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Abstract An innovative Supervised Dynamic Topic Model (S-DTM) is developed for overcoming the limitation
of tranditional topic models. S-DTM models the time-varying language dynamics and is combined with supervised
learning technology by adding label restriction in topic variational inference. It makes the topic-label mapping and
improves the interpret ability of topics. A set of experiments is conducted on a twenty-five-year-spanning Chinese
journal paper corpus that is mainly focusing on natural language processing. Experiment results show that
compared with static supervised topic model and unsupervised dynamic topic model, S-DTM has a better semantic
interpretation performance, reflects the topic structure of a document more accurately, captures the dynamic
evolution of the term-distribution of topics more precisely.
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Fig. 2 Graphical representation of a supervised dynamic topic model
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Fig. 3 Text categorization performance on different topic feature vectors
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