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CosSa 1ntendiamo per ML ¢

Artificial Intelligence

Machine Learning

Deep Learmng A subset of Al that Any technique that
enables computers

of machine learning includes abstruse s
statistical techniques : : .
intelligence, using
that enable machines g
: logic, if-then rules,
to improve at tasks 3
decision trees, and
with experience. The 2 .
machine learning
category includes (includingdeep
deep learning learning)
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Arthur Samuel (1959)

MachinelLearning: Campo di ricerca che studia la possibilita di apprendimento di un

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

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 ’esperienza E.



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

Reti Neurali

Un neurone e formato da un corpo detto soma e da due tipi di
diramazioni: i dendriti e I'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 =21l numero di mail correttamente identificate come spam




Diversi tipi di apprendimento nel Machine
| eArnino Supervised
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Algoritmi Supervisionati

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

Negll algorltml supervisionati la risposta “esatta” e’ fornita al computer




Algoritmi supervisionati

Regression problems:
Previsioni riguardanti gli andamenti del mercato.
Previsioni sugli andamenti dei prezzi di beni.
Assegnare ’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 s
clienti

Quale
strategia
usare?

Posso contattare solo 5%
dei clienti e da questi dat
Contattare posso fare apprendere un

Clienti algoritmo che selezioni i
clienti che con maggior
probabilita prenderanno
nuova carta

Sicuro ma lento e costoso!!




Un esempio dal campo del marketing...




Unsupervised algorithm




Unsupervised algorithm

: 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 the
onto a lower-dimensional space. This technique is notably used for data VISuallzatlon
Manlfold learning (or nonlinear dimension reduction): Finding a low-dimensio







Riconoscimento delle immagin” Riconoscimento delle emozioni
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Google

Google voice search (= ehi google)

Google Photos




Alcune applicazioni ML di...

Subtotale carrello (7 articoli): EUR 1.486,12

Carrello Procedi all'ordine (7 articoli) ‘

Apple Custodia Trasparente (per iPhone 11 Pro}
KR Ay 8
EURZ 500 /prime

Aggiungi al carrello
=

s e " | “What you want, SHIPMENT
g J before you want it.”

amazoncom |\ TRANSIT

Aggiungi al carrello
— BEFORE ——
YOU BUY THE PRODUCT

Apple Cavo da Lightning a USB-(
ARAAL 16
EURZ 449 ,prime

Aggiungi al carrello

AMAZON knows it !




La Repubblica:
scoperti 143 nuovi disegni giganti nel deserto di Nazca con

22 NOVEMBRE 2019

Peru, scoperti 143 nuovi
disegni giganti nel deserto
di Nazca: merito
dell'intelligenza artificiale

Le Linee di Nazca, quei disegni giganti che
I'Unesco ha dichiarato patrimonio mondiale
nel 1994, si arricchiscono di nuove figure. Un
team di ricercatori giapponesi della
Yamagata University, guidato dal professore
Masato Sakai, € riuscito a localizzare e
SEOGLIFI individuare 143 nuovi geoglifi, questo il nome
SEAIAILINd . tecnico, nella parte occidentale del deserto
ONOSCIUTI ANCHE di Nazca. La scoperta é frutto di oltre dieci
0))%|= anni di lavoro, condotto attraverso lo studio
sul campo e il supporto di immagini satellitari
e non solo. Per la prima volta & stata
utilizzata anche l'intelligenza artificiale, cui va
il merito di aver riconosciuto il geoglifo pit
piccolo dei 143 scoperti. Secondo i
ricercatori, i nuovi disegni sono databili tra il
100 a.C e il 300 d.C. e sono stati realizzati

A » Mondo dalla societa preincaica dei Nazca
» Pert, scoperti 143 nuovi disegni giganti nel deserto di Nazca: merito dell'intelligenza artificiale rimuovendo le pietre scure del deserto,
lasciando cosi esposta la sabbia piu chiara.
ALTRI VIDEO DA MONDO i
a cura di Valentina Ruggiu

' v .
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The Learning Process

Dimensionality

The
“real world”

Measuring . ; : Model
Haitewe Preprocessing reduction Model Learning Testing
I 2 a2l
g Analysis
M % 7 results

