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= SUFFICIENT FOR SIMPL

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

Better data -> simplistic models can bias the inference

DATA

It's becoming more and more challenging to come up with analytical models complex

enough to keep up with the increasing complexity of our data.



GAME PLAN

1. Data-driven priors
2. Data-driven likelihoods

3. Accuracy metrics

4. Qut-of-Distribution accuracy



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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SIMPLE MODELS CAN BE SUFFICIENT FOR SIMPLE DATA

Simple/low resolution/low SNR data -> simple model might be sufficient
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MORE COMPLEX DATA DEMANDS A MORE
COMPLEX PARAMETRIZATION
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PIXELATED BACKGROUND SOURCE RECONSTRUCTION

Observed Image Ground Truth




PIXELATED BACKGROUND SOURCE RECONSTRUCTION

Linear Inversion
Observed Image Ground Truth
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GAME PLAN

1. Data-driven priors



LEARNING HIGH-DIMENSIONAL PRIORS

WITH SCORE MODELING

Can we learn our high-dimensional prior from data?
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WITH SCORE MODELING

Can we learn our high-dimensional prior from data?

Turns out that we can sample a distribution only knowing its score, which does not
include the normalization constant and only uses local information.
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SCORE-BASED MODELING

Alexandre Adam

VWe model the score of the prior

sp(x) = V _1og py(x)

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

VWe model the score of the prior

sp(x) = V _1og py(x)

Target

Reverse-time SDE L .
distribution

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



Connor Stone

A L

http://www.mjjsmith.com/thisisnotagalaxy/
Smith et al. arXiv:2111.01713
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Now If we want to sample from the posterior, its score is all we need:
V. logp(x|y) =V, log p(y|x) + V,log py(x)

| |

This is intractable! This is the prior
score we
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But!
Many approximations have been proposed:
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Using Tweedie formula or other approximations Training a surrogate posterior close to the true one in a KL
to the convolved likelihood sense, the DM is a prior in the VI

e.g : Song et al., 2023; Wang et al., 2022; Kawar et al., 2022;

Rout et al., 2023; Chung et al., 2023, Adam et al. 2023 e.g : Feng et al 2023; Feng & Bouman, 2024

Variable splitting Sequential MC
Alternating between a likelihood evaluation step Get approx samples, and reweigh them to get a new
and short prior diffusion step proposal. lteratively converges

e.g :Wu et al., 2024 Zhu et al., 2023; Li et al., 2024 e.g : Trippe et al., 2023; Dou & Song, 2024, Cardoso et al., 2024



THESE DIFFERENT METHODS PERFORM VERY DIFFERENTLY IN
DIFFERENT PHYSICAL SCIENCE PROBLEMS

Linear inverse scattering Compressed sensing MRI Black hole imaging Full waveform inversion Navier-Stokes equation
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SCORE-BAS

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

D MODELING

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

\4

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

v

This is the prior score we
learnt from the training
data
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JOINT INFERENCE OF
L ENS AND SOURCE PARAMETERS
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JOINT INFERENCE OF
L ENS AND SOURCE PARAMETERS
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GAME PLAN

2. Data-driven likelihoods



DEALING WITH REALISTIC NOISE:
BEYOND GAUSSIANITY
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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: Alexandre Adam Ronan Legin

s(x) = V_ log O(x)
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S(x) = Vlog O(x) Alexandre Adam Ronan Legin
P(xol|n) = Q(xo — M(n))

Nt+1 = Nt + TV,, log Q(XO o M(n)) g \/_2;.1:

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

3. Accuracy metrics
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MACHINE LEARNING IS ENABLING US TO DO INFERENCE IN
HIGH-DIMENSIONAL SPACES, AND TACKLE PREVIOUSLY
INTRACTABLE QUESTIONS

In these high-dimensional spaces,
how do we actually define and measure accuracy?

We need to answer 2 gquestions:

* |f we have a pipeline that infers high-dimensional variables, like
images of galaxies, how do we assess the accuracy of this pipeline?

* |f we are using generative models as components or inputs to those
inference pipelines, how do we quantify the accuracy with which they
represent the underlying distribution?
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ARE THESE UNCERTAINTIES ACCURATE?
COVERAGE TEST ASSESSMENT

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 7

coverage probability is equal to the probability mass
of the credible region.
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PROBLEMS WITH TRADITIONAL HPD
COVERAGE TESTS:

TRUE VALUE

68%  95%

1. In high dimension, like in pixel space tor an image,
how do we find a the HDP region for a given volume?

We could estimate the density (e.g. with KDE) but very crude
approximation with limited samples, especially over complex densities
like images.
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Lots of inaccuracies could be hiding in a diagonal plot!
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COVERAGE TEST FOR ACCURACY WITH
RANDOM POINTS U—

