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Les arbres de décision



Les arbres de décision

Les arbres de décision sont des algorithmes de ML supervisés.

• Existent en version classification et régression.

• Sont très faciles à interpréter (white box).

• Sont non-paramétriques.

• Très rapides dans les prédictions.

Malheureusement, en tant que tels, ils sont fréquemment sujet à la

sur-paramétrisation ou font des prédictions approximatives.

Cependant, ils servent de fondation pour de nombreux

algorithmes dérivés très performants.
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Analogie : les flowcharts

Dans la culture populaire, les flowcharts sont des objets qui

s’apparentent à des arbres de décision (mais ces flowcharts ne sont

pas forcément des arbres).

Source : https://xkcd.com/518/ 2

https://xkcd.com/518/


Exemple d’arbre entrainé

L’entrainement d’un arbre de classification sur un jeu de données

(Titanic) résulte en un arbre de la sorte :

Source : Stephen Milborrow CC BY-SA 3.0 via Wikimedia Commons

• Le nœud du haut s’appelle la racine.

• Les nœuds qui séparent le flux en deux sont les noeuds de

décision (via une variable numérique ou binaire).

• Les nœuds terminaux, qui attribuent les classes, sont les

feuilles.
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Entrainement d’un arbre de classification

Pour obtenir un arbre de la sorte l’entrainement se passe de

manière itérative. On commence par la racine.

On va lister toutes les séparations possibles sur toutes les

variables.

Variables numériques : entre

chaque paire de points contigus.

Variables binaires : en deux

groupes.
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Entrainement d’un arbre de classification

On peut utiliser deux mesures de variété au sein des groupes :

• L’indice de Gini : 1−
∑

c p
2
c

• L’entropie : −
∑

c pc log(pc)

où c sont les classes et pc leur proportion dans le groupe.

Age < 6
oui

Gini = 0.47, Entropy = 0.68

non

Gini = 0.42, Entropy = 0.61

Sex = ≪ male ≫

oui

Gini = 0.31, Entropy = 0.48

non

Gini = 0.38, Entropy = 0.57

On retient la séparation qui donne le plus petit score moyen pondéré.
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Entrainement d’un arbre de classification

L’algorithme procède de la même manière pour chaque feuille

obtenue. L’algorithme s’arrête lorsque toutes les feuilles sont pures

(ne contiennent plus qu’une classe) ou que les individus qui la

composent sont indiscernables (selon leurs variables d’entrée).

male ≤ 0.5
gini = 0.482

samples = 714
value = [424, 290]

class = dead

Age ≤ 12.0
gini = 0.37

samples = 261
value = [64, 197]
class = survived

True

Age ≤ 6.5
gini = 0.326

samples = 453
value = [360, 93]

class = dead

False

Age ≤ 8.5
gini = 0.482

samples = 32
value = [13, 19]
class = survived

Age ≤ 48.5
gini = 0.346

samples = 229
value = [51, 178]
class = survived

Age ≤ 3.5
gini = 0.393

samples = 26
value = [7, 19]

class = survived

gini = 0.0
samples = 6
value = [6, 0]
class = dead

Age ≤ 1.5
gini = 0.486

samples = 12
value = [5, 7]

class = survived

Age ≤ 5.5
gini = 0.245

samples = 14
value = [2, 12]

class = survived

gini = 0.0
samples = 4
value = [0, 4]

class = survived

Age ≤ 2.5
gini = 0.469
samples = 8
value = [5, 3]
class = dead

gini = 0.444
samples = 6
value = [4, 2]
class = dead

gini = 0.5
samples = 2
value = [1, 1]
class = dead

gini = 0.0
samples = 9
value = [0, 9]

class = survived

Age ≤ 6.5
gini = 0.48

samples = 5
value = [2, 3]

class = survived

gini = 0.5
samples = 2
value = [1, 1]
class = dead

Age ≤ 7.5
gini = 0.444
samples = 3
value = [1, 2]

class = survived

gini = 0.0
samples = 1
value = [0, 1]

class = survived

gini = 0.5
samples = 2
value = [1, 1]
class = dead

Age ≤ 42.5
gini = 0.364

samples = 205
value = [49, 156]
class = survived

Age ≤ 57.5
gini = 0.153

samples = 24
value = [2, 22]

class = survived

Age ≤ 32.25
gini = 0.347

samples = 188
value = [42, 146]
class = survived

Age ≤ 47.5
gini = 0.484

samples = 17
value = [7, 10]

class = survived

Age ≤ 24.5
gini = 0.38

samples = 137
value = [35, 102]
class = survived

Age ≤ 36.5
gini = 0.237

samples = 51
value = [7, 44]

class = survived

Age ≤ 21.5
gini = 0.347

samples = 85
value = [19, 66]
class = survived

Age ≤ 25.5
gini = 0.426

samples = 52
value = [16, 36]
class = survived

Age ≤ 19.5
gini = 0.393

samples = 52
value = [14, 38]
class = survived

Age ≤ 23.5
gini = 0.257

samples = 33
value = [5, 28]

