Journal of Computer Applications

#E AR R, 2012, 32(12) : 3315 -3318

ISSN 1001-9081
CODEN JYIIDU

2012-12-01
http: //www. joca. cn

CE4E 1001 —9081(2012)12 - 3315 - 04

doi;10.3724/SP. ]J. 1087.2012. 03315

A RIESFHRBERIFR

Frely 2
(1. 32630 BE JulE B, WL 4924 312000; 2. [T K% HAEMAIZSEARR, 1¥E 201804)
( * EISVEE B FHFSE qimingming2012@ 163. com)

i EASHRREEEN AR EALIEPRERARLN P, B — ARG RBFARAREEYE
ho BMERENGHARBORRENG LR P BRIINAEHRF AR EERERIHREIN, LAHRER
BEERBESTHRETIZE, £ UMIST.YALE o AR A EABHEE LH TR ER LY, 5 ARTHH TR
HRYAL, BFERGTATRAEBRLSFEF RN 5% ~15% RAEHE ARG T By bk,

KGR B R EM; R R MR REY

RESES: TP391.41  CEKERERG:A

Pairwise constraint-guided sparsity preserving projections

QI Ming-ming"”"
(1. School of Yuanpei, Shaoxing University, Shaoxing Zhejiang 312000, China;
2. Department of Computer Science and Technology, Tongji University, Shanghai 201804, China)

Abstract: Concerning the deficiency of supervision information in the process of sparse reconstruction in Sparsity
Preserving Projection ( SPP), Pairwise Constraint-guided Sparsity Preserving Projection ( PCSPP) was proposed, which
introduced supervision information of must-link constraints and cannot-link constraints to guide sparse reconstruction in the
process of sparsity reconstruction of training samples, making SPP fuse constraint supervise information efficiently. The
experimental results in UMIST, YALE and AR face datasets show, in contrast to unsupervised sparsity preserving projections,
our algorithm achieves approximately 5% ~ 15% increase in recognition accuracy based on the nearest neighbor classifier and
promotes efficiently the performance of dimensionality reduction classification.
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