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Operator Theory Frontier of Spectral Clustering
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Abstract Spectral clustering comes from operator theory and is able to efficiently decrease data dimension and classify
data. However, current domestic researches pay more attention to applied algorithm design, and there is lack of theoreti-
cal outcome. In order to make up the shortcomings in theory, this paper systematically summaries the theory of spectral
clustering, pays more attention to study the newest foreign operator theory research achievements. Besides, we briefly
discuss and analyze some specific spectral clustering algorithms. We introduce and analyze the principle, convergence,
current status of spectral clustering and its inherent association with manifold learning in terms of integral operator,
spectral graph theory and manifold learning, At last, we suggest some possible directions.
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