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What is machine learning?


Why are these tools useful in high energy colliders? 


How to quantify performance? 


Classifier - Identifying the jet flavor 

Regressor - Correcting for detector effects, unfolding 


Generator - Learn underlying phenomena 

Physics with ML 

The basics 



What is  
Machine Learning 
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Kind of problems in ML 4



Snapshot of Experimental 
Workflow - Beam to Physics 

5

O(inputs)



Snapshot of Experimental 
Workflow - Beam to Physics 

6

O(inputs)



Snapshot of Experimental 
Workflow - Beam to Physics 

7

O(inputs)



Snapshot of Experimental 
Workflow - Beam to Physics 

8

O(inputs)



Snapshot of Experimental 
Workflow - Beam to Physics 

9

O(inputs)



Snapshot of Experimental 
Workflow - Beam to Physics 

10

O(inputs)



Snapshot of Experimental 
Workflow - Beam to Physics 

Particle Physics Zero 
suppression Reconstruction Quality Selection Observables

Machine Learning Down-Sampling Dimensionality 
Reduction Low Level Features High Level 

Features
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• Who does this work? 



Snapshot of Experimental 
Workflow - Beam to Physics 

• Active human input in going from ‘Raw’ to ‘High Level’ feature(s) 

• Algorithms run (extremely quickly) to select events with useful 

features for further human analysis  

Particle Physics Zero 
suppression Reconstruction Quality Selection Observables

Machine Learning Down-Sampling Dimensionality 
Reduction Low Level Features High Level 

Features
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Successful analysis!

 	 Phys. Lett. B 716 (2012) 30
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TMVA Toolkit for Multivariate Data Analysis

Scikit-learn

Results from LHC 

TensorFlow  
released
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http://inspirehep.net/record/746087
http://inspirehep.net/record/1451725
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Real Neuron 

Figure credit: Google Images
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Not a biologist!



Artificial Neuron 

https://leonardoaraujosantos.gitbooks.io/artificial-inteligence/content/neural_networks.html 
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Not a computer scientist!

https://leonardoaraujosantos.gitbooks.io/artificial-inteligence/content/neural_networks.html


MultiLayer Perceptron (MLP) 

• Hidden node    = hi + AF(Sum wi      )


• AF : Activation Functions (non-Linear) 


• Output Layer -> For binary 
classification problems [0,1]


• For non-linear behavior? - increase 
number of hidden layers and vary 
activation functions   


• This is a fully connected network 

Inputs

Hidden Layer 

Output  
Layer
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Convolutional Neural Networks

https://skymind.ai/wiki/convolutional-network 
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https://skymind.ai/wiki/convolutional-network


Convolutional Neural Networks

https://skymind.ai/wiki/convolutional-network 
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https://skymind.ai/wiki/convolutional-network


Convolutional Neural Networks
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https://skymind.ai/wiki/convolutional-network 

https://skymind.ai/wiki/convolutional-network


Convolutional Neural Networks
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https://skymind.ai/wiki/convolutional-network 

https://skymind.ai/wiki/convolutional-network


Convolutional Neural Networks
24

https://skymind.ai/wiki/convolutional-network 

https://skymind.ai/wiki/convolutional-network


Convolutional Neural Networks
25

Image read-out

“There is a dog  
and two cats  
sitting down”

https://skymind.ai/wiki/convolutional-network 

https://skymind.ai/wiki/convolutional-network


Tools of the trade 

• TensorFLow - Google developed backend for multi-dimensional 
vectors and their manipulations


• Keras - External Package good for beginners 


• PyTorch - more state of the art with potential for multiple 
variations   

https://www.tensorflow.org/ https://keras.io/ http://pytorch.org/
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How to quantify or grade a 
model at classification 
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• T: True, F: False, P: Positive, N: Negative 



ROC Curves 

• Classifier score - Values from the output layer 

Receiver Operator Characteristic

28

Signal
Background



• Choose a particular value and estimate Efficiency/Fake-Rate

• Efficiency = Selected Blue / Total Blue 

• Fake Rate = Selected Yellow / Total Selected 

“Working Point”
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“Working Point”
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Where is the new working point? 



• Scanning across the classifier score, builds up a ROC 

“Working Point”
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• AUC useful measure for comparing models 

• NOTE: not an ultimate measure

Signal Efficiency
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Standard Measure :  
Area Under the Curve (AUC)
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• Sometimes, the ROC curve is represented as efficiency vs background 
rejection (in log scale highlights differences between similar curves)

Signal Efficiency
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Model validation 
34

Hannah Bossi (Yale) RHIC/AUM 2021



Quick example 
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https://colab.research.google.com/github/tg-bomze/Face-Depixelizer/blob/master/Face_Depixelizer_Eng.ipynb



Quick example 
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https://colab.research.google.com/github/tg-bomze/Face-Depixelizer/blob/master/Face_Depixelizer_Eng.ipynb

?



