Machine Learning for Astrophysics
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Who am |? Caroline Heneka
Institute for Theoretical Physics, Heidelberg University

» B.Sc. and M.Sc. Physics in Heidelberg (+ Erasmus NPAC Paris)

g + Ph.D. (2017) at Copenhagen University,
% DARK Cosmology Centre, Niels Bohr Institute
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+ 2020-2022: Senior Postdoc Hamburg University  [Bsicasad
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+ Since Oct 2022: back in HD
Junior Group Leader & Freigeist (Volkswagen Foundation) Fellow

‘Computer Vision Astrophysics and Cosmology’
;?6? VolkswagenStiftung
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My Research Interests

* Line Intensity Mapping
(also: radio galaxy clustering, cross-correlation studies, galaxy clusters, ..)

+ High-redshift astrophysics & Epoch of Reionization:

N v

» The modern machine learning toolkit with ‘Computer Vision Astrophysics + Cosmology’,
specifically for intensity mapping of large-scale backgrounds:
- Emulation, generation
- Inference
Also: U ot
- Classification (e.g. 4MOST spectra) A B ®ua
- Detection (SKA preparation)

Data
Computational Imaging
Bayesian Astrophysics Spectral
Bias detection Reionisation 3D cubes
Model comparison Time series Maps
Hierarchical ' Neural Trees

Mgdellingi
Theory

Networks
Generative

Statistical Tools

IM Classification
Sampling & Cosmological Detection
- Inference signatures Inference
w MCMC Sources

Fisher

algorithm

Machine learning
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How will Astronomy and Astrophysics advance in coming years?

Understanding
Learn about evolution of structures
across cosmic time and scales

Data Science
‘ML + Al Astrophysics’
Data Mining
Computational + Simulations

Survey Data
Large-scale structure
High-resolution
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Understanding
Cosmic evolution

Where we stand: Data revolution and cosmic evolution

Data Toolkit
Surveys Al astro
recombination cosmic dawn CD reionisation EoR COSMic noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’

ears after the Big Bang
=

400 thousand 0.1 billion 1 billion 4 billion 8 billion 13.8 billion

i '~.‘ ." '. 4. « | d s

The Big Bang

-
Present day %
»

We are here!
D =28 Gpc

-
13lqo jesiwouoyse

The Dark Age

. 184 4O uonewWIOY |

. Reionization _ —
- +p Fully ionized

Credits: NAOJ, modified by C. Heneka

Our goal:
Learn about astrophysical & cosmological evolution
across cosmic time and scales
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Understanding
Cosmic evolution

Where we stand: Data revolution and cosmic evolution

Data Toolkit
Surveys Al astro
recombination cosmic dawn CD reionisation EoR COSMic noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’

ears after the Big Bang
=

400 thousand 0.1 billion 1 billion 4 billion 8 billion 13.8 billion

J .

. ; . ’ '
The Big Bang ‘ A JWST, HST i y ~
BiA * N large galaxy surveys

. . Euclid, DESI

. ‘

- 4MOST, Gaia [Js
SKA-LQW ; ’ SKA-Mid , Prcsint Y

>

>

-
13lqo jesiwouoyse

The Dark Age

We are here!
D =28 Gpc

. 184 4O uonewWIOY |

X $mall galaxy surveys’ wide-field line mapping

. . » o
. Reionization _ T ¢
>+ ———+> Fully ionized

Credits: NAOJ, modified by C. Heneka

Our goal:
Learn about astrophysical & cosmological evolution
across cosmic time and scales

Coming decade: push to map up to 80% of the observable Universe
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... what does 80% of the observable Universe mean?

Modelling challenges

True LSS probes  ——— orders of magnitude of scales up to the ultra-large

...what does 80% of the observable Universe even mean?

Observable Universe:
d ~ 28 Gpc (x3 Glyr)

B0% if this:
d~22 Gpc

b ¥

&

N
e
%
i
‘_‘: :
hy

Let's say we resolve (only) ~Mpc

about 3-4 orders of magnitude

about 10%-10'° modes!

APOD, NASA, License & Credit: Wikipedia, Pablo Carlos Budassi ... at some point we sub-grid model and/or
change modelling approach
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Large/Decp NN

Advances in Data Science, for Science

Deep Learning
Driven by ability to improve
with large datasets

2arfcrmance

Canventanal ML

Amount ¢ Catla

One big Learn about astrophysical & cosmological evolution

2 .
goal? across cosmic time and scales
No, really - many goals, ...

... and instruments

Large-scale surveys

... types of data

High-resolution imaging and/or spectroscopy

... datarates, scales, signal-to-noise

ELT, Credit: ESO

SPHEREX RS <
L, NASA Credit:

Efficient data reduction
Automation

Extract more & less biased information
Data mining

Credit: NASA, ESA Credit: ESO

MeerKAT, Credit: SRAO
* non-comprehensive list
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Why ML/DL for Astrophysics?

Neuron response to visual stimuli hitps://kreintour harvard.edularchives/portfolio-
Items/ he-first-neurdblolojy-departtment
Nobel Prize in Physiology or Medicine 1881 A A
David Hubel and Torsten Wiesel cat!? s PO
N Vs ayer
7.,L_< Hyper-complex / S 4 1
£ ayer
A V- é Comglex cells é,'. ah - y
Representation learning |- —~_) Simple cels - Input
Layer
Convolutional neural network
‘Neccogniton’ Kunihiko Fukush ma 1978
Hierarchical Iearnlng
Non-linear, non-Gaussian High-dim. correlations

randomise
phases

v

\ / Vb “'T'tie.far‘rilou.s '
Same 2D Gaussian duck”

power spectrum
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Where we stand: ML and Al for Astronomy and Astrophysics

We need a versatile ML/Al toolkit, for:

- detection, segmentation
« classification

- regression, inference

* anomaly detection

* generation, emulation, ...

