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Cosa intendiamo per ML ?

Trends mondiale per ricerche 

che contengono la parola ML

2004                    2015   2022

https://trends.google.com/trends/explore?date=all&q=machine%20learning


AI and Machine Learning

Trends italiano per ricerche 

che contengono la parola ML

https://trends.google.com/trends/explore?date=all&geo=IT&q=machine%20learning



Una possibile definzione del Machine Learning
Arthur Samuel (1959)

MachineLearning: Campo di ricerca che studia la possibilità di apprendimento di un 

compito da parte dei computers senza che vengano esplicitamente programmati per 
quel dato compito

https://chessprogramming.wikispaces.com/Arthur+Samuel

TomMitchell (1998)

Well-posed Learning Problem: 

Diremo che dato un certo compito T si 
verifica apprendimento in relazione 

all’esperienza E se la performance P 

migliora con l’esperienza E.

https://chessprogramming.wikispaces.com/Arthur+Samuel


Reti Neurali
Un neurone è formato da un corpo detto soma e da due tipi di

diramazioni: i dendriti e l'assone.

Ogni neurone riceve segnali di input da altri neuroni attraverso i

dendriti e invia segnali di uscita attraverso i terminali dell’assone

collegati a quest’ultimo.

I neuroni artificiali hanno una struttura simile a quella dei neuroni

umani. Acquisisce informazioni in ingresso, le elabora attribuendo un

peso ad ognuno di esse e fornisce una risposta in uscita.
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Apprendimento: Un semplice esempio

Diremo che dato un certo compito T si verifica apprendimento in relazione 

all’esperienza E se la performance P migliora con l’esperienza E.

Il software che usi per legger le e-mail in genere “registra” quali 

emails vengano “taggate” come spam (mail indesiderate)…

Su questa base apprende come filtrarle al meglio e rimuoverle 

automaticamente 

T → Classificare emails come spam o non-spam.

E →Registrare quali mail vengono scartate o meno dall’utente.

P →Il numero di mail correttamente identificate come spam 



7

Diversi tipi di apprendimento nel Machine 

Learning

Unsupervised 

learning

Supervised 

learning



Algoritmi Supervisionati

Predict continuous valued output Discrete valued output (0 or 1)

Negli algoritmi supervisionati la risposta “esatta” e’ fornita al computer

al fine di permettere l’apprendimento



Algoritmi supervisionati

Regression problems: 

Previsioni riguardanti gli andamenti del mercato.

Previsioni sugli andamenti dei prezzi di beni.

Assegnare l’eta’ ad una persona partendo da una sua foto.

Classification problems:

Riconoscimento di un testo scritto a mano

Spam filtering per un software di email.

Diagnosi medica a partire da immagini



Un esempio dal campo del marketing…

Una banca vuole promuovere una nuova tipologia di carta di credito ai suoi 

clienti 

Quale 
strategia 
usare?

Contattare 
Clienti

Utilizzare ML

Sicuro ma lento e costoso!!

Posso contattare solo 5% 

dei clienti e da questi dati 

posso fare apprendere un 

algoritmo che selezioni i 
clienti che con maggior 

probabilità prenderanno la 

nuova carta



Un esempio dal campo del marketing…



Unsupervised algorithm



Unsupervised algorithm

• Clustering: Grouping similar points together within clusters.
• Density estimation: Estimating a probability density that can explain the distribution of the data points.

• Dimension reduction: Getting a simple representation of high-dimensional data points by projecting them 
onto a lower-dimensional space. This technique is notably used for data visualization.

• Manifold learning (or nonlinear dimension reduction): Finding a low-dimensional manifold containing the 
data points.



Unsupervised algorithm



Dove applichiamo il ML?

