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High Energy (Particle) Physics
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Energy needed to remove an electron from an atom ~10 eV (10)
Energy needed to remove a proton from a nucleus we need ~10 MeV (10 million)

Goal: To understand how the universe works at most fundamental level, 
discover elementary constituents of matter and understand the fundamental 
forces governing them



High Energy (Particle) Physics

Experimentally:
• Use particle colliders to accelerate and smash particles at very high energies

o Colliders act as powerful microscopes:

§ Energy connected to resolution:
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o Energy from collisions is converted into mass (E = mc2), creating new, heavier, and 
unstable particles that existed shortly after the creation of the Universe

• Study cosmic rays, gamma rays, neutrinos etc.. originating from 
astrophysical sources
o Can have much higher energies than accessible at the colliders, but with smaller 

intensity and uncontrolled environment.
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Goal: To understand how the universe works at most fundamental level, 
discover elementary constituents of matter and understand the fundamental 
forces governing them



Collider based experiments over the years

The colliders, thanks to advancing technologies, 
have proven to be powerful instruments for 
discoveries and precision measurements.
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Key Particle discoveries in accelerators
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Ongoing collider experiments
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LHC, CERN, Geneva Belle-II @ SuperKEKB, Japan

e+e- collisions

Proton-proton and Heavy-Ion collisions



The Large Hadron Collider
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• The LHC is a proton-proton collider, with two proton beams travelling in the opposite 
directions, currently colliding at a center-of-mass energy of 13.6 TeV

[1 eV = energy acquired by an electron when accelerated by a potential difference of 1 volt]

• Housed in a 27 KM circular tunnel, about 100m under ground, around Swiss-
France border near Geneva.  

• Consists of thousands of 
magnets of different varieties and 
sizes. 
- 1232 dipole magnets –

superconducting 
electromagnets, 15 m long 
each,  operating at 1.9 °K  

- 392 quadrupole magnets, 5 –
7 m long, to focus the beam 

• Separate beam pipes at ultrahigh 
vacuum (10-10 – 10-11 mbar)



Experiments @ LHC
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CMS

ATLASALICE

LHC-B

CERN - Meyrin

CERN - Prevessin

Participation 
from India

Participation 
from India

Four Large Experiments at LHC



ATLAS Experiment
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CMS Experiment
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Ø 75M channels
Ø ~10 um position resolution
Ø O(1%) mom. Resolution
Ø O(few%) energy resolution  



A typical event at LHC
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electron

electron

muon

muon

H à ZZ* à 2e2µ



Particle Reconstruction 
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In reality the track / cluster patterns are more complex,
resulting in multiple calorimeter clusters 

Example electron patterns

Ref.

https://indico.cern.ch/event/642256/contributions/2958315/attachments/1653220/2645260/calor_2018_cms_egamma_rembser.pdf


Challenges from additional pp interactions

Multiple pp interactions per LHC bunch crossing ( Pileup)
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• Large number of addition soft pp interactions in the same bunch crossing 
• Challenging to distinguish primary collision from overlapping events
• Affects energy, momentum measurements, and object identification



Online Event Filtering and Recordings
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~110 
kHz

Fast Electronics
Latency: 4 µs

Computing farm

Employs an 
optimized version 
of CMS software 
framework to run 
online

Data are then distributed and 
processed using GRID computing, with 
GRID centres located around the world



HEP & Machine Learning  
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Nobel Prize in
Physics 2024

The emergence of AlexNet (a Deep CNN) 
sort-of started deep learning revolutions

HEP community was quick to catch up with its 
applications
• HEP experiments produce huge amount of 

data
- Natural area for ML applications

2012 2012

Nobel Prize in Physics 2013 to Higgs & Englert

https://en.wikipedia.org/wiki/ImageNet


Machine Learning is not new to HEP 
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• Use of multivariate methods since 1980s
• But, mostly shallow neural networks, boosted decision trees

• Played significant role in Higgs boson discovery at LHC

1988

1999



ML Applications @ LHC Experiments
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Run-1 Run-2 Run-3

Arc
hit
ect
ure
s

Ap
plic
atio
ns

BDTs

DNNs
GraphNN

CNNs

Transformers

Diffusion models

Normalizing Flows

Classification

Regression

Reconstruction

Calibration

High Level Trigger

Data Quality monitoring

Data/MC corrections

Fast Simulations

Anomaly detection

Level-1 Trigger (FPGA)

ML based particle flow

Unsupervised models

(2012-13) (2015-18) (2022-26)

See more in 
Ch:-41, PDG 2026 Reviews Pileup Mitigation Simulation Based Inference

RNNs

https://pdg.lbl.gov/2026/reviews/contents_sports.html


Quark / Gluon jets
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• Quarks and gluons carry color charge
and can not exist in free form because
of QCD confinement

• The quarks/gluons, moving away from
each other, go through a process,
called fragmentation & hadronization,
to produce color less hadrons (bound
state of quarks)

• These hadrons, each carrying a
fraction of parent quark/gluon’s
momentum, move along that direction
like a cone.

