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Origins of Machine Learning

h St i
Nathanlel Rocheste -
A% ' & Marvm Mmsky !;

=~

Oliver Selfbridge

IBM 608

e B0 TS __!
L1 8 1 T — ALL GIMENSIONS IN INGH 1
| i
£.30 DIA. I I—s.ou o
S ..[_ e 1
= A f =
R — § ,g
| &
= E
Py
8 Loy -
L FIBERGLASS SLOT ANTENMA ) L uisnougTEOR GavsEe
bt A Ul 22-INCH FLEXIBLE ANTENNA (4] —$CALE SERGEANT AOGKET MOTOR
INGHES
oz 4 & 8 W Iz
L] 0 L] | i :
LAty Explorer-! satellite. (Drawn by G. Harry Stine.)

TEA Explorer 1, James VAN | @aigéreounter

3 ©cnes



INTRODUCTION TO MACHINE LEARNING é
- CNes - -

ArtificialIntelligenceMachine LearniragndDeep Learning

x  If the term "artificial intelligence" (Al) has become commonplace in the media, there is no real shared definition of it

A Ar t intelligenceaAl) refers to systems designed by humans that, given a complex goal, act in the physical or digital world by
perceiving their environment, interpreting the collected structured or unstructured data, reasoning on the knowledge derived from this
data and deciding the best action(s) to take (according to pre-defined parameters) to achieve the given goal.

Al systems can also be designed to learn to adapt their behaviour by analysing how the environment is affected by their previous
actions. 0

The High-Level Independent Expert Group on Artificial Intelligence of the European Commission defined artificial intelligence systems on April 8, 2019

We can distinguish the following in Artificial Intelligence

U Machine learnin@ncluding deep learning and reinforcement learning as specific eyamples

u (imcluding planning, programming, knowledge representation and reasoning, search, and @ptimization

u (including control, perception, sensors and actuators, as well as the integration of all other techniquephtsicgber

systems)
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ArtificialIntelligenceMachine LearniragndDeep Learning

_ Artificial Intelligence
Expert Systems and Constraint

Programming

Gal OKAYS f SIFNYAY3I §ivies compbterstF A S
the ability to learn without being explicitly programmed

Arthur L. Samuel, Aloneer 1959

Deep Learning

Machine
Learning
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WhasMachine Learning ?

Hypotheticaleductivenachine computersthe ability to learn without being
explicitly programmed

Arthur L. Samuel, Adioneer 1959
— 5
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Connexionnis@ndSymbolism : ————
«Asfor me, one of the reasons | invented the term 'artificial intelligence'

was to escape association with ‘cybernetics.' This focus on feedback

seemed wrong to me, and | wanted to avoid having to accept Norbert
Phicfae: Wiener as a guru or having to argue with him»
| fomik Chay- Weng Koza Glover

@ . 0 . John McCarthy (1

| Zaden | Goldoerg
Kosko Zhang - Kafaboga

Dubols A=
Mamdahi Ksl); (o Mol Kongpy

epnkggnoy
Hin )
Y 7 Rumelhart
Breiman Lecun /
- Witteh " Hinton Sutton
Pawlak 4

Thinkincarbelikenetbamassively
parallelcalculatiorof elementary
functiongshossignificatiehaviors oo

A ’Duda;
Mitchell

Michalski  ipmian

onlyappeaatthecollectivievelas "
anemergepftfecbftheinteractions
producedby these elementary
operations According to the orthodox cogh
thinking is equivalent to calcula
QS'" symbols that have both a matet
_ reality and a semantic value of
Symbolis representation

Network ofatations of the 100 most cited authors in scientific publications mentioning 'Artificial Intelligence’
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WhydoingMachine Learning ?

x  Machine learning can be used to solve problems

U thatwe do not know how $olve

U thatwe know how to solybut do not know how to formalize in algorithmic terms how we solve them (as is the case, for ex
with image recognition or natural language understgnding

u that we know how to sohmyt with procedures that are far too resourgensive (as is the case, for example, with the predicti
of interactions between large molecules, for which simulations ateagyy