Sensors Fealure selection \—‘ Cross-validation
Cameras Feature projection Bootstrap
Databases

Noise filtering Classification

Feature extraction Regression

Normalization Clustering

Description
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Francois Englert
Peter W. Higgs

Announcements
of the 2013
Nobel Prizes

Physiology or Medicine:
: Announced Monday 7 October
Physics:
2013 NObel PI’iZC :::;:a:;f“g;tober. 11:45 a.m. CET
> . in Physics
* E realmente una particella ot

awarded jointly to Franco

Chemistry:
Wednesday 9 October, 11:45 a.m.
CET at the earliest

013 was

elementare o € composta da anclPeter W, Higgs Torthe
altre particelle? e s cmeresiocr | What Happened after the Big Bang? i

» Interagisce con la materia

oscura?
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Input Data What is Supervised Learning?
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Al and Machine Learning
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| Turing Test
nAltest proposed by Alan

M. Turing to determine
whether a computer
can “think.”

Pattern
Recognition
The nearest neighbor
algorithm’is created by
T.M. Cover and P.E. Hart
was originally used to
map routes.

Automatic
Differentiation
(AD)

Seppo Linnainmaa
published the general
method to numerically
evaluate the derivative of a
function specified by a
computer program.

Neural Network
Machine

Marvin Minsky and Dean
Edmonds build the first
machine, able to learn.

Computer
Gaming Program
IBM's Arthur Samuel
develops the program that
enables a computer to learn
to play to win checkers.

1990-present

Machine
Learning
Applications
Scientists begin creating
programs to analyze large
amounts of data and learn.
The fields of computational

Deep Blue beats

Garry Kasparov
ter
pased on the origina

chess playing machine
Feng-hsiung Hsu began
working onin 1985.

Cloud-

Computing
Google CEO Eric Schmiffit
irstuses the terminan

industry conference.

l MIT Computer
Science an

— 075

Artificial
Intelligence Lab
John McCarthy and Marvin
Minsky found a center for
computing research and
innovation.

Perceptron

First artificial neural
network developed by
Frank Rosenblatt for visual
recognition tasks while

working at the Cornell
Aeronautical Laboratory.

Genetic
Algorithms (GA)
John Henry Holland
developed this method to
generate high-quality
solutions to optimization
and search problems.

Mobile Robot

Shakey, the first
general-purpose mobile
robot able to reason about
its own actions, is
developed at the Artificia
Intelligence Center of
Stanford Research Institut
(now SRI International).

complexity via neural
networks and super-Turing
computation begin.

. =T=Ts - -
Facebook introduces g

recognizes or verifies
individuals in photos.

L

Apple introduces speec|

|1 Google begins testing
t e

personal assistant application
for its i0S operating system.

Distributed Capsule Neural

Machine

Learning Toolkit Google's Geoffrey Hinton and
. . improved architecture model

Microsoft pro.\ndes of hierarchical artificial neural

network relationships that

underlying machine impact deep learning.

framework to use big data for
big models to generate better
accuracy in applications.




Machine Learning
Essentials
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Alcune applicazioni ML di...




)

MACHINE “® #.¢ S

LEARNING < )
QT/
= Cosa hanno in
comune
Machine Learning e
l . .




Francois Englert
Peter W. Higgs

Announcements
of the 2013
Nobel Prizes

Physiology or Medicine:
: Announced Monday 7 October
Physics:
2013 NObel PI’iZC :::;:a:;f“g;tober. 11:45 a.m. CET
. in Physics
« E’ realmente una particella ot

awarded jointly to Franco

Chemistry:
Wednesday 9 October, 11:45 a.m.
CET at the earliest

013 was

elementare o e’ composta da anclPeter W, Higgs Torthe
altre particelle? e s cmeresiocr | What Happened after the Big Bang? i

» Interagisce con la materia

oscura?



Abbiamo un problema? La materia oscura

Aggiungere il
video sulla dark
matter delUINFN




E da dove prendiamo i dati??
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E da dove prendiamo i dati??

Atlas: Una grande
fotocamera

Quanto e’ grande una
“foto” fatta da Atlas??
2 Mbyte - tutto ok ??

40 milioni di foto al second
- 80 TByte al secondo!!!




...non possiamo conservare tutte le foto!!