Riconoscimento delle immagini Riconoscimento delle emozioni

Classificazione delle news Video sorveglianza Riconoscimento del parlato



Alcune applicazioni ML di…

Google voice search (→ ehi google)

Google Photos



Alcune applicazioni ML di…



La Repubblica:

scoperti 143 nuovi disegni giganti nel deserto di Nazca con la AI

https://video.repubblica.it/mondo/peru-scoperti-143-nuovi-disegni-giganti-nel-deserto-di-nazca-merito-dell-intelligenza-

artificiale/348565/349151



The Learning Process



Alcune applicazioni ML di…

Cosa hanno in 

comune

Machine Learning e 

la fisica delle 

Particelle?



Abbiamo un problema? Il bosone di Higgs

• È realmente una particella 

elementare o è composta da 

altre particelle?

• Interagisce  con la materia 

oscura?



Backup





AI and Machine Learning

Trends mondiale per ricerche 

che contengono la parola ML

https://trends.google.com/trends/explore?date=all&q=machine%20learn
ing





Alcune applicazioni ML di…

file://Users/francescoconventi/Physics/atlas/ML/SeminarioML_Atripalda/IBM_L'intelligenza ama i problemi.mp4


Coca Cola e Deep Learning



Alcune applicazioni ML di…



Alcune applicazioni ML di…

Cosa hanno in 

comune

Machine Learning e 

la fisica delle 

Particelle?



Abbiamo un problema? Il bosone di Higgs

• E’ realmente una particella 

elementare o e’ composta da 

altre particelle?

• Interagisce  con la materia 

oscura?



Abbiamo un problema? La materia oscura

Aggiungere il 

video sulla dark 

matter dell’INFN



E da dove prendiamo i dati??

Quante volte 

collidono al 

secondo?

LHC

40 milioni di volte!!



E da dove prendiamo i dati??

Atlas: Una grande 

fotocamera 

digitale!!

Quanto e’ grande una 

“foto” fatta da Atlas??

2 Mbyte → tutto ok ??

40 milioni di foto al secondo

→ 80 TByte al secondo!!!



…non possiamo conservare tutte le foto!!

Il filtro in tempo 

reale di Atlas

40 milioni di foto al secondo

→ 80 TByte al secondo!!!

Sembra facile…

ma quante foto posso 
conservare 
al secondo?

100 foto su 40 milioni

Una ogni 10 milioni!!



…non possiamo conservare tutte le foto!!

Il filtro in tempo 

reale di Atlas

40 milioni di foto al secondo

→ 80 TByte al secondo!!!

Sembra facile…

ma quante foto posso 
conservare 
al secondo?

100 foto su 40 milioni

Una ogni 10 milioni!!





Come visualizziamo le foto??

Inserire filmato su data 

processing at LHC



Il Machine Learning e’ una novita’?



..e allora cosa c’e’ di nuovo?

LHC

Un evento da un esperimento degli anni 

‘60!!



..e allora cosa c’e’ di nuovo?



Un esempio dalla computer vision



ML and High Energy Physics

Physics Briefing plots: ATLAS finds evidence of the 

Higgs boson produced in association with a pair of 

top quarks (26 Oct 2017)

https://atlas.cern/updates/physics-briefing/atlas-finds-evidence-higgs-boson-produced-association-pair-top-quarks


Link utili

SIRI: https://www.macitynet.it/com-funziona-ehi-siri-una-rete-neurale-dietro-al-

sistema/

https://medium.com/marketing-and-entrepreneurship/10-companies-using-

machine-learning-in-cool-ways-887c25f913c3

https://www.slideshare.net/clevertap/how-machine-learning-is-transforming-app-

marketing

Fatta molto bene con l’esempio dello spam nelle email:

https://www.slideshare.net/liorrokach/introduction-to-machine-learning-13809045

https://www.macitynet.it/com-funziona-ehi-siri-una-rete-neurale-dietro-al-sistema/
https://www.macitynet.it/com-funziona-ehi-siri-una-rete-neurale-dietro-al-sistema/
https://medium.com/marketing-and-entrepreneurship/10-companies-using-machine-learning-in-cool-ways-887c25f913c3
https://medium.com/marketing-and-entrepreneurship/10-companies-using-machine-learning-in-cool-ways-887c25f913c3
https://www.slideshare.net/clevertap/how-machine-learning-is-transforming-app-marketing
https://www.slideshare.net/clevertap/how-machine-learning-is-transforming-app-marketing


Backup



ML and Linear regression

y

x

m = Number of training examples

x’s = “input” variable → features

y’s = “output” variable → “target” 

variable

Input 

Samples

Learning 

Method

Hypothesis h

Training

Our model is embedded in 

the hypothesis h function!!

