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Abstract: In this talk | will share our recent work in developing statistical models based on machine learning methods. In particular, | will di
posterior sampling in low- and high-dimensional spaces and connect this to two ongoing projects: measuring the small-scale distribution
matter and estimating the expansion rate of the Universe. | will discuss how the speed and the accuracy gained by these models are essent
large volumes of data from the next generation sky surveys. | will finish by mentioning a few other projects and a new initiative for interdiscipl
collaboration in astrophysics and data sciences.

Zoom link: https://pitp.zoom.us/j/98316228305?pwd=UWwrZklIwUG1QZFBkYzcleVdNSW1Ldz09
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Strong lensing

New initiative Key questions

OUTLINE
Other ML-related Measuring the
projects SSS with lensing
Our ML work
In lensing

Learning
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STRONG LENSES PRODUCE ARCS
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SCIENCE MOTIVATIONS FOR STRONG LENSING

1- Background source:

Use strong lensing as a cosmic telescope.

2- Foreground lens:

Use lensing to probe the distribution of matter in the lensing structures.

3- Constraining cosmological parameters:

Use time delays in the arrivals of lensed images to measure the expansion rate
of the Universe.
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SCIENCE MOTIVATIONS FOR STRONG LENSING

1 - Use strong lensing as a cosmic telescope.
Lensing magnifies the images of sources and makes them appear brighter.

This allows us to study some of the most distant galaxies of the universe that would
have been otherwise below our sensitivity or resolution limits.

unlensed image lensed image

SPT-SMG COLLABORATION:

Use lenses to study star formation in the background galaxies

Vieira et al. 2011
Greve etal. 2012
Vieira et al. 2013
Weiss et al. 2013
Hezaveh et al. 2013

Aravenaetal. 2013 e Gullberg et al. 2015 e Aravena et al. 2016
Bothwell et al. 2013 = Spilker et al. 2015 e Strandet et al. 2016
Spilker et al. 2014 e Maetal. 2015 e Spilker et al. 2016
Gullberg et al. 2015 o Welikalaetal. 2016 o Maetal. 2016
Spilker et al. 2014 e Bethermin et al. 2016 e Strandet et al. 2017
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SCIENCE MOTIVATIONS FOR STRONG LENSING

2 - Use lensing to probe the distribution of matter in the lensing structures.
Distortions in images are caused by gravity.
They can be used to map the distribution of matter in the lens.
Particularly useful for studying dark matter.
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SCIENCE MOTIVATIONS FOR STRONG LENSING

3 - Constraining cosmological parameters.
There is a time delay between the different lensed images.

If the brightness of the background source fluctuates, one could measure
these relative time delays.

This allows us to measure the Hubble constant.

Lensing Galaxy

Quasar

3 Additional travel distance
Gravitational field due to Time Delay
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SMALL-SCALE STRUCTURE OF DARK MATTER

Small scale distribution of
dark matter is not well
understood.

Large scale structure is very
well measured.
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THE MISSING SATELLITES PROBLEM

DISCREPANCY BETWEEN THE NUMBER OF CDM SUBHALOS AND MW DWARF SATELLITES

N-BODY SIMULATIONS ' OBSERVED MW éATELLITEs

Trntam

THEORY: N~ 10000 OBSERVATION N~50
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SOLUTIONS

1 - Modify galaxy formation models 2 - Modify dark matter model

*
2 keV Warm Dark Matter

Cold Dark Matter

Lovell et al.,, MNRAS, 2012
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SUBSTRUCTURE LENSING
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Adam Coogan
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Subhalo parameters

A Hide subhalos

Lens parameters

Orientation

Ellipticity

Einstein radius

Turn off lens light

Adam Coogan
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SUBSTRUCTURE LENSING

LENSED RADIO QUASARS LENSED GALAXIES (OPTICAL) LENSED OPTICAL QUASARS
; . ’
Dalal & Kochanek 2002 Vegetti et al. 2012 Nierenberg et al. 2014

CUMULATIVE EFFECTS OF ALL
SUBHALOS

1o

EFFECT ON TIME DELAYS
BETWEEN IMAGES

| _1—‘;"_;‘.\—‘_
10 105 11 11.D
Aty e [days] I R N T A
Keaton & Moustakas 2009 Cyr-Racine et al. 2016
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MEASURING PHYSICAL PROPERTIES
FROM IMAGES OF STRONG LENSES

Physical properties that can be constrained from
lensing images (lensing parameters):

1. Morphology of the background source
(the true, undistorted image of the candle)

2. Matter distribution in the lens
(the shape of the wineglass)
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MEASURING PHYSICAL PROPERTIES
FROM IMAGES OF STRONG LENSES

Likelihood-based lens modeling

\
?

