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Machine Learning in 
High Energy Physics
Collider experiments



ML & HEP: old friendship

more than three decades ago…



From shallow to deep … 
more data, more computing power, ML-friendly hardware (e.g. GPUs)



January 2012
Paper by G. Hinton et al. launches 
the Deep CNN revolution

Nobel Prize in 
Physics 2024

At different times, 

different algorithms were 

at the edge of ML research 



January 2012
Paper by G. Hinton et al. launches 
the Deep CNN revolution

LHC/CERN was busy with Higgs 
discovery.  But picked up momentum 
on deep CNN soon after.

HEP-ex community: early adopters of  
Machine Learning.  Higgs discovery made use 
of Boosted Decision Tree (BDT)
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Full chain of a publication from CMS/ATLAS    in a nutshell

   ML is used in basically every stage



Triggering @ hadron collider experiments (CMS/ATLAS)
❏ One bunch-crossing every 25 ns (i.e, 40M collisions/sec).

❏ Hundreds of particles emerging from each bunch-crossing.

❏ Each recorded event is O(1) MB of data (CMS/ATLAS).  

❏ The total amount of data produced by LHC is too large to be stored by CMS/ATLAS.

❏ Can only store O(1)% of total events → Real-time selection (trigger)



ML @ trigger level
Human bias in triggers? Are we throwing away events containing BSM?
CMS introduced unsupervised techniques to mitigate this. Anomaly detector!

Fast anomaly detection 
with variational 

autoencoder @L1trigger 

ML-based 
tau-tagging and 
b-tagging @HLT

Unsupervised
Supervised



Big Data
https://www.symmetrymagazine.org/article/10-years-of-lhc-physics-in-numbers   March 2020

1 PB = 1015 Byte

https://www.symmetrymagazine.org/article/10-years-of-lhc-physics-in-numbers


Jet tagging 

❏ Jet: spray of (mostly hadronic) 
particles produced at a 
collision.  

❏ Jet tagging: study a jet and 
guess which particle started 
the shower. Traditionally a 
testbed for ML (since LEP era) 

❏ With modern ML, 
performance boost beyond 
expectations 

❏ ATLAS/ CMS can tag c-quark 
jets (and H → cc decays) 



Experimentally challenging searches for BSM

➔ Low hanging fruits are mostly gone from the BSM landscape. 

➔ Focus shifted towards exotic, experimentally challenging signatures. 

◆ Long-lived BSM particle: displaced signatures. 

◆ Very low mass BSM particles: merged signatures.

◆ A regime where cut-based tend to fail. 

● Heavy usage of ML.



How to reconstruct low mass A → γγ ?

mA
=1.0 GeV, Lorentz boost=50

Two photons still visible by eye.

mA
=0.4 GeV, Lorentz boost=150

Looks like one photon.

mA
=0.1 GeV, Lorentz boost=625

Looks like one photon.

Phys. Rev. Lett. 131 (2023) 101801

Phys. Rev. D 108 (2023) 052002

A

A

Opening angle 
between two 
photons very 
small 

http://dx.doi.org/10.1103/PhysRevLett.131.101801
http://dx.doi.org/10.1103/PhysRevD.108.052002


Validation in real data with  π0 → γγ and  η → γγ
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end-to-end 
reconstruction using 
CNN (ResNET)

η meson

Phys. Rev. Lett. 134 (2025) 041801
Robust against pileup

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.134.041801


JHEP 07 (2026) 119

JHEP 07 (2026) 119

Prompt decay considered 
for >5 GeV (increase in 
sensitivity over LLP)

Very low mass 
searches like 
this are possible 
because of ML

https://arxiv.org/abs/2601.00183
https://arxiv.org/abs/2601.00183


LHC data is valuable and finite. 
Make the most of it leveraging ML.



Extra slides




