Overview of Machine Learning

for Gaia

Matthew R Buckley

ty

IVersSl

Rutgers Un



* \We know dark matter exists, but our evidence is purely astrophysical:
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Most of the universe can't even be bothered to interact with yo
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* Particle Physics experiments are motivated and important, but so far give only negative results
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* | arge-scale distribution of baryonic matter in the Universe and structure of galaxies can reveal

hints of dark matter particle physics.

_Buckley et al 1405.2075
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* | arge-scale distribution of baryonic matter in the Universe and structure of galaxies can reveal
hints of dark matter particle physics.
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» (Gala satellite measures the 3D positions and proper
motions of ~1.5 billion stars in the Galaxy.

* N.B: Gaia measures parallax, not distance.

* Provides photometry (color and magnitude) and
imited spectroscopy

* Line-of-sight motion for ~34 million stars (DR3
e This will be ~150 million by end-of-mission

* A huge mine of data for the study of Galactic
supstructure.

* |n this talk, we're interested in Gaia data as processed
ocations of stars within 4/5/6D kinematic space — no
as individual images/spectra (lots of analysis here!




# sources in Gaia DR3

# sources in Gaia DR2

# sources in Gaia DR1

Total number of sources 1,811,709,771 1,692,919,135 1,142,679,769
Gaia Early Data Release 3
Number of sources with full astrometry 1,467,744,818 1,331,909,727 2,057,050
Number of 5-parameter sources 585,416,709
Number of 6-parameter sources 882,328,109
Number of 2-parameter sources 343,964,953 361,009,408 1,140,622,719
Gaia-CRF sources 1,614,173 556,869 2191
Sources with mean G magnitude 1,806,254,432 1,692,919,135 1,142,679,769
Sources with mean Ggp-band photometry 1,542,033,472 1,381,964,755 -
Sources with mean Ggrp-band photometry 1,554,997,939 1,383,551,713 -
New in Gaia Data Release 3 Gaia DR2 Gaia DR1
Sources with radial velocities 33,812,183 7,224,631 -
Sources with mean Ggrys-band magnitudes 32,232,187 - -
Sources with rotational velocities 3,524,677 - -
Mean BP/RP spectra 219,197,643 - -

Mean RVS spectra

999,645




e Substructure and Tidal

o Stellar Streams

* Via Machinae (ANOD

 CATHODE

* The Milky Way’s Mass

Debris

Density

o Synthetic Gaia Observations
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* The Milky Way is built from the merger of smaller
objects.

 Compact collections of stars (dwarf galaxies &

globular clusters) get tidally stripped during infall and
'orm stellar streams, then become tidal debris,
oefore becoming completely mixed.

e Streams provide a probe into the Galactic potential
through the stream’s orblt.

Stellar stream in a smooth galaxy

» Can reveal dark matter substructure through
gravitational interactions with the stream itself.

Stellar stream in a clumpy galaxy

* Both streams and debris give a glimpse into the
Galaxy’s merger history.

Bonaca et al. (2014)



e Stars that originate from dwarf galaxies will
have different kinematics and metallicities,
even after they are well-mixed into the Milky
Way’s halo in position space.

* Ostdiek et al. (1907.06652) train a classifier X - B TE | 1 P
on simulated Milky Way-like galaxies to Bk o AN iy, R N .
distinguish halo stars that are formed in-situ
Versus accreted.

—
)
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Stars / 50 (km/s)?

* [rained on one simulated galaxy,
demonstrated that network results transfer
to 2nd simulated galaxy.

Efficiency to select accreted stars

* Applied to Gaia DR2 (Necib et al 1907.07681), 04 ™ Non-ML selection
reidentifies known substructure within the halo, 02| pased on gh-leve
but also a new merger component: Nyx | . | _

S T TR
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efficiency to select in situ stars Ostdiek et a/ (1907.06652)
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S >0.85 S >0.95

» Stars that originate from dwarf galaxies will GOOE“ 600%“
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Chasing Accreted Structures within (Gaia DR2 using Deep Learning
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e Use M

 Narrow & kinematically cold stellar streams are

tracers of the Milky Way potential, merger
history, imprint of dark matter substructure...

* A stellar stream is a narrow line of stars,
compact in proper motion, and with all stars
typically of similar age and composition.

e Uses only Gaia data

* Does not assume a Galactic potential
or orpit

e Does not assume stream stars lie on a
particular isochrone.

» Uses the fact that streams are compact in
proper motion space.

to build a stream-finding algorithm that:
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e \Want to find stars that are anomalous
based on their position In position, proper
motion, and photometry. Use ANODE
anomaly detection (Nachman & Shih BOE s g o il e

2001.04990) to calculate anomaly score R SEEPpEN

for stars in proper motion Search Regions AT e

SRHs Lt i
* Learn the probability distribution with - m € [mg = =- L TGS e

e 1st by training directly on the data in the a’?
region: ~ P(Z|m
|

e 2nd by training outside in a control

' —_

region, then interpolating in: ~ Pke(T|m

e Allows direct estimation of the ratio R
inside the SR. P(Z|m € SR
R(x SR
Tjm Por(Zm € SR

Shih et al (2104.12789)



* Want to find stars tr
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e \Want to find stars that are anomalous - An example SR

based on their position In position, proper
mQ’[|On anA "nhntnMmaoatns | lea ANIOYNDYFE o

anomal Via Machinae: Searching for Stellar Streams using Unsupervised Machlne
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e There are a /ot of stars in Gaia. Lots of
reasons for them to be anomalous.

