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Ensemble methods

Random forests

Herman Kamper
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Random forest on lris data

Iris data
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Sepal width (cm)

Random forest on lris data

Decision tree

m sSetosa
e versicolour
¢ virginica
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Random forest on lris data

Random forest with 30 trees

m sSetosa
e versicolour
¢ virginica
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1. Initialise (™) = ¢ for all N training items and

set f(x;0) = 0.

Boosting for regression

2. for iteration b =1 to B:

(a) Fit model f,(x;80) to inputs X, outputs r.

(b) Update model by adding shrunken version:

f(x;0) « f(x;0)

+ )\fb(X; 95)

(c) Update the residuals:
() () — X fy(x;64)

3. Final model: f(x;0)

Z)\fb(x 9,)
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Boosting for regression
g

¥y aly on \
1. Initialise (™) = y(™) for all N training items and Decision brae stwb (o J Q'b?\ts

set f(x;0) = 0. At b=t T :a Lo o o
2. for iteratioto B: e s
(a) Fit model f5(x;03) to inputs X, outputs r. 7. ':'
(b) Update model by adding shrunken version: ., "o
f(x;0) < f(x:0) + Afo(x;65) ¢
(c) Update the residuals: —057 .. )
r(™ (M X fy(x: 0,) cee  ® . .
—1.0 - ¢ ®e

3. Final model: f(x;0) Z)\fb(x 0,) N



Boosting for regression

1. Initialise (™) = ¢ for all N training items and

set f(x;0) = 0.

2. for iterationo B:

it model f;(x;8;) to inputs X, outputs r.

(b) Update model by adding shrunken version:

f(x;0) « f(x;0)+ Afp(x;64)
(c) Update the residuals:
(™ () — Xy (x; 0)

3. Final model: f(x;0) Z)\fb(x 0,)
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Boosting for regression

2A4,(=;8)

1. Initialise r y\"™) for all N training items and Shrunken model output at iteration b = 1

set f(x;0) = 0. .
107 .o ‘.5'- °
2. for iteratioto B: Lo ° N
(a) Fit model f,(x;80) to inputs X, outputs r. 0'5__,_' ________________ '_::__

@ Update model by adding shrunken version: [ .
f(x:0) < f(x:0) + Afo(x600) e ]

(c) Update the residuals: 0.5 .
r( () Ny (x;6) .

~1.0 1 ¢ .

3. Final model: f(x;0) Z)\fb(x 0,) ° ' ’ ; ) ° °



Boosting for regression

1. Initialise r y\") for all N training items and Residuals at iteration b = 1

set f(x;60) = 0.
1.0

2. for iteratior‘ b = 1}0 B: 'J.

(a) Fit model f,(x;80) to inputs X, outputs r. 0'5__,:_1
(b) Update model by adding shrunken version: .,
f(x;0) « f(x;0)+ Afp(x;64)
Update the residuals: ﬂ’c’ b=t =0.5 1
7’(”) . T(n) _ )\fb(X;eb) c¢ <—-du’)— 2.-(»', C’.E,',Q.).
—1.0 A1

0 1 2 3 4 5

3. Final model: f(x;0) Z)\fb(x 0,) N



1. Initialise (™) = ¢ for all N training items and

set f(x;0) = 0.

Boosting for regression

2. for iteration b =1 to B: (b =t f

@Fit model f;(x;8;) to inputs X, outputs r.

(b) Update model by adding shrunken version:

f(x;0) < f(x:0) + Afo(x;65)
(c) Update the residuals:

A1) ()

3. Final model: f(x;0)

— )\fb(X; Gb)

Z)\fb(x 9,)
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1. Initialise (™) = ¢ for all N training items and

set f(x;0) = 0.

2. for iteration b =1 to B:

(a) Fit model f,(x;80) to inputs X, outputs r.

Update model by adding shrunken version:

Boosting for regression

‘b:?. '

f(x;0) < f(x:0) + Afo(x;65)
(c) Update the residuals:

A1) ()

3. Final model: f(x;0)

— )\fb(X; Gb)

Z)\fb(x 0,)

>

1.0

0.5

—0.5 A1

—1.0 -

Af,(x9,) + A%, (=

Q)

Combined model output at iteration b =2
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Boosting for regression

AK, Ge, @)+ oL, (80 + At (x)0)

