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Robust Locally Linear Embedding

TAN Lu, WU Yi, YI Dong yun
(College of Science, National Univ. of Defense Technology, Changsha 410073, China)

Abstract: Since the locally linear embedding method is sensitive to noise, a new method is preserted to solve this problem. This
new method, namely robust locally linear embedding method, is constructed by analyzing noise influence on the character of the data
set’ s local neighbothood. Compared with LIE, the RLLE is insensitive to noise and adaptive to the selection of neighborhood, which is
verified by theoretical analysis and practical experiments. Therefore, the RLLE can dicover the intrinsic structure of the data set and
visualize the data better.
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Fig. 1 Parabola data (16 neighbothood, A= 0. 0349)
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Fig.2 Breastcancer data (15 neighbothood, A= 9. 2247 x 10%)
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Fig. 3 Breast cancer data (26 neighborhood, A= 1.23x 10°)
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