.
. d ‘I » )‘
. )

jATAEDRIVEN STRONG GRAVITATIONAL LENSING ANALYSIS

N THE _RA OF LARGE SKY SURVEYS R i e 2o

. ‘ .
»
\il ‘e
. 4 )
.
-
’ -
)

W
Ve b - : : ! . T L
! . ‘ : YA A - FLAPFRON
. Ciela Institute Université l'"’l '.:‘%::"Mila q NI TE
d(; M()r'treal ...&-:'-:-' N\ Center 101 Carrpatatioral



STRONG GRAVITATIONAL LENSING

Formation of multiple images of a single distant object due to the
deflection of its light by the gravity of intervening structures.
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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




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 - Measure comological parameters (Hy).
- Different images are produced because light follows different paths.
- These paths are of different lengths.

If the source has time variability, this will cause time delays between different images.
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LENSING ANALYSIS

1. Morphology of the
background source
(the true, undistorted image of
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LOOKING INTO THE FUTURE

In the next few years, we're expecting to discover more
than 170,000 new lenses.

NANCY GRACE

ROMAN

SPACE TELESCOPE



Methods for the future:

How are we going to analyze 170,000 lenses?

Lens modeling is very slow.
Simple lens model takes ~3 days

=> 1,400 years !



ESTIMATING THE MATTER DISTRIBUTION PARAMETERS WITH CNNS

10 million times faster than traditional lens modeling.
0.01 seconds on a single GPU

Hezaveh, Perreault Levasseur, Marshall, Nature, 2017



UNDISTORTED IMAGE OF THE BACKGROUND SOURCE

Observed Image Ground Truth

de-lensed image of -

background source!




PIXEL VALUES OF THE BACKGROUND SOURCE ARE LINEAR
PARAMETERS
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UNDISTORTED IMAGE OF THE BACKGROUND SOURCE

de-lensed image of
background source

Linear Inversion
Observed Image
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RTED IMAGE OF THE BACKGROUND SOURCE

E RECURRENT INFERENCE MACHINE (RIM)

Observed Image RIM Reconstruction

Linear Inversion
Ground Truth

Morningstar, Perreault Levasseur et al., 2019



BACKGROUND SOURCE RECONSTRUCTION:
COMPARISON TO MAXIMUM LIKELIHOOD METHODS
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EXAMPLES OUTSIDE THE TRAINING DATA

Data Linear Model RIM Model

True Source Reconstructed Source (Linear) Reconstructed Source (RIM)

| Introduction

Inverse Problems are a
from the natural scienc
observations that are su
In this work we will fo

where y 1S a noisy mea
A BN iy bbb o

Morningstar, Perreault Levasseur et al., 2019
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SIMULATED GALAXIES GENERATED
WITH A VARIATIONAL AUTOENCODER
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TRAINING ON HYDRODYNAMICAL SIMULATIONS

Background Foreground Lensed Image

&l & Bl

Ground Truth

Prediction

i B bl

Adam, Perreault-Levasseur, Hezaveh, Welling, ApJ, 2023, arXiv:2301.04168



https://ui.adsabs.harvard.edu/link_gateway/2023ApJ...951....6A/arxiv:2301.04168
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https://ui.adsabs.harvard.edu/link_gateway/2023ApJ...951....6A/arxiv:2301.04168
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UNCERTAINTY ESTIMATION WITH
APPROXIMATE BAYESIAN NEURAL NETWORKS
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UNCERTAINTY ESTIMATION WITH
APPROXIMATE BAYESIAN NEURAL NETWORKS

Max-likelihood lens modeling (black)
Neural Networks (red)
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UNCERTAINTY ESTIMATION WITH
SIMULATION-BASED INFERENCE METHODS

f:'; An example of the inference of the Ronan Legin
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Hierarchical Bayesian inference

Posterior of individual
measurements

4) We are interested in the parameters
of the hyper distribution,

Latent variable
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Hierarchical Bayesian inference

W/ bias correction
~ W/o bias correcion
w Truth

0.25 0.30)

