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Abstract : Jiao’ s method is directly used for least squares support vector regresson machine (L SSVRM) , but the
efectivenessisn’ t satifying. Therefore, an improved Jiao’ s method built on partia reduction is proposed, and afast
sparse least squares support vector regresson machine (FPL S SVRM) on the basis of the improved Jiao’ s method is
presented. Smulation results of data sets demonstrate that FPL S SV RM gains advantages over L S SVRM based on
Jiao’ s method in the number of support vectors and training time in a way. Meanwhile, in comparison with other
pruning algorithms, FPL S SV RM reduces training time without loss of regression accuracy. In addition, theimproved

Jiao’ s method is smilarly applied to classfication.
Key words: Least squares support vector regresson machine; Jiao’ s method; Pruning algorithm; Classfication
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1 FS. SSVRM  MHF

1 MHF

RMSE teTime/s trTime/ s NSV

Suykens 0.0246  14.09 262.4 252
Kruif 0.0247  11.98 807.5 205
Hoegaerts ~ 0.0238  15.02 717.8 252
Zeng 0.0246  11.70 1224.7 196
Jiao 0.0236  23.33 39.4 384
Jiao 0.037  10.20 19.4 167
Jiao 0.0217  9.33 17.8 150
1 :teTime ( Matlab6.5,
CPU Celeron(R) 1.70 GHz ,256M ,80G
) trTime NSV
1 6 7 Jiao
5.2 UCI (18]
UcCl
, 4 UCI ,
1) machineCPU dataset. 209
,6 , 150 ,59
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2) Auto-M PG dataset. 392
v , 350 42
3) Boston housing dataset. 506
,13 , 400 ,106
4) Abalone dataset. 4177
, 2500 1677
UucCl 2 5
2 machineCPU
RMSE teTime/s trTime/ s NSV
Suykens 37.65 0.48 23.03 73
Kruif 37.24 0.42 36.17 63
Hoegaerts 37.31 0.42 37.38 60
Zeng 38.03 0.67 1734.50 96
Jiao 36.76 0.73 4.11 109
Jiao 44.35 0.42 2.67 59
Jiao 35.56 0.42 2.55 58
3 AutoMPG
RMSE teTime/s trTime/ s NSV
Suykens 2.25 0.52 103. 42 101
Kruif 2.19 0.41 402.83 86
Hoegaerts 2.23 0.52 414.10 96
Zeng 2.22 0.80 969. 11 146
Jieo 2.28 1.55 27.00 289
Jiao 3.28 0.61 11.64 111
Jiao 2.35 0.61 11.83 112
4 Boston housing
RMSE teTime/s trTime/ s NSV
Suykens 2.70 2.23 143.9 185
Kruif 2.76 2.36 625.6 195
Hoegaerts 2.64 2.19 638.4 176
Zeng 2.80 3.20 3253.1 256
Jiao 2.77 4.92 39.7 381
Jiao 3.49 2.86 25.4 227
Jiao 2.71 2.80 25.9 220
5 Abalone
RMSE teTime/s trTime/ s NSV
Jiao 2.17 206.09 894.03 979
Jieo 2.58 85.66 372.72 442
Jiao 2.09 88.23 396. 64 424
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