Axtons, Strong lensing and
Deep learning

Towards convincing dark matter discoveries in astrophysical
data
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Strong galaxy-galaxy lensing
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Lens galaxy ALMA, L. Calgcada, Y. Hezaveh et al.
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Subhalo mass function
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Few stars! Schutz 2020, PRD 101, 123026

Fitts et al 2017, MNRAS 471 3




Strong lensing images

Present:
~60 lenses
(mostly HST)

Near future:
>150.000 lenses

(JWST, Euclid,
Rubin Obs., ELT)

Variations between images | ————]
Statistical noise

Signal level
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Collett 2015, ApJ 811 20
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Marginal posteriors

Physics modeling: p(x|6) == Inverse problem: p(9| x,)

But we want marginal posteriors:
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Our strategy: Targeted neural inference

Observation 2. Generate training data

1. Fit model

(GP+VI+AD)
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3. Train substructure - 4. Ansirs abrervition
inference network PPy

Coogan+ 2010.07032
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Step 1: Lens and source fit using variational inference
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Step 1: GP+VI+AD
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Step 1: GP+VI+AD

Approx. marginal likelihood with variational inference

ELBO = -289.4
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Step 1: GP+VI+AD

Automatic differentiation

def f(x):
return sin(x)

Could’ve done that by hand. But this is harder:

—_—

def g(x):

X =igInix)
return x

for _ 1n range(1l00): )

grad(f)(1.1)

>>> 0.4536

grad(g)(l.1)
>>> 0.0026

Core ML tech with many implementations
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Step 2: Targeted training of inference network for the
inference of subhalo population properties

Nuisance parameters
are marginalised via
random sampling
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image> *"cutoff
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Results: Constraints on subhalo population (in mock data)

Details:

» Fit mock observation (several hours)
- Noise =1
- SNR =30

» Generate targeted training data (~40 minutes for 20000 samples)

- 10 subhalos and 50 |.0.s. halos in mass range [10%,10°5] M,

- DM cutoff scale in the same range

* Train inference network (~30 minutes)

Montel+ in prep.

Combining observations (30)
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What lessons for indirect dark matter
searches?



Indirect dark matter searches are broken
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Indirect dark matter searches are broken
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All analyses are defined by their compromises

_
"l
Templates
——
Fit with Poissonian__Fit with non-Poissonian
L | il eSOl
Templ .
= #TTLTL; Results tend to be extremely hard to compare.
* P(Xpio- Ndif = -~ - -
L4 p(A) o I i]l;illi' 1y s”’“"“ -16
e Poisson — " how & e e W e £, Gal. longiude (dog)
Line searches One-point statistics Wavelet filtering Cross-correlation studies

'; Tzﬁ ¢ No spatial information,only e Model likelihood of count e Put data with complex diffuse e Project data onto tracers of

{ summary energy spectra statistics histogram rather ~ backgrounds through a DM mass
P e ROl is small energy range than likelihood of skymaps matched (wavelet) filter ¢ Neglect effects of local
o Approximate backgrounds withe Mask difficult sky regions e Otherwise similar to One- Universe
power-law ¢ Focus on single energy point statistics analysis e Sometimes neglect
L| e “Trade systematics for band correlation between

statistical uncertainties” overlapping tracers




A Bayesian perspective

Independently of the analysis technique, everything relevant for analyzing a piece of data can be
in principle summarized in a huge probabilistic model.

Physical simulators

Problem: Higher model realism

7

More parameters Higher per-simulation costs 19



A graphical model for Fermi LAT data (illustration)

Instr. parameters

e Minstr

v

Instrument response function

P(Migstr, 15RF)
Instrumental backgrounds

P(Minstr, bks)

Detector simulator
s 1

Astro. + DM signal
gt = Pagiro, + DN

Effective area
p(ninstr .-\eﬁ')
Astro. bkg. simulator
“mm. = Sim(nnsuo) ,_//

\.\ DM signal simulator
sy = Simpy(npyr) -
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Point sources
Supernova remnants, P(stro, psc, SNR)
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Diffuse emission
MNastro, diff

DM distribution
DM, dist
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DM annihilation signal /
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Gas distribution, p(7us¢ro, diff, gas)

