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• Bref survol de certains des concepts vus jusqu’à 
maintenant 

• Emphase sur les concepts un peu plus avancés

2
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Apprentissage Supervisé
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Données Modèle Prédiction

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ
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Fonction de perte (loss)

4

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

<latexit sha1_base64="61gddMN7Bb2QFuDYYQrlQmPRWiY=">AAAGr3iclVTdbts2FD6JN7f1/prtcjfEkhQt4Bp2ULS7GdCtCdaLduuyuSlguR1F0Q5hStRIKrGr6W57l73SHmFvsU+0mthOsB8Rog7P4fedHx4xzrVyvt//c2u79d777Rs3b3U++PCjjz+5vfPpS2cKK+RQGG3sq5g7qVUmh155LV/lVvI01vIknj2p7Sdn0jplsp/8IpfjlE8zNVGCe6jMztY5ReRJ0hxzSYekaILxF1nosm </latexit>

Différentes pertes pour selon le type de y
y 2 R Régression (ŷ� y)2
y catégorique e.g., {chat,chien,oiseau} Classification taux de classification
y 2 {0, 1} Classification binaire AUC
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Fonction de perte (loss)

4

Perte

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

<latexit sha1_base64="61gddMN7Bb2QFuDYYQrlQmPRWiY=">AAAGr3iclVTdbts2FD6JN7f1/prtcjfEkhQt4Bp2ULS7GdCtCdaLduuyuSlguR1F0Q5hStRIKrGr6W57l73SHmFvsU+0mthOsB8Rog7P4fedHx4xzrVyvt//c2u79d777Rs3b3U++PCjjz+5vfPpS2cKK+RQGG3sq5g7qVUmh155LV/lVvI01vIknj2p7Sdn0jplsp/8IpfjlE8zNVGCe6jMztY5ReRJ0hxzSYekaILxF1nosm </latexit>

Différentes pertes pour selon le type de y
y 2 R Régression (ŷ� y)2
y catégorique e.g., {chat,chien,oiseau} Classification taux de classification
y 2 {0, 1} Classification binaire AUC
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Fonction de perte (loss)

4

Perte

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ
<latexit sha1_base64="M0xhpzg9KnPNhhCIPYRvGY1EFMw="></latexit>

n(ɵ̂,ɵ)

<latexit sha1_base64="61gddMN7Bb2QFuDYYQrlQmPRWiY=">AAAGr3iclVTdbts2FD6JN7f1/prtcjfEkhQt4Bp2ULS7GdCtCdaLduuyuSlguR1F0Q5hStRIKrGr6W57l73SHmFvsU+0mthOsB8Rog7P4fedHx4xzrVyvt//c2u79d777Rs3b3U++PCjjz+5vfPpS2cKK+RQGG3sq5g7qVUmh155LV/lVvI01vIknj2p7Sdn0jplsp/8IpfjlE8zNVGCe6jMztY5ReRJ0hxzSYekaILxF1nosm </latexit>

Différentes pertes pour selon le type de y
y 2 R Régression (ŷ� y)2
y catégorique e.g., {chat,chien,oiseau} Classification taux de classification
y 2 {0, 1} Classification binaire AUC
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Processus 
d’apprentissage

5

Perte

<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

Distribution  
sur (x,y):  

P(x,y)

<latexit sha1_base64="/NlAGoruS/9hFM2xpO8iayaZQs4="></latexit>ɴɎȸƏǣȇ

<latexit sha1_base64="YnX/dRKa+uwjgK+G12opmwUjk+k="></latexit>

n(ɵ̂ɎȸƏǣȇ,ɵɎȸƏǣȇ)
<latexit sha1_base64="KwU3JLXr/vE0bXNQiN8wxXCWU/I="></latexit>

ɵ̂ɎȸƏǣȇ

<latexit sha1_base64="VTrBbidcdYLPmhrVkIS+Hg+ynoc="></latexit>

ǔ, θ̂
<latexit sha1_base64="j+9W2emrdqKK9AmhKplouC8Osfc="></latexit>ɴɎƺɀɎ

<latexit sha1_base64="iDmdXsj6w81dhu5scT6S97gG5NM="></latexit>

ɵ̂ɎƺɀɎ
<latexit sha1_base64="OUmI3Yg9Jo1BiNnMvLs41QNL+i0="></latexit>

n(ɵ̂ɎƺɀɎ,ɵɎƺɀɎ)
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Processus d’apprentissage 
 En pratique

