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Survey on Temporal Topic Model Methods and Application
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Abstract With the fast development of Internet, the data has reached an unprecedented scale. However, it is becoming
more and more difficult to get valuable information from mass data. Topic model is a new probabilistic model which has
been widely applied in natural language processing, text mining, information retrieval and other fields in recent years.
The technology of topic detecting and temporal analysis can help users focus on interested information. Temporal topic
model has gradually become a hot research topic in the field of computer science. Therefore, temporal topic model and its
application were investigated in detail in this paper. Firstly, the basic knowledge of topic model and temporal topic model
were introduced. Secondly, temporal models were categorized into several types, representative models were discussed
and their advantages and disadvantages were also analyzed, Thirdly, the applications of temporal models were summa-
rized in several fields. Finally, the future development trends of temporal topic models were presented.
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