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Inference in astrophysics

Parameters of interests, 6 Data, x
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Inference in astrophysics

Parameters of interests, 6 Data, x
Observations
25() —————————————— _
225’2! ------------------- ) l .. -
p(x|6) e Mgl
'g 175 J
Likelihood function 5 10}
] 125;-
100 -
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Inference in astrophysics

Parameters of interests, 6 Latent variables, 7 Data, x

(Modeled) Parameters other than O which Observations
participate in the data-generation process

5T — _

px|0) = sz p(x,z|60) 200 g

Likelihood function = o}

125 B

205 T enenean, l :

km s
—
o

Ur

100 |
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Inference in astrophysics

Parameters of interests, 6 Latent variables, 7 Data, x

(Modeled) Parameters other than O which Observations
participate in the data-generation process

250 ————————————————————————
225#\%,\“1 -

p(x|0) = szp(x,z\é’) _20p *Iz{"‘ T
'g 175%--\ Dark matter } l _

Likelihood function 150 /\,\\ B —f

] 125; \\\\\\\\\ 7

o Tl

5IIIIllOlIII1I5IIII2IOIHI2I5H”3O

2
Vobs — Ymodel(?) )

p(x|60) e< Hobs
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Inference in astrophysics

Hypothesis testing
(91
T 95% CL
>
92
Hl

Parameters of interests, 6 Latent variables, 7
(Modeled) Parameters other than 0 which
participate in the data-generation process

CO/; o
/ ag - Sezs
"1 p(x16) = | dzp(x,z] 0)
g 95

Likelihood function

Vobs — Ymodel(®)

o
Vobs

>2
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Likelihood is often intractable...

DM >:< SM — }/

DM SM =Y

Data analysis typically requires
simplifying assumptions

y-ray dafa

Pulsars or DM
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Likelihood is often intractable...

Data analysis typically requires
simplifying assumptions

y-ray dafa

Pulsars or DM

Dwarf galaxies Self-interactions
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Likelihood is often intractable...

DM >< SM — }/
DM SM =Y
Data analysis typically requires

simplifying assumptions

y-ray dafa

Pulsars or DM

How can we do inference
without compromise?

Dwarf galaxies Self-interactions
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Outline

Characterizing the Galactic Center Excess

Inferring dark matter halo shapes in dwarf galaxies




Possible explanations DM SM — y

DM SM =Y
Dark Matter Asfrophysms
Spectrum and morphology consistent with DM expectation Spectrum and morphology consistent with millisecond pulsar expectation
3.01076 —————] ——————— 0.5-1 GeV residual T b : :
| TR 00 . | U N N - Average Field MSP 1 Galactic bulge
i % NFW, y—1.28 | 1.5 B &l Average Field MSP, o(2GeV) = 8 y

% Daylan+2014 GeV Excess
Calore+2015 Systematic Errors

0
Q@
—_
S
o

[e]

=
Q@
—_
o

0.5 @

E? dN/dE (GeV/cm?/s/sr)

E2dN/dE (x constant)
A3
l—é—rv b

_1010—6 A | | R A | | . .
0.5 1.0 2.0 5.0 10.0 20.0 50.0

By (GeV) 20 10 0  -10

Daylan et al [PDU 2016] oﬁs Ioﬁ5l L I1 . é . é . I1|0

E, (GeV)

0 - Brandt & Kocsis [ApJ 2015] Bartels et al [Nature Astronomy 2018]

“Smoother” signal “Clumpier” signal
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Modeling PS populations: ingredients

Spatial distribution of PSs
Specified by template

Galactic Center Excess

Galactic disk
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Modeling PS populations: ingredients

Spatial distribution of PSs
Specified by template

Galactic Center Excess

Galactic disk

Counts distribution from PSs
Parameterize as a power law with breaks

Ops = {Aps, 1, 1y, 113, 51, 3, }

dn
dS

Photon counts

S
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The likelihood function

Parameters of interest
PS population parameters

0=1{A,n S}

dn
dS
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The likelihood function

