2015 11 11
Journal of Chinese Computer Systems Vol.36 No.11 2015

LPP Lasso kNN

12 13 13 13
i 541004)
X 541004)
X 541004)

E-mail: 597277287@ qq.com

D4t kNN @02 kP k1B R F BAE AR ek, 328 —AP L T LPP A= Lasso #) siE 4R FL k. iz Lkt B
AR L A5 G P AR 2 o AR R AE AT B — AN XAE R AR AT E M, T AR &, LPP A TRF R IE 0 AR s, ], -
FC R AAPEAA M IR AR A kK AARE 3B 69 RIEARKEARTN , Ak KNN ik kA E B A& UCI 38 £ 153 6) 520
R A, Bk ok A R e )3 g TR Ak A AR T4 4 kNN Lok,

. kNN; : :
: TP181 (A : 1000-1220( 2015) 11-2604-05

kNN Regression Algorithm Based on LPP and Lasso
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Abstract: This paper proposed a new nearest neighbor algorithm based LPP and Lasso for solving the fixed k value problem and cor—
relation among the samples wasn’t considered of kNN algorithms. The proposed algorithm combined Locality Preserving Projections
(LPP) with sparse coding (e.g. Lasso) to restructure test samples with the training data.During the reconstruction process LPP was
used to preserve the local structures of the data and the 1, -norm was used to learn different k value for various samples. Experiments re—
sults on UCI datasets showed that the proposed methods were superior to traditional kNN algorithm in terms of regression performance.
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