Quick example 
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https://colab.research.google.com/github/tg-bomze/Face-Depixelizer/blob/master/Face_Depixelizer_Eng.ipynb

?

What do you think is going to happen?
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https://colab.research.google.com/github/tg-bomze/Face-Depixelizer/blob/master/Face_Depixelizer_Eng.ipynb

Quick example 



Recap - 1 
• Direct connection between analysis tools in physics and modern 

ML techniques 


• The ML community has advanced and well calibrated 
classification (and regression, as we shall see) tools for us to 
exploit and adapt to our purposes 


• Garbage in… Garbage out. Biased data will result in unreliable  
biased learning 

39

Onto some classification! 



Input representation vs Model 
Choice 

• Input variables - BDTs, MLPs, 


• Images - CNNs 


• Sequential info - Recursive Neural Networks, Long Short-Term Memory units 


• Jets - can go for any of these 


• Even graphs, transformers, vectors (whats in our tutorial notebook)  

40



Phys.Lett. B 86 (1979) 243-249 41



https://arxiv.org/abs/1409.4232

42



CA vs CF primary difference could potentially lead to  
larger multiplicity and overall width for gluon jets  

DGLAP Splitting Functions 
Jet Algorithm
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What is a Jet Image?
• Jet Image: A two-dimensional fixed representation of radiation 

pattern inside a jet  


• Including pre-processing to fix center at (0,0), rotating image (Δη-
Δφ) so that secondary peak lies along 6-o clock direction

Ben Nachman, DS@HEP 2017
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Pseudorapidity/Rapidity 
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http://dx.doi.org/10.1007/JHEP07(2016)069
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Comparing a variety of methods 
46

Better

Patrick Komiske et. al, 1612.01551



Effect of the MC training bias 
47Patrick Komiske et. al, 1612.01551



Effect of the MC training bias 
48Patrick Komiske et. al, 1612.01551

What do you think is going to happen if we  
apply on Herwig images? 



Effect of the MC training bias 

Huge Effect!! 
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As a community, we are thinking/working on 
training on data to mitigate these biases 

Patrick Komiske et. al, 1612.01551



Recap - 2 
• Classifiers in our field are mostly supervised - with a 

potential built-in bias (utilize it!)


• There are many different ways to represent jets - 
information content is available to be exploited 


• They are deployed in pp, but how about it in heavy ions? 
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Lets regress the truth!  



Regression in HEP 
• Correction procedures for energy scales and resolutions


• Multi-dimensional unfolding techniques 
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Image credit: 
Ben Nachman
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Underlying event has 
flow, fluctuations and is 
correlated with the jet 
(like a wake)

Korinna Zapp, QM2017

Impact of the heavy ion background 



ALICE method of ML based 
subtraction 
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Simple question,  
relatively simple network  

can get a short clear answer! 

Hannah Bossi (Yale) RHIC/AUM 2021



ML corrector in action
54

• Significantly less jet energy resolution with the ML based method along with 
first ever estimate of impact of truth shape ‘bias’ in correction 

Hannah Bossi (Yale) RHIC/AUM 2021



What did it enable us to 
do? 
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• Extend our 
measurements to 
lower momentum 
range where the 
impact of the 
background is large 


• Reduced uncertainties 
key to making a 
potentially tantalizing 
statement about radial 
dependence of energy 
loss  



Quark and Gluon Jets 
56

Effects of the QGP on jet propagation manifests  
via modifications to jet energy and jet sub-structure  

⊗ Medium Interaction

⊗ Medium Interaction

Jet Algorithm



Pros

• Image representation should contain all info. 

• Current State of the art - easy to implement


Cons

• classification in non-physics basis 

• Best case scenario - no fluctuating background!

Jet Images PP  Q-Jet  PP  G-Jet  

Quenched  G-Jet  Quenched  Q-Jet  

QCD Color factor 

G-Jets are broader 

Quenched Q-Jet looks 

similar to G-Jet 

G-Jet Still broader 

JEWEL JEWEL
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ROC curve for pp Particle Jets 58

Good

TD: 3rd order  
and DCNN 

gives the best  
performance!

Traditional Physics  
variables are  

also consistently 
 good

How about Quenched jets? 

All methods 
are relatively 

close to 
each other
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ROC curve for Quenched PbPb Particle Jets

Good

TD: Increasing  
order saturates 

performance

Traditional physics  
variables relies  

on jet multiplicity

Performance reduces! 

