%30 A% 11 4 W HAULR A Vol. 30 No. 11
2010 £ 11 A Journal of Computer Applications Nov. 2010

SIS 1001 —9081(2010) 11 - 2917 - 04

ET/MARBEKREE

JH*E

YA Y3
(LWL DA TR S Ee , R 3004015 2. REET R R TRES BB, K 300160)
(lkshi@ eyou. com)

B E.FEEv(ISOMAP) RAGHE A £ BERE, M LS AN F T4 h, A T4#H & 54 ISOMAP
(L-ISOMAP) @it R BEH —&ARESZ MM EIEE AR IERTELE AR ELENMMLLEB T FLFH

BEWMBANLER, A BET AT ERERNABEIE:, REDERERNG R ZH 2R EFA
HAELE EAZEAG — AR BHR S MG NILEIES R RSB E THRIERLRFARIENIRLEL T,
B A, L B 4 AR T ISOMAP 69 5 & & 7% AR B Rl A £33 ML FHATT IR,
Tt R A, RIE R334 45 R 50 ISOMAP 13 5] 09 & R Agi , L4k T A T-ISOMAP 43 3] w945 R, FIwt, iz E %
TR I ARG 5T R R KA

KB AT ST FIEAEBA R E T B DR RS

FE4SKE: TP181;TP301.6  CEKFRAEED:A

Manifold learning algorithm based on the small world model
SHI Lu-kui', YANG Qing-xin’

(1. School of Computer Science and Engineering, Hebei University of Technology, Tiamjin 300401, Ch@%
2. School of Elecirical Engineering and Automation, Tianjin Polytechnic University, Tianjin 30! 1«
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