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De la controverse au succès, 
comment les neurones
ont changés la donne 



Why would we want to use 
artificial intelligence, when natural 
intelligence work so well?

What is an artificial neuron ?

How did they arrive ?
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Artificial
Intelligence (AI)
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Artificial
Intelligence (AI) Machine

Learning (ML)
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Artificial
Intelligence (AI) Machine

Learning (ML)

Deep
Learning (DL)
Based on artificial neural 
networks
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Scientific paradigms
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Scientific paradigms



From the linear regression
to the first neuron

Neurons in controversy

Data and neurons

1

2

3

Roadmap
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From the linear regression 
to the first neuron
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Linear regression

We have a phenomenon, for which we have observations
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Linear regression

We are looking for a straight line that passes 
« as close as possible » to our points.
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Linear regression

"As close as possible" means "minimize the distance 
between the line and our points (observations)".
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Linear regression

For this, we will use an «loss function », which we will try 
to minimize.

RMSE : Root Mean Square Error
Erreur quadratique moyenne

MSE : Mean Squared Error
Moyenne du carré des erreurs
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Linear regression

Bad news... 
Complexity in n3

Good news !
We have a direct solution !
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Gradient descent

Loss functions could be :

We will iteratively look for the 
best position of our line, by 
varying its parameters (Θ).

But how can we efficiently 
vary our parameters (Θ)?

Note :

Lo
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Θ

Θ1

Θ1

Θ1

loss(Θ)
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Gradient descent

δ loss

δ Θ

Lo
ss

Θ

loss(Θ)

Best Θ

Iterations

This process is called gradient descent and 
the function used to optimize the descent, 
optimization function

By changing Θ from δΘ
We improve loss(Θ) of δloss

The gradient is the slope we will follow 
to minimize our loss function.



17
57

 #i    Loss       Gradient          Theta

  0  +12.481   -6.777  -1.732   -3.388  +0.000

 20   +4.653   -4.066  -1.039   -2.033  +0.346

 40   +1.835   -2.440  -0.624   -1.220  +0.554

 60   +0.821   -1.464  -0.374   -0.732  +0.679

 80   +0.455   -0.878  -0.224   -0.439  +0.754

100   +0.324   -0.527  -0.135   -0.263  +0.799

120   +0.277   -0.316  -0.081   -0.158  +0.826

140   +0.260   -0.190  -0.048   -0.095  +0.842

160   +0.253   -0.114  -0.029   -0.057  +0.851

180   +0.251   -0.068  -0.017   -0.034  +0.857

200   +0.250   -0.041  -0.010   -0.020  +0.861

Notebook [GRAD1]

Gradient descent

n : number of observations
m : number of characteristics



18
57

A logistic regression is intended to provide a probability of belonging to a class.

Logistic regression

Notebook [LOGR1]

Dataset : X Observations
y Classe
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A logistic regression is intended to provide a probability of belonging to a class.

Logistic regression

Dataset : X Observations
y Classe

Objective : Predict the class
x given, we want to predict y
ypred = f(x)
where f is a linear function

?

Notebook [LOGR1]
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Logistic regression
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Logistic regression

Determined by the minimisation 
of a cost function J(Θ)
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That’s an « artificial neuron » ! 
So, we have a neural network of… 1 neuron !

Logistic regression
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Logistic regression

Notebook [LOGR1]
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Neurons in controversy1

1Dominique Cardon, Jean-Philippe Cointet, Antoine Mazieres. (2018). 
« La revanche des neurones », Réseaux, La Découverte, 5 (211),
<10.3917/res.211.0173>. <hal-01925644>
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[ intelligence ]
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« Capacité de percevoir ou d'inférer 
l'information, et de la conserver comme une 
connaissance à appliquer à des 
comportements adaptatifs dans un 
environnement ou un contexte donné »

« Ability to perceive or infer information, and to retain it 
as knowledge to be appli towards adaptive behaviors 
within an environment or context »*

[ intelligence ]

* Wikipedia - Illustration : [POTATO]
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[ intelligence ]

* https://www.larousse.fr

« Set of mental functions aimed at conceptual and 
rational knowledge »

« Ensemble des fonctions mentales ayant 
pour objet la connaissance conceptuelle et 
rationnelle »*

a

4
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Symbolicvs

Making a mind :
« Penser, c’est calculer des symboles qui 
ont à la fois une réalité matérielle et une 
valeur sémantique de représentation »1

L’information est une donnée 
symbolique de haut niveau.