Parameters of interest
PS population parameters

0=1{A,n,S}

n

dn
dS /

Latent variables
Individual PS properties

Npg, {ZPS, i1

fpg

P (nps | QPS)HP (zps.i | Opss Tps) X P

Siddharth Mishra-Sharma (MIT/IAIFI) | Aspen Winter 2023
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y-ray map x
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The likelihood function

Parameters of interest Latent variables Observables
PS population parameters Individual PS properties y-ray map Xx
0=1{A,n2JS
{ } Mps> 12ps, i}
dn '
— S
dS /

We can easily write a simulator to sample from

fpg

px,z|0)=p (nPS | HPS)HP (ZPS,i | Ops; TPS) X P (X | Gmooth: {ZPS,i})

Prediction (Simulation)
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The likelihood function

Parameters of interest Latent variables Observables
PS population parameters Individual PS properties y-ray map Xx
0=1{A,n2JS
{ } Mps> 12ps, i}
dn '
— S
dS /

S
'pg
px|0)= Z JanSZsub P (nps | QPS)HP (zps.i | Opss Tps) X P (x | Osmooths {ZPS,i})
Npg l
The key quantity for inference is the marginal likelihood
Inference
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The likelihood function

Parameters of interest Latent variables Observables
PS population parameters Individual PS properties y-ray map Xx
0=1{A,n2JS
{ } Mps> 12ps, i}
dn '
— S
dS /

S
'pg
px|0)= Z JanSZsub P (nps | QPS)HP (zps.i | Opss Tps) X P (x | Osmooths {ZPS,i})
Npg l
The key quantity for inference is the marginal likelihood
Inference
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Simplifying the problem: pixel-wise conditional independence

Assume pixel-wise conditional independence = model photon counts PDF as a doubly-stochastic Poisson process

NPTF = Non-Poissonian Template Fitting
pix|0) ~ [ [ | 0)
p
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Simplifying the problem: pixel-wise conditional independence

Assume pixel-wise conditional independence = model photon counts PDF as a doubly-stochastic Poisson process

NPTF = Non-Poissonian Template Fitting
pix|0) ~ [ [ | 0)
p

Histogram of photon counts

Counts

Malyshev & Hogg [ApJ 2011]
Lee et al [JCAP 2014]
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Leane & Slatyer [PRL 2019]

Wh af COUId gO WI‘Ong? + Leane & Slatyer [PRL 2020, PRD 2020]
. GCE signal Diffuse foreground
Fermi y-ray data (~10%) (~80%)

+ ...

‘:' +

-
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What could go wrong?

GCE signal Diffuse foreground
(~10%) (~80%)

Fermi y-ray data

— | : ' ~+

-

Diffuse foregrounds make up most of
the observed emission in the Galactic
Center

+ ...

Leane & Slatyer [PRL 2019]
+ Leane & Slatyer [PRL 2020, PRD 2020]

l/

-

DM
1 PS
A Diff
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Leane & Slatyer [PRL 2019]

Wh af COUId gO WI‘Ong ? + Leane & Slatyer [PRL 2020, PRD 2020]
. GCE signal Diffuse foreground
Fermi y-ray data (~10%) (~80%)

i"llllllllllllllll i“awmuul“§whaﬁd;§ﬁ ]
= ‘|l|||||., IIIIIl" + +... 1055

AN A S e DA Bt sy ittt ]
|.| 10+

l/

Diffuse foregrounds make up most of

DM
1 PS
A Diff

Center : '
1013
Promising direction: build/apply better diffuse models . . . . //
Buschmann et al [PRD 2020] 0 2 4 6 8 10
Pohl et al [ApJ 2022], Macias et al [JCAP 2019] Photon counts per pixel
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Simulation-based inference (SBI)

Simulator *F;J ——

Observations
X

|- A
\" 4

Parameters

0

—_—

—)EL

o Well-motivated mechanistic, causal model

Prediction: .
» Simulator can generate samples x ~ p(x | 6)

. Likelihood p(x|6) = szp(x,z | 0) is intractable

Inference:
e Inference is challenging
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Simulation-based inference (SBI)

| O github.com/smsharma/awesome-neural-sbi |

README.md

Simulator |

Awesome Neural SBI

Parameters

0

License MIT () Pull Requests =

A community-sourced list of papers and resources on neural simulation-based inference, covering both
methodological developments and domain applications. Given the nature of the field, the list is bound to be highly
iIncomplete -- contributions are welcome!

