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- We use the fact that morphology traces the merger history of galaxies to learn ik sample. As can be seen, the network bases its decision
about galaxy evolution using a large sample of galaxies with morphological oala on the presence of spiral arms in this image.
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Methodology z ~0 and 1, we identify two separate evolutionary
Uniform distributions of Simulate galaxies -- some with a pathways for disk- and bUIge-dominated gaIaXieS.

parameters in magnitude, radius, single Sersic component; and
position angle with ranges typical some with both disk and bulge
at target redshift components using GalSim

| Color-Mass diagram for z . . .
| ~0SDSS galaxies
| separated by
morphology. Disks
evolve secularly, and
bulge-dominated
galaxies quench rapidly
after formation. Obtained
using GaMorNet
(precursor to GaMPEN)
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Schematic Diagram of GaMPEN. The num-
Process the real data through bers below each layer refer to the number of
the trained network for which filters/neurons. An example of the transforma-

posteriors are to be estimated tion performed by the STN on a Hyper Su-
prime-Cam cutout is shown in the top inset.

GaMorNet (classification precursor to GaMPEN) is
publicly available with trained models.

GaMPEN will be publicly available after further
testing. But to use it for your work now, contact me!
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