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Input: T(original training data)
Output: 7’(new training data)
1 T — ¢;
2 forv; € T do
3 ‘ T’ — T’ U {ExtendFeatureVector(v;)}
4 end
5 Function ExtendFeatureVector(v;):

6 for f; € F. U F; do

7 if w;; = 1 and IsEffective( f;) then
8 for f; € F; do

9 if cos(Wé(f), we(fi)) = Tim

then

10 ‘ wir — 1

11 end

12 end

13 end

14 end

15 Return v;
16 end

17 Function IsEffective(f;):

18 if rank(x?(c, f;)) < Teor and Fre(fj) = Tt yre
then

19 ‘ Return true

20 else

21 ‘ Return false

22 end

23 end
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