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Abstract:

Spectral clustering is actually powerful, but needs to solve the eigenvalue problem of the Laplacian

matrix converted from the similarity matrix corresponding to the given data set. Therefore, we

cannot use spectral clustering for a large data set. In this paper, we propose the method to reduce

the similarity matrix. use spectral clustering for a large data set. However our methods needs a

clustering result for that reduction. Therefore, our method is regarded as the method to improve

the given clustering result.

In the experiment, we used seven data sets to evaluate our method. We compared our method

with k-means and spectral clustering, Mcut. The experiment showed our method improves the

clustering result generated by k-means.

In future we will investigate the proper reduction degree, and improve the similarity definition.
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