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Let’s start with some questions...



1. What is Maehinetearning Artificial
Intelligence (Al)?



Let’s ask an Artificial Intelligence!

ChatGPT 40 v

a definition of artificial intelligence

Artificial Intelligence (Al) is the field of computer science that focuses on
creating systems capable of performing tasks that typically require human
intelligence. These tasks include learning from experience, reasoning, problem-
solving, understanding natural language, recognizing patterns, and making
decisions. Al encompasses a variety of techniques, such as machine learning,
deep learning, and natural language processing, enabling machines to adapt

and improve their performance over time.




The fastest-growing software in history!

Time it took to
reach
monthly users:

App Months To Reach 1T00M Global MAU

W ChatGPT 1 2
TikTok 9
Instagram

Pinterest
Uber

Google Translate
Source: UBS @ThGRUﬂdOWﬂA' @




What an Al can do: write emails!

ChatGPT 40 v &, Condividi | ST 3

can you write an email to a student who is asking
me why he should study machine learning?

Subject: Why Study Machine Learning?
Dear [Student’s Name],

Thank you for reaching out with your question about why studying Machine
Learning (ML) is worthwhile. It's a great topic to reflect on, especially given the

growing role of ML across industries and research fields.

Machine Learning is at the core of modern artificial intelligence and has
transformative applications in fields ranging from healthcare and finance to
engineering and automation. By studying ML, you'll gain the ability to develop

models that can analyze patterns in data, make predictions, and automate

decision-making processes—skills that are highly valued in both academia and



What an Al can do: create images!

ChatGPT 40 v 2, Condividi ST

can you make a logo for my machine learning
course?

MACHINE LEARNING

e COURS E S



What an Al can do: code!

can you create a neural network for image
classification?

Here is a Python implementation of a Convolutional Neural Network (CNN) for
image classification using TensorFlow and Keras. This model can be trained on

datasets like CIFAR-10 or MNIST to classify images into different categories.

¢/>  Cnn Image Classification

import tensorflow as tf

from tensorflow import keras

from tensorflow.keras import layers
import matplotlib.pyplot as plt
import numpy as np

(x_train, y_train), (x_test, y_test) = keras.datasets.cifarl0

O 00O NN O Ul B WN =



2. Have you interacted with an Al in the
last 24 hours (beside ChatGPT)?



Probably, 20-50 Al techs

== VOICE ASSISTANT Q

HI! HOW CAN |
HELP YOU?
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Ashley
praza:

How was your run? x,

It was great, but now I'm so
hungry!

| bet! How about we meet for
brunch later this morning?

That sounds great! Somewhere
downtown?

Sure, do you have a favorite spot?

P Yes, | can't|

}Testo predittivo; tocca
un suggerimento per
applicarlo.




Probably, 20-50 Al techs

haGPT :




Probably, 20-50 Al techs
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Al technologies performs really well in
specific tasks

- While there are some Al
tools (like ChatGPT) whose
capabilities are quite broad
and general, Al-based
technologies solves well
specific tasks

- And Al-based technologies
are everywhere: we have
countless Al-based tools for
specific tasks




Al technologies performs really well in
specific tasks... this is why Al is pervasive
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Al is pervasive also in everyday discussions!

® Artificial intelligence

+
Field of study Compare

Worldwide ¥ 2004 - present ¥ All categories ¥ Web Search ¥

[«
H

Interest over time @

Nov 2022

Artificial intelligence 23

M- e




Al is pervasive also in everyday discussions!

= Q 24 Finanza Microsoft, investimento miliardario in Giappone nell'Intelligenza artificiale

FTSEMIB Spread BTP-Bund 10Y 7
33902,85 135,79

Finanza
Homepage | Tuttiidati

Servizio | Big Tech ()

Microsoft, investimento miliardario in
Giappone nell’Intelligenza artificiale
Lintento & rafforzare lo sviluppo di questa tecnologia nel Paese asiatico Sezioni  EdizioniLocali v  Servizi v CORRIERE DELLA SERA

di Redazione Finanza

!(r Llama 3 e Gpt-5 saranno le

~  prime intelligenze artificiali
#  generative «capaci di

& ragionare»? Cosa significa

| Gli eredi di ChatGpt e Llama, I'Al di Open Al e Meta, promettono
capacita di ragionamento umano. Ma cosa significa

3,“ @gﬁaggf 10 [v? ' esattamente?

