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3. While stop-condition is not satisfied do:
" a) Apply S; and get the next example,
x <« §;(X,D)
b) Ask the teacher to label x, w — Ax)
¢) Update the labeled examples set,
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d) Update the classifier, . < L(D)
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Uentropy(d) = Info(P) = 0.50*l0gy(1/0.50) +
0.40*log, (1/0.40) + 0.10*log,(1/0.10) = 1.36

A9t Zol AAI}A, Uenyropy(d?) = 0.56 ©)
t}. 24 d9 uncertainty’t d’9) RAmcoh
sz dAA9 -‘?~A-1 BREJE= 42
o g QA 2RE0E & 5 Y B

4 Naive Bayes 2x4 BE7)E 9
¥ AW A uncertainty & WY -

1.D <« {<x1, Ax1)>,...,
2.h — L(D)

3. While stop-condition is not satisfied do:

<xn0, f{xn0)>

a) Apply U(X) and get the next example,
x < UX)
b) Ask the teacher to label x, w « f{x)
. ¢) Update the labeled examples set,
D« D U {<x,w>}
d) Update the classifier, h <« L(D)
4. Return classifier h
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5.2 Feature Selection
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