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CONTENUTI
Panoramica sui tipi di Intelligenza Artificiale (1A)

e il loro uso:

apprendimento automatico supervisionato e
non

le reti neurali

Le Intelligenze artificiali discriminative e
generative a supporto dell'ingegneria civile;
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Goulet, J. A. (2020). Probabilistic machine learing for civil engineers. MIT Press.
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Artificial Intelligence sottocampi:

t%l Al : simulation of Intelligent

Extract ap hHuman-like behaviour
information
from data!
Nowadays Machine Learning is a type
is crucial of Artificial Intelligence that
{ provides computers with the

ability to

Learn from examples
Deep Pattern Recognition

Learning
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Tipi di Apprendimento:

« Supervisionato

- Non Supervisionato
« Reinforcement Learning

' Machine |

_Learning

Supervised
Learning

' Reinforcement
‘ Learning

\_ Unsupervised
Learning
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Classification
* Naive Bayesian * k-Nearest Neighbors

* Decision tree * Neural Networks
SVM o dvaves

Regression
Logistic Regression .
Stepwise Regression  «
Polynomial Regression «

Ridge Regression
Linear Regression

~ Reinforcement learning

Q-learning * Actor-Critic

Policy Gradients * DDPG

Deep Q-learning « ......
Clustering

WAVE-CLUSTER *  K-means

Self Organized Maps * DBSCAN

Gaussian Mixture B

Density Estimation
Kernel Density .
Generalized De-noising
Deep Boltzmann Machine

Auto-Encoders

Dimensionality Reduction
Local Linear Embedding + Partial Least
Stacked Auto-Encoders .+ ......
Principe Component Analysis

— 128
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Machine Learning - Basics
Problem Types

Classification Regression

(supervised — predictive) (supervised — predictive)

A .. e

vV oo _
——— ;
— ™

time
Clustering Anomaly Detection

(unsupervised — descriptive) (unsupervised— descriptive)
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Applicazione del Machine learning(ML) e
Pattern Recognition(PR)

Pattern
Recognition

' Structural
Population Health Monitoring @ .
e

| | ] T |
6 2009 2011 2013 2015 2017

Structural
Health Monitoring _ ‘ . ‘ .
iR e o o « ) 0

Machine
Leamning Y
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Supervised Learning

Labels

Training Data

Machine Learning

Algorithm

New Data —»  Predictive Model

—>

Prediction

(o] o] ! . gnu =
o O F+ m Classification
o & 4 *
o 0 & * 4 Problem
O O + +
o © ,” + ++ . .
8 phe with discrete class
" labels

m Regression
Problem

where the outcome is

: . a continuous value

— 128
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Unsupervised Learning Example of Clusterlng

After K-Means

Before K-Means
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Cosa €’ il Deep Learning? ,...cquynawre

Brain and Neuroscience

9 Part of the machine learning field of learning representations of
o o data. Exceptional effective at learning patterns.

a hierarchy of multiple layers that mimic the neural networks of our

I Utilizes learning algorithms that derive meaning out of data by using

brain.

Outputs
Myelin sheat

E If you provide the system tons of information, it begins to

understand itand respond in useful ways. Myelinated axon

-

Phenomenological model
(schematization) of a neuron

12 128
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Deep Learning Timeline

Computational CNN GAN
efforts forced to

abandon neural

networks!! 399 Computing 1 Deep
* =+ Machinery 96 Backpropaga Boltzmann Restricted Boltzmann
and ADALINE tion 1980 Machine ~ Boltzmann LSTMs Machines
Dark Era Intelligence Widrow & Werbos (and  Neocogitron Hinton & Machine  LeNet Hochreiter & Salakhutdinov GANSs
Until 1940 Alan Turing Hoff more) Fukushima Sejnowski Smolensky Lecun Schmidhuber & Hinton Goodfellow

' !

