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Abstract: A Laplacian graph clustering algorithm based on word frequency processing is presented, to solve the prob-
lems of high feature dimension and sparse feature in short text. First, the term frequency-inverse document frequency (TF-
IDF) method is used to map the short text dataset to the text vector space, to obtain the word frequency weight matrix. Sec-
ondly, the dimension of the word frequency weight matrix is reduced by using the graph clustering property of Laplacian
matrix. Afterwards, according to the feature that the eigenvalues of Laplace matrix can represent the degree of text similari-
ty, the eigenvectors corresponding to the first K eigenvalues are selected as the initial clustering center, thus reducing the
number of iterations in the clustering process. We conduct extensive experiments on SSC, 20 News Group and Microblog
PCU datasets. The results show that the Laplacian graph clustering algorithm not only has better clustering results and faster
convergence speed compared with the traditional clustering algorithm, but also it is less affected by noises and has good ro-
bustness.
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