Hierarchical

+ plenty of inverse problems

1P (x,y) =R x I(x,y) +n

‘ .I @Chiis Fluke, Swi b

(;.‘ - @Hucble, NASA ’ ' . Jnversty cf Tecnoogy

Representation learning | "f"" . . .
P 9 High-dim. correlations
@ lubble. NASA -
@SDSS

g L adui
B

’_4-..‘

@SKAO g™

SIMB

] k
: ‘?E‘r‘
.

Non-linear, non-Gaussian

@MeerKAT

arXiv:2201.02202
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Where we stand: ML and Al for Astronomy and Astrophysics

We need a versatile ML/Al toolkit,

- detection, segmentation
« classification

- regression, inference

* anomaly detection

* generation, emulation, ...

for:

Examples:
Few sec: Classification 40.000 spectra
Few sec: 7-parameter inference ~100MB cube
Few sec: detection, segmentation & flux
measurement O(100-1000) sources

Hierarchical

+ plenty of inverse problems

"

(/- R ] @Hucole, asS
-

Representation learning

@ lubble. NASA

@SKAO

1P (x,y) =R x I(x,y) +n

@Chiis Fluke, Swi b

Jnversty cf Tecnoogy

@SDSS

trisTNG

Nus
\

Non-linear, non-Gaussian

SIMB
] k
%“

6 .

@MeerKAT

arXiv:2201.02202
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How will Astronomy and Astrophysics advance in coming years?

Understanding
Learn about evolution of structures
across cosmic time and scales

Data Science
‘ML + Al Astrophysics’
Data Mining
Computational + Simulations

Survey Data
Large-scale structure
High-resolution
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Astronomical and Astrophysical Machine Learning

In practice: From pyramid to cycle New

Scientific Life Cycles

DG

Inference
Toolkit*

Observations

Simulations
Toolkit*

\/ & Modelling
Toolkit*

*The Toolkit: Statistics, Machine & Deep Learning, Data Mining
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Astronomical and Astrophysical Machine Learning

recombination cosmic dawn CD reionisation EoR COSMmiIc noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’

\ ears after the Big Bang
-

400 thousand 0.1 billion 1 billion 4 billion 8 billion 13.8 billion

| ST 5 T — ' —

: . » . . 's
The Big Bang : . JWST, HST , X\
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>

»

-

RN \ ‘ - ) 4AMOST, Gaia Eﬁ
* . . 4 B . Present day
*_ 3), 4) Intefisity Mapping (SKA-Low) * 2b) SKA-Mid
We are here!
D =28 Gpc
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&=
—
P
~ .

: ‘Qmall galaxy surveys’, wide-field line mapping

. » » -
i\ ' . Reionization .
Fully ionized Ne 4¢————p————7—+———+> Fully ionized

5) Data-driven Discovery?

Credits: NAOJ, modified by C. Heneka
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Astronomical and Astrophysical Machine Learning

recombination cosmic dawn CD reionisation EoR COSMmiIc noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’
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: ‘Qmall galaxy surveys’, wide-field line mapping

i\ ' . Reionization . '
Fully ionized Ne 4¢————p————7—+———+> Fully ionized

5) Data-driven Discovery?

Credits: NAOJ, modified by C. Heneka

Inference
Observations Simulations

& Modelling
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1) Classification and triggering for large astronomical surveys

4AMOST: On-the-fly classification of spectra (1D)

« 5-year survey B

wide-field, fibre-fed, optical spectroscopy https:/Awww.4most.eu Cradit: E5C
on ESO’s 4-m-class telescope VISTA
2.5-degree diameter field-of-view, 2436 fibres
HRS R = 18000 — 21000, LRS R = 4000 — 7500
« 20mio. (LRS), 3mio. (HRS) sources

Goal: Data-driven classification pipeline layer (galactic & extragalactic sources)

Classification infrastructure working group, led by: N. Napolitano & C. Heneka

11111

—  Benchmark with
SDSS archival spectra:

5.0 — 3
} 11111
e tides_host
0.0{ M s —
S / I /I f'\ 1 1;1000 5000 6000 7000 8000 9000 2 | ‘ J |
o e— h o
2 L i
ee also our tutorial! &) ey "y
£ 24 2=0.0 4000 5000 6000 7000 8000 9000
S ” F“I w wavelength/A
'n 14
g @SDSS
< 04 . . . . . .
X 4000 5000 6000 7000 8000 9000
E  le-13
MCsn
’\(\'\'\.\W -
4000 5000 600 7000 8000 9000
wavelength/A
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1) Classification and triggering for large astronomical surveys

4AMOST: On-the-fly classification of spectra (1D)

Goal: Data-driven classi

Classification infrastructui

fluxierg sTtcm=2Ang™Y) o  w

wu o
1 1

<)
!

o = N w
1 1 1 1

le—13
Dyn
z=0.0
4000 5000 6000 7000 8000 9000
le—15
GalHR
z=0.0
| W \"uu MMM
4000 5000 6000 7000 8000 9000
le—15
ESN
2=0.0
o - -
4000 5000 6000 7000 8000 9000
le—13
GalDiskLR
z=0.0
I WW
4000 5000 6000 7000 8000 9000
le—13
MCsn
z=0.0
4000 5000 6000 7000 8000 9000
wavelength/A

Galactic vs. Extragalactic
See also our tutorial!

