











0.44 ‘ ‘ ‘ ‘ ‘ NB have better performances than K-means. However, when
o2 | 5 SemEee ) the amount of labeled examples is limited (1%), their error
0.4 == Kmeans e rates are worse than K-means since the information conveyed
by the labeled examples might not be accurate enough.
Finally, SemiHard always outperforms NB because it utilizes

information from both the shared and non-shared features.

error rate

5 Conclusion

In this paper, we present a principled approach for incorpo-
rating partial background information into a clustering algo-
02§ : : ‘ ‘ ‘ rithm. The novelty of this approach is that the background
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ratio of added examples knowledge can be specified in a different feature space than
the unlabeled data. We illustrate how the objective function
Figure 3: Error rate while varying the percentage of addefdr K-means clustering can be modified to incorporate the
examples constraints due to partially labeled information. In principle,
our methodology is applicable to any base classifiers. We
present both hard and fuzzy clustering solutions to the con-
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The resultsuggest that the error rates for SemiHard and
NB improve as the percentage of labeled examples increases.
The performance of K-means degrades slightly because there
are less unlabeled examples available for clustering. When
there are sufficient labeled examples, both SemiHard and
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