—_—

< Contents

e Software and Resources

o Code Packages and Benchmarks
o Well-n |
o Review Papers

Prediction:

o Discovery and Links

¢ SImU|8 e Papers: Methods

e Papers: Application
o Cosmology, Astrophysics, and Astronomy

— o Particle Physics
o Neuroscience

Like“h o Health and Medicine

o QOther Domains

Inference:

o Application to Real Data

e Inferel
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http://github.com/smsharma/awesome-neural-sbi

Going beyond the counts PDF: neural posterior estimation

Input map z

. Normalizing flow
Base distribution Posterior distribution

u~ m(u) =N(u;0,1) 0~ pd|x)

__________________________

fo(uris) o0 fo (uris) o fi(wis) | g
| o o | e e

A
Y
o0

Flow transformations @ m
(L

000 00

CICIC R
e

________________________

Feature extractor

Conditioning context

- - - ———

Summaries s(x)

______________

32 ch. 256 ch. 256 ch.

Convolutional (7 layers)

Fully-connected
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Going beyond the counts PDF: neural posterior estimation >M, Cranmer [FRD 20221

L Normalizing flow
Base distribution Posterior distribution

u ~ m(u) = N(u;0,1) 0~ p(d|x)

__________________________

Flow transformations

fi(uris) o0 fo (uris) o fi(uis) | g
IR T e S

000 00
000 @

| 9P01ss
@ A A @ @ @ 6 params.
@ o, \Er =
S
@ @@ : L L i
>
gl | e
S
=
Input map z  Feature extractor RS Inferred quantities
S
S
O % Source-count distributions Yy Component intensities
------- /\ R 1 GCE PS [ GCE PS
B 2 1 DiskPS [ 1 GCE DM
@w A [ Disk PS
N ve 1 TIsotropic
= - 1 Bubbles
N '
=
=3
N -
)
E
R128 =
______________ pd
32 ch. 256 ch. 256 ch.
Convolutional (7 layers) Fully-connected Intensity
Forward model z ~ p(z | 0) < |
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SM, Cranmer [PRD 2022]

Going beyond the counts PDF: neural posterior estimation

. Complementary method using
Normalizing flow Bayesian neural networks:
Base distribution Posterior distribution E :

w ~ () = (w0, 1) 6~ p(6 | z) : List et al [PRL 2021]

__________________________

Ops . Listetal [PRD 2021]

Flow transformations

fe (ur;s)o---o fa(ui;s)o fi(u;s) |

@ :  Qualitatively similar results
| o o | [ o e

000 00
000 @

| 9P01ss
@ A A @ @ @ 6 params.
-~
-0/ \Er =
@ @@ : L L i
>
gl | T e
S
=
Input map z Feature extractor RS Inferred quantities
S
S
O * Source-count distributions Yy Component intensities
____________ 1 GCE PS 1 GCEPS
B 2 1 DiskPS [ 1 GCE DM
- 2 1 DiskPS
% = 1 TIsotropic
% s 1 Bubbles
=3
N -
)
E
c R128 Z:j
32 ch. 256 ch. o%6ch. T
Convolutional (7 layers) Fully-connected Intensity
Forward model z ~ p(z | 0) < |
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Application to Fermi y-ray data

10

Source-count distributions Component intensities

C?bo ' """! ' 'i"""l ' oon L L e L '::' N R '_ bo U .
< 107 S8 1 | GCE PS : |
[ : R : GCE DM - 0
2 1 Disk PS '
! —20

g -1 L L1 Iso -

é L1 Bub

&3 7’ /brem

= _

~_ ICS

Z 10—12 L
C:Q S Y A S T = L : . N R SRR [ R M ]

3 10~ 10-1Y 107Y 0 1 2 3 4 5 10 20 30

F phem™2s71] Intensity [10~"phem s 1 sr!
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Application to Fermi y-ray data

F?dN/dF [phem2s tdeg™?]