6

Perte

<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

Distribution  
sur (x,y):  

P(x,y)

<latexit sha1_base64="/NlAGoruS/9hFM2xpO8iayaZQs4="></latexit>ɴɎȸƏǣȇ

<latexit sha1_base64="YnX/dRKa+uwjgK+G12opmwUjk+k="></latexit>

n(ɵ̂ɎȸƏǣȇ,ɵɎȸƏǣȇ)
<latexit sha1_base64="KwU3JLXr/vE0bXNQiN8wxXCWU/I="></latexit>

ɵ̂ɎȸƏǣȇ

<latexit sha1_base64="VTrBbidcdYLPmhrVkIS+Hg+ynoc="></latexit>

ǔ, θ̂
<latexit sha1_base64="j+9W2emrdqKK9AmhKplouC8Osfc="></latexit>ɴɎƺɀɎ

<latexit sha1_base64="iDmdXsj6w81dhu5scT6S97gG5NM="></latexit>

ɵ̂ɎƺɀɎ <latexit sha1_base64="OUmI3Yg9Jo1BiNnMvLs41QNL+i0="></latexit>

n(ɵ̂ɎƺɀɎ,ɵɎƺɀɎ)

<latexit sha1_base64="VTrBbidcdYLPmhrVkIS+Hg+ynoc="></latexit>

ǔ, θ̂
<latexit sha1_base64="Ng3fMFs+NYuskga2JoXrdf7Ikts="></latexit>ɴɮƏǼǣƳ

<latexit sha1_base64="sh31U4GSXRrWna2dNeQfTATguj8="></latexit>

ɵ̂ɮƏǼǣƳ
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Processus d’apprentissage 
 En pratique

6

Perte

<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

Distribution  
sur (x,y):  

P(x,y)

<latexit sha1_base64="/NlAGoruS/9hFM2xpO8iayaZQs4="></latexit>ɴɎȸƏǣȇ

<latexit sha1_base64="YnX/dRKa+uwjgK+G12opmwUjk+k="></latexit>

n(ɵ̂ɎȸƏǣȇ,ɵɎȸƏǣȇ)
<latexit sha1_base64="KwU3JLXr/vE0bXNQiN8wxXCWU/I="></latexit>

ɵ̂ɎȸƏǣȇ

<latexit sha1_base64="VTrBbidcdYLPmhrVkIS+Hg+ynoc="></latexit>

ǔ, θ̂
<latexit sha1_base64="j+9W2emrdqKK9AmhKplouC8Osfc="></latexit>ɴɎƺɀɎ

<latexit sha1_base64="iDmdXsj6w81dhu5scT6S97gG5NM="></latexit>

ɵ̂ɎƺɀɎ <latexit sha1_base64="OUmI3Yg9Jo1BiNnMvLs41QNL+i0="></latexit>

n(ɵ̂ɎƺɀɎ,ɵɎƺɀɎ)

<latexit sha1_base64="VTrBbidcdYLPmhrVkIS+Hg+ynoc="></latexit>

ǔ, θ̂
<latexit sha1_base64="Ng3fMFs+NYuskga2JoXrdf7Ikts="></latexit>ɴɮƏǼǣƳ

<latexit sha1_base64="sh31U4GSXRrWna2dNeQfTATguj8="></latexit>

ɵ̂ɮƏǼǣƳ

Pratique pour: 
- Sélectionner les 

hyperparamètres 
- Pour sélectionner le meilleur 

modèle
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Apprentissage
• Apprendre: Changer les paramètres pour obtenir de meilleures 

prédictions 

• En d’autres mots: changer les paramètres    pour minimiser la 
perte 

• Trouver les dérivées de la perte p.r. aux paramètres: 

7

W

<latexit sha1_base64="YJtKL7cd9YnVKJ7QR0a0eL4oKDc="></latexit>

θ

<latexit sha1_base64="c8zc3SyatUCBxJ1k4x4DGUv9sgw="></latexit>

nȒɀɀ

<latexit sha1_base64="0yHDh5Zzj8JG2OKdG5Ev0ZZQ9YA="></latexit>

Ƴ nȒɀɀ
Ƴθ
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Différents modèles
• f: régression linéaire,    a une solution analytique 

