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Modern Cosmology+Astrophysics

Euclid Simons Observatory CHIME
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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

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.
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GAME PLAN

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

3. Accuracy metrics

4. Out-of-Distribution accuracy
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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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WHY IS LENSING A GOOD PLAYGROUND?

1. It's a probe sensitive to lots of science we want to learn about

2. We have lots of lenses that are sensitive, and about to discover plenty more

NANCY GRACE

ROMAN

SPACE TELESCOPE

(&) ohserved (f) predicted

(h) source reconstruction
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A SIMPLE EXAMPLE OF
LENS MODELING

1. Morphology of the background
source

(the true, undistorted image of
the candle)

2. Matter distribution in the lens
(the shape cf the wineglass)

Data

Data—y = F(l,s) +n

Lens +Source Parameters (non-linear)
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PARAMETRIC BACKGROUND SOURCE
RECONSTRUCTION
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MORE COMPLEX DATA DEMANDS A MORE
COMPLEX PARAMETRIZATION

Source Parameters (linear)

Data——y = L(p)x +n

I

Lens Parameters (non-linear) Noise
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PIXELATED BACKGROUND SOURCE RECONSTRUCTION

Linear Inversion
Observed Image Ground Truth Reconstruction
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PIXELATED BACKGROUND SOURCE RECONSTRUCTION
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LEARNING HIGH-DIMENSIONAL PRIORS
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.

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

Alexandre Adam

We model the score of the prior

so(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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Connor Stone

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 need:

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

| |

This is intractable! This is the prior
score we
‘ pe(y | %) =f p(y | x0)p(%0 | x¢)dxo learnt from the
Xp " p
training data
But!
Many approximations have been proposed:
Guidance-Based methods Variational Inference
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., 2033, Adam et al. 2023 e.g : Feng et al 2023; Feng & Bouman, 2024

Variable splitting
Alternating between a likelihood evaluation step

and short prior diffusion step
e.g :Wu et al., 2024 Zhu et al., 2023; Li et al., 2024
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THESE DIFFERENT METHODS PERFORM VERY DIFFERENTLY IN
DIFFERENT PHYSICAL SCIENCE PROBLEMS

Linear inverse scattering
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SCORE-BASED MODELING

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

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

Ground
Truth

-

. -

QO 00

Aiexandre Adam

Adam et al. NeurlPS 2022 MLAPS workshop,
arXiv:2211.03812
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OUT 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)
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Alexandre Adam

Adam et al. NeurlPS 2022 MLAPS workshop,
arXiv:2211.03812
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JOINT INFERENCE OF

LENS AND SOURCE PARAMETERS
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Missa Barco
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Barco et al, 20256 ML4Astrc workshop at ICML,
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GAME PLAN

2. Data-driven likelihoods
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DEALING WITH REALISTIC NOISE:
BEYOND GAUSSIANITY

D
B2
o
c
©
[}
o

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

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

s(x) = V,log O(x) Alexandre Adam F{onan- Legin
P(xo0[n) = Q(xo — M(n))
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Legin, Adam, et al. Apd Letters 2023, 2302.03046
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SLIC CAN BE APPLIED TO MULTIPLE DATASETS WHERE NON-GAUSSIAN NOISE IS AN ISSUE:

NOISE MODELING FOR JWST
SPECTROSCOPY

GRAVITATIONAL WAVE PARAMETER INFERENCE
IN THE PRESENCE OF GLITCHES

| T T
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HRonan Legin
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PSF-DECONVOLUTION (FOR HST) ,ﬂ"' PSF-DECONVOLUTION FOR INTERFEROMETRIC DATA
| With Score-Based Diffusion Models

Alexandre Adam
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GAME PLAN

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

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

C
We need to answer 2 guestions: OVERAGERLENS;SRP'ZT&RACY i ﬂ ﬁ
-TARP- l)u(udc::'l L:u:(:;
« |f we have a pipeline that infers high-dimensional variables, like images of e e sy
galaxies, how do we assess the accuracy of this pipeline? o ‘ :
TARP
Lemos et al. ICML 2023, 2302.03046 o nstall tarp

* |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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MACHINE LEARNING IS ENABLING US TO DO INFERENCE IN HIGH-DIMENSION,
AND TACKLE PREVIOUSLY INTRACTABLE QUESTIONS

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

z COVERAGE TEST FOR ACCURACY WITH
We need to answer 2 guestions: REREEK 6T E ﬁ
TARP- Googan Lemas
* |If we have a pipeline that infers high-dimensional variables, like images of S e ey
galaxies, how do we assess the accuracy of this pipeline? = % 3 e
TARP
Lemos et al. ICML 2023, 2302.03046 pip install tarp o st tarp

OF GENERATIVE MODELS USING
PROBABILITY MASS ESTIMATION

« |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? " —
PQMass o ) B (m By (B B Rl = M (AP RY) )
Lemos, Sharief et al. ICLR 2025, 2402.04355 e

Lemos et al. 2402.04355
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MACHINE LEARNING IS ENABLING US TO DO INFERENCE IN HIGH-DIMENSION,
AND TACKLE PREVIOUSLY INTRACTABLE QUESTIONS

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

; COVERAGE TEST FOR ACCURACY WITH
We need to answer 2 guestions: REREEH il E ﬁ
TARP- Googan Lemas
* If we have a pipeline that infers high-dimensional variables, like images of 2 |
galaxies, how do we assess the accuracy of this pipeline? = % e :
TARP
Lemos et al. ICML 2023, 2302.03046 pip install tarp o intall

OF GENERATIVE MODELS USING
PROBABILITY MASS ESTIMATION

* |f we are using generative models as components or inputs to those . By
inference pipelines, how do we quantify the accuracy with which they ] T
represent the underlying distribution? ' EA—r—
PQMaSS ke, B) ~ B (m, B, (R} TR0 R Ly M (3 AR )
Lemos, Sharief et al. ICLR 2025, 2402.04355 pip install PQM o 55 [ BB trg- R

Lemos et al. 2402.04355
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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 6G(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.
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ADDRESSING DISTRIBUTIONAL SHIFTS:
PRIOR MISSPECIFICATION

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 16
argmax p({y:}i=,|0)

Barco et al. 2407.17667
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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, 2407.17667
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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, 2407.17667
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Reconstruction with a
biased prior

True
Galaxy

Observation

Reconstruction with
the correct prior
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True digit Observation Reconstruction
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Observtion Reconstruction

True
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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, 2407.17667
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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?

fo

610

Barco et al., ApJ 2025, 2407.17667
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ADDRESSING DISTRIBUTIONAL SHIFTS:
MODEL MISSPECIFICATION?

Nicolas
Payot

T
% -

Could we use a similar framework to learn misspecified physical models?

Parametric model for the lens:

Realistic mass map from simulations:

Payot et al., ML4Astro Workshop at ICML 2025,
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ADDRESSING DISTRIBUTIONAL SHIFTS:

MODEL MISSPECIFICATION?

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

parametrized latent space and apply the same techique!
Yobs

o[-
B

h){) = 4 oS

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