S &

Neural Nets Perceptron  XOR problem Self Hopfield Multilayer RNNs Bidirectional Deep Belief Dropout Capsule

Neural
Transformers

McCulloch & Rosenblatt Minsky & Organizing Network Perceptron Jor dan RNN Networks-  Hinton Networks
_ Papert Map John Hopfield Rumelhart, Schuster & pretraining Sabour, Frosst,
Kohonen Hinton & Paliwal Hinton Hinton
Williams

MLP RNN

Made by Favio Vazquez
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Artificial Neural Network (ANN)
McCullock-Pitts (MCP) Neuron (1943)

Historically, Neuroscience and Biology wanted to explain how the human brain works

Cell body —)
' Y vt o =
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Artificial Neural Network
McCullock-Pitts (MCP) Neuron (1943)

m Simplified as a logic gate with binary output [0,1] (or [-1,1])

m Accumulated input signal reach a threshold value the output signal is
transmitted through the axon

m Few years later F. Rosenblatt formalize the Perceptron rule (ANN with
one neuron only)

a1o—»{Upl)
\\ b,

)—b (’) '_> (..1)

Synaptic
[nput mp \'\\_"';l_} r] » Sum = Act

ation
fu (l »()m ut
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Artificial Neural Network
Perceptron (Rosenblatt 1957)

Simulation of a real neuron as information
processing unit

: »{ Uy, . :
dre p1) \ [ m Input (a,) at each synapsis get weighted (v,,) by the
\ Y neuron
a9 () \/L VT @
A1) I)'_ . H
Nt T \] & >C, ® An external bias (b,) could be considered
; A m An activation function (¢) governs the output (c,)

‘ ; / S
| % Cp = ¢ z (qVpq + by
ag 0—»(‘1,5' q=1

Synaptic m The bias could be considered in the weight vector as

: Activation ) . o
Inputey “Ciohts " Sum 7 tion Outpu the first term associated to a unit input

T
V= [bp,vpl, ---;va] ) ;7 =pl.qg == cp = P(2)

a=1[1aq..,a5]"
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Funzioni di attivazione:
input z e ridotto ad un binario

m Heaviside function (step function which output is comprised in [-1,1])

Threshold value

¢(Z)={ 1 ifz>6

—1 otherwise

m Sigmoid function (continuous function, most adopted, output in [0,1])

¢(z) =

1+e7 2

This model of perceptron is called Feed-Forward Neuron.
A Feed-forward Neural Network (FNN) combines more perceptron in layers

Training is done with Back-propagation technique (chain rule of derivatives)

17 128
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Esempi di architetture per ’ANN

combining a number of perceptrons
Single-layer FNN Multi-layer FNN Deep Network

Shallow Network More than one
hidden layer
\»
\ 2%
»
: >

Input layer Output layer Input layer Hidden Output layer
of source of artificial of source of artificial

nodes neurons nodes layer neurons
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Come le reti neurali apprendono...?
Gradient descendent algorithm and Backpropagation

(|

Animate3D-1 =]

The gradient of the error function w.r.t. the weights is needed. The

derivatives are computed by using the backpropagation rule (chain
rule among the neurons)

§i) Z g 4 )5 )

f (i) _ G (Q(i)) Gradient of the loss

function w.r.t. the weights

(i+1) _ pli) (i) (i)
iy

— Batch gradient descent
— Mini-batch gradient Descent
—— Stochastic gradient descent

Batch Gradient Stochastic Mini Batch
Descent Gradient Descent Gradient Descent
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Small dataset

Training set

1

Validation set

y J J U J

Train with different

60% 20% 20% model parameters Also for testing

Big dataset

. Record validation
Supervised Model errors for each model
parameter
T o\ Train with best performed

98% 1% 1% model parameters

[] Train set [] Dev set [] Testset
Optimal Model Test data set
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Complessita: I'overfitting

. S di Torino

The model is capable of adapting to the
training data is said to have a large capacity.

Overfitting: model fits well training dataset, but it fails to provide
good predictions for other covariates that were not seen during
training.

21 128
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(a) Low bias & | (b) High bias & I
low variance I low variance I
! I
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I
: I
' Overfitting |
| I
I
I S5 :
I (c) Low bias & | (d) High bias &
I

high variance I high variance
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Regression:

predictor too inflexible:
cannot capture pattern

Classification: %
X, | X

S
>

| |

0

predictor too flexible:
fits noise in the data




Underfitting Overfitting
A

Optimal
complexity

Error

(bias)

Trainining emwor

Model complexity
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Model complexity: overfitting solutions

training subset

validation subset| ||

testing set ==

fold

entire data set

B )

1 lUJl
- I

|

o DR | I |

training set

25 128
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Esempi di ANNs nella ricerca del danno strutturale