class = survived

Age ≤ 18.5
gini = 0.331

samples = 43
value = [9, 34]

class = survived

Age ≤ 20.5
gini = 0.494
samples = 9
value = [5, 4]
class = dead

Age ≤ 17.5
gini = 0.375

samples = 36
value = [9, 27]

class = survived

gini = 0.0
samples = 7
value = [0, 7]

class = survived

Age ≤ 14.75
gini = 0.287

samples = 23
value = [4, 19]

class = survived

gini = 0.473
samples = 13
value = [5, 8]

class = survived

Age ≤ 14.25
gini = 0.408
samples = 7
value = [2, 5]

class = survived

Age ≤ 15.5
gini = 0.219

samples = 16
value = [2, 14]

class = survived

Age ≤ 13.5
gini = 0.278
samples = 6
value = [1, 5]

class = survived

gini = 0.0
samples = 1
value = [1, 0]
class = dead

gini = 0.0
samples = 2
value = [0, 2]

class = survived

gini = 0.375
samples = 4
value = [1, 3]

class = survived

gini = 0.0
samples = 4
value = [0, 4]

class = survived

Age ≤ 16.5
gini = 0.278

samples = 12
value = [2, 10]

class = survived

gini = 0.278
samples = 6
value = [1, 5]

class = survived

gini = 0.278
samples = 6
value = [1, 5]

class = survived

gini = 0.0
samples = 2
value = [2, 0]
class = dead

gini = 0.49
samples = 7
value = [3, 4]

class = survived

Age ≤ 22.5
gini = 0.291

samples = 17
value = [3, 14]

class = survived

gini = 0.219
samples = 16
value = [2, 14]

class = survived

gini = 0.278
samples = 12
value = [2, 10]

class = survived

gini = 0.32
samples = 5
value = [1, 4]

class = survived

gini = 0.48
samples = 5
value = [3, 2]
class = dead

Age ≤ 30.25
gini = 0.4

samples = 47
value = [13, 34]
class = survived

Age ≤ 26.5
gini = 0.375

samples = 36
value = [9, 27]

class = survived

Age ≤ 30.75
gini = 0.463

samples = 11
value = [4, 7]

class = survived

gini = 0.48
samples = 5
value = [2, 3]

class = survived

Age ≤ 29.5
gini = 0.35

samples = 31
value = [7, 24]

class = survived

Age ≤ 27.5
gini = 0.375

samples = 20
value = [5, 15]

class = survived

gini = 0.298
samples = 11
value = [2, 9]

class = survived

gini = 0.278
samples = 6
value = [1, 5]

class = survived

Age ≤ 28.5
gini = 0.408

samples = 14
value = [4, 10]

class = survived

gini = 0.408
samples = 7
value = [2, 5]

class = survived

gini = 0.408
samples = 7
value = [2, 5]

class = survived

gini = 0.0
samples = 1
value = [1, 0]
class = dead

Age ≤ 31.5
gini = 0.42

samples = 10
value = [3, 7]

class = survived

gini = 0.408
samples = 7
value = [2, 5]

class = survived

gini = 0.444
samples = 3
value = [1, 2]

class = survived

gini = 0.0
samples = 26
value = [0, 26]

class = survived

Age ≤ 37.5
gini = 0.403

samples = 25
value = [7, 18]

class = survived

gini = 0.0
samples = 1
value = [1, 0]
class = dead

Age ≤ 41.5
gini = 0.375

samples = 24
value = [6, 18]

class = survived

Age ≤ 40.5
gini = 0.408

samples = 21
value = [6, 15]

class = survived

gini = 0.0
samples = 3
value = [0, 3]

class = survived

Age ≤ 39.5
gini = 0.36

samples = 17
value = [4, 13]

class = survived

gini = 0.5
samples = 4
value = [2, 2]
class = dead

Age ≤ 38.5
gini = 0.397

samples = 11
value = [3, 8]

class = survived

gini = 0.278
samples = 6
value = [1, 5]

class = survived

gini = 0.32
samples = 5
value = [1, 4]

class = survived

gini = 0.444
samples = 6
value = [2, 4]

class = survived

Age ≤ 44.5
gini = 0.497

samples = 13
value = [6, 7]

class = survived

gini = 0.375
samples = 4
value = [1, 3]

class = survived

Age ≤ 43.5
gini = 0.48

samples = 5
value = [2, 3]

class = survived

Age ≤ 46.0
gini = 0.5

samples = 8
value = [4, 4]
class = dead

gini = 0.5
samples = 2
value = [1, 1]
class = dead

gini = 0.444
samples = 3
value = [1, 2]

class = survived

gini = 0.5
samples = 6
value = [3, 3]
class = dead

gini = 0.5
samples = 2
value = [1, 1]
class = dead

Age ≤ 56.5
gini = 0.208

samples = 17
value = [2, 15]

class = survived

gini = 0.0
samples = 7
value = [0, 7]

class = survived

Age ≤ 50.5
gini = 0.117

samples = 16
value = [1, 15]