• f: réseaux de neurones,    n’a pas de solution 
analytique. On utilise la descente de gradient

8

<latexit sha1_base64="/G4zI7WbWyRHchFkVM+9Jcr6aNU="></latexit>

✓
<latexit sha1_base64="/G4zI7WbWyRHchFkVM+9Jcr6aNU="></latexit>

✓
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<latexit sha1_base64="pqZGWZdhTZHpq4sa2Pd8m1mFbi0="></latexit>

- Given a training set: {(xtrain,ytrain)}

- Initialize ✓̂ randomly

for t = 1,2, . . . (epochs) do
for i = 1,2, . . . (datum) do

- Obtain the prediction {f(xi; ✓̂)} (Forward propagation)

- Compute the Loss: Lossti := L(f(xi; ✓̂),yi)

- Find the derivative of the loss: d Lossti
d ✓̂

- Get new parameters: ✓̂0 = ✓̂ � ↵d Lossti
d ✓̂

- If ||✓̂0 � ✓̂||22 < ✏ then stop
- Update parameters: ✓̂ = ✓̂0

end for
end for
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Stochastic Gradient Descent

<latexit sha1_base64="pqZGWZdhTZHpq4sa2Pd8m1mFbi0="></latexit>

- Given a training set: {(xtrain,ytrain)}

- Initialize ✓̂ randomly

for t = 1,2, . . . (epochs) do
for i = 1,2, . . . (datum) do

- Obtain the prediction {f(xi; ✓̂)} (Forward propagation)

- Compute the Loss: Lossti := L(f(xi; ✓̂),yi)

- Find the derivative of the loss: d Lossti
d ✓̂

- Get new parameters: ✓̂0 = ✓̂ � ↵d Lossti
d ✓̂

- If ||✓̂0 � ✓̂||22 < ✏ then stop
- Update parameters: ✓̂ = ✓̂0

end for
end for
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Modèles probabilistes

10

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

Perte

<latexit sha1_base64="M0xhpzg9KnPNhhCIPYRvGY1EFMw="></latexit>

n(ɵ̂,ɵ)

<latexit sha1_base64="B0sijo4WYnH0DjePvOM7ofNntfw="></latexit>

Likelihood
P(data | params)
P(x,y | ✓)
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Modèles probabilistes

10

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

Perte

<latexit sha1_base64="M0xhpzg9KnPNhhCIPYRvGY1EFMw="></latexit>

n(ɵ̂,ɵ)

<latexit sha1_base64="QDV1W6BP2ZvyqJ4aunAoHir3aZk="></latexit>

¨(θ)

<latexit sha1_base64="B0sijo4WYnH0DjePvOM7ofNntfw="></latexit>

Likelihood
P(data | params)
P(x,y | ✓)
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Modèles probabilistes

10

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

Perte

<latexit sha1_base64="M0xhpzg9KnPNhhCIPYRvGY1EFMw="></latexit>

n(ɵ̂,ɵ)

<latexit sha1_base64="QDV1W6BP2ZvyqJ4aunAoHir3aZk="></latexit>

¨(θ)

<latexit sha1_base64="ZwLO2Tt+CaRPboCrc0ijbpmAlwA="></latexit>

¨(ɴ,ɵ | θ)

f

<latexit sha1_base64="B0sijo4WYnH0DjePvOM7ofNntfw="></latexit>

Likelihood
P(data | params)
P(x,y | ✓)
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Modèles probabilistes

10

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

Perte

<latexit sha1_base64="M0xhpzg9KnPNhhCIPYRvGY1EFMw="></latexit>

n(ɵ̂,ɵ)

<latexit sha1_base64="QDV1W6BP2ZvyqJ4aunAoHir3aZk="></latexit>

¨(θ)

<latexit sha1_base64="ZwLO2Tt+CaRPboCrc0ijbpmAlwA="></latexit>

¨(ɴ,ɵ | θ)
<latexit sha1_base64="R2DBOgh+RxAB8QgLRq1shJ4J/0Y="></latexit>

¨(ɴ | ✓)

f

<latexit sha1_base64="B0sijo4WYnH0DjePvOM7ofNntfw="></latexit>

Likelihood
P(data | params)
P(x,y | ✓)
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Modèles probabilistes

