
INTELLIGENZA ARTIFICIALE

INTRODUZIONE ALLE RETI NEURALI

Corsi di Laurea in Informatica, Ing. Gestionale, Ing. Informatica, 

Ing. di Internet 

(a.a. 2023-2024)

Roberto Basili

(*) dalle slides di S. Russel

1



Recap (AIMA chpt. 18.1-18.4)
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▪ Agents & machine learning

▪ Learning from examples:
▪ Complexity and Expressiveness

▪ The definition of model selection

▪ An example: Decision Tree learning
▪ Recursive search among Boolean formulas

▪ Attribute Selection in DT: Information Gain

▪ Learning methodology: design, experiment/ 
evaluation and model selection
▪ Cross validation



Introduction to machine learning

▪ Introduction to machine learning
▪ When appropriate and when not appropriate

▪ Task definition

▪ Learning methodology: design, experiment, evaluation

▪ Learning issues: representing hypothesis

▪ Learning paradigms
▪ Supervised learning

▪ Unsupervised learning

▪ Reinforcement learning



AIMA learning architecture



Machine learning: definition

▪ A computer program is said to learn from 

experience E with respect to some class of tasks 

T and performance measure P, if its performance 

at tasks in T, as measured by P, improves with 

experience E [Mitchell]

▪ Problem definition for a learning agent

▪ Task T

▪ Performance measure P

▪ Experience E



ESEMPI DI APPLICAZIONI 

DI RETI NEURALI
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Esempi della nozione di ’’Task’’



Altri Tasks (2)



Neural encoding-decoding for DALL-E



METODI DI MACHINE

LEARNING
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Metodi di Machine Learning



Metodi di Machine Learning



Inductive learning

• Simplest form: learn a function from examples

f is the target function

An example is a pair (x, f(x))

Problem: find a hypothesis h
such that h ≈ f

given a training set of examples

(This is a highly simplified model of real learning:
• Ignores prior knowledge

• Assumes examples are given)



Metodi di ML: selezione dei modelli

• Approcci discriminativi

• Lineari 

• h(x) = sign( W ∙ x + b) 

• Approcci probabilistici

• Stima delle probabilità              attraverso un training set

• Modello generativo ed uso della inversione Bayesiana



Apprendimento e Classi di Algoritmi

• Acquisizione di:
• Funzioni logiche booleane, (ad es., alberi di decisione)

• Induzione: determinazione ricorsiva delle CNES che caratterizzano 
i diversi sottogruppi .

• Approcci probabilistici:
• Funzione target di Probabilità, (ad es., classificatore Bayesiano)

• Induzione: Stima delle probabilità (in quanto parametri).

• Approcci geometrici
• Funzioni di separazione in spazi vettoriali (lineari e non)

• KNN

• Funzioni Lineari, percettroni, Neural Networks, Support Vector Machines,…

• Embeddings, analisi spettrale (trasformazioni di spazio)

• Induzione: parametrizzare la funzione appartenente ad una certa 
classe (ad es. polinomi di grado n)
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ML: una introduzione visuale

• See URL: http://www.r2d3.us/visual-intro-to-

machine-learning-part-1/
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http://www.r2d3.us/visual-intro-to-machine-learning-part-1/


Es. apprendimento alberi di decisione
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http://www.r2d3.us/visual-intro-to-machine-learning-part-1/

http://www.r2d3.us/visual-intro-to-machine-learning-part-1/


Apprendimento senza supervisione

• In assenza di un oracolo o di conoscenze sul 

task esistono ancora molti modi di migliorare le 

proprie prestazioni, ad es.