• It is called a hadron Jet

Jets are reconstructed using jet 
clustering algorithms
See Ref-1, Ref-2

https://indico.cern.ch/event/817757/contributions/3712514/attachments/1999205/3336281/hamburg-jets-1.pdf
https://indico.cern.ch/event/817757/contributions/3712521/attachments/1999902/3337922/hamburg-jets-2.pdf


A Multi-jets event
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Representation of Jets & the respective NN 
architectures
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arXiv:1709.04464
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Feed forward neural network

Universal function approximator

No inherent input invariance

Recurrent NN: used for sequential data (or time series data)



Convolutional Neural Networks (CNNs)
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Mostly used for image recognition

Sensitive on translational invariant features

Has a sense of distance and orientation

Many applications in HEP à Energy deposits in detector(s) can be considered as an image



Jet flavour classification
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DeepJet Architecture: RNN + 1x1 CNNs for dimensionality reduction

(arXiv:2008.10519)

https://arxiv.org/abs/2008.10519


Graph Neural Networks (GNNs)
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arXiv:1812.08434

Designed to perform inference on data 
described by graphs. 

Can extract information about the full graph or 
single nodes (objects) or edges. 

ParticleNet (arXiv:1902.08570 )
(Based on DGCNN) 
ACM Trans. Graph. 38, 146 (2019)

Used for jet Tagging à Considers jet as an 
unordered set of constituent particles

https://arxiv.org/abs/1812.08434
https://arxiv.org/abs/1902.08570
https://dl.acm.org/doi/10.1145/3326362


Transformers
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Similar to fully connected graph networks with efficient attention mechanism. 
Efficiently models sequential data (arXiv:1706.03762 )
Several extensions for particle physics applications (arXiv:2202.03772 )

Single particle 
information

Pair wise interaction 
features:
e.g. m, kT, DR etc..

https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/2202.03772


Unified approach to jet tagging
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Evolution of jet taggers à DNN to GraphNN à ParticleTransformer
Includes also jet energy regression and resolution
Adversarial training to improve Data/MC robust ness

CMS-DP-2024-066

Improvement in performance with time

https://cds.cern.ch/record/2904702


Improved c-jet tagging
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CMS-DP-2024-066

State-of-the-art performance for both b and light jets rejections

https://cds.cern.ch/record/2904702
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CMS-DP-2024-066Extended class: tau and strange-jet tagging

ParticleNet / UParT can improve further tau-tagging performance

First time tagging of s – jets (with low efficiency)

https://cds.cern.ch/record/2904702


Identifying Boosted and Merged Objects
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Boosted top quark decays



Identifying Boosted and Merged Objects
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Quark / Gluon jets Boosted top quark jets



Identification of boosted top quark
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DeepAK8
(arXiv:2004.08262)

Large improvements compared to traditional substructure algorithms

DeepAK8-MD

https://arxiv.org/pdf/2004.08262
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Further improvement in object identification using Graph CNN (ParticleNet)

CMS DP 2020.002

https://cds.cern.ch/record/2707946?ln=en


Reconstructing Merged diphotons
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mA= 1.0 GeV, boost = 50 mA= 0.4 GeV, boost = 150 mA= 0.1 GeV, boost = 625

ECAL crystal granularity: ∆η × ∆ϕ = 0.0175 × 0.0175

• Impossible to reconstruct using standard reconstruction 
methods

• Employs a novel end-to-end ML-based particle reconstruction 
framework, based on RESNET CNN architecture
o Uses minimally processed detector data as input
o Outputs regressed mA 

Phys. Rev. D 108 (2023) 052002
PRL 131 (2023) 101801

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


Reconstructing Merged diphotons
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• Impossible to reconstruct using standard reconstruction 
methods

• Employs a novel end-to-end ML-based particle reconstruction 
framework, based on RESNET CNN architecture
o Uses minimally processed detector data as input
o Outputs regressed mA 

Validated using 𝜋! → 𝛾𝛾
First search of its kind at CMS

Phys. Rev. D 108 (2023) 052002
PRL 131 (2023) 101801

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


Pileup Mitigation
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Pileup mitigation using CNN in ATLAS Missing Transverse Energy Estimation

CNN architecture

ATL-PHYS-PUB-2019-028

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2019-028


Tau lepton identification

36

• th candidates are collimated
- A few overlapping  π± and gs from π0 decays
- Charged tracks can have high impact 

parameter with respect to primary vertex 
- Presence of secondary vertex (for 3-prong 

decay)



Tau lepton identification
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Tau lepton identification
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Deep Learning Architecture

arXiv:2201.08458

http://arxiv.org/abs/2201.08458


Tau lepton identification
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Cut based à BDT based à Deep Learning
Factor of 2 improvement using low-level inputs through CNN compared using only high level features



Improving Data/MC agreement using domain adaptation
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arXiv:2511.05468

http://arxiv.org/abs/2511.05468
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Improves Data/MC agreement for discriminator

