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GALAXIES ARE “EFFICIENT” MACHINES TO
MAKE STARS

COMPLEX. NON-LINEAR PHYSICS
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GALAXIES ARE “EFFICIENT” MACHINES TO
MAKE STARS
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GALAXIES ARE “EFFICIENT” MACHINES TO
MAKE STARS

GAS

GAS INFLOWS
OUTFLOWS
INTERACTIONS
BLACK HOLES
SUPERNOVAE
DISK INSTABILITIES
ETC..




THE BIG-DATA ERA
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WE "MIGH

KNOW?”

HE INGREDIENTS,

WE DON'T KNOW THE RECIPE

(Toomre+77)

11 Gyrs ago mergers? feedback? today

(Silk+98)

!
!

irregular (vnc+is,16), turbulent
(Genzett13), rotating (wisnioski+1s),
compact (Trujitlo, +06 shibuya+15), high
star-formation
efficiency(padai+o7), gas-
rich(Genzei+15)

clumps?
(Bournaud+07)

—> B

accretion?
(Dekel+09) hubble sequence bulges/disks
(nubbler36), bimodal SF/passive
(Kauffmann+03)

WHAT IS THE HISTORY OF
MASS ASSEMBLY?

WHEN 7/ HOW IS FEEDBACK TRIGGERED?



AN OBSERVATION IS A SINGLE “SNAPSHOT” IN TIME

:' 2=1.22 5 kpc 814'

010 WAS THERE A MERGER? WHEN?

' » DID IT HAVE AN ACTIVE BLACK HOLE?
- **

WHEN/HOW WAS THE BULGE FORMED?

0.00

CAN WEFE INFER ITS

GIVEN AN OBSERVATION... ASSEMBLY HISTORY?




GALAXIES EVOLVE AND GO THROUGH DIFFERENT PHASES DURING
THEIR LIFETIME. THIS IS CAPTURED IN NUMERICAL SIMULATIONS

ILLUSTRIS-TNG SIMULATION: http://www.tng-project.org



AS SIMULATIONS AND OBSERVATIONS
BECOME LARGER AND MORE COMPLEX....

"\IHE EAGLE PROJECT -

~"‘-.-<: ?c- R
e @

... THERE IS A NEED OF MEANINGFUL WAYS OF LINKING THE
TWO




ML TO LINK THEORY AND

OBSERVATION
IN THE DATA SPACE
8 Illustris, EAGLE,
== Horizon-AGN ...
[FULL 3D EVOLUTION HISTORY]
PROJECT HYDRO ASSUMPTIONS OF MASS
SIMS IN TO LIGHT CONVERSION
THE + DUST
“OBSERVATIONAL +PSF

PLANE” + NOISE
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ML TO LINK THEORY AND
OBSERVATION
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MACHINE (DEEP)
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GALAXIES EVOLVE AND GO THROUGH DIFFERENT PHASES DURING
THEIR LIFETIME. THIS IS CAPTURED IN NUMERICAL SIMULATIONS.
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GALAXIES EVOLVE AND GO THROUGH DIFFERENT PHASES DURING
THEIR LIFETIME. THIS IS CAPTURED IN NUMERICAL SIMULATIONS.
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HOW CAN WE ESTIMATE THE PHASE FROM A UNIQUE IMAGE?
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Blue-Nugget-Stage Post-Blue-Nugget-Stage

16.000 light years

[1 light year = 5.6 trillion miles]

Images derived from
computer simulations
of one distant young
Galaxy going through
the 3 phases at a
maximum resolution

E

DEEP LEARNING
LINKS THEORY
AND OBSERVATIONS

.

HUERTAS-COMPANY+18

Same images derived
from computer
simulations of a distant
young Galaxy as it
would have been
observed by the Hubble
Space Telescope

Hubble Space Telescope
images of distant young
Galaxies classified with
a deep learning
algorithm




WHAT IF OBSERVATIONS
AND SIMULATIONS DO NOT
COME FROM THE SAME
DISTRIBUTIONS?