Propagation of cosmic rays, P(Mutro, dif, prop)
Distribution of cosmic ray sources, P(Mustro. diff, srcs)
Interstellar radiation field, p(7)ro, difr, 1SRF)

~ Milky Way, p(Tpag, dise, Mw)
dSphs, p(Mp, dist, dSph)
<~ Local Universe, p(Tpy i, L)
\‘ Large scale distribution, p(7pyy_ i, Lss)
Parton shower simulator

P10 spec, sim [V)

Annihilation spectra

TIDM spec - Higher-order corrections
/ P('TD:\( spec, cale v)
Higher-order corrections
g Annihilation rate P(MDM rate, cale V)
___TMIDM rate SERE Local density

o P("D0 rate, density Vs D, dist)
Theoretical priors

p(vH)
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A high fidelity analysis of complex data is hard with
commonly used (likelihood-based) techniques
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Cutting to the chase with neural simulation-based
inference

107
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Samples required for eggbox problem

# modes e
® MultiNest &
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Few interesting parameters,

many uninteresting ones

MCMC TMNRE with swyft

focuses inference on what

is interesting, and leaves
out the rest
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Number of modes
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m 7\ p( 0| o)
always solves the

inference problem for all
parameters, even the
uninteresting ones

Miller+ 2011.13951, Miller+ 2107.01214, Cole+ in prep.
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Simulation-based inference

Monte Carlo ABC Posterior Estimation

[ prior Hproposal]t ~~~~~~~~~~~~~~~~~~~~~~ \ [ prior Hproposal]d ~~~~~~ \ [ prior Hproposal}t ~~~~~~~~~~~~~~~~~~~~~ :

simulator

sequential

proposal

simulator likelihood est.

sequential

sequential

posterior est.

evaluate >~

posterior

posterior

posterior
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Miller+ 2011.13951

Miller+ 2107.01214
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Truncated marginal neural ratio estimation with SWYFT
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Truncated marginal neural ratio estimation with SWYFT
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What can this do for us?

Strong lensing

— Constrain on DM
mass

> 100.000 nuisance
parameters

mwpwm likelihood ratio test-statistic

Observed stellar density

b,

95% CL
13.15 keV

68% CL
23.00 keV/

0 10 20 30 40 50
MWDM

Hermans+ 2011.14923

Analysis of GD-1 stream

— Lower limit on DM
mass

> 100 nuisance
parameters

Delaunoy+ 2010.12931

Gravitational waves

— Instant localization

10-20 nuisance parameters

Wedm

In10" A, 1006,

n

- swyft, 5 x 10°
simulations
MCMC, 10°
simulations

XY=
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1000, wam 1006, WI0A,  n e

Cole+ in prep

Cosmology

— Cosmological
parameters

10-20 nuisance
parameters

26



Simulation-based inference as key for conclusive DM
searches
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Conclusions
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Conclusions

e \We developed a new analysis pipeline for strong lensing searches for DM

substructure images
o Step 1: Fitting images with end-to-end differentiable models and variational inference
o Step 2: Targeted training of inference networks to extract population information about small
scale structure
o The method works (and is transferable to other data analysis problems). Right now sensitivity
down to O(1e8 Msol) on mock ELT images. Much more to come.
e Deep learning can be key for convincing dark matter discoveries in
astrophysical data
o Classical analysis methods enforce compromises that make results hard to compare.
o Neural simulation-based inference enables us to consider much more complete and realistic
models.

o Huge potential for the community to combine forces and converge on the interpretation of dark
matter signal candidates.

e With SWYFT we provide a “batteries included” open source tool for neural
simulation-based inference (steep learning curve, but high gain).

Thank you! 29



Backup slides



Cursed by the dimensionality of your nuisance space?

Wasted by Markov chains that reject your simulations?

Exhausted from messing with simplistic models, because your inference algorithm cannot handle
the truth?

Try swyft for some pain relief.
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Compare with: Approximate Bayesian Computation
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Detection of individual subhalos

e e train a network to estimate marginal posteriors
e We handle models with hundreds of thousand of parameters

Mock real observation

Training dataset
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