Source-count distributions

10—10 :

1071}

Component intensities

]

]
]
]
]

o]
GCE PS
GCE DM
Disk PS

Iso
Bub

7 /brem

ICS

no

4
Intensity [10~"phem ™25~

5

Exploiting more information in the y-ray maps results in
smaller PS component compared to NPTF

20

15

10|

PS-like [%]

Siddharth Mishra-Sharma (MIT/IAIFI) | Aspen Winter 2023
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Fermi data, Baseline |
Simulation-based inference
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Differentiable probabilistic programming: the future?

Society if we gave Bayesians
billions of dollars for their MCMC
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Differentiable probabilistic programming: the future?

Normalizations of smooth templates

< ecatalog>

p (9i80> P (ebub)

P (QDM)

1,... Mpg pop.
Different PS populations

catalog

Realization of PS
population

Linear combination of

Add PS population

smooth and PS emission

Pois (x” | )

Fermi counts
data

Hps

Gaussi : PS counts distribution
aussian process prior over A
PS population morphology N (m k(p, ,,p J .
=/
>
@ P (Ops)
PS expected counts l
Y <— P (Sl | st) < Ops
‘ Sampled PS
template
o p(rllTPS) < Q
PS locations Number of sampled PSs . . l
| = 1,...,nPS 4—— Npg 4_ p (nPS | n_PS>

Instrument response
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Probabilistic graphical
model key:

Priors and
distributions

Parameters
of interest

_ Lafent
.. parameters .

13/23



Outline

Inferring dark matter halo shapes in dwarf galaxies
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Dwarf galaxies and halo shapes

Dwarf galaxies are ideal targets for probing the shapes of DM halos

Fornax dwarf galaxy

profile

I DM density

----------------
- oy
il
~
-
~
N

Self-interacting DM

Density of halo, p(r)

(Cusp)
Cold DM

— 1

Distance from center of halo, r
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Dwarf galaxies and halo shapes

Dwarf galaxies are ideal targets for probing the shapes of DM halos

Fornax dwarf galaxy

L3
*
3
*
3
-
3
‘e
*

Density of halo, p(r)

7‘_1

I DM density profile

(Cusp)

Distance from center of halo, r
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Dwarf galaxies and halo shapes

Dwarf galaxies are ideal targets for probing the shapes of DM halos

Fornax dwarf galaxy

Density of halo, p(r)

DM density profile

7'_1 (Cusp)

L3
*
3
*
3
-
3
‘e
*

.
3
*
3
*
.0
-

----------------
- oy
il
~
-
~
N

Self-interacting DM

~Y —(3-7)
r r
p(r) = py (7> (1 +7)

Distance from center of halo, r
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From stellar kinematics to halo shapes: Jeans modeling
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From stellar kinematics to halo shapes: Jeans modeling
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From stellar kinematics to halo shapes: Jeans modeling

Phase-space density

dn(xX, V) x f(x, V) d>xd’v
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From stellar kinematics to halo shapes: Jeans modeling

Phase-space density

dn( x’, V)) X f(Y, 7) d3 X d3v Phase space density and its moments
n(x) = [d%f( X, V)
<Vi(7)> = JdSV v; J( X, V)

Gij(y) — J'd3V (v; = V)(v; = ) S X, V)
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From stellar kinematics to halo shapes: Jeans modeling

Phase-space density

dn( x” V’) X f(j’, 7) d3x d3v Phase space density and its moments

n(x) = Jd% (X, V)

<Vi(7)> — Jd3V v; f( X, V)

Gij(y) — J'd3V (v; = V)(v; = ) S X, V)

Jeans equations connect moments of f(x, V') to ®(X)

)
o(v) op 9 ”"z:i]
n(v;) o0 F— =0

Oxl- ax] axl'
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Limitations of Jeans modeling

Assumptions about the data-generating process

Challenging to include:

e Non-equilibrium effects
e Asphericity

e Baryonic feedback

e Host potential " FIRE simulations

Wheeler et al [MNRAS 2019]
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Limitations of Jeans modeling

