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=>»generative models to the rescue...

HEP ML gen models, David Rousseau, COMCHA, Zaragoza, Apr 2026



Condlt ! ned Generators

Text to image GAN Reed et al arXiv:1605.05396 1= - Nano Banana d1ffus1on model

2016 2026

this small bird has a pink this magnificent fellow is
breast and crown, and black almost all black with a red
primaries and secondaries. crest, and white cheek patch.

the flower has petals that this white and yellow flower
are bright pinkish purple have thin white petals and a
with white stigma round yellow stamen



https://arxiv.org/abs/1605.05396
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Calorimeter

imulation (Calo

Single Electron shower at 913.4 GeV
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Two examples of generative models
one old, one new



Generatlve Adversarlal Network
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ATLAS Collaboration, arXiv:2210.06204
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https://arxiv.org/abs/2210.06204
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Normalised to unity
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So much progress smce2016

1 See nice 1ntr0duct10n i #DaII -e Diffusion model

Forward SDE (data — noise)
dx = f(x,t)dt + g(t)dw

score functlon

t)[V log p: ( i] dt + g(t

Reverse SDE (noise — data)

GAN becoming obsolete, can
we do something (serious) with
diffusion model ?
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https://www.superannotate.com/blog/diffusion-models

Slmulatlon W|th dlfquIOI‘I model

On CanChaIIenge dataset
=»seems to work, claim it is easier to train
However inference (=generation) slower
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https://arxiv.org/pdf/2206.11898.pdf

CaloChallenge



How to evaluate a generatlve model

For text or |mage generatlon subJectlve human evaluatlon « by eye »
For science we should be more quantitative:
train a classifier to distinguish the generative model from reference=truth :

AUC : Area Under the (ROC) Curve
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CaloChaIIenge results

C. Krause et al CaloChallenge 2022 final paper arX1V 2410.21611
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Diffusion models more accurate but slower
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Outlook



High granularity calorimeter (FCC)
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https://arxiv.org/abs/2601.11716

Musella & Pandolfi arXiv 1805.00850

Simulation strategy shown so far:
Replace each Geant4 showers by NN simulation
Still need to simulate all particles

i 1
E:_ . N -
F »

FROOT
Detector igitizati Physics Analysi
Siclation Digitization - ySsICS ySsIs

Why not go directly from truth to
reconstruction or even Physics Analysis?
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What’s next

10 years after GAN paper generatlve models are st|II onIy
marginally used in production in experiments...
Challenges:

What accuracy is « good enough » ?

Validation on high-level variables, g/e identification but also jet
substructure

Hadron/jet are background to photon/electron=>tails of hadron/jet
simulation to be accurate to 103 -104

Accuracy versus inference speed
Wide range of particle energy
Tricky corners of detector geometry

Scaffolding of simulation engine : truth to calorimeter cell, truth to

analysis object
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