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Abstract
In this paper, we address the problem of learining in multi-category document labeling. The goal of multi-category
document labeling is to assign a document all the relevant categories from a given category set. The proposed learning
method, Maximal Margin Labeling (MML), treats multi-category labels, as well as single-category labels, as independent
classes and learns a kind of multi-class classifier on the multi-class problem. Since the number of multi-category labels are
quite large in general, data sparseness becomes a serious challenge to MML. Thus we utilize a maximal margin principle
in a high-dimensional space, into which all possible labels are embedded, to avoid over-fitting. MML is compared with
other labeling methods, Parametric Mixture Model, BoosTexter, Support Vector Machines, and k nearest neighbors, using
a collection of multi-category labeled Web pages. The results show that MML outperforms other methods and its high

performace is apparent even with a small number of training samples.

Keywords: multi-category labeling, multi-label, margin, kernel, multi-class categorization, document classification
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