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Dark matter (DM) makes up 85% of matter,
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Introduction

Dark matter (DM) makes up 85% of matter,
primordial blobs or “halos” of DM seeded formation

of all baryonic structure.

Dark Matter 3
(~80%) &7
Dust §d Gas

Mohamed Abdullah, University of California Riverside
[— Dark Matter Halo

The MW is a laboratory for DM physics!

- Local density sets direct detection rate
- Density profile probes DM particle physics. GalacteBuletld
Does it self-interact?

Galactic Disk

Credit: L. Jaramillo & O. Macias/Virginia Tech.
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Dark matter (DM) makes up 85% of matter,

primordial blobs or “halos” of DM seeded formation S ol
of all baryonic structure

[— Dark Matter Halo

The MW is a laboratory for DM physics!

- Local density sets direct detection rate Mapping Dark Matter in the Milky Way using

- Density profile probes DM particle physics. ¢ Normalizing Flows and Gaia DR3
DOeS It Self—interact’? Sung Hak Lim, Eric Putney, Matthew R. Buckley, David Shih
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Introduction

Dark matter (DM) makes up 85% of matter,
primordial blobs or “halos” of DM seeded formation

of all baryonic structure.

Mohamed Abdullah, University of California Riverside

I— Dark Matter Halo
The MW is a laboratory for DM physics!
- Local density sets direct detection rate e >
- Density profile probes DM particle physics. G Vo ’1 )
Galactic Dis]

Does it self-interact?

Credit: L. Jaramillo & O. Macias/Virginia Tech.
- rotationalvelocity
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How can we measure our DM halo? Stars!

- Rotation curves trace enclosed mass
- Potential encoded in phase space f(x,v)
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The Collisionless Boltzmann Equation

Baryons + DM source the galactic potential ®(x). Gravitational tracers 0
(stars) drawn from f(x,v,t) accelerate in response to . zz
df [0 G, G, 0P 2
g | T oo f =0 h i == g o
at ~ ot " om Yoy, d where a ox; )
Over many dynamic timescales, f(x,v,t) equilibrates — f(x,v). fz I
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Dynamic equilibrium: f(x,v) for old stars in our
galaxy should be smooth and “phase mixed”
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The equilibrium Collisionless Boltzmann Equation

Baryons + DM source the galactic potential ®(x). Gravitational tracers i
(stars) drawn from f(x,v,t) accelerate in response to . zz
df 9 0 00 E L
dt [gJFUZ o "o, d where a Oz "l
Over many dynamic timescales, f(x,v,t) equilibrates — f(x,v). We can I
use a snapshot of f(x,v) today to infer the acceleration field a(x). position
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The equilibrium Collisionless Boltzmann Equation

Baryons + DM source the galactic potential ®(x). Gravitational tracers i
(stars) drawn from f(x,v,t) accelerate in response to . jz
df 9 9 0P Z o
o [ng V; oz, + a; 90, f where « oz, g EZ
Over many dynamic timescales, f(x,v,t) equilibrates — f(x,v). We can fz I
use a snapshot of f(x,v) today to infer the acceleration field a(x). position
Motivates the equilibrium collisionless Boltzmann equation (CBE): 12
E 05
of of of
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ot ’ 8332 T 8’UZ' : -1.0
6D f(x,v) is difficult to measure (even if it’s “low-dim” by our standards). LT 0 1 2

position

Instead, astronomers solve the Jeans equations or model f(x,v).
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Are these approaches accurate? Can we measure
the 6-dim f(x,v) in a completely data-driven way?

.

