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Manifold Learning and Visualization Based on Random Walk

Shao Chao, Wan Chunhong, Zhang Xiaojian
(School of Computer and Information Engineering, Henan University of Economics and Law, Zhengzhou, 450046, China)

Abstract: The existing global manifold learning algorithms are relatively sensitive to the neighborhood
size, which is difficult to select efficiently. The reason is mainly because the neighborhood graph is con-
structed based on Euclidean distance, by which shortcut edges tend to be introduced into the neighbor-
hood graph. To overcome this problem, a global manifold learning algorithm is proposed based on ran-
dom walk, called the random walk-based isometric mapping (RW-ISOMAP). Compared with Euclidean
distance, the commute time distance, achieved by the random walk on the neighborhood graph, can
measure the similarity between the given data within the nonlinear geometric structure to a certain ex-
tent, thus it can provide robust results and is more suitable to construct the neighborhood graph. Conse-
quently, by constructing the neighborhood graph based on the commute time distance, RW-ISOMAP is
less sensitive to the neighborhood size and more robust than the existing global manifold learning algo-
rithms. Finally, the experiment verifies the effectiveness of RW-ISOMAP.
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Fig. 9 Swiss roll data set with hole and its intrinsic low-dimensional mailfold
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Fig. 10 Visualization results of different algorithms on Swiss roll with hole
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Fig. 11 Residual variances obtained by different algorithms on face data set
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Fig. 12 Visualization results of different algorithms on face data set
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