Rnan Connor
Legin Stone

Legin, Stone, Hezaveh, Perreault Levasseur,
ICML 2022 - ML4Astro Workshop arXiv:2207.04123



NEURAL RATIO ESTIMATORS

Class #1
P(.X, H) {(xl, 91), (Xz, 82) ,,,,,, (xN9 QN)}
Hx.0) = p(x,0) _ p@|x)
p)p(0) p(0)
Class #2
P(x)P(0)

1(x1,0)),(x5,05),...,, (X5 O4p) }



HO INFERENCE WITH TIME DELAY COSMOGRAPHY

Lensing: Galaxy

.
~~ T

Additional travel distance

Gravitational field due to Time Delay




THE HUBBLE CONSTANT

DISCREPANCY BETWEEN MEASUREMENTS

Aw;,= - O.CS,e\%: -0.8

A r:\e,,=+o.4 "

A fi=—0.01
NEW 0 T > 3
PHYSICE! 24 20 wateimapr]

. Corly DL, 2=10%2¢0¢=0.07 '
A 440 :
Early . = > Late
Planci18+ACDM o

+

Gaic DR2,FST 71 (R180,b: SHOES)
BAO-}B.BN 4 b

SN lg NIR (.OJU?.CSP B18I

BAD+ACT?0l, SPT,WMAP
o HOLICOW -4 I.enses (Birrer18)

rg+ inversg adder

R'6 ‘SHOES)

Reanalysis of R.NS (C16,FK17,FM18)

70
Hy (km s~

7 47 s
Mpc™')

1

Adam G. Riess et al 2019
ApJ 876 85



HO INFERENCE WITH NEURAL RATIO ESTIMATORS

P(0, x) Class #1
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HO INFERENCE WITH NEURAL RATIO ESTIMATORS

Eve Campeau-Poirier
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Fraction of truths within

HO INFERENCE WITH NEURAL RATIO ESTIMATORS

Eve Campeau-Poirier
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Fraction of truths within
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Estimating the dark matter particle temperature
with Neural Ratio Estimators
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Anau Montel, Coogan et al. 2022, arXiv:2205.09126
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TACKLING AN UNSOLVED PROBLEM:
HIGH DIMENSIONAL INFERENCE

How do we infer the posteriors of high-dimensional parameters (e.g., an image or

spectra)?
Obstacles:
1) How do we encode complex priors

2) How we sample such high-dimensional posteriors (even if we could compute them)
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i.e. can we learn a generative model that will produce samples from that
distribution?
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| EARNING THE PRIOR EXPLICITLY

Can we learn our high-dimensional prior explicitly from data?
i.e. can we learn a generative model that will produce samples from that
distribution?

How can we do this from samples (e.g. data)? Modeling the density?
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SCORE MODELING

Turns out that if | want to sample a distribution, the only thing | need to
learn is its score, which does not include the normalization constant and
only uses local information

s(x) = V log(z(x))
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SCORE-BASED MODELING

Alexandre Adam
We model the score of the prior

sp(x) = V 1og py(x)

Adam et al. NeurlPS 2022 ML4PS workshop, arXiv:2211.03812



SCORE-BASED MODELING

Alexandre Adam
We model the score of the prior

sp(x) = V 1og py(x)

Target
Reverse-time SDE o 5 .
distribution

Adam et al. NeurlPS 2022 ML4PS workshop, arXiv:2211.03812



http://www.mjjsmith.com/thisisnotagalaxy/

Smith et al. arXiv:2111.01713
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SCORE-BASED MODELING

Now If we want to sample from the posterior, its score is all we neea: Alexandre Adam

V. logp(x|y) = V. logp(y|x) + V logpy(x)

|

To a good approximation, we
can calculate the likelihood
score analytically if we
assume it's Gaussian and we
know the lensing matrix.

