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Introduciton
and Motivation



What is Particle 
Physics?

• Study of building blocks of universe

• Matter

• Radiation

• Fundamental Forces
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Standard Model

• Fermions (matter particles):
Quarks and leptons. They are grouped into 
three generations, with increasing mass.

• Bosons (force carriers):
These include the gluon (strong force), 
photon (electromagnetism), W and Z bosons
(weak force), and the Higgs boson, 
responsible for giving mass.
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Large Hadronic 
Collider

• Every second LHC produces 
billions of collisions (proton-
proton)

• The protons are collected into 
bunches which are then collided

• Monte Carlo: Used to create 
simulated datasets 
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Wave-Particle 
Duality

• Particles have wave-like and particle-like 
properties

• Uncertainty Principle - we cannot know 
precisely  particle’s momentum and 
position at the same time
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Wave function

Ψ(x,t) – describes quantum state of particle

|Ψ(x,t)|2- probability density

𝑃 𝑎, 𝑏 = න
𝑎

𝑏

|Ψ(x,t)|2 𝑑𝑥
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ML as 
Statistical 
Physics Tool 



Statistical Physics

• Studies systems with many degrees of freedom.

• Both describe behavior in terms of energy minimization and probabilistic 
distributions.
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NN as Field

• Input (x,y): point in 2D -> Output f(x,y): 
field value at that point.
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Infinitely Wide NN

• Increasing number of neurons and randomly 
adjusting the weights → gaussian distribution.
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Infinitely Wide NN and Free Quantum 
Fields

• Free Quantum Fields – particles do 
not interact.

• When particles interact, we add 
corrections to previous model (like in 
NN).
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Boltzmann Distribution

Probability to find system in configuration x

𝑝 𝑥 =
1

𝑍(𝛽)
𝑒−𝛽𝐻(𝑥)

• H(x) – Hamiltonian energy function

• 𝛽 – inverse temperature 

• 𝑍 𝛽 = ׬ 𝑒−𝛽𝐻(𝑥)𝑑𝑥 – partition function (all 

possible configuration of a system)
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Free Energy

• Available for work energy in the system.

Extensive:

𝐹𝑁 𝛽 = −
1

𝛽
log 𝑍(𝛽) – total energy of the 

system

Intensive:

𝑓 𝛽 = −
1

𝑁𝛽
log 𝑍(𝛽) – free energy density 

(free energy per particle)

• Free energy depends on randomness 
through 𝑍(𝛽). 

• N → ∞, 𝑓 𝛽 concentrate around its 
average.

• For large system we study 𝑓 𝛽 .
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Bridge between Statistical physics 
and ML

𝜃𝑖- weights in NN → many particles in statistical 
physics

𝑝 𝜃1, 𝜃2, … , 𝜃𝑁 =
1

𝑍
𝑒−𝛽𝐻(𝜃1,𝜃2,…,𝜃𝑁)

𝐻 𝜃1, 𝜃2, … , 𝜃𝑁 =෍

𝑖=1

𝑀

|𝜑𝜃 𝑥 − 𝑦𝑖|
2

• ML → a statistical physics system

loss function = Hamiltonian

• Training: find the free energy minimum → find 

optimal network parameters
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How ML solves 
some problems



Challenges of HEP

• Enormous data volume

• Rare processes

• Complex detector response
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Use of ML

• Event Classification (Signal vs Background). Deep neural networks, boosted 
decision trees.

• PileUp Mitigation. CNN.
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b-tagging

• Task: determining whether a given set 
of particles is associated with a 
bottom quark

• 4𝑚𝑏 > 𝑚𝑝

• Features for determining:

• tend to travel half a millimeter 
away from collision point 

• the number of decay products

• there was a muon in the decay?

• Neural network or boosted decision 
tree → probability of b-tagging
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b-tagging

Traditional approach:

• Traditional method used particle tracks 
to draw curved paths. 

• These paths were summarized into one 
number: the impact parameter. 

• The impact parameter measures how far 
a track passes from the collision point.

