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Models and Observations
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New Physics
(e.g. particle dark matter)

Warm Self-interacting  Wave-like

Models

Astrometry

Large-scale
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lensing

Galaxies

Observations eq.

Siddharth Mishra-Sharma (MIT/IAIFI) | EUCAIFCon 2024 2 /38



Lots of data is on the way...

Spectroscopic survey Near-IR survey Optical/Near-IR
2022 2024 2026
| | I i
2023 2025 2027
Euclid Simons Observatory Roman Space Telescope

Deep optical survy Next-generation CMB observatory Wide optical survey

Optical/Near-IR survey
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Signals and impasses

Fermi Galactic Center Excess Diversity of dark matter halo shapes
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Annihilating dark matter? Millisecond pulsars? New fundamental physics€ Baryonic effects?

Ability to make robust conclusions is often limited by by challenges in connecting theory to data
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*Not exclusive or

Broad methodological directions® exhaustivel

Prediction
» »
» »
<€
Inference

e Invert complex physical simulators
e Directly work with high-dim data

Simulation-based Generative

e Encode complex physical distribution

e Use end-to-end or as physical prior

Inference modeling

Differentiable /
probabilistic

programming

Source-plane
coordinates

VX

Sampled lensed
Source variational images [i

distribution

Sample

(source — N(,U«I, 0'%) R Lensing

simulator

A

—>

e Flexible specification of model components

]

Neural field representation

e Enable high-dimensional optimization using

Lens variational distribution Sample

(lens — N(,ulensa z]lens)

gradient-based inference techniques

Observed lensed
Variational inference mmage T
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Outline

Simulation-based inference
Inverting complex physical simulators
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Capturing the distribution of complex data for emulation and inference

Differentiable and probabilistic programming

Specifying models with autodiff capabilities and enabling flexible inference




Binh pladohy st eptemr fiofenerdietion tasks >ide: Gilles Louppe

0 —
Model \ Data

parameters \ realization
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Inference with summary statistics

Simulations Observations

Summary

r*€o(r) [h 2 Mpc]

(Semi)-analytic models R
50 100 150 200

/ r [h~1Mpc]
We typically rely on simplified Data is complex and high-
summaries like correlation functions dimension

We'd like to use observations and models to their full complexity
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SBI in astro(particle) physics

https://qithub.com/smsharma/awesome-neural-sbi

=

0 ° . o “:: awesome-neural-sbi rubliic 57 Unpin > Unwatch 6 ~ % Fork 3 v % Starred 60
~ 10% of applications in astro/cosmology!

[0 README [ MIT license g =

SBl is well-suited to many Awesome Neural SBI
problems in astro/cosmology

License MIT () Pull Requests [welcome

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
incomplete -- contributions are welcome!

Contents

Simulation- Astrophysics/
based inference cosmology

N 7

Problems in astro/cosmology are an
opportunity to drive methodological
developments in SBI

Proliferation also driven by investment in tools:
x_ Swyfit, sbi

See also https://simulation-based-inference.org/
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Astrophysical dark matter searches: microphysics from macrophysics

Signs of new physics can show up in the macroscopic distribution of matter

Distribution of dark matter

Cold dark matter (mpy, ~ GeV)

V. Springel; Aquarlussmula’non e

Warm dark matter (mpy; ~ keV)
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Fuzzy (wave-like) dark matter
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From matter distribution to observations

Motions of gravitationally bound stars

v

Inferring shapes of DM clumps
Dark matter distribution

Gravitational lensing of
background galaxies

v

Inferring (mass)
distribution of DM clumps

Q'
.
.
.

V. Springel; AquarIUSSImulahon i

Perturbations of
stellar streams

Alvey, Gerdes, Weniger [MNRAS 2023]
Hermans et al [MNRAS 2021]
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Example: Learning the shape of the dark matter halos

Fornax dwarf galaxy

Dark matter density profile

Less dense

A challenging 'i'nverse problem
: =

Density of halo

Distance from center of halo

Traditional method: equilibrium dynamical modeling with low-order velocity moments (~summaries)
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Nguyen, SM et al [PRD 2023]