• Migliorando il proprio modello del mondo 

(acquisizione/discovery della conoscenza)

• Migliorando le proprie prestazioni computazionali 

(ottimizzazione)
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Apprendimento senza supervisione
• Esempio:

• una collezione mp3 può essere organizzata in
generi attraverso il raggruppamento di brani simili
secondo proprietà audio (clustering): tale
organizzazione è naturalmente gerarchica

• Il miglioramento avviene quindi almeno rispetto agli
algoritmi di ricerca: la organizzazione gerarchica
consente di esaminare solo i membri dell’insieme in
alcune classi (i generi).
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Al termine del processo di acquisizione il sistema 

dispone di un sistema di classi e relazioni indotti 

che migliora la sua interazione futura con 

l’ambiente operativo (ad es. l’utente)



Altre dimensioni

• Suono, musica: Shazam

• Music Map (http://www.music-map.com)
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https://www.music-map.com/


MACHINE LEARNING:

PARAMETRIZZAZIONE
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Performance
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Evaluation of a ML system

• Performance Evaluation Metrics

• Classifier Evaluation Metrics

• Tuning and Evaluation Methods
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Classifier Evaluation: Confusion Matrix

PREDICTED VALUE

A
C

T
U

A
L

 V
A

L
U

E

Class A Class B Class C

Class A 38 12 0

Class B 5 43 2

Class C 6 0 44

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
#𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠

#𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠
=
38 + 43 + 44

150
= 83.33%

𝑒𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒 =
#𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠

#𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠
=
12 + 5 + 2 + 6

150
= 16.67%



Evaluation with skewed data

PREDICTED VALUE

A
C

T
U

A
L

 

V
A

L
U

E

Spam Non-Spam

Spam 0 10

Non-Spam 0 9990

• Accuracy is not a suitable metric for task with 

imbalanced classes (for instance a spam detector)

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
#𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠

#𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠
=

9990

10000
= 99.9%

Very bad 

performance on 

the Spam class, 

that is the 

target of the 

classifier!! … 

nonetheless …



Single Class Metrics

PREDICTED VALUE
A

C
T

U
A

L
 

V
A

L
U

E

Class C Not Class C

Class C
TP

True Positive

FN

False Negative

Not Class C
FP

False Positive

TN

True Negative

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁

what percentage of instances the classifier 
labeled as positive are actually positive?

what percentage of positive instances did 
the classifier label as positive?

𝐹1 =
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

F-measure is the harmonic mean of 
precision and recall



Class-based evaluation

Category 
examples

Classified 
examples

Example 

collection

Classified & 

Members

Rejected  but 

Members

Classified but 

not Members

Rejected  & not 

Members

Classified RejectedM
em

b
er

s
N

o
t 

M
em

b
er

s

What about accuracy???

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
# 𝑜𝑓 𝑀𝑒𝑚𝑏𝑒𝑟𝑠 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

# 𝑜𝑓 𝑀𝑒𝑚𝑏𝑒𝑟𝑠 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 + # 𝑜𝑓 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑛𝑜𝑡 𝑀𝑒𝑚𝑏𝑒𝑟𝑠

𝑟𝑒𝑐𝑎𝑙𝑙 =
# 𝑜𝑓 𝑀𝑒𝑚𝑏𝑒𝑟𝑠 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

# 𝑜𝑓 𝑀𝑒𝑚𝑏𝑒𝑟𝑠 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 + # 𝑜𝑓 𝑅𝑒𝑗𝑒𝑐𝑡𝑒𝑑 𝑀𝑒𝑚𝑏𝑒𝑟𝑠



Trade-off between Precision and Recall
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1

Recall

P
re

ci
si

o
n

The ideal

Classify members but still 

misses many examples

Returns most members 

but also lots not members



Other class based measures



Precision and Recall of Ci

• a, corrects (TPi)

• b, mistakes (FPi)

• c, instances of a Classi that are not actually retrieved, 

(FNi)



• PrecisionA= 38/(38+5+6)=38/49

• RecallA = 38/(38+12)=38/50

• PrecisionB = 43/(43+12)=43/55

• RecallC = 44/(44+6)=44/50

PREDICTED VALUE

A
C

T
U

A
L

 V
A

L
U

E

Class A Class B Class C

Class A 38 12 0

Class B 5 43 2

Class C 6 0 44



Performance Measurements (cont’d)

• Breakeven Point

• Find thresholds for which

Recall = Precision

• Interpolation

• F-measure

• Harmonic mean between precision and recall

• Global performance on more than two categories

• Micro-average 

• The counts refer to classifiers

• Macro-average (average measures over all categories)