J
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Over many dynamic timescales, f(x,v,t) equilibrates — f(x,v). We can 10
use a snapshot of f(x,v) today to infer the acceleration field a(x).
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6D f(x,v) is difficult to measure (even if it’s “low-dim” by our standards). ~20

Instead, astronomers solve the Jeans equations or model f(x,v).
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Are these approaches accurate? Can we measure
the 6-dim f(x,v) in a completely data-driven way?
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Normalizing flows are flexible high-dimensional density  |°
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6D estimators that can learn f(x,v) directly from the data. T S——
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Pipeline: {x, v} — p(x)
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Pipeline: Training f(x,v) ety | e

Given {x, v} of a tracer population: f(&, V) = p(Z) * p(v]T)

e Train two Masked Autoregressive Flows
(MAFs)* to learn p(x) and p(v|x)

Original Original
f(&,v)

Side-on view of stars
near Earth

Brighter > more stars

4 5 6 7 8 9 10 11 12

z (kpe) Lim, EP, Buckley, Shih (2023)

*Sequence of 20 MADE blocks w/ affine transformations and permutation layers. GELU activations. Learning rates 102 and
10 (course/fine) with patience. 80-20 training-validation split, shuffled for each training.
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Pipeline: Training f(x,v) ety | e

Given {x, v} of a tracer population: f(@,v) = p(Z) = p(v]Z)
e Train two Masked Autoregressive Flows Original
(MAFs)* to learn p(x) and p(v|x) e
e Given {cx, ov}, draw 10 realizations of
the data smeared by kinematic errors
e
==[=l==} =]
0 f(Z,0)

*Sequence of 20 MADE blocks w/ affine transformations and permutation layers. GELU activations. Learning rates 102 and
10 (course/fine) with patience. 80-20 training-validation split, shuffled for each training.
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Pipeline: Training f(x,v) o

Given {x, v} of a tracer population:

e Train two Masked Autoregressive Flows
(MAFs)* to learn p(x) and p(v|x)

e Given {cx, ov}, draw 10 realizations of
the data smeared by kinematic errors

Smeared 1 Smeared 1 |

{#, v} 1(@,0)

Smeared 10 Smeared 10 |

e Draw 10 realizations of the data via the 4 @
non-parametric bootstrap

Bootstrap 1 Bootstrap 1

{0} 1(@,7)

Bootstrap 10 Bootstrap 10 |
{79 1@
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Pipeline: Training f(x,v) Orgn
Given {x, v} of a tracer population:
N
e Train two Masked Autoregressive Flows el el
(MAFs)* to learn p(x) and p(v|x) V'S
- - 2l Errors ~ \|'Z
e Given {0, 0}, draw 10 realizations of Retra': r:?fny times -, i
. . > with different .
the data smefare_d by kinematic er.rors initializations! s 1 smea 10 |
e Draw 10 realizations of the data via the
non-parametric bootstrap
e Uncertainties of f(x,v), and derived / A —
guantities should be robustly estimated! ' il
Now, let’s estimate acceleration and mass
denSity! Bootstrap 10 Bootstrap 10 |
{0} J(&, )
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Pipeline: Estimating acceleration and mass density

. 2 .
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Pipeline: Estimating acceleration and mass density

Find a(x) such that [CBE? is
minimized.
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Application to Data
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h277: Measuring Dark Matter in a Simulated Galaxy!'?
& https://doi.org/10.1093/mnras/stad843

Buckley, Lim, EP, Shih (2022)
MAFs learned f(x,v) of a spherical patch of a simulated

hydrodynamic galaxy. Recovered a(x) & p(x) without
models or symmetries.

y (kpc)
z (kpc)

Idark matter mass density..s

= Figure credit:
» S.H.Lim
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work, we apply autoregressive flows to stars from a realistic simulation of a
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https://doi.org/10.1093/mnras/stad843

Gaia, the billion star surveyor

Gaia measures X, v, and other properties
of billions of sources in the MW.

Data Release 3 (DR3):

- 1.8 billion sources with 5D
kinematics.

L2 diagram: © Francgois Mignard
Gaia render: ESA/ATG medialab/Gaia/DPAC; CC BY-SA 3.0 IGO.



Gaia, the billion Stal‘ SUI‘VG_VOI‘ Side-on view of the stars with {x,v}

Lim, EP, Buckley, Shih (2023)

Gaia measures X, v, and other properties
of billions of sources in the MW.

Data Release 3 (DR3):

- 1.8 billion sources with 5D
Kinematics. ‘

- 31.5 million with line of sight
velocities. Full 6D kinematics!

