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... or parameters 6 = { Re, p, f }?



0 Physical model Observation model y

Goal: Estimate parameters 6 or latents x from noisy or incomplete observations
y.



Al for particle physics at the LHC

\

Kyle Cranmer
(New York University)



Higgs boson ~ :

Leptons
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arg max p(y|6)7

ATLAS

EXPERIMENT
Candidate Event:
pp—- H(-bb) + W(-pv)
Run: 338712 Event: 335908183
2017-10-19 23:31:18 CEST
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pre-2019
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Reject the null hypothesis that the Higgs boson does not exist by a likelihood-
ratio test A\(6) = —2log p(x|0)/p(x|0), where the likelihood p(x|6) is
approximated as p(s(x)|0), for some summary statistic s(-).
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Wait a minute Kyle... how do we pick the right summary statistic s?
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Neural simulation-based inference

Observed data

: Prior
Parameters 0 B Tobs l
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1. Simulation 2. Machine Learning 3. Inference
. Train NN classifier, interpret as Amortized: cheap
Run simulator and save data - ) :
likelihood ratio estimator to repeat for new data

Learn the statistic s(+) with a neural network approximating the likelihood ratio
r(x|0) = p(x[0)/Pret(x).

Credits: Cranmer et al, 2015; Brehmeret al, 2018.


https://arxiv.org/abs/1506.02169
https://arxiv.org/abs/1805.00020
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ATLAS Preliminar
Vs =13 TeV, 140 fb!
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Credits: ATLAS Collaboration, 2024a; ATLAS Collaboration, 2024b.

ATLAS-CONF2024-015
26 Outoher 224

@ ATLAS CONF Note @
ATLAS ATLAS-CONF-2024-016 S

ExveRTManT
Novernber 4, 2024

Measurement of off-shell Higgs boson production in
the H* — ZZ — 4f decay channel using a neural
il i -b: d i i with the
ATLAS detector at s = 13 TeV

‘The ATLAS Collaboration

ATLAS CONF Note @

ATLAS ATLAS-CONF-2024-015 ~ZA
""""""""" 280 Octber 2024

Ani ion of Neural Si ion-Based
for P imation in ATLAS

‘The ATLAS Collaboration

RN fo the bereft ofthe ATLAS Collborsion.
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https://cds.cern.ch/record/2916090
https://cds.cern.ch/record/2915316

Cosmological inference
from stellar streams

Christoph Weniger
(University of Amsterdam)
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What is the nature of dark matter?

0 = mwpm
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Image credits: C. Bickel/Science; D. Erkal.

Palomar 5

™ (Pal5) stream
Pal5 was discovered in 2001 as
the first thin stream formied from
- * a globular cluster. Its current orbit
1 takes it far over the galactic center.

Globular clusters
These hives typically hold

100,000 stars or fewer and give
rise to long. thin streams.

5 subhaloes

GD1 stream
Discovered in 2006, GD1is

the longest known thin stream,
stretching across more than half the ¥
northern sky. It contains a gap that could
be the scar of a dark matter collision
500 million years ago. Pl

10 0 10 20 an
Re-scaled angle along

stream (degrees)

15/32


https://www.youtube.com/watch?v=uQVv_Sfxx5E
https://t.co/U6KPgLBdpz?amp=1

Observed stellar density N

exp(log p(#|x)) —

f t t t e
~ - 1 10 20 30 40 50
My pm

Credits: Hermans et al, 2021. 16/32


https://arxiv.org/pdf/2011.14923
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Preliminary results for GD-1 suggest a preference for CDM over WDM.

Credits: Hermans et al, 2021. 16/32


https://arxiv.org/pdf/2011.14923

Wait a minute Gilles... | can't claim that in a paper! M’
Your neural network must be wrong! '

17/32



Enforcing conservative posteriors
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Posterior approximations can be either overconfident (dangerous and wrong) or
underconfident (safe but inefficient).

Credits: Hermans et al, 2021. 18/32


https://arxiv.org/abs/2110.06581
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Conservative posteriors can be enforced algorithmically!

Credits: Delaunoy et al, 2022; Delaunoy et al, 2023. 19/32


https://arxiv.org/abs/2208.13624
https://arxiv.org/abs/2304.10978

Data assimilation in weather and
climate models

Marilaure Grégoire, Xavier Fettweis
(University of Liege)
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Weather forecast modeling

Timestep 5-10 minutes
Grid spacing 10-20 km

Variables at

the surface:
Temperature
Humidity
Pressure
Moisture fluxes
Heat fluxes
Radiation fluxes

Vertical exchange
between levels

Horizontal exchange
between columns

——— 1

Variables in the
atmospheric column:
Wind vectors

Humidity
Clouds
Temperature
Height
Precipitation
Aerosols

Assuming an initial state x(, weather forecasts are obtained by propagating the
state forward in time using a dynamical model p(x;1|x; ) based on (costly)
numerical simulations.
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GraphCast (Google Deepmind) demonstrated that graph neural networks can
be used for skilful weather forecasts, at a fraction of the computational cost.

a) Input weather state b) Predict the next state c) Roll out a forecast

GraphCast

f) Decoder
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Wait a minute... how do we know x in the first place?

We only have noisy observations !
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Transition . Transition
model

Observation Observation
model model

Observation
model

Yi—1 Yi Yi+1

Data assimilation: Estimate plausible trajectories 1.7, given one or more noisy
observations y (or y.7,) as the posterior

plenely) = PUE pleo) T i 1),



Score-based data assimilation

Forward diffusion process (fixed)

Noise

Data

Reverse denoising process (generative)

e ——————
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Diffusion models are deep generative models
capable of producing data from pure noise.
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Forward SDE (data — noise)
da(t) = F(a()dt + g(t)dw(t) —— 21.1(2)

Ly
S

xi—k;z’+k(

V. log p(x1..(t))

21.0(0) +—— dz(t) = [f(t)a:(t) - g(t)2 Va(t) logp(a:(t))]dt + g(t)dw(t)
Reverse SDE (noise — data)

Our approach:

» Build a diffusion model p(z1.r,) of arbitrary-length trajectories.

e Use zero-shot posterior sampling to generate plausible trajectories from
noisy observations y.

Credits: Rozet and Louppe, 2023.
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https://arxiv.org/abs/2306.10574

Credits: Rozet and Louppe, 2023.

Sampling trajectories x1.7, from
noisy, incomplete and coarse-grained observations v.
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https://arxiv.org/abs/2306.10574

Credits: Manshausen et al, 2024.
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SDA can assimilate noisy weather observations to produce stochastic
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https://arxiv.org/abs/2406.16947
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Assimilating satellite and float
observations in ocean models
(with Marilaure Grégoire).

Assimilating local observations in
regional climate models
(with Xavier Fettweis).



Earth-scale data assimilation at 0.25° resolution
with latent diffusion models (ongoing).
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Conclusions

Al can help us make sense of complex systems.

Al unlocks problems we couldn't solve before!

Al should be used in a principled way if we aim for scientific progress.

Collaborations between computer scientists and scientists are key.



The end.
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