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Origins of Machine Learning
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× If the term "artificial intelligence" (AI) has become commonplace in the media, there is no real shared definition of it

ñArtificial intelligence (AI) 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.

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

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 :

ü Machine learning (including deep learning and reinforcement learning as specific examples)

ü Automated reasoning (including planning, programming, knowledge representation and reasoning, search, and optimization)

ü Robotics(including control, perception, sensors and actuators, as well as the integration of all other techniques into cyber-physical 

systems)
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Artificial Intelligence

Machine 
Learning

Deep Learning

Data Science

Expert Systems and Constraint 
Programming

Neural Network

άaŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎ ƛǎ ǘƘŜ ŦƛŜƭŘ ƻŦ ǎǘǳŘȅ ǘƘŀǘ gives computers 
the ability to learn without being explicitly programmedέ

Arthur L. Samuel, AI pioneer, 1959



© cnes

WhatisMachine Learning ?

INTRODUCTION TO MACHINE LEARNING

6

άaŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎ ƛǎ ǘƘŜ ŦƛŜƭŘ ƻŦ ǎǘǳŘȅ ǘƘŀǘ gives 
computers the ability to learn without being 
explicitly programmedέ

Arthur L. Samuel, AI pioneer, 1959

Explicit code 
to give«5 »

5

Code to 
createa 
model

Model
Input 

ML programExpected
results

« Machine Learning» Approach

New Input

Model Compute Result

Inductive machine

ıʴˋ ıʵˋıʶˌ

« Traditional» Approach

Input Program Outputs

Hypothetico-deductivemachine

ıʴˋ ıʵˋıʶˌ

Connexionnism

Symbolism
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Connexionnismand Symbolism
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Thinkingcanbelikenedtoamassively
parallelcalculationof elementary
functions,whosesignificantbehaviors
onlyappearat thecollectivelevelas
anemergenteffectoftheinteractions
producedby these elementary
operations. According to the orthodox cognitivism, 

thinking is equivalent to calculating 
symbols that have both a material 
reality and a semantic value of 
representation

Network of co-citations of the 100 most cited authors in scientific publications mentioning 'Artificial Intelligence'

« As for me, one of  the reasons I invented the term 'artificial intelligence' 

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

seemed wrong to me, and I wanted to avoid having to accept Norbert 

Wiener as a guru or having to argue with him. »

Symbolism

Connexionnism
John McCarthy (1988)
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2001

L. Breiman˟A. Cutler
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Transformers
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2015
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DALL-E

2020
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A. Turing

ComputingMachines 
and Intelligence

Darmouth

«From3-8 yearswewillhave a machine withthe generalintelligence of a humanbeing» - M. Minsky

Connexionnism
ConnexionnismSymbolism

GPT-4
ChatGPT

MidJourneyv5

GenerativeAI
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WhydoingMachine Learning ?

× Machine learning can be used to solve problems:

ü that we do not know how to solve

ü that we know how to solve, but do not know how to formalize in algorithmic terms how we solve them (as is the case, for example, 
with image recognition or natural language understanding)

ü that we know how to solve, but with procedures that are far too resource-intensive (as is the case, for example, with the prediction 
of interactions between large molecules, for which simulations are very heavy)

Machine learning is therefore used when data is abundant (relatively), but knowledge is not easily accessible or developed

Machine learning can also help humans learn: models created by learning algorithms can reveal the relative importance of certain information 
or how it interacts to solve a particular problem

INTRODUCTION TO MACHINE LEARNING
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Machine learning is used when it is difficult or impossible to define explicit instructions to give to a computer to 
solve a problem, but when there are many illustrative examples available
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MONITORING Earth

AI for

WATCHING space

AI for

AUTONOMY of the systems

AI for

BOARDABILITY
of artificial intelligence

ADAPTING to a new world

AI for

AI for
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EARTH OBSERVATION

MONITORING
Earth

1111 @ cnes

Urban Agriculture Ecology ClimateChange
Image Quality

AI  for
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SPACESITUATIONALAWARENESS

WATCHING
space

1212 @ cnes
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SpaceMeteorology
Sun monitoring and impacts

Natural Objects
Detectpotentialearth-impactingobjects

SpaceMonitoring
Keepingtracksof satellites and debris
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AUTONOMY
of the systems

1313

GNC
Guidage, Contrôle et Navigation

Exploration
Bases, rendez-vous

Operation Center
of the future

IA for
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ONBOARD AUTONOMY: ASSIST ASTRONAUT (ASSISTANTS)

ASSISTING
astronauts

1414 @ cnes

AI for

Virtual Assistant
Assistastronauts

Medical
Medicalautonomy
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BOARDING
Artificial Intelligence

1515
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the future
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What an algorithm of Machine Learning needs
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To find the right hypothesis and consolidate it, the following steps are necessary

Good

Data

Data Knowledge

Å There seems to be a repetitive pattern in the data.