4 5 6 7 8 9 10 11 12
z (kpc)

o
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Gaia, the billion Stal‘ SUI‘VG_VOI‘ Side-on view of the stars with {x,v}

Lim, EP, Buckley, Shih (2023)

Gaia measures X, v, and other properties
of billions of sources in the MW.

Data Release 3 (DR3):

- 1.8 billion sources with 5D
kinematics.

- 31.5 million with line of sight
velocities. Full 6D kinematics!

- 5.8 millions stars bright enough to be
complete within 4 kpc and old
enough to be in equilibrium

ou are here.

4 5 6 7 &8 9 10 11 12
z (kpc)
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Lim, EP, Buckley, Shih (2023)

10%

Training Results

100 +  Gaia DR3 7 100 +  Gaia DR3 3 +  Gaia DR3
—— MAF

—— MAF

Flows precisely map out phase
space. Key takeaways:
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Local Acceleration and Mass Density Field

Solar acceleration consistent
with previous studies!

— e —

3
— as ¥ do GaiaEDR3

here. i O
4 5 6 7 8 9 0 11 12 -3 -2 -1 0 1 2 3
 (kpc) s (kpc)

Gaia EDR3 This work
az (107 0m/s?%) —2.3240.16 —1.9440.22
ay (1071%m/s?) 0.04 +0.16 0.08 +0.08
a, (107'°%m/s?) —0.144+0.19 —0.06 % 0.08
|@| (107'%m/s?) 2.32+0.16 1.94 £ 0.22

Lim, EP, Buckley, Shih (2023)
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Local Acceleration and Mass Density Field

Solar acceleration consistent
with previous studies!

Lim, EP, Buckley, Shih (2023)
V-a ]
- 47TG — Total
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ay (107°m/s?) 0.04+0.16 0.08 & 0.08
a (10:12m/sz) —0.144+0.19 —0.06 % 0.08 . .
@ Q07 m/s) 282+016 1944022 p along polar arc length s peaks in the disk, levels
Lim, EP. Buckley, Shih (2023) off for |s| > 1 kpc. Estimate p,_ via parametric models
im, , buckiley, |
/ from McKee et al. (2015)%! and Ou et al. (2023)¥!
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Local Acceleration and Mass Density Field T
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Lim, EP, Buckley, Shih (2023)

p along polar arc length s peaks in the disk, levels

off for |s| > 1 kpc. Estimate p,_ via parametric models
from McKee et al. (2015)B and Ou et al. (2023)*

Eric Putney | Rutgers, the State University of New Jersey | ML4Jets 2023 | November 8, 2023




Subtracting the baryons off the
total density gives us...

Local Acceleration and Mass Density Fi

Solar acceleration consistent

. . . Lim, EP, Buckle
with previous studies! V.g ]
- 47TG — Total
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T
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@l (107 /") 232+ 0.16 1.9140.22 p along polar arc length s peaks in the disk, levels
, _ off for |s| > 1 kpc. Estimate p, via parametric models
Lim, EP, Buckley, Shih (2023) 3] ol 4]
from McKee et al. (2015)*! and Ou et al. (2023)
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Local Acceleration and Mass Density Fi( SuPtracting the baryons off the

total density gives us...

Sglar acc.eleratlon consistent Lim. EP, Buckiey Dark Matter!
with previous studies! V-a ]
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Lim, EP, Buckley, Shih (2023)
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por(ra) (1072 Mo /pe?)

Local Density of Dark Matter

Casagrande, (2020) [60] [ | Blue straggler scaling relations |
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Huang, et al., (2016) [63] |
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e B |
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Radial Profile of the Milky Way’s Dark Matter Halo

Can place loose constraints on the MW halo. Radial profile consistent with NFW (3=1) when
fit to a generalized NFW (gNFW) profile.

