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https://www.slideshare.net/LuMa921/deep-learning-the-past-present-and-future-of-artificial-intelligence

BEFORE 2012....
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TRIVIAL HUMAN TASKS REMAINED
CHALLENGING FOR COMPUTERS



AFTER 2012

IT HAS BECOME TRIVIAL....
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TALK ON WEDNESDAY AFTERNOON -

SPECIAL SESSION
ON “MODERN” GALAXY MORPHOLOGIES



2 TAKE HOME MESSAGES
FOR TODAY

1. MOST OF THE PROCESSING WE DO ON IMAGES CAN BE DONE
WITH AI - POSSIBLY MORE EFFICIENTLY AND MORE ACCURATELY

2. WE CAN LEARN SOME PHYSICS BY USING AITO LINK
SIMULATIONS AND OBSERVATIONS
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PHOTOMETRY OF BLENDED SOURCES
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PHOTOMETRY OF BLENDED SOURCES
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Imag2 Band (& Model Detect'on Band)

SIMILAR APPROACHES CAN BE USED FOR...

DETECTION OF CLUMPS IN BULGE-DISK
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Al TO LINK THEORY AND
OBSERVATION
IN THE DATA SPACE

BB 111,5tris, EAGLE,
d Horizon-AGN ...

[FULL 3D EVOLUTION HISTORY]



Al TO LINK THEORY AND
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HOW REALISTIC
ARE ILLUSTRIS

TNG
MORPHOLOGIES?
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THE HIGH MASS END OF THE
STELLAR MASS FUNCTION OF
ILLUSTRIS TNG IS DOMINATED BY DISKS
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THE HIGH MASS END OF THE
STELLAR MASS FUNCTION OF
ILLUSTRIS TNG IS DOMINATED BY DISKS
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IDENTIFYING COMPACTION IN THE
VELA ZOOM-IN OF SIMULATIONS
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IDENTIFYING COMPACTION IN THE VELA ZOOM-IN OF

SIMULATIONS
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IN THE OBSERVATIONS WE ONLY HAVE ONE SNAPSHOT OF A
GALAXY AT A GIVEN TIME
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HOW CAN WE ESTIMATE THE PHASE FROM A UNIQUE IMAGE?
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USE THE FORMATION HISTORY OF EACHa GALAXY
TO LABEL IMAGES ...
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Blue-Nugget-Stage Post-Blue-Nugget-Stage
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THE OUPUT SOFTMAX PROBABILITY TRACKS THE

PRE-BN CLASS

SOFTMAX
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CONSTRAINTS ONTHE OBSERVABILITY TIMESCALE

BN CLASS

PRE-BN CLASS POST-BN CLASS
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CAPTURING THE MODEL UNCERTAINTY

SEVERAL OPTIONS EXIST IN THE LITTERATURE...

NO TIME TO TALK ABOUT BNNs




GENERATIVE ADVERSARIAL NETWORKS

(Goodfellow+)

TWO COMPETING NETWORKS

Discriminator e Fake

Real Data p,(x)

Every 2 iterations the generator

is trained to force the discriminator
to classify as real




GENERATIVE ADVERSARIAL NETWORKS

(Goodfellow+)

TWO COMPETING NETWORKS

Generated
Data

Real Data

Every 2 iterations the discriminator
is trained to force to distinguish between
real and fake




ANOMALY DETECTION
WITH GANSs

OBSERVATIONS
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A PROOF-OF-CONCEPT CASE:
UNSUPERVISED DETECTION OF
MERGERS WITH GANs
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MERGERS OCCUPY A DIFFERENT REGION
IN THE GAN GENERATED LATENT SPACE

t-SNE embedding on the feature representation

® pre merygers
® no_mergsars
® postmergers

60

MARGALEF-BENTABOL, MHC+2019



t-SNE embeadding on the feature representation
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2 TAKE HOME
PROVOCATIVE ?

MESSAGES FOR TODAY

1. MOST OF THE PROCESSING WE DO ON IMAGES CAN BE DONE
WITH AI - POSSIBLY MORE EFFICIENTLY AND MORE ACCURATELY

DETECTION, PHOTOMETRY, PHOTOZ’s, MORPHOMETRY ...

2. WE CAN LEARN SOME PHYSICS BY USING AITO LINK
SIMULATIONS AND OBSERVATIONS

WITH SUPERVISED ML GOING BACK AND FORTH FROM SIMS TO DATA
WITH UN-SUPERVISED ML TO MEASURE SIMILARITIES



