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Introduction

» Critics to model-driven approaches

Models are often very complex,
but fail to incorporate all data effectively!

So, do you incorporate data
without the need of any model?

Yes,
absolutely!

~

Are your sure?

Laywr

NOW THAT YOU UNDERSTAND THE THEORY
MODELING IT SHOULD BE EASY...

B Dataedo Piob@Dofredo



Michele Marino - Fondamenti dei modelli di machine learning e loro utilizzo per valutare la stabilita dei pendii

TOR VERGATA

UNIVERSITA DEGLI STUDI DI ROMA

aici

Introduction

» Critics to data-driven approaches

Correlation is not causation:

data-driven have low predictive capabilities! of the parameters’ calibration range?

So, are your models effective outside }

z
<
&

Yes, since our models
are physics-based!

N
T

Are your sure?
J o=z
NOTHING TO WORRY ABOUT. HISTORICAL DATA ’
IS SHOWING THAT SITUATION IS STABLE. N
E Dataedo Piob@Dotredo _/

-/
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Introduction

» What is indeed sometimes going on...

7! 8
VY

JE CAN AWNKYS CACL

IWE NEED To BE Mokx WHAT WE HAVE
INNOVAT)VE MACHUINE LEARNWING
E Dataedo Pob@Datredo



1 959 Arthur Lee Samuel

Machine learning
is a field of study that gives
computers the ability to learn
without being explicitly

programmed
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A Change of Paradigm
[ INPUT ] [ NEW INPUT ] [ INPUT ] [ NEW INPUT ]
£/ Al |
[ PROGRAM ] VS [ ML algorithm ] _> [ MODEL ]
| E
[ OUTPUT ] [ OUTPUT ]




1 99 8 Tom Mitchell

Machine learning is the study
of computer algorithms that
allow computer programs to

automatically improve

through experience
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Introduction

» A computer program is said to learn from experience E with respect to some task T and some

performance measure P, if its performance on T, as measured by P, improves with experience E

Experience E Task T Performance P

Dear Dr Pape,
My client is looking for a Java developer.

Are you ready for the next challenge?
Call me: +49(0)40XXX-XXX-XXX-XX

Hey Daniel,

Thanks again for the talk at yesterdays
meetup. | think I've found an answer to
the question we've been discussing
and wanted to share....

VS.

Yours faithfully, Yours,
XYZ XYZ
E—

Over time Data SPAM or NOT-SPAM? / have classified your e-mails
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An (ordered) Overview

ARTIFICIAL
INTELLIGENCE

[ I I
1950's 1960's 1970s 1980's 1990's 2000's 2010's

Credit: LinkedIn - Machine Learning vs Deep Learning 9
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Technologies

lllustrative
Solutions

L LLL LIS LSS 77

(A

Sense
v v
Computer Audio
Vision Processing

Virtual Identity
Agents Analytics

5
i

|
Comprehend
v v
Natural Knowledge
Language Representation
Processing
= B =)
& m
Cognitive Speech
Robotics Analytics

TOR VERGATA

UNIVERSITA DEGLI STUDI DI ROMA

v

Machine
Learning

o |

Recommendation
Systems

V

Expert
Systems

{ |t .II
| =]

Data
Visualization

10
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An (ordered) Overview

MACHINE
LEARNING

I | | I
1950's 1960's 1970s 1980s 1990's 2000s 2010's

Credit: LinkedIn - Machine Learning vs Deep Learning 11
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Fundamentals of Machine Learning
/ Training of the ML model \ /Use of the ML model\
[ INPUT ] [ NEW INPUT ]

iiy
J WY

al l

/v [ ML algorithm ]

—>
Evaluation of l 2 l

performance (loss)

K[ Prediction ] [ OUTPUT ]
N AN y

12
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Fundamentals of Machine Learning

Machine
Learning
v
Supervised Unsupervised
Learning Learning

13
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» Supervised vs Unsupervised learning

Labeled Data

2 8 g Machine
O D \ /_’ ﬁ)ﬁ ﬁ A Triangle

ML Model Predictions

_—

A | A
20 O —

|

ANO

Test Data

Rectangle Circle

ANRS,

Triangle Hexagon

Credit: LinkedIn - Supervised Learning

14
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Fundamentals of Machine Learning

