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Introducing ChatGPT

We've trained a model called ChatGPT which interacts in a

conversational way. The dialogue format makes it possible for
ChatGPT to answer followup questions, admit its mistakes, “
challenge incorrect premises, and reject inappropriate requests. B

Try ChatGPT 2 Read about ChatGPT Plus
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Can you help me prepare a lecture about Al in Astrophysics?

Certainly, I'd be happy to help you prepare a lecture about Al in astrophysics. Here's an

outline of the lecture that you can use as a starting point:

. Introduction

Il. How Al is used in Astrophysics

lIl. Case Studies

IV. Challenges and Opportunities

V. Conclusion

You can add more details to each section and include additional case studies or examples

as appropriate. You may also want to include visuals such as images or animations to help
illustrate key points. Good luck with your lecture!
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Artificial Intelligence

Machines/software that
performs task that
usually require human
intelligence:

learning, perception,
decision-making....




So, if not

what is Al?

Artificial Intelligence

\_

/Machine Learning

Use data to learn without
explicit rules and improve
over time.

~
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what is Al?

So, if not

Artificial Intelligence

Machine Learning

Deep Learning

Learn complex tasks using deep
neural networks - image and
video analysis, speech recognition,
language translation, autonomous
vehicles, robotics...
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Deep Learning

Learn complex tasks using deep
neural networks - image and
video analysis, speech recognition,
language translation, autonomous

vehicles, robotics... //
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Al methods are inspired by neurons in our brains.
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Models can have millions of trainable parameters.

Trained with thousands of example images.

OUTPUT
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iPhone camera



Our Cameral!l

DARK ENERGY
SURVEY

iPhone camera

Victor M. Blanco 4-meter Telescope at the Cerro Tololo
Inter-American Observatory (CTIO) in the Chilean Andes
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For Scale

+ 2 more filters




. ! Each DECam image is a gigabyte in size.

: DES takes a few hundred of these extremely
large images per night, producing as much as
2.5 terabytes of data per night.

+ 2 more filters
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DECam
570,000,000
- pixels
HDTV
2,000,000
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LSSTCam

HDTV
2,000,000
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Need 1,500 HDTV screens to view a single image taken with LSSTCam

Enough 4k TVs to cover half a basketball court



El Peidn peak of Cerro Pachén in northern
Chile, alongside the existing Gemini South and
Southern Astrophysical Research Telescope.




El Peidn peak of Cerro Pachén in northern
Chile, alongside the existing Gemini South and
Southern Astrophysical Research Telescope.
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But that is not all ..... Not even close!







How do we...
... process the data?
.. search through the data?
.. learn from the data?
.. find unusual objects?

.. send alerts quickly?

... combine/compare datasets?




How do we...
... process the data?
.. search through the data?
.. learn from the data?
.. find unusual objects?

.. send alerts quickly?

... combine/compare datasets?




LR | ol ppbaget ¥

s

[

~Talk Outline :

Introduction

Case Studies

B

Conclusion







Image/data processing and analysis ]




Image/data processing and analysis

Speed up simulations




Image/data processing and analysis

Speed up simulations

Scheduling and operations




Image/data processing and analysis
\
4
Speed up simulations
h

Scheduling and operations

Alert systems and real-time analysis

&7 Hubble: ai.:bér@gin the %
spiral galaxy NGC 2525
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Gravitational Lensing

A massive celestial body (galaxy cluster) causes
curvature of spacetime so that the path of light is
visibly bent, as if by a lens.

distorted galaxy cluster

light-rays




Compared to regular galaxies,
lensed galaxies are quite rare!
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We can learn a lot about the
evolution of our Universe and
it's content!




Gravitational lensing

Compared to regular galaxies,
lensed galaxies are quite rare!

We can learn a lot about the
evolution of our Universe and
it's content!

We can also easily simulate -
gravitational lenses! peinied
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Master Lens Database augmented by the results from DECam Local Volume Exploration Survey
(DELVE)
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Zaborowski et al. 2022.



Zaborowski et al. 2022.