SODALIBTS

i
jo]

TECNOLOGIA

L'INCONTRO

Scoperta la vulnerabilita
dell'Intelligenza
Artificiale grazie a una
nuova tecnica

"AttralAmo il futuro”, il
convegno su intelligenza
artificiale e eccellenza delle
filiere economiche

m CALCIO MOTORI TENNIS CICLISMO  ALTRISPORT ... Risultati AbH

FANTA CONSIGLI
Da Carnesecchi a Bisseck, i consigli per la 322 giornata al Fantacampionato

S. Mandaro + 49 minuti fa
Con l'aiuto dell'intelligenza artificiale, ecco i giocatore da schierane nel...

Tutto sulla Serie A >



Al is pervasive also in everyday discussions!

= Q 24! Finanza Microsoft, investimento miliardario in Giappone nell'Intelligenza artificiale

FTSEMIB Spread BTP-Bund 10Y 7 EUR/USD|
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Servizio | Big Tech ®
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0 Llama 3 e Gpt-5 saranno le
prime intelligenze artificiali
generative «capaci di

% ragionare»? Cosa significa

Festival di Sanremo

Fiorello A.l. sul palco dell'Ariston 10 aprile 2024
. P

di Redazione Finanza

Gli eredi di ChatGpt e Llama, I'Al di Open Al e Meta, promettono
capacita di ragionamento umano. Ma cosa significa
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L'INCONTRO

Scoperta la vulnerabilita
dell'Intelligenza
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nuova tecnica "AttralAmo il futuro”, il
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FeStiva I di Sa nremo filiere economiche

m CALCIO MOTORI TENNIS CICLISMO  ALTRISPORT ... Risultati AbH

Fiorello A.l sul palco dell'Ariston

St 2024 6 min

Da Carnesecchi a Bisseck, i consigli per la 322 giornata al Fantacampionato
S. Mandaro * 49 minuti fa

Al Festival di Sanremo irrompe una copia di Rosario Fiorello
Con l'aiuto dell'intelligenza artificiale, ecco i giocatore da schierane nel...

generata dall'intelligenza artificiale




Growth and impact of Al
40B S market in 2022,

NVIDIA i i
e VDA gg’grznated market 1300B $ in

Riepilogo mercato > NVIDIA

Bloomber
817,10 eux ocomberg
+775,35 (1.857,13%) 4 ultimi 5 anni (S million, unless otherwise specified)
11 apr, 15:50 CEST - Limitazione di responsabilita
Hardware $37,973 $223,615 $641,737 33%
Te 5G 1M 6M YTD Devices (Inference) $4,128 $82,965 $168,233 45%
Computer Vision Al Products $1,032 $22,124 $60,564 50%
Conversational Al Products $3,096 $60,841 $107,669 43%
732,60 EUR 23 feb 2024 Infrastructure (Training) $33,845 $140,650 $473,505 30%
Al Server $22,563 $49,641 $133,817 19%
Al Storage $9,025 $33,094 $92,642 26%
Generative Al Infrastructure as a Service $2,256 $57,915 $247,046 60%
Software $1,493 $58,826 $279,899 69%
Specialized Generative Al Assistants $447 $20,864 $89,035 70%
Coding, DevOps and Generative Al Workflows $213 $12,617 $50,430 73%
Generative Al Workload Infrastructure Software $439 $13,468 $71,645 66%
Generative Al Drug Discovery Software S14 $4,042 $28,343 113%
Generative Al Based Cybersecurity Spending S9 $3,165 $13,946 109%
2021 2022 2023 Generative Al Education Spending $370 $4,669  $26,500 53%
Generative Al Based Gaming Spending $190 $20,668 $69,414 80%
Apertura Capitalizz. 2,19 BIn USD Max 52 sett. Generative Al Driven Ad Spending §57  $64358  $192,492 125%
Massimo Rapp. P/E - Min 52 sett. Generative Al Focused IT Services $83 $21,690 $85,871 100%
i Div./prezzo ) Generative Al Based Business Services $38 $10,188 $34,138 97%
Total $39,834  $399,345 $1,303,551 42%

Source: Bloomberg Intelligence, IDC, eMarketer, Statista



Growth and impact of Al

EU launches InvestAl

€200 billion

of investment in

[ ) [ ]
Kgs‘ Ursula von der Leyen [ - Following Artificial
"irned President of the European Commission Intelligence
- 1d-®

The Al race is just beginning. And Europe will become an Al continent. * * *

To lead this race, we need massive investments. * #DigitalEU *

This is why today, | am glad to announce InvestAl, a public-private partnership
that aims to mobilise 200 billion euros in Al investments in Europe.

We will build European GigaAl factories. These massive computing hubs will be
accessible to everyone — researchers and entrepreneurs — to push the innovation
frontiers of Al.



