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Outline
q Mostly Machine Learning with Statistics interludes
q Part 1 : Overview

o What is Machine Learning?
o Specificities of ML in physics
o Useful concepts

q Part 2 : wider and deeper
o NN on HEP data

§ various hammers and nails (including wrong ones)
o Graph NN
o Anomaly detection

q Part 3 : even wider and deeper
o ML training tricks
o Surrogate models
o Recommendations for ML software and tools

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

See CERN Inter-Experiment Machine Learning workshop May 2022

https://indico.cern.ch/event/1078970/
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L’apprentissage du modèle

L’algorithme de la Régression Linéaire permet de faire cet apprentissage.

Modèle linéaire qui explique le mieux les données (fits best)

21 décembre 2017 30 / 63

Linear Regression

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Given xn, we want yp

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

• Handwritten textè text
• Picture è Aashvi or Priyanka ?
• Image                   è cat or dog ?
• « Comment ça va ? » è ये कैसा चल रहा है?
• Speech                    è text
• Chess board è next move
• Camera + GPS          è car wheel action
• facebook data           è sponsored ads
• « Summarize this text » è text summarized

xn f yp



Neural Network and 
Universal Theorem
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Simple NN

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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h(x) = �(b2 +W 2�(b1 +W 1x))

<latexit sha1_base64="iaW4MvLQIIJxmigt/F1UblNcgwo="></latexit>

Beware: superscript
are layer indices!

h(x(2)) = �(b2(1) +W 2
(1,3)�(b

1
(3) +W 1

(3,2)x(2)))

<latexit sha1_base64="z/K/+wzOXuOSlFrcX2BP/XnmI5Y="></latexit>

Now with dimensions

s
activation function (non linear!)

Outputj= �(bj +
X

wijxi)

<latexit sha1_base64="D7jIoaK1FHhW/DCpfnpsaj9yc78="></latexit>
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Biological neuron

q Artificial NN, very <> from biological neuron
q Build (somewhat) intelligent NN, very <> simulate the actual brain

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

Science Photo Library - KTSDESIGN/Getty Images



9

Universal Approximation theorem

qMathematical theorem
1991 
https://en.wikipedia.org/wiki/Universal_appro
ximation_theorem

qAny continuous, bounded
function RnèRp

q… can be approximately
sufficiently well (better
than a given e)

q… with a sufficiently 
large single hidden layer 
neural net

qBut how to build it ?

xn yp

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
Addendum ResNet 1 neuron sufficient depth

https://papers.nips.cc/paper/7855-resnet-with-one-neuron-hidden-layers-is-a-universal-approximator.pdf
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 189/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 189 / 214relu(x) = x if x>0 & 0 otherwise

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

y =
X

i

Relu(ai ⇥ x + bi)

<latexit sha1_base64="bs1yNtTGc9ONkvS/2d5oB7GL3lM="></latexit>
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 190/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 190 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 191/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 191 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 192/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 192 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 193/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 193 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 194/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 194 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 195/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 195 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 196/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 196 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 197/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 197 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 198/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 198 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 199/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 199 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023



21

Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 200/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 200 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 201/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 201 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Universal Theorem at work

16/12/2017 Deep Learning DIY lectures

file:///Users/florent/GitHub/dldiy-practicals/slides/lecture_5/index.html#203 202/214

Universal approximation

We can approximate any  with a linear combination
of translated/scaled ReLU functions

Slide credit: F. Fleuret 202 / 214

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

R ! R generalised to Rn ! Rp

<latexit sha1_base64="yshp2KDHgzTGDWXgCYqHCu46doY="></latexit>
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In short…

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

qIf you can express your problem as 
finding a             function…

qA NN solving your problem exists…
qBut how to build it ?

q Universal Theorem with a single hidden layer ? Why all the fuss
about Deep Learning ?

R ! R generalised to Rn ! Rp

<latexit sha1_base64="yshp2KDHgzTGDWXgCYqHCu46doY="></latexit>
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Problem Solution
logical
rules

Traditional Computing

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

…also called rule-based computing
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Problem Solution
learning

rules

Data

Learning = optimise internal parameters of the algorithms: n=2 - trillions

Machine Learning

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Many pitfalls
Sur-apprentissage

Non généralisation
L’algorithme est très performant sur les données d’apprentissage et mauvais sur
les données nouvelles : il ne généralise pas bien

Sur-apprentissage des données d’apprentissage : Bien que ce modèle soit très
fidèles aux données connues, pensez-vous qu’il soit fiable ?

