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Dark Universe (@ UNM

Large-scale inhomogeneities as Probing neutrino physics

an alternative to dynamical DE e ) from BAO phase shift
Statistical detection of small-

scale dark matter structure in
strong lenses
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Milky Way satellites: Beyond single-object
analysis

* Probing dark matter in the local Universe
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What do we actually observe?

*  We measure two primary quantities:

Pace et al. (2022)
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Population-level analysis: Joint-distribution
of observables

* Dark matter
microphysics
correlates the
properties of MW
satellites.
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* We focus here on

the most readily
available MW sats
observations:
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Pace et al. (2022)

Francis-Yan Cyr-Racine, UNM 10/13/2025 5



Statistical Challenge I

{My, r1/2; Oy }i

* Large latent space since dark matter and nuisance
parameters can only predict the distribution of observables

g ‘ QDI\.*I} 6111_115

Nuisance
parameters (e.g.
galaxy-halo
connection, orbital
histories, etc.)

Dark matter
parameters (M,

Osipms €tC.)

Theory observables
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Statistical Challenge 11

* Need to marginalize over possible realizations of mock
data. Hard!

(D‘QDNI:QnuiS) — /dtP(t‘QDNIaQnuis)ﬁ(D‘t)

* If we could rapidly simulate our data however, could
approximate likelihood as:

(D‘ QDI\:'I ; 9111115)

th(t |9DI\.-I ;GnuiE)
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Statistical Challenge

* Marginalization over nuisance parameters can be handled
via Markov chain Monte Carlo methods, assuming that the
likelihood and prior are fast to evaluate.

denuisﬁ(D | QDl\a'I: Qlll.lis )H(QDN[ ? gnuis)

- Essentially, given the observed properties BL/A S SN INuN
we are asking which dark matter properties are compatible
with them, marginalizing over all possible subhalo
properties that could host that galaxy.

Hopeless for a single satellite, but this should be
possible with a population-level analysis
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Recent-1sh related analyses

Foena

NIHAO, RPIT

—

1 Kensedy et al. (2014)
[ ] net al. (2017}

Nadler, Wechsler, et al. (2020)

Esteban, Peter & Kim (2024)

Newton et al. (2021)
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Fast sampling of MW satellite populations

* One possible approach: Baryonic simulations + Emulation
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Fast sampling of MW satellite populations

* Another possible approach: Semi-analytic models (e.g.
Galacticus and SatGen): High-resolution and quite fast!

eS--
.a(\‘&\qs : Benson et al. (2012)

dN

(M, 2| My, z) r = —V@® + apF halo + GDF disc
d-"’!l ’

Jiang et al. (2020),
Green et al. (202 1ab)
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Fast sampling of MW satellite populations

* Our approach: Build a modular approach focused on
forward-modeling the data.

Goal: Each module can
be improved/swapped
independently.
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Generating a fast subhalo catalogue

Power-law mass function, with possible truncation Tidally-truncated, gravothermal-evolved profile
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Evolution: Halo infall and orbits

Satellite Infall time Satellite orbital properties

| =3 Our Model 1 B Our Model
[1 Observed MW Satellites B Observed MW Satellites
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Orbital mass loss: Fast SatGen emulation

Build a supervised learning model to predict mass loss, given subhalo
properties

Feature Importance

RMSE = 0.0544 dex
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Orbital mass loss: Tidal track and profile
evolution

Take into account tidal acceleration of core-
collapse, and tidal transfer function

3
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Galaxy-halo connection: Observational
properties

GAMA-survey calibrated at bright end, with :
power law extrapolation Galaxy size

Kratsov (2013)

Stellar Dispersion

_ 1 pcC M1/2
T \/930 <7”1/2> < o > (km/s)

Wolf et al. (2010)

Vpeak [km/s]

Nadler et al. (2020)
Geha et al. (2017)
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Mask + survey selection function

Footprint
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Fast generation of satellite population

CDM Mock Data I (~ 53)
CDM Mock Data II (~ 44)
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Correlated distribution of observables - CDM

Observed Milky Way Satellites
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Correlated distribution of observables - SIDM
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Correlated distribution of observables - SIDM

Observed Milky Way Satellites
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Forecast for what Rubin LSST + spectroscopic
follow-up will be able to achieve

 Joint sensitivity to both the matter power spectrum and
dark matter self-interaction

Proof of principle
that dark matter
physics can be
extracted from the
MW sats
population.
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Current limitations

No SIDM ram-pressure stripping (relevant for models with
large cross section).

Galaxy size modeling.
Need to give more freedom to density profiles.
Better implementation of angular distribution of satellites.

Many more small improvements necessary...
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Executive summary

Population-level analyses of MW satellites can exploit the
correlation among observables to extract DM constraints.

This requires fast generation of mock satellite populations.

(D‘QDI\:‘I: Qnuis) = Z ﬁ(D‘t)

th(t |9DI\.-I gglllliﬁ)

We have created a modular and flexible framework that can do
this, allowing us to understand how different choices propagate
to the observable space.

Currently finalizing forecasts and current data analysis.
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