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A Novel Geometric Nearest Point Algorithm for Constructing SVM Classifiers

LIU Zhen-Bing* CHEN Zhong" LIU Jian-Guo!

Abstract In this paper, the notion of “scaled convex hull (SCH)” is employed and a set of theoretical results are exploited
to support it, through which the nonseparable support vector machine (SVM) classification problems can be transformed
to the problems of computing the pair of nearest points between SCHs. As a practical application of the SCH framework,
a popular nearest point algorithm has been adopted to find the pair of nearest points between SCHs (each is generated
by training patterns of each class), and the separating hyperplane bisects, and is normal to the line segment joining these
two nearest points. Then, the proposed method is generalied to solve nonlinear problems and a simplified version for the
nonlinear case is presented. The theoretical analysis and experiments show that the proposed method may achieve better
performance than the state-of-the-art methods in terms of the kernel evaluations and execution time, making it suitable

for large scale classification.
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Table 1  Results achieved for each algorithm in the number of kernel evaluations and run times
sk Ok RN ZH Ef% (%) Ak R E NI (s)
Diabetes SMO 400 o =100, C =100 76.70£ 1.8 1.5 x 106 8.4
Diabetes MDM-R 400 o = 100, p = 0.0075 76.30£1.8 3.0 x 10° 5.5
Diabetes MDM-S 400 o =100, A =0.94 76.80£1.8 1.7 x 10° 3.6
Thyroid SMO 160 o =30, C =1000 94.6 £2.1 8.3 x 10* 1.7
Thyroid MDM-R 160 o =30, p=0.05 94.7+2.2 3.1 x 10* 1.0
Thyroid MDM-S 160 o=30, A=0.84 94.6+2.0 2.3 x 10* 1.0
Waveform SMO 400 o =20, C =1000 89.20£0.5 2.2 x 10¢ 65.0
Waveform MDM-R 400 o =20, p=0.02 88.30£0.8 1.5 x 106 49.0
Waveform MDM-S 400 o =20, A =0.62 88.20£0.7 0.8 x 10¢ 32.0
Heart SMO 170 o =120, C = 1000 83.9+3.3 2.6 x 10° 1.5
Heart MDM-R 170 o =120, p = 0.017 84.24+2.7 4.0 x 10* 1.0
Heart MDM-S 170 o =120, A =0.76 83.9+2.7 2.7 x 10* 1.0
Solar Flare SMO 666 o =30, C =1000 67.6+1.8 1.0 x 107 30.4
Solar Flare MDM-R 666 o =30, p = 0.0039 67.6+1.8 2.9 x 10°¢ 18.7
Solar Flare MDM-S 666 o =30, A=0.48 67.5+1.8 1.7 x 108 10.9
German SMO 700 o =10, C =3100 76.14+2.2 9.0 x 10¢ 31.0
German MDM-R 700 o =10, p = 0.0052 75.5+0.5 2.1 x 10°¢ 3.1
German MDM-S 700 o =10, A =0.78 75.94+0.5 1.4 x 106 2.0
Cancer SMO 500 o =100, C' = 1000 95.6 £2.0 8.3 x 10* 4.4
Cancer MDM-R 500 o =100, p = 0.02 95.3+2.0 3.7 x 10* 3.1
Cancer MDM-S 500 o =100, A =0.05 95.44+2.0 2.1 x 10* 1.9
Adult SMO 16 000 o =1000, C' = 1000 83.3+1.5 2.3 x 108 573.0
Adult MDM-R 16 000 o =1000, p = 0.02 83.2+2.0 1.1 x 107 247.0
Adult MDM-S 16 000 o =1000, A =0.35 83.3+2.0 0.7 x 107 168.0
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b, ROBEAR Y Fevi A WL K LA RS, BIS4PTAh
7o (8] PR B 0T i 6, A 55 ST A, DAL i g I 52 B AR
RGBT 1.

5 5t

AR T — MR i SVM 20 3157k
— RUEA M 5eik, 207 T DAEZ AN T 73 () e
M0 SR A TUART B30T s R 1 8L, 32K DA SR A AN BT ) ) i
PAL T — T S RN, 27T WA IR LA
SC SRR HA S . dRJa, ARSCEATH TR
ARLANE IR B AL ST, SRR W], A SRR RERK
Ak SVM 73 JR MY ZRI o], 5 & TAEA R %
RO 2 ). e b, Tl Iy R A e BLAS
(] PR RS 4 A 7, 1207735 AT U SR A e A A0 i .
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