Train ANNs on:
- Simulated damage scenarios
- real damage scenarios
(supervised learning not a
s / fffffff - =g . Suitable way because miss

o measwrement  + Fedlor realistic Damaged

Object bridge

-

¢ damaged bridge FEM analysis :
devices | H
: .~ consistent dataset)
] |
. ‘ : Vector expressing acceleration
: . obtained by multipoint
¥ 1.3 \ 7 ' . \ - __measurement (input data)
Vv : , | Vector expressing % N ) A
' ector expressing ; ' N -\
: Jamag lnll m‘o P acceleration results ' = :
damage patte :
! S ! al measurement points Trai — — |
| 1| Train ! -
| — — | 4
: Vector expressing 3 Vector expressing | — | v N
: damage pattern |, acceleration results ! “— ANNs — ! NN
: at measurement points |, —mqeme e e ———— &
| : i U Vector expressing
j L damage pattern (output data)
; Vect ) Vector expressing l f | )
ector expressing . - | —
: o~ t i mi‘ ——p| acceleration results _ .
damage patter ; : - :
: ERPN N | | at measurement points | | ' | ) hase
AR - . \_ J| \ ¥: damage quantification
% — Target vectors = ~— Input vectors ) \ results (final goal)
\ Iraining set / \ ) %

-~ =======-~-- Training stage -~---~=-=======~ = Inspection stage
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Reti Neurali Auto-Associative NN (AANN)

(unsupervised learning) Input Output
layer layer
« Pass through a "bottleneck” layer to learnr — (O ) —
important feature and denoise the input si _ () Encoding  Decoding () —»
layer layer
« Once trained, if output signal is similartoir _, O O —>
loss function (Damqge index) almost zero, O O Q) O
otherwise a possible abnormal condition o @) @
+ Autoencoder @, @
— (08 O S —>
@ I
Y AR
— O Botltleneck O —
—>© ayer O—>

[ Charles R. Farrar and Keith Worden. Structural Health Monitoring: A Machine Learning Perspective |
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Output-only SHM applications with ad hoc ANN implementations i |
To extract engineering paramters of interest (modal paramters) Lt

1 s ) ¢ functior
J X % | St | S ) =L+ L+Li+L, 4
| . - |
' ) ‘\":’b\“—f"g:'"‘"i Lmear uncomelation: i!
: .......................... : .................................................. ‘. e e g : W L&‘:.‘:i—:‘:.\&f‘:%’;_,_j " . | :
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|
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P - " . X r s B ode t I ! P = 1 R L e wi') =g !
[ - LI L. Il | ! w2 | i s salwe(we) |
- : H | ' . e Nonlinear uncorrelation (
: 2 @ : : : p —— : : G G Qs Q@ | ; e Sl |:
0 = ' ' r = = T — —~ " i, || cov -13 !
: 2 . ' Mode 2| | : Rl =Afen(@=1],
| - e ! "y | \ B i T e S e L constyach !
' o & v 'y ' | ] ) " Reconstruction i
= 1 \ T
- ::_'-5 :: :: L ! | X X X x, [ ! 590 3 E 5 4
1 ' "y H | i ' N ot ot N ¥ i !
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' " 'y Mode 3 t 2 ' :
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' T i " , : L 5 1 L AT S W oo sis LA )
' ' "y H
vee it - .o H . wee
: " ' — : (@)
' i y ode s t ) \
. m I: : ; '
' ] v
: N J L 4 1 - < : | : v
| l: 'y —_— ' | ) | -
| 1 L. - ] .
't + r g Ty .
| " Decorrelatson g Q L - 1) ' : o
L} '
{  Raw signals Pre-processed it Input & Nonhnear Reconstmucted ) H Modal Frequencies  Damping Mode shapss ! OF n
- signals :: Gaussianity  decorrelation signals : - coordinates Ratios : ) 4 60 30 00 Ll
' " 110 1340 ZAt 300 Y ! |
B R ) I X A i AR IR O e S R VAU VP S0 S U S SRR oY /.. T e e S RS s 2 L R RN S g L) ’
Data pre-processing Modal analysis neural network Data post-processmg (b) ()

[ Yuequan Bao, Dawei Liu, Zhiyi Tang, and Hui Li. <Machine-learning-based methods for output only structural modal identification» [ hzs
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Convolutional Neural Networks (CNN)

m-.l.u T
Categoncal fusgmenis m‘n”

““‘-.,".‘,T;.’.'..A.’,,? f Nﬁ”‘”“”w The first hierarchy of neurons
T, S Y 8 ....m. that receives information in
the visual cortex is sensitive
to specific edges while brain
regions further down the
visual pipeline are sensitive
to more complex structures S
such asfaces.

