Boosting for classification: Loss Functions J

Adrian Ptoszczyca

Adrian Ptoszczyca Boosting for classification: Loss Functions



Plan prezentacji

Boosting - idea

Algorytm AdaBoost
o Forward Stagewise Additive Modeling
o Wiasciwosci wyktadniczej funkcji straty

@ Pordéwnanie funkgcji straty
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Boosting

Idea boostingu jest potaczenie wielu stabych klasyfikatoréw w celu
uzyskania klasyfikatora charakteryzujacego sie matym btedem
klasyfikacji.

e Y € {—1,1} - zmienne objasniane
@ X - zmienne objasniajace

e G(X) - klasyfikator

@ btad klasyfikacji
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FINAL CLASSIFIER

G(z) = sign [Zxﬂ ame(x)]

4

Weighted Sample RN ESVI6))

Weighted Sample RSN EN €]

Weighted Sample JEiSid Go(z)

—o.—o.—o.oo.

v

@
!
=

5
<

Adrian Ptoszczyca Boosting for classification: Loss Functions



AdaBoost.M1. - algorytm

l.w,=1/N,i=1,2,..,N.
2.Dlam=1,..., M:

a) Przypisujemy klasy danym treningowym na podstawie
klasyfikatora G,,, ()

b) Obliczamy

o S il (5 # G )
m N .

Zizl w;

c) o, = log((1 —err,,)/err,,).
d) w; < w; - expla,, - I(y; # G(z;)),i =1,...,N]|.

3. G(x) = sign [Zi\f:l ame(:r)].
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AdaBoost.M1. - przyktad

X, ~N(0,1), j=1,..,10

10
1, dla 3.7, X7 > xi(0.5),
—1, wp.p.
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AdaBoost.M1.

- przyktad

Test Error
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Boosting Iterations
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Boosting Fits an Additive Model

Boosting opiera sie na funkgji

M=

m=1

Dazymy do minimalizowania funkcji straty L

m=1

M
PRORTY zZL (y“ 2, Pl I )

Alternatywnie

N
min > L (y;, Bb(x4;7))-
B =
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Forward Stagewise Additive Modeling

2.Dlam=1,..., M:
a) Obliczamy

N
(B V) = argmin }_ L (s, Frooa (@) + Bb(37))

b) fin () = frn1(x;) + Bb(@i5 V)
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Exponential Loss and AdaBoost

Rozwazymy wyktadnicza funkcje straty postaci

L(y, f(x)) = exp(—yf(2)).

Chcemy zatem policzy¢

N
(B> Gr) = 3rg%ﬁé}z exp (—¥; (frm—1(@;) + BG(x;))).
=
Niech
W™ = exp(—y, fon s (7).
Mamy wtedy

(Brus o) —argmmzw exp (—By,G(x,)).
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Exponential Loss and AdaBoost

Rozwigzaniem

By Gin) —argmanw exp (—By;G(z;))

jest
—argmmzw I(y; # G(a)
1 1—err
Bm = 5 0og )
err,,
gdzie
N (m)
Cow: Iy, + G (x,
err. = Zl:l i T # G(@:)) (= AdaBoost 2b).

m N m
S w™
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Exponential Loss and AdaBoost

Mamy wagi postaci

w(m+1) — U)Em> e BmYiGm (i)

Podstawiajac —y,G,,,(z;) =2 I(y; # G,,(z;)) — 1 otrzymujemy

wzdr na wagi postaci

w£m+1) = wgm) . eam,l(yi%G'rn<xi)> . 6718771,’

gdzie o, = 25m, a poniewaz f3,, = 5 lo %, mamy
= log((1 —err,,)/err,,)(= AdaBoost 2c).

Oprécz tego mozemy zapisad wEmH) = w§m> - eOm it G (@) (=

AdaBoost 2d).
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Exponential Loss and AdaBoost

Training Error
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Boosting Iterations
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Exponential Loss Function

Argumentem minimalizujacym EY‘I(efyf(””)) jest

1 Pr(Y =1|x)
= g —— .
2 S Pr(Y = —1Jz)
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Binomial negative log-likelihood

Niech
el (@) 1

p(z) =Pr(Y =1|z) = e 1@ 1+ of@ 1+ e 2/@

oraz

Y'=(Y+1)/2€{0,1}.
Wtedy mamy
WY, p(x)) = Y logp(x) + (1 = Y") log(1 — p(z))
i rownowaznie
—(Y, f(z)) =log (1 + e 2V/ @)
Zatem

arg I}%ll’)l Ey|x(e_Yf(m)) jest taki sam jak arggcrzir; By, (=UY, f(z))).
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Robust Loss Functions for Classification
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FIGURE 10.4. Loss functions for two-class classification. The response is
y = =£1; the prediction is f, with class prediction sign(f). The losses are
misclassification: I(sign(f) # y); exponential: exp(—yf); binomial deviance:
log(1 + exp(—2yf)); squared error: (y — f)?; and support vector: (1 —yf)+ (see
Section 12.3). Each function has been scaled so that it passes through the point
(0,1).
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Robust Loss Functions for Classification

Loss

L(y, f(z)) = {

0.5 1.0 15 2.0 25 3.0

0.0

—— Hinge Loss
~—— Binomial Deviance
Squared Error

Class Huber

—4yf(z), dla yf(zx) < —1
[1—yf(x)]2, wp.p.

)

Adrian Ptoszczyca Boosting for classification: Loss Functions



Dziekuje za uwage
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