21 décembre 2017 40 / 63

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Classification
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Given xn, we want yp

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

• Handwritten text è text
• Picture è Sofia or Sabrina ?
• Image                 è cat or dog ?
• « Comment ça va ? » è
• Speech                    è text
• Chess board è next move
• Camera + GPS          è car wheel action
• facebook data           è sponsored ads

xn f yp
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Given xn, we want yp

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

• Handwritten textè text
• Picture è Aashvi or Priyanka ?
• Image                   è cat or dog ?
• « Comment ça va ? » è आप कैसे ह/ ?
• Speech                    è text
• Chess board è next move
• Camera + GPS          è car wheel action
• facebook data           è sponsored ads
• « Summarize this text » è text summarized

xn f yp

Classification
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Classification is everywhere

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023



32

Inputs

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

Npixels x 3 (RGB)

Gokul Harikumar

https://dribbble.com/gokulhk
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Inputs

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

time

am
pl

itu
de

Typical Sampling frequency 44.1kHz
44.1k / 1 s

Stanislas WrozaTime-frequency diagram

èimages

General comment : p
reparing the data
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https://igfae.usc.es/igfae/ligo-and-virgo-announce-four-new-gravitational-wave-detections/

Chirp
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Problem Solution
Learning 

Rules

Machine Learning

Data
For classification
Labelled data!
with ground truth
(supervised learning)

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Data label example

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

Titanic dataset
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Not tabular datasets
It was the best of times, it was the worst of times, it was the age of wisdom, it was the 
age of foolishness, it was the epoch of belief, it was the epoch of incredulity, it was the 
season of Light, it was the season of Darkness, it was the spring of hope, it was the 
winter of despair, we had everything before us, we had nothing before us, we were all 
going direct to Heaven, we were all going direct the other way - in short, the period was
so far like the present period, that some of its noisiest authorities insisted on its being
received, for good or for evil, in the superlative degree of comparison only.

Charles Dickens, A tale of two cities

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

qNatural Language is not tabular
qAlso features like : « Age of the children »

o [],[3], [3,7,18]
qCloser to physics : « Energy of the jets in this

proton collision »:
o [],[120.5],[509.2,439.1,123.6,13.3]

qSpecial techniques to deal with these
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Output label
qTwo classes, usually : 

o y=0 è background
o y=1 è signal

qN classes :
o Nearly never used one output neuron with:

§ y=0ècat
§ y=1èdog
§ y=2èrabbit

o Rather use « one-hot vector », 3 output neurons:
§ y=[1,0,0]ècat
§ y=[0,1,0]èdog
§ y=[0,0,1]èrabbit

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023



Training dataset
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Data label example

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

èmost Computer Vision tasks need human labelling!
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Data label example

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

Data

Simulator

Higgs ?

Provide pseudo-data with labels

High Energy Physics specific
ity: we do have very accurate

sim
ulators, a

ccess to labelled data is usually not an issu
e 
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LHC spikes classification

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

G. Azzopardi, et al., NIM-A, 2019. Frederik Van Der Veken , EPS HEP 2019

Classifier trained from
~9000 real spikes
labelled by hand (!) 
(rare in HEP)
Now used in production 
for automatic collimator
alignment

« signal »

« background »
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Classification performance

qTotal Signal : TP+FN
qTotal Background : FP+TN
qPerformance numbers

o (phys) Efficiency==(ML) Recall= TP / (TP+FN)
o (phys) Purity==(ML) Precision = TP / (TP+FP)

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

Signal Background
Positive True Positive (TP) False Positive (FP)
Negative False Negative (FN) True Negative (TN)

efficiency

purity
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Real-time face detection

True positive:25 False negative:5True negative~1000False positive:3

Efficiency==(ML) Recall=83%=25/(25+5)

