DEBLENDING GALAXIES WITH
GENERATIVE ADVERSARIAL
NETWORKS

SHOUBANEH HEMMATI (CALTECH/ IPAC)

+ ERIC HUFF, HOOSHANG NAYYERI, AGN'ES FERT E, PETER MELCHIOR, BAHRAM MOBASHER, JASON RHODES, ABTIN SHAHIDI,
HARRY TEPLIT Z

Caltech  asa




MOTIVATION

Shooby Hemmati- AstroDeep Conference

Galaxy evolution

e KPC-scale properties of galaxies,
e Quenching, clumps, environment
e 7~0 CIlI Luminosity functions

e high z massive and evolved

e ... We know a lot about galaxies.

Cosmology?¢

* many systematics come from
galaxies, redshifts, blends, shapes,

Do we know a lot about galaxies?
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GALAXY
DISTRIBUTIONS
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Figure 11. Bright (riz < 25; Euclid depth) and faint (riz > 25) galaxies in WFIRST lensing sample are mapped to the SOM color coded
by median redshifts (shown on left and middle panels). More than 95% of the SOM cells contain at least one bright galaxy, ~ 71% of the
SOM cells contain at least one faint object, and only ~ 4% of cells contain only faint galaxies (right panel).

Hemmati et al. 2019a
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GENERATIVE ADVERSARIAL NETWORKS
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CANDELS has some of the
deepest optical, NIR data
HST data

HST F775W cutouts of z<2
galaxies, normalized, used
{el@ifellgligle

Realistic looking HST cutouts
simulated with a simple
GAN, fast, clumps, ...

Scientifically reliable?
Distributions correcte
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GAN simulated

HST observed

’

GAN simulated
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* Image enhancement
« super resolution

* in-filling
« denoising

pixel scale, PSF, noise
HSC --> HST
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THE ARCHITECTURE | USED

*  ON PYTORCH
* THREE NVIDIA GPUS (EACH >3000 CUDA CORES)
¢ ~4 HOURS TO TRAIN WITH COUPLE THOUSAND GALAXY IMAGES

* NOT THAT DEEP, 4-5 CONVOLUTION LAYERS IN BOTH GENERATOR AND
DISCRIMINATOR

* LARGEST CHALLENGE: HYPER PARAMETER TUNNING (PADDING, STRIDE,
KERNEL SIZE, NUMBER OF LAYERS, ...)

* ACTIVATION RELU MOSTLY, TANH/SIGMOID LAST LAYER, WHICH ADDS
NON-LINEARITY TO THE NETWORK

* LOSS FUNCTION: MINIMAX CROSS ENTROPY ENOUGH FOR THIS WORK

* ADAM OPTIMIZER (EFFICIENT STOCHASTIC GRADIENT DECENT WITH LOW 4 o - ! SIS
MEMORY REQUIREMENT) w .. e -y
o "' o4 ,‘."_"- ——" . : L - ~

« CODES ON MY GITHUB (BUT SUPER UNORGANIZED) N ———

HTTPS://GITHUB.COM/XOUBISH/DISKS
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A large fraction of galaxies (~ 58%) are blended in HSC or LSST depths (Bosch et al. 2018)
simulated a blended sample with HST, various distances, orientations, brightness, redshifts, ...
For detection used skimage Laplacian detection and code by E. Sheldon, similar result

Photometry with NGMIX: implements Gaussian mixture models for 2D images. Both the PSF profile and the galaxy are modeled using mixtures of
Gaussians. Convolutions are thus performed analytically, resulting in fast model generation as compared to methods that perform the convolution in

Fourier space. For the galaxy model, NGMIX supports exponential disks and de Vaucouleurs and Sérsic profiles; these are implemented approximately
as a sum of Gaussians using the fits from Hogg & Lang (2013)
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distance(arcsec)

High resolution low resolution
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DISCUSSION

* PAPER SUBMITTED SIX MONTHS AGO ...
DO WE KNOW THE GALAXY DISTRIBUTION WELL ENOUGH TO DRAW AND GENERATE FROM THEM?

* HOW ARE NEW OBSERVATIONS CHANGING THE KNOWN DISTRIBUTION
*  EXTENSIONS IN WAVELENGTH
* RESOLUTION, SPATIAL AND SPECTRAL

* HOW TO BEST ADD UNCERTAINTY TO ENHANCED DATA PRODUCTS? ( REASON | SIGNED UP FOR THIS
CONFERENCE)

* THE BEST NETWORKS TO ENHANCE DATA? VERY EAGER TO TRY DIFFUSION MODELS NOW ...



