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Galaxies grow via gas accretion, star formation, and merging

Star Formation History, W(t)
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Heavy element production follows star formation

Star Formation History, W(t)

Chemical Enrichment History, @(t)
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Models map physical processes to observables

SFR = W(t=t_ )
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Models map physical processes to observables
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Models map physical processes to observables
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Models map physical processes to observables
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Physical processes are imprinted on galaxies’ morphologies
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An image is more informative than a row in a photometric catalog

gmag rmag
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CNNs are just sequential morphological feature finders
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Just a sample of what can be done with CNNs...

Metal-poor
Zirue = 8.204
Z = 84177

’

Zirwe = 7.997
Zpred = 8.181

_—
Zire = 8.308
Zpreq = 8.187

Metal-rich

-

Hl-poor HI-rich

-
' |
Zirue = 9.264 Zirue = 9.095 Zirue = 9.466
Zpred = 9.181 Zpred = 9.181 Zpred = 9.180
Random
‘ " =
Zirge = 9.131 Zirye = 8.768 Zirye = 8.861
Zpred = 9.125 Zpred = 8.763 Zpred = 8.735

Pr}edi‘c'ting a galaxy’s spectrum from an image

Wu & Boada 19; Wu 2020; Wu & Peek 2020; Holwerda+ 21; Guo+22




Identifying dwarf (satellite) galaxies is hard...

‘Legacy Su rvey grz

- NGC 30-4_4
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... but important for galaxy formation theory.

Dark matter only simulation

| 'Legacy» Su rvey grz. :.

Ishiyama+11




SAGA is the premier speétroscop'ic surVey of low-z éatellites

’l

378 satellites around 101 host galaxies ‘usi-ng >75,000 spectra Mao+24, Geha+24, Wang+24



A CNN robustly selects low-z (z < 0.03) galaxies

SAGA training sample
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A CNN robustly selects low-z (z < 0.03) galaxies

SAGA training sample xSAGA test sample
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We can validate CNN performance with observations!

CNN ~19% (Tier 1)
~ 1.3% (Tier 2)
Photometric 2 ~ 0.5% (Tier 3)

from DESI
LOW-Z
spectroscopy!

Darragh-Ford+ 23



DEC [deg]

SDSS found bright z < 0.03 galaxies
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Here are another >100k low-z candidates found via CNN
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xSAGA: >100x as many satellite systems as before
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Studying satellites around z~0.03 Milky Way analogs

no redshift confirmed

spectroscopically confirmed
1237664875657232593 12%7664875657036652 . 1237662193999151263 -
. G2 700 Z=2er z =0.020480 "
-
» ’ e . "
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L
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Studying z ~ 0.008 satellite groups and their dwarfs

spectroscopically confirmed

no redshift confirmed

1237662305650147549
z = 0.008732
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Exquisite statistics on satellite radial profiles with host mass!

log(M«/M ¢ )

10.00 — 10.25
9.75 — 10.00
9ia0 =975
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Wu+ 22



Exquisite statistics on satellite radial profiles with host mass!

log(Mx/M o) ' ;
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Satellites probe the halo accretion history

Nsat( < Ryir)

0 1 2 3 4 5 6
Magnitude gap =Amy, «

Time since last halo accretion event —» Wu+ 22
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Galaxies don’t grow in isolation

Star Formation History, W(t)

t=0 Time, t t=t

obs



Itustris TNG

)n’t grow in isolation — they have neighbors!
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Overdensuty " Graph Neural Networks
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Environment tells you which galaxy lives in which halo

Model with no environment
Model with DisPerSE cosmic web

Model with spherical overdensity

Length scale (Mpc) Wau et al. 2024 (subm.)
arXiv:2402.07995



GNNs are most informative at capturing environment

Model with no environment
Model with DisPerSE cosmic web

Model with spherical overdensity

Graph neural network

Length scale (Mpc) Wau et al. 2024 (subm.)
arXiv:2402.07995



GNNs are most informative at capturing environment

Model with no environment
Model with DisPerSE cosmic web

Model with spherical overdensity

Graph neural network

Length scale (Mpc) Wau et al. 2024 (subm.)
arXiv:2402.07995



Anomaly detection at scale with graph learning

M91 - Legacy Survey DR10 grz



Anomaly detection at scale with graph learning
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Summary

We can learn a lot about galaxies using advanced ML
methods and astronomical survey data.

The morphologies of galaxies tells us about their
physical evolution — and helps to identify rare gems!

xSAGA/DESI LOWYZ gives us an entirely new way to
study substructure of the low-redshift cosmos.

GNNs powerful for learning relationships, like the
galaxy-halo-environment connection.