DCNN seems  
to be worst! 
On par with  

physics variables  
w/o multiplicity

All methods 
are relatively 

close to 
each other



Transformers
60



Key features of transformers 
• CNNs see local patterns (nearby elements) vs Transformers see all pairs 

simultaneously and learn which pairs matter


• Input → LayerNorm → Multi-Head Attention → ResNet → LayerNorm → 
FFN → ResNet → Output


• Implements both ResNets vs FeedForward Networks 


• Applicable when individual features spaces is aggregated across many 
events in high energy physics 


• The key idea is to head to a latent space as an intermediary 

61

https://medium.com/h7w/an-introduction-to-transformers-in-machine-learning-50c8a53af576 
https://arxiv.org/pdf/2304.10557 

https://medium.com/h7w/an-introduction-to-transformers-in-machine-learning-50c8a53af576
https://arxiv.org/pdf/2304.10557
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What is machine learning?


Why are these tools useful in high energy colliders? 


How to quantify performance? 


Classifier - Can select Heavy-Flavor or Quark vs Gluons   

Regressor - multi-dimensional correction and unfolding 


Generator - learn underlying physics of MC generators 

Physics with ML 

63
The basics 



Unfolding - a quick primer
64

Response Matrix 

Corrections for Detector Resolution

• For a given generator jet pT - the 
probability get reconstructed at a 
certain pT 


• Two separate methods


• Bayesian 


• Single Value Decomposition 


• Based on RooUnfold Package 


• After unfolding - can directly 
compare with theory calculations  



MultiFold (Omnifold) 
65

Ben Nachman (LBL) 



MultiFold (Omnifold) 
66

Ben Nachman (LBL) 
github.com/ericmetodiev/OmniFold 

http://github.com/ericmetodiev/OmniFold


Unfolding closure tests using two  
different MC samples 
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Ben Nachman (LBL) 



What you get at the end?
68

• Multi-dimensional 
measurements ‘un-binned’ 


• You get the correlations for 
‘free’ Ben Nachman (LBL) 
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Youqi Song (Yale) @ DIS 2023

Andreassen et.al  
Phys. Rev. Lett. 124, 182001 (2020) 

6D unfolded simultaneously 
via MultiFold machine learning 

technique   

pT vs Q vs M vs zg vs Rg vs Mg

• Experimentally, we have shown virtuality loss along the 
direction of the jet - AI/ML unfolding made possible

Multifold allowed 
us to measure this!
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How to quantify performance? 
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Physics with ML 

70
The basics 



Lets ask the AI to learn 
physics (or something..?)

• Given a particle-by-particle, event-by-event distribution of 
quantities - can a model early the intricacies of the generation? 


• Enter Generative-Adversarial-Networks (GAN) - playing one 
network vs another 

71

https://skymind.ai/wiki/generative-adversarial-network-gan 

https://skymind.ai/wiki/generative-adversarial-network-gan


A few things GANs can do!
72

Ian Goodfellow et. al, 1406.2661 

Nearest  
training  

set

Generate Faces!

https://arxiv.org/pdf/1406.2661.pdf


A few things GANs can do!
latent space arithmetic : Reduce images to its inherent hidden 

representation (same-dimensions) so we can perform 
mathematical operations! 
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Piotr Bojanowski et. al, 1707.05776 
Facebook AI

https://arxiv.org/pdf/1707.05776.pdf


CMS   
High-Granularity HF 

ATLAS  
Longitudinally  

segmented Calorimeter

Yannik Rath (Aachen), ML4Jets18 

Michela Pagnini (Yale, LBNL), ML4Jets17 

Pagnini M, Nachman B, Olivera L  
Phys. Rev. D 97, 014021 (2018)
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https://indico.cern.ch/event/745718/contributions/3201349/attachments/1753267/2841606/yrath_LBN_WGAN.pdf
https://indico.physics.lbl.gov/indico/event/546/contributions/1285/attachments/1166/1298/ML4jets_GAN.pdf


Michela Pagnini (Yale, LBNL), ML4Jets17 
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https://indico.physics.lbl.gov/indico/event/546/contributions/1285/attachments/1166/1298/ML4jets_GAN.pdf


What is machine learning?


Why are these tools useful in high energy colliders? 


How to quantify performance? 


Classifier - Can select Heavy-Flavor or Quark vs Gluons   

Regressor - multi-dimensional correction and unfolding 


Generator - learn underlying physics of MC generators 

Physics with ML 

76
The basics 



Can we tag the flavor of the jets?

