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Abstract Recently, the topic model has been getting much attentions and there have been a lot of studies on

the model. Although a topic in the model is defined as a factor which fluctuates document word frequencies, it

is necessary but difficult for a user to interpret semantic meanings for obtained topics. Therefore, we propose a

novel determination method of topic description terms to describe a topic. In this paper, we propose one of the

ideal determination methods, where the topic description terms is obtained so as to minimize a total topic descrip-

tion cost for any combination of terms. We also propose several heuristic determination methods to decrease the

computational cost drastically.
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