John F Wu - jfwu@stsci.edu - jwuphysics.github.io






DESI LOW-Z: survey design

Input data Selection LOW-Z Tiers Observations Results

Legacy Survey r Catalog-level LOW-Z targets | Redshift failures |
catalog (§3.1) cuts (§ 3.2) (§3.3.3) | (§5.3) |

SAGA redshifts CNN algorithm :_ DESI fiber Observed spectra
(§3.3.1) : (Appendix A) B I_assignment (§ 5.1)_l (§4,§85)

: Legacy Survey | Completeness
i images (§3.1) (§5.2)

[ —— — —

i Full DESI redshift : Key: Ancillary | Method &
catalog (§5.2) ey' : data analysis

Catalog-level cuts Example images
at constant r magnitude & of non-BGS targets

z < 0.03—complete
more compact, redder

z < 0.01-complete
more diffuse, bluer

Tier 3A 4
R Tier3s v v

surface brightness

Darragh-Ford+ 23



DESI LOW-Z: target densities

Table 1
Target Density for the Three Tiers in the LOW-Z Survey

Tier Y1 Targets Y1 Targets Y1 Observed Y1 Observed Y2 Targets Y2 Targets
All BGS Overlap All BGS Overlap All BGS Overlap

Tier 1 22 deg ™2 6 deg > 6 deg > 97 deg > 1.7 deg 2
Tier 2 80 deg > 325 deg 2 1.3 deg >
Tier 3A 120 deg > 120 deg 2 =" 120 deg >
Tier 3B 80 deg >

2<0.03

1.6 deg 2

Notes. Columns 1 and 2: submitted target densities for the Y1 survey. Columns 3 and 4: observed target densities for Y1 survey. All objects in Columns 1-4 are
between the Y1 LOW-Z magnitude cuts of 19 < r < 21. Columns 5 and 6: submitted target densities for the Y2 survey. All objects are between the Y2 LOW-Z
magnitude cuts of 19 < r < 21.15. The full BGS target density is 1400 targets per square degree (864 deg ™~ in the Bright sample and 533 deg~ in the Faint sample).

Table 2
Color Cuts for the BGS Bright and BGS Faint Samples (Hahn et al. 2022)

BGS Sample r Tfib Color

BGS Bright r<19.5 rap < 22.9
BGS Faint 19.5 < r<20.175 rap < 21.5 if color >0 or rg, < 20.75 Zz—W1)—-12(g—r) +1.2

Darragh-Ford+ 23




DESI LOW-Z: target densities

Table 3
Observed Number of Targets in LOW-Z Survey Split by Tier and Redshift

72<0.01 z2<0.03 All Redshifts

One-Percent Survey

Tier 1 26 382 2015
Tier 1 (excl. BGS) 2 167 992
Tier 2 5 100 7445
Tier 3 3 179 27,021
Tier 3 (excl. BGS) 2 51 5906
Main Survey

Tier 1 4618
Tier 1 (excl. BGS) 163
Tier 2 2034
Tier 3 100,353
Tier 3 (excl. BGS) 1413

Darragh-Ford+ 23



CNNs can estimate spectroscopic properties like metallicity!

Metal-poor
.
/ g -
Ziye = 8.204 Zirye = 7.997 Ziye = 8.308
Zpred = 8:177 Zpred = 8.181 Zpred = 8.187
Metal-rich
Zirye = 9.264 Zirge = 9.095 Zirye = 9.466
Zpred = 9.181 Zpred = 9.181 Zpred = 9.180
Random
‘ " "
Zige = 9.131 Zirye = 8.768 Zirye = 8.861
Zpred = 9.125 Zpred = 8.763 Zpred = 8.735

Wu & Boada 19



Re-constructing the MZR without any spectroscopy

Mass-metallicity relation

Metallicity

CNN
spectroscopy

Stellar mass Wu & Boada 19



We know what CNNs are “looking” at!

AGC 8056 ’ gas-poor
‘. ’
oy
. p=0.003
L .
,‘ ’ »
o | 4
~
p=0.082 p=0.9M8

Wu 20



Predict the entire optical spectrum from Pan-STARRS imaging

Observed spectra Predicted spectra
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rart ] o

Wu & Peek 20



Passing the test: a weak AGN detected in an outlier galaxy

HST WFC3/UVIS L . ' Lo o
FA75W, F606W, F814W - T ST A -

Holwerda+ 21




Passing the test: a weak AGN detected in an outlier galaxy

VIRUS-P + KPNO 2.1m +
Mount Lemmon 60in

CNN prediction
MMT Binospec

O[m] / HO

N[] / Ha S[] / Ha O[]/ Ha

Holwerda+ 21