The forward modeling approach o

14—

Fs

AN A\ Simulator: dynamical modeling
p(r) =po| —

Fs

_ Dark matter density profile <

Density of halo

Distance from center of halo

R ——————————————— T ———————————————————
IRfedbgiiont Ketikddron) @gnﬁr{fdﬁm le$ @)is itedétable
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Applications to realistic simulations Nguyen, SM et al [In prep]

Wheeler et al [MNRAS 2019]

Traditional method
GNN + Simulation-based (Velocity moments)

101(]_ ’ \
| Jeans
! — GNN + Flows
10° o _ ™.
Truth
> o
= v
% &= 6 = TESSTN.
o =
© & W'
I QU
10‘2 -
Preliminary E
10—+ 10! 10" 101! 10-
Distance from center of halo
FIRE simulations More robust, with fewer assumptions
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Example: Gravitational lensing

galaxy cluster

_~lensed galaxy images

Intervening mass causes a deflection in
light from a background source
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ESA/NASA/Hubble

LRG 3-757
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Strong lensing: effect of subhalos

dn

dmsub
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Subhalos causes percent-level shifts in strongly lensed images
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A challenging inference problem

Complex background model

NGC290

+ host lens

{Zsrm <lens }

High-dim signal latents
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Analyzing an ensemble of gravitational lenses SM*, Brehmer”, et al [ApJ 2019]

Estimating warm dark matter mass Lens sample Mass function posterior
) — CDM , — CDM
107 - —— My, =10"M, 1°'§ ——= M, =108M,
102
s 10° §
ls
>
100'E
R v
Moo [Mo ] Moo [Mo ] 1073 Mk B B
10° 10® 10”10 10t 10%2
m200 [Mo]

Anau Montel et al [MNRAS 2022]: Warm DM mass inference

Coogan et al [NeurIlPS ML4PS 2020]: Targeted inference

Wagner-Carena et al [ApJ 2023]: Inference using realistic background galaxies
Wagner-Carena et al [2024]: Targeted population-level inference

Coogan et al [2022]: Effect of perturber populations
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Example: Weighing in on the Galactic Center Excess

SBI pipeline for characterizing Excess signal including pulsar contribution

Normalizing flow

Base distribution Posterior distribution
u~m(u) = N(u;0,1) 0~ p0|x)
Ops
BA 12 params.
J\ i J \
y \\\“ \\ ‘ i “( - { !
o )\ Flow transformations i L!J |
A y N “/\“‘ > ] y\ o ;\\\ i
{ ) ) [\ ! | [ 1
\./ \./ VRN fs (uz;s) 00 fa(u1;8) o fi(u;s) i !J m | \ i
\Q Q /> \./’ ) x\ A K! } th ! i ‘\ \ 6 pamms.i
& | © | S e = \') L __ \
) = ,
- | ‘- - S B N [ |
P00 @@ J T,y By
‘S I_____________________‘l__
I
-
Input map =z Feature extractor g Inferred quantities
I
S
N © Y Source-count distributions Y Component intensities
\“/_\ —1 GCE PS 1 GCE PS
B . [ DiskPS GCE DM
@« A
n S
& S
: Z
wn
=
5 3
N i
<)
E
- c R!?8 =
______________ Z.
Convolutional (7 layers) Fully-connected PS flux Intensity
Forward model z ~ p(x | 6) - ‘

SM, Cranmer [PRD 2022]

GCE flux fractions
e
' Fermi data, Baseline |
Simulation-based inference

10:— ]

“Pulsar-like”
PS-like [%]

10 15
DM-like [%)]

“Dark matter-like”

More robust to background mis-modeling
than traditional (counts-PDF) approach —

But more work to be done, e.qg.

e Data-driven background modeling
e Exploiting spectral information
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Recent trends and challenges: Sequential methods

Specialize to particular data at the cost of amortization

Specify prior

p(6]Qo)

Draw from 6,, ~ p(6|Qo),
Simulate x, ~ g(x|6,)

SNPE

Train model to predict posterior:
qs(0]x, Qq) = p(6]|x, Qo)

Predict posterior on
observed image Xqps

Wagner-Carena et al [2024]

q (0] Xobs, Qo)
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Recent trends and challenges: Hybrid methods Modi & Philcox [2024]
Inject domain knowledge where possible for better robustness and simulation-efficiency

Model large / mildly non-linear scales with perturbation theory

Large scales are modeled analytically

x; : P(k),B{{k;}),... = P(x;|0)