Å The problemcanbe solvedanalytically, but at a 
significantcost

Å There is a sufficient corpus of information

Å The information is labeled by a human (or not)

(and cleaned)

(or not)
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DifferentML models
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AI

ML

Deep Learning

Data Science

Expert Systems and Constraint 
Programming

Neural Network

Supervised

Unsupervised

Reinforcment

Machine
Learning
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SupervisedMachine Learning
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AI

ML

Deep Learning

Data Science

Expert Systems and Constraint 
Programming

Neural Network

Supervised

Unsupervised

Reinforcement

Machine
Learning
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SupervisedMachine Learning

× Wegivethealgorithma certainnumberof examples(inputs) to learnfrom,andtheseexamples
are'labeled',meaningthat theyareassociatedwith a desiredresult (output).

× Thealgorithm'staskis thento findthelawthatallowsit to findtheoutputbasedontheinputs.

INTRODUCTION TO MACHINE LEARNING
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× Atypicalexampleis classification/segmentation:

ü Medicaldiagnosiscan be established: is a patient suffering from a tumor or not
(output),basedontheir symptomsandphenotypes(inputs).

ü Anotherexample: recognitionof handwrittendigits(is theimagea "1" or a "9"?). In this
case,theinputis a setof pixels,andtheoutputtakes10values,from0 to 9.
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Unsupervised
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AI

ML

Deep Learning

Data Science

Expert Systems and Constraint 
Programming

Neural Network

Supervised

Unsupervised

Reinforcement

Machine
Learning
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Unsupervised

× Here, no label is provided to the algorithm and it must discover without human assistance the characteristic 
structure of the input.

× The typical example is clustering: the algorithm will group the examples into different clusters or classes.

INTRODUCTION TO MACHINE LEARNING
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× Example: «clusterisation» of a Hertzsprung-Russell diagram
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Les différents modèles de ML
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AI

ML

Deep Learning

Data Science

Expert Systems and Constraint 
Programming

Neural Network

Supervised

Unsupervised

Reinforcement

Machine
Learning

Semi-Supervised
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Semi-SupervisedML

× Semi-supervised learning can be defined as a hybridization of supervised and unsupervised methods.

× It uses both: 
ü Labeleddata

ü Unlabeleddata

× Thus, it is situated between "unsupervised" and "supervised" learning.

× In the real world, labeled data can be quite rare in certain contexts, while unlabeled data is abundant, hence the interest in semi-supervised 
learning

× The ultimate goal of a semi-supervised learning model is to provide a better prediction result than that produced using only thelabeled data 
of the model

× Some application areas where semi-supervised learning is used include:
ü Automatictranslation,

ü Frauddetection,

ü Data labeling,

ü TextÎúÀĚĚíæíÎÀġíĆĀˌ

INTRODUCTION TO MACHINE LEARNING
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ReinforcmentLearning
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AI

ML

Deep learning

Data Science

Expert Systems and Constraint 
Programming

Neural network

Supervised

Unsupervised

Reinforcement

Machine
Learning
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ReinforcmentLearning

× Reinforcmentis a kindof semi-supervisedlearning

× Thealgorithmis designedto seekto optimizea quantitativereward, positiveor negative,at
all costs,basedonexperiencescorrespondingto differentsituations

× Oneof the most recentand impressiveexamplesof reinforcementlearningis the robot
fromBostonDynamics:

INTRODUCTION TO MACHINE LEARNING
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ü Boston Dynamics has developed a robot capable of 
walking, running, climbing, and carrying heavy 
loads

ü The robot is trained to walk through reinforcement: 
its reward is strong and positive if it stays upright, 
its reward is negative if it falls

ü It is programmed to explore the different 
movements it can perform and conduct its own 
experiments

ü It is 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
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SupervisedMachine Learning
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Principleof Machine Learning
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Objective: Finda functionὪapproximatingὪ

27

Ὢ chat

Ὢ chien
Ὢ

Ὢ(           ) = cat ὨέὫ¢ŀǇŜȊǳƴŜŞǉǳŀǘƛƻƴƛŎƛΦὪ(           ) = ὧὥὸὧὥὸ
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Principleof Machine Learning
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Ὢὼ ὧὥὸὪὼ ὧὥὸ

Model Update
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Supervised
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Supervised

Machine
Learning

Regression

Classification

Ʒ LinearRegression
Ʒ Polynomial Regression
Ʒ Ridge/Lasso Regression

Ʒ LogisticRegression
Ʒ SVM
Ʒ K-NN
Ʒ DecisionTree
Ʒ RandomForest
Ʒ Naïves Bayes

continuous

discrete
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Regression
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Supervised

Machine
Learning

Regression

Ʒ LinearRegression
Ʒ Polynomial Regression
Ʒ Ridge/Lasso Regression

× The simplest model is regression(linear), widely used in many fields

× Training (learning) a regression model is a form of machine learning !