Connectionnism

Modelling the brain :
« Penser s’apparente

à un calcul massivement parallèle de 
fonctions élémentaires.

L’information est un signal avant 
d’être un code »1

Tout [homme] est [mortel]
[Socrate] est un [homme]

Donc [Socrate] est [mortel]

1 D Cardon, JP Cointet, A Mazieres, 2018 [LRDN]

Modelling the brain
Modéliser le cerveau

Making a mind
Forger une opinion

The big 

Contro
versy
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Symbolicvs

Making a mind :
« Penser, c’est calculer des symboles qui 
ont à la fois une réalité matérielle et une 
valeur sémantique de représentation »1

L’information est une donnée 
symbolique de haut niveau.

Connectionnism

Modelling the brain :
« Penser s’apparente

à un calcul massivement parallèle de 
fonctions élémentaires.

L’information est un signal avant 
d’être un code »1

Tout [homme] est [mortel]
[Socrate] est un [homme]

Donc [Socrate] est [mortel]

1 D Cardon, JP Cointet, A Mazieres, 2018 [LRDN]

Modelling the brain
Modéliser le cerveau

Making a mind
Forger une opinion

The big 

Contro
versy
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vs

Rules and laws Special case

Expert
Facts Rules and laws

Model

The big 

Contro
versy

SymbolicConnectionnism
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65 522 publications
106 278 publications

Evolution of the academic influence of connexionist and symbolic approaches1

1 D Cardon, JP Cointet, A Mazieres, 2018 [LRDN]

Ration of publications between connexionists and symbolists

The big 

Contro
versy
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65 522 publications
106 278 publications

Evolution of the academic influence of connexionist and symbolic approaches1

First concept of 
artificial neural 
network
McCulloch, Pitts
1943

Macy 
conferences
1941-1960

Perceptron
ONR
Rosenblatt
1957

1 D Cardon, JP Cointet, A Mazieres, 2018 [LRDN]

The big 

Contro
versy
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Perceptron

F. Rosenblatt, 1958 [FROS]

Linear and binary classifier

Perceptron
Frank Rosenblatt
1958
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Length   Width   Iris Setosa (0/1)

  x1       x2          y

 1.4      1.4          1

 1.6      1.6          1

 1.4      1.4          1

 1.5      1.5          1

 1.4      1.4          1

 4.7      4.7          0

 4.5      4.5          0

 4.9      4.9          0

 4.0      4.0          0

 4.6      4.6          0

(...)

Iris plants dataset
Dataset from : Fisher, R.A. “The use of multiple measurements in 
taxonomic problems” Annual Eugenics, 7, Part II, 179-188 
(1936)

Perceptron
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65 522 publications
106 278 publications

Evolution of the academic influence of connexionist and symbolic approaches1

Artificial Intelligence
Darmouth workshop
McCarthy
1956

MIT (Minsky, Papert)
CM (Simon, Newel)
Stanford (McCarthy)
DARPA

Perceptrons
Minsky, Papert
1969

First AI Winter
Mansfield

amendment (1969)
Lighthill

report (1973)

1 D Cardon, JP Cointet, A Mazieres, 2018 [LRDN]

The big 

Contro
versy
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65 522 publications
106 278 publications

Evolution of the academic influence of connexionist and symbolic approaches1

Expert
systems

First AI Winter
Mansfield

amendment (1969)
Lighthill

report (1973)

Backprop.
Rumelhart
1986

Convol. NN
LeCun
1989

Extinction
of LISP
machines

1 D Cardon, JP Cointet, A Mazieres, 2018 [LRDN]

First AI Winter
Mansfield

amendment (1969)
Lighthill

report (1973)

The big 

Contro
versy
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Deep Neural Networks
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Input layer Hidden layers Output layer

Deep Neural Networks
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Train set

X
(i)

y
(i)

X
(i)

: Observations

y
(i)

: Expected output

No activation
function

(Normalized)

Deep Neural Networks
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Back-propagation
Learning process

To define :
Optimization
Activation
Loss
Metrics
...