\
-
2)

8% BB
CAT DOG & %ﬁﬁg w8 w3
— | OO O %»@@é» w-»“cat”
CAT2DOG? e e ouTeuT - 1S < §§§§§‘ 3288, < 833333
LR ACTIVATED
........ | e A deep neural network consists of a hierarchy of layers,
RGN whereby each layer transforms the input data into more
Narrnnrnn o Y, abstract representations (e.g. edge -> nose -> face). The
Nessnnning e output layer combines those features to make predictions.
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Convolutional Neural Networks (CNN)

The initial convolution part " :
acts as an automatic feature Feature Engineering

extractor! Approach

Feature maps are calculated
by sliding learnable filters on
the input images. Information
are collected in tensors and a
subsampling only retains the
most useful information.

The classification/regression

task is actually performed by
the fully connected final layers

30 128
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Convolutional Neural Networks (CNN)

The initial convolution part
acts as an automatic feature
extractor!

Feature maps are calculated
by sliding learnable filters on
the input images. Information
are collected in tensors and a
subsampling only retains the
most useful information.

The classification/regression
task is actually performed by
the fully connected final layers

31 128
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Convolutional Neural Networks (CNN)

More parameter to train — More data are needed!!
Therefore Data augmentation procedure can be adopted as regularization technique to increase db.
Horizontal Flips Color Jitter

Prof. G. C. Marano

Random mix/combinations of :

- translation

- rotation
- StretChlng Simple: randomize

. contrast and brightness
- shearing,

Compute

7 _,  loss
" CNN ‘

. . Load i
- lens distortions, ... and label
q,‘,,'
@ . : \“

Transform image
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Revetopechtor Computer-Vision tasks, CNN have K (14 Politacnico

Convolutional Neural Networks (CNN)

2D Network input
(stack FFT of signals)

Raw time series| 3 A e & —1 H : __»; B Sensor 1
signals from : . =——cual [ _—» Sensor 2
Sensor 1 . ¢ 1 i S 1 =t X, Ny %
Signal processing ! B s 1 L l AN ~. * _Sensor p
SEE to frequency =l 5 ' w8 — ‘ T
domain (FFT) s = 11 1] H ’*‘ . N FU“Y Connected
Sensor p k5 . il r==t | 1] ; al
e 0 gl L)L ‘ =S NN H | ] ~ Fully Connected
- | —- Y S ’
Convolution Subsampling Convolution Subsampling Convolution Subsampling

[ 0. Avci, et al. «A review of vibration-based damage detection in civil structures: From traditional methods to Machine Learning and Deep Learning applications» |

33 /128
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Recurrent Neural Networks (RNN)

They are usually simple network which are called recursively.

We can process a sequence of vectors X by Some more Complex
applying a recurrence formula at every time step: y models have been

proposed during years,

especially to be
ht — fW (ht—17 CE‘t) suitable for dealing
, with very long
new state old state input vector at sequence or time

some time step series, such as LSTM

some function (Long Short Term
with parameters W X Memory) or GRU
(Gated Recurrent Unit)

Notice: the same function and the same set
of parameters are used at every time step.
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Optimization: Model calibration and updating

« Foremost Model parametrization:
Defines Parameter 6 to be updated o , |
| P UL BN ERTCR)
« Not all are directly observable .
« Deterministic Approaches

» Probabilistic Approaches
l.e. Bayesian Updating

« Observation may contains errors:

A (-/LL 3 yl)

\/Pre(licticm errors

y =g(0,x) +w(x)+ v,

[ Covariates fI\ l[easurement errors
A

lodel parameters
Deterministic predictions from a hard-coded model

Observations

Goulet, J. A. (2020). Probabilistic machine learning for civil engineers. MIT Press.



Prof. G. C. Marano : (=X litecnico

Al GENERATIVA

- Definizione: LA generativa ¢ una tecnologia di apprendimento automatico che crea
nuovi contenuti come testi, immagini e musica.

- Reti Neurali: Utilizza reti neurali ispirate ai neuroni umani per riconoscere pattern nei
dati.

