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I . Boosting
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I . Boosting
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AdaBoost

Given: (g, ). .. (€. ) Where r; € Xy, €Y ={1.41}
Imitialize 1), (¢) = 1/m.
Fort =1.....1T"

e Train weak learner using distribution /),.
e Get weak hypothesis i, : X — {—1.+1} with error

€ = Prim.ﬂr [h!'(-rr'] # .‘)‘l] '

1
e Choose oy = ;In ( n).
e Update:
i - e ifl’!t[._f,‘l:l = U;
DI_FI{I!] o * { et if h[[if'.] 9& i

Dy(i) exp(—auyihe(x;))
Zy

N

where Z; is a normalization factor (chosen so that [, , will be a distribution).

Output the final hypothesis:

.
H(x) = sign (Z t.nfu[;tr}) :
t=1
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{a, f} = arg mi}l e vilF(zi)taf(zi))

i=1

SPLboost{E JFi#Adaboost [l ik A\ :
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{a, f,v} = arg mijp vie i (FE)+af(z)) 4 f(y, A)
=1
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(). otherwise.
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I. SPLBooOst
Tl

(o, f.v} = argmin Y viem(FETIED) 4 fu,0), @)
=1

With fixed v, (@) is a weighted exponential loss minimization
problem:

{ﬂ?f} = arg lﬂi}l .L,ie—yi(F{Ii}+ﬂf[Ii”_ (6)

=1



SPLBoost
| R

a. f} = arg IEi}lz.L,.ie_yt'(F{Ii]'Fflf{Iff”_ (6)

1=1
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=1

ve ViFXD+af (x) = o= ViF(Xi) .| o=Viaf (XD | 5 mmsy

Ec HREIRTT , BETBRZRIRKIE (. ):

, 1 1 1 1 1
e =+ x+—X "+ —x +—X = +—x
200 310 4 s el

Z vie VilFED (1 —yiaf(z;) + o2 f(x:)?/2).

(7)
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= H,rgm}n Z vie Vi@ (1 —yea f(x;) + o2 f(x:)%/2).
=1

Taking f(z) € {—1,1} into consideration, we have

f= argmanwe vilF (=) (. — af(x;))?

=1
= arg minz vie vilF@)) . f(z:))? (8)
fi=
2 1 —argmmZmu (yi — f(x3))%,
yi — i=1
where w; = e ¥ilF(#i)) which is the same as the sample
weights defined in AdaBoost. We can find that solving the

2 N2 7 2
(1 - yiaf ) + L ) (- £ + L



I. SPLBooOst

Solve weighted least squares problem to obtain the weak learner f(x) is
equivalent to implement AdaBoost except for the use of latent weight variable
v. Thus, imitating the approach in AdaBoost, one can train f(x) from the
training data with sample weights viwi rather than wi. Given f(x) € {-1,1},

we can directly optimize (6) to determine a:
TE

(o, f} =argmin Y  vie v (Flrdtaf(=)) (6)
a,f —
— — Y F P ﬁ—ﬂlgrﬂ]n v; W;e _Ji“.f'{l"a}
u; = e yilF(xi)) Z
B (9)
—ﬂlgmm Z v;w;e” ™ + Z v;w;e
yi=f(zi) yiFf(ri)

It is not hard to see the above objective is a convex function,
thus to get the optimal «, we can directly calculate its
derivative and set it to be zero:

— Z v;w;e” " + Z v;w;e” (10)

yi=f(xi) yiFf(zi)



2 yi=f(zo) Vil
2oyt f (o) Vit
L= 2yt p (g Vit (11)

Dyt f(zs) Vili

l 1 —err
0
5 err

where err = Zyi# F(zg) Vili 1s the weighted misclassification
error of weak learner f(x). It is easy to see that the formula
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F(z) « F(z)+ af(x). (12)

In the next outer iteration, the latent weight variable v can be
initialized to the current v and w; is updated as follows:

w; — wie i (@) (13)

Since —y; f(x;) =2 x 1,,2¢(z,) — 1, the update is equivalent
to

1 —err
w; +— w;exp | log p— 5z ) - (14)

This update of w is clearly the same as that in AdaBoost.



