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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.

SIMPLE MODELS CAN BE SUFFICIENT FOR SIMPLE DATA

Better data -> simplistic models can bias the inference

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

LEARNING HIGH-DIMENSIONAL PRIORS

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.


s(x) = ∇xlog(π(x))

Training data
{x1, . . . , xn,} ∼ πdata(x)iid

Density function 
pθ(x) ≈ πdata(x)
Score function

sθ(x) ≈ ∇log(π(x))

WITH SCORE MODELING

LEARNING HIGH-DIMENSIONAL PRIORS

Can we learn our high-dimensional prior from data? 
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Alexandre Adam
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http://www.mjjsmith.com/thisisnotagalaxy/
Smith et al. arXiv:2111.01713

Connor Stone



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)

This is the prior 
score we 

learnt from the 
training data



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)

This is intractable! This is the prior 
score we 

learnt from the 
training data



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)

This is intractable! This is the prior 
score we 

learnt from the 
training data

But! 

Many approximations have been proposed: 



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)

This is intractable! This is the prior 
score we 

learnt from the 
training data

But! 

Many approximations have been proposed: 

Guidance-Based methods 
Using Tweedie formula or other approximations 

to the convolved likelihood

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



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)

This is intractable! This is the prior 
score we 

learnt from the 
training data

But! 

Many approximations have been proposed: 

Guidance-Based methods 
Using Tweedie formula or other approximations 

to the convolved likelihood

Variational Inference 
Training a surrogate posterior close to the true one in a KL 
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



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)

This is intractable! This is the prior 
score we 

learnt from the 
training data

But! 

Many approximations have been proposed: 

Guidance-Based methods 
Using Tweedie formula or other approximations 

to the convolved likelihood

Variable splitting 
Alternating between a likelihood evaluation step 

and short prior diffusion step

Variational Inference 
Training a surrogate posterior close to the true one in a KL 
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

e.g :Wu et al., 2024 Zhu et al., 2023; Li et al., 2024



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)

This is intractable! This is the prior 
score we 

learnt from the 
training data

But! 

Many approximations have been proposed: 

Guidance-Based methods 
Using Tweedie formula or other approximations 

to the convolved likelihood

Variable splitting 
Alternating between a likelihood evaluation step 

and short prior diffusion step

Variational Inference 
Training a surrogate posterior close to the true one in a KL 
sense, the DM is a prior in the VI

Sequential MC 
Get approx samples, and reweigh them to get a new 
proposal. Iteratively converges

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

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 



Zheng et al. ICLR, 2025

THESE DIFFERENT METHODS PERFORM VERY DIFFERENTLY IN 
DIFFERENT PHYSICAL SCIENCE PROBLEMS



SCORE-BASED MODELING

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

∇xlog p(x |y) = ∇xlog p(y |x) + ∇xlog pθ(x)

To a good approximation, we can 
c a l c u l a t e t h e l i k e l i h o o d s c o r e 
analytically if we assume it’s Gaussian 
and we know the lensing matrix.

This is the prior score we 

learnt from the training 
data
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LENS AND SOURCE PARAMETERS

Missa Barco

Barco et al. 2025 ML4Astro workshop at ICML,



Missa Barco

Barco et al. 2025 ML4Astro workshop at ICML,

arXiv:2511.04792

JOINT INFERENCE OF 

LENS AND SOURCE PARAMETERS
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DEALING WITH REALISTIC NOISE: 

BEYOND GAUSSIANITY

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

Alexandre Adam Ronan Legin



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:

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

s(x) = ∇xlog Q(x)

Alexandre Adam Ronan Legin
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SLIC CAN BE APPLIED TO MULTIPLE DATASETS WHERE NON-GAUSSIAN NOISE IS AN ISSUE:

Legin et at, ApJ Letters 2026, 2410.19956
Salhi et a;, NeurIPS ML4PS workshop 2024

Dia, et al. 2025, 2501.02473
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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 questions:

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


• If 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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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.

These are HPD credible regions

ARE THESE UNCERTAINTIES ACCURATE?

COVERAGE TEST ASSESSMENT



We could estimate the density (e.g. with KDE) but very crude 
approximation with limited samples, especially over complex densities 
like images.

