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Clustering Algorithm Based on
Random Walk Model and KL-divergence
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Abstract Clustering analysis is broadly applied in data mining. This paper presents a new idea in clustering based on pair-wise similarities, and
assumes no parametric statistical model. Similarities are transformed to a Markov random walk probability matrix. It is assumed the dataset is under
a Markov random walk process. When the process is going into convergence, the t-step transform matrix indicates the distribution of the dataset. It
uses iterative algorithm to cluster these data with the goal of decreasing KL-divergence. This method has a solid foundation of probability theory,
which can avoid some insufficiency of the traditional algorithms. The experiment shows the algorithm can achieve better results than K-means and
mixture models.
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