Machindearning is therefore used when data is abundant (relatively), but knowledge is not easily acdesgiolpent

Machine learning can also help humans i@aodels created by learning algorithms can reveal the relative importance of certain informs
or how it interacts to solve a particular problem

Machine learning is used when it is difficult or impossible to define explicit instructions to give to a cgmputer
solve a problem, but when there are many illustrative examples available
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What an algorithm of Machine Learnewps

To find the right hypothesis and consolidate it, the following steps are necessary

A There seems to be a repetitive pattern in the data

A Theproblemcanbe solvedanalytically but at a
Good significantcost (or not)
Data A There is a sufficient corpus infformation (andcleaned
A The information is labeled by a human (or not)
DataKnowledge
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DifferentMLmodels

Supervised

Unsupervised

Machine
Learning

Reinforcment
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Supervisedlachine Learning

Supervised

Machine

Learning
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Supervisedlachine Learning

x  Wegivethe algorithma certainnumberof exampleginputg to learnfrom,andtheseexamples
are'labeled meaninghattheyare associatedvith a desiredresult (outpu).

x  Thealgorithm'saskis thento findthelawthatallowsit to findthe outputbasedontheinputs

o
Observation ML algorithm Predictive Model QQ(

Label

x  Atypicalexamplés classification/segmentatinn : PRUIGL Hetwatk Output:

0: 987 w—
u lis a patient sufferingfrom a tumor or not
(output)basedontheir symptomsandphenotypeginputs.

U Anotherexample (istheimagea "' ora"9"?) Inthis
casetheinputis a setof pixels,andthe outputtakes10valuesfrom0to 9.
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Unsupervised

Unsupervised

Machine
Learning

20 ©cnes
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Unsupervised

Da\a—d‘we

x  Hereno labels provided to the algorithm and it must discover without human assistance the chara

structure of the input

x  The typical exampledsistering the algorithm will group the examples into different clusters or class =
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Les différents modeéles de ML

Supervised

Unsupervised

Machine
Learning

22 ©cnes
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SemiSupervised/L

x  Semisupervised learning can be defined as a hybridization of supervised and unsupervised methods

x |t usesboth:
U Labeledlata

U Unlabeledata

x  Thus, it is situated between "unsupervised" and "supervised" learning

x In the real worldabeled data can be quite rare in certain contwiide unlabeled data is abundant, hence the interest wsgpeanvised
learning

x  The ultimate goal of a semupervised learning model is to provide a better prediction result than that produced usinigloelydhiata
of themodel

X  Some application areas where sasagpervised learning is used include
U Automatidranslation,

U Frauddetection
U Datalabeling
i Texi G AEEi a&i 1 Ag

O
pt

\.\\M\da’(\"“
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Reinforcmentearning

Machine
Learning

Reinforcement

24 © ches
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. qen AP o cnes
: : _drive
Reinforcmentearning - onment
E‘\\l\\'0
j Agent |
Reinforcmenis a kindof semi supervisedearning ctat S _
] reward action
Thealgorithmis designedo seekto optimizea quantitativereward positiveor negativeat S| R - A
all costs,basedonexperiencesorrespondintp differentsituations ?ﬁrEnuimnm ent]
P
Oneof the mostrecentandimpressiveexamplesof reinforcementearningis the robot : \

fromBostorDynamics

U Boston Dynamics has developed a robot capable
walking, running, climbing, and carrying heavy
loads

U  The robot is trained to walk through reinforcemen®
its reward is strong and positive if it stays upright,
its reward is negative if it falls

U Itis programmed to explore the different
movements it can perform and conduct its own
experiments

U Itis thus that it learns on its own to climb a slope
and optimize the way it places its legs (speed,
frequency, angle, etc.) in a way very similar to a
human

