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Jet Physics at the LHC

CMS Overview

Compact Muon Solenoid
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Jet Physics at the LHC

Definition/Tagging

What is a Jet?

”Narrow cone of hadrons and other particles produced by
the hadronization of a quark or gluon in a particle
physics.” [twiki.cern.ch]

A collection of partons that are clustered in a cone shape.
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Jet Physics at the LHC

Definition/Tagging

Jet Tagging

Discriminate Quark and Gluon
jets (tagging)

Standard Model measurements

Search for New Particles (BSM)
decaying to Quarks

Suppressing Gluon background
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Machine Learning

Nodes and Weights Representation
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Given (η, ϕ) what should y be?

Adjust {wij} to make the best predictions.
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Machine Learning

Update Nodes
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Machine Learning

Compute Output
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Machine Learning

General Expression
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with ReLU(x) = max(0, x).
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Machine Learning

Gradient Descent

Calculate the loss L of the prediction
(e.g. MSE, Cross Entropy, ...):

L = −
N∑
i=1

[yt log(yp) + (1− yt) log(1− yp)]

Update Weights and Biases using ∇L
until Convergence:

w
(l+1)
ij = w

(l)
ij − α

∂L(X,w(l))

∂wij
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Machine Learning

Example: Classification

Jets inside detector’s plane.

Data not physically
accurate.

Accuracy: 0.968

It is a function:

Network(η, ϕ) = {Q,G}
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ML for Jet Tagging

Jets Dataset

Label ϕjet ηjet . . . pTjet . . . ϕpart ϕpart pTpart . . .

Events Generation: PYTHIA8 (Z(→ νν̄) + {g or q})
Reconstruction: Anti-kT for R = 0.4

COM Energy
√
s = 14 TeV
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ML for Jet Tagging

Deep Neural Network

Deep Neural Network

Fragm.

Pull

Mult.

LHA

...
...

...

Pgluon

Pquark

Input is a vector of variables computed using jet variables.

Output is P of being a Quark or Gluon Jet.

3 hidden layers with 64 nodes each.

Activation function: ReLU

L2-Regularisation (Inputs Normalisation) + Dropout
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ML for Jet Tagging

Energy Flow Network

Energy Flow Networks

ML technics on sets.

Inputs are Point Clouds.

Permutation Invariance.

Built from scratch.
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ML for Jet Tagging

Energy Flow Network

Architecture
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Φ(ηi, ϕi)

I → Rl

F
(∑N

i=1 p
T
i Φ(ηi, ϕi)

)
Rl → T

Input is a Point Cloud {(ηpart, ϕpart), ∀part ∈ jet}
Φ is per-particule mapping (latent space)

F aggregates information and map to target space T
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ML for Jet Tagging

Particle Net

ParticleNet (GNN)

Jets are Particle
Cloud.

Dyn.Graph Conv.
Neural Network.

Built from scratch.
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ML for Jet Tagging

Particle Net

Graph Neural Network

n3

n1

n4n5

n2

Input is a graph (Nodes + Edges)

A graph represents a jet ↔ Each node represents a particle

Each node has node features {ηi, ϕi, . . . }
Each node has k Neighbors (k-NN)
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ML for Jet Tagging

Particle Net

Particle Net

Uses Graph information
(Neighbours Correlations).

EdgeConv (Conv. on PC):

x′i =
k

j=1

hθ(xi, xij )

with hθ a MLP.

Edge Conv Block
k = 16, C = 64

Edge Conv Block

k = 16, C = 128

Edge Conv Block

k = 16, C = 256

Fully Connected
C = 256, ReLU, DO = 0.1

Coords. Features

Global Average Pool.
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ML for Jet Tagging

Particle NeXt (if time permits)

Particle NeXt

xi

xj

xij

xi

xj

Adding pairwise features
(edge features)

Add different importance
to each neighbour

Concatenate multiple k to
travel more in depth into
the graph.
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Results

Results
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Accuracy AUC Litt. AUC

DNN 0.781 0.836 0.839
EFN 0.797 0.862 0.873
PNet 0.822 0.903 0.911
PNeXt 0.829 0.910 N/A
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Results

Conclusion

Explored jet physics.

Built from scratch several architectures of Machine
Learning.

Successfully recovered results from literature.

Future plans:

Explore Particle Transformers.
Tag on real data from Open Data (CERN).
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Results

Thank you!



23/27

Internship

Annexes

Anti-kt Algorithm

The kt and Cambridge/Aachen algorithms are defined as:

dij = min(k2pti , k
2p
tj )

∆2
i,j

R2

with ∆i,j =
√
(ηi − ηj)2 + (ϕi − ϕj)2 and kt the transverse

momentum.

The anti-kt algorithm corresponds to p = −1.

A particle belongs to the jet if dij < ∆R.
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Annexes

Clustering Algortihms

Figure: Comparison of different jet algorithms resp. kt, Cam/Aachen,
SISCone and anti-kt. (Matteo Cacciari and Gavin P. Salam.)
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Annexes

Generalized Angles

The generalized angles are defined as:

λκ
β =

∑
i

(
pT,i
pT,jet

)κ(∆R(i, j)

R

)β

and characterize the distribution of energy within a jet.

Some useful angles are defined for:

LHA Girth Width p2T Mult.

κ 1 1 1 2 0
β 0.5 2 1 0 0
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Generalized Angles: Examples
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Annexes

Receiver Operating Characteristic

TPR =
TP

TP+FN

FPR =
FP

TN+FP
AUC is the degree of separability of the classes.
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