» Supervised vs Unsupervised learning

Unlabelled Data Machine

OO0 B [
ANON — — 0O
OO0 , JAYWAN
OO0

Results

Credit: Medium - Navigating Unsupervised Learning

15
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Fundamentals of Machine Learning

Machine
Learning
v
Supervised
Learning

Regression Classification

16
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» Applications of supervised learning

Regression Classification

Label 2

o o, Data: couple {x,}}
Label: given x, then y

=

Find the function Find the function
that allows to explain at best that allows to separate
the relationship between data data into specific “classes”

17
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Fundamentals of Machine Learning

» A fundamental architecture: Neural Networks

o A neuron collects inputs from other neurons
using dendrites.

o The neuron sums all the inputs and if the resulting
value is greater than a threshold, it fires.

o The fired signal is then sent to other connected
neurons through the axon.

18
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Fundamentals of Machine Learning
» A fundamental architecture: Neural Networks ,
Neuron i
Input Layer : Hidden Layers : Output Layer
: : iny
: out;

iny;

o Bias b;

o Activation function £, like:

1 10

Architecture definition:
number of layers, number of neurons per layer,
number and structure of connections, etc

-10 10 -10 10

(Hyper)parameters:
weights w;;, biasesb; TRAINING

19
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» A fundamental architecture: Neural Networks

Training dataset

N Nz our

1 10 3
5 2 2
10 2 50
3 5 7

aici

Initialization: random choice of biases and weights

INT1 IN2
1 10
5 2
10 2
3 5
p = 0L
WU naWi]
Ap = 0L
i = nabi

TOR VERGATA

ouT ouT
" 3
6 2
25 50
8 7
\ )
|
Loss L(Wij, bl)

Backpropagation

n: learning rate

(measure of error)

20



Michele Marino - Fondamenti dei modelli di machine learning e loro utilizzo per valutare la stabilita dei pendii

Fundamentals of Machine Learning

» A fundamental architecture: Neural Networks

Training dataset

N Nz our

1 10 3
5 2 2
10 2 50
3 5 7

INT1 IN2
1 10
5 2
10 2
3 5
p = 0L
WU naWi]
Ap = 0L
i = nabi

aici

Update: Wij = Wi + AWij, b; = b; + Ab;

TOR VERGATA

ouT ouT

6 3

2 2

43 50

6.8 7

\ )
|
Loss L(Wij, bl)

Backpropagation

n: learning rate

(measure of error)

21
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» A fundamental architecture: Neural Networks

Training dataset

N Nz our

1 10 3
5 2 2
10 2 50
3 5 7

INT IN2
1 10
5 2
10 2
3 5

Training step/Epochs

aici

UNTIL Loss<Tol

TOR VERGATA

(or for a fixed number of epochs)

Predicted _ Known
OuT OuT
J
Y
Loss L(Wiji bl)

(measure of error)

22
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» A fundamental architecture: Neural Networks

Training dataset

N Nz our

1 10 3
5 2 2
10 2 50
3 5 7

Validation dataset
2 8 6

INT | IN2
1 10
5 2
10 2
3 5
2 8
4 5

v The NN is trained

? |s it useful for predictions?
e

aici

OouT

2.95

A 4

50.1

6.99

5.8

11.5

TOR VERGATA

2

OouT

12

23
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Fundamentals of Machine Learning

» A fundamental architecture: Neural Networks

Underfitting Optimal Overfitting / K-folds cross Va//daf/bfx
o .. . .‘,-.' o .'..‘6.". ) ‘.:“-."":
-g =3 & 'o". ® -g ® ". ) .‘\. % o". - ‘.: ". Tl’ail‘l on o
= o *°- e T a’® . = A - ‘=®
Network @ % » = ’ o' T ¢ Y v Teston
> ® _o > ®. o s > | AL ¥
- & = — K L = .9 e
output = ’ = ‘ V3 :
s e = .0' . 8 " "
S| S| e -1
Ol o O| » Ol »
Predictor variable Predictor variable Predictor variable Trainon e
Teston o
Error ‘ Error | Error 1 Validation
Validation
EI’I’OF Trainon e
. Training Validation
evolution Test on
Training
Training K /

Epochs Epochs Epochs

24
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Fundamentals of Machine Learning

METea T
Learning
v
Supervised Unsupervised
Learning Learning

: S — : Dimension
Regression Classification Association Clustering

reduction

25
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» Applications of unsupervised learning