~
n
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u
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n
)

o
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o
1

|
N

flux/(erg s~ cm™2 Ang~?1)

https://Awww.4dmost.eu Cradit: EEC

o N » o
1 1 1 1

le—15
COSMO_AGN
L—n—/k__‘ o
4000 5000 6000 7000 8000 9000
le—15
ClusB
z=0.6
4000 5000 6000 7000 8000 9000
le—-16
WAVES
z=0.0
4000 5000 6000 7000 8000 9000
le—15
RedGAL
4000 5000 6000 7000 8000 9000
le—15
tides_host
z=0.1
4 g
- sy ¥ Lt
»wlw : J f ™
4000 5000 6000 7000 8000 9000
wavelength/A

@SDSS
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1) Classification and triggering for large astronomical surveys

4AMOST: On-the-fly classification of spectra (1D)

Goal: Data-driven classification pipeline layer (galactic & extragalactic sources)

https://Awww.dmost.eu Cradit: EEC

Classification infrastructure working group, led by: N. Napolitano & C. Heneka

A ) e Zhong, Napolitano, Heneka+ arXiv:2311.04146
—]-  Probabilistic multi-classifier J, Nepb

STAR K5- . + - 1 1

0.00 0.00 0.00 0.00
For class: STAR K3- 0.00 0.06 091 0,03
Convolutional STAR K1 - o.%)o o.%o &.%?1
network variants STAR_G2 - 0.00 0,00 Sio0 G 0s| o o0
STAR_Fo. 3 2725 HS5 64 BERER)

0.00

For class uncertainties:

W-T'fvnﬂ'\ STAR_F5 -
Bayesian neural networks ,-«"’f""" g oAk 2O 1
. . ° S 0.00
and contrastive learning m g
QSO_nan - 0.%)0
i . i QSO_BROADLINE - e
++ competitive with template fitting .90 0.
GALAXY nan .
. | GALAXY_STARFORMING [ SR e]
xamples:
- p GALAXY_STARBURST |/ EXERBel
Few sec: Classification 40.000 spectra —
. GALAXY AGN 2780 /A 150 98
Few sec: 7-parameter inference ~100MB cube R ©-> IR O-05 0-03 R
. . = —
Few sec: detection, segmentation & flux § 4 é §| ué §| E. El El E. ) S. 3.
(- > 0O o < < < < <
measurement O(100-1000) sources X 2 5 5 § & 5 LR E R B R
o
s b £ § 9
2 °
© g
Q
Actual
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Astronomical and Astrophysical Machine Learning

recombination cosmic dawn CD reionisation EoR COSMmiIc noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’

\ ears after the Big Bang
-

400 thousand 0.1 billion 1 billion 4 billion 8 billion 13.8 billion
| ] T B T — | | 4 i
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The Big Bang 5 N JWST, HST . s
3 _large galaxy surveys

- -

. . , 2a) Euclidg DESI

>

»

-

Prcscnt day

L% " N : - ) 4MOST, Gaia ﬁ
s :
* _3), 4) Intensity Mapping (SKA-Low) * 2b) SKA-Mid »
We are here!
D =28 Gpc

Ly
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=
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~ .

: ‘Qmall galaxy surveys’, wide-field line mapping

i\ ' . Reionization . '
Fully ionized Ne 4¢————p————7—+———+> Fully ionized

5) Data-driven Discovery?

Credits: NAOJ, modified by C. Heneka

Inference
Observations Simulations

& Modelling
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2a) The deblending problem

CANDELS field

Example: Optical source detection & characterisation Hubble Space Telescope

Goal: ‘Good’ photometry for surveys with high blended fraction
- avoid bias!

Galaxy morphology

Challenge: Galaxies are ‘transparent’

- pEEE
——— T

Lily Hu+ 2017 Simjlar challenge:
QOverlapping chromosomes

O coindeblend

Boucaud, Huertas-Company, Heneka+ 20,
arXiv:1905.01324
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2a) The deblending problem

CANDELS field
Hubble Space Telescope

Example: Optical source detection & characterisation

Goal: ‘Good’ photometry for surveys with high blended fraction
- avoid bias!

Galaxy morphology

Challenge: Galaxies are ‘transparent’

A e A
=5 i-' O o

.' Ownni N
0"

z2
/ 'Lw!: l__J__l-_A %

z1

-----

O coindeblend https://medium.com/@umerfarooq_26378/from-

r-cnn-to-mask-r-cnn-d6367b196¢fd
Boucaud, Huertas-Company, Heneka+ 20,

arXiv:1905.01324 Another challenge: Object detection
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2a) The deblending problem

CANDELS field
Hubble Space Telescope

Example: Optical source detection & characterisation

Goal: ‘Good’ photometry for surveys with high blended fraction
- avoid bias!

Galaxy morphology

Challenge: Galaxies are ‘transparent’

e.g. Einasto ('65):

‘Classic’ o
Fitellipse(s) ~ 2108(p) _ _2(L>
O and profile(s) dlog(r) Ts
coindeblend

Boucaud, Huertas-Company, Heneka+ 20,
arXiv:1905.01324
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2a) The deblending problem

CANDELS field
Hubble Space Telescope

Goal: ‘Good’ photometry for surveys with high blended fraction
- avoid bias!

