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Manifold Learning Algorithms Based on Spectral Graph Theory
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Abstract In the problem of manifold learning one seeks to find a smooth low-dimensional manifold
embedded in the high-dimensional vector space based on a set of sample points. Spectral graph theory
studies the eigenvectors and eigenvalues of matrices associated with graphs and has been widely used in the
manifold learning algorithm recently. In this paper the relationship between the manifold and the manifold
learning is introduced first and then some typical manifold learning algorithms based on spectral graph

theory are studied. Finally some directions for further research are suggested.
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One of the main difficulties in machine learning is how to cope with the seemingly high-dimensional observation data sets.

However these observations often have only a few degrees of freedom. Based on the assumption that the data lie on or close to a low-

dimensional manifold

there has been considerable interest in developing efficient algorithm for reconstructing low-dimensional

manifold embedded in the high-dimensional space. Spectral graph theory studies the eigenvectors and eigenvalues of matrices

associated with graphs and has been widely used in the manifold learning algorithm recently. In this paper

we review some typical
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