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1-online learning
2-incremental learning
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Algorithm 1. Adaptive i-Perceptron.

Require: i = 0,2 = 0,4(1) £[0,1),G; < I],Gj_r =07 e(47,1),

AT e[0,iT)

Set: ﬁ_r-(]}zﬂ.G{g.(ﬂ}=ﬂ.cj_ﬁ_f“}=l]-vj=ur----dr B(0)=0, A — *
n(0) = 0 J LA./Q b}).ﬁ LS t.) L)

fort=12,...do
[[ Classify
Predict class label of x{t)
Receive true class label y(t)

N =1+ At m—1) C=

||r|Ir UpdﬂtE‘ ﬁ_r':r} — * 0 oo 00
for j=0,1,....d do

Gy, (6= ﬂe(ﬁ(r}.ruicﬁj(r—l} Ua_> Ao L?bo ®

3B, (D

end for J)o "L""))‘ﬁﬁ.
[ Update A(t)

_ —d et .,
Ge(t)= Z_f:{: api(t) Pt =3
if G;e(t)= G or G,e(t)= G; then

A(t+1) = [At)—asign(G,e(t)]
else

AME+1)= A(L)
end if

[[Compute G;f;(t+1)
for j=0,1,....d do

2e(f(t).t _ =
Bj(f}:%—kcﬁjﬁ—]}—k /.B_f(f—]}
G, fi(t+1) = G, (- 2 B;(t) Pavlidis, N. G., Tasoulis, D. K., Adams, N. M., & Hand, D. |.
S| et | m '
end for (201 1). Landa perceptron: An adaptive classifier for data streams

end for
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G. Hulten, L. Spencer, P. Domingos, Mining time-changing data streams, in: Proceedings of the

Seventh ACM SIGKDD International Conference on Knowledge Discovery and Data Mining
(SIGKDD’01), 2001, pp. 97-106.
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Supervised le1mlncr algnmhm BaseC lnssn‘le]
Sigmoid parameters a (slope) and b (infliction point) ool coloss | solau .
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If t = 1. Initialize D' (i) = w'(i) = 1/m", Vi, (1)
Go to step 3. Endif
1. Compute error of the existing ensemble on new data

E'=3x" Um'. [H-' (x' () # ¥ ()] (2)
2. Update and normalize instance weights
W= % { E. H-' (x' (i) = ¥ (i)
1, otherwise 3)
Set ' = H”IE;’;’I Ww(i) = [DV'is a distribution
3. Call BaseClassifier with D', obtain h': X —Y
4. Evaluate all existing classifiers on new data D'

=% D'() [A(x () #y )] fork =1, ...
If &,_,>1/2, generate a new /i .

If &, =1/2, set g, = 1/2,
ﬁi:&if{l —E;L_]. fork=1,..,t— Dfﬁii ]
3. Compute the weighted average of all normalize
errors for k™ classifier h:ForabeR

ap = 1/(1 + gali=k=bry W = @, ;"E’ ‘ oy,
,Bk Ef * mi‘f ,Bk‘af fork =1,
6. C'llcu]ate chsmﬁer voling wmghts

Joo Slwyie 0 ®
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(3)

(6)

(7) | Elwell, R., & Polikar, R .(2011) .
(8) | Incremental Learning of Concept

Drift in Nonstationary

= log( h",BT ). fork=1,..t (9) | Environments. Neural Networks,
7. Dbtam the flml hypothesis IEEET t 22(10
|y H'(x' (i) = arg max T W/ 7 (x' (@)= c] (10) ransactions on, 22(10), /
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Bifet, Albert, and Ricard Gavalda. “Learning from time-changing data with adaptive
windowing.” In Proceedings of the 2007 SIAM international conference on data mining,

pp- 443-448. Society for Industrial and Applied Mathematics, 2007.
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Sun, ]J., & Li, H. (2011). Dynamic financial distress prediction using instance selection

for the disposal of concept drift. Expert Systems with Applications, 38(3), 2566-2576.
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Pavlidis, N. G., Tasoulis, D. K., Adams, N. M., & Hand, D. J. (2011). Landa perceptron:

An adaptive classifier for data streams, Pattern Recognition, 44(1), 78-96 .
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