class = survived

gini = 0.0
samples = 1
value = [1, 0]
class = dead

Age ≤ 49.5
gini = 0.245
samples = 7
value = [1, 6]

class = survived

gini = 0.0
samples = 9
value = [0, 9]

class = survived

gini = 0.0
samples = 2
value = [0, 2]

class = survived

gini = 0.32
samples = 5
value = [1, 4]

class = survived

Age ≤ 0.96
gini = 0.444

samples = 24
value = [8, 16]

class = survived

Age ≤ 77.0
gini = 0.295

samples = 429
value = [352, 77]

class = dead

gini = 0.0
samples = 5
value = [0, 5]

class = survived

Age ≤ 2.5
gini = 0.488

samples = 19
value = [8, 11]

class = survived

Age ≤ 1.5
gini = 0.494
samples = 9
value = [5, 4]
class = dead

Age ≤ 3.5
gini = 0.42

samples = 10
value = [3, 7]

class = survived

gini = 0.48
samples = 5
value = [2, 3]

class = survived

gini = 0.375
samples = 4
value = [3, 1]
class = dead

gini = 0.0
samples = 4
value = [0, 4]

class = survived

Age ≤ 5.0
gini = 0.5

samples = 6
value = [3, 3]
class = dead

gini = 0.48
samples = 5
value = [3, 2]
class = dead

gini = 0.0
samples = 1
value = [0, 1]

class = survived

Age ≤ 24.75
gini = 0.292

samples = 428
value = [352, 76]

class = dead

gini = 0.0
samples = 1
value = [0, 1]

class = survived

Age ≤ 13.0
gini = 0.217

samples = 137
value = [120, 17]

class = dead

Age ≤ 53.0
gini = 0.323

samples = 291
value = [232, 59]

class = dead

Age ≤ 11.5
gini = 0.473

samples = 13
value = [8, 5]
class = dead

Age ≤ 20.25
gini = 0.175

samples = 124
value = [112, 12]

class = dead

Age ≤ 7.5
gini = 0.444

samples = 12
value = [8, 4]
class = dead

gini = 0.0
samples = 1
value = [0, 1]

class = survived

gini = 0.0
samples = 2
value = [2, 0]
class = dead

Age ≤ 9.5
gini = 0.48

samples = 10
value = [6, 4]
class = dead

Age ≤ 8.5
gini = 0.5

samples = 6
value = [3, 3]
class = dead

Age ≤ 10.5
gini = 0.375
samples = 4
value = [3, 1]
class = dead

gini = 0.5
samples = 2
value = [1, 1]
class = dead

gini = 0.5
samples = 4
value = [2, 2]
class = dead

gini = 0.0
samples = 1
value = [1, 0]
class = dead

gini = 0.444
samples = 3
value = [2, 1]
class = dead

Age ≤ 19.5
gini = 0.216

samples = 65
value = [57, 8]
class = dead

Age ≤ 20.75
gini = 0.126

samples = 59
value = [55, 4]
class = dead

Age ≤ 15.5
gini = 0.174

samples = 52
value = [47, 5]
class = dead

gini = 0.355
samples = 13
value = [10, 3]
class = dead

gini = 0.0
samples = 3
value = [3, 0]
class = dead

Age ≤ 17.5
gini = 0.183

samples = 49
value = [44, 5]
class = dead

Age ≤ 16.5
gini = 0.198

samples = 18
value = [16, 2]
class = dead

Age ≤ 18.5
gini = 0.175

samples = 31
value = [28, 3]
class = dead

gini = 0.165
samples = 11
value = [10, 1]
class = dead

gini = 0.245
samples = 7
value = [6, 1]
class = dead

gini = 0.142
samples = 13
value = [12, 1]
class = dead

gini = 0.198
samples = 18
value = [16, 2]
class = dead

gini = 0.0
samples = 1
value = [1, 0]
class = dead

Age ≤ 24.25
gini = 0.128

samples = 58
value = [54, 4]
class = dead

Age ≤ 22.5
gini = 0.131

samples = 57
value = [53, 4]
class = dead

gini = 0.0
samples = 1
value = [1, 0]
class = dead

Age ≤ 21.5
gini = 0.117

samples = 32
value = [30, 2]
class = dead

Age ≤ 23.25
gini = 0.147

samples = 25
value = [23, 2]
class = dead

gini = 0.111
samples = 17
value = [16, 1]
class = dead

gini = 0.124
samples = 15
value = [14, 1]
class = dead

gini = 0.18
samples = 10
value = [9, 1]
class = dead

Age ≤ 23.75
gini = 0.124

samples = 15
value = [14, 1]
class = dead

gini = 0.0
samples = 1
value = [1, 0]
class = dead

gini = 0.133
samples = 14
value = [13, 1]
class = dead

Age ≤ 27.5
gini = 0.343

samples = 255
value = [199, 56]

class = dead

Age ≤ 63.0
gini = 0.153

samples = 36
value = [33, 3]
class = dead

Age ≤ 26.5
gini = 0.422

samples = 43
value = [30, 13]