40 milioni di f- ==

>80Tyte. @ G

Sembra fac -_—
ma quante i

conservare

al secondo?

Il filtro in tempo
reale di Atlas

Jna ogni 10 miliont



...non possiamo conservare tutte le foto!!

40 milioni di f- ==

>80Tyte. @ G

Sembra fac -_—
ma quante i

conservare

al secondo?

Il filtro in tempo
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Come visualizziamo le foto??
_Heavy lon Collision Event

ATLAS

/Tlme 2010-11-08 11:37:15 CET\ j XPERIMENT

Run 168665, Event 83797

Inserire filmato su data
processing at LHC




Il Machine Learning e’ una novita’?

n CDI\)F ﬁr\r\|r'1'\ )
! u . " _ FNAL/C--92/121-E
# Fermi National Accelerator Laboratory . .

33 (Y ? (9
? FNAL/C--92/121-E
(

Tutorial on Neural Network Applications
in High Energy Physics{: A 1992 Perspective ]

B. Denby

Fermi National Accelerator Laboratory
P.O. Box 500, Batavia, Illinois 60510




..e allora cosa c’e’ di nuovo?




From hits ... ... to trajectory parameters
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Zagoruyko et al, https://arxiv.org/pdf/1604.02135.pdf Photo by Pier Marco Tacca/Getty Images
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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-neunale-dietro-al-
sistema/

https://medium.com/marketing-and-entrepreneurship/10-companies-using-
machine-learning-in-cool-ways-887c¢25f913c3

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

Fatta molto bene con I’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

m = Number of training examples

y x’s = “input” variable -
O y’s = “output” variable - “target”
O .
O O OO variable Our model is embedded in
O the hypothesis h function!!
ho(x) =60,+6,x
o
Input Learning
Samples Method How to choose the parameters?
Training

Hypothesis h




ML and Linear regression

A m = Number of training examples
x’s = “input” variable -
y’s = “output” variable - “target”

variable Our model is embedded in
the hypothesis h function!!

ho(x) =60,+6,x

How to choosi ihe parameters?

Minimize the COST function

A4

The COST function:

J n
J(0,,0,)= % Z (ho(x;)-y;)

2




Linear regression: Where is the learning step??

y () J(9) A Remember: Minimize the COST
function!
O
o © o
O o O O ‘
OQ Assume 6, =0
X ) U4 2

hQ(X) =90+91x

yi)

] 1n
J(00.0 )= —— > (ho(x,)-

General ldea:

Start with some 6, and 0, and keep changing 6,, 6, to reduce the
cost function until we end up at a minimum




Linear regression: Where is the learning step??

/

y

\

4

y

Assume 6, =

N

v

b

N
7

hQ(X) =90+91x

2

] 1
J(00.0,)=—— > (ho(x;)-,)

General Idea:

Start with some 6, and 0, and keep changing 6,, 6, to reduce the
cost function until we end up at a minimum




Gradient descent: Tools and tips (I)

.-—6) —a —— (@) Update both j=0 and j=1
/ o0

Learning rate

d too large—> large
fluctuations and convergenae

d too small-> is not garanteeed
learning could be
very slow c

AN A




Gradient descent: Tools and tips (I) \

/N
\ -
I s> 01 atlocal optima regression
/91
d
Current value of 01 01 .= 601 — adg J(@l)
1

O:=0p=cx D (ho(x;)-y;) -
0,:=0,-«x Z (ho(x;)-y;)x,
i=1




Linear regression with >1 features
h,=0,x,+60,x,+0,x,+0;x;+0_x ,+...

m = Number of training examples
N = Number of features
X; s = “input” variable >
Vv’s = “outnut” variable = “target”
S Gradient discent

@& T
hé'(X) =0'X for linear regression with

multiple features doesn’t
Chgpgel 8

=1

(0,0,0,.0)x,| 4 =4, —a— a( (xf.i)) —y(i))xfi)




N

If you have N features make sure are on similar range of values
02 ’,//":f N J( 0)

Ay \\
f ‘n / 'f \u' \

,w‘." | Try with mean
l l '.Q’,’ ’ ' J(0) normalization:
[ | I{ 1] y
\&/// x’ = (x- W)/o
n\.%_‘;;/;t.‘

— ) 91 > 91

Cost J

Making sure gradient descent is working
correctly.

