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4. Pseudo-Label
5. Threshold
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1. Aggregation

2. Base Classifiers (Learner)
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Input: S : Data stream of examples partitioned into chunks

1.
2.

3.

©x N AN W

11.

12.
13.
14.

16.
17.

20.

21.
22.

such D, each containing L and U ;
L : Labeled data; U : Unlabeled data; E : Ensemble of
k weighted incremental classifiers;
E«O;
For all data chunks D, € §

h,,, < new component classifier built on Z, ;

1
@y =—— (4
o = VSE 47 “

For all classifiers h, € E do
- Apply h; on L, to derive MSE, ;
- Compute weight «, based on (3);

End for
If |E| <k then

E«EUh ;

Else Replace #,,, with the weakest classifier available in
E;
End if
Forall xeU do
- Assign pseudo-label to x based on
Ensemble prediction using (5);
- Measure confidence for assigned
pseudo-label to x using (6);
End For
- Sample P% most confident pseudo-label
examples that their Confidence greater than
threshold 7 :U’ « Select(U,, P%) ;

- Combine them with labeled samples in current
chunk L, « L, UU';
For all classifiers #;, € E—{h,,,}

Incrementally update classifier 4, with L, ;

End for
End For

K

Output = Sign(}_a, x h;)

Jj=1
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1. Massive Online Analysis

2. Majority Class

3. https://archive.ics.uci.edu/ml/index.php
4. Limited Labeled Data

5. Fully Labeled

6. Labeled and Unlabeled
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