« Esempio: Come un cuoco che crea nuovi piatti combinando ingredienti di diverse
ricette, I'A generativa crea nuovi contenuti combinando dati di addestramento.

welDClues

LA AN T

Generative Artificial Intelligence

Ao Images

Videa
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Modelli di IA Generativa

GAN (Reti Generative Avversarie):

« Utilizzano un generatore e un discriminatore per creare e valutare
nuovi dati.

Modelli Basati su Trasformatori:

 Eccellonoin compiti dove il contesto & importante, come traduzione
e generazione di testi.

GAN (Reti Generative Avversarie)

« Componenti: Generatore e Discriminatore.

- Processo: Il generatore crea nuovi dati che il discriminatore valuta
rispetto ai dati reali.

37 128
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Altri Modelli Popolari di Al Generativa

- Autoencoder Variazionali (VAE): Codificano i dati in
uno spazio ridotto e generano nuovi campioni.

- Reti Neurali Ricorrenti (RNN): Ricordano gli input
passati per gestire dati sequenziali.

Strumenti di |A Generativa

« ChatGPT: Risposte testuali realistiche e interattive.
 Dall-E: Genera immagini da descrizioni testuali.

- Bard: Chatbot di Google per risposte basate su
linguaggio naturale.

38 128
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Benefici dell'lA Generativa

- Efficienza: Automatizza compiti ripetitivi.

- Velocita: Completa compiti rapidamente.

- Creativita: Genera nuove idee e design.

- Decisioni Migliori: Analizza dati per supportare decisioni

Limitazioni dell'lA Generativa

 Controllo Limitato: Difficile generare output con caratteristiche
specifiche.

- Qualita e Coerenza: Dipende dalla qualita dei dati di
addestramento.

- Bias ed Etica: Puo replicare bias presenti nei dati di addestramento.

39 128
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Soft
Computing
Fuzzy Neural Evolutionary Machine
Systems | Networks - | Computation | Learning
Genetic Genetic
Algorithm | Programming

40 /128
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Genetic Algorithms (GA) %

GA's are based on
Charles Darwin Darwin’s theory of

o
5 . | Reproduction :
The fS \ ) evolution
Origin of Species o

With a special Introduction by JULIAN HUXLEY

g!'r \ £ |

, Evolution

"h ® /c““‘:“m"“\ cgmgdtingrgvolved Iy
a1

K/ the 1960’s.
IS N\
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Evolutionary Algorithms

Genetic algorithm

» One seeks the solution of a problem in
the form of strings of numbers
(traditionally binary, although the best
representations are usually those that
reflect something about the problem
being solved), by applying operators
such as recombination and mutation;

Genetic programming

+ Here the solutions are in the form of
computer programs, and their fitness
is determined by their ability to solve a
computational problem.

Evolutionary programming

« Similar to genetic programming, but
the structure of the program is fixed
and its numerical parameters are
allowed to evolve;

Evolution strategy

« Works with vectors of real numbers as
representations of solutions, and
typically uses self-adaptive mutation
rates;

Differential evolution

+Based on vector differences and is
therefore primarily suited for
numerical optimization problems.

Particle swarm optimization

«Based on the ideas of animal flocking
behavior. Also primarily suited for
numerical optimization problems.

Ant colony optimization

*Based on the ideas of ant foraging by
pheromone communication to form
paths. Primarily suited for
combinatorial optimization problems.

Invasive weed optimization
algorithm

+Based on the ideas of weed colony
behavior in searching and finding a
suitable place for growth and
reproduction.

Harmony search

+Based on the ideas of musicians'
behavior in searching for better
harmonies. This algorithm is suitable
for combinatorial optimization as well
as parameter optimization.

Gaussian adaptation

« Based on information theory. Used for
maximization of manufacturing yield,
mean fitness or average information.
See for instance Entropy in
thermodynamics and information
theory.

45 128
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{Explorotion }

« Search in regions with high
uncertainty

{Exploitqtion J

« Search in regions with high
estimated value




P i
i} Palitecnico

Prof. G. C. Marano ACEAE . = G Toring

Future directions: data fusion

Integrated system to exploit advantages of both Data driven and physical modeling

Heterogeneous
information
fusion approach

Physical Modeling

Machine Damage
Structural Monitoring —-> Learning > | Identification
Algorithms ,
= — Detection
— Localization
— Type
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