Deep Neural Networks
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65 522 publications
106 278 publications

Evolution of the academic influence of connexionist and symbolic approaches1

Expert
systems

Backprop.
Rumelhart
1986

Convol. NN
LeCun
1989

Extinction
of LISP
machines

1 D Cardon, JP Cointet, A Mazieres, 2018 [LRDN]

The big 

Contro
versy
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65 522 publications
106 278 publications

Evolution of the academic influence of connexionist and symbolic approaches1

Support Vector
Machine (SVM)
Vapnik
1995

2nd Winter
(For DL)

1 D Cardon, JP Cointet, A Mazieres, 2018 [LRDN]

The big 

Contro
versy
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Performance Development1

1 TOP500 List [TOP500]

1980 1985 1990 1995 2000 2005 2010 2015 2020
1 000

10 000

100 000

1 000 000

10 000 000

100 000 000

Mushroom

MNIST 

Caltech256

CIFAR-10

ImageNet
Open Images

COCO

SIFT10M

Caltech101

Reuters

TIMIT

Letter Dataset

KDD
LabelMe

Youtube comedy

PASCAL VOC

Datasets for machine-learning2

2 Wikipedia [WKP1]

End of

Contro
verse

 ?

Laboratoire
Cas particulier Monde réel

The big 

Contro
versy
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Performance Development1

1 TOP500 List [TOP500]

1980 1985 1990 1995 2000 2005 2010 2015 2020
1 000

10 000

100 000

1 000 000

10 000 000

100 000 000

Mushroom

MNIST 

Caltech256

CIFAR-10

ImageNet
Open Images

COCO

SIFT10M

Caltech101

Reuters

TIMIT

Letter Dataset

KDD
LabelMe

Youtube comedy

PASCAL VOC

Datasets for machine-learning2

2 Wikipedia [WKP1]

× 106

Flops
× 104

datasets

End of

Contro
verse

 ?

Laboratoire
Cas particulier Monde réel

25
ans

The big 

Contro
versy
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1990 1995 2000 2005 2010 2015 2020
0

2 000

4 000

6 000

8 000

10 000

12 000

14 000

16 000

18 000

SVM

DNN

P
u
b
lic
a
tio
n
s

Publications SVM vs DNN1

1 Web of Science [WOS1][WOS2]
2 AlexNet [ALEX]
3 ImageNet Large Scale Visual Recognition [ILSVRC]

AlexNet2

A. Krizhevsky, 
I. Sutskever, 
G. Hinton
2012 ILSVRC
Top5 error : 26 %  15 %

Images classification
Top 5 error at ILSVRC 20123,4

DNN

Real
human2nd Winter

(For DL)

The Revenge 

of th
e Neurons 

4 Similar evolution in Natural language processing, translation,  board games, etc.
See : DeepL.com, AlphaGo, AlphaZero, ...

Without mathematical 
guarantee, DNN have proven to 
be more effective in the face of 
the complexity of the real 
world !

Real
humans

The big 

Contro
versy
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Data and neurons
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Regression with a DNN

Train set

X
(i)

y
(i)

X
(i)

: Observations

y
(i)

: Expected output

No activation
function

(Normalized)
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Classification with a DNN

(Normalized)
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Training process - general

To define :
Optimization
Activation
Loss
Metrics
...
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Training process - general

(batch)
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Neurons and data 
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Neurons and data 
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«Zoo of neural network 
architecturesfor different 

kinds of data»

Pipelines

Neurons and data 

BRONSTEIN, Michael M., BRUNA, Joan, COHEN, Taco, et al. 
Geometric deep learning: Grids, groups, graphs, geodesics, 
and gauges. arXiv preprint arXiv:2104.13478, 2021.a

Geometric Deep Learning ?



56
57

Merci !

Attribution-NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)
https://creativecommons.org/licenses/by-nc-nd/4.0/

https://fidle.cnrs.fr

Contact@fidle.cnrs.fr

https://fidle.cnrs.fr/youtube

FIDLE

Formation

Introduction au

Deep LearningFIDLE
 :

Jeudi
25 nov.

14h

1er
épisode https://fidle.cnrs.fr

- For a slightly longer version -

En distanciel – Sans inscription – Accès libre

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://fidle.cnrs.fr/
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