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A b1t about my

e Faculty at Rutgers since 2010

e Previous work:

self

e formal theory (matrix models and 2d quantum gravity;

Hidden Sector
(SUSY Breaking)

black holes, CI'I5s)

 phenomenology (SUSY breaking, gauge mediation, collider

pheno, naturalness, recasting)

* Since 2018: increasingly focused on applying
machine learning to fundamental physics
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My research on ML for LHC physics

Anomaly Surrogate
Detection Models

Simulation- Foundation

based Inference Models




* | am also increasingly branching out into ML for astro/cosmo,
including a number of projects with Gaia data:

ML for astro/cosmo

Via Machinae [2104.127389, 2303.01529, 2509.08064|: model-agnostic search tor

stellar streams, using resonant anomaly detection methods originally developed for
LHC, discovered ~100 stream candidates, awaiting follow-up confirmation

Auriga 6, upsampled by CNF

GalaxyFlow [2211.11763]: using generative models to “upsample” cosmological 2
simulations (star particles) to produce smooth and faithtul Gaia mock catalogs (stars)

Ms (mas/yr)

ClearPotential [2205.01129, 2305.13358, 2412.14236, 2510.xxxxx]: new technique

using modern ML (normalizing flows) to measure local Galactic potential, acceleration 0]

field, and mass density field; first application to Gaia data T w6 %
Mg (mas/yr)
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https://arxiv.org/abs/2104.12789
https://arxiv.org/abs/2303.01529
https://www.arxiv.org/abs/2509.08064
https://www.arxiv.org/abs/2211.11765
https://arxiv.org/abs/2205.01129
https://arxiv.org/abs/2305.13358
https://arxiv.org/abs/2412.14236
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Motuvation: Dark Matter

source: Symmetry magazine

Dark matter 1s one of the greatest mysteries ot our time
6
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Searching for Dark Matter

Gradient of Xe discovery limit, 7 = —(dIn¢/dIn MT) ™!
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Yet the particle nature of
dark matter remains elusive.

Many direct and indirect
searches, but so far no
additional evidence of dark
matter interactions beyond
oTaVvIty.


https://arxiv.org/abs/2203.08084

Dark matter from local dynamaics

Local Galactic dynamics remain one ot the best astrophysical probes ot
dark matter

1 = : Dark Matter Halo
* [Local dark matter density important input to |
direct detection

e Density profile and substructure sensitive to DM
properties
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https://arxiv.org/abs/1608.02575

Dark matter from local dynamics

(General 1dea: use kinematics of tracer stars to inter (Galactic potential

Two main approaches

e Rotation curves: fit parametric o Statistical properties: infer potential
potentials to circular orbits of disk stars from statistics of tracer stars

1.6

Galaxy Rotation Curve
Credit: Matthew Newby, Milkyway@home

1.4}

=
N
T

1.0

Orbital Velocity (arb.)

0 é 21 (li é 110 112 114 1 O

University of Texas N-body Simulation




Dark matter from local dynamics

(General 1dea: use kinematics of tracer stars to inter (Galactic potential

Two main approaches

e Rotation curves: fit parametric o Statistical properties: infer potential
potentials to circular orbits of disk stars from statistics of tracer stars

1.6

Galaxy Rotation Curve
Credit: Matthew Newby, Milkyway@home

1.4}

=
N
T

1.0

Orbital Velocity (arb.)

0 é 21 (li é 110 112 114 1 O

University of Texas N-body Simulation




Dark matter from local dynamics

(General 1dea: use kinematics of tracer stars to inter (Galactic potential

Two main approaches

e Rotation curves: fit parametric

potentials to circular orbits of disk stars

Orbital Velocity (arb.)
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e Statistical properties: infer potential
from statistics of tracer stars

University of Texas N-body Simulation




Dark matter from local dynamics

(General 1dea: use kinematics of tracer stars to inter (Galactic potential

Two main approaches

e Rotation curves: fit parametric

potentials to circular orbits of disk stars

Orbital Velocity (arb.)
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e Statistical properties: infer potential
from statistics of tracer stars

University of Texas N-body Simulation




Dark matter from stellar phase space

T'he hero ot the story:

A
fx,v, 1)

\_‘/

Stellar phase space density (PSD)
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For a particle moving under a conservative
(frictionless) force, phase space volumes are

Liouwille’s T"heorem and the
Collisionless Boltzmann Equation

constant 1n time

av,

hase space

dt
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For a particle moving under a conservative
(frictionless) force, phase space volumes are

constant

av,

Liouwille’s T"heorem and the
Collisionless Boltzmann Equation

1n time

av,

hase space

= {)

dt

hase space

= f(x, v, H)dxdv
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Liouwille’s T"heorem and the
Collisionless Boltzmann Equation