Boston Dynamics

25 ©cnes
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Supervised/achine Learning
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Principleof Machine Learning

@ ) =

ObjectiveFinda function'QapproximatingQ
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Principleof Machine Learning

Model Update

————————

N
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Supervised

Supervised

4'[ Regression ]

3 LinearRegression
3 PolynomiaRegression
3 Ridge/Lass&egression

—{ Classification ]

Machine o _ discrete
. LogisticRegression

Learning SUM

K-NN

Decisiorree I

continuous

Randonforest
Naives Bayes

WNUWWWWW

29 ©cnes
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Regression

Supervised _
continuous

Regression ] /\/\

3 LinearRegression
3 PolynomiaRegression
3 Ridge/Lassdregression

Machine

. x  The simplest modelnsgressior(linear), widely used in maisids
Learning g 0 § ) Y g

x  Traininglearningp regression model is a form of mackeaening !

x We can trace back machine learning to the 17th century with Legendre and G
their method of least squares

30 ©cnes
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Regression

[ How muchtime to downloada file ? ]
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Regression

Time

Size
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Regression Convergence
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Regression Convergence

Mean error example on a function with 2
variables

SGD
Momentum
NAG S
Adagrad
Adadelta
Rmsprop |

Developing a DL algorithm is ab@gteking to converge towards the optimuimf a
function (maximum likelihood, minimum empirical erretg).

We use anoptimizer :
U A training data is presented multiple times to the Al which nvdke numerous
mistaked
U Indeed, the goal of the optimizer i$OT to have zero error for one example but
to have the lowest possible errofin "total") on all examples (especially in batch
learning).

Today, we usée gradient descent methodafter years of research) which consisfs
U Calculate the gradient of the cost function (the derivative of the "error" with
respect to the model parameters that can be upd3gted

U Then update the parameters (such as the weights of the neural network) in the
direction that will decrease therror

U  Westop thelearningwhenthe meanerror isno longerdecreasing

37 ©cnes
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Regression

Time
e | A ,’
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Regression

X1 X5 y
0,2 Go 6 mois 2 min
1,0 Go 24 mois 60 min
45 Go 1 mois 45 min Training Set — Training: set _onwhlchthe mode)],
_ will learn
10,0 Go 12 mois 120 min
0,1 Go 0,5mois 0,1 min _
5 Go 1 mois B0l validation Set | — : sgtwherewe validand |
: . optimizethe model
9 Go 10 mois 110 min
2 Go 2 mois 120 min
0.5 Go 12 mois 6 min Test Set - final evaluationset
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Regression Wherto stop

x Do notwant to minizeat all costthe costfunction

x  Otherwise the Almaynot be able togeneralize
x  Biasvariancetradeoff

X1 % Y
0,2 Go 6 mois 2 min
1,0 Go 24 mois 60 min
4,5 Go 1 mois 45 min
10,0 Go 12 mois 120 min
0,1 Go 0,5mois 0,1 min
5Go 1 mois 50 min
9 Go 10 mois 110 min
2 Go 2 Mois 120 min
0,5 Go 12 mois 6 min

Training Set

Validation Set

- A

Low DBias High Bias
=
s

=
<
-
:,.'_:
-
e’
=
©
.—
—~
@
-
=
20
an

Bias variance Trade-off

. cnes - -
|
|
|
|
|
|
|
I
|
|
|
>
Complexity

High Bias
Low Variance

A

Low Bias
High Variance

Minimum Error

Bias
Variance

Vi

Just Right

Under-fitting Over-fitting

Preferred if size
of dataset is large

Preferred if size
of dataset is small
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MIProcess
Needdefinition DATA
/ Quantity
Are the dataepresentative i
Is the scenariwell defined? Q,ua“ty .
/ Representativity

Valldathn Can the modetadthe data ?

Are thehypothesi®f the modelvell defined?

" :Validation error

MODEL

1k 2k 3k 4k b5k 6k 7k 8k

Isit the besttost
function?

