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Introduction & concepts



Introduction
¶What Machine Learning is ?
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A subsetof artificial intelligence(AI): machinelearning (ML) dealswith
the studyanduseof data and algorithmsthat mimic how humanslearn.
Thishelpsmachinesgraduallyimprovetheir accuracy.
It estimatesnewoutput valuesby usinghistoricaldataasinput.

¶Artificial Intelligence (AI)
- Expert Systems (ES)

¶Machine learning(ML)
- Boosted Decision Trees (BDT)
¶Artificial Neural Network (ANN)

- Feedforward Neural Network (FFNN)
¶Deep Learning (DL)

- Convolutional Neural Network  (CNN),
- Deep Neural Network (DNN), 
- Long short-term memory (LSTM)



The problem The tools The wish

- Identification 
- Classification
- Anomaly detection 
- Selection
- Generation

- Big data
- Computing power
- New architectures
- Improved algorithms
- Open-source code  

- Fast response 
- High performance
- Unbiased 
- Sustainable

Introduction
¶Why Machine Learning ?
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¶How to learn without explicitly being programed?

Introduction
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¶How to learn without explicitly being programed?
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Supervised learning:the data is labeled in the way that we give inputs to the 
learning system and tell it which specific outputs should be associated to the 
inputs. I.e., the goal is to learn a mapping from inputs to outputs.

Examples: 
Regression (weather prediction)  and classification (image classification) 

The output comes in a large finite 
ordered or continuous set 

The output comes in a small finite set

Machine Learning



¶Supervised learning

Machine Learning
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Boosted Decision Trees (BDT) to separate signal and background sources (Ex: LHCb) 

Observation of the Lb­Lgdecay channel:

arXiv:2206.09645 

Ex: XGBoost [CERN-THESIS-2020-404]

(MeV)

(mm)

(mm)

(mm)

https://xgboost.readthedocs.io/en/stable/


¶How to learn without explicitly being programed?
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Unsupervised learning:the input data is not labelled, the learning system 
has to find some patterns or structures inherent in it.

Examples: 
Clustering (recommendation systems)  and dimensionality reduction (structure discovery) 

The output is characterized by  
group-labels and centroids

Machine Learning

Simplified output with the most
important patternsand information
from the originaldata



¶Unsupervised learning

Machine Learning
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Autoencodersfor Anomaly Detection (Ex: VAE at CMS experiment)  
Searching anomalies in di-jet resonances.

[CMS-PAS-EXO-22-026]

Training on background-dominated samples.

The difference between the original and reconst-
ructeddata can be used as an effective anomaly 
score.



¶How to learn without explicitly being programed?
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Reinforcementlearning: the learningsystemhasto learna mappingfrom input
valuesto output valueswithout being supervised. The idea is that an agent
learnsto makedecisionsby interactingwith the environment. Theagent takes
actionsandreceivesfeedbackin the form of rewardsor penalties.

Examples: Natural language pǊƻŎŜǎǎƛƴƎΣ Ǌƻōƻǘ ƴŀǾƛƎŀǘƛƻƴΣ ŀǳǘƻƴƻƳƻǳǎ ŘǊƛǾƛƴƎΧ
(algorithms can be model-free or model-based)

The output is a policy, i.e., a set of rules or a strategy to 
maximize cumulative rewards over time.

Machine Learning

Agent

Environment



¶Reinforcement learning

Machine Learning

­ The agent gets points when the masses of particles and 
the mixing matrix are close to the experimental values.

[JHEP12(2023)021] Yukawa lagrangianwith Froggatt-Nielsen Model:

Deep Q-Network (DQN) to explore the flavor structure of quarks and leptons 

RL predicts a natural ordering for neutrino masses!



Pile-up 
mitigation

Event 
reconstruction

Detector 
calibration

Detector 
simulation

Matrix
elements

Background 
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Calibration 
Pattern 
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Jet isolation
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structure

Anomaly 
detection
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showers

generation

Jet clustering 

Particle 
Identification

Data 
monitoring

Jet 
substructure

Noise 
reduction

Model 
building

Accelerator 
optimization

Detector 
design

Quantum
Simulation 

See https://iml-wg.github.io/HEPML-LivingReview/

¶In HEP:
Machine Learning



¶UNDERLYING FEATURES

Concepts

Data, features and labels

Raw data

Lines & edges Noses, mouths & ears Facial structure 

Low level attributes --------------------------------------------------High level attributes
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Concepts
¶MODELS

A model is a mathematical representation of the relationship
between features and labels. It's created by applying a machine
learningalgorithm to the training data. The model is able to make
predictionsor decisionsbasedon new,unseendata.