Association Clustering
, .
L O .
‘ A .o::': 2

AN 5

Grouping data based on their
similarities and differences

Discover relationships
between features

aici

TOR VERGATA

26
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» Clustering: automatically find the “internal structure” of data

MiniBatchKMeansaffinityPropagation  MeanShift  SpectralClustering Ward  AgglemerativeClustering DESCAN

Source: http://scikit-learn.org/stable/auto_examples/cluster/plot_cluster_ comparison.html
27
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» Applications of unsupervised learning

Association Clustering
, .
L O .
‘ A .o::': 2
. ;.Q 9

LG v

+
Discover relationships Grouping data based on their
between features similarities and differences

TOR VERGATA

aici

Dimension reduction

wePa: L od o]
i
O A
™ 5

et At

From high to low-dimensional
spaces without compromising data

28
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Fundamentals of Machine Learning

» Dimension reduction via a powerful architecture: autoencoders

~ 4
~
~ -~
~ -
-~
-
~
L~ ~
N

Latent space

Low-dimensional representation,

that is the essential information

29
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Machine
Learning
v
Supervised Unsupervised
Learning Learning

TR
D (Cii TOR VERGATA
v
Reinforcement
Learning

30



What do you want the machine
learning system to do?

! Yes

Could there be patterns
( in these situations that
( No humans haven't

(g recognized before?

Do you want the ML system to be active or passive? Could a knowledgeable
human decide what actions to

(( E take based on the data you Q ,
have about the situation? MA|CSH'=%.E' II.JE:;:::.NG
ACTIVE PASSIVE

Do you have access to

data that describes a lot of  O—— No
examples of situations and

appropriate actions for

each situation?

REINFORCEMENT
K Will the system be able to o LEARNING MAY BE

The system’s own The system will
actions will affect learn from

the situations it data | give it.
sees in the future.

gather a lot of data by trying APPROPRIATE
sequences of actions in many

different situations and seeing
MmanaGement Credit: Thomas Malone, MIT Sloan | Design: Laura Wentzel the results?

SLOAN SCHOOL
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An (ordered) Overview

DEEP
LEARNING

I I [ | I I
1950s 1960s 1970's 1980's 1990s 2000s 2010

Credit: LinkedIn - Machine Learning vs Deep Learning 32
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Machine Learning vs Deep Learning

» Same architecture, raised to the n-th degree oon 2

[
, , - 7\
Machine learning Input » —>!  Features > %0?@;{5 »  Output
I AN
Feature Engineering Classifier with
(Manual Extraction+Selection) shallow structure
\§ J
Deep Learning Input = »  Output

Feature Learning + Classifier
(End-to-End Learning)

Wang et al 2018, J Manufacturing Systems 48(C):144-156
33



A mostly complete chart of

Neural Networks

©2016 Fjodor van Veen - asimovinstitute.org

O Backfed Input Cell Deep Feed Forward (DFF) Deep Convolutional Network (DCN) Deconvolutional Network (DN) ~ Deep Convolutional Inverse Graphics Network (DCIGN)
a Input Cell - U, o .
& Noi - \/K\ ~>_<,\/Q\,\ C/Q\A
4 Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) \,'4 N, V><\ N 6/ - NAT
. a = = ,"A.':'g’,*.‘}* FANSD - O
@ Hidden cell - 8 a KR o No
@ o - = 5 701, O
© Probablistic Hidden Cell » - - V>—<\ K o o) o=
o \a &

’ Spiking Hidden Cell Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
- ) ) ) [ )

@ outputcelt

Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

9,9
SRIGRIEXT

. Match Input Output Cell

- ‘\' "‘\' 'I“ = ‘\ 'l " 'I‘\ 6
\n"\n'.\ . \n"\n"\ ~ . . . .
. Recurrent Cell o 6 z?;:ﬁzz‘;:ﬁ:g‘}:
. Memory Cell Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE) o \'"\"‘\"‘\"‘\"

. Different Memory Cell

 Kernel
eme Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

sasasases e .

Q Convolution or Pool

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)

e o O S
R @ ALK RS

O 0 _0O

Source: Medium - The mostly complete chart of Neural Networks, explained
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» Qietal,2018. Slope stability prediction using integrated metaheuristic and machine learning approaches:
A comparative study. Computers & Industrial Engineering 118 (2018) 112-122

O Classification problem: Stable vs Non-stable

Data Pre-processing

EY% &)

T g;:f 10-fold
I > > » CV and ——»

agRgRRER GBM . .
. [ il IR - L Supervised learning (78 stable and 70 non-stable)
1 Training set The optimum
Data preparation (103 veses) 6 ML algorithms e e (J 6 slopes attributes (e.g., height, angle, pore water ratio)

J Question 1: which ML algorithm works best?