How to choose the parameters?



ML and Linear regression

y

x

m = Number of training examples

x’s = “input” variable → features

y’s = “output” variable → “target” 

variable Our model is embedded in 

the hypothesis h function!!

How to choose the parameters?

The COST function:

Minimize the COST function 

This is supervised ;-)



Linear regression: Where is the learning step??

y

x

J(ϑ)

x

Remember: Minimize the COST 

function!

Assume θ0 = 0

General Idea: 

Start with some θ0 and θ1 and keep changing θ0, θ1  to reduce the 

cost function until we end up at a minimum

ϑ1



Linear regression: Where is the learning step??

y

x

y

x

Assume θ0 = 0

General Idea: 

Start with some θ0 and θ1 and keep changing θ0, θ1  to reduce the 

cost function until we end up at a minimum



Gradient descent: Tools and tips (I)

Update both j=0 and j=1 

Learning rate

y

x

y
α too small→ 

learning could be 
very slow

α too large→ large 

fluctuations and convergence 
is not garanteeed



Gradient descent: Tools and tips (I)

Is J(ϑ) a convex function ? 

Gradient discent 

for linear 

regression



Linear regression with >1 features

m = Number of training examples

N = Number of features

Xj s = “input” variable → features #j

y’s = “output” variable → “target” 
variable Gradient discent 

for linear regression with 

multiple features doesn’t 

change!!!

q j :=q j -a
1

m
hq x j

i( )( ) - y
i( )( )

i=1

m

å x
j

i( )



Gradient discent : Tools and tips (II)

If you have N features make sure are on similar range of values!! 

Try with mean 

normalization: 

x’ = (x- μ)/σ

Making sure gradient descent is working 

correctly.

For α sufficiently small, J should decrease on 
every iterationon. But if α is too small, 

gradient descent can be slow to converge. 



ML and Classification 

In classification problem our dataset y is 0 or 1 (or a discrete finite number 

0,1,2….N) y

x

In linear regression a 

possible solution is:

Y= 1 if hθ > 0.5

Y= 0 if hθ < 0.5

1

0.5

Class A

Class B



ML and Classification 

In classification problem our dataset y is 0 or 1 (or a discrete finite number 

0,1,2….N) y

x

In linear regression a 

possible solution is:

Y= 1 if hθ > 0.5

Y= 0 if hθ < 0.5

1

0.5

g z( ) =
1

1+ e-z

Class B

Class A



Classification: Logistic regression

g z( ) =
1

1+ e-z

In logistic regression a 

possible solution is:

Y= 1 if hθ > 0.5→ Z >=0

Y= 0 if hθ < 0.5→ Z <0

x2

x1

hq x( ) = g q0 +q1x1 +q2x2( )

-3+x1+x2 > 0



Classification: Logistic regression

g z( ) =
1

1+ e-z

In logistic regression a 

possible solution is:

Y= 1 if hθ > 0.5→ Z >=0

Y= 0 if hθ < 0.5→ Z <0

x2

x1

x1
2+x2

2 > 1

hq x( ) = g q0 +q1x1 +q2x2 +q3x1

2

1 +q4x2

2( )



Logistic regression: Cost function

Linear Cost function applied 

to logistic regression
Non convex J(ϑ)!!

Cost hq x( ), y( ) =
- log hq x( )( ) if y =1

- log 1-hq x( )( ) if y = 0

ì

í
ï

îï

If y=1 AND hϑ(x)=1 → cost = -log(1) = 0 → you pay no cost for correct answer!

but….

If y=1 AND hϑ(x)=0 → cost = -log(0) ≈ ∞ → you pay very large cost for incorrect 

answer!