Apprentissage < Are theevaluation |- :
pp g metricsgood ? HypOtheSI_S
Generalization

" : Learningerror OUtpUtS

3k 4k b5k 6k Tk B8k



INTRODUCTION TO MACHINE LEARNING é
- CNes - -

Classification

Supervised

—{ Classification ]

Machine discrete

. Logisticregression
Learning SVM

K-NN
Decisionree I

Randonforest
Naives Bayes

WNUWWWWW
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Classification an@lustering

The term "clustering" is one of the curiwasdof the data scientist; it refers to the concept of unsupervised classification

Supervisedlassificationlassification Unsupervisedassification@lustering

x Needso alreadyhavepartitionnediata x  Clustering is about finding a "natural” structure in the data, since no-

_ _ _ _ _ typology is provided prior to the algorithm.

x  The idea is to teach the machine learning model the underlying
distribution of the data so that it can assign a new data point to its
appropriate class. This is done by training the model on a labeled
dataset, where the target variable is known for each data point

Forme
allongée ?
Non Qui
Forme
cubique
?
Oui Non
4
2
Oui Non

LogisticRegression ,
Randontrorest PCA :

Clustering

Dim2 (22.9%)
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LogisticRegression
Type
A
- Heavy Star
Sigma 0.85
Draconis
107 0.86
Piscium
Epsilon 0.82
Eridani
Omega 3.42 Bleue
Fornacis
KIC 3.25 Bleue
7760680
18 Tauri 3.34 Bleue
HD 2071 3.69 Bleue
>
Mass
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LogisticRegressiori CNE®&xample

Features of the

= .
/\%ﬁ - SeE

Data GNSS Signal u"feggg:g
(- N/ )
Objective Detectreflectedsignals
\. VAN J

Features of the
signal

signals |
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Supervised Randoniorest Launcher Satellite osomethingelse?
Panne — R
shape ? ’
yes No yeS
Background

Satellite = space Inside ?

Person
size > 50%
)

Spheric ?

Satellite
Yes No
Satellite- Satellite

Predicted: Result

RandomForest :Boostingof weakmodels eachusingdifferent features
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Randonforest IOTA2 / OSO

spectral bands

3§z
OSO sur la France métropolitaine (CESBIO)

x  Land useanapon France
x  ClassificatiousingRandontorest

x  Sentinel: revisit completecoveragendseveral

Il Annual Summer Crops (ASC)
Annual Winter Crops (AWC)

Il Broad-leaved Forests (BLF)

Il Coniferous Forests (COF)

L] Natual Grasslands (NGL)

Bl Woody Moorlands (WOM)

Il Continuous Urban Fabric (CUF)

I Discontinuous Urban Fabric (DUF)

Industrial and Commercial Units (ICU)

77 Road Surfaces (RDF)

I Bare Rock (BRO)

[ Beaches, dunes and sand (BDS)
Il Water Bodies (WAT)

[T Glacier and perpetual snow (GPS)
I Intensive Grasslands (IGL)

[ Orchards (ORC)

Il Vineyards (VIN)
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Unsupervised

Unsupervised

Clustering ]

3 DBSCAN
Machine 3 K-Means
) 3 Agglomerative
Learning 3 MeanShift

3 FuzzyGMeans

4'[ Dimensiomeduction ]

3 PCA
3 SVD
3 t-SNE
3 LSA
3 LDA
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UnsupervisedClustering

Unsupervised

Clustering ]

3 DBSCAN
Machine 3 KMeans
) 3 Agglomerative
Learning 3 MeanShift

3 FuzzyGMeans
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UnsupervisedClustering
Dividedata into clusters

. . de ML
sinceo target typology is | ~ «

FLE . Fe X a7 =

provided prior to the algorithm. =

x Clustering is about searching for a | ® _ :.~..'-""',g-.;’.
"natural” structimehe data, Eot)sewaﬁons}—{f“gm‘hm‘*]— O O ° >t

e Cluster 0
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