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A Snapshot of Milky Way
from Gaia

Recently, Gaia mission released

a new catalog containing

very detailed measurement of
stars in the Milky Way that can be
used for various physics analysis.
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Gaia Early Data
Release 3
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Why understanding galactic dark
matter is important?

;i Dark Matter
(mass ~ GeV - TeV)

Inputs to Direct | G..a,r.'riinﬁlm;
Detection experiments

recoil energy
(tens of keV)

Understanding
the dark matter halo of
the Milky Way

Galactic Bulge /\ - ﬂ%—l TeStIng mOd Iﬂed g ravrty
Galactic Disk Solutlons?



Hence, as a high energy physics theorist,
one interesting use of this Gaia DR3 dataset is...

Q: Can we use
(from Gaia DR3 dataset)
to constrain the galactic dark matter density
of the Milky Way?

Dark

?

Of course, there have been huge efforts on
solving this problem using various techniques...

https://www.eso.org/public/images/eso1339g/
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ChatGPT says...

Can we measure the dark matter density of the Milky Way without symmetry
assumption, in a model-independent way, and only assuming the gravitational
interaction? Please answer concisely.

making some assumptions. A model-independent measurement of dark matter
density solely based on gravitational interaction and without symmetry

assumptions is not possible with our current knowledge and observational

techniques.
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ChatGPT says...

Can we measure the dark matter density of the Milky Way without symmetry
assumption, in a model-independent way, and only assuming the gravitational
interaction? Please answer concisely. If the answer is no, actually | have the
solution!

No, we cannot currently measure the dark matter density of the Milky Way without
making some assumptions or models. Although the gravitational interactionis a
key factor in studying dark matter, determining its density profile requires
assumptions about the symmetry or shape of the dark matter distribution. Without
such assumptions, it is challenging to obtain a model-independent measurement.

However, if you have a solution that addresses this issue, I'd be interested to hear it!




Need of DM density estimation without
assumed symmetries and models?

We developed an unsupervised machine learning
technigue without symmetry and model assumptions

- Solution is not provided in training dataset
- Solve the physics problem (equations of motion) in a classic way
but with help of machine learning techniques!
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First step: Estimating Gravitational Field

from Phase-Space Density f(@, V) dZdv

The classic way of estimating the gravitational acceleration field
as well as dark matter density from the stellar distribution
is solving the equation of motion:

0 _ 0 Lo L, do()
%—Fv-%—l—a-% f(Z,0) =0, a=— =

Assuming that the galaxy is in approximate dynamic
equilibrium (0f/0t = 0), we could estimate the acceleration field a(x)
from the Milky Way snapshot at the current time.

In order to solve this equation, we first have to estimate the
6D phase space density very precisely.

LT, V) — f(7,7)

Neural network-based density estimation technique:
Normalizing Flows
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Normalizing Flows:
Neural Network learning a Transformation

Normalizing Flows (NFs) is an artificial neural network that learns a transformation
of random variables.

Base distribution (known) Target distribution (data)
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Main idea: if we could find out such transformation, we can use the transformation
formula for the density estimation:

du
dw

We will use this model for estimating the phase space density f(x,v) from the data!

pw (W) = py () -

10/ 21




Normalizing Flows:

Base distribution

How it works?

Target distribution
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Tracer Population Selection

We will ignore the time derivative term for the acceleration estimation, requiring
a population of stars sufficiently in equailibrium. (such as old stars, red giants)

L, 0 ol , o . L dO(T)
lg—kv %—l—a 57 f(Z,0) =0, a=— e

 Select stars with full 6D position >
and velocity information
* (Analysis volume)
Distance from the Sun < 4.0 kpc
» (Completeness) absolute
brightness must be large enough so”
that the stars must be visible
anywhere within our analysis
volume.
« (Removing poorly measured stars)
parallax / parallax error < 3

Me
Star Count
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Number density estimation:

Gaia DR3 d = 2.0 kpc
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1D histograms

_af

+  Gaia DR3 3
—— MAF ]

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

+ Gaia DR3
—— MAF

Pull

ﬂ

+  Gaia DR3 3
—— MAF ]

-4-3-2-10 1 2 3 4
y (kpc)
102
:I‘—\ + Gaia DR3
T —— MAF

H Mu o
_ *{I 111111 i
800 —400Uy (kom/s) 400 800

Pull

102
+ Gaia DR3
—— MAF

109

10~2

_af

-4 -3-2-10 1 2 3 4
z (kpc)
102
+ Gaia DR3
10-1 —— MAF




Acceleration Estimation and  [Coordinate guide

North-South asymmetry p
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North-south
asymmetry is
less than 10%

lal / (10° m/s?) at the Sun:
our result: 1.94+0.22. Gaia EDR3: 2.32+0.16




Acceleration Estimation and

Axisymmetry
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Mass Density Estimation
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Taking the average of the DM mass density at the Solar radius, we
find a local dark matter density:_0.47%0.05 GeV/cm?® 18/ 21
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Conclusion

* We have developed unsupervised machine learning technique for measuring
dark matter density of the Milky Way.

* For the first time, We successfully measured the dark matter density in a local
volume around the Sun, without assuming the functional form of density and
symmetry.

» We find the gravitational acceleration at the Sun:
(1.94 £ 0.22) x 10-10 m/s2, which is compatible with the acceleration
measurement in Gaia EDR3 using quasar by 2sigma.

* The north south asymmetry of acceleration within our analysis volume is less
than 10%, indicating that the local disequilbrium effect is relatively small.

« We find the dark matter density at the Sun: (0.47 + 0.05) GeV/cms.
This result is agreeing with the results from more constrained analysis.
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Other ongoing projects!

Unsupervised DM density estimation of Upsampling hydrodynamic simulation of a galaxy
simulated dwarf spheroidal galaxies with K. Raman (Berkeley Lab), M. Buckley, D. Shih (Rutgers)
with K. Hayashi (Ichinoseki U.), M. N. Nojiri (KEK) (arXiv: 2211.11765)
(to be appeared on arXiv soon!) 1op 277 upsampled by MAF
mass density p(r) ]
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Outline of Strategy

Grab stars near the Sun.

Neural Networks for Density Estimation:
Normalizing Flows

Uy — Uy — -+ — Up = (T, 7)
Solving Boltzmann Equation
0 0
[ o0x 81}] /(@)

- N
Gaia DR3 dataset
{(Z,7)} )
= N
Phase space density
f(Z, )

H
Gravitational accel.
a(z)

B
Mass density
p(T)

N Y,

\ 4

Solving Gauss's Equation

—4nGp=V -a
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