_T ARP_ Coogan Lemos

Simulation 1 (z] ~ p(-|67)) Simulation 2 (z% ~ p(-/03)) Simulation 3 (z% ~ p(-|03)) ... Simulation N (z%, ~ p(-|9%))
- O~ p(6lz7) //
¥ /
A 0 VA
(/ ¥, 2) * o0
™ N %3 A ’,//—"\\ ol
\ e VS ) -
/ o« Sgy 3
\ | A
\ o/ AN
w \ 4
_ \\\v/// \\
30% in ball 40.6% in ball 33.6% in ball 92.6% in ball

pip install tarp

Lemos, et al. ICML 2023, 2302.03026



COVERAGE TEST FOR ACCURACY

Accurate case Overconfident case Underconfident case Biased case
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Palo Lemos
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PQMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE
MODELS USING PROBABILITY MASS ESTIMATION

Pablo Kolya
Lemos Malkin
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pip install pgm

Lemos et al. ICLR 2025, 2402.04355
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PQMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE
MODELS USING PROBABILITY MASS ESTIMATION

Pablo Kolya

Sammy Shariet | o os Malkin
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POMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE
MODELS USING PROBABILITY MASS ESTIMATION

Pablo Kolya
Lemos Malkin
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m Connor Salma
4 N Stone Salhi
4
\ e
pip install pgm
k(X, R) ~ B (n, Pp(R)) {k(x’ Rﬁ) i=1..ng ~ M (7‘&, {]PP(Ri)}i=1...'nR)

X%QM = f: (k(XRzA) o N.L,L)z | (k(ny&) B ]g\fy,i)'2
Ny ; Ny

Lemos et al. ICLR 2025, 2402.04355



PQMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE
MODELS USING PROBABILITY MASS ESTIMATION

Given any sampling distribution, or generative model,
if two sets of samples are generated from the same dis-
tribution, then the statistic x%QM Jollows a chi-square
distribution with np — 1 degrees of freedom.
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POMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE
MODELS USING PROBABILITY MASS ESTIMATION

Pablo Kolya
Lemos Malkin

Connor |
Power of PQMass: Stone

 Works directly in pixel space (or other data space) without relying on
dimensionality reduction

* Only relies on defining a distance between points, so scales extremely well to
high-dimensional spaces (>500,000 dimensions)



POMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE
MODELS USING PROBABILITY MASS ESTIMATION

Pablo Kolya
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POMASS: EXAMPLE OF APPLICATION TO 1
SIMULATORS AND EMULATORS AT THE FIEL
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POMASS: EXAMPLE OF APPLICATION TO TEST ACCURACY OF

SIMULATORS AND EMULATORS AT THE FIEL
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A. Bayer et al. Apd2025, 2505.13620



POMASS: CAN BE APPLIED TO DATA
OF VARIED MODALITY
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MIRA: POMASS FOR POSTERIOR INFERENCE AND CONDITIONAL
MODELS TRANSFORMING TARP INTO AN ACCURACY METRIC

Sammy Justine

Sharief Zeghal
Random seed 0 Random seed 1 Random seed 2
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MIRA (MASS IN RANDOM AREAS): A SCORE FOR CONDITIONAL
DISTRIBUTION ACCURACY AND MODEL COMPARISON

Sammy Justine
y=Ax"+n  x*  x~po(x|y) x~pi(x|y) x~pa(x|y) x~pa(x | ) Sharief  Zeghal
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Prior and Noise Level

20006.02014, ICML 2026



MIRA (MASS IN RANDOM AREAS): A SCORE FOR CONDITIONAL

DISTRIBUTION ACCURACY AND MODEL COMPARISON
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GAME PLAN

4. Out-of-Distribution accuracy
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ADDRESSING DISTRIBUTIONAL SHIFTS:
PRIOR MISSPECIFICATION

So far, we've used data (corrupted by noise, psf, etc. ) or simulations (potentially out of distribution) to learn

our prior distributions.

Should we worry?

We will soon be in the regime where we have 0(10°) strong lenses.
PQMass can allow us to detect if our posterior reconstructions are significantly shifted with respect to our prior
=> we can detect if the prior is out of distribution even in very high dimensional spaces.

Can we use some of our observations to learn the prior hierarchically?
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What we would like to do:

) o I | P(d; | x)p(x;| O)p(O)dx

l

Where 6 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:

0 = i
arg max p({yi}i=110)

Barco et al. 2407.17667



ADDRESSING DISTRIBUTIONAL SHIFTS:
PRIOR MISSPECIFICATION

What we would like to do:

) o I | P(d; | x)p(x;| O)p(O)dx

l

Where 6 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:

f = V16
a’rgroneag p({y z—l‘ )

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

Barco et al. 2407.17667



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., ApJd 2025, 2407.17667



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., ApJd 2025, 2407.17667




Observation




True
Observation Galaxy




Reconstruction with a
biased prior

True
Galaxy

Observation




Reconstruction with a
biased prior

True
Galaxy

Observation

Reconstruction with
the correct prior



Reconstruction with a
biased prior

True
Galaxy

Observation

Reconstruction with
the correct prior



Reconstruction with a
biased prior

True
Galaxy

Observation

Reconstruction with
the correct prior









True digit




True digit Observation




True digit Observation




True digit Observation Reconstruction




Observation




Observation Reconstruction




Observation Reconstruction




Oservtion Reconstruction




Oservtion Reconstruction




Observation Reconstruction

True




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., ApJd 2025, 2407.17667



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., ApJd 2025, 2407.17667



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., ApJd 2025, 2407.17667



ADDRESSING DISTRIBUTIONAL SHIFTS:
MODEL MISSPECIFICATION?

v | . I
|

Nicolas

C : . r . Payot
Could we use a similar framework to learn misspecitied physical models” !