Assumptions about the data-generating process Reliance on moments of (X", V')

Challenging to include:

e Non-equilibrium effects

-
ov) oo 9%
n(v;) L n— —— =0

axi ax] dxi

e Asphericity
e Baryonic feedback

» Host potential " FIRE simulations

Wheeler et al [MNRAS 2019]

o Simplified description of the data = loss of information
o Typically only 3 phase-space coordinates available:
{79 7} — {?J_a 7103}

» Noisy estimates of 0,,2(r), n(r) and derivatives
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Limitations of Jeans modeling

Assumptions about the data-generating process Reliance on moments of (X", V')

Challenging to include:

-
ov) oo 9%
n(v;) L n— —— =0

0X; 0x; O0X;

e Non-equilibrium effects

e Asphericity
e Baryonic feedback l

» Host potential " FIRE simulations

Wheeler et al [MNRAS 2019]

o Simplified description of the data = loss of information

o Typically only 3 phase-space coordinates available:

{79 7} — {?J_a 7103}

» Noisy estimates of 0,,2(r), n(r) and derivatives
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Graph neural networks for stellar kinematics

Nguyen, SM et al [PRD 2023]

- N . N
Data preprocessing Forward modeling
N\ .
o Prior
T
| S o g, 0 ~ p(0)
, Graph construction = = T TUa Projection e
— I\ ( # . . % ‘3 f: et . (7
(k-NN) Tl + noise model
@ {Z, 0} ~ f(Z,7]0)
1 {R7 Ulos } {CL’ 15 Vlos } Phase-space
distribution function
2 U\ Y
= | N
= Graph convolutions _ Graph neural network
5 S
S >
S S ocoo E)
O ©
Feature mean S
pooling g
= N
—> X X X 79
o o o —_— . 8 E
=
) S~
. —
00O | I
N |
- /
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Graph neural networks for stellar kinematics

Graph convolutici

Density
profile

Q
o
~
20
o
|

Feature mean

Nguyen, SM et al [PRD 2023]

Graph neural network

pooling

Learned summary
features s(x)

Yg“ Density estimation
&S
Posterior distribution é = Base distribution
0~ p(6 | ) o u~ w(u) = N(u;0,1)
fy I [ o o |
r. fs (ur;s)o---o fa(ui;s)o fi(u;s)
19 < S
Normalizing flow transformations
Ps
9 A ® @®

+ Stellar distribution parameters
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Inferring the dark matter profile

) Cored proﬁle V= 0 Cuspy proﬁle 7 =1

| — Posterlor

== == Truth

Q0

Halo density

@)

3
log1(M /M) 10810 Mo /kpc]

Enclosed mass

=
!

Distance from center of halo
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Inferring the dark matter profile

Halo density

Enclosed mass

3
log1(M /M) 10810 Mo /kpc]

Cored proﬁle V= 0 Cuspy proﬁle 7 =1 GNN + Simulation-based

| — Posterlor

Q0

== == Truth

/

- Q N 9

-

@)

=
!

Distance from center of halo
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Inferring the dark matter profile

) Cored proﬁle V= 0 Cuspy proﬁle 7 =1

| Posterlor == == Truth

Q0

Halo density

o O

@)

3
log; (M /M) 10810 £ [M@/kpCi

Enclosed mass

=
!

Distance from center of halo

e Leverage more information — greater sensitivity
e Fewer assumptions — more flexible

e Significantly faster analysis
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Sensitivity to projection

logy (TS/ kpc)
N

SIC7

O F |
/Q | | | |
& B B
2.
2 \
A 1N\ N
= N\
~—
o
S or -
S
&
— D | |l | | |
a . < , 4
/'\ Q N 5 /Qb /Q(}) QQ QO.) D Q \ o)

Y logy (""s/ kpc) logy (PO/ Mg kpcg)
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Applications to hydrodynamic simulations Nguyen, SM et al [In prep]

Wheeler et al [MNRAS 2019]

FIRE simulations
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Applications to hydrodynamic simulations Nguyen, SM et al [In prep]