R .| Model comparison and
relative imporatance

(J Question 2: which is the most important slope attribute?

Testing set
Slope cases (45 cases)

36
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» Qietal, 2018. Slope stability prediction using integrated metaheuristic and machine learning approaches:
A comparative study. Computers & Industrial Engineering 118 (2018) 112-122

14
Actual condition Predicted condition g
.‘_':'
Youden’s cutoff 8
&
Stable Unstable Accuracy w
0 u ]
T b T * T . T " T ¥ T " T » T ¥ T ¥ T
LR Stable 17 3 0.82 0 5 10 15 20 25 30 35 40 45
Unstable 5 20 Number of slope case
DT Stable 15 5 0.80
Unstable 4 21
RF Stable 20 0 0.93 Pore pressure ratio 0.0753
Unstable 3 22 1
GBM Stable 20 0 0.93 Siope hight 0.118
Unstable 3 22
SVM Stable 18 2 0.96 1
Unstable 0 25 Slope angle 0.125
BPNN Stable 17 3 0.84 Il
Unstable 4 21 o
Internal friction angle _0,208
Soil cohesion 0.310
1 T T 1 1
0.0 0.1 0.2 0.3 0.4

Importance score
37
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» Sameen et al, 2020. Landslide spatial modelling using unsupervised factor optimisation and regularised
greedy forests. Computers & Geosciences 134 (2020) 104336

O Spatial landslide susceptibility map reconstruction

Study area
(Chukha Dzongkhag,

Buthan)

.

Spatial datatxy

Vo O
) L
O

N
Sparse
autoencoder
(SAE)

NAY
X

N

Regularized
Abstract feature greedy forest
representations (RGF)

. Very low

B Low
Moderate
High

B Very high

Landslide
susceptibility
map

38
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Representative examples

» Sameen et al, 2020. Landslide spatial modelling using unsupervised factor optimisation and regularised
greedy forests. Computers & Geosciences 134 (2020) 104336

89°15'F 89°30'E 89°45'F, 015 5930 945" 8918 5930 945 LS Ll Lt LS 30 L
W N N o
w N on N 2 -]
2| =z z i &
: & i ok &
Z Altitude 2 A A A A
o £
-z meters 2
C.)\ o
~
N <864
Bhutan o
<1440 ) -»
<2569 Altitude Slope s11
— meters degrees Value Lithology
S3 1 68 <864 -<]6 =<]8 -E::izzrr\ruon
<1440 =<26 =s75 Tethyan Sedimentary Series
544 I 3 =<2001 -<34 : <188 =Paro Metasediments 8
ol o o " g =m<376 =Chhukha 3
g =269 ) 53 42 H R Daling Shumar Gp "
S =ms<3168 A ms<52 A “ = =Greater Himalayan Serics 0
=<4413 10 =<g§9 -<2399 ' Kilometers.
- L Kliometers - L ilomesess I I 030 EZS
Z Z s s i s s s
<.7\ ;)\ 8915 8915
(o] I s N . wn N -
PR . e A
p
& B & & > &
. vors
Aspect oty
A LandSIIdeS Value 74 Curvature dist. to roads dist. to streants*; “%\'
— Roads N :.g]::\m())-ze.g e Value Ineters meters
~Northeast (22.5-67.5) <-992 -<]294 -<]71
z z East(67.5-112.5) =<0 =<3271 =<368
w 2 . o L Sehisrsans . =<1000 . 5383 592
> [ 1Kilometers ¥ F -Souhwest (202.5-247.5) 52 m<2000 Hd z <7768 <842 i
e O R West (247.5292.5) 0% o i 8 m< -< i
S Y Q ~Norhwest (292.5-337.5) 0 ==2000 10 -210835 -_I 632 L
Y P FETE AT -North (337.5-360) ' Kilometers =<3720 ' Kilometers =<17377 2 ornet <3351 i Kilometers
89°15'E 89°30'E 89°45'E I i 525 I i i T e o o i i

Landslide conditioning Factor
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» Sameen et al, 2020. Landslide spatial modelling using unsupervised factor optimisation and regularised
greedy forests. Computers & Geosciences 134 (2020) 104336

