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Abstract In the development of mechine leaming that to discover and study the orderliness from the data is always the main
object of the machine learning. This paper illustrated the study achievement gained through a new method of machine leaming-
manifold leaming in details. As a new unsupervised leaming method , manifold leaming has captured the attention of many re-
searchers in the field of machine leaming and cognitive science. Currently, the major algorithms include isometric mapping
( ISOMAP) and Locally Linear Embedding ( LLE) , and 0 on. The approaches can be used for discovering the intrinsic di-
nmensions of nonlinear high-dinensional data effectively and aim researchers to analyze the data better. It also gave a prospect
of the developnent trend of the manifold learning research and proposed the crucial problems which need to be resolved in fur-
ther work in manifold leaming.
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