• What do we learn from this - flavor dependent fragmentation 


• Proton’s PDF and possibly extending all the way to GPDs 


• Can we find the mother q/g? 
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Figure courtesy - Ralf Rapp

Vertexing

DCAXY, DCAZ

Tracking

pT, η, ϕ

Fragmentation 

z, ΔR, zΔR2
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Arandjelović et. al 1511.07247 
NetVLAD

• CNN architecture for weakly 
supervised place recognition

https://arxiv.org/abs/1511.07247
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Residual 
Blocks

soft-max

Total of 111608 trainable parameters 

WxHxD feature map
of last conv. layer
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Vector of Locally Aggregated Descriptors 

Tagging Heavy-Flavor 
JetVLAD

D - Depth 
K - # Clusters

Ponimatkin, et. al JINST 2005.01842

Georgy Ponimatkin  
PhD. In ML @  

Ecole des Ponts 
ParisTech

• impact of varying the random 
weights for each trainable 
parameters - probes the inbuilt 
uncertainty for your optimized model

Jitka Mrazkova 
PhD student @ NPI



Performance benchmarks 
80

• Recurrent neural network 
along with IP3  

CMS-DP-2018-058

• DeepJet includes all secondary vertex info and 
particles along with global event features 


• Improvement (factor of 2) attributed to 
algorithmic differences primarily in comparison 
to RNN (which are quite hard to train) 



Performance benchmarks 
81

• Recurrent neural network 
along with IP3  

ATL-PHYS-PUB-2017-003

• Improvement of a factor 2-3 in 
background rejection compared 
to current leading models!  

Comparison w/ ATLAS and CMS CMS-DP-2018-058

• DeepJet includes all secondary vertex info and 
particles along with global event features 


• Improvement (factor of 2) attributed to 
algorithmic differences primarily in comparison 
to RNN (which are quite hard to train) 
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Preliminary

T-SNE projection 
• Arbitrary projection from 

multi-dimensional phase-
space to a 2D 


• Isolated regions of 
overlap 


• Further exploration in 
progress!  

ATL-PHYS-PUB-2017-003

• Improvement of a factor 2-3 in 
background rejection compared 
to current leading models!  

Comparison w/ ATLAS and CMS

Performance benchmarks 

• Recurrent neural network 
along with IP3  



What is machine learning?


Why are these tools useful in high energy colliders? 


How to quantify performance? 
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Generator - learn underlying physics of MC generators 

Physics with ML 

83
The basics 



Can we pick out fragmentation patterns?
84



Multi dimensional pattern recognition

• if there are changes to a jet’s fragmentation, is that represented in the 
information space of a jet? 


• Can we identify what those changes or ‘effects’ are specifically compared 
to a well understood baseline (read pp or ideally ep)?


• Can we translate those effects to a ‘cause’? 


• Once we build up a library of possible causes, can we isolate specific 
sub-population of jets for future differential studies?
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86

Michael Taleb,  
Vandy Class of 2026

Umar Soheil Qureshi, 
Vandy Class of 2025

Jets as connected graphs 
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Michael Taleb,  
Vandy Class of 2026

Umar Soheil Qureshi, 
Vandy Class of 2025

Jets as connected graphs 
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Mapping one graph to another graph via 

latent space representation



Predicted Parton 
level Jet

89

• We can more/less get the 
scalar jet momenta, but… 



How similar are these?
90

• EMD essentially estimates how 
much ‘work’ you need to move one 
to another 

Taleb, Qureshi, RKE, in preparation
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92UglyGood

Taleb, Qureshi, RKE, in preparation
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The basics 



Detour - Can we identify jets that have 
modified fragmentation 

94

Umar Soheil Qureshi, 
Vandy Class of 2025

Yasuda, T et. al 2209.14881

• greedy forward selection algorithm, which repeatedly 
selects the feature with the largest marginal improvement 


• introducing a new set of trainable variables w ∈ R𝑑 that 
represent feature importance

Qureshi and RKE, 2411.19389

https://arxiv.org/abs/2209.14881


Detour - Can we identify jets that have 
modified fragmentation 

95

Umar Soheil Qureshi, 
Vandy Class of 2025

Qureshi and RKE, 2411.19389

• Not all inputs 
are made the 
same 


• Motivate 
selective 
observables to 
go and measure!
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The basics 
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Events as noisy images

Umar Soheil Qureshi, 
Vandy Class of 2025



Hierarchical Vision Transformer using 
Shifted Windows 

98

Liu, Ze et.al 2103.14030

• This hierarchical architecture has 
the flexibility to model at various 
scales and has linear computational 
complexity with respect to image 
size.

• The shifted windowing scheme brings 
greater efficiency by limiting self-
attention computation to non-
overlapping local windows while also 
allowing for cross-window connection. 

https://arxiv.org/abs/2103.14030


DEEPSUB vs 
Consti-Sub

99

• Jets almost always have 
steeply falling distributions 
which make it hard for 
model predictions to get 
right 


• Scalar quantities as always 
are *very* good, BUT 4-
momentum distributions 
are difficult since they are 
sensitive to low pT objects



Whats wrong here?
100

Input Prediction



Need physics-motivated loss functions 
101

Input Prediction

Δr Δr


