HRE5FE

R E X FEENE TR ST

B BLVAERE,ETAE?, EME'
(1. AN EFHBRFELZAEREGAXFTHRETELET N 310018;
2. M FHBERFEEIREFR M 310018)

RS EG SR LA L, B0 52 A% 23 288 R ¥ TT S35 1 e ML B GE TR I8 RS (el R A i [e] 1
TR - TAT S A ol AL, B A SR 1) ek A N BT R T OR BRE R A DIE o SR TAT XSS TR A R AR AR Y T S 1)
BB AT AL R AT B [ AT A0 20 A 13X — S B L TR, A5 1 78 S 1) ko A 24 0 S 4R BT R A DU
S THT S A i i AL ] A RO B . Y 4598

SRR A UL 5 S I S AR e AL 5 A ST A 1 e B s PR RE AR AT

doi: 10.11959/j.issn.1000-0801.2015161

Performance Analysis of Simplification of
Hyperplane Support Vector Machine

Cheng Hui', Fang Jinglong', Wang Daquan®, Wang Xinggqi'
(1. Education Ministry Key Laboratory of Complex Systems Modeling and Simulation,
Hangzhou Dianzi University, Hangzhou 310018, China;
2. Information Engineering School, Hangzhou Dianzi University, Hangzhou 310018, China)

Abstract: Comparing with traditional support vector machine, hyperplane support vector machine (HPSVM) and
hyperplane support vector machine for regression (HPSVMR) not only reduce the number of support vectors and
calculation time but also have comparable accuracy. However, they have different simplification effect on different
problems. The reasons for this phenomenon were analyzed, the conclusion that the lower the percentage of
non-bound support vectors is, the more obvious the effect of simplification was pointed out.
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S F 1) 5 L (support vector machine, SVM ) ) & 7% B 1t
YT SRR M ACH B SRR CE AT A
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WA FE 7 Ak S 4 ) f BL T T E 2 RE 3 2 B OCR
22 SCRK( 118 3 76 2 58 05 900 2K °F 7R B3R 1) i 4
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A 10 6 35 [ (directed acyclic graph, DAG ) fi i 1 % 7%
R S 1 ALY R 55k Y W i e e R A T
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F i 32 £ 1w & L (hyperplane support vector machine,
HPSVM) Al [a] 5 %1 8 - [f] 3¢ 4% 11 1 HL (hyperplane support
vector machine for regression, HPSVMR ) , F % 7> [f] B £ &
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76 s 229038 804 & UCT Adult Breast Cancer Heart
German Fll Splice 1= X SVM I HPSVM J5 i ik A7 1 % it
BN IR SO B Abalone | X} SVMR H1 HPSVMR J7
BT TR R, AT 18 AN, R,
H HPSVMI =78 Z U5 R H B AN I 25 B A ) HPSVM
F HPSVM2 &7 Z R I 45 R AT — U 4 1 3¢ 455 1) i 1)
HPSVM ; H HPSVMR1 %75 Z I 45 3% FH A A )1 4 A Y
HPSVMR; H HPSVMR2 %75 — ¥ il 4k R F — R 45 1 52
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THESE R 1~ 3, Hh 455 B Bd o 2 3R 24
W3R iR SRR I 3R HPSVMI
(HPSVMRI1) 3 %5 [n] £ 405 SVM (SVMR) 32 £ In] & £ 1
i . 1 T HPSVMI1 #1 HPSVM2 f it % 45 I % K £ |
HPSVMRI1 1l HPSVMR2 Wit B 45 RB 2 A%, B DL 230
HPSVM1 #1 HPSVMRI1 i+ 8 45 5 . % J 42 1 2 4% 6 4L
K (i) =exp(—y = 1) 30 47 34 55, % T8 ] Al ik e A, %
PR S BIOR S 1o 2 LA T S 00 3 TR S (] 7 B0
X T UCKT Adult # 4% 5% H 2% SCHR[10]7 89 58l B0 # 2
KU y=0.005, 7E 5] 25U C=1; % F Breast Cancer Heart ,
German I Splice #£74% , K H 5 % SCik [12] 9 &cHs | B

Breast Cancer A% ) 1% 2 B y=0.002 , Heart # & 19 #% 2
B y=0.008 3, German FE A [ 4 2 U y=0.018 1,Splice
FEAR B S5O y=0.014 2, fESI S5 C=100; X F
Abalone FEAS , % I 2 % SCRR[12] 7% 19 58 | B0 4% 2 5L y=
0.2, 751 280 C=1 000,

J T BN R S % SCR[10] A3a~A9a 1Y I 25 5K
Bt T i — BT DL LR R RS S5 3010
O AN o 4 — B

1 F Breast Cancer Heart Al German H A — 41504 | Br
DA B oy s oy, Horp— A R A 5
— AR E IR A

# 1 SVM# HPSVM i+ & & R itk B (UCI Adult)
7 g AN B THA ) /ms TR
FAEITES
0<a<C a=C SVM HPSVM1 SVM HPSVMI SVM HPSVM1
Ala 27 758 785 63 13 688 1844 82.67% 82.65%
A2a 23 1082 1105 72 18 937 1954 83.46% 83.405%
A3a 39 1412 1 451 87 3734 1 000 83.55% 83.52%
Ada 40 2051 2091 97 7390 1141 83.74% 83.86%
A5a 52 2 662 2714 111 28 234 1891 84.06% 84.10%
A6a 55 4422 4 477 156 24 297 1719 84.06% 84.10%
ATa 68 6 251 6319 184 39 703 1782 84.43% 84.48%
A8a 59 8 668 8 727 225 3 657 500 84.87% 84.87%
A9a 83 12 082 12 165 265 18 141 1375 84.89% 84.80%
# 2 SVM #1 HPSVM it & 45 R i bk % (Breast Cancer,Heart, German #1 Splice)
SRR ) SR THROR
GRS

0<a<C a=C SVM HPSVM1 SVM HPSVM1

Breast Cancer 9 35 44 10 82.67% 82.65%

Heart 23 46 69 25 83.46% 83.40%

German 213 161 374 215 75.94% 75.94%

Splice 565 0 565 565 78.71% 79.81%

% 3 SVMR # HPSVMR it & 4 £ 1Y bk % (Abalone)
SCRF I B By s
GRS e
0<a<C a=C SVM HPSVMRI1 SVM HPSVMRI

Abalone 4 63 242 305 61 5.52% 5.33%

3 71 486 557 70 4.56% 4.68%

2 82 952 103 4 93 4.18% 4.27%
1.5 92 138 3 147 5 97 4.17% 4.26%
1 104 201 1 2115 101 4.21% 4.30%
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