%31 5% 14 it E A E R R Vol. 31 No. 1
2014 F1 A Application Research of Computers Jan. 2014

— eI E R FHHE SRR TR

EIfEE, Bk, Xk
(LITFIFERSF HHEMEEERRFR, 7 Kk 116081; 2. RER T RKF & F2 0585 T2 5
MFRE, LT KiE 116024 )

O AAKESANL SRR BN E MR Sk B AT AT A TR a8 Sk e X TR AR &
R A AL R X S 2 g Bk e ROR R, — AN E R MR X R AL B AR B S R R
R, 3 E A RS B A B34S B 0 SR BAUE AT 5T G , 48 B — A 4R R K 52 409 HE 9 7 % (neighbor-
hood linear rival alignment algorithm ,NLRA) , i@ i b3 3% & 69 I ARAE By 37 5 MBI, H KAZ |A TR HIE N2 8,
R RAE AR AR AR, BEF TABA A FHIERGER, BIe T FR A 2R A 8Tt

KR RATF T KL BSEEEN; B, HERAE

hE4ES . TP18I XERPRAERD: A XEHS: 1001-3695(2014)01-0099-03

doi:10.3969/j. issn. 1001-3695.2014.01. 023

Neighborhood linear rival alignment dimensionality reduction algorithm

YAN De-gin', LV Zhi-chao' , LIU Sheng-lan®
(1. College of Computer & Information Technology, Liaoning Normal University, Dalian Liaoning 116081, China; 2. College of Computer,
Faculty of Electronic Information & Electrical Engineering, Dalian University of Technology, Dalian Liaoning 116024, China)

Abstract; LLE and LTSA algorithm are famous canonical dimensionality reduction algorithms. However, the algorithms do not
perform well on sparse and noise data. The main reason is insufficient information acquisition in the algorithms. Based on the
analysis to the canonical algorithms for the mechanism of global and local information acquisition, this paper presented a new
algorithm called a NLRA algorithm. The NLRA used neighborhood linear rival alignment algorithm to extract the local structure
of the close neighbors of the data points, and effectively mined the internal information of sparse data. The principle of the al-
gorithm enabled stable global dimensionality reduction effect. The experimental results on the manual manifold and sparse real-
world datasets show the efficiency and stability of the algorithm.
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