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Overview of the Manifold Learning Algorithm

ZHOU Zhun YANG Bing-ru
(School of Information Engineering, University of Science and Technology Beijing, Beijing 100083, China)

Abstract As a new machine learning method, manifold learning is capturing increasing interests of researchers in the
field of computer sciences and cognitive sciences. To understand manifold learning better, the concept of manifold and
manifold learning was presented, and then its history was traced. Several major different manifold learning algorithms
were introduced, whose advantages and disadvantages were pointed out respectively. Then a typical application of LLE
was indicated. The results show that compared with traditional linear dimensionality reduction methods such as PCA,

manifold learning can discover the intrinsic dimensionality better. Finally, the proposal of manifold learning was dis-

cussed for the application.
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