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Algorithm 1 Standard Adaboost

+i=1,...,N.

form=1,2,...,M do
(1)Fit the weak classifier fn,(z) € {—1,1} using weight
w; on the training dataset.
(2)em = EwlLyt s @]
= o (1222
(4)w; — w; exp[cmlyi#fm(mw],i =1,2,...
(B)wi — Niw

end for -

Output sign[F'(z)], where F(x)

Initialize w; =

log(
,N.
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Algorithm 2 Standard Logitboost
Initialize F(x)
i=1,2,...,N
form=1,2,...,

= 0 and probability estimates p; = %,
M do
(1)Calculate the working response z; and weight w; by
Eq. (9).
(2)Fit the weak classifier f,(z) using weighted least
square as (8).
(3)F(z) « F(z) + 5 fm(z) and p; —
end for
Output the classifier sign[F(z)]

1
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Algorithm 3 Binary Logitboost for early classification

Initialize F(x) = 0 and probability estimates p; = %,

i=1,...,N.

fort=1,2,...,7T do
(1)Calculate the working response z; and weight w; by
Eq. (9).

(2)Fit the weak classifier fi(z(t)) using weighted least

square as (8).

B)F(z(1 : t)) « F(z(1 : t — 1)) + 5 f:(z(t)) and
1
P THep(=2F (1)
end for
Output the classifier sign[F(z(1 : 7))] at any time 1 <
T<T
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Algorithm 4 Multi-class Logitboost for early classifi-
cation

Initialize Fy(z) = 0 and probability estimates px,; = %,

k=1,...,Ki=1,...,N.

for t=1,2,..., T do

(1)Calculate the working response gi,: by eq. (23) and

= pr,i(1 = pr.i)-
(2)Fit the weak classifier fi (x(t)) into gr+(z(t)) using
weighted least squares (8).
(3)Set frt = L (fue((t) = % Sy fre(2()))
(4)Update Fi(z(1:t)) = Fr(x(1:t—1)) + fi(z(?))

_ exp(F (2;(1:1)))
and pri = SR o G (i)

weight w;

end for
Output the classifier argmaxy[Fi(z(1 : 7))] at any time
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