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




ML and Classification

In classification problem our da:caset y is 0 or 1 (or a discrete finite humber
N\

0,1,2....N) y
ho(X)=0'X Class B
|n l]near regress-lon a 1 ...................... { OXOXE . } ........................
possible solution is: /6
Y= 1 if he > 0.5 0.5 .....................
Y= 0if hg< 0.5 A ees ] i




ML and Classification

In classification problem our dataset y is 0 or 1 (or a discrete finite number
0,1,2....N) y
Class B

In linear regress-lon a (I EREEEERRERETRRRRRRRRTN & OO {@ WO] .......
possible solution is: \ |
Y= 1 if he > 0.5 0.5 .................... ‘.%

Y=0if hy< 0.5 NP | | j
. L+
h,(X)=0'X

h.9=8(®TX)




Classification: Logistic regression

h3=8(®TX)
g(2) =5

In logistic regression a
possible solution is:
Y=1if hg >0.52> Z >=0
Y=0if hg< 0.52> Z <0

h (x) g(Qo +g.x + C72x2)
E‘[ — -3+X X, > 0

- @ w
[

000000000

D e s oo
- I B B B B

1+eZ




Classification: Logistic regression

h3=8(®TX)
g(2) =5

In logistic regression a
possible solution is:
Y=1if hg >0.52> Z >=0

Y=0if hg< 0.5> Z <0
h (x)—g(qo+q1x1+02x2+573x1+q4x )

- @ w
[

000000000

D e s oo
- I B B B B

1+eZ




Logistic regression: Cost function

Linear Cost function applied
to log1jt1c regression

J(0,,0,)= (ho(x;)- yl) —_—

f(x)

m

i=17

T-log (7, (x)) if y=1

T
Cost (A, (x), ) =%—Iog(1—hq (x)) ify=0

If y=1 AND hy(x)=1 - cost = -log(1) = 0 - you pay no cost for correct answer!
but....

If y=1 AND hy(x)=0 = cost = -log(0) = » >




Logistic regression: Cost function

Linear Cost function applied

to log1jt1c regression 0
J(00,0,)=—— (hg(x )- yl) —_—
J(q) =~ ay() log#, (x(’)) +(1 ) )Iog (1 h ( ()))§

1 & ; ; ; The same upgrade
q, =4, — a_a(hq (-x( )) = y( ))xf.) algorithm used for

linear regression!



Overfitting the model

N Linear regression
¥

g(Bo + 011 + O2x%
+O0sx3xs + Ogxias
+Osxixd + Osxiza + ...)

hg(x) = 9(90 -+ 915‘.‘31 -+ €2$2) g(ﬂo -+ 61.‘]5‘1 —+ 6221‘2
—|—93$% -+ 9458%
+6Os5xT172) T

(g = sigmoid function)



Overfitting the model

In overfitting regime the h(0) 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 Regularization

o Keep all the features,
Linear reégressmn

/(@)= 5,58 (+0) )

Logistic,regression




2 3 2
g(Qo TG X, TG, T XX, TG X X, Y sX X, T g X T )

What about high dimension of features??
o If you stop at second order = O(n?) terms
o With 100 input features at third order you get =



Neural networks

But the camera sees this:
194 210 201 212 199 213 215 195 178 158 182 209
180 189 190 221 209 205 191 167 147 115 129 163
114 126 140 188 176 165 152 140 170 106 78 88
87 103 115 154 143 142 149 153 173 101 57 57
102 112 106 131 122 138 152 147 128 84 58 66
y 24 as 79 104 105 124 129 113 107 87 69 67
. 68 71 69 98 89 92 98 95 89 88 76 67
= 41 56 68 a9 63 as 60 82 58 76 75 65
s 20 a3 69 75 56 a1 51 73 55 70 63 aa
S 50 50 57 69 75 75 73 74 53 68 59 37
* L 72 59 53 66 84 9z 84 74 57 72 63 a2
67 61 58 65 75 78 76 73 59 75 69 50

SO O N I

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)

dendrites

nucleus

(xo\ axon
terminals
.X,'J Inl
.
X
2 in

o he(X)

Logistic units are the
building blocks of
our ANN!!




