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" Optimization on continues valued F = Given a set of labeled samples, GTAM chooses the most
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Q ot — (L/u+1D)-VY = PVY @P L/t ] beneficial data with largest cost reduction over the whole =
Ok~ oraph for label assignment, one sample in each iteration B
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ﬁ ﬁ Input samples Output labels Loss function Error rate
Z=VY A=PLP+(P —D®_D . . . = Text Classification (WebKB data) = Image Classification — USPS digits
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set the best label that achieves the largest cost reduction
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Performance companson on text classification (WebKB dataset).
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labels (guaranteeing there is at least one label for each class). The
vertical axis shows the average error rate over 100 random trials.
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Performance comparison on image classification (USPS digits).
The horizontal axis shows the total number of randomly observed
labels (guarantee ing there is at least one label for each class). The
vertical axis shows the average error rate over 20 random trials.




