fix blurriness:


• More flexible encoder? β/conditional-VAE, …?


• Example of “differentiable programming” for physics + ML

Tomczak & Welling 2018 Higgins et al 2017

Thanks!

https://arxiv.org/abs/1705.07120
https://openreview.net/forum?id=Sy2fzU9gl
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Training VAEs
• Maximize a lower bound on          :
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