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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
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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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SCIENTIFIC CONTEXT, BACKGROUND, AND HISTORY
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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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SOLUTIONS

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

L]

< .'Q. .

9 keV WaTm Derk Matter

Cold Dark -M'att'er

Lovell et al.,, MNRAS, 2012
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STRONG GRAVITATIONAL LENSING

background galaxy

foreground galaxy
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SUBSTRUCTURE LENSING
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Adam Coogan Research

Non-work

» Source Observation

Adam Coogan
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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:
AN INVERSE PROBLEM

Likelihood-based lens modeling

SIMULATED IMAGE

OBSERVED IMAGE

A MEASURE OF
SIMILARITY
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CONSTRAINTS ON THE MASS FUNCTION OF

SUBHALOS IN THE HOST HALO
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Hezaveh et al. ApJ 2016
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FORECASTS FOR N LENSES
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https://github.com/Ciela-Institute/caustics

Fast, Al-empowered, and
differentiable strong lensing MRS
simulation tool. WATERLOO

* Pytorch-based

 GPU capable
* Differentiable

* Extensible
* Extensively documented!

pip install caustic @G’@e
SCHMIDT FUTURES Virtual Institute for Scientific Software

Stone et al., 2024

Pirsa: 26060004 Page 20/61



Low- vs. high-dimensional representations

Ellipticity

Total flux | “and orientation angle -
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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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LIKELIHOOD-FREE INFERENCE

Ground truth latent variable Prediction

~
= - F B -}

. Predictions
W00

P, 0

Ground truth latent variables
drawn from the prior

{91, 92, 93 v ats }—} simulator

X A
B N P60,

Legin, Hezaveh, Perreault Levasseur, Wandelt
NeurlPS 2021 - Physical Sciences Workshop
ApJ 2022
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High-dimensional (pixelated) representations

Total flux  Ellipticity
and orientation angle
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SIMPLE MODELS CAN BE SUFFICIENT FOR SIMPLE DATA

Simple/low resolution/low SNR data -> simple model might be sufficient

Better data -> simplistic models can bias the inference
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' TACKLING AN UNSOLVED PROBLEM:
HIGH DIMENSIONAL BAYESIAN INFERENCE

A previously unsolved problem:

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 do we deal with complex likelihoods (e.g., non-Gaussian noise)?

3) How we sample such high-dimensional posteriors (even if we could compute them)?
4) How do we deal with misspecified priors?

5) How should we test all of this (testing the accuracy of our methods)?
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THE TOOL: DIFFUSION (OR SCORE-BASED) MODELLING
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k
THE TOOL: DIFFUSION (OR SCORE-BASED) MODELLING
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Connor Stone

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

Smith et al. arXiv:2111.01713
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) SCORE-BASED MODELING

Alexandre Adam
We model the score of the prior

sg(x) = V_log pg(x)

Target

Reverse-time SDE L .
distribution

Adam et al. NeurPS 2022 ML4PS workshop, arXiv.2211.03812
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Estimating the posteriors of
high-dimensional representations

log p(x | data) = log p(data | x) + log p(x) — log p(data)

V,log p(x | data) = V, log p(data | x) + V,log p(x)

Learned from
training data

Langevin Sampling  Xit1 < Xi + €Vxlogp(x) + V2ez, i=0,1,---,K,
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Score-based Modeling

Now if we want to sample from the posterior, its score is all we need:
V ogp(x|y) = V logp(y|x) + V,log py(x)

| |

This is intractable! This is the prior
score we
‘ pe(y | x¢) =/ p(y | x0)p(x0 | x¢)dxo learnt from the
= training data

But!
Many approximations have been proposed:
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POSTERIOR SAMPLES OF THE BACKGROUND SOURCE

Alexandre Adam .
Adam Coogan  Kolya Malkin

NeurlPS 2022 - Physical Sciences
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OQUT OF DISTRIBUTION TESTS

Now if we want to sample from the posterior, its score is all we need: Kloxandraddar

V. ogpx|y) =V, logp(y|x) + V, logpyx)

Ground
Truth

Adam et al, NeurlPS 2022 MLAPS workshop,
arxivi2211.03812
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OQUT OF DISTRIBUTION TESTS

Now if we want to sample from the posterior, its score is all we need:

V. dogpx|y) = V, logp(y|x) + V, logpyx)

Ground
Truth

/

7
7,
y (¥

Alexandre Adam

Adam et al. NeurlPS 2022 MLAPS workshop,
arXivi2211.03812
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JOINT INFERENCE OF
LENS AND SOURCE PARAMETERS
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Missa Barco

Barco et al, 2026 ML4Astrc workshop at ICML,
arXiv:2611.04792
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JOINT INFERENCE OF

B Gaussian Prior
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» ACCURATE LIKELIHOODS IN PRESENCE OF COMPLEX NOISE

Use samples of real noise from the instruments
to learn their distribution. Use a chain rule trick
to map it onto the model parameter space.

s(xo) = 0log Q(x0)/0x

P(xo0|n) = Q(xo — M(n))

Mi+1 =N + T Vxlog Q(xo - M(”?))VTJM("%) 7t @E

ApJL 2023
Ronan Legin  Alexandre Adam ICML, ML4Astro 2023
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» ACCURATE LIKELIHOODS IN PRESENCE OF COMPLEX NOISE

s(xo) = 9log Q(x0)/0x

P(xo0(n) = Q(xo0 — M(n))

Nit1 =1 + T Vxlog Q(x, — M(n))V,M(n;) + V2r¢
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GRAVITATIONAL WAVES PARAMETER INFERENCE IN PRESENCE
&
OF GLITCRES

Ronan Legin
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: PSF DECONVOLUTION
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' TACKLING AN UNSOLVED PROBLEM:
HIGH DIMENSIONAL BAYESIAN INFERENCE

A previously unsolved problem:

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 do we deal with complex likelihoods (e.g., non-Gaussian noise)?

3) How we sample such high-dimensional posteriors (even if we could compute them)?

4) How do we deal with misspecified priors?

5) How should we test all of this (testing the accuracy of our methods)?
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* ADDRESSING DISTRIBUTIONAL SHIFTS:
PRIOR MISSPECIFICATION

Applications to galaxies: can we learn that spiral galaxies exist starting
from a prior with just (real, noisy) ellipticals?

- . . . . . . . . Barco et al., ApJ 2025, 240717667
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Reconstruction with a
biased prior

True
Galaxy

Observation

Reconstruction with
the correct prior
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ADDRESSING DISTRIBUTIONAL SHIFTS:
PRIOR MISSPECIFICATION

E 4

What we would like to do:

P@|\d, ;) HiJP (d; | x)p(x;| O)p(@)dx

Where @ parametrize our prior (in our case the score-based model parameters).
However, in our case, evaluating p(x;|0) is not straightforward.

What we can do instead:

6 = AN |6
argmax p({y:}i=,|0)

And we do this iteratively using posterior samples to retrain a new prior.

Barco et al. 2407.17667
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True digit Observation Reconstruction
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Oservtion Reconstruction
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