0.5

For a particle moving under a conservative
(frictionless) force, phase space volumes are
constant 1n time
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(ralactic potential from stellar phase space

e Stars are well described by CBE

e Old stars should be mostly in dynamical equilibrium

14



(ralactic potential from stellar phase space

e Stars are well described by CBE

@f_
or

e Old stars should be mostly in dynamical equilibrium 0

fx, v, 1) = fx, )
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(ralactic potential from stellar phase space

e Stars are well described by CBE

e Old stars should be mostly in dynamical equilibrium
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(ralactic potential from stellar phase space

e Stars are well described by CBE

e Old stars should be mostly in dynamical equilibrium

Stellar accelerations

14

@f_
or

fx, v, 1) = fx, )

0



NG A S b S B R oo

G N

UALR G LA G L B AN Kb (oL

2 atib i

N U s S S b S MO ot e s et i s b

=
&
£
%‘,,
£
£
B
§
4
E
E
s
g
£
E
3

(ralactic potential from stellar phase space

* So 1f we know stellar phase space density, can infer their accelerations!

* From accelerations we can obtain gravitational potential and mass density

a(x) = — VO(x) V2® = -V -4 =42Gp

15



Jeans Analysis

* Previously, 6d phase space density not learnable from data, nor its
derivatives

e Instead: Jeans Equations

16



Jeans Analysis

* Previously, 6d phase space density not learnable from data, nor its
derivatives

: 3 of of
* Instead: Jeans Equations 0=|dvy, few ai(x)()_
o 7
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Jeans Analysis

* Previously, 6d phase space density not learnable from data, nor its
derivatives

0 0
e Instead: Jeans Equations () = Jd3v v, via—f + ai(x)a—f
X; V;

number density I”l(X) == JdBVf (xa V)

16
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Jeans Analysis

* Previously, 6d phase space density not learnable from data, nor its
derivatives

0 0
e Instead: Jeans Equations () = Jd3v v, via—f + ai(x)a—f
X; V;

number density I”l(X) == JdBVf (xa V)

second
velocity <Vl-V ]> (.X) =
moments n(x)

Jd3v f(x,v) VY

16
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Jeans Analysis

* Previously, 6d phase space density not learnable from data, nor its
derivatives

0 0
e Instead: Jeans Equations () = Jd3v v, via—f + ai(x)a—f
X; V;

0
number density I”l()C) == Jd3Vf(X, V) = a_x (n(x)<vivj>(x)) = Clj(X)l’l(X)

second
velocity <Vl-V ]> (.X) =
moments n(x)

Jd3v f(x,v) VY

16
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Jeans Analysis

* Previously, 6d phase space density not learnable from data, nor its
derivatives

0 0
e Instead: Jeans Equations () = Jd3v v, via—f + ai(x)a—f
Aj Vi

number density I”l(X) == JdBVf (xa V)

[ (0w ) - an(o)

second
velocity <Vl-V ]> (.X) =
moments n(x)

Jd3v f(x,v) VY

16




Number density and velocity moments can be estimated from

3d position bins

Jeans Analysis
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Dernivatives esttimated from finite differences

Often for enough statistics need to invoke additional
assumptions of symmetries, eg azimuthal or north/south

Finally, fit 1s often performed to a parametrized gravitational

potential, eg

O = (I)NFW == (Ddisk + (I)bulge T ...

or just settle for determining p,, at the solar location

17

From 2012.11477
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https://arxiv.org/abs/2012.11477

A New Approach Powered by Modern ML

Green et al 2011.04673, 2205.02244; Naik et al 2112.07657; An et al 2106.05981; Kalda et al 2310.00040 2507.03742
Buckley, Lim, Putney & DS 2205.01129, 2305.13358, 2412.14236

e With modern ML and the unprecedented coverage of Gaia data,
can do much better than Jeans analysis

* Density estimation eg with normalizing flows can easily handle 6d
phase space and 1ts derivatives

* Neural networks can parametrize potential, acceleration and/or mass
density

Fully data-driven, model-free, symmetry-iree,
unbinned measurement of Galactic potential!

18
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Normalizing Flows

Generatiori

- pbase(z) — /V(Oal)d A= pg(X)

b

Density estimation

20



Normalizing Flows
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Density estimation

Powertul class ot density estimators that are also generative models
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Normalizing Flows

Generatioi

s pbase(z) = /V(O,l)
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Density estimation

Powertul class ot density estimators that are also generative models

* Family of invertible maps parametrized by neural networks

20



Normalizing Flows

Generatioi

Z ~ Dpasel@) = H(0,1)° X ~ py(x)
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Density estimation

Powertul class ot density estimators that are also generative models

07
ox

(need tractable Jacobian!)