1. Initialise r y\" for all N training items and Combined model output at iteration b = 3

set f(x;60) = 0. .
1.0 ¢ O
2. for iteration b =1 to B: [52'-3 ! _____‘_.___.__:_.:__.'.J:
(a) Fit model f3(x;03) to inputs X, outputs r. e . :":"“:
Update model by adding shrunken version: [ . . 'i
f(x;0) « f(x;0)+ Afp(x;0y) :-.-"-: )
(c) Update the residuals: =0-57 e ]
T’(n) < T’(n) — )\fb(x;ﬂb) -:0 * . :
~1.0 ¢ °
0 1 2 EIB 4 5 6

B . .
3. Final model: f(x;0) = Z)\fb(x;eb) X
b=1



Boosting for regression

1. Initialise r y\"™) for all N training items and Combined model output at iteration b = 4

set f(x;60) = 0. -
1.0 - o .,
2. for iteration b =1 to B: ___;_‘_,__.__:_.:__._.._:,l
(a) Fit model f,(x;80) to inputs X, outputs r. 3 . I'.:__I
(b) Update model by adding shrunken version: . . =
f(x;0) < f(x;0) + Afp(x;6p) :.51 .
(c) Update the residuals: —0.5 1 i: . ‘
) 1) \fy ()
-1.0 - ¢ °,
0 1 2 EI3 4 5 6

B . .
3. Final model: f(x;0) = Z)\fb(x;eb) X
b=1



Boosting for regression

. Initialise v Y for all v training items and Combined model output at iteration b =15

set f(x;0) = 0. :
1.0 1 ¢ o,
2. for iteration b =1 to B: _‘_-"‘,"_‘":"_ et
(a) Fit model f,(x;80) to inputs X, outputs r. 0'5_-.:7 "i!_.l
(b) Update model by adding shrunken version: ., ° -E“
f(x;0) < f(x;0) + Afp(x; 6p) 2,
(c) Update the residuals: ~0.5 - i’. .
LI
p(M) () Afo(x;60y) ‘.—,—.—-—--—.—--
~1.0- . ..

B i ' T T T
@Finéﬂ model: f(x; 9) — Z )\fb(XE Gb) 0 1 2 ;—3{ 4 5
b=1
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AdaBoost: Boosting for classification

@Initialise training item weight$ w(™ = 1) for all N Eo.k.bb:.j :
training items. » Bia a"\j Q_\a_,g,g:'elo_a.kft an: \\j €3-0

2. for iteration b =1 to B: o traia B8 models

&Q‘U\
(a) Fit model f(x;80;) so that it minimises ¢ \j . _
classification error weighted by w(”)s.‘ () eo.dA :cb (= s @O < 2 ') l.g
(b) Set model weight using error e: "} 0 e Golng te combina waigited
1 1 —e€ . —
A, = = log ( ) — D weke X ¢ 2
2 a .
€ ——,‘+-—\ ‘f (=< @5 _._._-S‘:Jn -z_ 9\1):& Cf‘) 95)
(c) Update training item weights: ’= b=
w™ — w™We M if £,(x(M):0,) correct
w™ — w™er if f(x(™);0),) incorrect w? [ = (") = e
B w('].) :__ LE.(‘IJ ) —_ Uc")
3. Final model: f(x;60) = sign [Z )\bfb(x;ﬂb)] ' ) ‘ 1
(L)
b=1 W



AdaBoost: Boosting for classification

1. 'Jnitialise training item weights w(™®) =1 for all N

training items.

2. for iteration b =1 to B:

(a) Fit model f(x;80;) so that it minimises

classification error weighted by w(™).

(b) Set model weight using error e:

1 1—e€
)\bzﬁlog( - )

(c) Update training item weights:
w™ — w™We M if £,(x(M):0,) correct
w™ — w™er if f(x(™);0),) incorrect

3. Final model: f(x;0) = sign [

B
> Aofi(x;05)

b=1
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AdaBoost: Boosting for classification N
-\ =-|
1. Initialise training item weights w(™ =1 for all N =€, (v_c:_; S D =

training items.
. .| Model trained at iteration b=1
2. for iteration\b =1 to B: 1.25

«“{a) Fit model f;(x;0;) so that it minimises 1.00
classification error weighted by w™), 0.75
«/(b) Set model weight using error e: 0.50
2 € 0.00
v/(c) Update training item weights: ~0.25
w™ — 1w Jif f,(x("):0,) correct ~0.50

