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Today’s talk is based on our recent review
Moriwaki et al. (2023), Rep. Prog. Phys. 86 076901

ML for noise removal (Moriwaki+21)

Reionization (Moriwaki+19)
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Observed data
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- _ Prediction
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i1t (Optimization)
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* Principal component analysis (PCA; ~1980s-) Support vector machine

¢ ArtifiCiaI neural network (ANN; ~1990$') input data‘space

feature space
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* Decision tree (DT; ~1990s-) — cf. Random Forest (RF) P
: _ Decision tree| | .. toolor [ (BEVA
» Support vector machine (SVM; ~2000s-) - ;*‘_g‘ X .}SQJ%,
— ol LY s,
\m;fi’o:’ ; —1 &""\-,_s ‘/_', 0 c-,l\ 1 - ."'3}0:} :
e ~ N N ~ e s ~. '%"”"-’99 51 1&*’-& | - - '
AXFTRRERNEBEHISEMFEBOFEDIND ANSNTE <« ' b,
(Baron 2019 for review) /\“’/ ,,,,, R Artificial neural network
CNN - o
= - //A Ouput

yer / \

SSIEETREDEIRNGETILE - TN
| P% -~ 00 SR A~

= = | R L B e K :‘ \:":'. {\"/ 5':.:':
 Convolutional neural network (CNN) [ B I OGRIOEN >
Output
[N,3]

 Recurrent neural network (RNN) 2NN o
* Graph neural network (GNN) |
 Transformer ’

Figures from Baron (2019)
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GPU (NVIDIA TITAN RTX)

1950’s 1960’s 1970’s 1980’s 1990’s 2000’s 2010’s

Since an early flush of optimism In the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

Image from NVIDIA “What’s the Difference Between Artificial Intelligence, Machine Learning and Deep Learning?”



https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/
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1. %8 (Classification)
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Galaxy Zoo (Willett+13): The images are classified by many (amateur) volunteers
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Morphological classification challenge on the Kaggle platform The first usage of CNN in astronomy



BAHIAA=—1—F)LKY kT —% (Convolutional Neural Network; CNN)

\ feature maps featurd 'Qaps
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R \ input feature maps feature maps
T 32 x 32 28 x 28 14 x 14

filter

AN Y xonvoluuA

feature extraction classification

inp.i layer
1x€1%x61x1
Lalch_size x hzighl x

width X number o fikers

Image from https://developer.nvidia.com/discover/convolutional-neural-network
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Ellipticals

Spirals Cheng+2021
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2. [Ol/% (Regression)




§R;A] D photometric redshift #E
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§R;A] D photometric redshift #E

LB R S EMEE OF EBD ANSNTET:
(e.g., ANNz; Collister & Lahav 2004) ,

AHRATHREARBD DD > TWSRAZFEICAWS

SDEZAERDFELERIEEDHBE (Cavuoti+2012,

Henghes+2021, Tanaka+2018 (HSC), Schmidt+2020 (LSST)
Desprez+2020 (Euclid)) |
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Desprez+2020
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e ~40 million KiDS galaxies (deJong+17, Bilicki+18)

e ~100 million HSC galaxies (Tanaka+18, Schuldt+21)
1 billion DESI galaxies (Duncan+22)

3 billion Pan-STARRS1 galaxies (Beck+21)
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e LSST (Schmidt+20)
e Euclid (Desprez+20)
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o0z < 0.02 (1 +Z)
30 outlier rate < 10 %
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Duncan+2022
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3. # B (Discovery)
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AR Ay O Hh SEBESEEIRT (Extremely Metal-Poor Galaxy; EMPG) ZRDIF7zL)

Hidden Layerl Hidden Layer2 Hidden Layer3  Fully Connected
Inputs (8 nodes) (16 nodes) (32 nodes) Layer (64 nodes) Outputs
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Magnitudes Linear combination & Non-linear function (RelLU) Probabilities
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Kojima+2020
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SDSS Test SDSS TOF A b :
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o’ | 935,042 sources in total

Photo ” Spec‘ . 30,
=22 1 only 7 among them are EMPG

\ OTraining
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- Classifier | g among them are indeed EMPG

=
=]
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97 HSC-EMPG 86 SDSS-EMPG 7 real MPGs completeness is as high as 86%
candidates candidates

Kojima+2020
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—» |s there a gravitational lens?