Growth and impact of Al

Governo Italiano Presidenza del Consiglio dei Ministri

"L'Intelligenza Artificiale per I'ltalia”, il
videomessaggio del Presidente Meloni

Martedi, 12 Marzo 2024

Il videomessaggio del Presidente del Consiglio, Giorgia Meloni,
in occasione dell'evento "L'Intelligenza Artificiale per I'ltalia", (N condivisi [ Aggiungiaipreferit
organizzato dal Dipartimento per la trasformazione digitale
della Presidenza del Consiglio dei ministri e AgID - Agenzia

per I'ltalia Digitale.

@ "Lintelligenza Artificiale per ['ltalia’, il video...

jlatch Later ~ Share
s

[dcast Q Cerca "PogT Shop Regala
BITS MONDO Mercoledi 13 marzo 2024

I1 Parlamento Europeo ha
approvato I’Al Act, la prima legge al
mondo per regolamentare
l’intelligenza artificiale

!‘;s

() »

o3

Ursula von der Leyen A - Following
President of the European Commission

d.-®

announced new measures to harness the full potential of Al, The Al race is just beginning. And Europe will become an Al continent.

which will create good-paying jobs for every generation while raising
productivity, and growing our economy. Details:

CanadianPM &

&’ Al has the potential to transform the economy. Today, PM Trudeau

To lead this race, we need massive investments.

=

'&’ I NEWS RELEASE

This is why today, | am glad to announce InvestAl, a public-private partnership
Securing Canada’s that aims to mobilise 200 billion euros in Al investments in Europe.

Al advantage

We will build European GigaAl factories. These massive computing hubs will be
accessible to everyone - researchers and entrepreneurs — to push the innovation
frontiers of Al.

Securing Canada’s Al advantage



Al: In Which Industries Could Al
technological Do Most of the Heavy Lifting?

Share of working hours in selected industries in the U.S.

re\IOI Ution! that could be automated/augmented by the use of Al

M High potential for automation M High potential for augmentation

B Low potential for automation/augmentation M Non-language tasks
Banking
Insurance
Software & Platforms
Capital markets
Energy
Communications & Media

Retail |

0% 20% 40% 60% 80% 100%
Tasks with high potential for automation can be transformed by Al with little
human involvement, tasks with high potential for augmentation require more
human involvement
Source: Accenture

statista %a




Al: scientific revolution!

oA
N
N

N ‘SUOEsT|

poysw|4 sepj!

pPayaw(3 SepyIN :suotelisnj|

DEVile Demis John M.
Baker Hassabis Jumper

“for computational “for protein structure prediction”
protein design”

John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

THE ROYAL SWEDISH ACADEMY OF SCIENCES THE ROYAL SWEDISH ACADEMY OF SCIENCES



3. What is the difference between Al
and Machine Learning?






From rules to data-driven Al

Theresa May v Brussels
The ' Ten years on: banking after the crisis
Machine Learning (‘Apprendimento Economist ERTEEEmEee
. . Biology, but without the cells

Automatico’) is the part of Al that o

develops solutions based on data
and not strictly on rules The WOI'ld most
valuable resource

of competitlon




From rules to data-driven Al
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rom rules to data-driven Al

©® 8:00 AM - Tue, Oct 9

© Clear
TUE WED
72° 56° 68° 54°

THU

70° 55°

8 Commute

Ross - Updated 1 min ago
20 min to work

EMDARCABIAD
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Nowadays, most
important Al
technologies are
data-driven, ie.
Machine Learning-
based
technologies!




Outline

- Organizational Aspects
- Intro to Machine Learning
- Course Outline
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Lecturer Research on: nmCO

ARTIFICIAL INTELLIGENCE, MACHINE

- Reinforcement Learning LEARNING AND CONTROL RESEARCH GROUP
- Anomaly Detection

- Continual Learning

- Explainability and Fairness

- Deep Learning

- Machine Learning Applications

Gian Antonio Susto
gianantonio.susto@unipd.it
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- Reinforcement Learning LEARNING AND CONTROL RESEARCH GROUP
- Anomaly Detection

- Continual Learning
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- Deep Learning

- Machine Learning Applications

Lecturer Research on: nmCO

N

Gian Antonio Susto
gianantonio.susto@unipd.it
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ARTIFICIAL INTELLIGENCE, MACHINE

- Reinforcement Learning LEARNING AND CONTROL RESEARCH GROUP
- Anomaly Detection

- Continual Learning

- Explainability and Fairness

- Deep Learning

- Machine Learning Applications

Lecturer Research on: n mCO

"

Collaborations with several companies:
Statwolf, Infineon, Technogym, Diasorin,
LFoundry, Seagate, Breton, Swegon,
Galdi, Santex, GoldenGoose, Electrolux,
Zoppas Industries, Maschio Gaspardo,
Luxottica, Pietro Fiorentini, ...

