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Abstract:  Locally Linear Embedding( LLE) is a sort of powerful manifold learning algorithm. However, LLE is a batch
method. If only one new sample arrives, the whole algorthm must run repeatedly and all the former compuational results are dis
carded. In this paper, an incremental locally linear embedding algorithm based on orthogonal iteration method is proposed, which can

take advantage of former computational results effectively to process the increasing data sets. Experimental results show the effec

tiveness of the proposed algorithm.
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