A 4

This is the
prior score we

learnt from the
training data
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SCORE-BASED MODELING

Now If we want to sample from the posterior, its score is all we need: Alexandre Adam

V,logp(x|y) = V,logp(y|x) + V log py(x)
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OUT OF DISTRIBUTION TESTS

Now If we want to sample from the posterior, its score is all we need: Alexandre Adam

V,logp(x|y) = V,logp(y|x) + V log py(x)




ARE THESE UNCERTAINTIES ACCURATE?

The expected coverage probability of a credible region is the
proportion of the time that the region contains the true value of interest.

TRUE VALUE

68% 95%

For an accurate posterior estimator, the expected
coverage probability is equal to the probability mass of
the credible region.



ARE THESE UNCERTAINTIES ACCURATE?

The expected coverage probability of a credible region is the
proportion of the time that the region contains the true value of interest.

TRUE VALUE
These are HPD credible regions

68% 95%

For an accurate posterior estimator, the expected
coverage probability is equal to the probability mass of
the credible region.
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COVERAGE TEST FOR ACCURACY

Palo Lemos
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DEALING WITH REALISTIC NOISE:
BEYOND GAUSSIANITY

Alexandre Adam  Ronan Legin
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Leqgin, Adam, et al. Apd Letters 2023, 2302.03046



DEALING WITH REALISTIC NOISE: BEYOND GAUSSIANITY
SLIC: SCORE-BASED LIKELIHOOD CHARACTERIZATION

Since we have learnt a generative model of the additive noise, it can now be used in a
simulation pipeline to get new, independent realizations of noise:
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Legm Adam et al. ApJ Letters 2023, 2302.03046
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SLIC: SCORE-BASED LIKELIHOOD CHARACTERIZATION

Since we have learnt a generative model of the additive noise, it can now be used in a
simulation pipeline to get new, independent realizations of noise:

P(xon) = Q(xo — M(n))
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s(xo) = Olog Q(x0)/0x

P(xo|n) = Q(xo — M(n))

Legin, Adam, et al. Apd Letters 2023, 2302.03046



DEALING WITH REALISTIC NOISE: BEYOND GAUSSIANITY
SLIC: SCORE-BASED LIKELIHOOD CHARACTERIZATION

s(xp) = dlog Q(x0)/0x
P(xo|n) = Q(xo — M(n))

M1 =m + 7V, log Q(xo — M(n)) + \/Q'Tf[

Legin, Adam, et al. Apd Letters 2023, 2302.03046



DEALING WITH REALISTIC NOISE: BEYOND GAUSSIANITY
SLIC: SCORE-BASED LIKELIHOOD CHARACTERIZATION

s(xp) = dlog Q(x0)/0x
P(xo|n) = Q(xo — M(n))

Ni+1 — 1 + T Vx log Q(xo _ M(U))VnM(m) + \/2_7-5

Legin, Adam, et al. Apd Letters 2023, 2302.03046



DEALING WITH REALISTIC NOISE: BEYOND GAUSSIANITY
SLIC: SCORE-BASED LIKELIHOOD CHARACTERIZATION

s(xg) = dlog Q(xp)/0x

P(xo|n) = Q(xo — M(n))

Ni+1 = 1 + 7 Vxlog Q(x, — M(n))VnM(m) + \/2_”'5
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DEALING WITH REALISTIC NOISE: BEYOND GAUSSIANITY
SLIC: SCORE-BASED LIKELIHOOD CHARACTERIZATION

s(xg) = dlog Q(x0)/0x

P(xo|n) = Q(xo — M(n))

Ni+1 = Ni + T Vxlog Q(x, — M(n))VnM(m) + \/;f
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“CONVOLUTION (FOR HST)

Observations (y), HST ACS/F814W
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PSF-DECONVOLUTION (FOR HST)

Observations (y), HST ACS/F814W

Posterior samples (x)

Adam et al. NeurlPS 2023 ML4PS workshop



PSF-D

“CONVOLUTION (FOR HST)

Posterior samples (x)