• Could correctly identify 50% real b-
quarks while mistakenly labeling only 1 
out of every 1,000 background quarks 
as b-quarks

Modern approach:

• Feed raw data

• Network finds the most important 
features

• The same 50% correct identification 
while making only, but 1 out of every 
2,000 background quarks 
misclassified
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The Problem of Pileup Mitigation

• Only few collisions create rare 
particles (Higgs boson) – primary 
collisions

• Other uninteresting collisions – pileup

• Difficult to know the exact energy 
involved in the primary collision

Traditional Approaches:

• Area subtraction

• Charged hadron subtraction
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The Problem of Pileup Mitigation

Modern Solution:

• PileUp Mitigation with Machine 
Learning algorithm

• Each event is an image

• Energy in each detector region = pixel 
intensity

1. Charged particles from primary collision

2. Charged particles from secondary collisions

3. Neutral particles (all collisions)

4. Neutral particles (primary interaction)
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Top quark Identification
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Data Driven 
Approaches



Problem of simulated data

• Modern ML methods rely synthetic data for training.

• Simulations may miss correlations present in real data.

• Models trained may not generalize perfectly → hard to estimate uncertainties 
on real data.
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Two approaches

1. Train directly on real data

2. Use ML to determine how well the simulations agree with the data -> improve 
the simulations
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Training on Data

• Data does not come with labels.

1. Tag-and-probe method to identify  
events: Top – anti top.

• pp → t ҧ𝑡

• t → 𝑊+𝑏 ҧ𝑡 → 𝑊−ത𝑏

• 𝑊− → 𝜇−ν - this was anti top

2 . Weakly supervised learning

• 𝑍+ and jet sample (≈80% quark jets).

• dijet sample (≈40% quark jets)

• Train NN to distinguish those samples 

• Does not learn separate properties, only 
differences between samples.

28



Unsupervised learning — OmniFold

• Trains on synthetic and real data.

• When differ → reweight synthetic data 
to look like real.

• Learns mapping from simulation to 
data.

• Unfolding - remove the effects of the 
detector.
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My Thesis



General 
Information

• Goal: Study of charged Higgs bosons to 
determine the discovery sensitivity.

• Separation of signal from the background 
on the 2𝑙𝑆𝑆 + 1𝜏 channel using machine 
learning. 

• Signal: tbH+

• Background: ttH, ttW, ttZ
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Feynman diagrams for background 
events
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𝑡 ҧ𝑡𝐻 𝑡 ҧ𝑡𝑊
𝑡 ҧ𝑡𝑍



Signal and 
background table
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← Excepted number of events in detector



Model Inputs

• 327 features overall available. Few are selected 
(leading lepton pt, leading tau pt, leading jet pt,
eta values, missing transverse momentum, etc)

• Directly measured features

• Example: 𝑝𝑡 – Transverse momentum

• Derived features

• Example: HT – Sum of the transverse momenta of all objects
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Data Processing

• 70% – 30% (training-testing) split.

• Each event is normalized after ML model is applied, to obtain the number of 
expected events in the detector.

• For illustration, signal events are scaled to 0.1 pb to have the same order of 
magnitude as the background.

• Three types of training: separate, combined and combined with increased weight.
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Use of Machine Learning

• Multilayer Perceptron

• Support Vector Machine (SVM)

• Decision Tree

• Random Forest

Decision tree structure

MLP structure
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Cross section and Luminosity

• σ - probability specific process will take place in collision of two particles

• 1 𝑏 = 10−28𝑚2

• 𝐿 =
1

σ
𝑑𝑁

𝑑𝑡
𝑏−1 𝑠−1
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Network output (separate training)

250 GeV 800 GeV 3000 GeV

38



Network output (combined training)

250 GeV 800 GeV 3000 GeV
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Network output (combined training with 
increased weight)

250 GeV 800 GeV 3000 GeV
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SHAP Analysis

• Sorted on the median (orange line) of 
SHAP

• Positive SHAP increases a contribution 
towards the signal

• Negative SHAP increases a 
contribution towards the background
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Improvements After Thesis

• Oversampling of 250 GeV instead of increasing weights

• L2 regularization

• More neurons
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Network output (improved combined 
training)

250 GeV 800 GeV 3000 GeV
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Further Goals

• Perform the analysis on new masses.

• Compare different models (NN, BRT)

• To address low sensitivity at low 𝐻+ masses, try dedicated network.

• Apply network to recorded data.

• Study features and implementing new.

• Challenge to develop ML for low and high masses.

• Generalization to make it useful for other analysis.

• Add systematics and fakes (leptons which are created secondary processes). 
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Thank you
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