Galaxy morphology

-

Credit: Euclid, ESA
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2a) The deblending problem

Example: Optical source detection & characterisation

Get precise

Photometry \
.. a ..
.- o .u
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2a) The deblending problem

=
=
:
1) blendZfiux -
. !
a CNN for photometry . !_mm . E E g
2 L : -33’./ nz.ic:/
S
n :
: fwme  LOSS function:
B, o MAPE

+a CNN type blenaZfiux
(bul 3-channel inpul)

2) blendZmask2fiux
photometry + masks

=" Loss function:
Binary crass-entropy

T ‘ /
\ W upsampling
downsampling oY : 7o concatenation

P 0o, Rew Cregeat) «
wi Logy and cocsesale
- Cievizl

redit:

“alae de Souza
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2a) Optical source detection and characterisation

Network (CNN variant) Baseline fitting
w E
Brag =0.0°6 " Brag =0.101 o

. b o
3 7z Orag = 0.111 M'y Omag = 0.542 .o '
§ outliers = 0.1% “'" oulliers = 124% i3 .'?'
D, | "l
5 21 MAPE = 0.3% W MAPE = 1.6% '
- ~ 70 L0 .
E @t it Get precise
b 4 L b ) -
2 FAN - _ P B | Photometry
320 ! YRl
< o
5 X
3 v
=,

&

-1 0 1 -1 0
- - - - x - - - -
19 20 21 27 19 2) 21 22
Magnituie isolated Magnitude isdlated
a o
08 w
020/ 4 PO
07/ 2oied, L@
a -t L.
- v .Q
_ '3 N __06 a2 .
=015 8 feenit For irregular
a L B '.."' ci 05 5T D ' ...-"'
g RNC TIT I g vt et shapes
g .. l-.- -..o' '- P © 2 ')4 .. * . <’
§0.10' o e, e . § - _.‘: .
P gummd® v P03 et
v PP ' PR o
0ocs! * 02| %
01
|
0.00 15 .10 05 0O 05 10 15 2.0 15 .10 05 00D 05 10 15

MaQcentrar — MAQ -ompaon M3Qcenorar — MATompanion

Spheroids Bulge + Disk “D|sks Irregular All O coindeblend
Boucaud, Huertas-Company, Heneka+ 20
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2a) Optical source detection and characterisation

Network (CNN variant) Baseline fitting
w y
Brag =0.0°6 . Arag =0.101 bV
22- b‘k (o ?
3 Orag = 0.111 "},l Ormag = 0.542 b fased
. - . :‘ »
§ outliers = 0.1% ’," oulliers = 124% ML
D, ‘ PSS
221" MAPE=03% W MAPE = 1.6%
g ‘o")
2 R4 4
a ) L ) L'r-sg ) rey A'nd-;
320 ! PRl
El Y
;5 va r %
= 1g. '
-1 0 1 l -1 0 1
~ - ~ v X - ~ - ~
19 20 21 22 19 2) 21 22
Magnituie isolated Magnitude isdated
04
0.06
0.3 —~—
0.04
I 0.2
3 002 T 01
< S
= 000 F DO
* x
® f
Z -0.02 = =01
-0.2
-0.04
-0.3
-0.06
. : : 0.4
15 10 05 00 05 10 15 15 10 05 00 05 10 15
MAaJ central = MAD cempanion MAG centra = MAG o parion
Spheroids Bulge + Disk Disks Irregular All

Get precise
Photometry

..and do so
bias-free

O coindeblend

Boucaud, Huertas-Company, Heneka+ 20
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a) Optical source detection and characterisation

Optimal design is goal-dependent a) U-net
masks, no photometry

UNet ‘ “
won blend2mask2flux - g bl
8- |} !
) '—'
g IANB| @ s
g61 IoU(A,B) =
3 |AU B|
% 4. b) blend2mask2fiux
£ photometry + masks
O
=2
2 ‘ “ + a CNN type
’ ' i blend2flux
0.0 02 | | | "ﬂm W
loU M” =
grounc truth U-Net blendZrriask2ilux
Dispersion broadens when

- u ‘ n ‘ u I
—_— Tailor to your research question
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Astronomical and Astrophysical Machine Learning

recombination cosmic dawn CD reionisation EoR COSMmiIc noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’

\ ears after the Big Bang
-

400 thousand 0.1 billion 1 billion 4 billion 8 billion 13.8 billion
| ] T B T — | | 4 i
% . » L
The Big Bang 5 N JWST, HST . s
3 _large galaxy surveys
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. . , 2a) Euclidg DESI

>

»

-

Prcscnt day

L% " N : - ) 4MOST, Gaia ﬁ
s :
* _3), 4) Intensity Mapping (SKA-Low) * 2b) SKA-Mid »
We are here!
D =28 Gpc
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=
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: ‘Qmall galaxy surveys’, wide-field line mapping

i\ ' . Reionization . '
Fully ionized Ne 4¢————p————7—+———+> Fully ionized

5) Data-driven Discovery?

Credits: NAOJ, modified by C. Heneka

Inference
Observations Simulations

& Modelling
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The Square Kilometre Array (SKA) in one slide

SKA in numbers
* Currently 16 member countries, >100
member organisations

* Routine science observations are expected
to start in the late 2020s

* Consists of thousands of dishes and up to
1 million antennas, >1km? collecting area

* Expected data rate in full operation: 1 TB/s

SKA1T-mid
the SKAs mid-frequency instrument

Frequency range 197 diShBS

350 MHZ “u:_:is“ M:wuu
15.3GHz < &7

with @ goel of 24 GHz Maximum baselne

150km

SKA-LOW

SKA1-low

SKA-MID

Credits: SKAQO

the SKAs low-frequency instrument

1Y,
ATATASATAY.

Frequency range

S0 MHz
350 MHz

4, N

L ] 24\ '
2215

' AR !