_ +64.4 .
po = 3017557 Lim, EP, Buckley,
5.0 | == Max. Likelihood, pp = 23.5, rs = 3.6, § = 1.1 @ North (z = 1.5 kpc) I [ H
—=— Eilersetal. (2019) NFW, po = 1.06, rs = 14.8, 3 =1 @ South (z = —1.5kpc) : Shlh (2023)
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In Summary

- We present a model of the stellar phase space f of the local Milky Way using MAFs
- We can use f to solve many problems in galactic dynamics

- Measured local p,, and the dark matter density profile with minimal assumptions and
comprehensive errors
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In Summary

- We present a model of the stellar phase space f of the local Milky Way using MAFs
- We can use f to solve many problems in galactic dynamics

- Measured local p,, and the dark matter density profile with minimal assumptions and
comprehensive errors

Future Directions:

- Replace MAF with SOTA flow models: (CNFs, flow-matching)
- Parameterizing ®(x) with a NN, conservative force constraint®
- Disk phase space suppressed by dust, can we infer the true phase space density?

Thank you!
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Future Directions:
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- Replace MAF with SOTA flow models: (CNFs, flow-matching)
- Parameterizing ®(x) with a NN, conservative force constraint®
- Disk phase space suppressed by dust, can we infer the true phase space density?

Thank you!
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MAF Visualization

Visualizing the flow: Base distribution (3D Gaussian) mapped to Gaia DR3’s p(x). (Viewed
along 3 axes)



https://docs.google.com/file/d/1R091d66Ga4siyjfqykEI9HFK3_w8zI4H/preview

Masked Autoregressive Flows

Autoregressive model: transformation modeled as a product of conditionals. MAFs
enforce autoregressive property by masking network connections, allowing for complex
non-linear transformations.

P(T1, oo ) = pl@)p(@alz))p(s|wa, 21) o p(@n |1, o 71)

&3 @2 @1 p(z1|z2, I3) pmz) P(IalﬂUz

Q000 .

autoencoder X masks N MADE © Janosh Riebesell 2021
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Gaia Measurement Errors

Astrometric errors and propagated from ICRS to
Cartesian coordinates.

Primary uncertainties for stars are parallax and
radial velocities.

T T T T T T
0.00 005 010 015 020 025 030
On/w
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Jeans Analyses

Moments of the CBE yield the Jeans equations:

8 CBE o Lo 1 O(vRug:)
p(ps * ) — v 0z vR OR

2 N 2
Bp(pp + CBE) —» _ 10(wvg)  10(0RT:) | YR~ Y
/ ( ) ar y 8R +y @z + iz

Key notes:

- Axisymmetry implicitly assumed when a, = 0.

- Must model each velocity moment and number density

- Many terms are noisy. Calculation of p can involve high order derivatives of fits to noisy
data.
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Disequilibrium

Rotating system in dynamic equilibrium should be axisymmetric. We solve the equilibrium
CBE, but we do not enforce equilibrium in our model of f(x,v).

We can perform a closure test of this assumption by measuring deviations from
axisymmetry in a(x) and p(x)

In the future, we can use f(x,v) with independent measurements of a(x) to estimate df/dt.

z = —3.5kpc z=3.5kpc

100 - ||a| — med|a|| /med|a|
R- ¢ (kpe)
100 - ||a| — med|a|| /med|a]|

5 6 7 8 9 10 11 5 6 7 8 9 10 11
R (kpc) R (kpc)
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https://docs.google.com/file/d/1X2OCUD2EJIqj3YZyzJzwMCDSYlJtm1Nm/preview

Gaia Dataset: The Red Clump (and friends)

Lim, EP, Buckley, Shih (2023)
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Gaia Dataset: The Red Clump (and friends)
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Lim, EP, Buckley, Shih (2023)

Bright, always* observed if
within d < 4 kpc

Magnitude cut gives us 5.8 million
stars with 6D {x,v} within 4 kpc.

Most belong to the red clump, A1
billion) yrs old.
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Gaia Dataset: The Red Clump (and friends)

Note:

104

Dust clouds in the disk
can obscure stars along
their line of sight, leaving
streaks of low # density.

—
o
w
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2
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Can’t get a(x) or p(x) in
disk far from Earth. (For
now...)
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