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Given unlabeled example set U = {x,, ..., X,}
and labeled example set L={ (x;, ¥} .... (x5 ¥)}
Train a classifier fy with Ly = L.
Set /=10 and 1,=1.
Train cach base classifier C(1 <j < M) from §,
Do
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8. Train f. with L.
9. Sett=t+1.
While(| U, >0 and 7,> 0.5)
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