Wheeler et al [MNRAS 2019]

GNN + Simulation-based Traditional method
\ mo9 _r30
10"
Jeans
] —— GNN + Flows
10° —-—. . ™.
—— Truth
> o
= U
v = b
S 2
S =
s & 10
T <
10‘2_
Preliminary ‘
10~¢ 101 10" 10! 10-

Distance from center of halo

FIRE simulations
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Conclusions

=, 10r = — = GCE flux fractions
o, | == Posterior = = Truth 15 —m—————

< | | | | Fermt data, Baseline |

EQ _ Simulation-based inference

E ~ 10 -

= o ' -
<0 =
< o

D_‘ —
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0 5 10 15
DM-like [%]
Models Observations
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Additional slides



Modeled components

Data modeled as a Poisson realization of a linear combination of spatial templates
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Modeled components

Data modeled as a Poisson realization of a linear combination of spatial templates

Modellng the diffuse Galactic background

CMB up-scattered photon

—

/G
%
)

~~~~~~~~ boosted pion
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Tests on simulations: dark matter signal

Source-count distributions Component intensities GCE flux fractions
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Tests on simulations: point source signal

Source-count distributions Component intensities GCE flux fractions
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NPTF vs

Counts PDF
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NPTF vs

Source-count distributions
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Exploiting more information in the y-ray maps results in smaller, but still significant PS-like component
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Robustness tests

GCE flux fractions
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Neural simulation-based inference

Data dimensionality

Summaries

Simulation cost
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Neural simulation-based inference
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Neural simulation-based inference
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Neural simulation-based inference
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Neural simulation-based inference

o
Neural networks can beat the E
curse of dimensionality §
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'::gé O Include complex forward models in
Data dimensional ”.y > \)\,5\0 gradient-based optimization pipelines
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Neural simulation-based inference

O github.com/smsharma/awesome-neural-sbi

README.md
c
Neural networks can beat the ‘= Awesome Neural SBI
. . . S
curse of dimensionality (©
2 License 'MIT | () Pull Requests E
W . . N . .
C A community-sourced list of papers and resources on neural simulation-based inference, covering both
E methodological developments and domain applications. Given the nature of the field, the list is bound to be highly
% iIncomplete -- contributions are welcome!
y Contents
e Software and Resources
o Code Packages and Benchmarks
o Review Papers
.{{\‘ o Discovery and Links
0 » Papers: Methods
Summaries ® 9  Papers: Application

P o Cosmology, Astrophysics, and Astronomy

o Particle Physics

o Neuroscience

SimUIaTi' o Health and Medicine

o QOther Domains

o Application to Real Data
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http://github.com/smsharma/awesome-neural-sbi

Dwarf spheroidal galaxies

Dwarf galaxies

Galaxies and clusters

Size/mass of dark matter halos
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Dwarf spheroidal galaxies

Fornax dwarf galaxy
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Size/mass of dark matter halos
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Dwarf galaxies and halo shapes

Dwarf galaxies are ideal targets for probing the shapes of DM halos

Fornax dwarf galaxy
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I DM density
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Density of halo, p(r)
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— 1

Distance from center of halo, r
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Dwarf galaxies and halo shapes

Dwarf galaxies are ideal targets for probing the shapes of DM halos

Fornax dwarf galaxy
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Dwarf galaxies and halo shapes

Dwarf galaxies are ideal targets for probing the shapes of DM halos

Fornax dwarf galaxy

Density of halo, p(r)

DM density profile
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From stellar kinematics to halo shapes: Jeans modeling
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From stellar kinematics to halo shapes: Jeans modeling