class = dead

Age ≤ 47.5
gini = 0.323

samples = 212
value = [169, 43]

class = dead

Age ≤ 25.5
gini = 0.35

samples = 31
value = [24, 7]
class = dead

gini = 0.5
samples = 12
value = [6, 6]
class = dead

gini = 0.346
samples = 18
value = [14, 4]
class = dead

gini = 0.355
samples = 13
value = [10, 3]
class = dead

Age ≤ 45.25
gini = 0.303

samples = 188
value = [153, 35]

class = dead

Age ≤ 49.5
gini = 0.444

samples = 24
value = [16, 8]
class = dead

Age ≤ 30.75
gini = 0.319

samples = 176
value = [141, 35]

class = dead

gini = 0.0
samples = 12
value = [12, 0]
class = dead

Age ≤ 29.5
gini = 0.219

samples = 48
value = [42, 6]
class = dead

Age ≤ 32.25
gini = 0.35

samples = 128
value = [99, 29]

class = dead

Age ≤ 28.75
gini = 0.257

samples = 33
value = [28, 5]
class = dead

Age ≤ 30.25
gini = 0.124

samples = 15
value = [14, 1]
class = dead

Age ≤ 28.25
gini = 0.18

samples = 20
value = [18, 2]
class = dead

gini = 0.355
samples = 13
value = [10, 3]
class = dead

gini = 0.198
samples = 18
value = [16, 2]
class = dead

gini = 0.0
samples = 2
value = [2, 0]
class = dead

gini = 0.133
samples = 14
value = [13, 1]
class = dead

gini = 0.0
samples = 1
value = [1, 0]
class = dead

Age ≤ 31.5
gini = 0.48

samples = 25
value = [15, 10]

class = dead

Age ≤ 33.5
gini = 0.301

samples = 103
value = [84, 19]

class = dead

gini = 0.42
samples = 10
value = [7, 3]
class = dead

gini = 0.498
samples = 15
value = [8, 7]
class = dead

gini = 0.0
samples = 10
value = [10, 0]
class = dead

Age ≤ 44.5
gini = 0.325

samples = 93
value = [74, 19]

class = dead

Age ≤ 36.25
gini = 0.314

samples = 87
value = [70, 17]

class = dead

gini = 0.444
samples = 6
value = [4, 2]
class = dead

Age ≤ 34.75
gini = 0.368

samples = 37
value = [28, 9]
class = dead

Age ≤ 41.5
gini = 0.269

samples = 50
value = [42, 8]
class = dead

Age ≤ 34.25
gini = 0.278

samples = 12
value = [10, 2]
class = dead

Age ≤ 35.5
gini = 0.403

samples = 25
value = [18, 7]
class = dead

gini = 0.298
samples = 11
value = [9, 2]
class = dead

gini = 0.0
samples = 1
value = [1, 0]
class = dead

gini = 0.42
samples = 10
value = [7, 3]
class = dead

gini = 0.391
samples = 15
value = [11, 4]
class = dead

Age ≤ 40.25
gini = 0.225

samples = 31
value = [27, 4]
class = dead

Age ≤ 42.5
gini = 0.332

samples = 19
value = [15, 4]
class = dead

Age ≤ 36.75
gini = 0.252

samples = 27
value = [23, 4]
class = dead

gini = 0.0
samples = 4
value = [4, 0]
class = dead

gini = 0.0
samples = 1
value = [1, 0]
class = dead

Age ≤ 38.5
gini = 0.26

samples = 26
value = [22, 4]
class = dead

Age ≤ 37.5
gini = 0.298

samples = 11
value = [9, 2]
class = dead

Age ≤ 39.5
gini = 0.231

samples = 15
value = [13, 2]
class = dead

gini = 0.32
samples = 5
value = [4, 1]
class = dead

gini = 0.278
samples = 6
value = [5, 1]
class = dead

gini = 0.219
samples = 8
value = [7, 1]
class = dead

gini = 0.245
samples = 7
value = [6, 1]
class = dead

gini = 0.42
samples = 10
value = [7, 3]
class = dead

Age ≤ 43.5
gini = 0.198
samples = 9
value = [8, 1]
class = dead

gini = 0.0
samples = 3
value = [3, 0]
class = dead

gini = 0.278
samples = 6
value = [5, 1]
class = dead

Age ≤ 48.5
gini = 0.494
samples = 9
value = [4, 5]

class = survived

Age ≤ 51.5
gini = 0.32

samples = 15
value = [12, 3]
class = dead

gini = 0.48
samples = 5
value = [2, 3]