I. SPLBooOst

Algorithm 1 SPLBoost algorithm

Input: training samples {(z1,%1), -, (Z,,yn)}, iteration
count I, parameter A;
Initialization: w; =1/n,v; =1,i=1,--- ,n;

for t=1 to T do
while not converge do
1. Fit the classifier f;(x) € {—1,1} using weights
viw; /(D . v;w;) on the training data;
2. Compute err = Zy#ﬂri} viw; [ Y . viw;,

Crp = % li}g _l;ierrr;
3. Compute v;
end while
4. Set w; + wiexp (log *===1, _(.)):
end for

Output: The strong classifier signzg;l oy fe(x);
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W g (toy data)

According to the 2-D Gaussian distributions

N ([2 = [ 1;“’])
:} )
| 2.3 =07
N ([_2“2]‘ [—u.? 2.3 D ’

we first generate 100 samples for both the negative and positive
classes, then randomly select 15% from both the two classes
and reverse their labels, and those samples selected can be
considered to be outliers. In this way we have obtained the

and



Experiment

T T
+ + & 1 * o i
-+t T ! . . I
B Y by e,
.|-.|- _+_+ _t|_++ I + +‘|‘ *-1-1_":..1!. +.|. '|'+ + I +
=
ﬂ*j_—#’ . + % . fE]?.@:_««E_% . +? -
' + A
N T S IR AP
$++ r‘g B o » $+-tl-+ f"* B.¥
4" E - *
- X £ Xﬁ 4 #"" % &2 =
##F""+ + % m": b4 _ "1-"'+ + ; -‘:‘E
o I ST % s~
s ™ * xﬁ b4 - x‘!ﬁ 3
)?K-ﬁ b ¥ * xx n‘tﬂi“ X p T
= w
.x )Ex W test error: 0.1225 2 *ﬁ" "
(a) original data (b) AdaBoost
1
* o I + + :
A +
* + 4 I ‘#+ i 1
RS T S KT
R *;‘ Pt o + G TR N
#@ + + - + + %
morgs I o |TEESE L
+ % : &'@#f i ”3‘ + + +++$* +’¥ e Xm
- + W M
$+1-i-+f’1- ?xi‘ x H}_,_t‘__'_’f";' ;xic
,rx ﬂ = e i
- + ii"i ¥ x L7 4 X . . )
_ - - + « “lm‘mx » . _ - - + y » ;
- xx“x:ﬁ .- o - x%g‘;x} My
el | * ol e oK
. * M " B e
test error: 0.0973 % x =" " test error: 0.0723 x. b ?! o p

(c) LogitBoost

+ positive samples

X negative samples

0 negative samples(outlier)

O positive samples(outlier)

O samples with 0 weights in SPLBoost
- -Bayes decision boundary

(d) SavageBoost




T . T
8 - ! & “ans ! + positive samples
. *
. %Z,:*@‘;ﬁn N ’_I_ . %Lﬁ@ g :-I- X negative samples
@5 @ -8 + ﬂ @ vy 0 neqative samples(outlier)
* I + ¥ + +
+ % o x B = ; 6o x & Upn?iti-.re 5amp?es[nutlier}
+ X %
otod W) | a¥d W iesouten
VX . B R e @ O samples with 0 weights in SPLBoost
. .-*_I_ G—) 3 . . —I— ‘ * .
-7 T X @ @ - K T® @ ., - -Bayes decision boundary
- ® ] ®
test error: 0.0547 " @_ " . test error: 0.0563 )25% = g' " .
(g) SPLBoost with A = 1.5 (i) SPLBoost with A = 2.5

Lamda /M, SEIRFEINH#, B2 FFEAS S H0HER



I . Experiment

2. UCT &

17 UCI datasets, train/test = 7/3 , noise level=[0, 5, 10, 20, 30] ,
use 5—fold crossvalidation to choose parameters.

the weak learner of AdaBoost, SPLBoost and RobustBoost is chosen as C4.5,
while for LogitBoost and RBoost, the regression tree CART is used as the

weak learner.
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I. Conclusion
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