Gian Antonio Susto
gianantonio.susto@unipd.it



mailto:gianantonio.susto@unipd.it

Teaching Assistants

Francesco Borsatti, PhD Student

Mechatronic Engineer

Working on Al for edge applications & for heating
elements systems

francesco.borsatti.i@phd.unipd.it

i

Valentina Zaccaria, PhD Student

Control Systems Engineer

Working on Anomaly Detection, Explainable
Artificial Intelligence & Active Learning

valentina.zaccaria@unipd.it



mailto:niccolo.turcato@phd.unipd.itfrancesco.borsatti.1@phd.unipd.it
mailto:valentina.zaccaria@unipd.it

Teaching Assistants

Marina Ceccon, PhD Student Matteo Cederle, PhD Student

Computer Engineer Control Systems Engineer
Working on Deep Learning and Continual Working on Smart Mobility, Autonomous Driving
Learning for Fairness and Reinforcement Learning

marina.ceccon@phd.unipd.it matteo.cederle@phd.unipd.it



mailto:marina.ceccon@phd.unipd.it
mailto:matteo.cederle@phd.unipd.it

Lectures and Course Page
Lectures on:

Monday @ 12:30-14:00 — Room De

Thursday @ 12:30-14:00 -Room 14C
(Padiglione 14 Fiera)

Friday @ 12:30-14:00 — Room Ue/Te (if we are
having lab)
OR Room Me

https://stem.elearning.unipd.it/course/view.ph
0?id=12269



https://stem.elearning.unipd.it/course/view.php?id=12269
https://stem.elearning.unipd.it/course/view.php?id=12269

Course Recordings

Lecture and laboratories recordings
will be made available shortly after
the lecture.




Course Material

- Mainreference:
1. Course Slides

- QOtherreference:

2. G. James et al. ‘An Introduction
to Statistical Learning’
https://www.statlearning.com/

3. 1. Goodfellow, Y. Bengio, A.
Courville ‘Deep Learning’
https://www.deeplearningbook.
org/

4. C. Molnar ‘Interpretable
Machine Learning’ o
https://christophm.github.io/inte

rporetable-mi-DOokK/

Springer Texts in Statistics

Gareth James - Daniela Witten - Trevor Hastie -
Robert Tibshirani - Jonathan Taylor

with Applications in Python

@ Springer

Interpretable
Machine Learning

A Guide for Making
Black Box Models Explainable

Christoph Molnar



https://www.statlearning.com/
https://www.deeplearningbook.org/
https://www.deeplearningbook.org/
https://christophm.github.io/interpretable-ml-book/
https://christophm.github.io/interpretable-ml-book/

Exam

Written exam (on the same day):

1. Theoretic exam
2. *Python programming exam

*A  student can take the
programming exam only aftgr
achieving a sufficient score in
the theoretical part

Dates

- June 17th, 2025 from 13:30

- July 39,2025 from 13:30

- August 29t 2025 from 9:00
- Janvary 239, 2026 from 9:00
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Communications

- In email communications, please use object {ML2024-25]
<your title>’

- If you have a question, probably your colleagues has the
same/similar one: we will try to answer during the lectures
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The keywords

Artificial Intelligence

. ‘Machines’ that can mimic

(Al) human behaviour
- ‘Machines’ that can mimic
Machine Learning (ML)  human behaviour thanks to

data




What Machine Learning algorithms can
do:

Define the relationship between
input and output and make
predictions

Find anomalies (‘strange’ data)
Make forecast of time-series -
Find Groups in the data ’_Ij
Find patterns R
Extract information from any

D

type of data: tabular, images,
video, text... you name it!




The keywords

Artificial
Intelligence (Al)

. ‘Machines’ that can mimic

human behaviour

Machine Learning

.- ‘Machines’ that can mimic

human behaviour thanks to

— Neural Networks

(M L) data
. - A particular type of
Deep Learnlng (DL)  ‘Machines’ that can mimic

human behaviour thanks to
data




e in 10000 ¢

Machine Learning Approaches

Appartamenti a Milano
relazione metri quadri-valore

La regressione lineare

PROPRIETA

- :
y=b+wx
I

= AN Neural
N ARSI
,//{-g\\v‘x :«‘v.no} 7 |Networks
R % (Deep
Learning)
o]




Nevural Networks / Deep Learnin

fc_3 fc 4
Fully-Connected

Fully-Connected

Neural Network
RelLU activation

Conv_1 Conv_2
Convolution Convolution
(5 x 5) kernel Max-Pooling (5 x 5) kernel Max-Pooling

valid padding (2x2)

valid padding (2x2)

Y
INPUT nl channels nl channels n2 channels
(24 x 24 x n1) (12 x 12 x nl) (8 x8xn2)

(28 x28 x 1)

Infoemation Retrieval

Machine Transistion

Neural Network

\|
n2 channels \\\»\

(4x4xn2) \‘Ev

n3 units

OUTPUT

Sentiment Analysi

Information Extraction

E

QuestonAnswenng

Text
Processing

A mostly complete chart of

Neural Networks ...