""1 31 .000

anternas spreed betwoon
512 stations

(Q & (\:)

Maxomum basahne

~B63km
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The Square Kilometre Array (SKA) in one slide

1 millior i
Expecteis

https://doi.org/10.1093/mnras/staa3837
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2b) Radio source detection and characterisation

Example: Source detection in 3D tomographic data

Source finding

Location in RA, Dec,
central frequency (Hz)
Credit: SKAO, SDC2

Characterisation

- Integrated line flux (Jy Hz)

- Line width (km/s)

- HI major axis diameter (arcsec)
- Position angle (degrees)

- Inclination angle (degrees)

The brightest HI source

Total dimensions: (25,714 x 25,714 x 6,667) vox
5 mJy

The challenging HI sources: - 1PN TS DY
- low S/N e
- small spatial size + Gaussuan hltenng
- systematics 5 .
frequency [GHz]

Hartley+ 23 (incl. Heneka), arXiv:2303.07943
Heneka 23, arXiv:2311.17553
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2b) Radio source detection and characterisation

Example: Source detection in 3D tomographic data

« 3D better than stitching of 2D + 1D
* High-fidelity 3D reconstructions
- Good prior for characterisation tasks via nets:

Beam size MINERVA
® FORSKA-Sweden
SoFA
3 . ¢ NAOC-Twnk
| HI-FRIENDS
e o e EPFL
Spardha

o
Bl

Starmech
u JLRAT
Comn
HIRAXers
® SHAO

Fractional HI size error
o
@

3
A -~ ~ -

3 10
HI size |arcsec)

50

Network model:
3D U-Net

Recovery across wide range in HI flux and size

Pushing to low S/N recovery came at a cost (FPSs)

Uncertainty?

Hartley+ 23 (incl. Heneka), arXiv:2303.07943
Heneka 23, arXiv:2311.17553
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Astronomical and Astrophysical Machine Learning

recombination cosmic dawn CD reionisation EoR COSMmiIc noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’

\ ears after the Big Bang
-

400 thousand 0.1 billion 1 billion 4 billion 8 billion 13.8 billion
| ] T B T — | | 4 i
% . » L
The Big Bang 5 N JWST, HST . s
3 _large galaxy surveys

- -

. . , 2a) Euclidg DESI

>

»

-

Prcscnt day

L% " N : - ) 4MOST, Gaia ﬁ
s :
* _3), 4) Intensity Mapping (SKA-Low) * 2b) SKA-Mid »
We are here!
D =28 Gpc

Ly

-
%0
oﬂ
5 3
oW

=
3.0
83
—%
o
—
P
~ .

: ‘Qmall galaxy surveys’, wide-field line mapping

i\ ' . Reionization . '
Fully ionized Ne 4¢————p————7—+———+> Fully ionized

5) Data-driven Discovery?

Credits: NAOJ, modified by C. Heneka

Inference

Observations Simulations
& Modelling

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste 34



3) Simulation-based inference (SBI) for intensity mapping (3D)

21cm signal

a tracer of neutral hydrogen:

_ . T =T, , .
oy v) — l— (1—¢ ™n)

x apr(l -'..1)( "+”J

cocsmic dawn CD

first stars and galaxics’

400 thouszand C.1 billicn

The Big Bang

The Dark Age

Fully ionized Blitralized

Why care?

Tomography of >80% of the Universe

reicnisation EoR
‘the last nig phase ransition’

Years after the Big Bang

1 kil on

pezak of
star formation

4 killion

. 21cm intensity ma

8 billien

Cradits NAOL,

late-tme
structurc formaton’

=
13.8 killion

Cradits: SKAQ

modidaa by . Hanerka

A

We are here

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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3) Simulation-based inference (SBI) for intensity mapping (3D)

21cm signal Why care?

a tracer of neutral hydrogen: Tomography of >80% of the Universe

z = 30.0

odi, (i) — 100
- 20
2 0
80
- =20
- late-time
- —-40 structurc formation
l - —60 / -
. 13.8 killion
The Big Bang - —80 :
20 S \\e are here
Fully ionized 0 Cradils: SKAD
0 20 40 60 80 100

x-axis [Mpc]

(o)
o

y-axis [Mpc]
N =S
()

|

l
—
(-
o

|
|
—
N
o
Brightness Temperature, 6Tg [mK]

|

I
—
S
o

), moditad by I Haneka
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3) Simulation-based inference (SBI) for intensity mapping (3D)

Why care?
Tomography of >80% of the Universe
Square Kilometre Array - true ‘Big Data’

non-linear, non-Gaussian signal

-—p— \Jove to full likelihood inference with networks

cosmic dawn CD reicnisation EoR pezak of late-tme
‘first stars and galaxics’ ‘the last nig phase ransition’ star formation structurc formation’

Years after the Big Bang
=
400 thouszand C.1 billicn 1 billlon 4 killion 8 billien 13.8 killion

The Big Bang
e

The Dark Age 05 8 . ) ] y
1 . 21cm intensity ma We are here

Fully ionized Blitralized

Cradits: SKAQ

sradit: NAQL, modiflad by 5 Hanrka
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3) Simulation-based inference (SBI) for intensity mapping (3D)

- .

. Za.5
-3

i . ’? ﬁ A
1 n "
V.‘sz

8 140

)‘

.

'
'
'
4 - - » . A . -
| ’ ]
)
. . !
:
]
]

b ad
< LW ard

| ! e -
0.311 0318 4 6 46 47 6 30 34 40,1405 200 180C
Qe M 910! Vw) '4 loguulls

Neutsch, Heneka, Briggen (2022), arXiv:2201.07587
Schosser, Heneka, Plehn, arXiv:2401.04174
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3) Simulation-based inference (SBI) for intensity mapping (3D)

’ - —tl —
. ;-.-.: . ‘ ,
P SBI with flows/cINN Gos | |
- = pased on BayesFlow =l i, "‘ j. ‘ ]
(arXiv:2003.06281) T |
<40 { t $ E
e 89
00> I‘
.pmn: ‘ - ‘ ‘ ) /
03110318 4 6 46 a7 26 30 34 407405 ":0(:) 180C
Qe - 910! Vo) Z logeulla g,