Purity==(ML) Precision=89%=25/(25+3)
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In a nutshell
q “Classifier”

o A model F(x)=y : with y=0 or 1 (e.g. 0=Background 1=Signal)
§ In general in physics we like to have a “critic” which outputs y ranking variable, the 

larger the more signal-like, on which we apply a treshold
o If size (y)>1: (not in this course)

§ Multiclass : S y=1 : Cat or Dog or Elephant 
q “Classes”==label : the different categories into which we want to 

classify. Two categories cases :  (A,B), (Signal, Background), (sick, 
healthy),…

q “Features” == Variables (x)
§ Continuous
§ Discrete

q Classification performance, True/False Positive/Negative
o Total Signal : TP+FN
o Total Background : FP+TN
o (phys) Efficiency==(ML) Recall= TP / (TP+FN) 
o (phys) Purity==(ML) Precision = TP / (TP+FP)

q Training dataset with ground truth : the « true » label==class
ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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How does it work?
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Boosted Decision Tree

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023



ROC curve, AUC and more
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Score

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

x1

x2

x1

x2
score
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Score

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
score

x1

x2
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Cumulative Density Function

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

Julien Donini

Also: « survival » distribution : 1-F(x)
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ROC Curve

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

Background eff.

Si
gn

al
 e

ff.

AUC : Area Under the (ROC) Curve

score

Worst
ROC curve

Ideal ROC curve : AUC=1
Worst ROC curve : AUC=0.5
The higher the AUC the better
However AUC not the full story
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e
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ROC curve pitfall

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

G. Thomas et al

We’re often here

1Background

Si
gn

al

High Energy Physics specific
ity: very imbalanced datasets

https://diagnprognres.biomedcentral.com/articles/10.1186/s41512-017-0017-y
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Score
q Score output by algorithm is actually a ranking-variable

o From most background like to most signal-like
o Shape is (almost) meaningless

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

BDT
Adaboost

BDT
Gradient boost



55

Score (2)

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

- Adaboost

- Gradient boost
- Adaboost

- Gradient boost
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Significance
q Imagine counting experiment above threshold:

o Number of expected Signal S Background B events
o Expected « Asimov » significance:

o ~          if s<<b

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

Z =

r
2 ⇤ [(s+ b) ⇤ log(1 + s

b
)� s]

<latexit sha1_base64="aakYhrk8XyyzFWDw0YJOmZXVsd4="></latexit>

sp
b

<latexit sha1_base64="3Rvq9wpI5CLTD40nEI3QpR6eOII="></latexit>

S

B

Poisson statistics Cowan et al arXiv:1007.1727 (eq. 97) (cited 8000 times!)   

https://arxiv.org/abs/1007.1727
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Significance (2)

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

- Adaboost

- Gradient boost
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What does a classifier do?

q The classifier “compresses” the two multidimensional 
“blobs” maximising the difference, without (ideally) 
any loss of information

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

A B

score
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Classifier in Higgs Physics

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Higgs evidence

BDT using ~dozen of high level variables
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ML on Higgs Physics
q At LHC, Machine Learning used almost since first data taking (2010) for 

reconstruction and analysis
q In most cases, Boosted Decision Tree with Root-TMVA, on ~10 variables
q For example, impact on Higgs boson sensitivity at LHC, conservatively assuming 

measurements are statiscally dominated:

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

è~50% gain on LHC running 
s

From Nature 560, 41–48 (2018) |

51%

85%

73%

125%

15%



We’re doing science!



62

Experimental bias

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023



63

Systematical effect

Example of impact of the angle on handwritten digits

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Systematical uncertainties

Scientific Publication
Phys.Rev.Lett. 114 (2015)191803

~6.000 signatures…

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023

Most complex measurement ever ?

https://arxiv.org/pdf/1503.07589.pdf
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Dialogue

More than 200 pages and weeks
of Q&A before intenral approval!

ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Trust but verify : Theory to experiment

Lisa Randall, Harvard

John Ellis, CERN
ML & Stat part 1, David Rousseau, ICFA 2023 TIFR Mumbai, Feb 2023
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Example of a cross-check Re-discovery of known particles

2010

˜1940-50 1974
1977

1983

?



End of part 1