* Dust lanes, globular clusters, disk stars...

 [he ML anomaly score is only one part,
need to automatically identify line-like
features in overlapping regions of positions -
and proper motion.

 Many hyperparameters needed identify
stellar streams at high confidence

* Use a smooth analytic simulation of the
Milky Way (totally devoid of streams) to
build an estimate of a false positive rate

Shih, Buckley, Necib, Tamanas (in prep)
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e Full-sky stream search in prep. —30- |
: : _ 141
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node A S athode ‘»

* The input for the stream-finding Is the ML- - ; —
derived anomaly score R 103;_ ap 103;_ o ap-1
* Existing version from ANODE, using | Y,
. . 107 107 4, .
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+ The input for the stream-finding is the ML- —athode
derived anomaly score R 103} o 107} o G-
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* [he phase space density of stars in
equilibrium is related to the underlying
Galactic potential

i of  0d of
dt 'Oz, Oz, Ov,

* Curse of dimensionality makes it very
to measure f and derivatives from ste

nard

lar

motions. Traditionally, take moments of

the Boltzmann Equation and assume

Symmetries

* Normalizing flows can do a much better
job in estimating f and its derivatives

from the available data.

Green & Ting (2011.04673)
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* The real Galaxy is not in equilibrium:

df ]

— #+ 0 £ 2 211 S
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L . = N 5
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* The real Galaxy is not in equilibrium:

df 51, =
v # O 2 Q@[22 &
dt o2l
* |s real data sufficientlv precise to aet aood % (el
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e Can we do this with real Gaia data”?

* Real data is complicated: 1
* Observations are not complete, and this _ " 8
completeness varies as a function of = 5
: ~11
distance N
* And with which Kinematic parameters -3 A
dare measured; ard/Or Ste”ar prOpertieS YT 51 61 71 81 91 101 101 121 YT 51 61 1 8.'1 .'1. 10.1 11.1 12.1
x [kpc] z [kpc]
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- —~10 4

of the Galactic disk, to regions where dark 10t
Mmatter dominates the mass density. |

~ossse

|
ot
1

103

Ext — corr Gpryg
o
Counts

ot
]

brighter stars

-10!
10 - ;

redder stars

0 2 4
Ext — corr BPRP

100




e Can we do this with real Gaia data”?

* Real data is complicated: ).
* Observations are not complete, and this _ ,
completeness varies as a function of = 8
. 1
distance N
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e Jools exist that can create “theorist-level”
simulation for LHC machine learning.

* Much trickier for astrophysics. Can either:

e Create by-hand analytic smooth models
of the Galaxy or,

e Use N-body hydrodynamical simulations

e But in the latter case, there complications:

e Every galaxy Is unigue.

e Simulations work on the level of tens of
millions of “star particles,” not hundreds
of billions of stars.

e Upsampling required!

Lim et al (in prep)
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e [OO
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S exist that can create “theorist-level”
ulation for LHC machine learning.

* Much trickier for astrophysics. Can either:
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e Use normalizing flows (CN
particles, then generate sy

-3) to learn tr

Nthetic stars

rom the flow.

 Demonstrating with stars near the “Sun”

 Much smoother than stars drawn from existing upsamplers (EnBid)

* Confirmed with classifier tests comparing CNF and

Lim et al (in prep)
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» David’s favorite metric (with a twist):
* 3-sample classifier: we are statistics-limited on the star particles

* Construct CNF and EnBid datasets from a training sulbbset of the star particles, reserving
some star particles for validation

e Train classifier between a subset of the CNF and EnBid datasets

o Compare validation star particles with CNF and with EnBid separately
ENBID vs. CNF

ExBi1D _

network classification target AUC : CNF
p 10 E -+ Test star particles (£1ogat.)
trained on l'@ /ENBID vs. CNF 0.952 :
. ENBIEQeStar particles  0.950 % _ A _'
1 - ’ _
apphiedto o particlek'vs, CNF  0.508 B G//’b

| Tee— ,TQQ,
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* Use normalizing flows (CNFs) to learn the density distribution of simulation star

| Real Gaia Data

particles, then generate synthetic stars from the flow. .
» Demonstrating with stars near the “Sun” 2. .
* Much sr GalaxyFlow: Upsampling Hydrodynamical Simulations for Realistic Gaia o
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* Astrophysical datasets contain information

relevant to particle physics

guestions

e ...and intrinsically interesting on their own

merits!

* [he datasets are massive and complicated,
with lots of systematic effects to deal with.

e Often harder to simulate
you'd need to test your t
nteresting ML problems

exactly what
echnigue.
here In transfer

earning, generation, quantifying errors.

* Unsupervised technigues very useful.

* (Gala data in particular has
dark matter and Galaxy str

e | ots of need for new tec

ots to say about
ucture/history.
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opportunities for ML to

elp!
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e Substructure and Tidal

o Stellar Streams

* Via Machinae (ANOD

 CATHODE

* The Milky Way’s Mass

Debris

Density

o Synthetic Gaia Observations

Auriga 6, upsampled by ENBID
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