Before Domain adaption After Domain adaption



Multiclass NN in event classification
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JHEP 03 (2019) 026

Signal Background

Separate tt+Higgs (signal) from tt+jets (background)

One of the most complex final state

http://dx.doi.org/10.1007/JHEP03(2019)026


Multiclass NN in event classification
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JHEP 03 (2019) 026

Signal Background

Separate tt+Higgs (signal) from tt+jets (background)

One of the most complex final state

http://dx.doi.org/10.1007/JHEP03(2019)026


ML Based Particle Flow Reconstruction
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Current PF algorithm:
• Iterative, rule-based methods, such as proximity-

based linking
- i.e. tracks and calorimeter clusters are 

associated based on geometric closeness in 
detector coordinates

• Tries to optimally combine all detector 
information

Global event reconstruction è reconstruct and identify each individual particle in an event

ML for Particle-Flow:
• Uses a transformer based architecture
• Predicts all particles simultaneously at one 

inference step
• Expected to benefit more in HL-LHC, with very 

high Pileup and more granular detector
• Validated using Run-3  data

JINST 12 (2017) P10003

https://iopscience.iop.org/article/10.1088/1748-0221/12/10/P10003


ML Based Particle Flow Reconstruction
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Performance validated using tt and QCD multijets events

• Similar performance at particle level reconstruction & identification
• Improved efficiency for neutral hadron for similar fake rate 

CMS-PFT-25-001

https://cms-results.web.cern.ch/cms-results/public-results/publications/PFT-25-001/index.html


ML Based Particle Flow Reconstruction
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Similar jet response compared to PF, and improved jet pT resolution

CMS-PFT-25-001

https://cms-results.web.cern.ch/cms-results/public-results/publications/PFT-25-001/index.html


b-tagging @ HLT
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CMS-DP-2023-050

Improved efficiency at HLT in 
Run-3 using ParticleNet

https://cds.cern.ch/record/2868787?ln=en


Improved Tau identification at High Level Trigger
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τh candidate reconstruction at the HLT in Run 2

τh candidate reconstruction at the HLT in 2022-23 (Run-
3)

(CNN)

Further improvement in 2024-25 using ParticleNet

arXiv:2602.11359

http://arxiv.org/abs/2602.11359


Improvement in Tau ID at HLT using ParticleNet
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• Implemented since 2024
• Higher efficiency than DeepTau with comparable rate CMS-DP-2026/008

https://cds.cern.ch/record/2954398


Anomaly Detection
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arxiv:1808.08992
arXiv:1808.08979

Unsupervised = no labels e.g. Autoencoders

• Train network Compress events and then 
decompress them to get the original input

- Anomaly events should have higher loss

• Can train directly on data, no labels needed 

- New physics searches in a model independent 
way

- Useful for triggering events with unknown 
signatures

https://arxiv.org/pdf/1808.08992
https://arxiv.org/abs/1808.08979


ML based anomaly detection trigger
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• Trigger is essential for recording data at LHC

• But most triggers are designed aiming for specific signatures à Model 
dependent

• Maybe new physics events NOT simply selected at the trigger level 

• ML-based anomaly triggers first time in 
CMS @ LHC Run-3

- Anomaly eXtraction Online L1 Trigger 
Lightweight in L1Global Trigger

- Calorimeter Image Convolutional 
Anomaly Detection Algorithm in L1 
Calo Layer 1

• Implementation in FPGA using HLS4ML

AXOL1TL

CICADA

https://fastmachinelearning.org/hls4ml/


AXOL1TL
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Variational autoencoder (VAE) trained on 
ZeroBias data to detect data outliers

CMS-DP-2023-079

Invariant mass distribution 
of muon pairs collected 
from HLT Scouting events 
by different AXOL1TL V4 
trigger paths

CMS-DP-2025-061

https://cds.cern.ch/record/2876546?ln=en
https://twiki.cern.ch/twiki/bin/edit/CMSPublic/AXOL1TL?topicparent=CMSPublic.AXOL1TL2025;nowysiwyg=1
https://twiki.cern.ch/twiki/bin/view/CMSPublic/AXOL1TL2025


CICADA
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Convolutional neural network auto-encoder
• Inputs from CaloLayer1
• Low level information, not dependent on jet reconstruction etc..
• MSE as anomaly score

https://cicada.web.cern.ch/

ZeroBias SUSYGGBBH signal

Input Reconstructed Input Reconstructed
MSE = 2.57 MSE = 14.89

CMS DP -2024/121

https://cds.cern.ch/record/2917884/files/DP2024_121.pdf


Summary & Outlook

54

• Rapid development of Machine Learning techniques in past decade

• Deep learning revolutionized the way large data samples are analyzed in HEP 
experiments

- Only a very few examples discussed here (for more see A Living Review of Machine Learning 
for Particle Physics)

Possibility to have Foundation Models for HEP data analysis in future

Schematic of a foundation model based on HEP data (arxiv:2512.11133)

https://iml-wg.github.io/HEPML-LivingReview/
https://arxiv.org/pdf/2512.11133
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Thank You