_J
?

R

OBSERVED IMAGE
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MEASURING PHYSICAL PROPERTIES
FROM IMAGES OF STRONG LENSES

Likelihood-based lens modeling

SIMULATED IMAGE

A MEASURE OF
SIMILARITY

OBSERVED IMAGE
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SUBHALO DETECTION:
COMPARE A SMOOTH MODEL WITH A MODEL WHICH INCLUDES SUBHALQOS

BACKGROUND
SOURCE

SIMULATED IMAGE

OBSERVED IMAGE
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PROBABILITY OF THE PRESENCE OF A SUBHALO

25 25
20 20
15 15
10 10
15 15
10 10
15 1-5
-10 1-10
15 -15
mock without subhalo el mock with subhalo 20
-25 -25

Greyscale: difference in log posterior between a model which
includes a subhalo and a smooth model (no subhalos)

Hezaveh et al. ApJ 2016
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SIMULATED IMAGES WITH AND WITHOUT A SUBHALO

Main lensing galaxy mass ~ 1072 Msun
Subhalo masses ~ 107—10° Msun

SMOOTH GALAXY SMOOTH GALAXY + SUBHALO
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DETECTION OF A 109 Mgsyn SUBHALO

SDP.81
Blue: HST image of the lensing galaxy
Red: ALMA image of the lensed background source

”

/

1,2, and 3-0 confidence regions of a detected subhalo

N

Hezaveh, Dalal, et al. ApJ 2016
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CONSTRAINTS ON THE MASS FUNCTION OF

SUBHALOS IN THE HOST HALO
o, [km/s]
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Hezaveh, Dalal, et al. ApJ 2016
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POWER SPECTRUM OF

COVARIANCE OF
THE DENSITY FIELD

DEFLECTIONS

Co = {0(@) s (% + 7)) =4/P(k) (:;iJl(kr)— 5

LIKELIHOOD

Jg(k?")) dk

2

L(Ca) = (ICN||Cal |Cp|| M|)~1/23B" M B o=3(A0" Oy AO+poC; po)

Hezaveh, Dalal, et al., JCAP, 2016
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FORECASTS FOR N LENSES
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FORECASTS FOR N LENSES
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e xiremely Computationally Expensive

® Approximations => Inability to sample the high-dimensional space. Suboptimal priors,
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Looking into the future:

1- New Lenses

For future surveys we find that, assuming Poisson limited lens
galaxy subtraction, searches of the DES, LSST, and Euclid data sets
should discover 2400, 120000, and 170000 galaxy—galaxy strong
lenses, respectively

Collett, ApJ. 2015

WHY DO WE NEED SO MANY LENSES?

1- Statistical precision from the analysis of a
large population.

2- Finding rare systems:
Lensed supernovae
Double-plane lenses
Lensing systems at extreme redshifts

INFRARED SURVEEy
e PN Y T e
O

NFIRST |
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Looking into the future:
3- Analysis Methods

How are we going to analyze 170,000 lenses?

Lens modeling is very slow.

Even a simple lens model can take
2-3 days of human and CPU time,
translating to 1,400 years!

Even if we pay 100 people to work
on this, it'll be 14 years!

Old method are simply not feasible.

g d

A "g_;i.;\{;}#émt
s - [ |
o8

==

(e i

Lens modeling sweatshop of the future
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Looking into the future:

2- Existing and New Telescopes

GMT

TMT
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Looking into the future:
3- Analysis Methods

How are we going to analyze 170,000 lenses?

Lens modeling is very slow.

Even a simple lens model can take
2-3 days of human and CPU time,
translating to 1,400 years!

Even if we pay 100 people to work
on this, it'll be 14 years!