class = survived

gini = 0.5
samples = 4
value = [2, 2]
class = dead

Age ≤ 50.5
gini = 0.298

samples = 11
value = [9, 2]
class = dead

gini = 0.375
samples = 4
value = [3, 1]
class = dead

gini = 0.32
samples = 5
value = [4, 1]
class = dead

gini = 0.278
samples = 6
value = [5, 1]
class = dead

Age ≤ 55.75
gini = 0.219

samples = 24
value = [21, 3]
class = dead

gini = 0.0
samples = 12
value = [12, 0]
class = dead

gini = 0.0
samples = 7
value = [7, 0]
class = dead

Age ≤ 56.5
gini = 0.291

samples = 17
value = [14, 3]
class = dead

gini = 0.444
samples = 3
value = [2, 1]
class = dead

Age ≤ 59.5
gini = 0.245

samples = 14
value = [12, 2]
class = dead

gini = 0.0
samples = 5
value = [5, 0]
class = dead

Age ≤ 60.5
gini = 0.346
samples = 9
value = [7, 2]
class = dead

gini = 0.444
samples = 3
value = [2, 1]
class = dead

Age ≤ 61.5
gini = 0.278
samples = 6
value = [5, 1]
class = dead

gini = 0.0
samples = 3
value = [3, 0]
class = dead

gini = 0.444
samples = 3
value = [2, 1]
class = dead

En procédant ainsi, le risque de sur-paramétrisation est énorme.
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Limiter la sur-paramétrisation

Plusieurs stratégies sont possibles pour limiter la taille de l’arbre,

et ainsi son risque de sur-paramétrisation :

• Limiter la profondeur de l’arbre.

• Limiter le nombre de feuilles.

• Poser une taille minimale en dessous de laquelle les groupes

ne sont plus séparés.

• Élaguer (to prune) l’arbre complet.

La procédure d’élagage se fait généralement en sélectionnant le

sous-arbre T qui minimise :

Rα(T ) = R(T ) + αL(T )

où R(T ) est l’erreur de classification de l’arbre et L(T ) le

nombre de feuilles. L’hyperparamètre α contrôle la régularisation.
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Élagage de l’arbre

α = 0.002
male ≤ 0.5

gini = 0.482
samples = 714

value = [424, 290]
class = dead

Age ≤ 12.0
gini = 0.37

samples = 261
value = [64, 197]
class = survived

True

Age ≤ 6.5
gini = 0.326

samples = 453
value = [360, 93]

class = dead

False

Age ≤ 8.5
gini = 0.482

samples = 32
value = [13, 19]
class = survived

gini = 0.346
samples = 229

value = [51, 178]
class = survived

Age ≤ 3.5
gini = 0.393

samples = 26
value = [7, 19]

class = survived

gini = 0.0
samples = 6
value = [6, 0]
class = dead

Age ≤ 1.5
gini = 0.486

samples = 12
value = [5, 7]

class = survived

gini = 0.245
samples = 14
value = [2, 12]

class = survived

gini = 0.0
samples = 4
value = [0, 4]

class = survived

gini = 0.469
samples = 8
value = [5, 3]
class = dead

gini = 0.444
samples = 24
value = [8, 16]

class = survived

Age ≤ 77.0
gini = 0.295

samples = 429
value = [352, 77]

class = dead

Age ≤ 24.75
gini = 0.292

samples = 428
value = [352, 76]

class = dead

gini = 0.0
samples = 1
value = [0, 1]

class = survived

Age ≤ 13.0
gini = 0.217

samples = 137
value = [120, 17]

class = dead

gini = 0.323
samples = 291

value = [232, 59]
class = dead

gini = 0.473
samples = 13
value = [8, 5]
class = dead

gini = 0.175
samples = 124

value = [112, 12]
class = dead

α = 0.005

male ≤ 0.5
gini = 0.482

samples = 714
value = [424, 290]

class = dead

gini = 0.37
samples = 261

value = [64, 197]
class = survived

True

Age ≤ 6.5
gini = 0.326

samples = 453
value = [360, 93]

class = dead

False

gini = 0.444
samples = 24
value = [8, 16]

class = survived

gini = 0.295
samples = 429

value = [352, 77]
class = dead

α = 0.05

male ≤ 0.5
gini = 0.482

samples = 714
value = [424, 290]

class = dead

gini = 0.37
samples = 261

value = [64, 197]
class = survived

True

gini = 0.326
samples = 453

value = [360, 93]
class = dead

False
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Frontières de décisions

Les frontières de décisions d’un arbre sont des hyperplans qui

segmentent les sous-espaces restants de manière séquentielle.

sepal.length ≤ 5.45
gini = 0.667

samples = 150
value = [50, 50, 50]

class = Setosa

sepal.width ≤ 2.8
gini = 0.237

samples = 52
value = [45, 6, 1]
class = Setosa

True

sepal.length ≤ 6.15
gini = 0.546

samples = 98
value = [5, 44, 49]
class = Virginica

False

gini = 0.449
samples = 7

value = [1, 5, 1]
class = Versicolor

gini = 0.043
samples = 45

value = [44, 1, 0]
class = Setosa

sepal.width ≤ 3.45
gini = 0.508

samples = 43
value = [5, 28, 10]
class = Versicolor

gini = 0.413
samples = 55

value = [0, 16, 39]
class = Virginica

gini = 0.388
samples = 38

value = [0, 28, 10]
class = Versicolor

gini = 0.0
samples = 5

value = [5, 0, 0]
class = Setosa

9



Arbres de régression

Les arbres de régression se basent sur le même principe, mais :

• Une feuille G attribue une valeur moyenne ȳG aux individus

qu’elle contient :

ȳG =
1

nG

∑
i∈G

yi .