C ——,
w™ — w™e f(x(™): @) incorrect ~0.75

\

A——

B
3. Final model: f(x;60) = sign [Z )\bfb(X;Qb)]

b=1




AdaBoost: Boosting for classification

1. Initialise training item weights w(™ =1 for all N :F-z. (_Q_E; Qz)

training items.
‘ b -7 Model trained at iteration b =2

2. for iteration b =1 to B: 1.25

(a) Fit model f(x;80;) so that it minimises 1.00

classification error weighted by w™), 0.75

(b) Set model weight using error e: 0.50
1 1 - <o

A\, = = log ‘ A, =052 e

2 € 0.00

(c) Update training item weights: ~0.25

w™ — w™e o jf fuo(x(™); 0,) correct ~0.50

w™ — w™er if f,(x(™):0),) incorrect ~0.75

-1.0 -0.5 0.0 0.5 1.0 1.5 2.0

B X1
3. Final model: f(x;60) = sign [Z )\bfb(X;Qb)]

b=1



AdaBoost: Boosting for classification

1. Initialise training item weights w(™ =1 for all N
training items.

_ _ Model trained at iteration b= 3
2. for iteration b =1 to B: b=3 1.25

(a) Fit model fy(x;6;) so that it minimises 1.00

classification error weighted by w(™). 0.75

(b) Set model weight using error e€: 0.50
1 1— L 02548

N = L log ( e) 0.25

2 € 0.00

(c) Update training item weights: ~0.25

w™ — w™e M if f,(x(™);0),) correct ~0.50

w™ Mt if fb(x(”);é)b) incorrect ~0.75

B
3. Final model: f(x;60) = sign [Z )\bfb(X;Qb)]

b=1



AdaBoost: Boosting for classification

1. Initialise training item weights w(™ =1 for all N
training items.

Model trained at iteration b =4

2. for iteration b =1 to B: 1.25
(a) Fit model f(x;80;) so that it minimises 1.00
classification error weighted by w(™). 0.75

(b) Set model weight using error e: 0.50
)\bzllog(l—e) < 0.25

2 € 0.00

(c) Update training item weights: ~0.25
w™ «— wMe e if f,(x(™): 0,) correct ~0.50

w™ — w™er if f,(x(™):0),) incorrect ~0.75

B
3. Final model: f(x;60) = sign [Z )\bfb(X;Qb)]

b=1



AdaBoost: Boosting for classification

. £ 0) = o £, (e 0) r A b, (218 +
1. Initialise training item weights w'™ =1 for all N .
training items. - o ‘flo CEJ @'P.c)

Final model
2. for iteration b =1 to B: 1.25
(a) Fit model f(x;80;) so that it minimises 1.00
classification error weighted by w™), 0.75
(b) Set model weight using error e: 0.50
1 1 - S
Ab _ - log ( E) 0.25
2 € 0.00
(c) Update training item weights: ~0.25
w™ — w™e o jf fuo(x(™); 0,) correct ~0.50

w™ — w™er if f,(x(™):0),) incorrect ~0.75

-1.0 -0.5 0.0 0.5 1.0 1.5 2.0

B X1
3. Final model: f(x;60) = sign [Z )\bfb(X;Qb)]

b=1



AdaBoost: Boosting for classification

1. Initialise training item weights w(™ = 1 for all NC“) M oals e Z“ T SL ) g p L m 3}

training items. n=
2. for iteration b =1 to B: oy RN R
3 AT 390 4 40, @0
(a) Fit model f(x;80;) so that it minimises (") C = f=e
classification error weighted by w(™). i’ any ™
(b) Set model weight using error e: T c-—oO “C-U‘OJ’ Ooao‘ Noaifier)
1 1— - J
Ab:§10g( GE) Hren Q\,b b‘l v 0’/
I — clane s U)
(c) Update training item weights: ¥ e ~ ( ra.nolo “
w™ < w™e M if f,(x(™);0,) correct then Ap —0CO - S €
w™ — w™eM if £,(x(M:0,) incorrect (€) Correck: W EREZg \- €

B _ e o ) - €
3. Final model: f(x;0) = sign Z)\bfb(x;ﬂb) TAncotceck ' W W e
b=1



AdaBoost: Boosting for classification

1. Initialise training item weights w(®) =1 for all N
training items. € orter ra_a_al::s .
2. for iteration b =1 to B: "AdoBooskt oand the

o Rail Rﬂas,

a) Fit model f;(x;8;) so that it minimises wbomed of claasifies: B
9\.«?
classification error weighted by w(™). tekonal Ak coduanckion ta
b) Set model weight using error e: adaptive  bootting, 20Q04.
g g
1 1 —
Ab: §1og( E) ° EgL) Clho‘ftu |o
€

(c) Update training item weights:
w™ — w™e A if £,(x(");0,) correct

w™ — w™er if f,(x(™); 6,) incorrect

B
3. Final model: f(x;60) = sign [Z )\bfb(XQBb)]

b=1