O 3D-21cmPIE-Net (public) +

Neutsch, Heneka, Briggen (2022) Schosser, Heneka, Plehn. ‘arXiv:2401.04174
arXiv:2201.07587
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3) Simulation-based inference (SBI) for intensity mapping (3D)

Training

21cmFast
(Simulator)

[ 21cm light cone ]

Model '
Parameters E
(Prior) '

[ Summary Vector ]

Model
Parameters
Posterior

A

A

Inference

[

Observed / simulated
21cm light cone

]

[ Summary Vector ]

ﬁ

NN1: Dimension reduction

NN2: Learning of distribution

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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3) Simulation-based inference (SBI) for intensity mapping (3D)

Training Inference
21cmFast
(Simulator)

[ 220m ight cone | [ Obgerved/ simulared |

@D ; N = NN 1: Dimension reduction
(Prior) ' Posterior

[ Summary Vector ]

[ Summary Vector ]

NN2: Learning of distribution
Distribution

&=
1

0 D Rela ——[ Alline Coupling Laycr ] 1
. | [l e e ! L $xACL
Network Model: ' ‘i_,_._i,m Al / /' 43 S prer—— ‘
whn e ' " Dese ;
—-{ Afline Couplirg Layer ]
Small networks, NN1:3D-CNN (QTLHD
comparably few parameters , —
.. 3D-21cmPIE-Net (public) NN2: Invertible Network
= fast training and convergence
Neutsch, Heneka, Briggen (2022)
arXiv:2201.07587 Schosser, Heneka, Plehn, arXiv:2401.04174
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3) Simulation-based inference (SBI) for intensity mapping (3D)

Inference

Summary vector versus summary statistics:

[ imigtame | Free adjustment with scheduled training
= move away from ‘parameter interpretation’ of vector

T Key difference between Sim and Mock:

x|
Y@\ _ Distribution ./

e —— Training Sim —— Train'ng Mock
Validation Sim Validat.on Mock
i R i
w o1 P2 3 g . 2
0 15 32 182 200 250 0 50 100 150 200 250
Epoch Epoch
We profit from learned summary Sim: Summary stays close to original
in presence of noise (more). Mock: Heavy adjustment of summary vector

Schosser, Heneka, Plehn, arXiv:2401.04174
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3) Simulation-based inference (SBI) for intensity mapping (3D)

O Mwom
Performance validation via: [ | Uniform distribution
LN-'n n

L] L] L] n 7 u l
 Distribution of latent variables = [ | ‘
e Simulation-based calibration Self-consistent sampling

0 10*0 10*

« Parameter recovery Rank sraristic Validating Bayesian Inference Algorithms with Simulation

Based Calibration, arXiv:1804.06788

w
o
o

—
o
o

Posternor (68% CL)
Mo
o
o

04 .
O 100 200
Truth

Check Posterior vs. True label

Schosser, Heneka, Plehn, arXiv:2401.04174
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3) Simulation-based inference (SBI) for intensity mapping (3D)

Likelihood contours:

Explore any model in prior range!

+ similar performance
Mock vs. Sim
(except for Eo)

1
FN B Pasterior Mock
( %, -¥= Tiue
.l
3
LI
[
[
L7 A
' N "
5 b
S |': .n
l: 4 - ‘ 4 "‘| : l\“l
. \
/o \,
" b - 1 1 v
3
~ "'l '.
E 4.7 . ’ | E ||
5 4.6 ! fi
<! f
VAR "
} + + 4 [ — | '
34} i
.o
o 30 . E \
26 /i
J 1 \
P
+ + 1 - v
LY
=406+ !\
E
240.2 A
S S
40-0’ I '.' : \\'
| \ [} ' | | | | | 1 —— '
. "‘\
2000 : N\
o
& 1000 . . - ) - / /!
Ut I i ) : N
0.311 0.318 g 6 4.6 4.7 26 30U 34 40.1 40.5 <U0 180U
Qm MM Iog ol Toi) ( iOg;d_L,.- ) E:)

Schosser, Heneka, Plehn, arXiv:2401.04174
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3) Simulation-based inference (SBI) for intensity mapping (3D)

Likelihood contours:

Explore any model in prior range!

+ similar performance
Mock vs. Sim
(except for Eo)

10}

Myt
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B
I 5N

e
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Schosser, Heneka, Plehn, arXiv:2401.04174
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3) Simulation-based inference (SBI) for intensity mapping (3D)

Likelihood contours:

Explore any model in prior range!

+ similar performance
Mock vs. Sim
(except for Eo)

A
l" I||
210/
= [h )
£ 5} ' A
: . . y
< 4.75 X ’ i
=470 ,'?',
- I |
24.65 il
o
1
220 ’ ‘ 1
| N :'u
200 ~ i
39.5 ™

legioilx)
(9 )
O
o

~

b -

-
4
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-w= True
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. - . 1 ’
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‘ “
4

.
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| . 1
: \
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Schosser, Heneka, Plehn, arXiv:2401.04174
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3) Simulation-based inference (SBI) for intensity mapping (3D)

Explore any model
- ' o D ) in prior range!
1 :
_ s (@ | F
P SBI with flows/cINN g4, |
. ﬁ 3al ; i
- basec.:J on BayesFlow —— e ® P
(arXiv:2003.06281) 2
2403 , S
el 0
2000 | 1 ’
-8 8L
0.311 0.318 4 6 4.5 4.7 26 30 34 40.1 405 ;'J(:) lB‘VU'J
Qm Mywm 10g.o(Tuw) 4 iogyclly) Ey

O 3D-21cmPIE-Net (public) +

Neutsch, Heneka, Braggen (2022) Schosser, Heneka, Plehn (2024), arXiv:2401.04174
arXiv:2201.07587

