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Dark Matter

Evidence over large range of scales

NATURE STILL UNKNOWN



A story of LODM
I: structure formation
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A story of LCDM
I1. the single halo

A “universal” DM profile”?
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A story of LCDM
I11. the dark matter distribution
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A story of LCDM
IV. the small scale problems

Cusp vs core Missing satellite

Dark matter only
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Inferring the DM distribution in
disk galaxies: the Rotation Curve method

Fitting a pre-assigned shape
on top of luminous

ppum (R) o< po exp [—
Einasto

'16=230 km /s, Ry=8.0 kpc

[many autors, e.g.
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The Rotation Curve method
requires a lot of (fortunate) conditions

(“all happy families are alike”)




The Rotation Curve method,
an example: the Milky Way
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[locco, Pato, Bertone, Nature Physics 2015]




The Rotation Curve method,
an example: the Milky Way

Milky Way
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dark halo
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The rationale of our machine algorithms
(Convolutional Neural Networks

lllustris TNG100-1
(snapshot 99)

Star particles DM particles

Mock SDSS
photometry

Features
(obse

Convolution

[deLosRios, Petac,

WITF. % o . Zaldivar, Calore,

Bonaventura, FI

arXiV:2111.08725]




Choice of galaxies in our database

TNG100 Simulation
Illustris TNG100-1
(snapshot 99)

Property Criterium
Planck cosmology Simulation snapshot 99 (2 =0)
Stellar mass 1010 My, < M, < 10" M,
1820”3 DM particles Star formation rate SFR > 0.1 Mg /yr

Star particles particles

182073 hydrodynamic cells Central galaxy SubhaloParent = 0
DM resolution 7.5 *10°6 Mo Cosmological origin SubhaloFlag = 1
Baryon resolution 1.4*10"6 MG

136 snapshots from z=127 to z=0

Mock SDSS Mock VLA DM mass profiles

photometry interferometry

| Features - Labels |
Dataset (enclosed DM mass at {R})

Convolutional Neural Network

Fully

Convolution Connected

[deLosRios, Petac, socing O
Zaldivar, Calore,

Bonaventura, FI
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A flavor of what machines “see”

SDSS U-band [l0g10(75-57) | SDSS G-band [10g10(z557) | SDSS R-band [l0g10( <) ]

Photometry - o Baryons

HI - intersity [) y/beam] HI - Vigs [kfs] HI - Ojes [krTYs]

Velocity

Spectroscopy total potential

- intensity [J y/beam] HI - vies [knYs]

[delLosRios, Petac,
Zaldivar, Calore,

Bonaventura, FT

arXiV:2111.08725]




A flavor of what machines “see”
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Spectroscopy

R =48 kpc

SDSS I-band
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[deLosRios, Petac,

Zaldivar, Calore,

P h otomet ry Bonaventura, FI
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Let’s open the box

Galaxy I1D: 60744 Galaxy ID: 108013
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No analytic approximation, no profile shape, etc...

[deLosRios, Petac,

Zaldivar, Calore,

Bonaventura, FI
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It’s always about the performance

Architecture B
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Rotation Curves vs Machines

Galaxy 1D:407926 Galaxy 1D:442300
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Cuncta stricte

* Deep learning algorithms do actually reconstruct the
DM amount and distribution, within a synthetic
environment (simulations)

e CNNs seem to perform better than Rotation Curve
method (more statistics and detailed study needed)

e This is only the beginning. ML evolving faster than
one can account. Idea stands, new results only can
grow.

e Still to be released on “real world” targets