JBRR !!lustris, EAGLE,
& G, Horizon-AGN ...
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[FULL 3D EVOLUTION HISTORY]
FORWARD MODEL
HYDRO SIMS IN

THE



WHAT DOES IT MEAN THAT SIMULATIONS “MATCH”
OBSERVATIONS?

SDSS) ~ p@QSDSS)
| |

OBSERVED GALAXY SIMULATED GALAXY

\4 v

OBSERVING OBSERVING
PROPERTIES PROPERTIES




WHAT DOES IT MEAN THAT SIMULATIONS “MATCH”

OBSERVATIONS?
S
p(zil0spss) ~ p(zi|0spss)
N\ ~
- P(Rel0spss) EP(Re\QSDss) :
Ep(SFR, M*‘HSDSS)E EP(SFRSaMf\QSDSS)E

PR, M.|bspss) p(R:, M;|0spss)



USING GENERATIVE MODELS TO
ESTIMATE P(X)

GENERATIVE /
REGRESSIVE
MODEL

| l

p(x)




astroGANomaly: aANoMALY

DETECTION WITH GANs

CANDELS
! Real

n Generated
Generator G

G(z)
SIMULATIONS [HORIZON- AGN]

Discriminator D

MARGALEF, MHC, CHARNOCK+20




The Horizon Simulation “NORMAL DATA”
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GENERATOR:

_______________

Dense
CRITIC:
:  TRAIN YOUR WGAN FOR
: ~1 MILLION ITERATIONS...
_)16 Sl .

Flatten
Input



COMPUTE ANOMALY SCORE

ANOMALYSCORE: AS = \G + (1 — \)C

I

RMS btw critic features

from in])llt and generated

and generated

— > z —» | WGAN

(Frozen Weights)

1 Layer NN

minimize AS

Schlegl+17




Qriginal Original QOriginal QOriginal

“NORMAL” GALAXIES

Similar Similar Similar Similar
GAN BEST GUESS FOR
NORMAL GALAXIES

Anomaly score = 518.97

Anomaly score = 506.94 Anomaly score = 527.44 Anomaly score = 494.39

RESIDUAL MAPS




ANOMALY SCORE DISTRIBUTION OF OBSERVATIONS AND SIMULATIONS
[TRAINED ON SIMS]
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T-SNE REPRESENTATION OF LEARNED

FEATURES
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CANDELS
GALAXIES WELL CAPTURED BY
HORIZON-AGN SIM

CANDELS
GALAXIES NOT WELL CAPTURED BY
HORIZON-AGN SIM

NORMAL IMAGES ANOMALIES
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ELONGATED GALAXIES
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Log(M«/My)=10.55

SDSS
GALAXY

" AUTOREGRESSIVE IMAGE
GENERATION:
pixel CNN
[van der Oord+16, Salimans+17]
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Log(M«/M ) =10.55
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SDSS
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caayy [ AUTOREGRESSIVE IMAGE
GENERATION:
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T
RANDOM SAMPLES FROM THE MODEL 9 SDSS
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RANDOM “FAKE” OF
SDSS GALAXIES
OBTAINED THROUGH
SAMPLING OF THE
PDFs




DISTRIBUTION OF p(x) for SDSS GALAXIES

= SDSS - train
SDSS - test
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ILLUSTRIS

Log(M./Mo) =10.38 piXClCNN
trained
on SDSS

TNG

Log(M+«/My)=10.73

(z=0.05, Log(M*>10))

MOCK SDSS
IMAGES
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ILLUSTRIS
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ILLUSTRIS
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ILLUSTRIS TNG
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DOES A NEURAL NETWORK
KNOW ABOUT HORSES IF IT HAS
ONLY SEEN CATS AND DOGS?

MAYBE) YES!
( ) A

; 4




