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An extended method of probabilistic latent semantic indexing by topic correlations
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Probabilistic Latent Semantic Indexing (pLSI) is a popular method for collaborative filtering which is based on simple
matrix algorithm. This method has extendibility and scalability due to its simplicity of algorithm. Because of this simplicity,
however, pLSI is not enough efficient for clustering or directory representation which are useful techniques of searching
massive data. In this paper, we extends pLSI model to study the correlation between hidden topics. This expansion gives

pLSI a power to analyze higher structure in topics.
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pLSI | —2.2678  +o0.0006 | 9.6579  £0.0001
cLSI | —2.2680  +o0.0006 | 9.6671  40.0001
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