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From stellar kinematics to halo shapes: Jeans modeling

Phase-space density

dn(xX, V) x f(x, V) d>xd’v
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From stellar kinematics to halo shapes: Jeans modeling

Phase-space density

dn( x’, V)) X f(Y, 7) d3 X d3v Phase space density and its moments
n(x) = [d%f( X, V)
<Vi(7)> = JdSV v; J( X, V)

Gij(y) — J'd3V (v; = V)(v; = ) S X, V)
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From stellar kinematics to halo shapes: Jeans modeling

Phase-space density

dn( x” V’) X f(j’, 7) d3x d3v Phase space density and its moments

n(x) = Jd% (X, V)

<Vi(7)> — Jd3V v; f( X, V)

Gij(y) — J'd3V (v; = V)(v; = ) S X, V)

Jeans equations connect moments of f(x, V') to ®(X)

)
o(v) op 9 ”"z:i]
n(v;) o0 F— =0

Oxl- ax] axl'
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Limitations of Jeans modeling

Assumptions about the data-generating process

Challenging to include:

e Non-equilibrium effects
e Asphericity
e Baryonic feedback

e Host potential

" FIRE simulations
Wheeler et al [MNRAS 2019]
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Limitations of Jeans modeling

Assumptions about the data-generating process Reliance on moments of (X, V)

Challenging to include:

s
a<Vj>l oD 0 10;;

e Non-equilibrium effects n(vl-) -1 | - —=(

e Asphericity 0X; axj 0x;

e Baryonic feedback

 Host potential BEIRE simulafions o Simplified description of the data = loss of information

Wheeler et al [MNRAS 2019]

e Typically only 3 phase-space coordinates available:
{79 7} — {?J_a 7>los}
e Degeneracy between DM density profile and
of stellar orbits

e Noisy estimates of a,,z(r), n(r) and derivatives
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Limitations of Jeans modeling

Assumptions about the data-generating process Reliance on moments of f(x’, V)
Challenging to include: 0<Vj> 3D 0 ngl.Jz.

e Non-equilibrium effects n(vl-) Fn | - — =0

e Asphericity axi axj axi

e Baryonic feedback

* Host potential " FIRE simulations  Simplified description of the data = loss of information

Wheeler et al [MNRAS 2019]
o Typically only 3 phase-space coordinates available:

{79 7} — {?J_a 7>los}

e Degeneracy between DM density profile and

< of stellar orbits

B e Noisy estimates of a,,z(r), n(r) and derivatives
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Simulation-based inference for dwarf galaxies Nguyen, SM et al [PRD 2023]

{ 7;J_’ Vlos}

\_ )
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Simulation-based inference for dwarf galaxies

DM + stellar parameters &

l

( xsin) (
*
*
x ¢
*x %
{7in‘ﬁos}
_ J \-

Nguyen, SM et al [PRD 2023]

{ 7;J_a Vlos}

Y,

Siddharth Mishra-Sharma (MIT/IAIFI) | Aspen Winter 2023

.y e —

35/23



Simulation-based inference for dwarf galaxies

DM + stellar parameters &

l

a xsin)
* Compare
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” *
* %
{71 Vios}
\_ W,

Nguyen, SM et al [PRD 2023]
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Simulation-based inference for dwarf galaxies

DM + stellar parameters &

l

a xsin)
* Compare
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” *
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{71 Vios}
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Graph neural networks for stellar kinematics Nguyen, SM et al [PRD 2023]

DM + stellar parameters 6
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DM + stellar parameters 6
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Graph neural networks for stellar kinematics Nguyen, SM et al [PRD 2023]

DM + stellar parameters 6

l
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Graph neural networks for stellar kinematics Nguyen, SM et al [PRD 2023]

DM + stellar parameters 6

l

Node T
h.. . = |1,% h.
update rule ! ° jE;( ) /
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Graph neural networks for stellar kinematics Nguyen, SM et al [PRD 2023]

DM + stellar parameters 6

l

Updated node embedding
g 2
*
| )
e */* k.. **
ol
{?J_’ Vlos} = hO K J

Node T
h  =cl|lW h.
update rule ! ° JE;(I_) J
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Graph neural networks for stellar kinematics Nguyen, SM et al [PRD 2023]

DM + stellar parameters 6

l

Graph convolutional layers >

Updated node embedding
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Node T
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Graph neural networks for stellar kinematics Nguyen, SM et al [PRD 2023]

DM + stellar parameters 6

l

Average features

Graph convolutional layers > across nodes

Updated node embedding

SV ik ke . i
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) =
X
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%