TRUE VALUE

68% 95%

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

PROBLEMS WITH TRADITIONAL HPD 
COVERAGE TESTS:
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Lemos, et al. ICML 2023, 2302.03026

COVERAGE TEST FOR ACCURACY WITH

RANDOM POINTS Pablo 

Lemos

pip install tarp

-TARP-
Adam 

Coogan



Lemos, et al. ICML 2023, 2302.03026

Accurate case

Pablo Lemos

COVERAGE TEST FOR ACCURACY



Lemos et al. ICLR 2025, 2402.04355

PQMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE 
MODELS USING PROBABILITY MASS ESTIMATION 
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PQMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE 
MODELS USING PROBABILITY MASS ESTIMATION 



Pablo 

LemosSammy Sharief Kolya 


Malkin

Connor 

Stone

Salma 

SalhiPower of PQMass:

• 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)

PQMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE 
MODELS USING PROBABILITY MASS ESTIMATION 



Pablo 

LemosSammy Sharief Kolya 


Malkin

Connor 

Stone

Salma 

Salhi

PQMASS: PROBABILISTIC ASSESSMENT OF GENERATIVE 
MODELS USING PROBABILITY MASS ESTIMATION 

Lemos et al. ICLR 2025, 2402.04355



PQMASS: EXAMPLE OF APPLICATION TO TEST ACCURACY OF 
SIMULATORS AND EMULATORS AT THE FIELD LEVEL

Sammy 
Sharief

Lemos et al. ICLR 2025, 2402.04355



PQMASS: EXAMPLE OF APPLICATION TO TEST ACCURACY OF 
SIMULATORS AND EMULATORS AT THE FIELD LEVEL

Sammy 
Sharief

Adrian 
Bayer

A. Bayer et al. ApJ2025, 2505.13620

 



PQMASS: CAN BE APPLIED TO DATA 
OF VARIED MODALITY

Images Tabular data Time series data

Spectra
Low-dimensional  

parametric distributions

Protein sequences



MIRA: PQMASS FOR POSTERIOR INFERENCE AND CONDITIONAL 
MODELS TRANSFORMING TARP INTO AN ACCURACY METRIC

Sammy 
Sharief

Justine 

Zeghal


2605.02014, ICML 2026



MIRA (MASS IN RANDOM AREAS): A SCORE FOR CONDITIONAL 
DISTRIBUTION ACCURACY AND MODEL COMPARISON

Sammy 
Sharief

Justine 

Zeghal


2605.02014, ICML 2026



MIRA (MASS IN RANDOM AREAS): A SCORE FOR CONDITIONAL 
DISTRIBUTION ACCURACY AND MODEL COMPARISON

Sammy 
Sharief

Justine 

Zeghal


2605.02014, ICML 2026
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Can we use some of our observations to learn the prior hierarchically?
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PRIOR MISSPECIFICATION

What we would like to do:

P(θ |d1,...,i) ∝ Πi ∫ P(di |xi)p(xi |θ)p(θ)dx

Where  parametrize our prior (in our case the score-based model parameters). 
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And we do this iteratively using posterior samples to retrain a new prior.
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Data credit: IllustrisTNG, Bottrell et al. 2024
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Applications to galaxies: can we learn that spiral galaxies exist starting 
from a prior with just (real, noisy) ellipticals?


Barco et al., ApJ 2025, 2407.17667Data credit: DESI Legacy Imaging Surveys, Dey et al. 2019
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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

4) Fast microlensing simulations

5) Time-delays

3) Line of sight mass distributions

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

Adam 

Coogan
Adam 


Coogan
Connor

Stone

Andi

Filipp

Alex

Adam

Misha

Barth

Charles

Wilson

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


1. Data-driven priors

2. Data-driven likelihoods

3. Accuracy metrics

4. Out-of-Distribution accuracy

BONUS!

5. Data!



Lens Observation

Discovered in 2006 from SDSS; 

Hubble Space Telescope Imaging; 

Distance: z_l ~ 0.285, z_s ~ 0.575.

TEST CASE: SDSSJ1430+4105
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‘FAMILY PHOTO’ OF RECONSTRUCTED GALAXIES

Z~0.6 TO 1 (5 TO 8 BILLION LIGHTYEARS AWAY)



Source: SDSS DR10

z=0.7 About 6.3 billion light-years away

‘FAMILY PHOTO’ OF RECONSTRUCTED GALAXIES

Z~0.6 TO 1 (5 TO 8 BILLION LIGHTYEARS AWAY)



FINAL THOUGHTS…

I 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.