Perturbation Theory

P(xLax,S'lo) I

Joint likelihood TG
Obsef\’/ed_Déta"
Xg: P(k), WST,... - P(xg|x;,0) . |
Simulation-Based Small scales are modeled numerically
Inference
Model small (non-linear) scales with SBI Also: Ivanov et al + SM [2024]
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Slide: Philipp Windischhofer

Recent trends and challenges: Hierarchical models o
Heinrich*, SM* et al [TMLR 2024]

Many problems in astroparticle physics have hierarchical structure

: Global nuisance parameters
Parameters of interest P

Inference targets a e E.g., instrumental effects

' Likelihood doesn’t factorize
over events

Local nuisance parameters 9 @ @
Per-event structure @ — Fully capitalizing on data

| requires hierarchical approach

Events x; ¢oo
[
l u 1
l' '
’ Y Y “
’ ’ A 1
’ ’ 1 '
V4 ’ 1 .
¢ ’ N .
'l 'l . N
p P i .
Vs 1 A )
P ' 1
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¢ : 1
1
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Astrophysics
data

Particle collider
data
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Collider and astro/cosmo — many commonalities!
Al bringing communities together! Common goals + tfransferable methods

Cosmological structure formation simulation chain

Forward

Theory Initial conditions Dark matter field Dark matter halos Galaxies Observations

N-body /
gravity

Halo-finding
(clustering)

Galaxy-halo
connection

>

Reverse
Collider simulation chain
forward
Theory scattering decay QCD shower fragmentation detectors
Inverse

Butter, Plehn et al [SciPost2023]
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Recent trends and challenges: Model misspecification

ok ima fight
REALIDATA

Using simulations to leverage more information can be a

double-edged swords: Methods can be sensitive to aspects of
the simulation that are mis-specified, which would otherwise be
“washed over” when using summaries

e Methods to detect the {degree/source} of model mis-
specification

e Methods to correct for model mis-specification

Model space Transformed model space o

Observation Transformed

® observation

N S

+ methods towards better calibration, simulation
efficiency, high-dim posteriors...

e.g-, Huang et al [NeurlPS 2023], Gao et al [NeurlP5 2023] See https: //qgithub.com/smsharma/awesome-neural-sbi!
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Outline

Generative modeling

Capturing the distribution of complex data for emulation and inference




Generative modeling

Generative models are simulators of the data

Goal: learn a probability distribution py(x) that is as close as

possible to the true underlying data distribution p(x)

Image generation
(Midjourney v5)
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Generative modeling — capabilities

Emulation

Cosmology

Model

evaluation
Parameter

Inference

Cosmology
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Example: galaxy clustering Galaxy clustering: the

statistical distribution of

300 —— —— 00"

galaxies in the Universe

Oa goo

13.7

’
e 2 e
ek

A TN Al e
‘_f., 'fq..“}.l‘. LR

The map of the observable v
| | |\/e rS e A 200,000 galaxies and quasars with their actual positions and colors, from the Milky
Way all the way to the Cosmic Microwave Background — the edge of the Observable

© Ménard & Shtarkman MapoftheUniverse.net you are here Universe. Data from the Sloan Digital Sky Survey and the Planck satellite. SDSS



SM* Cuesta-Lazaro®

[ICML ML4Astro 2023 Spotlight]

Considering galaxies as a sef, use a fransformer to guide the diffusion process

Quijote simulations (Villaescusa-Navarro et al, APJS 2020)

Transformer-guided diffusion on galaxies

29/38
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Diffusion on galaxies SM", Cuesta-Lazaro’
[ICML ML4Astro 2023 Spotlight]

t = 1.00




Parameter estimation

Construct differentiable likelihood p(x | ) for posterior parameter inference
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[ICML ML4Astro 2023 Spotlight]

Correlation statistics
Diffusion
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Outline

Differentiable and probabilistic programming

Specifying models with autodiff capabilities and enabling flexible inference




Forward models / simulations

We have a access We can run new The simulations We can easily add  The simulations are
to a bunch of simulations are fast & our favorite new differentiable
simulations physics scenario ,
v

o Efficient gradient-based optimization

e Inclusion of flexible models (sparse
GPs, NN, ...) as part of pipeline
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. . . . ) ) SM, Yang [ICML ML4Astro 2022 Spotlight]
Example: Flexible inference via differentiable lensing