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Permutation-invariant representation g(x)

Node T
h.. . = |1,% h.
update rule ! ° JE;( ) / [
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. o . . . . Rezende & Mohamed [ICML 2015]
Normalizing flows for density estimation and sampling

Goal: model p(6)

Target density Samples

0
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. o . . . . Rezende & Mohamed [ICML 2015]
Normalizing flows for density estimation and sampling

Goal: model p(6)

Base density Target density Samples

1 SN §

One-to-one transformation
Tractable f~' and det Vf

N (u)
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. o . . . . Rezende & Mohamed [ICML 2015]
Normalizing flows for density estimation and sampling

Goal: model p(6)

Base density Target density Samples

1 SN §

One-to-one transformation
Tractable f~' and det Vf

e p(O) = ¥ (17'(®)) | det VT
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. o . . . . Rezende & Mohamed [ICML 2015]
Normalizing flows for density estimation and sampling

Goal: model p(6)
Base density é % % % Target density Samples
0 = f(u) AR
One-to-one transformation :&~ : ,:-;: b
Tractable f~! and det V f ...:..'

N (u)

Efficient sampling and density estimation
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Nguyen, SM et al [PRD 2023]
Y 0 ~ p (6’ | x)

Inferring the dark matter posterior

Conditional flow transformation 6 = f(u)

Base distribution A (u)
Posterior distribution p(0 | x)

4
A

o
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Nguyen, SM et al [PRD 2023]
Y 0 ~ p (6’ | x)

Inferring the dark matter posterior

Conditional flow transformation 6 = f(u)

Base distribution A (u)

Posterior distribution p(0 | x)
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Nguyen, SM et al [PRD 2023]

Inferring the dark matter posterior
Y 0 ~ p (6’ | x)

Conditional flow transformation 6 = f(u)

Base distribution A (u)

Posterior distribution p(0 | x)
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Training objective:
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Applications to hydrodynamic simulations Nguyen, SM et al [In prep]

Wheeler et al [MNRAS 2019]

FIRE simulations
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Applications to hydrodynamic simulations Nguyen, SM et al [In prep]

GNN + Simulation-based Traditional method
Wheeler et al [MNRAS 2019] m09 130
10" \
Jeans
. — GNN + Flows

107 = o === Truth
> o
= U
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=
o = |
< =5 100
T <

Preliminary

Lol L 1 s ul RN L 0 1 s ul RN
102 101 107 101 102
Distance from center of halo

FIRE simulations
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Applications to hydrodynamic simulations Nguyen, SM et al [In prep]

GNN + Simulation-based Traditional method
Wheeler et al [MNRAS 2019] m09 130
10" \
Jeans
. — GNN + Flows

107 = o === Truth
> o
= U
%) = 106
=
o = |
< =5 100
T <

Preliminary

102 101 107 101 102
Distance from center of halo

Significantly better performance!

FIRE simulations
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True vs predicted DM parameters

Truth v. Predicted DM profile parameters

— Median o Mid. 68% Mid. 95% === Truth
0.75¢

O.50f
0.25}
0.00f

—0.25f

0g1y(7s/ kpc)

— —0.50
—0.75}

II6!5HH.HH7.5
log0(po/Me kpe™)

05 00 05 10 15

Siddharth Mishra-Sharma (MIT/IAIFI) | Aspen Winter 2023 40/23



J-factors

Uncertainty on the inferred J-factor
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Sensitivity to projection

Cored Profile v =0 /
A * i :./1

Different projections
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Statistical coverage

Empirical coverage
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Confidence level
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Statistical coverage
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Posterior density estimation

Permutation-invariant
representation
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Posterior density estimation

Permutation-invariant
representation
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Posterior density estimation
Permutation-invariant
representation
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Pipeline

Data preprocessing
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Baryonic Physics

CDM halos of all masses typically have “cuspy” density profiles

owever, baryonic feedback can “core” the inner region of a CDM halo

e.g., Lazar et al. [2004.10817]
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Internal Halo Properties

Dark matter self interactions can transfer heat throughout halo,
redistributing matter distribution

SIDM+baryons

' CDM (no baryons)
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