‘Optimal, fast, and robust inference of reionization-era cosmology with the 21cmPIE-INN'
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Astronomical and Astrophysical Machine Learning

recombination cosmic dawn CD reionisation EoR COSMmiIc noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’

\ ears after the Big Bang
-

400 thousand 0.1 billion 1 billion 4 billion 8 billion 13.8 billion
| ] T B T — | | 4 i
% . » L
The Big Bang 5 N JWST, HST . s
3 _large galaxy surveys

- -

. . , 2a) Euclidg DESI

>

»

-

Prcscnt day

L% " N : - ) 4MOST, Gaia ﬁ
s :
* _3), 4) Intensity Mapping (SKA-Low) * 2b) SKA-Mid »
We are here!
D =28 Gpc

Ly

-
%0
oﬂ
5 3
oW

=
3.0
83
—%
o
—
P
~ .

: ‘Qmall galaxy surveys’, wide-field line mapping

i\ ' . Reionization . '
Fully ionized Ne 4¢————p————7—+———+> Fully ionized

5) Data-driven Discovery?

Credits: NAOJ, modified by C. Heneka

Inference
Observations Simulations

& Modelling
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3) Generative methods for simulation

+ Radiative transfer

Reionization simulations are costly Hydrodynamical Simulation
: : i i Cost
Is there a fast way to emulate whole simulations? Semi-numerical
Semi-analytical
Empirical scaling
Multi-line
: modelling
Iree Heneka+17
Heneka, Mesinger 20
f * Heneka, Cooray 21
/ esC Hutter, Heneka+23
XSFR 3 ‘7 ,
: - UV
Sy galactic Lya
diffuse IGM SNA
(ionized)
scattered IGM
Example: L‘yman-alpha
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3) Generative methods for simulation

+ Radiative transfer

Reionization simulations are costly ... and model a rich signal Hydrodynamical Simulation

: : _ _ Cost
Is there a fast way to emulate whole simulations? Semi-numerical

Semi-analytical

Empirical scaling

Multi-line
modelling

Heneka+17
Heneka, Mesinger 20
Heneka, Cooray 21
Hutter, Heneka+23

Example: Lyman-alpha to 21cm

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste 50



3) Generative methods for simulation (of the 21cm signal)

Reionization simulations are costly

Is there a fast way to emulate whole simulations?

Our DL solution: Generation of slices of the 21cm brightness temperature using diffusion models

P Xe—1[%¢) /"‘
@H @@ ()

n‘calx ) . Ho et al. 2020 D

xHI 10
: Range of reionization

__-models the network is
trained on

Trained on 21cmFAST
(Mesinger+12, Murray+20)

=]
@
N

o
b=l
1

o
=
1

Fraction of neutral hydrogen {xH)

e
L]
1

10% 20% 45% 55%

Simulations
U.O ) ) ) 1 ) I ] .
50 75 100 125 150 175 200 225 250 Credit: Lara Alegre (Postdoc @ ITP)
Reashift {7) Z
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Astronomical and Astrophysical Machine Learning

recombination cosmic dawn CD reionisation EoR COSMmiIc noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’

\ ears after the Big Bang
-

400 thousand 0.1 billion 1 billion 4 billion 8 billion 13.8 billion
| ] T B T — | | 4 i
% . » L
The Big Bang 5 N JWST, HST . s
3 _large galaxy surveys

- -

. . , 2a) Euclidg DESI

>

»

-

Prcscnt day

L% " N : - ) 4MOST, Gaia ﬁ
s :
* _3), 4) Intensity Mapping (SKA-Low) * 2b) SKA-Mid »
We are here!
D =28 Gpc

Ly

-
%0
oﬂ
5 3
oW

=
3.0
83
—%
o
—
P
~ .

: ‘Qmall galaxy surveys’, wide-field line mapping

i\ ' . Reionization . '
Fully ionized Ne 4¢————p————7—+———+> Fully ionized

5) Data-driven Discovery?

Credits: NAOJ, modified by C. Heneka

Inference
Observations Simulations

& Modelling
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5) Already now: Data-driven discovery

CAMELS

= Cosmology and Astrophysics with Machink Learning Simulations

Type Code Subgrid model Simulations
Hydrodynamic Arepo lHlustrisTNG 1,092
Hydrodynamic Gizmo SIMBA 1,092
Hydrodynamic MP-Gadget Astrid 1,092
N-body Gadget-ll| - 3,049
pl,eg.: Om
Parameter set: 25cMpc/h :
- e -
0.1 szin ﬁ 0.5 @ ‘/,/" : |
0.6 <og <10 - o 7
0.25 <Agy; < 4.0 | : — .
0.50 <Azne < 2.0 . 7 -~ [ »
0.25 <Aacn: < 4.0 @

0.50 <Aaxgne < 2.0

@

o~
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5) Already now: Data-driven discovery

O(10%) galaxies

Qm=10.32
os= (.79
Asni= 1.2
Asnz = 0.8
AagNni = 1.5
Aacnz = 0.7

for each galaxy:

M,
K

M,

SFR
J
v
My,

(SIMBA)

How many galaxies do we need to constrain e.g. Qm?
Let’s start with one!

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste



5) Already now: Data-driven discovery

How many galaxies do we need
to constrain e.g. Om?