LENS

LABELED
PHOTOS

NON-LENS

)

Model is trained with examples of lensed and non-lensed

galaxies to learn to distinguish between them.

QUTPUT

LENS



DELJ112831-111838 -216. 6. DELJ101316-355822 RXJ1131-1231 DELJ103448-274538 J1537-3010 DELJ101318-003906 DELJ092147-020314

CNN finds 50,000
candidates

DELJ111638-122604 DELJ115429-215047

.

DELJ121719-213108

Two rounds of
visual inspection

DELJ123824-155929 DELJ141748-153603 | DELJ113448-123507 DELJ123025-083839 DELJ123820-225506 DELJ112708-134731 DELJ094028-094854

wE v

DELJ125158-125022 DELJ081502-023202 DELJ081842-272441 DELJ100545-070335 DELJ112923-380852 DELJ090309-324821 |DESI-165.4754-06.0423 DELJ130040-343020

- : 617 final
. ‘ * . candidates
3 4 B % 1.08 1.08 - B

All} 1.08

Zaborowski et al. 2022.



DELJ112831-111838

DELJ111638-122604

DELJ123824-155929

Nz

DELJ125158-125022

DELJ141748-153603

DELJ081502-023202

Zaborowski et al. 2022.

DELJ101316-355822

‘DELJ113448-123507

DELJ081842-272441

RXJ1131-1231

DELJ123025-083839

DELJ100545-070335

DELJ103448-274538

DELJ115429-215047

.

DELJ121719-213108

DELJ123820-225506

DELJ112923-380852

J1537-3010 DELJ101318-003906 DELJ092147-020314

CNN finds 50,000
candidates

DELJ135125-232820
oy

Two rounds of
visual inspection

DELJ112708-134731 DELJ094028-094854

DELJ090309-324821 |DESI-165.4754-06.0423 DELJ130040-343020

: 617 final
._ candidates
1.08 : B

Hubble ~100 lenses, but LSST, Roman, Euclid will find ~10,000 !



Why is this important?

Probe galaxy structure

Probe distribution of matter

Enable observations of the distant
universe

Cosmology and how the universe
evolves




Why is this important?

Probe galaxy structure

Probe distribution of matter

Enable observations of the distant
universe

How?
By inferring properties of the lens system.

Cosmology and how the universe
evolves




Simulation is easy....inference is hard!
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Simulation is easy....inference is hard!

Detector properties, light propagation,
galaxy properties, cosmology....
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Simulation is easy....inference is

hard!

Detector properties, light propagation,

galaxy properties, cosmology....
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But with Al...
It's not necessary to explicitly calculate the integral!
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But with Al...
It's not necessary to explicitly calculate the integral!

1.434 £ 0.018 Q\\'a\gor’t/’% _\(\ed MLI})O Qe“m en(.&
1 — NPE Wy %
— BNN >>
1 0.081 £ 0.033
CHR, 1
A M i A S08d 0.0y
e —
HIENY |
iy P = 1N Observed Lens Model Lens Residu
N N N R i 1 0.815 4 0.045
\é b . RS
L - . @ i
& F + 4
e H—
o e T SR S S
AR . T . )
~ -~ ~ F o >

| Pohetal.2022.

Oc lel le2 « v | Poh et al.2024. in prep.



ing

es:
asts
xars!




How about
these
weird-looking

galaxies?

Merging galaxies:

a process that lasts
for millions of years!




+ e f - - If we want to
\ ‘ % : study the
' ; process we
need a lot of
galaxy pairs in
different merger
stages!




If we want to
study the
process we
need a lot of
galaxy pairs in
different merger
stages!

Unfortunately
we cannot easily
use
observations for
that...

Are galaxies
really merging
or just visually
overlapping?



We need simulations!



We need even bigger simulations
with many galaxies!

.
-




Simulations let us study how
structures form and evolve
over cosmic time!

)



1pc = 20 trillion miles
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Let’s train the model:

Regular Training

FIND AND REFINE

FEATURES

SIMULATED

IMAGES
+

LABELS

find useful
features

Testing the model




Let’s train the model:

Regular Training

FIND AND REFINE

FEATURES

find useful
SIMULATED features
IMAGES
+
LABELS

Testing the model




Combining Datasets
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Combining Datasets

Why does this happen?

