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«  World’s largest particle
accelerator currently

« Proton-proton & Heavy
ion collisions

« 4 large experiments with
varied physics goals




The ATLAS Detector
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ATLAS

EXPERIMENT

barrel hadronic calorimeter

« Cylindrical general purpose detector
« Largest detector at LHC
« Recording O(10°) events each second
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« Many interesting processes generate b-jets

 Identifiable due to long b-hadron lifetime
-~ Secondary vertex, impact parameter
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Jet Flavour Tagging
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Many interesting processes generate b-jets
Identifiable due to long b-hadron lifetime
- Secondary vertex, impact parameter
Evolution of tagger architectures follows
overall ML trends

ATLAS b-tagging architecture now adapted
for other jet tagging tasks

Object Reco



Machine Learning in ATLAS Analyses - A Biased Selection 750 UNIVERSITE

. 2/ DE GENEVE
Event Classification FACULTY OF SCIENCE
« No way to steer which collision processes occur
« Need to separate backgrounds from signal
« Basic strategy: “cut and count”
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« No way to steer which collision processes occur . K |
« Need to separate backgrounds from signal

« Basic strategy: “cut and count”
—  Not feasible for many processes > ML-based
classification
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« Particle assignments in analyses often needed
- Event reconstruction with large combinatorics
- ‘Invisible’ neutrinos present additional complication
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Enter Foundation Models

« Large models with self-supervised pre-training
- Sofar used predominantly for natural language

processing & computer vision
(e.g. BERT, GPT, JEPA)

« Rely on huge datasets for pre-training
- No labelling necessary

« Adaptable for many varied downstream tasks
with low-stat fine-tuning
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Foundation Models in Particle Physics

« Currently many similar models trained on

analysis level
- Shift to Transformers for many tasks
- Limited training statistics in each analysis

FMs pre-training on all collider data for
generalisation & reduction in personpower
« Sofar: Most models trained on jet level

- Both MC-based and data-based pre-training
reported
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Going Further: Event-level Foundation Models

« Jet-based downstream tasks limited
« No lack of unlabelled training data:
- Billions of particle collision events recorded
> Pre-training on event-level collider data
« Large array of downstream tasks
« Further developments possible:
- Calibration against domain shift
- Multi-modal models for detector simulation,
reconstruction & unfolding
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