Qm= 027
os=0.85
Asnt = 0.7
Asnz = 0.9
AaGnr = 1.4
Aacnz = 0.8

Qu=04
os= (.65
Asnt = 1.1
Asnz = 0.9
Aacnt = 1.1
Arcnz = 0.9

Qu=0.2
os=0.95
Asni =18
Asnz = 0.5
Aacnt = 3.0
Aacn2 = 1.5

25¢cMpc/h

L

-

®

-

~

”~

random galaxy:
P g y

—
-

galaxy properties

| O(10%) galaxies
per cube

M,

K

R,
M,

R,
Rinax
SFR
J
v
M,

= Cosmology and

Astrophysics w th

Machink Learning
Simulations

https://camels.reathedocs.io

Moment density
networks

arXiv:2011.05991

.

. Qﬂ]
? 6Q m

~10% uncertainty

recovery of matter density for very
different masses (and environments)
also: holds for redshifts other than z=0

connections on a high dimensional manifold?

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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5) Already now: Data-driven discovery

. f Wandelt 2011
Loss based on moment density networks (MDN) zJa?Xi:iétf; 1.329961

MDN idea: hierarchy of neural regression models (mean — variance — skewness —...)

We begin by noting that if we find some function of our data F () that minimizes an L, loss over
the distribution of possible training examples {x;,6;},

Jo = /||0 — F()||*p(x,0) dz d6 (4)

then JF, which we represent as a neural network, evaluated for the observed data is the mean of the
posterior distribution F(obs) = (0)g|s.,,- It is therefore possible to create a hierarchy of networks

In practice we minimise the following loss function:

Our model F(x):

]
z;)_;log (%, h (0:,; — M)“) CNN layers (19)
4 + dense (2)
2
Y)

6
+ log ( Z ((971.3 —pig)? - 0?,'
=1

jEbatch

Villaescusa-Navarro+
arXiv:2109.10915
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5) Already now: Data-driven discovery

°517q, AT Introspection via:
n 4
0.41 | | - Attribution, one-by-one retraining
Z 03 | AT - SHAP values (Shapley Additive exPlanations)
=) +
=02l . | 3 40 x 10-2 - Principal Component Analysis (PCA)
' . =0, .
. 10.5% - Correlation strengths
0.0 0.5 0.20 0.25 0.30 0.35 0.40 0.45 0.50
lllustris
o8 Truth ( ) 130
Z 04- |
£ 03+ || L | I 11.5
2 0.2 1 {4l } i { . 4
01+ ' v v , " ' . 11.0
05 + -
z 04° NI, i 4t b . . AT 105 =
c 034 | IRRE R =
= 02- * L ' | * 10.0 =
s
01+ ; ; ' ; ; ; ' =
. : 9.5
a::- 034 9.0
= 021
01+ r T T Y T T Y 8.5
0 20 40 60 80 100 120 140

Galaxy

—— recovery of matter density for very different masses (and environments)
also: holds for redshifts other than z=0
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Summary: Where we stand

Goal: Understanding & discovery

Inference
SBI in 3D from non-Gaussian -

tomographic data i g [

Inference ab WJ
& Analysis i T4
Detection & Characterisation
Unbiased measurements from
diverse sources (galaxies) Data-driven Discovery Simulation
In astronomy & astrophysics Produce large range of

Classification
Online classifier and triggering
Observations

& Data

reionization topologies

+* ‘ *. . ..‘ v'?.q
Simulations - “kt

\/ & Modelling

Select publications:

Neutsch, Heneka, Bruggen 22, arXiv:2201.07587

Schosser, Heneka, Plehn, arXiv:2401.04174

Hartley+ 23 (incl. Heneka), arXiv:2303.07943

Heneka 23, arXiv:2311.17553

Boucaud, Huertas-Company, Heneka+ 20, arXiv:1905.01324
Zhong, Napolitano, Heneka+24, arXiv:2311.04146

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste
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Research plans: Where we are going

Goal: Understanding & discovery Novel
‘What will bring our community forward’ Scientific Life Cycles eXpI?A'\?able
\/ Foundational
Optimal
Summaries
Inference
& Analysis

Data-driven discovery
In astronomy & astrophysics

Online
Triggering

Representation
Learning

Observations

& Data Simulations
\/ & Modelling
Active
Learning Self-supervised
Data- (Masked,
Simulation Contrastive, ..)

Gap

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste 59



Example: Robust Foundational models for inference

Data- Generation & modelling LOFAR observations

Simulation
Gap

1) simulations,
mock catalogues +
empirical relations

overdensity 5,

Currently:

weight

Augmentation, semi-supervised,
importance weighing 2) Transfer Comparison to ‘random mocks’

Optimal
Summaries | Foundational

mmmmmmmmmmmmm

3) Inference

C%® + jackknife + MCMC
Simulation-based inference

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste



Research plans: where we are moving towards

Use data from astronomical surveys for data-driven discovery.

Outcomes:

\/ Fast and expressive simulators

Reliable error estimates & inference

Goals:
, Map-based, multi-channel, ‘3D’

| approach to astrophysics Novel e
Representation learning, beyond summaries e Inte.rpr.etablllty. :
. Scientific Active interaction and learning
Automated data mining, anomaly search _ ‘h i the | ,
New signatures & discovery Life Cycles uman in the 1oop
New signatures & discovery
Based on

foundational models

ML/DL/Al has come to stay when dealing with astronomical data.
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2500 | ML/[?L Physuc‘ls. publlca}'lons on ?er

2000} . Some advertisement:
We have ‘endless’ open-source
public data
1500} .
3
=
=
1000+
Percent Astrophsics (Physics) ML/DL publications on arXiv
500 |
Astronomy & Astrophysics as ideal .
‘playground’ for DL-driven discovery
0 1 1 1
2010 2012 2014 2016 2018 2020

Year 0.6

Percent

1

0.4

1

for
eneka th y ur ttent'O | 0.2

00 1 1 1 1 1 1
2010 2012 2014 2016 2018 2020 2022 2024
Year
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