O Spatial landslide susceptibility map reconstruction

. Very low

B Low
Moderate
High

B Very high

o == Regularized TS &
Study area Q = —~ autoencoder Abstract feature greedy forest | i e e
(ChukhBa thor;gkhag, - K (SAE) representations (RGF) / :/3,,? =
uthan 2

Landslide

Spatial database susceptibility
map

40
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Representative examples

» Sameen et al, 2020. Landslide spatial modelling using unsupervised factor optimisation and regularised
greedy forests. Computers & Geosciences 134 (2020) 104336

hl(l) h1(3)
hz(l) h2(3) l
g B ) Regularized greedy forest |:> Susceptibility map
Altitude @ — ® % ..
iy ® 1y . (decision tree)
Slope @ };1 ® X /
Aspect Ge h® P . 89°15' , 89%30° . 89°%5
e ’ é : (J Supervised : o Lora
Curvature . / " K andslides |
. learning o - Very low |1
Slope Length . . e A m Low ]
’ . ’ Moderate
ST ) . ’ B Very high
Lithology . . " ¢ .
Distance to Roads h,® Bl Very low
Distance to Streams X10@ flé::fll:::s ® X Bl [ow 1 S
\ ) Moderate
Input h“(l) h14(3) Output ngh
Hidden Hidden .
layer 1 layer 3 i Very hlgh
(b)
. " RGF .
(J Unsupervised learning (Inventory map: geo-morphometrical and | m—iometers o

geo-environmental factors for 952 landslides in the region) 15T T 80 55

41
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» Amnipour et al, 2023. Slope stability machine learning predictions on spatially variable random fields
with and without factor of safety calculations. Computers & Geosciences 153 (2023) 105094

O Regression study: ML to account for uncertainty of geotechnical parameters

Unit weight (%) Undrained shear strength (kPa)

Mean Ccov 8p(m) 8y (m)
Clay layer 1 19 75 0.3 12 2
Clay layer 2 19 95 0.3 12 2

Elementwise
undrained

shear strength
(4376 values)

) Supervised learning
(100 direct simulations)

(] Research question:
Effectiveness of ML algorithms
to build a surrogate model

Factor of Safety (FOS)
1.6
* Train ,’
® Test ,*'
1.4 - - »
V¥ Validation P
(V3]
o *
i v
o 1.2 ®
kS / ,
8 Rtrain =1
& 1.0
R2.. =0.848
0.8 4 // R2,,,=0.851
I T T

0.8 1.0 1.2 1.4 1.6

True FOS
42
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» Amnipour et al, 2023. Slope stability machine learning predictions on spatially variable random fields
with and without factor of safety calculations. Computers & Geosciences 153 (2023) 105094

O Regression study: ML to account for uncertainty of geotechnical parameters

Undrained shear strength (kPa) E l'e mentwise

. . kN
Unit weight (E)

undrained
Mean Ccov 8p(m) 8y (m)
shear strength
Clay layer 1 19 75 0.3 12 2
Clay layer 2 19 95 0.3 12 2 (4376 values)
5 - === ML Predicted 10000 Samples

B Actual 100 Samples

08 09 10 11 12 13 14
FOS

Factor of Safety (FOS)

COMPUTATIONAL COST:

- ML surrogate: 8h
- Monte-Carlo simulation = 35 days

[ 100x faster ]
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Conclusion: a futile struggle
y A
# Data-driven approaches: R ° ° # Model-driven approaches: h
°
Simulation methods able to integrate Simulation methods a prioriincorporating
and perform data acquisition, reduction, ° ® constitutive relationships, defined such to be
assimilation and analysis (Chinesta et al, 2018) o able to reproduce and explain available data

A
Yy
o (o]
(o)
X

Kirchdoerfer and Ortiz, 2016; Liu et al, 2016; Since Galileo Galilei, Robert Hooke,
Eggersmann et al, 2019; Carrara et al, 2020; Daniel Bernoulli, Claude-Louis Navier,
Logarzo et al, 2021; Yvonnet et al, 2023 and many others...
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Conclusion: a futile struggle
Y A
| have too Ground
’ many datal! \truth

I don’t have

enough data! n

a )

Hybrid model-data driven approaches
PINN: Physics-Informed Neural Networks

Data augmentation and constraints enforcement

- J
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