©2016 Fiodor van Vieen - asimovinstitute.org
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Generative Adversarial Network (GAN) Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Network (ESN)

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SYM)  Neural Turing Machine (NTM)

== 3




The keywords

Artificial
Intelligence (Al)

. ‘Machines’ that can mimic

human behaviour

Machine Learning

.- ‘Machines’ that can mimic

human behaviour thanks to

(M L) data
. - A particular type of
Deep Learnlng (DL)  ‘Machines’ that can mimic

— Neural Networks

human behaviour thanks to
data

Generative Al
(GenAl)

- 'Creative' models: not

deterministic output




Generative Al

Example: 1. text to image

& C @ stablecog.com

a wolf in van gogh style







Generative Al

Example: text to video

‘A panda eating
bamboo under a rock’

,/r.blﬂc’
o
W S 5
. M".' ) .‘l:‘

" |magen Video

b
B e



[2025 Question]

‘Is Machine Learning a new
thing? It started with
ChatGPT?’

Well, actually...

=



Yoshua Bengio Geoffrey Hinton Yann LeCun

2018 Turing Awards Recipients
(and on Nobel prize recipient!)




Yoshua Bengio Geoffrey Hinton Yann LeCun

2018 Turing Awards Recipients
(and on Nobel prize recipient!)

Geoffrey Hinton Citazioni per anno

Emeritus Prof. Comp Sci, U.Toronto & Engineering Fellow, Google

Email verificata su cs.toronto.edu - Home page

. . e e y 107000
machine learning neural networks artificial intelligence  cognitive
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Why now?

Yoshua Bengio Geoffrey Hinton Yann LeCun

2018 Turing Awards Recipients
(and on Nobel prize recipient!)

Geoffrey Hinton Citazioni per anno

Emeritus Prof. Comp Sci, U.Toronto & Engineering Fellow, Google

Email verificata su cs.toronto.edu - Home page
107000

machine learning neural networks artificial intelligence  cognitive
80250
53500
I 26750

30 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

56




COOLING

= |

WIKIPEDIA
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2. Hardware

Historical Cost of Computer Memory and Storage
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NVIDIA Corporation (NVDA) Y nVI D I A®

NasdaqGS - NasdagGS Real Time Price. Currency in USD

455.72 -6.69 (-1.45%) 455.30 -0.42 (-0.09%)
At close: September 8 04:00PM EDT After hours: 07:59PM EDT
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3. Software and Community

@xnet PyTorch

TensorFlow

‘Deep Voice' Software
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Voice With Just 3.7
Seconds of Audio

Using snippets of voices, Baidu's Deep Voice'
can generate new speoch, accents, and tones.
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Is everything
‘solved’ then? Is
Aljust a ‘simple’

and positive

thing?




Attitudes towards Al/Machine Learning

From the web

The overly skeptical

‘Itis just a thing for Amazon, Apple,
Google and Facebook... | pass’ - ‘Al
will have a negative impact on
humanity’



Attitudes towards Al/Machine Learning

From the web

The overly skeptical The overly excited
It is just a thing for Amazon, Apple, ‘This is the best thing ever! I'm going
Google and Facebook... | pass’ Al to plug Alin my system/product and it

will have a negative impact on

< c is done’ - ‘Al will save humanity’
humanity



Attitudes towards Al/Machine Learning

Both views are wrong!
There are many aspects to
be considered when
The overly skeptical developing and ‘Judging’ A| o

It is just a thing for Amazon, Apple, IS IS The best thing ever! I’'m going
Google and Facebook... | pass’ Al to plug Alin my system/product and it

will have a negative impact on is done’ — ‘Al will save humanity’
humanity




1 Without data, no ML

Machine Learning is not
black magic, butitis a
science based on the
availability of data

Without data (or a data
strategy) there is no
way to implement a
Machine Learning
solution!




2 Some phenomena are ‘unpredictable’




2 Some phenomena are ‘unpredictable’
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Why Didn't Artificial
Intelligence Save Us From
Covid-19?

