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ML/AI in Particle Physics
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What is Machine Learning

•  Study of algorithms that 

 improve their performance P

 for a given task T 

 with more experience E

Sample tasks: identifying faces, Higgs 
bosons
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High-Energy Physics Today
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Machine learning at the forefront of 
what we do:

• Physics object identification

• Event type classification 

• Fast event generation

• Object properties regression

• Anomaly detection

• Expanding rapidly

Identifying boosted objects 

15'
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Modern scientific wonder: 

Operating since 2010

Expected to run for the 

next 15 years
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Amazing success of an 

international collaboration of 

thousands of scientists from 

across the world 

Large Hadron Collider



05/12/2026 PHENO 2026                                    Sergei V. Gleyzer 7



05/12/2026 PHENO 2026                                    Sergei V. Gleyzer 8



Higgs Boson 

Discovery
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July 4, 2012 
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Higgs to di-photons
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ATLAS CMS
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Higgs Discovery
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• Identification of particles

• Identification of interactions

• Energy regression

• Event selection

Improvement in analysis from all four areas

In Higgs Discovery



Imaging/Graph Techniques

Fast 

Simulation

Relevant areas
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Tracking Object Identification

Trigger
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Figure 2: An illust rat ion of the deep convolut ional neural network architecture. The first

layer is the input jet image, followed by three convolut ional layers, a dense layer and an

output layer.

The maxpooling layers performed a 2⇥2 down-sampling with a st ride length of 2. The dense

layer consisted of 128 units.

All neural network architecture t raining was performed with the Python deep learning

libraries Keras [47] and Theano [48] on NVidia Tesla K40 and K80 GPUs using the NVidia

CUDA plat form. The data consisted of the 100k jet images per pT -bin, part it ioned into 90k

training images and 10k test images. An addit ional 10% of the t raining images are randomly

withheld as validat ion data during t raining of the model for the purposes of hyperparameter

opt imizat ion. He-uniform init ializat ion [49] was used to init ialize the model weights. The

network was trained using the Adam algorithm [50] using categorical cross-entropy as a loss
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Event Level ID
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CMS Detector and Particle ID



Key Question
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Can we fully exploit the detectors? 

        low-level data + modern deep learning

End-end learningAndrews et al. 
Comp.Soft.Big.Sci. 4 (2020) 6



End-to-End Deep Learning
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By-passing traditional reconstruction with 

deep neural networks 

Andrews et al. (2020, 2021)



JHEP 07 (2016) 069

End-to-End Jets
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Andrews et al. (2020)



End-to-End Top Quark Pair
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Gleyzer et al. (2021)Andrews et al. (2021)



H → 4γ rare decay
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a =  1GeV                                             200MeV                                     100MeV

New windows of opportunity

In areas previously too difficult to explore CMS (2023)



H → 4γ rare decay
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CMS Collaboration (2023)

New windows of opportunity



Delay Line Detectors
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M. Knipfer et al.  (2023)



Delay Line Detectors
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Spatial → Temporal

M. Knipfer et al.  (2023)



Delay Line Detectors
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Strong e- anti-correlation 

via coulomb repulsion 

in the dead region

Real experimental 

data
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Shallow

Deep NN
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Feature Extraction

Higgs Classification



Upcoming Challenges

Data size:
– LHC 15,000,000 Тb   2010 - 2035

– Resources not up as fast as data volumes
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Unknown 

Physics
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Pile-Up Collisions



Going Beyond Classification
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Generative Models

05/12/2026 PHENO 2026                                    Sergei V. Gleyzer 28

GAN



Conditional GANs
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Graph Neural Networks
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In

Reconstruction
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Fast 

Simulation
Trigger



Graph VAE for Fast Simulation
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Anomaly Detection (DQM)
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Continual Learning (DQM)
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Julson et al.  (2023)
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CMS Trigger System
108 sensors



Machine Learning Trigger
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ML at Level-1 Trigger

Auto-EncodersFPGAs and Deep Learning            



Key Ideas for HL-LHC
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Graph and End-End Representation Learning

Deep Combination of Spatio-Temporal Data 

Tensor decomposition (towards trigger) 

Compositionality, causal modeling (inference)

Unsupervised learning and physics 



Open Questions
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How to quantify uncertainty

First principles models

Model interpretability

 

What features are learned



Symbolic AI for HEP
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Alnuqaydan et al. (2023)
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Quantum  
Machine Learning 

A Glimpse of the Future  



Quantum ML for HEP
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Forestano et al., Dong et al., Comajoan Cara et al., Unlu et al. 

QGAN, QDNN, QGNN, QVIT, EQNN



Machine Learning 4 Science
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Summary

05/12/2026 PHENO 2026                                    Sergei V. Gleyzer 42

• Will require progress to extract all the 

knowledge we seek from the scientific

• We are taking steps towards 

answering  fundamental questions 

about the Universe

•     Advanced Deep Learning is a powerful tool 

to help us achieve these goals for 

reconstruction, simulation and realtime 

applications



THANK YOU
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Questions? 

Email: sgleyzer@ua.edu

mailto:sgleyzer@ua.edu
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