Parameters: internalvariablesthat are learnedfrom data(ex: slope)
Hyperparameters: characterizethe learningprocess(ex: numberof nodes)

Ex: a decision tree classifiesinputs into
different categories.

Ex: a linearregressionmodel
predictsa continuousoutput.

15



Concepts
¶TRAINING, VALIDATION AND TEST DATA 

ÅTraining Data:The portion of the dataset used to fit the model, allowing it to 
learn patterns and relationships within the data.

ÅValidation Data:A data subset to tune model hyperparametersand assess 
model performance during training, helping to prevent overfitting.

ÅTest Data:The final subset of the dataset used to evaluate the model's 
performance after training and validation, providing an unbiased assessment 
of its generalization to new, unseen data.

Training 60-75% Validation 15-20% Test 15-20% 
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Concepts
¶GENERALIZATION 

Theability of a modelto performwell on new,unseendata.
Wewant a modelthat avoidsboth underfitting (failingto capturethe data's
structure) andoverfitting (beingtoo tailored to the trainingdata).

- Too simple model
- Insufficient training
- Poor feature selection
- High regularization (penalty term)
- Incorrect model assumptions 

- Too complex model
- Excessive training
- Too many features
- Low regularization (penalty term)
- Insufficient training data 17

underfitting overfittingproper fitting



Concepts
¶INTERPRETABILITY & EXPLAINABILITY

Bias: deviation from the real value introduced by
approximatinga problemwith a simplifiedmodel.
­ Highbias implies that the model is too simple
and fails to capturethe underlyingpatterns in the
data,leadingto underfitting.

We want to comprehend the decisions or predictions made by a model (cause-
and-effect), and provide, for complex models, a clear explanation for why the 
model made them.

Variance: deviationfrom the real valuedue to the
model's sensitivity to small fluctuations in the
trainingdata.
­ High variance implies that the model is too
complex and captures noise along with the
underlyingpatterns,leadingto overfitting. 18
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¶SCORES & PENALTIES 

Models are evaluated not just on how well they score in making 
predictions, but also on how they're penalized for errors.

Loss functionL (g,t) : penalizes a wrong decision g (guess) when the answer is t (true).  

Concepts
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¶GRADIENT DESCENT 

Concepts

It is an optimization procedure to minimize the error or loss of machine 
learning algorithms 

1- Initialize the parameters (—) of the model  

2- Compute the gradient (i.e., partial derivatives of 
the loss (J) with respect to each parameter) 

3- Update the parameters adjusting them through 
the learning rateh(a fraction of the gradient)

4- Iterate until the algorithm converges in a 
minimum 

h

Note that the learning rate hgoverns the convergence: 
­ if it is too small, the optimization will be too slow 
­ if it is too large, it can skip the minimum  
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Concepts

https://cs231n.github.io/neural-networks-3/
[arXiv:1609.04747v2]

ωBatch Gradient Descent (BGD): Uses the entire dataset to compute the gradient at each step.
ωStochastic Gradient Descent (SGD): Uses one sample at a time, updating parameters more 

frequently.
ωMomentum; NAGΥ ¦ǎŜ ŀ ŎǳƳǳƭŀǘƛǾŜ ŦǳƴŎǘƛƻƴ άǾŜƭƻŎƛǘȅέ ƻŦ ǘƘŜ ƎǊŀŘƛŜƴǘ ǘƻ ƛƳǇǊƻǾŜ {D5Φ
ωAdagrad; Adadelta: Adaptive learning rate depending of some parameters. 
ωRMSprop (Root Mean Square Propagation) also adaptive, but simpler way to compute gradients. 

­ Some examples of Gradient Descent-based algorithms:
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Concepts

Data Training algorithm

Model Loss Optimization

Validation

Best model New 
data

¶In summary: machine learning workflow
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Supervised Learning  
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Supervised learning

¶REGRESSION 

¶The training set consists of inputs and corresponding labels.

1) The training set consists of a collection of pairs of an input vector xÍRd and 
its corresponding target, or label, t (note that x can be any input vector including 
ǎƻƴƎǎΣ ƛƳŀƎŜǎΣ ŜǘŎΧύΦ ¢ƘŜ ƻǳǘǇǳǘ ƛǎ ŀ Ŏƻƴǘƛƴǳƻǳǎ ƻǊ ŦƛƴƛǘŜ ǎŜǘΦ

2) Our model can be of the type   y = wx + b  w ¹weight
b¹bias 

Parameters of 
the model  
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Supervised learning
3) We define a space of weights and bias, which give us y predictions 

4) We aim to find the best model parameters by minimizing the lost function 
(or cost function ¹averaged lost function over all training samples)

Using a MSE (Minimum Squared Error)                 :
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Supervised learning
5) Since we usually have an input vector with multiple variables, we can use 
vectorialnotation:  

With the cost function:

6) We minimize the gradient through the learning rateh

to extract the model parameters.

