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Abstract  Topic models have been successfully used to information classification and retrieval.
These models can capture word correlations in a collection of textual documents with a low-di-
mensional set of multinomial distribution, called "topics". It is important but difficult to select an
appropriate number of topics for a specific dataset. This paper proposes a theorem that the model
reaches optimum as the average similarity among topics reaches minimum, and based on this the-
orem, proposes a method of adaptively selecting the best LDA model based on density. Experi-
ments show that the proposed method can achieve performance matching the best of LDA without

manually tuning the number of topics.
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as cross-validation and Bayesian model testing are usually in-

efficient.  Teh et al. propose the Hierarchical Dirichlet
Process (HDP) to solve the problem. Dirichlet process does
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advance, and the HDP can realize the share of the mixture
components among a set of mixture models.
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