CNN : Cool Neural
Networks

« La decouverte du feu pendant un
hiver froid»
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» Estimation de posture
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Classifier performance

o Dimensionality (number of features)

1000 x 1000 x 3 Optimal nun:-ber of features



e premier CNN: LeNet
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https://www.youtube.com/watch?v=8VdFf3egwfg&feature=youtu.be&t=1m10s&ab_channel=AliMoeeny






Convelution™.

Convolved

Image
5 x 5 - Image Matrix 3 x 3 - Filter Matrix Feature
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3x3x3 4x4

bx6x3

Important : Un noyau retourne toujours une seule ‘feature map’
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Low-Level Mid-Level el High-Level Trainable
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

https://www.youtube.com/watch?v=AgkflQ41GaM&ab_channel=JasonYosinski
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* Gradients de |la
sortie/cout par rapport
aux poids/parametres

* Graphe de computation

* Regle de la chaine
* Récursivité




Backpropa

» Etant donné une fonction f et sa valeur en un point x, on veut
« calculer » le gradient de f en x

fle,y)=2y = %w g—;# flz,y)=z+y  — %:1 %:1
x=4,y=-3 fx,y)=—12  x=4,y=-3 f(x,y)=-1

f(z,y) = max(z,y) - % =1(z >=1y) % =1(y >=z)



Backpropagéfibn 101 Graphe de computation éEﬁJ

* Un exemple simple: f(x,y,z) = (x +y) *z

X =-2
f(x,y,z) = (x+y)z
q=3
q=X+Yy *
f=q"‘z y=>5

*x=-2,y=5,z=4.




Backpropagétion 101: calcul des gradients %Eﬁl




Backpropa@t-ion 101: Regle de la chalne

f,y,z2) =(x+y)*z
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Backpropagatlon 101: reseau de neurones %BJ
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Graph'de convolution

Since X is the output of the
previous layer,

oL/0X becomes the loss gradient
for the previous layer
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Convolution
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Gradients duxfiltre
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Gradientdella couche orecedente
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Convolutionts Cross-Correlation
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