* Family of mvertible maps parametrized by neural networks pixi—p C 1t}
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Normalizing Flows
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Density estimation

Powertul class ot density estimators that are also generative models

0
» Family of invertible maps parametrized by neural networks gl =p, - (1) a—z
X
e '|Irain with maximum likelihood objective L =— Z log py(x;) ineed icaceable Jacobiat

x;Edata
20



Normalizing Flows

(Generation

ﬁ

X ~ p(x)
Density estimation
Powertul class ot density estimators that are also generative models
0
* Family of invertible maps parametrized by neural networks Pl =p,_ - [() (')_Z
X
 Train with maximum likelihood objective =~ L = — Z log py(x;) ineed frdciable Jacoban
x;Edata

« Compose multiple maps for greater expressivity



Flows

1Z1Ng

: Normals

Example

g

source: Eric Jan
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https://blog.evjang.com/2019/07/nf-jax.html

Flows

1Z1Ng

: Normals

Example

g

source: Eric Jan
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* We used Masked Autoregressive Flows with athne transtormations

 —alx,....x x.+bl, ¢

=
» Separate MAFs for n(x) and p(v|x) |[f(x,v) = p(v|x)n(x)]

» Used smooth activations (GELU, GIN'T) instead of RELU tfor smooth

derivatives

* lrained and ensemble-averaged 100 MAFs tor more accurate PSDs

23




2 GAIA'S HERTZSPRUNG-RUSSELL DIAGRAM
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1

<—— bluer Gaia BP-RP colour redder —>

» Space telescope launched 1n 2013, currently on Data Release 3 (DR3

* Angular positions, proper motions, color & magnitude of over 1 billion
stars 1n our Galaxy

» Distances and radial velocities for a smaller subset of nearby stars

24



(yai1a data
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e ~35M stars in DR3 with 6d kinematics, located within ~4 kpc

 Want a complete and unbiased subset

* Gaia 1s complete up to observed magnitude G, < 14

 However, more distant stars are dimmer

 For an unbiased subset, require all stars to be bright enough
to have been observable anywhere within 4 kpc volume

25




(Gaia data

4
2
0
- ' ' ' vy (km/s)
oL,
= e
™~
—9 £
5}
v, (km/s)
1 o 12 :
C 0 8 — _
Y (k.. 2 6 \@c\ 9 o 1 2 3 4 5 6
bc) —4 o \ £ BP— RP
—200 {2 RIS b L | |
—250 0 250 —200 0 206-200 0 200
v, (km/s) vy (km/s) v, (km/s)

This results 1n 6M stars

Includes Red Clump stars (65%0) — old, bright red giants believed to

be 1n equilibrium, widely used already 1n Jeans analysis
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"Results: stellar PSD

Gaia DR3 d = 1.0 kpc MAF d = 1.0 kpc
40 40
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Results: stellar PSD
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from PSD to Galact
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Back to the CBE

x P T O R R Y O R R PN TR PR,

* Just one scalar equation for three acceleration components.
Underdetermined system?

* But acceleration only depends on position! So actually many equations
(one for each velocity) at the same position.
Highly overdetermined system!

e Many ways to solve. Our approach: minimize MSE weighted by phase

space density 2

2 V 4 — +a(x) - g
8x ov

P f(H[) 0




Problem: interstellar dust

But wait! What are all those blotches in the number density?

Interstellar dust!

Ophluchus
Pipe Nebula
: : CEP OB3 Vulpecula Rift / oalsack Nebul et
Blocks many lines of sight & \. ok 4 S o
. Cygnus X I('rth AQulla. So tﬁt’ ' &40 H2022 - Horsehead N{b‘ula
- .‘Cahforma Parrot’s Head Chameleon S i :
Stars are reddened and L1450D Orion A
dlmmﬁd =~ Cdll fau Out Of 180 150 120 90 60 30 ez)o) ~30 —60 —90  —120 —150 —180

the Gaia dataset

Aftects the completeness of the dataset, biases the phase space density
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First version:

Mapping Dark Matter in the Milky Way using Normalizing Flows

and Gaia DR3
Sung Hak Lim, Eric Putney, Matthew R. Buckley, David Shih (May 22, 2023)

e-Print: 2305.13358 [astro-ph.GA]