MIFRFRER LD

CNETROM>ERENL VAKAEIE < 1000 HEIEE,
SKA, LSST, Euclid 73 & Tl ¥+ ~BEXAED S 5H+ A EEERERGELR L XhH B EFllEnd

INETOREGENLGHEGIEERICK DR
SPACE WARPS project (Marshall+16, More+16, Geach+15)

RIETREESZILIOVXLVPEREZEE ZHW A EZBELNBOHTLWS (e.g., Paraficz+16)
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“The strong gravitational lens finding challenge” (Metcalf+19)

/ Area under ROC i KEWZ E

Name Type AUROC TPRy, TPRyy Short description
CMU-DeepLens-Resnet-ground3  Ground-based 0.98 0.09 045

CMU-DeepLens-Resnet-Voting Ground-based (.98 0.02 0.10

LASTRO EPFL Ground-based 0.97 0.07 0.11

CAS Swinburne Melb Ground-based 0.96 0.02 0.08

AstrOmatic Ground-based 0.96 0.00 0.01

Manchester SVM Ground-based 0.93 0.22 0.35 SVM/Gabor

Manchester2 Ground-based 0.89 0.00 0.01 Human Inspection

ALL-star Ground-based 0.84 0.01 0.02 Edges/gradiants and Logistic Reg. o
CAST Ground-based 0.83 0.00 0.00 CNN/SVM I
YattalLensLite Ground-based (.82 0.00 0.00 SExtractor COEJ
LASTROEPFL Space-based 093 | 000 008 |CNN | 2
CMU-DeepLens-Resnet Space-based 0.92 022 0.29 D
GAMOCLASS Space-based 0.92 0.07 0.36 o
CMU-DeepLens-Resnet-Voting Space-based 0.91 0.00 0.01 2
AstrOmatic Space-based  0.91 0.00 0.01 =
CMU-DeepLens-Resnet-aug Space-based 0.91 0.00 0.00

Kapteyn Resnet Space-based 0.82 0.00 0.00

CAST Space-based 0.81 0.07 0.12

Manchesterl Space-based 0.81 0.01 0.17 Human Inspection

Manchester SVM Space-based 0.81 0.03 0.08 SVM/Gabor

NeuralNet2 Space-based 0.76 0.00 0.00 CNN/wavelets

YattalLensLite Space-based 0.76 0.00 0.00 Arcs/SExtractor

All-now Space-based 0.73 0.05 0.07 Edges/gradiants and Logistic Reg.
GAHEC IRAP Space-based 0.66 0.00 0.01 Arc finder

Receiver operation characteristics (ROC)

v

ROC curves Space—Based

AstrOmatic CMU-DeeplLens—-ResNet

1.00-
0.75-
0.50 -
0.25-
0.00 -

GAHEC IRAP

R

CMU-DeeplLens-ResNet-aug CMU-DeeplLens-Resnet-\oting GAMOCLASS

Kapteyn LASTRO EPFL (CNN) Manchester SVM Manchester1
1.00-
0.75-
0.50 -
0.25-
0.00 -
NeuralNet2 YattaLensLite
1.00 -
0.75-
0.50 -
0.25-
0.00 - , '
. 88 8 8 & 8
O O O O - O C) C) C) -

False Positive Rate
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N « . . . N = IR ey - - W ) »- > V'
. 2 £ _ . L S R ~ - PN AR . : Il | . - .
4 o M I’ e% ‘ N L ] . ™ > o by ‘ ‘ e » . o P ’
Ll »’ R - N . - L . . » . p ‘3 .
. e i v" § . < ¢ - . & '- E . 1. : a ‘ . - - . ',-‘ ‘ \
- i * - L - .4 , .' ’ ‘Q . : . ". - , ‘ ! AN - : 'l-‘ ’ . ' - ’
I - ‘O T ko .' . g - .. \.: r . J , : 'A
Em% j_“}L . Y . _— — el S s . LTS 3 £ gt
C-VAE ) » . . . ’ ’ ’ .
. - ) r Co Fs e . - ~ = m N a &3 ) i - . ” =
- - » . . - . L - A : ry ¥ :
- B E . 5 - - . v - ‘N < :. ‘_’ .'. - i <
P . L | Fe - . N . T ‘
7 ! ... ‘v < . g o/ . -
.. E b - 3§ ‘ ’.': C. v » .‘ _
K v - J : - ): . > Y - A =3 .
- R e PRERE o Ty - e 2
V, 3 d . 9 ‘ .'. .‘ » ° g . ’ 4 . v “ ‘ “‘ "’ B
¥ " : Y » . Py - Mg IV - > . y - |

C-GAN (%




BER KXY M 7—% (Generative Adversarial Network; GAN)

~  Generator

N‘

ranqlom
noise
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, v

f’ l:ooo —-‘-,—W
E e A L ‘
i &

*»_: A

,3 S ::> —DDXRY NI =2 b
je oot D L O -
L. =\ Decrease G: fake map L7ah’5 (adversarially)
FBELTWL

- Discriminator &,

True? Fake?
D(x): Probability that the
input x is true map.