10

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

Perte

<latexit sha1_base64="M0xhpzg9KnPNhhCIPYRvGY1EFMw="></latexit>

n(ɵ̂,ɵ)

<latexit sha1_base64="QDV1W6BP2ZvyqJ4aunAoHir3aZk="></latexit>

¨(θ)

<latexit sha1_base64="ZwLO2Tt+CaRPboCrc0ijbpmAlwA="></latexit>

¨(ɴ,ɵ | θ)
<latexit sha1_base64="9kdgaI26oDd7Nwuz9Rt8eTffoyE="></latexit>

¨(ɵ | ɴ, θ)
<latexit sha1_base64="R2DBOgh+RxAB8QgLRq1shJ4J/0Y="></latexit>

¨(ɴ | ✓)

f

<latexit sha1_base64="B0sijo4WYnH0DjePvOM7ofNntfw="></latexit>

Likelihood
P(data | params)
P(x,y | ✓)
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Modèles probabilistes

10

<latexit sha1_base64="TL20Jk0VWrtdGUe9+NExM6s8G7E="></latexit>ɴ
<latexit sha1_base64="T7LWutz9/6AyF/UQxwea7rfcMHQ="></latexit>

ǔ(ɴ; θ) ≡ ɵ̂
<latexit sha1_base64="ZX3uPqq0Pbt51VUuFNgBjdHlNn0="></latexit>

ǔ, θ

Perte

<latexit sha1_base64="M0xhpzg9KnPNhhCIPYRvGY1EFMw="></latexit>

n(ɵ̂,ɵ)

<latexit sha1_base64="QDV1W6BP2ZvyqJ4aunAoHir3aZk="></latexit>

¨(θ)

<latexit sha1_base64="ZwLO2Tt+CaRPboCrc0ijbpmAlwA="></latexit>

¨(ɴ,ɵ | θ)
<latexit sha1_base64="9kdgaI26oDd7Nwuz9Rt8eTffoyE="></latexit>

¨(ɵ | ɴ, θ)
<latexit sha1_base64="39EMcdBBumUzrN4ZmPpBPfgsaHQ="></latexit>

¨(ɵ,ɴ | θ)
¨(ɴ)

<latexit sha1_base64="R2DBOgh+RxAB8QgLRq1shJ4J/0Y="></latexit>

¨(ɴ | ✓)

f

<latexit sha1_base64="B0sijo4WYnH0DjePvOM7ofNntfw="></latexit>

Likelihood
P(data | params)
P(x,y | ✓)
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Exemple

11

<latexit sha1_base64="6iCOKdlhmZrd4vu8NpGdQ71BNvE="></latexit>

Données: 952 1064 965 1037 871 1029 1138 (problème non-supervisé)
Modèle: P(x | ✓) := N (μ, 1)
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Exemple

11

<latexit sha1_base64="6iCOKdlhmZrd4vu8NpGdQ71BNvE="></latexit>

Données: 952 1064 965 1037 871 1029 1138 (problème non-supervisé)
Modèle: P(x | ✓) := N (μ, 1)
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Exemple

11

Likelihood d’une donnée:

<latexit sha1_base64="6iCOKdlhmZrd4vu8NpGdQ71BNvE="></latexit>

Données: 952 1064 965 1037 871 1029 1138 (problème non-supervisé)
Modèle: P(x | ✓) := N (μ, 1)
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Exemple

11

<latexit sha1_base64="VjX8CJck8w931fkYqAnFYJg2tOY="></latexit>

nǣǸƺǼǣǝȒȒƳ(ɴ | , ( = √
א

exp− (ɴ− א(

א

Likelihood d’une donnée:

<latexit sha1_base64="6iCOKdlhmZrd4vu8NpGdQ71BNvE="></latexit>

Données: 952 1064 965 1037 871 1029 1138 (problème non-supervisé)
Modèle: P(x | ✓) := N (μ, 1)
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Exemple

11

<latexit sha1_base64="VjX8CJck8w931fkYqAnFYJg2tOY="></latexit>

nǣǸƺǼǣǝȒȒƳ(ɴ | , ( = √
א

exp− (ɴ− א(

א

Likelihood d’une donnée:

<latexit sha1_base64="nY+DFrNDvdgcjDZLgNVTVWToEvg="></latexit>

nȒǕٮnǣǸƺǼǣǝȒȒƳ

= log
p
א

exp� (ɴ� א(

א

= ǼȒǕ� 
א
ǼȒǕא � (ɴ� א(

א

<latexit sha1_base64="6iCOKdlhmZrd4vu8NpGdQ71BNvE="></latexit>

Données: 952 1064 965 1037 871 1029 1138 (problème non-supervisé)
Modèle: P(x | ✓) := N (μ, 1)
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Exemple

11

<latexit sha1_base64="VjX8CJck8w931fkYqAnFYJg2tOY="></latexit>

nǣǸƺǼǣǝȒȒƳ(ɴ | , ( = √
א

exp− (ɴ− א(

א

Likelihood d’une donnée:

Quelle valeur de    la maximise?<latexit sha1_base64="3cJGq51pviiQPqFRZvt/vPHZXyY="></latexit>

<latexit sha1_base64="nY+DFrNDvdgcjDZLgNVTVWToEvg="></latexit>

nȒǕٮnǣǸƺǼǣǝȒȒƳ

= log
p
א

exp� (ɴ� א(

א

= ǼȒǕ� 
א
ǼȒǕא � (ɴ� א(

א

<latexit sha1_base64="6iCOKdlhmZrd4vu8NpGdQ71BNvE="></latexit>

Données: 952 1064 965 1037 871 1029 1138 (problème non-supervisé)
Modèle: P(x | ✓) := N (μ, 1)
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Exemple

11

<latexit sha1_base64="VjX8CJck8w931fkYqAnFYJg2tOY="></latexit>

nǣǸƺǼǣǝȒȒƳ(ɴ | , ( = √
א

exp− (ɴ− א(

א

Likelihood d’une donnée:

Quelle valeur de    la maximise?<latexit sha1_base64="3cJGq51pviiQPqFRZvt/vPHZXyY="></latexit>

<latexit sha1_base64="nY+DFrNDvdgcjDZLgNVTVWToEvg="></latexit>

nȒǕٮnǣǸƺǼǣǝȒȒƳ

= log
p
א

exp� (ɴ� א(

א

= ǼȒǕ� 
א
ǼȒǕא � (ɴ� א(

א

<latexit sha1_base64="tMgiigdz2Y7T86cL1FKKcRz3QbQ="></latexit>

Ƴ nȒǕٮnǣǸƺǼǣǝȒȒƳ
Ƴ 

=
Ƴ (ɴ�)א

א
Ƴ 

= (ɴ� (
ɀƺɎ ɎȒ 
 = ɴ

<latexit sha1_base64="6iCOKdlhmZrd4vu8NpGdQ71BNvE="></latexit>

Données: 952 1064 965 1037 871 1029 1138 (problème non-supervisé)
Modèle: P(x | ✓) := N (μ, 1)
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Exemple
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<latexit sha1_base64="VjX8CJck8w931fkYqAnFYJg2tOY="></latexit>

nǣǸƺǼǣǝȒȒƳ(ɴ | , ( = √
א

exp− (ɴ− א(

א

Likelihood d’une donnée:

Quelle valeur de    la maximise?<latexit sha1_base64="3cJGq51pviiQPqFRZvt/vPHZXyY="></latexit>

<latexit sha1_base64="nY+DFrNDvdgcjDZLgNVTVWToEvg="></latexit>

nȒǕٮnǣǸƺǼǣǝȒȒƳ

= log
p
א

exp� (ɴ� א(

א

= ǼȒǕ� 
א
ǼȒǕא � (ɴ� א(

א

<latexit sha1_base64="tMgiigdz2Y7T86cL1FKKcRz3QbQ="></latexit>

Ƴ nȒǕٮnǣǸƺǼǣǝȒȒƳ
Ƴ 

=
Ƴ (ɴ�)א

א
Ƴ 

= (ɴ� (
ɀƺɎ ɎȒ 
 = ɴ = 952

<latexit sha1_base64="6iCOKdlhmZrd4vu8NpGdQ71BNvE="></latexit>

Données: 952 1064 965 1037 871 1029 1138 (problème non-supervisé)
Modèle: P(x | ✓) := N (μ, 1)