Logistic regression: Cost function

Linear Cost function applied 

to logistic regression
Non convex J(ϑ)!!

q j :=q j -a
1

m
hq x j

i( )( ) - y
i( )( )

i=1

m

å x
j

i( ) The same upgrade 

algorithm used for 

linear regression!

J q( ) = -
1

m
y
i( )

loghq x
i( )( ) + 1- y

i( )( ) log 1-hq x
i( )( )( )

i=1

m

å
é

ë
ê

ù

û
ú

Gradient discent



Overfitting the model

Linear regression

Logistic regression



Overfitting the model

In overfitting regime the h(θ) learn to fit the training example very well but 

(may) fail to adapte well to a new set of data (lack of generalization)

How to deal with overfitting??

o Reduce number of features

o Keep all the features,but reduce magnitude/values of some parameters θ

Regularization

J q( ) =
1

2m
hq x

i( )( ) - y
i( )( )

2

+ l q j

2

j=1

m

å
i=1

m

å
é

ë
ê
ê

ù

û
ú
ú

Extra-price to 

pay for some θ

J q( ) = -
1

m
y
i( ) loghq x

i( )( ) + 1- y
i( )( ) log 1-hq x

i( )( )( ) + l q j

2

j=1

m

å
i=1

m

å
é

ë
ê
ê

ù

û
ú
ú

Logistic regression

Linear regression



Neural Networks

A (highly) non linear 

classification problem 

with 2 features

What about high dimension of features??
o If you stop at second order → O(n2) terms

o With 100 input features at third order you get ≈ 200.000 terms.. 

But you really need high number of input features?? 

g q0 +q1x1 +q2x2 +q3x11x2 +q4x1

2x2 +q5x1

3

1x2 +q6x1x2

2 +…( )



Neural networks 

Take a low resolution image of this car 50x50 pixels → n = 2500 features

With only second order  we end up with ≈ 3 millions of terms



(Artificial) Neural networks (ANN)

hϑ(x)

g z( ) =
1

1+ e-z

Logistic units are the 

building blocks of 

our ANN!!



Artificial Neural Networks: Architecture

x1

x2

x3

a1
2

a2
2

a3
2

x0 a0
2

hϑ(x)

Bias unit Bias unit

Input layer

Output layer

Hidden layer

In this example:

o Neural Network fully 

connected
o 3 layers

o 1 hidden layer

o 3 (+1) input features

o 1 output

Why we use this representation for ANN?



Artificial Neural Networks: Architecture

x1

x2

x3

a1
2

a2
2

a3
2

x0 a0
2

hϑ(x)

Activation unit i in layer j

Weight Matrix from layer j to layer j+1

g z( ) =
1

1+ e-z

a
1

2( ) = g Q
10

1( )x0 +Q
11

1( )x1 +Q12

2( )x2 +Q
13

2( )x3( )
a

2

2( ) = g Q
20

1( )x0 +Q
21

1( )x1 +Q22

2( )x2 +Q
23

2( )x3( )
a3

2( )
= g Q

30

1( )
x0 +Q

31

1( )
x1 +Q32

2( )
x2 +Q

33

2( )
x3( )

hQ x( ) =a
1

3( )
= g Q

10

2( )a
0

2( )
+Q

11

2( )a
1

2( )
+Q12

2( )a
2

2( )
+Q

13

2( )a
3

2( )( )

For j=1 is a 

3x4 matrix!!



Artificial Neural Networks: Architecture

hϑ(x) → R4

and so on…

file://Users/francescoconventi/Physics/MachineLearning/SeminarioParthenope_RemoteImaging/Figure/Yann Lecun.mp4


Artificial Neural Networks: Cost Function 

J q( ) = -
1

m
y
i( ) loghq x

i( )( ) + 1- y
i( )( ) log 1-hq x

i( )( )( ) + l q j

2

j=1

m

å
i=1

m

å
é

ë
ê
ê

ù

û
ú
ú

Logistic regression

x1

x2

x3

a1
2

a2
2

a3
2

x0 a0
2

hϑ(x)



