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A Semi-supervised Learning Method based on Generative/Discriminative
Model Combination and its Application to Multi-label Classification

Akinori FUJINO Naonori UEDA Hideki ISOZAKI

NTT Communication Science Laboratories, NTT Corporation

Abstract: 'We propose a method for designing semi-supervised multi-label classifiers, which select
one or more category labels for each data example and are trained on labeled and unlabeled examples.
The proposed method is based on a combination of discriminative models trained on labeled examples
with generative models trained on unlabeled examples. We employed a log-linear model and a naive
Bayes model as the discriminative and generative models, respectively, for multi-label text classification
problems. Using three test collections consisting of real text data, we confirmed experimentally that the
proposed method provided better multi-label classifiers with high generalization ability than conventional

semi-supervised learning methods of log-linear and naive Bayes models.
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