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

continuous
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Regression
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How muchtime to downloada file ?
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Regression
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Size Time to download

x y

0,2 Go 2 min

1,0 Go 60 min

4,5 Go 45 min

10,0 Go 120 min

Size

Time

▐● Ᵽ Ᵽ ●
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Regression
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Size Time to download

x y

0,2 Go 2 min

1,0 Go 60 min

4,5 Go 45 min

10,0 Go 120 min

Size

Time

▐● Ᵽ Ᵽ ●
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Regression
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Size Time to download

x y

0,2 Go 2 min

1,0 Go 60 min

4,5 Go 45 min

10,0 Go 120 min

Size

Time

▐● Ᵽ Ᵽ ●
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Regression
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Size

Time

▐● Ᵽ Ᵽ ●

╙ⱣȟⱣ
□▄╪▪▄►►▫►▐●ȟ◐
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Regression- Convergence
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Size

Time

▐● Ᵽ Ᵽ ●

╙ⱣȟⱣ
□▄╪▪▄►►▫►▐●ȟ◐
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Regression- Convergence
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× Developing a DL algorithm is about seeking to converge towards the optimum of a 
function (maximum likelihood, minimum empirical error, etc).

× Weuse an optimizer :
ü A training data is presented multiple times to the AI which will make numerous 

mistakes!

ü Indeed, the goal of the optimizer is NOT to have zero error for one example but 
to have the lowest possible error (in "total") on all examples (especially in batch 
learning).

× Today, we use the gradient descent method (after years of research) which consists of :
ü Calculate the gradient of the cost function (the derivative of the "error" with 

respect to the model parameters that can be updated)

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

ü Westop the learningwhenthe meanerror isno longer decreasing

Mean error example on a function with 2 
variables
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Regression
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Size Time

x y

0,2 Go 2 min

1,0 Go 60 min

4,5 Go 45 min

10,0 Go 120 min

Size

Time

0,5Go 20 min

▐● Ᵽ Ᵽ ●

Training Set

Validation Set
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Regression
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Server Size Time

x1 x2 y

A 0,2 Go 2 min

B 1,0 Go 60 min

B 4,5 Go 45 min

A 10,0 Go 120 min

Size

Time

▐●ȟ● Ᵽ Ᵽ● Ᵽ●
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Regression
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Server Size Time

x1 x2 y

A 0,2 Go 2 min

B 1,0 Go 60 min

B 4,5 Go 45 min

A 10,0 Go 120 min

Size

Time

B 0,5Go 20 min

▐●ȟ● Ᵽ Ᵽ● Ᵽ●
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Regression
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Jacketcolor Size Time

x1 x2 y

Rouge 0,2 Go 2 min

Bleu 1,0 Go 60 min

Orange 4,5 Go 45 min

Vert 10,0 Go 120 min

Size

Time

Orange 0,5 Go 20 min
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Regression
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Regression
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Time Age of the data

x1 x2

0,2 Go 6 mois

1,0 Go 24mois

4,5 Go 1 mois

10,0 Go 12 mois

0,1 Go 0,5mois

5 Go 1 mois

9 Go 10mois

2 Go 2 mois

0,5 Go 12mois

Time

y

2 min

60 min

45 min

120 min

0,1 min

50 min

110 min

120 min

6 min

Training Set

Validation Set

Training: set on whichthe model 
will learn

Validation : set wherewe validand 
optimizethe model

Test: final evaluationsetTest Set
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Regression˟ Whento stop
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Size Age

x1 X2

0,2 Go 6 mois

1,0 Go 24mois

4,5 Go 1 mois

10,0 Go 12 mois

0,1 Go 0,5mois

5 Go 1 mois

9 Go 10mois

2 Go 2 mois

0,5 Go 12mois

Time

Y

2 min

60 min

45 min

120 min

0,1 min

50 min

110 min

120 min

6 min

Training Set

Validation Set

‐

Complexity

× Do not want to minizeat all costthe costfunction

× Otherwise, the AI maynot be able to generalize

× Bias-variance tradeoff
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Ml Process
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DATA

MODEL

Apprentissage

Validation

Needdefinition

Quantity
Quality

Représentativity

Hypothesis
Generalization

Outputs:ꜗ Learning error

:ꜗ Validation error

Are the data representative?
Is the scenario well defined?

Can the model readthe data ?

Are the hypothesisof the model well defined?