Break-even Point

• The BEP is the interpolated estimate of the value for which 
Recall=Precision

 It shows the superiority of methods whose behavior is closer to the 
(1,1) ideal performance
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Averaging Precision & Recall: A 

comparison

𝐹1 =
2

1
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

+
1

𝑅𝑒𝑐𝑎𝑙𝑙

=
2 ∙ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

min(𝑝, 𝑟)
max 𝑝, 𝑟

𝑎𝑟𝑖𝑡ℎ𝑀 𝑝, 𝑟 =
𝑝 + 𝑟

2

𝑔𝑒𝑜𝑚𝑀 𝑝, 𝑟 = 𝑝 ∙ 𝑟

ℎ𝑎𝑟𝑚𝑀(𝑝, 𝑟) =
2

𝑝−1 + 𝑟



Averaging Precision & Recall:
cross-categorical analysis

• Individual scores characterize the performance 

about each specific class

• Simple macro averaging can be applied to have 

𝑀𝐹1

=
2 ∙ 𝑀𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑀𝑅𝑒𝑐𝑎𝑙𝑙

𝑀𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +𝑀𝑅𝑒𝑐𝑎𝑙𝑙

𝑀𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑖=1

𝑛

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖

𝑀𝑅𝑒𝑐𝑎𝑙𝑙 = 

𝑖=1

𝑛

𝑅𝑒𝑐𝑎𝑙𝑙𝑖



F-measure e MicroAverages



• PrecisionA= 38/(38+5+6)=38/49

• PrecisionB = 43/(43+12)=43/55

• Segue che: 

Mprecision=1/3(38/49 + 43/55 +…)

PREDICTED VALUE

A
C

T
U

A
L

 V
A

L
U

E

Class A Class B Class C

Class A 38 12 0

Class B 5 43 2

Class C 6 0 44



• PrecisionA= 38/(38+5+6)=38/49

• PrecisionB = 43/(43+12)=43/55

• Segue che: 

Precision=(38+43+44)/(38+43+44+11+12+2)

PREDICTED VALUE

A
C

T
U

A
L

 V
A

L
U

E

Class A Class B Class C

Class A 38 12 0

Class B 5 43 2

Class C 6 0 44



Overview

• Performance Evaluation Metrics

• Classifier Evaluation Metrics

• Information Retrieval Systems Evaluation Metrics

• Tuning and Evaluation Methods

• Error Diagnostics



Testing Data

• To obtain a reliable estimation, test data must be

instances not employed for the training step:

• Error on the training data is not a good indicator of 

performance on future data, because new data will 

probably not be exactly the same as the training data!

• Overfitting – fitting the training data too precisely -

usually leads to poor results on new data

• We want to evaluate how much accurate predictions of 

the model we learned are, and not other computational

aspects (e.g. its memorization capability)



Step 1: dataset splitting

For instance 70% in the training set 

and 30% in the test set

Results Known

+
+
-
-
+Data

Training set

Testing set



Step 2: learning phase

Results Known

+
+
-
-
+Data

Training set

Testing set

Learning algorithm

Y N



Step 3: testing the model

Results Known

+
+
-
-
+Data

Training set

Testing set

Learning algorithm

Y N

+

-

+

-

Evaluation: 
comparison with 
the oracle



Evaluation on Few Data

• When data is scarce (totally or for a single class), 

a single evaluation process could not be enough

representative

• The testing set could contain too few instances to 

produce a reliable result

• SAMPLING: The evaluation process must be 

repeated with different splitting



N-Fold Cross Validation

• Data is split into n subsets of equal size

• Each subset in turn is used for testing and the 

remainders n-1 for training

• The metrics estimated in each round are averaged

5 fold

splitting
Testing fold

Round 1

Round 5

… Testing fold



Tuning a Classifier

• Most of ML algorithms depends on some 

parameters 

• Examples: k in KNN, wi in Rocchio, p(wi |cj) for NB

• The best configuration must be choosen after a 

proper tuning stage:

• A set of configurations must be established (for 

instance, k=1,2,5,10,…,50)

• Each configuration must be evaluated on a 

validation (or tuning) set



INTRODUZIONE ALLE RETI 

NEURALI
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Introduzione alle Reti neurali

• Dal percettrone alle reti multistrato

• Addestramento in una rete multistrato

• Deep Learning:

• Dalla Ingegneria delle Features (caratteristiche) …

• all’Apprendimento delle Rappresentazioni

• Applicazioni 

• Natural Language Processing

• Image Classification e Object Recognition

• Language Modeling e sistemi di Chat
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Perceptron (Rosenblatt, 1958)
• Linear Classifier mimicking a neuron

x
1

x
2

x
n

x
3

b

h(x)

θ1

θ2

θ3

θn

Features

Neuron Parameters

Bias

( ) ( )n n

n

h x g bx= +



Adding Layers …

• From simple linear laws …

• to feedforward structures. It can be made dependent on a sequence of 
functions g(1) and g(2), …, g(k) that give rise to a structured hypothesis:

• Hidden layers

( ) ( ; , ) ( )n n

n

h x g x b g bx = = +

(1) (2)
(2) (1) (1) (2)

(2) (2) (1) (1) (1) (2)

(1) (1) (1) (1)

( ) ( ( ; , ); , )

( ( )

( ) ( )

h x g g x b b

W g g W x b b

h x g W x b

 = =

=  + +

= +



Neural Networks
• Each circle represent a neuron (or unit)

• 3 input, 3 hidden and 1 output

• nl=3 is the number of layers

• sl denotes the number of units in layer l

• Layers:

• Layer l is denoted as Ll

• Layer l and l+1 are connected by a matrix W(l)  of parameters

• W(l)
i,j connects neuron j in layer l with neuron i in layer 

l+1

• b(l)
i is the bias associated to neuron I in layer l+1

input layer hidden layer output layer



Training MLPs: Back-propagation

• How are parameters of the tw-layer network, i.e.  W, w and c, b
defined?

• This is the role of the training algorithm for which: 

• The learning process in MLPs is based on two notions:
• The optimization local to individual neurons

• The adjustments to the overall network by propagation backwards from the 
output (where the error manifests) through all the hidden layers.







How to induce the hypothesis h from 
examples

• Learn the parameters θ and b

• To find these we look at the past data (i.e. training data) optimizing 
an objective function

• Objective function: the error we make on the training data
• the sum of differences between the decision function h and the label y

• also called Loss Function or Cost Function


=

−=
m

i

ii ybxhbJ
1

2)()( )),;((),( 



A simple demo on TensorFlow

• Look at: https://playground.tensorflow.org/

https://playground.tensorflow.org/


Backpropagation in MLPs



NN for Image Classification





Rappresentazione e Apprendimento: il ruolo della 
profondità



from Goodfellow et al., DL MIT book 



Applicazioni delle reti neurali

• Acquisizione Automatica di Lessici Semantici da testi (non annotati)
• Modelli linguistici del linguaggio scritto (Italiano, Inglese, …)

• Modelli vettoriali della semantica lessicale

• Sistemi di pre-addestramento per la inizializzazione dei classificatori 
supervised (ad es. Machine Translation systems)

• Riconoscimento di oggetti o di pattern (ad es. emozioni dai visi) nelle 
immagini 

• Acquisizione integrata di conoscenza da immagini, video e testi scritti

• Sistemi di Question Answering o Dialogo su immagini



Automatic image captioning: 

neural networks  at  work
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Relationship with other areas of AI

• Neural networks for faster inference over large knowledge bases wrt 
to logical approaches

• Neural networks for high quality and cost-effective complex tasks
• Pattern recognition

• Language and Image/Video processing

• Complex rewriting tasks, e.g. Machine Translation

• Learning to acquire knowledge
• Machine Reading for QA

• Fast Indexing an retrieval from large document bases or Web sources

• Processing Time Series
• Predictive Analuìytics tasks that depend on time

• Sequence labeling tasks

• Complex inference on hybrid (i.e structured and unstructured) data
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