• Pour évaluer une séparation, on utilise généralement l’erreur

carrée des groupes :

E (G ) =
∑
i∈G

(yi − ȳG )
2

La moyenne pondérée sur les groupes permet de comparer

les séparations entre elles.

Demo : https://arogozhnikov.github.io/2016/06/24/gradient_boosting_explained.html
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Les forêts aléatoires



Apprentissage ensembliste

Les arbres de décisions souffrent souvent des défauts suivants :

• Les arbres profonds sont sur-paramétrisés.

• Les arbres peu profonds sont des weak learners (peu de

pouvoir prédictif).

• Ils sont très sensibles aux données d’entrainement.

C’est pourquoi on les utilise plutôt dans des méthodes

d’apprentissage ensembliste.

Le principe de l’apprentissage ensembliste est d’utiliser de

nombreux modèles de prédiction et de combiner leur résultat

pour obtenir une prédiction finale, plus pertinente.

Les forêts aléatoires et le gradient boosting sont des exemples

de méthode d’apprentissage ensembliste qui utilisent des arbres.
11



Les forêts aléatoires

Le principe des forêts aléatoires et de :

• Générer aléatoirement m arbres à partir du jeu de données.

• Faire des prédictions avec la majorité (classification) ou la

moyenne (régression) des résultats.

Source : https://www.quora.com/Is-random-forest-an-ensemble-method

Deux mécanismes sont à l’œuvre pour générer des arbres aléatoires.
12
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Bootstrapping

Le premier consiste à générer m jeux de données par

bootstrapping sur le jeu d’entrainement de taille n. On va tirer n

individus aléatoirement avec remise du jeu de données initial

pour générer m nouveaux jeux de données.

Source : https://dgarcia-eu.github.io/SocialDataScience/2_SocialDynamics/025_Bootstrapping/Bootstrapping.html

Chaque nouveau jeu de données servira à entrainer un seul arbre.
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Sélection aléatoire des variables

Le second mécanisme consiste à utiliser uniquement un

sous-ensemble aléatoire de q < p variables pour l’entrainement

de chaque arbre. Généralement, on pose q comme
√
p ou log(p).

Une approximation de l’erreur de la forêt peut être estimée via les

individus qui n’ont pas été sélectionnés lors du boostrapping. On

appelle ces individus l’échantillon out-of-bag.

Pour résumé :

• Le bootstrapping réduit la sensibilité aux données.

• Le tirage des variables augmente la variété des arbres

construits.

Le processus qui consiste à entrainer plusieurs modèles par

bootstrapping et d’agréger leur prédiction s’appelle le bagging.
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Exemple : les iris

sepal.length ≤ 5.55
gini = 0.666

samples = 101
value = [52, 50, 48]

class = Setosa

sepal.length ≤ 5.35
gini = 0.339

samples = 44
value = [50, 11, 2]

class = Setosa

True

sepal.length ≤ 6.35
gini = 0.519

samples = 57
value = [2, 39, 46]
class = Virginica

False

gini = 0.218
samples = 36

value = [44, 4, 2]
class = Setosa

gini = 0.497
samples = 8

value = [6, 7, 0]
class = Versicolor

gini = 0.508
samples = 27

value = [2, 29, 17]
class = Versicolor

gini = 0.381
samples = 30

value = [0, 10, 29]
class = Virginica

sepal.width ≤ 3.35
gini = 0.655

samples = 99
value = [39, 49, 62]

class = Virginica

sepal.width ≤ 2.45
gini = 0.594

samples = 74
value = [14, 48, 57]

class = Virginica

True

sepal.width ≤ 3.65
gini = 0.323

samples = 25
value = [25, 1, 5]
class = Setosa

False

gini = 0.227
samples = 9

value = [1, 14, 1]
class = Versicolor

gini = 0.58
samples = 65

value = [13, 34, 56]
class = Virginica

gini = 0.426
samples = 15

value = [13, 1, 4]
class = Setosa

gini = 0.142
samples = 10

value = [12, 0, 1]
class = Setosa

sepal.length ≤ 5.45
gini = 0.666

samples = 100
value = [52, 49, 49]

class = Setosa

sepal.length ≤ 5.05
gini = 0.142

samples = 35
value = [48, 4, 0]
class = Setosa

True

sepal.length ≤ 5.75
gini = 0.537

samples = 65
value = [4, 45, 49]
class = Virginica

False

gini = 0.054
samples = 24

value = [35, 1, 0]
class = Setosa

gini = 0.305
samples = 11

value = [13, 3, 0]
class = Setosa

gini = 0.208
samples = 13

value = [2, 15, 0]
class = Versicolor

gini = 0.496
samples = 52

value = [2, 30, 49]
class = Virginica

sepal.length ≤ 5.45
gini = 0.667

samples = 96
value = [51, 50, 49]