Source Domain

Train the model .- "
on source ‘.ﬁv
dataset and find ‘— :
the decision

boundary. .*




Combining Datasets

New domain is
shifted,
learned decision
boundary doesn’t
work.

Why does this happen?

Source Domain Target Domain

1
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Combining Datasets

Why does this happen?

Source Domain Target Domain Domain Alighment




Solving the dataset shift problem!
Train together and learn to use domain-invariant features.

Source -day  Target - night, rain




Combining Datasets

Domain Adaptation

FIND AND REFINE

FEATURES

SIMULATED

IMAGES
+

el LABELS

. .| OBSERVED
- "% = | IMAGES




Combining Datasets
Domain Adaptation /\

FIND AND REFINE
FEATURES

o E=mp i

Testing the model

SIMULATED

IMAGES
+

T LABELS

S OBSERVED
e A IMAGES




Combining Datasets
Domain Adaptation /\

FIND AND REFINE
FEATURES

o E=mp i

Testing the model

SIMULATED

IMAGES
+

¥ LABELS

At OBSERVED
L IMAGES

Enable merger searches in both clean and real noisy images!



Combining Datasets

Source - lllustris Target - SDSS observations

: This is how the network sees the data.
2D representation of network’s latent space.

Ciprijanovic et al. 2020.
Ciprijanovic¢ et al. 2021.



Combining Datasets

Source - lllustris

Important regions are
highlighted!

Ciprijanovic et al. 2020.
Ciprijanovic et al. 2021.

Regular Training



Combining Datasets

Source - lllustris

Important regions are
highlighted!

(;iprijanovié et al. 2020.
Ciprijanovié et al. 2021.

Regular Training




Combining Datasets

Source - lllustris Target - SDSS observations

Regular Training

N = - 8 © g0 ’&’ 5 P o
2 e 0, ¥ud ™ ‘e
0% 3§’§ ’,-"'o-:"’é “oq, & « = S. accuracy
. B $0 B8 FRPC o %e @0
Ciprijanovi¢ et al. 2020. o® TGV Ly *":“5 >80%
Ciprijanovi¢ et al. 2021.



Combining Datasets

Source - lllustris Target - SDSS observations

t. accuracy

Ciprijanovic et al. 2020.
Ciprijanovic¢ et al. 2021.



Combining Datasets

Source - lllustris Target - SDSS observations
e

Domain Adaptation

Ciprijanovic et al. 2020.
Ciprijanovic¢ et al. 2021.



Combining Datasets

Source - lllustris Target - SDSS observations
e

Domain Adaptation

Ciprijanovic et al. 2020.
Ciprijanovic¢ et al. 2021.



Combining Datasets

Source - lllustris Target - SDSS observations

Up to 30% increase!

t. accuracy

's. accuracy
~90%

Ciprijanovic et al. 2020.
Ciprijanovic¢ et al. 2021.
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Complex models
based on data
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OPPORTUNITIES

Enabling work with huge datasets.
Speed of analysis like never
before.

e Avoid compound biases in
analysis.

Potential for new discoveries.
Models include details, no need
for approximations.

Complex models
based on data




Complex models
based on data

OPPORTUNITIES

Enabling work with huge datasets.
Speed of analysis like never

Avoid compound biases in
analysis.

Potential for new discoveries.
Models include details, no need
for approximations.

Model is as good as the data.

Watch out for biased datal!

Often do not work for

out-of-distribution data.

We have to carefully think about the

data and how to apply Al methods.

It will learn even the biases we are not
aware of. d
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e Al has great potential for astrophysics
research, as it can be used to analyze large
amounts of data and identify patterns that
may not be apparent to human researchers.
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up simulations, new discoveries...




e Al has great potential for astrophysics
research, as it can be used to analyze large
amounts of data and identify patterns that
may not be apparent to human researchers.

e Data analysis, image processing, speeding ' )
up simulations, new discoveries... . 2P L AL

e We still have long way to go :

...but stay tuned!
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