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Abstract: To deal with highly curved datamanifolds, the Hessian locally linear enbedding (HLLE) algorithm was
modified based on a locally estimated geodesic distance It used the general conceptual franewvork of HLLE to guar-
antee correct setting of local ismetry o an open connected subset It enploys the locally estmated geodesic dis
tance instead of the Euclidean distance to determine the neighborhood of any point,  that it reduces the disiorting
influence of curvature of the datamanifold on detemining the neighborhood This goproach can be regarded as the
integration of a local method and a global method, © that it has better perfomance and stability than HLL E, with
only a dlight increase in computational tme Experiments conducted on benchmark data sets verified etficioncy of
the proposed approach
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Fig 8 The relationship of Embedding results and local region paraneters
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Tablel Average running time of the canpared approacheson five kinds of data sts /s

500 1000 1500 2000 2500
LLE Q 587 6 2 540 6 2 562 8 9 368 6 7174 8
HLLE 1 6530 18 237 6 18 234 2 72 715 6 55 537 2
Q@ - HLLE 3 540 18 59 681 0 60 081 6 245 822 0 182 172 0
(A - HLLE 6 3121 6 139 674 6 141 837 4 584 624 8 442 328 0
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