Wikipedia




GREGORY BARBER BUSINESS 85.19.2828 86:88 AM

Why Didn't Artificial
Intelligence Save Us From
Covid-19?

Wikipedia

Machine learning using intrinsic genomic signatures for
rapid classification of novel pathogens: COVID-19 case study

Gurjit S. Randhawa B [, Maximillian P. M. Soltysiak B, Hadi El Roz, Camila P. E. de Souza, Kathleen A. Hill, Lila Kari

Published: April 24, 2020 « https://doi.org/10.1371/journal.pone.0232391

2 Some phenomena are ‘unpredictable’

United States

Deaths per day

2500
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1500
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Deaths per day

500

Mar 2020 Apr 2020 May 2020 Jun 2020 Jul 2020 Aug 2020 Sep 2020 Oct 2020

https://covid19-projections.com/

Lung and Infection

=4 segmentation =4

Chest CT for
COVID-19

Infection
on Lobes

Infection
on Segments

Qualification

Infection
Component
Analysis

lung Lobes and Segments

https://arxiv.org/abs/2003.04655



https://covid19-projections.com/
https://arxiv.org/abs/2003.04655

3 Are Machine Learning systems able to
generalize? Or they can just
understand/predict what they have seen in
the past?

<~ clarifai

The following example was
inspired by Prof. Pietro Perona
of CalTec
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S Cldl’lfdl PRODUCTS ~ SOLUTIONS DEVELOPERS ~ COMPANY ¥ DEMO PRICING LOG IN

GENERAL General VIEW DOCS

Italian (it) -
PREDICTED CONCEPT PROBABILITY
mucca (bovina) 0.999
agricoltura (azienda commerciale) 0.998
bestiame 0.995
latte 0.994
bovini da carne 0.994
pascolo 0.994
bos taurus 0.994
fattoria 0.993
campo di fieno 0.993
erba (botanica) 0.991
campo 0.990
area rurale 0 .gao
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[N TRY YOUR OWN IMAGE OR VIDEO




GENERAL

<> clarifai

PRODUCTS ~

SOLUTIONS

DEVELOPERS ~

COMPANY ¥ DEMO PRICING LOG IN

General VIEW DOCS

ONCEPT

mucca (bovina)
latte
agricoltura (azienda commerciale)
bestiame
fattoria

bovini da carne
caseificio

bos taurus
campo di fieno
pascolo

erba (botanica)

mammalia

—+
[N TRY YOUR OWN IMAGE OR VIDEO



GENERAL

o= clarifai

PRODUCTS ~

SOLUTIONS

DEVELOPERS ¥

COMPANY ~ DEMO

General

Italian (it)

PREDICTEL NCEPT
nessuna persona
spiaggia

Acque

sabbia

mare

viaggiare

costa

estate

cielo

all'aperto

PRICING

LOG IN

+
TRY YOUR OWN IMAGE OR VIDEO

VIEW DOCS

0.992

0.990

0.985

0.981

0.979

0.978

0.971

0.952
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...‘.c|q|-|fq| PRODUCTS ¥  SOLUTIONS  DEVELOPERS ¥  COMPANY ¥  DEMO  PRICING LOG IN

GENERAL General VIEW DOCS

LANGUAGE

Italian (it) -
PREDICTED CONCEPT PROBABILITY
mucca (bovina) 0.994
mammalia 0.991
erba (botanica) 0.990
pascolo 0.986
agricoltura (azienda commerciale) 0.983
area rurale 0.981
bestiame 0.979
campo 0.978
campo di fieno 0.978
bos taurus 0.977
terreni agricoli (paese) 0.971
fattoria 0 2

-+
[N TRY YOUR OWN IMAGE OR VIDEO




4 In many (most) areas/tasks effective

Machine Learning is not plug-and-play

R Cleaning

+ Definition « Conversion * Quality + Feature Extraction
» Expected Impact + Parsing + Reconciliation « Building
* Evaluation metric + Aggregation « Missing data handling « Evaluation/

+ Alignment + Denoising Comparison

» Qutlier detection

- Machine Learning solutions
require a development process.
based [

- Domain expertise is
fundamental in many areas/tasks

* On-line

implementation

» Business outcome
* Improvement

Hybrid

Physics-

based
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#5 There is no a-priori
knowledge on Machine
Learning performances

Training set

Training folds
A

Test fold

1stiteration

.gm

2" jteration

|:>E

3rd jteration

—> E;

10th iteration -

—> E,




#5 There is no a-priori
knowledge on Machine
Learning performances

-------
..........