B IncreasD

Loss function: L |G, D| = log D(Xirue) + log|l — D(G)]
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observed data Ha intensity [OIll] intensity
at A = 1.5um atz=1.3 atz=2.0

SPHEREX
(NASA; 2024-)

e Line confusion problem
‘ Multiple emission lines contaminate each

Traditional solutions: 3= —3) g )
- Cross-correlation ¥Ialb—>3ry5—% other when they satisfy
ZRAWTEH Abs=M (1+2z1)=A(1+22)

- Anisotropy in power spectrum

KM+2020
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Al —% BN
observed true (Ha) /\ true (OIll)

- 10 8
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6
4

4
, 2
0 0

reconstructed reconstructed (Ha) reconstructed (Olll)

8
6
4
2
0

BWIc X > TERS N7

B /ILLZEXKBEZUICAWS &
SELDEEDTER,

LLl = A <‘Xtrue — G(Xobs)|>

true reconstructed true

0{1{0 0 0

1 —

1515 115 1/5 15
' ', reconstructed

L1 =3%0 +2x1 =2 L1 =4x1/5 + 4/5=8/5
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GAN [C K BFEE observed true (Ha) true (OIll)

reconstructed reconstructed (Ha) reconstructed (Olll)
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Dark Matter Galaxies

DM Halo | |

M N .
~ , . 0‘ »
: L. <" » 4
.2 ',‘v.‘l ' ."l -
- e 'Y ‘v
5 Bs . A o p
o - a b ¢ B p e
.. . L . "
ot Yibate *= : iy P
- - N ’ O : ar . o o e
- ™ - - ye - -y L - T s . -
B . o ¥ . | B ANt N : ®
, B - } - = ? -. - '_': . e " r . - - o
5 .- v ¢ i Y 1 ' A W AN Y -~ =
8 . g ; . - - .
: . - X 2 S5 v " : s N - ° a
. o : gt - % -y o™ " i \‘ . L.
o A : v udlt® o A o . ar 1 %o -y ‘
3 r . el § 2% oo B
: 5. ‘ . e . . "‘ o ;,.. \
. s A 4 ) [y - - . " ~
p : 5 Y - : ST Ly .; ™
-:; V- . < - ‘
o ’ . !
.. » : "
vh
X .
.

Baryonic Component

\

.

- DM mass ey —3
- Density profile
- Local density

- Merger history

etc.

ML Regression

- Stellar mass
- Star formation rate
- Number of galaxies

etc.

-

Moriwaki+23
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Lovell+22
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[otal subhalo mass - Stellar mass

Half mass radius - Z Total gas mass -

Peculiar velocity Black hele mass ° "IUStrIS (Kamdar+1 6)
Maximum circular velocity Stellar velocity dispersion °

Potential energy ) Star for{ma:ion rate MUFASA (Agarwa|+1 8)

Satellite flag

FOF group mass ¢ — Stellar metallicity e lllustrisTNG (JO & Kim 19)
+ Densily piR) ¢ EAG LE (Love"+22)
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Detailed cosmological hydrodynamics simulation is costly

 Lack of training data L
e Lack of diversity in training data
What shall we do? o Suite
= 004 SIMBA
ustrisTNG
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CAMELS project (Villaescusa-Navarro+2021)
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Node features
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o 4F(C CNN Z W ERENT CORINFINZ W (e.g., FERED$E. photoz. EHL > X)
e HWICK > TEHHIEENEL S (e.q., L7 IBRKRAEDEE(Z recall K E [T IZOK)

e FILWETFILEXRL ERBWSNTWS (e.g., GAN)

e FHET—HFZEDLDICEPIMINKREZRZEE (e.g., photoz. CAMELS project)

e ZDEMNETIHIDAEMRE., BRINEZTREITELNEHD D




BWFEOIAICE T SRE & T DEFRE

Challenge 1 Small (and biased) labeled datasets

Solution 1.A Transfer Learning Dominguez Sanchez et al. (2019) Samudre et al. (2022) \ %ﬁ.% 7—-‘-‘_9 h‘{xg ‘_ Y,
=<3 [SU 4

Lukic et al. (2019)

Solution 1.B Simulated dataset Jacobs et al. (2017) Vega-Ferrero et al. (2021)
Solution 1.C Self-supervised learning Hayat et al. (2021)
Solution 1.D Active Learning and similar Walmsley et al. (2020)

