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e Self organizing maps
objects classification
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Random forests
Object detection
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A biased selection of astronomy challenges

Exoplanets Cosmology

© NASA, ESA, CSA, J. Olmsted (STScl), T. P. Greene (NASA Ames), T. Bell (BAERI), E. Ducrot (CEA), P. Lagage (CEA)
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Outline

01 Exoplanets

02 cosmology: Large scale Bayesian inference
with BORG

03 Hybrid inferences
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From astronomy surveys to physics

This is an all-sky view of our Milky Way a

In just two weeks of observations, Eucli”.

© Video/Image ESA

Zoom in even more to where Euclid sees spiral galaxy NGC 21B8 and galaxy cluster Abell 3381
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01 Exoplanets detection
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Exoplanets detection challenges

2 EXOPLANET DETECTION METHODS

Transit photometry Transit-timing variation
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Transit photometry is one of the main
techniques used to discover exoplanets.
Cheops will use this technique to measure
the sizes of known exoplanets and to start
to characterise them. -

By using the transit-timing variatinn.'.’
technique, Cheops will be able to discover
additional, previously unknown planets
around some stars, and also determine
the planet masses.

Other techniques used to discaver new exoplanets (not
employed by Cheops] are: radial velocity, microlensing,
astrometry and direct imaging.

Direct imaging

Hcheops
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Microlensing effect for planet detection

Microlensing 14.5
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Important degeneracy between

large and small sky separation for Star-Planet lensing
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Exoplanets detection challenges

Convolutional Neural Network — at work for detection/characterization

Neural Posterior Estimator — inferences of microlensing orbital
parameter

2 EXOPLANET DETECTION METHODS

Transit photometry Transit-timing variation

Transit photometry is one of the main
techniques used to discover exoplanets.
Cheops will use this technique to measure
the sizes of known exoplanets and to start
to characterise them. -

By using the transit-timing variation.-l
technique, Cheops will be able to discover
additional, previously unknown planets
around some stars, and also determine
the planet masses.

Other techniques used to discaver new exoplanets [not
employed by Cheops] are: radial velocity, microlensing,
astrometry and direct imaging.

Microlensing Astrometry Direct imaging
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Exoplanets theoretical degeneracies discovered through Al

e Microlensing detection of planets relying on
amplitude magnification
e New degeneracies found with Neural Posterior Estimation
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02 Cosmology: Large scale
Bayesian inference with BORG
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From image surveys to galaxy surveys
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Reduced datasets: how astronomical surveys looked in 2010
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Reduced datasets: how astronomical surveys looked in 2010

Machine learning is already at work to characterize and

reduce image data
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The astronomy data revolution for cosmological analysis
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From astronomy surveys to physics

This is an all-sky view of our Milky Way a

In just two weeks of observations, Eucli”.

Classic analysis: 2-point correlation structure §

Mostly associative scientific analysis

Zoom in even more to where Euclid sees spiral galaxy NGC 21B8 and galaxy cluster Abell 3381
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A typical simulation pipeline of the universe in a nutshell

Prior Model Structure Formation Model a Data model

4 ) / o _ 4 )

dp
da

)
T (x, )

n (Nglpm, «, ﬂ)
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Simulations become increasingly complex with detailed physics

z =22.489
t = 0.150 Gyr

Dark Matter

4
;

FLAMINGO 100 pkpe
Virgo Consortium

|9\D Guilhem Lavaux SCAI/Al4Astrophysics Credit: Flamingo collaboration / Virgo consortium  09/03/2026



Performance CPU

High-performance computing has exploded... but now plateauing
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http://spec.org/
http://techpowerup.org/

BORG: a fully Bayesian density inference loop

generate ICs

forward simulate

e fully differentiable
cosmology simulation

constraints by data

e likelihood comparison

180°

Hamiltonian
Monte Carlo

Impaint tracers
e galaxy bias
e redshift distortions
e light-cone effects

|6]<6°

J.Jasche, F. Leclercq, B. D. Wandelt 2015
G. Lavaux, J. Jasche, F. Leclercg 2019
G. Lavaux, J. Jasche 2016

Jasche & Wandelt 2014 prEdlct Observab|eS

Jasche & Lavaux 2019
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Testing joint inferences with physical parameters