class = Setosa

sepal.width ≤ 2.85
gini = 0.27

samples = 32
value = [47, 9, 0]
class = Setosa

True

sepal.width ≤ 3.7
gini = 0.536

samples = 64
value = [4, 41, 49]
class = Virginica

False

gini = 0.346
samples = 5

value = [2, 7, 0]
class = Versicolor

gini = 0.081
samples = 27

value = [45, 2, 0]
class = Setosa

gini = 0.497
samples = 60

value = [0, 41, 48]
class = Virginica

gini = 0.32
samples = 4

value = [4, 0, 1]
class = Setosa

sepal.width ≤ 3.25
gini = 0.661

samples = 91
value = [41, 55, 54]
class = Versicolor

sepal.width ≤ 2.75
gini = 0.611

samples = 68
value = [17, 54, 46]
class = Versicolor

True

sepal.width ≤ 3.45
gini = 0.411

samples = 23
value = [24, 1, 8]
class = Setosa

False

gini = 0.408
samples = 21

value = [1, 27, 9]
class = Versicolor

gini = 0.632
samples = 47

value = [16, 27, 37]
class = Virginica

gini = 0.541
samples = 10

value = [8, 1, 5]
class = Setosa

gini = 0.266
samples = 13

value = [16, 0, 3]
class = Setosa

sepal.length ≤ 5.45
gini = 0.665

samples = 97
value = [46, 55, 49]
class = Versicolor

sepal.length ≤ 4.85
gini = 0.223

samples = 33
value = [42, 5, 1]
class = Setosa

True

sepal.width ≤ 3.9
gini = 0.537

samples = 64
value = [4, 50, 48]
class = Versicolor

False

gini = 0.0
samples = 11

value = [16, 0, 0]
class = Setosa

gini = 0.314
samples = 22

value = [26, 5, 1]
class = Setosa

gini = 0.5
samples = 61

value = [0, 50, 48]
class = Versicolor

gini = 0.0
samples = 3

value = [4, 0, 0]
class = Setosa

sepal.width ≤ 3.35
gini = 0.664

samples = 96
value = [44, 54, 52]
class = Versicolor

sepal.width ≤ 2.95
gini = 0.595

samples = 70
value = [13, 52, 46]
class = Versicolor

True

sepal.width ≤ 3.85
gini = 0.342

samples = 26
value = [31, 2, 6]
class = Setosa

False

gini = 0.523
samples = 40

value = [3, 39, 26]
class = Versicolor

gini = 0.638
samples = 30

value = [10, 13, 20]
class = Virginica

gini = 0.389
samples = 22

value = [25, 2, 6]
class = Setosa

gini = 0.0
samples = 4

value = [6, 0, 0]
class = Setosa

sepal.length ≤ 5.45
gini = 0.666

samples = 96
value = [51, 46, 53]

class = Virginica

sepal.length ≤ 4.95
gini = 0.042

samples = 29
value = [46, 1, 0]
class = Setosa

True

sepal.length ≤ 6.05
gini = 0.542

samples = 67
value = [5, 45, 53]
class = Virginica

False

gini = 0.0
samples = 10

value = [18, 0, 0]
class = Setosa

gini = 0.067
samples = 19

value = [28, 1, 0]
class = Setosa

gini = 0.497
samples = 25

value = [5, 26, 8]
class = Versicolor

gini = 0.417
samples = 42

value = [0, 19, 45]
class = Virginica

sepal.width ≤ 3.35
gini = 0.667

samples = 101
value = [50, 51, 49]
class = Versicolor

sepal.width ≤ 2.95
gini = 0.634

samples = 77
value = [22, 50, 45]
class = Versicolor

True

sepal.length ≤ 5.9
gini = 0.264

samples = 24
value = [28, 1, 4]
class = Setosa

False

gini = 0.555
samples = 38

value = [4, 30, 23]
class = Versicolor

gini = 0.664
samples = 39

value = [18, 20, 22]
class = Virginica

gini = 0.0
samples = 20

value = [28, 0, 0]
class = Setosa

gini = 0.32
samples = 4

value = [0, 1, 4]
class = Virginica
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Le gradient boosting



Le boosting

Le boosting est une pratique qui fait partie de l’apprentissage

ensembliste. Le principe est de créer les différents modèles de

l’ensemble d’une manière séquentielle en utilisant à chaque fois

les erreurs du modèle précédent pour modifier l’entrainement.

Source : https://en.wikipedia.org/wiki/Boosting_(machine_learning) 16
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Les algorithmes

Il existe de nombreux algorithmes de boosting. En voici les

principaux dans l’ordre d’apparition :

• AdaBoost : le premier.

• Gradient Boost : le théorique.

• XGBoost : le performant.

• Light Gbm : l’optimisé.