Challenge 2 Uncertainty \ a

|
Solution 2.A Bayesian approximations Walmsley et al. (2020) Perreault Levasseur et al. (2017) H:Iljj 0): I\E I‘E
Solution 2.B Density Estimators Kodi Ramanah et al. (2020)

Challenge 3 Interpretability

Solution 3.A Saliency maps and similar Huertas-Company et al. (2018); Bowles et al. (2021); r7 AY) 7 m v 7 ZJ 'I‘E

Bhambra et al. (2022)

Solution 3.B Symbolic regression Cranmer et al. (2020)
Solution 3.C Physics informed Scaife & Porter (2021); Villar et al. (2021a); Charnock
et al. (2019)

Challenge 4 Domain shift

\ piL _\\_ —\\_ 2\ ~
Solution 4.A Transfer Learning Tuccillo et al. (2018); Dominguez Sanchez et al. (2019); %ET 9 t %IZ%GT 9 h‘i’é\ %

Ghosh et al. (2020)
Solution 4.A Domain Adaptation Ciprijanovié et al. (2021b)

Challenge 5 Benchmarking

\
Solution 5.A Standardized datasets PLAsTICC, SKA data challenge, Galaxy Zoo $5£ Fﬁ o)tbﬁjﬂé

Table 2 Major challenges that deep learning works applied to astronomy might suffer and that will need to be addressed in the
coming years. We also provide elements of solutions already being explored along with the corresponding references.

Huertas-Company & Lanusse (2022)



Ball & Brunner (2010) “Data Mining and Machine Learning in Astronomy”, International Journal of

Modern Physics D, 19, 1049
BH DM E DRI DL A

Baron (2019) “MACHINE LEARNING IN ASTRONOMY: A PRACTICAL OVERVIEW?”, arXiv:1904.07248
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=K SVM, RF, ANN OO E{fRpy i s

Ntampaka et al. (2019) “The Role of Machine Learning in the Next Decade of Cosmology”’, BAAS, 51,
14 (Astro2020 Science White Paper)
SEROKXKRERRAICERZENE DB TE DD

Fluke & Jacobs (2020) “Surveying the reach and maturity of machine learning and artificial
intelligence in astronomy”, WIREs Data Mining and Knowledge Discovery, 10, e1349

AXZICR T DEMFETE

JCDODWTT—YDEPFELE - TTFILSCEICHRENICE EHSNTWS

Huertas-Company & Lanusse (2022) “The Dawes Review 10: The impact of deep learning for the
analysis of galaxy surveys”

SR — AR T D FEE

FEDAVINT K

Moriwaki et al. (2023) “Machine Learning for Observational Cosmology”, Rep. Prog. Phys. 86 076901

FHim (AT —XA1) |

CHITHEMEZEDOICAMNHEENICEESHSNTWS

https://github.com/georgestein/ml-in-cosmology

FTHAED T COEMEEZ D RKEDILAG %Z arXiv hSHEERNICU A MEL TSN TW5S
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BRMEEZzNHMSEHDANTHAZWEWSAIC

o BRI ERFSEBGREGFRLDD, BTL—LT7—JDF1—KIUTIZEP>THDIOHLFREN, IEREFZE CTHNIL Scikit-
learn . REZEICE U TIEPyTorch AMEWPT WK SICBEU %, fEICHTensorFlow, Keras, JAX 78 &, ZDIENERNR E I B PHE
HTDIFHRZ R T BIC|E YouTube F v XRILIg EHEF] (e.g., @stanfordonline, @AndrejKarpathy, @Alcia_Solid, etc.)

¢« BTTYRNIA—LETY T 7ENTVWEIA—KZ—BZ0DX Eiﬁjfc}’%%@%ﬁ 3, From scratch T& < D IR (&7 5 HVEEX
HZ W FICHULWETILIEIRA EETL 2D TEWDLDIFBIEHNIRE, T—IRZORFOANEHNT B EHKE

¢« KX - RIMPENDERZ RO ETUTORBEZRTT S

o ERDFEDFEIFAN? (F—YELHEE?EHSHRHE?)
s RREMNIIXMAN? (RETHNRERE?HEDRKEDHEERE ?)
« ZHZHFREMNICAERY R I ?ZBT—FFEYD? T—FICINA 7 R TEWH ? etc.
BN REREZERB U TCETINENR TERVN?
« KFIC %J%?E_"Libtib(fi/\%/\ INGAR—=FDF 21—V HKRE, REHNRERFHDIFTE, YRT - T—FICL>2TSFELWL
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