Artificial Neural Networks:Back Propagation



Artificial Neural Networks: Back Propagation

We want to minimize J(ϑ) → 

Compute error on output layer as

δj
4
 = aj

4 - yj

Layer #4

Qij

l( ) := Qij

l( ) -a
¶

¶Qij

l( )
J q( )



Artificial Neural Networks: Back Propagation

We want to minimize J(ϑ)→ 

Compute error on output layer as

δj
4
 = aj

4 - yj

Layer #4

d
3( ) = Q

3( )( )
T

d
4( ) ·* ¢g z

3( )( )

d
2( )

= Q
2( )( )

T

d
3( )

·* ¢g z
2( )( )

Qij

l( ) := Qij

l( ) -a
¶

¶Qij

l( )
J q( )

¶

¶Qij

l( )
J Q( ) = a j

l( )d i
l+1( )



Artificial Neural Networks: Back Propagation

Qij

l( ) := Qij

l( ) -a
¶

¶Qij

l( )
J q( )

a1
2

a2
3

l (layer) = 2, i = 2 ,j = 1

¶

¶Q21

2( )
J Q( ) = a1

2( )d2

3( )

¶

¶Q21

2( )
J Q( ) = a1

2( )d2

3( )



Neural Networks: What about Initialization???

x1

x2

a1
2

a2
2

x0 a0
2

hϑ(x)

a1
2 = a2

2 
→δ1

2 = δ2
2

Even if you apply back 

propagation algorithm 

the parameters Θ are all 

equals → a1
2 = a2

2 

Qij

l( )
= constant for all i, j, l

You need random initialization of parameters 

→ simmetry breaking:

Initialize Θij
l randomly in a given range [-a,a]

file://Users/francescoconventi/Physics/MachineLearning/SeminarioParthenope_RemoteImaging/Figure/09 8-NeuralNetworksLearning-AutonomousDrivingExample- Machine Learning - Professor Andrew Ng.mp4


NN and High Energy Physics

Physics Briefing plots: ATLAS finds evidence of the 

Higgs boson produced in association with a pair of 

top quarks (26 Oct 2017)

https://atlas.cern/updates/physics-briefing/atlas-finds-evidence-higgs-boson-produced-association-pair-top-quarks


SOM Neural Networks and Unsupervised learning

Each neuron is a Rn number: 

Wk (n= number of features)

You have 

MxN neurons on 

a 2 Dimensional 

grid

Of course you 

start with 

random 

initialization ;-)

You have a metrics in the grid 

since you can compute the 

distance between any two 

neurons

For each data you may define the 

BestMatchingUnit as the closest 

neuron to the data



SOM Neural Networks and Unsupervised learning

For each data you may define the 

BestMatchingUnit as the closest 

neuron to the data

Learning with modified gradient discent
Wk := Wk + Θ(n,t) α(t) [D(t) –Wk]

Θ(n,t) is a gaussian neighbourhood function;

α(t) is the learning rate;



SOM Neural Networks and Unsupervised learning

After the training the metrics 

in the grid has been changed!! 

Two neurons in the grid that 

are close at the init step should 
be very far at the end

Define different clusters of close-

neurons



SOM Neural Networks and Unsupervised learning



Market segmentation

ANALISI DEI 

PERCORSI DI 

CARRIERA 

Gestione 

del rischio 

sismico

ANALISI DI IMMAGINI DA 

RISONANZA MAGNETICA MEDIANTE 
RETI NEURALI SOM

Applicazione di una rete SOM nella 

previsione dei fenomeni di piena fluviale

https://www.youtube.com/watch?v=aQkIg69ZAXs

https://www.youtube.com/watch?v=aQkIg69ZAXs


Why “Learn”?

Machine learning is programming computers to optimize a
performance criterion using example data or past
experience.

Learning is used when:
 Human expertise does not exist (navigating on Mars),

 Humans are unable to explain their expertise (speech recognition)

 Solution changes in time (routing on a computer network)

 Solution needs to be adapted to particular cases (user biometrics)
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