(over all data sample)



27

Supervised learning
7) Nowwe try with a newdatasampleΧit isnot just a questionof minimization,

but to choosethe bestweightsandthe besthyperparametersof the model.

Underfitting Overfitting 

Regularization: a penalty term, depending on the weights,  which helps to find 
the better model description (it aims to keep small the squared norm of weights): 

8)  The cost function becomes:
( lis an hyperparameter,
to be tuned)
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Supervised learning
¶CLASSIFICATION 

1) The training set consists of a collection of pairs of an input vector xÍRd and 
its corresponding target, or label, t (note that x can be any input vector including 
ǎƻƴƎǎΣ ƛƳŀƎŜǎΣ ŜǘŎΧύΦ ¢ƘŜ ǘŀǊƎŜǘ ǾŀǊƛŀōƭŜ ƛǎ ŘƛǎŎǊŜǘŜ όclasses). 
Classes are separated by decision boundaries.

x1

x2

x1

x2

Binary classification Multiclass classification 

Imbalanced  
classification 

Multilabel
classification 



29

Supervised learning

2) Classification models:

- Logistic Regression: A linear model for binary classification.

- Decision Trees: It splits the feature space into regions by making a series of 
decisions.

- Gradient Boosting Machines (GBMs):It builds decision trees sequentially. 

- Support Vector Machines (SVM): It finds the hyperplane that best separates 
the classes.

- k-Nearest Neighbors (k-NN): A non-parametric method that classifies instances 
based on the majority class among the k-nearest neighbors.

- Naive Bayes: A probabilistic classifier based on applying Bayes' theorem with 
strong independence assumptions between the features.

- Neural Networks: Models inspired by the human brain, particularly powerful in 
handling complex classification tasks. 

- Random Forests: An ensemble method using multiple decision trees to improve 
classification accuracy.
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Supervised learning

¶K-Nearest Neighbors (NN): it is a non-parametric method:
Given a vector x to classify ­
We need to find the nearest input vector to x in the training set and copy its label.

x1

x2

x1

x2

K = 1 K = 2

­ Small k gives fine tuning but can cause overfitting
­ Large k implies coarse tuning but can led to underfitting
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Supervised learning

¶Decision tree models:make predictions by recursively splitting on different
attributes according to a tree structure.

Is it red ?

Rounded 
shape?

Has 
leaves?

YESNO

NO
NO YESYES

?

- Internal nodestest the attributes 
- Attribute values are separated by branches
- Leafnodes are output values 

ÎOne can combine multiple models or 
decision trees in an ensemble.

Bootstrapping:creation of  multiple data  
subsets by randomly sampling with 
replacements from the original dataset.

Random Splits: division of data randomly 
into different parts or subsets. 

Bagging (Bootstrap Aggregating): 
multiple models are trained independently 
on different bootstrapped data subsets.   

Random forests: bagging + random splits  



Supervised learning

¶Metrics for Classification:

Several figures of merit are defined 
according to the confusion matrix

[DOI: 10.3390/s18061803]
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Supervised learning

The ROC figure of meritis typically quantified using the Area Under the ROC 
Curve (AUC-ROC)Σ ǿƘƛŎƘ ƎƛǾŜǎ ŀ ǎƛƴƎƭŜ ǎŎŀƭŀǊ ǾŀƭǳŜ ǊŜǇǊŜǎŜƴǘƛƴƎ ǘƘŜ ƳƻŘŜƭΩǎ 
overall ability to discriminate between positive and negative classes.
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Unsupervised
Learning  

Unsupervised Learning  
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Unsupervised learning

¶CLUSTERING 

¶The training sample is not labelled, the model has to find the latent 
structure underlying the data.

Meaningful grouping of data according to their similarities. 

The goal: to find  the clusters that minimize or maximize an objective function.
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K-means algorithm:  

The data belongs to K classes or patterns, in the way that the variance within them 
is as small as possible. 

x1

x2

1- assign an initial cluster to each data  

2- Recomputethe cluster center   
according to the gravity center 

We have to find cluster centers (m) or 
centroidand make assignments (rK) for 
each data point x(n)

Unsupervised learning
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https://code-specialist.com/python/k-means-algorithm

K-means algorithm:

Optimization:

Unsupervised learning
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DBSCAN (Density-Based Spatial Clustering of Applications with Noise) 

It groups data points based on their density. It allow to identify outliers/noise points 
that do not fit any cluster (good for anomaly detection). 