Artificial Neural Networks: Architecture

Bias unit Bias unit In this example:

o Neural Network fully
connected

o 3 layers

o 1 hidden layer

o 3 (+1) input features

Output layer

Why we use this representation for ANN?
Input layer Hidden layer



Xg a; | Activation unit i in layer j

LSRANN @i ., | Weight Matrix from layer j to layer j+1

X ha(x)\g(z) - 1+1e_2

X3 a3’ [ ho(x)=a’ =g (Qi)agz) +QP¥al + Qi) al” + Qi)agz)]
afz) g(Q(l) + Q( )xl + le x, + Q( )xs) j
a(Z) - g(Q(l)xo * Q( )xl + sz Xy Q(;)xg) For j=f1”:s a

3x4 matrix!!



Artificial Neural Networks: Architecture

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

Artificial Neural Networks: Cost Function

ho(x) € RE  (ho(x)); = i*" output

D og(he (@) + (1 — yi”) log(1 — (he(:cm))k)]




Artificial Neural Networks:Back Propagation




Artificial Neural Networks: Back Propagation

ho(x) € REY  (ho(x)); = it output

m K
7(©) = —— [3° 3"y log(he(@))k + (1 — y) log(1 — (h@(:c“)))k)]

Laver #4
ﬁrror on output layer as

4_ 24_y\y.
0;* = a;* - y;

T
7T QY

() .— ) _
We want to minimize J(9)% Qi -4

J(q)




Artificial Neural Networks: Back Propagation
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Artificial Neural Networks: Back Propagation
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Neural Networks: What about Initialization???

‘ ‘ Qg) = constant for all i, j, |
a;2= a2 >0,2=9,°
Qv@ ,

Even if you apply back
@A a2 h,x)  Propagation algorithm

the parameters O are all

equals 2 a,?~a,?
You need random initialization of parameters
- simmetry breaking:
Initialize ©;;! randomly i



file://Users/francescoconventi/Physics/MachineLearning/SeminarioParthenope_RemoteImaging/Figure/09 8-NeuralNetworksLearning-AutonomousDrivingExample- Machine Learning - Professor Andrew Ng.mp4
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https://atlas.cern/updates/physics-briefing/atlas-finds-evidence-higgs-boson-produced-association-pair-top-quarks

SOM Neural Networks and Unsupervised learni

For each data you may define the

BestMatchingUnit as the closest You have
neuron to the data MxN neurons on
A0 - . .
a 2 Dimensional
X g , | \ grid
X 5 Y i Of course you
start with
random
LX) ando

Each neuron is a R" number:

W, (n= number of features)

You have a metrics in the grid g

since you can compute the b=(bpbyb
distance between any two




SOM Neural Networks and Unsupervised learni

For each data you may define the
BestMatchingUnit as the closest
neuron to the data

Sy,

Learning with modified gradient discent
Wi 1= W, + O(n,t) [D(t) -W.]

O(n,t) is a gaussian neighbourhood function;
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SOM Neural Networks and Unsupervise\d learn

After the training the metrics

in the grid has been changed!!

Two neurons in the grid that
are close at the init step should

ho \vons fAar nt tho onA
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SOM Neural Networks and Unsupervised learni
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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)
B>

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




Ut enim ad minim veniam, quis nostrud exercitation
ullamco laboris nisi ut aliquip ex ea commodo
consequat.

Lorem ipsum dolor sit amet, consectetur adipisicing
elit, sed do eiusmod tempor incididunt ut labore et
dolore magna aliqua.
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Your text here Your text here Your text here d
This is a sample This is a sample This is a samptle
text. Insert your text. Insert your text. Insert your

desired text here. desired text here. desiredtext here.




Insert your title here

Insert your text here

Lorem ipsum dolor sit amet,
consectetur adipisicing elit, sed do
eiusmod tempor incididunt ut labore
et dolore magna aliqua.




Insert your title here

Ut enim ad minim veniam, quis nostrud exercitation ullamco
laboris nisi ut aliquip ex ea commodo consequat.

Lorem ipsum dolor sit amet, consectetur adipisicing elit, sed do
eiusmod tempor incididunt ut labore et dolore magna aliqua.
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