Training set

1stiteration

2" jteration

3rd jteration

Training folds Test fold
{ A
—> E;
—> E,
—> E;
— E,

10th iteration -




#5 There is no a-priori
knowledge on Machine
Learning performances...

Especially when dealing
with ‘private’ (ie. company-
specific) datal
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ChatGPT Is Passing the
Tests Required for
Medical Licenses and
Business Degrees

GPT-3 would have received a B to B- on an MBA

Wharton final exam.
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#6 We will lose all our jobs because of Al

ChatGPT Is Passing the
Tests Required for
Medical Licenses and
Business Degrees

GPT-3 would have received a B to B- on an MBA

Wharton final exam.

e By Chloe Xiang

b . sl U S
» KURT KNUTSSON | THE CYBERGUY

L@ LATEST VERSION OF CHATGPT CAN PASS THE BAR EXAM | 352 shenecr.

| COMING UP |




#6 We will lose all our jobs because of Al

HOME > TECH

Medical experts prefer ChatGPT to a
real physician 78.6% of the time —
because it has more time for
questions

Aaron Mok and Hilary Brueck May 2,2023,10:00 AM CEST

ChatGPT Is Passing the
Tests Required for
Medical Licenses and
Business Degrees

GPT-3 would have received a B to B- on an MBA

Wharton final exam.

e By Chloe Xiang

24 January 2023,1:46am ] W %

I

(e

L

m ~ » KURT KNUTSSON | THE CYBERGUY
/NEWS LATEST VERSION OF CHATGPT CAN PASS THE BAR EXAM | S5&Eaerzon

| COMING UP |




#6 We will lose all our jobs because of Al

Most likely Al will
replace jobs
(accordingly also to
major analyists,
such as PwC or
McKinsey)

Example: Personal computers

Total US jobs created and destroyed by personal computers (examples listed are not comprehensive)

lhousand jobs
Direct Indirect
Computer equipment manufacturing, 1970-2015 Computer suppliers, 1970-2015
A Assorted managers and administrators 31| |A Managers 42
Computer software developers ) Semiconductor manufacturing =
A . : 27| | A : 31
(in-industry equipment) occupations
A Computer scientists 18] | A Printed 9ircuit assembly 26
occupations
v Office machine manufacturers 61
(typewriters) : ¥V Typewriter indirect occupations -79
Enabled
Computer software and service industries, 1970-2015
A Software developers (software and apps) 768|
| A Computer scientists 686
Jobs created: A Managers 416;
19,263 V¥ Typewriter repair -32:
Jobs destroyed:
3,508 Utilizers
Computer-utilizing industries, 1980-2015
Net jobs:
15.755 A Customer service reps 3,205
’
~10% of 2015 civilian A Computer scientists 1873
labor force (not in computer industry) A
A Stock and inventory clerks 1,517
12,176 V¥ Bookkeepers and auditing clerks -881
V Secretaries -823
V¥ Typists -562



#7 Deep Fakes




#7 Deep Fakes

Original (Amini) Synthesized (Obama)
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H8 Fairness

Women less likely to be shown ads for
high-paid jobs on Google, study shows

DYLAN FUGETT

Prior Offense
1attempted burglary

Subsequent Offenses
3 drug possessions

LOW RISK

BERNARD PARKER

Prior Offense
1resisting arrest
without violence

Subsequent Offenses
None

HIGHRISK 10



For all these
aspects, a starting
course in Machine
Learning should
make sense...




Course QOutline



Course Outline (tentative)

The goal of the course is to provide an overview of the most common
algorithms in ML. The course also aims at providing programming
experiences on basic ML tasks.

We will cover:

Basics of Statistics
Supervised Learning Approaches (Regression & Classification)

Unsupervised Learning Approaches (Anomaly Detection &
Clustering)

Elements of Neural Networks
Elements of eXplainable Artificial Intelligence & Fairness



Supervised Learning

Setup: Observation of the
environment

Data: (x,y)

Task: learn a map from inputs x to
outputsy



Supervised Learning Unsupervised
Learning

e normal data

® noise

Setup: Observation of the

environment Setup: Observation of the

Data: (x,y) environment

Task: learn a map from inputs x to Data: x (no labels)

outputsy Task: learn patterns in input data



Supervised Learning Unsupervised
Learning
C@®S
¢ & 7 /! e normal data
! \/..’.\\\ N / / ® noise
\%~, \\// o ([ :?::.;\\V
\.\'\::ggij o Qeged)

Setup: Observation of the

environment Setup: Observation of the

Data: (x,y) environment
Task: learn a map from inputs x to Data: x (no labels)

outputsy Task: learn patterns in input data

Reinforcement
Learning

(there is a Master class)