 In previous work, we chose specific lines of sight that are not blocked

by dust

* Solved MSLE for accelerations pointwise at each position

— a —
Z V- a—{ + a(x) -
I~ f(0 ) .

of

ov

2

From 2305.13358

< = —1.5 kpc

o 'lake another derivative (using kernel trick) to obtain p(x)
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https://arxiv.org/abs/2305.13358

Mapping Dark Matter Through the Dust of the Milky Way Part I:
Dust Correction and Phase Space Density

Eric Putney, David Shih, Sung Hak Lim, Matthew R. Buckley (Dec 18, 2024)
e-Print: 2412.14236 [astro-ph.GA]

New version:

* New 1dea: can simultaneously determine Galactic potential and “dust
ethiciency” function

Jobs(X; V) = €(X) feoniX, V)

e Key point: dust efhiciency doesn’t depend on star’s velocity,
just its position!

* Dust-corrected PSD should satisty equilibrium CBE

0 0
; - fczrr —l— Zi(X) : fczrr = O
ox av
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Mapping Dark Matter Through the Dust of the Milky Way Part I:
Dust Correction and Phase Space Density

Eric Putney, David Shih, Sung Hak Lim, Matthew R. Buckley (Dec 18, 2024)
e-Print: 2412.14236 [astro-ph.GA]

New version:

* New 1dea: can simultaneously determine Galactic potential and “dust
ethiciency” function

Jobs(X; V) = €(X) feoniX, V)

e Key point: dust efhiciency doesn’t depend on star’s velocity,
just its position!

* Dust-corrected PSD should satisty equilibrium CBE

0 0
.
ox av

33



Mapping Dark Matter Through the Dust of the Milky Way Part I:
Dust Correction and Phase Space Density

Eric Putney, David Shih, Sung Hak Lim, Matthew R. Buckley (Dec 18, 2024)
e-Print: 2412.14236 [astro-ph.GA]

New version:

* New 1dea: can simultaneously determine Galactic potential and “dust
ethiciency” function

Jobs(%: V) = €(X) feorlX, V)

e Key point: dust efhiciency doesn’t depend on star’s velocity,
just its position!

e Dust-corrected PSD should satisty equilibrium CBE _ _
| ‘ alc)ngbS

J 0 dlo :
?})' fCO?‘I’ —|—ZZ)(X)' fCOFV :O — = g_)fObS _;.VlogG_V(D- = :O ,
0X oV 1

: - 5
0X oV |




Mapping Dark Matter Through the Dust of the Milky Way Part I:
Dust Correction and Phase Space Density

Eric Putney, David Shih, Sung Hak Lim, Matthew R. Buckley (Dec 18, 2024)
| e-Print: 2412.14236 [astro-ph.GA]

New version:

0 lOg f obs i
. |

‘ 0 lOg f obs
V .
* ox

» Ditferent velocity dependence — still overdetermined system!

* (Gan simultaneously determine ®(x) and e(x)
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Mapping Dark Matter Through the Dust of the Milky Way Part I:
Dust Correction and Phase Space Density

Eric Putney, David Shih, Sung Hak Lim, Matthew R. Buckley (Dec 18, 2024)
e-Print: 2412.14236 [astro-ph.GA]

New version:

dlogf ;.

| + a10gfobs i
' ov

ox

» Ditferent velocity dependence — still overdetermined system!

e (Gan simultaneously determine ®@(x) and e(x)

dlogf, .
oV

dlo
L0, @) = Z V- agychbS — V- Vlogeyx) — V@ (x) -
(X, v)~f(x,v)

34



Mapping Dark Matter Through the Dust of the Milky Way Part I:
Ne Ve rSiO n - Dust Correction and Phase Space Density

Eric Putney, David Shih, Sung Hak Lim, Matthew R. Buckley (Dec 18, 2024)
e-Print: 2412.14236 [astro-ph.GA]

dlogf ;.
oy

dlogf ;.
0x

- ) |y
(X, v)~f(x,V)

— V- Vlogeyx) — V@ (x) -

» Parametrize both e(x) and ®(x) with NNs (simple M LPs)

* Advantages

 Much more computationally etficient compared to previous pointwise approach
* More physical — guarantees curl-free accelerations
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Results: Dust-Corrected PSD

8 (Gaia DR3

Observed data 1s biased by dust

~2.5-3.5 kpc

180 150 120 90 60 30 0 —30 —60 —90 —120 —150 —180
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Results: Dust-Corrected PSD

8 M AL model of n

L.earned PSD 1s biased by dust
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Results: Dust-Corrected PSD

30

180 150 120 90 60 30 0 —30 —60 —90 —-120  —150 —180
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Results: Dust-Corrected PSD