Unsupervised learning

https://github.com/NSHipster/DBSCAN

As compare to k-means, it is not needed to specify a number of clusters. 
DBSCAN can discover clusters of any arbitrary shape.
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ωCore Point:At least MinPtspoints in its 
neighborhood, definedby a radius ʁ . 

ωBorder Point:Its neighborhood contains less 
than MinPtsdata points, orit is within ʁ -distance 
from a core point. 

ωOutlier Point:It isnot a core point, and is not 
close enough to be reachable from a core point. 

Unsupervised learning

Algorithm procedure:

1) Arbitrarily pick up a point in the dataset (until all points have been visited). 
2) If there are at least MinPtspoints within a radius (ʁ ύto the point then we 
consider all these points to be part of the same cluster. 
3) The clusters are then expanded by recursively repeating the neighborhood 
calculation for each neighboring point.

¶Data points are searched for into dense regions and 
separated by not-so-dense regions.

outlier

core

border

ʶ

MinPoints=3
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Unsupervised learning

https://www.kdnuggets.com/2020/04/dbscan-clustering-algorithm-machine-learning.html

¶Grouping is usually made by using the Euclidean  
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Neural Networks
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Neural Networks

Biological inspiration: 
There are approximately 100 billion neuronsin a mature human brain, each 
of them connected and communicating with other 10K neurons.

The basic computational unit in a neural network is the neuron

Neurons receive electric input signals and accumulate voltage, firing spiking 
responses after some threshold.

[w
w

w
.m

o
le

cu
la

rd
e
vice

s.co
m

]



43

Neural Networks

¶PERCEPTRON 

It is a mathematical model of a biological neuron. While in actual neurons the 
dendrite receives electrical signals from the axons of other neurons, in the perceptron 
these electrical signals are represented as numerical values.

The activation functionis responsible for making the nodes 'fire'. It processes the input 
signal (data features) through a mathematical transformation, checks if the value of the 
weighted sum of inputs crosses a threshold, and if it does, provides an output.
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Neural NetworksActivation functions:



Neural Networks
The  purpose of the activation function is to introduce non-linearities, enabling the 
network to learn and model complex patterns: 

Linear = coffee + sugar Non-linear = yeast + dough  

[A
. A

m
in

i(M
IT

)]

x1 x1

x2
x2
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Neural Networks
The  purpose of the activation function is to introduce non-linearities, enabling the 
network to learn and model complex patterns: 

Linear = coffee + sugar Non-linear = yeast + dough  

¶Ridge Functions: Linear transformations followed by non-linearity (ex: Sigmoid, ReLU).
¶Radial Functions: Symmetric functions based on distance from a center. 
¶Fold Functions: Non-linear mappings with sharp transitions(ex: Step function). 

They can be saturating or                  non-saturating
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Neural Networks

¶Neurons are grouped together into layers:

x1

x2

h1

h2

h3

(1)

(1)

(1)

h1

h2

h3

(2)

(2)

(2)

y1

y2

NN depth

Input layer output layer
1st hidden layer 2nd hidden layer

connections

­ This gives a feed-forward neural network (FFNN).

­ If all input units are connected to all output units: fully connected FCNN
(multilayer perceptron)



Neural Networks
¶Backpropagation: in the training period try to find the network 
weights wi that achieve the lowest loss by using the gradient descent 

w1

w2

ÎWe want to 
minimizedL/ dw

h¹learning rate 
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Neural Networks

Ex: 2Dprojectionof the losslandscapeof 4 layers-NNwith a ReLUactivationfunction

[arXiv:2105.04026v2]
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Neural Networks
¶Optimizers: wt are the weights at time step t, hthe learning rate, Ðand g represent 
the gradient, b1 and b2 are decay rate coefficients and ea protection parameter:

Stochastic Gradient 
Descent (SGD)

Momentum
RMSProp

ADAM
AMSGrad



Neural Networks

[10.20944/preprints202309.1149]

¶Types of neural networks: 



True track 

Ghost track 
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¶A successful (high impact!)   
example at LHCb:

[Eur.Phys.J.C84 
(2024)6, 608]

A fast FNN implemented 
on GPUs (30MHz rate) 

Neural Networks

[Com. Soft. Big. 
Sci. 9,10 (2025)] 