SIS k-map

Parametric model for the lens:

6, |arcsec|

Realistic mass map from simulations:

Payot et al., ML4Astro Workshop at ICML 2025,



ADDRESSING DISTRIBUTIONAL SHIFTS:
MODEL MISSPECIFICATION?

Nicolas
Payot

Could we use a similar framework to learn misspecitied physical models”

EPL k-map SIS k-map

. 10 mu
Parametric model for the lens:

6

f, |arcsec)

2

0
() 2 2 4 o 10 0 2 3 6 o 10

6, |arcsec 6, |arcsec

Realistic mass map from simulations:

Payot et al., ML4Astro Workshop at ICML 2025,



ADDRESSING DISTRIBUTIONAL SHIFTS:
MODEL MISSPECIFICATION?

We can map our over-constrained physical model to an over-

| , Nicol
parametrized latent space, and apply the same techique! Fl(;?,;s

Yohs K.

Payot et al., ML4Astro Workshop at ICML 2025,



ADDRESSING DISTRIBUTIONAL SHIFTS:
MODEL MISSPECIFICATION? S

L —

Wil
We can map our over-constrained physical model to an over- Wﬂ/ /W
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ADDRESSING DISTRIBUTIONAL SHIFTS:
MODEL MISSPECIFICATION?

We can map our over-constrained physical model to an over-

. . Nicol
parametrized latent space, and apply the same techique! Fl(;(;cis

K20 Yobs — 4 fiogS

e e Payot et al., ML4Astro Workshop at ICML 2025,



STRONG LENSING SIMULATION PIPELINE:
CAUSTIC

A fast, GPU-compatible, auto-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

b x » ‘i(-i.: ”:é

Connor Alex Misha Charles
Stone Adam Barth Wilson

https://github.com/Ciela-Institute/caustics
https://caustics.readthedocs.io/en/latest/intro.html



https://github.com/Ciela-Institute/caustics

BONUS!

5. Datal



TEST CASE: SDSSJ1430+4105

Lens Observation

Discovered in 2006 from SDSS;

Hubble Space Telescope Imaging;

Distance: z_ | ~ 0.285, z s ~ 0.575.




RECONSTRUCTING THE SOURCE GALAXY IS CHALLENGING,
EVEN WITH NON-MNIST SOURCES.

Joint inference of lens and source

Lens
Observation
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RECONSTRUCTING THE SOURCE GALAXY IS CHALLENGING,
EVEN WITH NON-MNIST SOURCES.

Joint inference of lens and source

Bolton et al. Eichner et al. Vegetti et al. Bayer et al.
2008 2012 2014 2023
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RECONSTRUCTING THE SOURCE GALAXY IS CHALLENGING,
EVEN WITH NON-MNIST SOURCES.

Joint inference of lens and source

Our Work
(preliminary)

Bolton et al. Eichner et al. Vegetti et al. Bayer et al.
2008 2012 2014 2023

Lens
Observation




WE CAN SAMPLE THE POSTERIOR OVER POSSIBLE SOURCES, MARGINALIZING OVER POSSIBLE
LENS MODELS

Uncertainties show that the complex morphology is
reconstructed with high confidence.

Galaxy Model
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HOW WELL DOES OUR GALAXY MODEL RECONSTRUCT THE
LENSED OBSERVATION?

We can extracted near-maximal information from the data.

Data Frame 0 Data Frame 1 Data Frame 2 Data Frame 3

7
10° 3
C
o
=
(9]
9
w
107t
Residual Frame 1
N T o e
i ke .E'::-":q L e ¥
[, o 5 -du Trla e
i R Lo s
e -1 [P
p SR T S Ve ‘.; 3=
gl T g Lle oy = g 51
Al A e R A,
-.-:'.-.II'J-_::':l!.\.-l:l' -I"!'_. o !!-_'.::_-:.F'!:-
e e R 2 2 o
o
Ll
= ~
1 _'. g
: 0 3
e =
e ;
= ©
b b
] o
[ley'-= o

v T, Toiid i . o " . . . . " o T

ey :?l:-'ﬁ:'LT"‘r-.:f-'"'i-

'\- | |
M e e A
Model - No Lens Light Lens Light




HOW WELL DOES OUR GALAXY MODEL RECONSTRUCT THE
LENSED OBSERVATION?

We can extracted near-maximal information from the data.
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FINAL THOUGHTS...

| presented a lot of exemples related to strong lensing data analysis, but the structure of
many inverse problems in astrophysics and cosmology is similar, and they face similar
challenges.

By tackling to the problem of explicit, high-dimensional inference, we have access to our
posterior samples, and that allows us to open the black box, and understand where the
information in our inference is coming from. This is (one of) the way we are going to build
trust in inference methods that incorporate ML.



