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Bagging (T, L,, M)
Foreach m=12,..M
T, = Sample_With_Replacement(T, N)
h, =L/(T, )

Return h, (x)= argmax ., ZZI(hm(x) =y)
Sample_With_Replacement(T, N)
S=¢
Fori=12,..,N
r = random_integer(1, N)
Add T[r]to S
Return S
T : original training set of N examples
M :# of base models to be learned

L. : base model learning algorithm

b
I(A) :indicator function that returns 1 if event Ais true

and 0 otherwise
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Boosting (T, M)
Initialize weights D(i)=1/ m
Fort=1,....,T :

Find h, =arg Znelge] ZZD,(i)[ yi #hi(x;)]

If ¢, 2 1/2 then stop

Seta, = !
2

Update

D, (i)exp(-a,yh,(x;))
Z

t

D, (i)=
Output the final classifier :

Hix) = sign( Y o,y (x)

T :original training set of N examples
M :# of base models to be learned

Z :normalisation factor
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