Old method are simply not feasible.

Lens modeling sweatshop of the future
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CAN WE OBTAIN THE LENS PARAMETERS USING NEURAL NETWORKS?

INPUT

voy
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o®

Universal approximation theorem:
Neural nets can approximate any function to an arbitrary accuracy.

OQUTPUT
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Latent variables SIMULATED IMAGE

Lensing galaxy mass
Ellipticity

A MEASURE OF
SIMILARITY

OBSERVED IMAGE
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Low- vs. high-dimensional representations

Ellipticity

Total flux ~_ and orientation angle -
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Estimating lensing parameters with neural nets

a b c
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Hezaveh, Perreault Levasseur, Marshall, Nature, 2017
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Estimating lensing parameters with neural nets
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10 million times faster than maximum-likelihood lens modeling.
0.01 seconds on a single GPU

Hezaveh, Perreault Levasseur, Marshall, Nature, 2017
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Modeling the posterior
Approximate BNNs
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Perreault Levasseur, Hezaveh, Wechsler, ApJ, 2017
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Likelihood-free inference

Ground truth latent variable Prediction

Ground truth latent variables i
drawn from the prior \
(00,05, 05-... [ R~ T TR0, 0.0

Predictions

X N
N . B A P( Ql éx) Ronan Legin

X Legin, Hezaveh, Perreault Levasseur, Wandelt
NeurlPS 2021 - Physical Sciences Workshop
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Likelihood-free inference

]ﬂ An example of the inference of the
\ posterior of foreground variables
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Percent of Lenses With True Value in the Volume

Coverage probabilities
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Legin, Hezaveh, Perreault Levasseur, Wandelt
NeurlPS 2021 - Physical Sciences

Page 42/72



Likelihood-free inference

® Ul joint posterior
® Accurate

® Arbitrary priors

® Amortized

e Only feasible for low-dimensional variable inference

Legin, Hezaveh, Perreault Levasseur, Wandelt
NeurlPS 2021 - Physical Sciences
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Hierarchical Bayesian inference

Posterior of individual measurements

——

4 =~ We are interested in the parameters of the

Pirsa: 22100091
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Hierarchical Bayesian inference

p(M 11; p(i|A)

p(A{zi}) =
) = Faxm0) I, V)
1Y — , ¥ il We are interested in the parameters of the
paih) = [plopone N et st e
/’//
r
g p

Latent variable
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Hierarchical Bayesian inference

p(M 11; p(i|A)
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Latent variable
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Hierarchical Bayesian inference
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Ronan Legin Connor Stone

Legin, Stone, Hezaveh, Perreault Levasseur,
ICML 2022 - Machine Learning for Astrophysics
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Hierarchical Bayesian inference

p(M 11; p(i|A)

p(A{zi}) =
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Latent variable
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Neural Ratio Estimators

Class #1
P(x‘) 9) {(xl,(})]), (xZ, 92),.,.,,(3(:1\], QN)}
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Estimating the dark matter particle temperature
with Neural Ratio Estimators
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Anau Montel, Coogan et al. 2022

Coogan et al.
NeurlPS 2020 - Physical Sciences
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High-dimensional (pixelated) representations

Total flux = ‘  Ellipticity
*and orientation angle

Pirsa: 22100091 Page 51/72



Pirsa: 22100091 Page 52/72



Pirsa: 22100091 Page 53/72



Pirsa: 22100091 Page 54/72



Pirsa: 22100091 Page 55/72



Pirsa: 22100091 Page 56/72



Pirsa: 22100091 Page 57/72



Pirsa: 22100091 Page 58/72



Pirsa: 22100091 Page 59/72



Pirsa: 22100091 Page 60/72



Pirsa: 22100091 Page 61/72



Pirsa: 22100091 Page 62/72



Pirsa: 22100091 Page 63/72



Pirsa: 22100091 Page 64/72



Pirsa: 22100091 Page 65/72



Pirsa: 22100091 Page 66/72



Pirsa: 22100091 Page 67/72



Pirsa: 22100091 Page 68/72



Pirsa: 22100091 Page 69/72



Pirsa: 22100091 Page 70/72



Pirsa: 22100091 Page 71/72



Pirsa: 22100091 Page 72/72