Setup: Interaction with the
environment

Data: (state,action, rewards)

Task: learn policies that maximize
rewards



e in 10000 ¢

Machine Learning Approaches

Appartamenti a Milano
relazione metri quadri-valore

La regressione lineare

PROPRIETA

- :
y=b+wx
I

= AN Neural
N ARSI
,//{-g\\v‘x :«‘v.no} 7 |Networks
R % (Deep
Learning)
o]




Beyond accuracy

DYLAN FUGETT BERNARD PARKER

Input Data Black Box Models Model Output

(Training) (Prediction) Prior Offense Prior Offense

1attempted burglary 1resisting arrest

without violence
Subsequent Offenses

3 drug possessions Subsequent Offenses
None

LOW RISK HIGHRISK 10



Definition
Expected Impact
Evaluation metric

Conversion
Parsing
Aggregation
Alignment

* Quality
* Reconciliation
* Missing data handling « Evaluation/

* Denoising
» Qutlier detection

Modelling

» Feature Extraction
« Building

Comparison

On-line
implementation
Business outcome
Improvement




Course Outline and Calendar 1/4

WEEK 01

2025-02-24 Monday - Lecture 01: Course introduction & Motivation & Taxonomy of ML
2025-02-27 Thursday - Lecture 02: Introduction to Statistics for Machine Learning
2025-02-28 Friday - Lecture 03 (Lab 01): Introduction to Python

WEEK 02

2025-03-01 Monday - Lecture 04: Data Visualization, GIT

2025-03-04 Thursday - Lecture 05: Principal Component Analysis
2025-03-05 Friday - Lecture 06 (Lab 02): Elaborate and Visualize data

WEEK 03

2025-03-10 Monday - Lecture 07: Supervised Learning, linear regression, training vs testing
2025-03-13 Thursday - Lecture 08: Overfitting and Ridge Regression, crossvalidation
2025-03-14 Friday - Lecture 09 (Lab 03): Linear Regression and Ridge Regression

WEEK 04

2025-03-17 Monday - Lecture 10: Ridge Regression vs LASSO, gradient descent
2025-03-20 Thursday - Lecture 11: Classification, Logistic Regression
2025-03-21 Friday - Lecture 12 (Lab 04): Regularization & Classification



Course Outline and Calendar 2/4

WEEK 05

2025-03-24 Monday - Lecture 13: Multiclass Classification and Softmax Regression, Introduction to
performance metrics: accuracy, precision, recall, F1-score / Handling unbalanced data

2025-03-27 Thursday - Lecture 14: Decision trees, overfitting and pruning

2025-03-28 Friday - Lecture 15 (Lab 05): Decision Trees

WEEK 06

2025-03-31 Monday - Lecture 16: Ensemble Methods: Bagging, Random Forests, bootstrap aggregating
2025-04-03 Thursday - Lecture 17: AdaBoost, XGBoost, Catboost
2025-04-04 Friday - Lecture 18 (Lab 06): Ensemble approaches

WEEK 07

2025-03-17 Monday - Lecture 19: Support Vector Machines (SVM), Linear and kernel-based
approaches, Concept of the margin and kernel trick

2025-04-10 Thursday - Lecture 20: Unsupervised Learning: K-Means Clustering. Evaluating clustering
performance.

2025-04-11 Friday - Lecture 21 (Lab 07): SVM and Clustering



Course Outline and Calendar 3/4

WEEK 08
2025-04-14 Monday - Lecture 22: Anomaly Detection
2025-04-17 Thursday - Lecture 23: Introduction to Neural Networks, Activation functions (ReLU, sigmoid,

softmax), Perceptrons

WEEK 09

2025-04-24 Thursday - Lecture 24: Training of NN #01
WEEK 10

2025-04-28 Monday - Lecture 25: Training of NN #02
WEEK 11

2025-05-05 Monday - Lecture 26: CNN
2025-05-08 ThursdaK - Lecture 27: Autoencoders
2025-05-09 Friday - Lecture 28 (Lab 08): NN #01

WEEK 12

NN
2025-05-16 Friday - Lecture 30 (Lab 09): NN #02




Course Outline and Calendar 4/4

WEEK 14

2025-05-26 Monday - Lecture 31: XAl #01
2025-05-29 Thursday - Lecture 32: XAl #02
2025-05-30 Friday - Lecture 33 (Lab 10): XAl

WEEK 15
2025-06-05 Thursday - Lecture 34: Fairness in ML
2025-06-06 Friday - Lecture 35: Real-world Applications and MLOps

WEEK 16
-06- 36: What’s next
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Thank you!

Gian Antonio Susto