Données: (x,y) 
Naive Bayes

<latexit sha1_base64="Qe/GCBZlneCcNNL1uiUJozsyqIQ="></latexit>

Modele : P(x,y | θ) = P(x | y, θ)P(y | θ)



Données: (x,y) 
Naive Bayes

<latexit sha1_base64="Qe/GCBZlneCcNNL1uiUJozsyqIQ="></latexit>

Modele : P(x,y | θ) = P(x | y, θ)P(y | θ)



Données: (x,y) 
Naive Bayes

<latexit sha1_base64="Qe/GCBZlneCcNNL1uiUJozsyqIQ="></latexit>

Modele : P(x,y | θ) = P(x | y, θ)P(y | θ)



Données: (x,y) 
Naive Bayes

Données: x 
Gaussian Mixture Models

<latexit sha1_base64="Qe/GCBZlneCcNNL1uiUJozsyqIQ="></latexit>

Modele : P(x,y | θ) = P(x | y, θ)P(y | θ)



Données: (x,y) 
Naive Bayes

Données: x 
Gaussian Mixture Models

K=4

<latexit sha1_base64="Qe/GCBZlneCcNNL1uiUJozsyqIQ="></latexit>

Modele : P(x,y | θ) = P(x | y, θ)P(y | θ)
<latexit sha1_base64="54KM2/qWGDop/nuJye9afuDMVo8="></latexit>

Modele : P(x | θ) =
K∑

k=1

P(θk) P(x | θk)︸ ︷︷ ︸
N (x|μk,Σk)

(K groupes)



Données: (x,y) 
Naive Bayes

Données: x 
Gaussian Mixture Models

K=4

<latexit sha1_base64="YPm2q0ZlxKdC5Lu4ZQOc2ppLkXU="></latexit>

xƏɴِ ǼǣǸƺǼǣǝȒȒƳ ٢xn0٣ : ✓̂xn0 = argmax
✓

¨(ɴ | ✓)

xƏɴِ Ə ȵȒɀɎƺȸǣȒȸǣ ٢x�¨٣ : ✓̂x�¨ = argmax
✓

¨(✓ | ɴ, �) = argmax
✓

¨(ɴ | ✓)¨(✓ | �)
¨(ɴ)

<latexit sha1_base64="Qe/GCBZlneCcNNL1uiUJozsyqIQ="></latexit>

Modele : P(x,y | θ) = P(x | y, θ)P(y | θ)
<latexit sha1_base64="54KM2/qWGDop/nuJye9afuDMVo8="></latexit>

Modele : P(x | θ) =
K∑

k=1

P(θk) P(x | θk)︸ ︷︷ ︸
N (x|μk,Σk)

(K groupes)



Données: (x,y) 
Naive Bayes

Données: x 
Gaussian Mixture Models

K=4

<latexit sha1_base64="YPm2q0ZlxKdC5Lu4ZQOc2ppLkXU="></latexit>

xƏɴِ ǼǣǸƺǼǣǝȒȒƳ ٢xn0٣ : ✓̂xn0 = argmax
✓

¨(ɴ | ✓)

xƏɴِ Ə ȵȒɀɎƺȸǣȒȸǣ ٢x�¨٣ : ✓̂x�¨ = argmax
✓

¨(✓ | ɴ, �) = argmax
✓

¨(ɴ | ✓)¨(✓ | �)
¨(ɴ)

<latexit sha1_base64="Qe/GCBZlneCcNNL1uiUJozsyqIQ="></latexit>

Modele : P(x,y | θ) = P(x | y, θ)P(y | θ)
<latexit sha1_base64="54KM2/qWGDop/nuJye9afuDMVo8="></latexit>

Modele : P(x | θ) =
K∑

k=1

P(θk) P(x | θk)︸ ︷︷ ︸
N (x|μk,Σk)

(K groupes)
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MLPs / RNNs / CNNs
• MLPs: les couches sont complètement connectées à la 

prochaine couche 

• RNNs: entrées à chaque couche 

• Application standard: modélisation des séries 
temporelles  

• CNNs: remplacent les multiplications de matrices par des 
convolutions (sparse connections, weight sharing) + et du 
pooling 

• Application standard: reconnaissance d’objets dans des 
images

13
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MLPs