Dark Energy / Matter content Non-gaussianity of initial conditions Amplitude of initial conditions
(W’Qm> f (Gs’Qm)
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03 Hybrid inferences: accelerating
simulations
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Inference acceleration through density emulators: BORG-EMU

Approximate simulator Field-level emulator N-body
(~0.s) (~1s) (~600s)
64 channels + GaUSSial‘I
(x| M, <2, d) noise
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displacements in q:;q—’@ ’ ® . 3

X y.2 ENENNN,
St A Volume: 2502~ Mpc
1282 = 106 parameters

~100,000 HMC-samples N ®=§ | Resolution: 1.954~! Mpc
~25 eval / HMC-sample N Jamieson
~1 month with field-level emulator et al. 2022
~40 yrs with N-body

Particle
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Acceleration with ML-safety: COCA

Objective: design simulation accelerator with guaranteed physical /
accuracy asymptotically

Frame of reference expansion for N-body integration COCA uses ML to learn a

o COLA: analytic perturbation theory fra”;e of “Iaf?renlcf, in which
a pnysical simuiarion IS run.

o COCA: Deep learning emulator

Design:
J q
o Skip force evaluation / Keep timestep integration
Referen COCA =10 Residual =10
Performances: 125 Lo G T (:-f--_-_. 4
o 1% accurate for 10x less force evaluation _ 9% o f,.'ig R
=) a0 T : s
o Resilient to out-of-parameter training data T % [t o BN
T o3 u: = I;-'f' % :.T. ;--"'-I
e T
0 fe Py as -|.||-" .
64 96 12¢

0 32 64 96 128 0 32 64 96 128 0
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ML safety in inference: Learning the Universe by Learning to Optimize (LULO)

Main concepts:
* Use NN as optimizer rather than a
predictor
* Full physics prediction in the loop
Non-differentiable models allowed

No ML in physics modelling

Physics si
Including non-di

ulator pipeline & S al optimization pipeline
brentiable components o A b Data discrep®gcy mapped to initial conditions

Initial conditions x; Output &(x;)

o ML
model
: See Fig. 2
N i for details
; - . Ad; = S8(x;)—d
T 2d-slice,t = 8
« X;41 = Xt — 1Ax; + noise

i% ») Guilhem Lavaux SCAI/Al4Astrophysics Doeser et al. (MNRAS 2025, arXiv:2502.13243)  Slide design L. Doeser 09/03/2026


https://arxiv.org/abs/2502.13243

Example of LULO application
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https://arxiv.org/abs/2502.13243

oa Conclusion
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Simons Foundation: the "Learning the Universe" collaboration

Formed & funded (2021) — large scale cosmological
inference with Al techniques

o USA:
O Flatiron/CCA
O Columbia University

o Johns Hopkins University
O Pennstate 2 [s.h ﬂsmmng,ﬂ,& Tt \

astrophysical
parameters

optimized guess

DM density-velocity field
for new parameters

o University of California at Berkeley su-halo propertes
. . = i ML-accelerated simulations (5.3)
@) H a rva rd U n IVe rs Ity {Sfojlll‘;a;r‘r'vnf.arsze;::i-‘z, m emulated DM

position, velocity)

» emulated galaxy &
e lenned gas observables

mapping
Bayesian Origin simulation-based
Reconstruction of inference (SBI)
Galaxies (BORG) /

ﬁ observations

distribution

(SDSS, ACT)

® Europe: Gesi 0
o CNRS/IAP BlEE
o MPG/MPA Garching

0 Stockholm University

reconstructed
3D primordial
density field
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Astronomy requires AI/ML/DeepLearning in all its aspects

Data;:

Signal detection (Random Forests, ...)

~— Data filtering (e.g. SOMs)

Simulation:

~— Simulation acceleration / emulation (BORG-EMU, COCA, ...)

Automatic summary statistics:

Inference:

~ Kernel density estimate (Implicit Likelihood Estimation)

Evidence computation (Harmonic Normalizing Flow estimator)

Software development & Foundation models in development

Guilhem Lavaux

Deep Learning boosted optimization (LULO)

Information Max. Neural Networks

SCAI/Al4Astrophysics

09/03/2026
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