Is it the best cost
function?

Are the evaluation
metricsgood ?
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Classification
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Supervised

Machine
Learning

Regression

Classification

Ʒ LinearRegression
Ʒ Polynomial Regression
Ʒ Ridge/Lasso Regression

Ʒ Logisticregression
Ʒ SVM
Ʒ K-NN
Ʒ DecisionTree
Ʒ RandomForest
Ʒ Naïves Bayes

discrete



© cnes

Classification and Clustering̩
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RandomForest

Clustering

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

Supervisedclassification (Classification) Unsupervisedclassification (Clustering)

× Needsto alreadyhave partitionneddata

× 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

× Clustering is about finding a "natural" structure in the data, since no target 
typology is provided prior to the algorithm.

LogisticRegression

PCA
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LogisticRegression
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▐● ◐■▫▌▬ ɀ◐ÌÏÇ ▬
Mass

Type

Heavy Star

Light Star

Name Mass 

(M )u

Star type

Sigma 

Draconis

0.85 Orange

107 

Piscium

0.86 Orange

Epsilon 

Eridani

0.82 Orange

Omega 

Fornacis

3.42 Bleue

KIC 

7760680

3.25 Bleue

18 Tauri 3.34 Bleue

HD 2071 3.69 Bleue

65%

https://en.wikipedia.org/wiki/Solar_mass


© cnes

LogisticRegression˟ CNES example
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Data GNSS Signal

Objective Detectreflectedsignals

Features of the 

signal

Features of the 

signal
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Supervised- RandomForest
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Launcher, Satellite or somethingelse?

Elongated

shape ?

Cubic

shape ?

yesNo

yes

Satellite

No

Spheric ?

Yes No

Satellite
Other

Launcher

Solar 

Pannel ?

Yes No

Satellite
Background 

= space

Yes No

Person 

size > 50% 

?
Other

Yes
No

Other Launcher

Sun on 

image ?

yesNo

LauncherInside ?

YesNo

Autre
White 

room ?

yesNo

Launcher Satellite

Predicted: Launcher Launcher Satellite Result: Launcher

RandomForest : Boostingof weakmodels, eachusingdifferent features
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RandomForest ˟ IOTA-2 / OSO
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OSO sur la France métropolitaine (CESBIO)
http://osr-cesbio.ups-tlse.fr/~oso/ui-ol/S2_2017/layer.html

sur la Guadeloupe (CNES)

Agriculture

× Land use mapon France

× ClassificationusingRandomForest

× Sentinel2: revisit, completecoverageand several

spectral bands



© cnes

Unsupervised
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Unsupervised
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Supervised

Machine
Learning

Regression

Classification

Ʒ LinearRegression
Ʒ Polynomial Regression
Ʒ Ridge/lasso Regression

Ʒ LogisticRegression
Ʒ SVM
Ʒ K-NN
Ʒ DecisionTree
Ʒ RandomForest
Ʒ Naïves Bayes

Unsupervised

Clustering

Dimension reduction

Ʒ DBSCAN
Ʒ K-Means
Ʒ Agglomerative
Ʒ Mean-Shift
Ʒ FuzzyC-Means

Ʒ PCA
Ʒ SVD
Ʒ t-SNE
Ʒ LSA
Ʒ LDA
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Unsupervised- Clustering
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Supervised

Machine
Learning

Regression

Classification

Ʒ LinearRegression
Ʒ PolynormialRegression
Ʒ Ridge/Lasso Regression

Ʒ LogisticRegression
Ʒ SVM
Ʒ K-NN
Ʒ DecisionTree
Ʒ RandomForest
Ʒ Naïves Bayes

Unsupervised

Clustering

Ʒ DBSCAN
Ʒ K-Means
Ʒ Agglomerative
Ʒ Mean-Shift
Ʒ FuzzyC-Means
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Unsupervised- Clustering
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Unsupervised

Dataset

Dividedata into clusters

How ?
Å By mesure of similarity(distances, densities̩˝
Å Can beby shiftingthe featuresspacesintoanotherone

× Clustering is about searching for a 
"natural" structure in the data, 
since no target typology is 
provided prior to the algorithm. 

× The idea is to determine classes 
that are as homogeneousas 
possible while being as distinct as 
possible from each other.

× It becomes necessary to 
determine a measure of 
separabilitybetween classes and 
similarity (or dissimilarity) 
between individuals. 
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Unsupervised˟ Clustering˟ K-Means˟ CNES example
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Data Images

Objective
Determine3D change on 

a urbanlandscape
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Unsupervised˟Clustering˟Panorama of K-medoidsmethods

57

Characteristics of different clustering algorithms on "interesting" 2D datasets

INTRODUCTION TO MACHINE LEARNING