Observations (y), HST ACS/F814W
i - m *

_10—1
n
~—
10—2 lQ.)
=107
1 = - T L g e . wr ¥
-a A . B i : L
" |_..'_ " .:_:.-'. | el o .t__ ':l 5 W, ._'
! "y ot ] 1._- o % - W '._'. 4 o T -y 100
- g ’ ; " et LREY L e T
. o e T el e
4= o - : i - For mi L= e e ~~
- Er SN = - P A |
e . 3 b P el g e e 1071 ©
. g I - " e g g = |.'|F"h.:.- ..'.-.
a [} | - PR [
o LB . i 3 . i . i ]
¥ - 3 . i - P . 4% 10—2

" Residuals (y — AX)

Adam et al. NeurlPS 2023 ML4PS workshop



PSF-D

Observation (x4

B 75T WFC3IR/F160W

“CONVOLUTION (FOR HST)

VP 4+ PROBES VP + SKIRT

VE + PROBES

Alexandre Adam

Posterior sample Posterior sample Median IQR 84%-16%

10°
Z
10—1 lQ.)
1072
10°
Z
1071
1072
Z
10-1 ©
1072

Adam et al. NeurlPS 2023 ML4PS workshop

—_
)
=}



PSF-D

Observation (x4

B 75T WFC3IR/F160W

“CONVOLUTION (FOR HST)

VP 4+ PROBES VP + SKIRT

VE + PROBES

Alexandre Adam

Posterior sample Posterior sample Median IQR 84%-16%

10°
Z
10—1 lQ.)
1072
10°
Z
1071
1072
Z
10-1 ©
1072

Adam et al. NeurlPS 2023 ML4PS workshop

—_
)
=}



Alexandre Adam

Observation (x4 Posterior sample Posterior sample Median IQR 84%-16%

F . ‘

VP + SKIRT

Reference
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VP + PROBES

Adam et al. NeurlPS 2023 ML4PS workshop
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models

Morningstar et al. 2019
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' Sky emission
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' Sky emission
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' Sky emission
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] Fourier operator
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' Sky emission
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i Fourier operator
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA

With Score-Based Diffusion Models

- Mask, subsampling
h function

Observed visibilities

- Dense, unitary,
i Fourier operator
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' Sky emission
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With Score-Based Diffusion Models
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| /V \

' Sky emission

- Dense, unitary,
j Fourier operator
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models

Mask, subsampling | —
h function  Primary beam

-

‘Observed visibilities|—V = SF PyeamX + 1) +— Gaussian noise
| /V \

' Sky emission

- Dense, unitary,
j Fourier operator

Dirty Image
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models

Mask, subsampling | —
' function LPrlmary beam

-

'Observed visibilities|—V = SF PreamX + ] <—lGaussian noise
1 /V \

' Sky emission

- Dense, unitary,
l Fourier operator
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models

Mask, subsampling | —
' function LPrlmary beam

-

'Observed visibilities|—V = SF PreamX + ] <—lGaussian noise
1 /V \

' Sky emission

- Dense, unitary,
l Fourier operator
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models '

,VMask, subsampling | —
| function Primary beam

‘Observed visibilities|——V =/5',-7"Pbeamx + 77+ Gaussian noise ”»
AN Noé Dia
; Sky emission

- Dense, unitary,
Fourier operator

Dia, Adam, Barth, et al. NeurlPS 2023 ML4PS workshop



PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models

,VMask, subsampling
y function
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models

- Mask, subsampling
h function

 Primary beam
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models .

- Mask, subsampling
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LPrimary beam
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PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
With Score-Based Diffusion Models &
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STRONG LENSING SIMULATION PIPELINE:
CAUSTIC

A fast, Al-empowered, differentiable, extremely modular simulation pipeline for all
your strong lensing needs.

1) Lens and source from analytic profiles or pixelated images/densities

2) Multiplane lensing
3) Line of sight mass distributions
4) Fast microlensing simulations - .

5) Time-delays

- ! N gt gt LR L \ 3 N
Connor Adam Andi Alex Misha Charles
Stone Coogan Filipp Adam Barth Wilson

https://github.com/Ciela-Institute/caustic
https://ciela-institute.github.io/caustic/Basicintroduction.html