Il en existe encore de nombreux autres. Les algorithmes de

boosting sont très performants, en particulier pour les jeux de

données de taille modérée.
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Le gradient boosting

Le gradient boosting est un algorithme très général, qui peut

s’utiliser avec n’importe quel classificateur ou régresseur.

L’algorithme se base sur la minimisation d’une fonction de perte

donnée L(y , ŷ) entre une prédiction ŷ et la vraie valeur y .

Nous allons voir comment l’utiliser avec des arbres de régression sur

un exemple de données simple (but : prédire Y avec X1, X2, X3) :

X1 X2 X3 Y

2 51 0.3 13

3 58 0.1 14

7 45 0.5 18

8 61 0.8 15

11 48 0.7 20
18



Le gradient boosting : initialisation

L’initialisation consiste à trouver un valeur fixe ŷ (0) pour la

variable Y qui minimise la somme des pertes
∑

i L(yi , ŷ
(0)).

Pour une régression, on prends généralement l’erreur au carrée

L(y , ŷ) = (y − ŷ)2/2, ce qui implique que ŷ (0) est la moyenne.

X1 X2 X3 Y ŷ (0)

2 51 0.3 13 16

3 58 0.1 14 16

7 45 0.5 18 16

8 61 0.8 15 16

11 48 0.7 20 16
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Le gradient boosting : itérations

Dans l’étape t, on commence par calculer les pseudo-résidus r
(t)
i

entre la prédiction précédente ŷ
(t−1)
i et nos vrais valeurs yi . Ils se

définissent comme :

r
(t)
i = −

∂L(yi , ŷ
(t−1)
i )

∂ŷ (t−1)

Ce qui donne r
(t)
i = yi − ŷ

(t−1)
i pour l’erreur carrée.

X1 X2 X3 Y ŷ (0) r
(1)
i

2 51 0.3 13 16 −3

3 58 0.1 14 16 −2

7 45 0.5 18 16 2

8 61 0.8 15 16 −1

11 48 0.7 20 16 4
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Le gradient boosting : itérations

On va maintenant construire un arbre de régression, de taille

limitée, qui prédit nos pseudo-résidus. Ces prédictions sont

notées r̂
(t)
i . La nouvelle estimation de l’itération est alors :

ŷ
(t)
i = ŷ

(t−1)
i + ν r̂

(t)
i

où 0 < ν ≤ 1 est le taux d’apprentissage.

X1 X2 X3 Y ŷ (0) r
(1)
i r̂

(1)
i ŷ

(1)
i

2 51 0.3 13 16 −3 −2 15

3 58 0.1 14 16 −2 −2 15

7 45 0.5 18 16 2 3 17.5

8 61 0.8 15 16 −1 −2 15

11 48 0.7 20 16 4 3 17.5
avec un arbre de profondeur 1 et ν = 0.5

On répète ces itérations m fois.
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Le gradient boosting : prédiction

Une fois nos arbres 1, . . . ,m entrainés, ils prédisent chacun un des

pseudo-résidus r̂
(t)
i . Une prédiction ŷi est obtenue avec :

ŷi = ŷ (0) + ν

m∑
t=1

r̂
(t)
i

X1 X2 X3 Y ŷ (0) r̂
(1)
i r̂

(2)
i r̂

(3)
i r̂

(4)
i r̂

(5)
i ŷi

2 51 0.3 13 16 −2 −0.63 −1.19 −1.09 −0.33 13.38

3 58 0.1 14 16 −2 −0.63 −1.19 0.27 −0.33 14.06

7 45 0.5 18 16 3 −0.63 0.79 0.27 0.49 17.97

8 61 0.8 15 16 −2 −0.63 0.79 0.27 −0.33 15.05

11 48 0.7 20 16 3 2.5 0.79 0.27 0.49 19.53

avec des arbres de profondeur 1 et ν = 0.5

Demo : https://arogozhnikov.github.io/2016/06/24/gradient_boosting_explained.html
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Le gradient boosting : classification

Dans le cadre d’une classification, l’algorithme devient plus complexe. Si l’on

considère une variable binaire yi à estimer avec une probabilité p̂i , on devra jongler

entre les représentations en probabilité p̂i ou en log-odd σ̂i = log(p̂i/(1− p̂i )).

• La perte est l’entropie croisée L(y , p̂) = −y log(p̂)− (1− y) log(1− p̂).

• Les estimations se font en log-odds, avec σ̂(0) = log(
∑

i yi/
∑

i (1− yi )).

• Les résidus s’expriment en probabilité, avec r
(t)
i = yi − p̂(t).

• les arbres sont entrainés pour séparer les r
(t)
i , mais on va attribuer une

correction aux log-odds à chaque feuille F , avec δ̂
(t)
F =

∑
i∈F r

(t)
i∑

i∈F p̂(t−1)(1−p̂(t−1))
.

• La prédiction finale se fera sur les log-odds avec :

σ̂i = σ̂(0) + ν
m∑
t=1

δ̂
(t)
Fit

où δ̂
(t)
Fit

est la correction attribuée par la feuille Fit contenant i à l’étape t.
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