40 40

30 »{ Esttimated e(x)

20 20

10 10 -

< 0 T o0l . W— -
—10 —10 -
—20 —20
—30 —30 A
3.0 kpc
_’—1() 1 —‘—lU T T T T T T T T T T T
180 150 120 90 60 30 0 —30 —60 —90 —120 —150 —180 180 150 120 90 60 30 0 —30 —60 —90 —120 —150 —180
£(°) (%)

40

30

20

Corrected density o
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Results: Dust-Corrected PSD

MAF model of n_, w1 Estimated e(x)
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Results: Dust-Corrected PSD

MAF model of n_, w1 Estimated e(x)
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Results: Dust-Corrected PSD
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Results: Dust-Corrected PSD
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Results: Dust-Corrected PSD
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Results: Dust-Corrected PSD
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MAF model of n_,

120 90 60

3.50 kpc

Results: Dust-Corrected PSD
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Validating dust ethciency map

(Lallement et al 2022, 1.22)
X Lo o

3000 —

wv

.

How do we know that e(x) 1s really correct? SRR o 2

1000 —

Extinction density mag.pc.,

Astronomers have constructed extremely
detailed and precise 3d dust maps using
(-aia and other data

I A
: = ’
= "
1000 I r it i et 5 £
t - -,

g Y, Ly . M ARNT
fio 157 & Ay A
2 ] { ol ! ” 2y W
-2000 —
\° N 7 8
i
P ] 7

-3000
-3000 -2000 -1000 0 1000

However, these quantity how much an observed star 1s
dimmed and reddened by dust.

T'hey cannot by themselves tell us about stars that are lost
due to dust
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https://arxiv.org/abs/2203.01627

Validating dust ethciency map

e From L22 dust map we can construct an alternative etficiency map as
follows:

Rk d R A G A A e s S A B S b e ik b e L AT

o Within ~2.5 kpc, Gaia 1s expected to be complete even accounting for dust extinction
o Using .22 dust-corrected magnitudes, re-apply 4 kpc magnitude cut
e '|rain flow on surviving stars to learn n; ,,(x)

Compute €;,,(x) = ny5,(x)/n,;, ()

Setebidvabat ot Bty paa e s s et S B PR T B S S e
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Validating dust ethciency map
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Validating dust ethciency map
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Results: Potential

Solid: our ®(x)

Dashed: MWPotential2014 ®(x)

* Generally good agreement with gala’s MW Potential2014!

» (Gan recover smooth and reasonable potential even 1n highly dust-obscured disk
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Results: accelerations

«— Galactic center (dust clouds thicken)

4 ]

4//1_1‘
, |
P I~
g o || D@D
—

S’ \'\
Galactig center
/

0 8
Ylpey 4 O (20 —34 == old

§ EDRS3 Quasar

N

el S S G S G S G G .

. _4 .
(Can now access accelerations 4.1 6.1 .

in the disk! z (kpc)
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Results: accelerations

a (mm/s/yr)

- 11.122

- 10.122

Eixcellent overall agreement with MW Potential2014
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Results: accelerations

Also excellent overall agreement
with recent measurements of LOS
(Galactic accelerations using
binary pulsars

About 15% of the pulsars show
significant discrepancies — could
be a novel probe of disequilibrium

in the Milky Way
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Results: mass density
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From 2012.11477
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Summary

* We have a developed a new technique to simultaneously inter

X R O g Y R R I PN TR Y PR T

» the Galactic gravitational potential+acceleration field+mass density field,

» as well as a dust efficiency map

» within a 4 kpc volume around the Sun, using normalizing flows and

Gaia DR3, by leveraging the equilibrium CBE.

o Unlike previous approaches, our method 1s fully data-driven, model-
free, unbinned and does not assume any symmetries
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Outlook

* Work in progress: use our approach to set limits on dark disks, MOND...

i gk Wt o ab LSl s b YA AN U s Sk £ S AL o 1 L N Rl £ e B B2

e ... what else?

e Our approach should be sensitive to disequilibrium through spread of
df/ ot values — but how exactly?

e Gaia DR4 expected sometime 1n 2026 — expect further major
improvements to our method!

e Large astro datasets + modern ML, => huge potential for fundamental
physics!
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Credit — DALL-E + Eric Putney: “A visually striking image that
represents the phrase “dark matter to dark matter, dust to dust”
symbolizing the removal of interstellar dust to reveal a spiral galaxy”

, .

1'hank you!
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Backup: uncertainties

* We attempt to quantity the following sources of uncertainty:
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