End-to-end gradient-based optimization using a

differentiable, GPU-accelerated lensing simulator ({(w‘

Sampled lensed

Source-plane Source variational images [I
coordinates distribution
— MLP 5 Sample Lons:
] mimln (source — N(,LL[, O-I) > : CLSILE —> 5
5 T simulator =
; \ = Likelihood-
: T & Likelihood-based
. ﬁ analysis
_ Il . o =)
S SN Fo Lens variational distribution Sample -
Jlens — N(,Ulensa Elens) =
Observed lensed ]
Neural field representation Variational inference Image
O
MOdel Complex parf Of The prObIem J\ Lens-source offsets [”]
. . . 0, m—— Posterior
with a machine learning model S Truth
<& z:@@ (Or /\\ .
O J Simultaneously
Chianese et al [MNRAS 2020]: Variational autoencoders < %% @) ) /\ Lens eccen tricitics reconstruct posterior
Karchev et al [MNRAS 2023]: Variational Gaussian Processes + Differentiable KN : on lens model
Karchev et al [NeurlPS ML4PS 2022]: Diffusion models lensing S 7 SV () j\
_egin et al [ApJ 2023]: Diffusion models NI I Ll
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SM, Yang [ICML ML4Astro 2022 Spotlight]

Complex source reconstruction

Ground truth Reconstruction Lensed image

Loss
CY—
a Probabilistic reconstruction of high-
O .
= resolution source galaxy + dark matter lens!
0 200 4000 6000 s000 1000 1000 1000
Step
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Example: Differentiable big-bang nucleosynthesis ~Giovanefti, Lisanti, Liu, SM, Ruderman {In prep]

Nuclear reactions active in the early hot Universe gradually shut off as
temperature cools, freezing out the abundance of light elements

T, [MeV]
0.1
] e— ' ' L N — . . i

Nuclear reaction

§ £ rates network
Jé fTi 10~

3 = (Coupled differential
< equations)

10-10

1012
1

Time

Measure this abundance in pristine gas clouds in early Universe,
and compare to predictions — sensitive fo MeV scale physics
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Example: Differentiable big-bang nucleosynthesis ~Giovanefti, Lisanti, Liu, SM, Ruderman {In prep]

CMB + BBN
LINX: Light Isotope Nucleosynthesis with JAX 3.25 e T
g 300 I If
e Predict BBN observables in ©(0.1) s without compromises = f f
20— o n
o Fully differentiable — amenable to variational inference and S I =S gl — gl]
S : N \» N A% %
gradient-based sampling AP oﬁ\g B 0‘\??)%%$ 00@@ O o N
o Easily extensible for new physics scenarios Q?\\@ R \\NP»Q @o??)
?P{ﬁ ??\ ?P{CCOQ)

e Puts BBN on the same footing as CMB, and allows for

principled combinations . . .
Using differentiable CMB emulator: cosmopower

BBN , . BBN Spurio Mancini et al [MNRAS 2022]
Com(rincl)n input (&}\?h ) solver (D /Hpred>
mode - eff ’ Ygred
par;m;ers / See DISCO-DJ: Differentiable Simulations for COsmology
b Qbh2 BBN ' LCMB o
(Neﬂ;> ( Neﬁ) Foen L N — Done with JAX
QYZ2 Ci pred Hahn, List, Porqueres [2023]
CMB I; 0 Boltzmarfn qggred
Input As solver ngred . . o
e The future is differentiable!
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Conclusions

Prediction
» »
» »
<€
Inference

e Invert complex physical simulators
e Directly work with high-dim data

Simulation-based Generative

e Encode complex physical distribution
e Uses end-to-end or as physical priors

e Compute data-sim compatibility

Inference modeling

Differentiable /
probabilistic

programming

Source-plane
coordinates

Sampled lensed
Source variational images [i

distribution

Sample

(source — N(,U«I, 0'%) R Lensing

simulator

A

e Flexible specification of model components

]

Neural field representation

e Enable high-dimensional optimization using

Lens variational distribution Sample

(lens — N(,ulensa 2lens)

gradient-based inference techniques

Observed lensed
Variational inference mmage T
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