APC, CNRS, FRANCE

MADNESS

Maximum-A-posteriori solution with Deep generative NEtworks
for Source Separation

Biswajit Biswas, Eric Aubourg, Alexandre Boucaud, Axel Guinot,
Junpeng Lao, Cécile Roucelle

LSST France Meeting
18th May, 2022

ggglPSL,,

W



Dark Energy

Dark Energy
Accelerated Expansion
Afterglow Light
Pattern Dark Ages Development of
375,000 yrs. Galaxies, Planets, etc.

Infl

Qua
Fluctuations

1st Stars -an -
about 400 million yrs.

Big Bang Expansion

13.77 billion years
Credits: NASA/WMAP Science Team) Page 2




Surveys and Challenges

Large survey of Space and Time (LSST) at Vera Rubin
Observatory:

Ground-based

constrain Dark Energy

3.2 billion pixel camera

6 observation bands in visible range

more depth + area of coverage = More statistics!

greater depth means more complex datal
. ... ? :,', y ~ Galaxies (60% in LSST ) are expected to overlap (blending)
AL s \ N in images due to increased depth
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Why Al for deblending?

Large data [billions of galaxies]

Exploit advances in the field of image processing

predict complex galaxy shapes

Multi-band, multi-instrumental approach
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Train VAE as generative model

Reconstructed
input

Bottleneck!
Encoder Decoder
X
9é fo

For example: Lanusse et al (arXiv:2008.03833)
Arcelin et al (arXiv:2005.12039)

The VAE creates an underlying distribution from which galaxies are drawn! Page 5


https://arxiv.org/abs/2008.03833
https://arxiv.org/abs/2005.12039

Denoising (Single source)
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Where, x* is the maximum a posteriori probability (MAP) estimate Page 6



MAP estimate in latent space

Input image (v )

Decoder
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fo
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Where, z* is the maximum a posteriori probability

estimate in the latent space
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Minimization

Input image (v )

Decoder
o
fo
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e Start with random z
e Do gradient descent in the latent
space to minimize the objective

function
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Where, z* is the maximum a posteriori probability

estimate in the latent space
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Deblending (Multiple sources)

Z = {z,- | z; being the latent space representation of i galaxy}

Z* = argmin —log p(y|Z) —log p(Z)
z

Probability that predictions

Reconstructed field are galaxies!
My =(Z, fe@)II?
Z: =ang ;mn N % Z log p(z;)
noise
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Deblendlng Exomple
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 Moving to a larger field...

Input field | - Sinh™(Input field ) Page 11



 Moving to a larger field..
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Compare with scarlet

MADNESS
scarlet

number of galaxies
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relative flux reconstruction error
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Conclusion and Future work

e Encouraging initial results!

e Time to get back to the basics (network architecture, loss
function...)

e Choose metrics to evaluate the deblending results.
(Flux reconstruction, SSIM..))

e Real data?
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