243 ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

Journal of Software,2012,23(10):2643-2654 [doi: 10.3724/SP.J.1001.2012.04153] http://www.jos.org.cn
O b 27 B SR AW T BT A Tel/Fax: +86-10-62562563

B v 2N A VR R EE
}@)ﬁ\ %1,2432 ﬂi}?

"L P 4 M P v (M s 8 TR R 8), 00 M At 210044)
YRR R TRERZE HHEPS B2 T Al 210044)
PFEEEMENRKRS PHIRE SEARRITH Ml 210016)

Effective v-Path Algorithm for v-Support Vector Regression

GU Bin'**, WANG Jian-Dong’

'(Jiangsu Engineering Center of Network Monitoring (Nanjing University of Information Science and Technology), Nanjing 210044,
China)

%(School of Computer and Software, Nanjing University of Information Science and Technology, Nanjing 210044, China)

*(Department of Computer Science and Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

+ Corresponding author: E-mail: jsgubin@163.com

Gu B, Wang JD. Effective v-path algorithm for v-support vector regression. Journal of Software, 2012,23(10):
2643-2654 (in Chinese). http://www .jos.org.cn/1000-9825/4153.htm

Abstract: The v-support vector regression (»-SVR) proposed by Scholkopf, et al., has the advantage of using the
parameter v to control the number of support vectors and margin errors, however, compared to &SVR, its
formulation is more complicated. Until now, there have been no effective methods used to compute the v-path for it.
This paper proposes a new solution path algorithm, which is designed based on a modified formulation of »~-SVR
and traces the solution path with respect to the parameter v. Through theoretical analysis and experiments, results
can show that the algorithm can avoid the infeasible updating path, and fit the entire v-path in finite steps.

Key words:  model selection; solution path; v-support vector regression; support vector machine; machine

learning
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Table 2 Benchmark datasets used in the experiments

R 2 S P AR e R

Bt mORNGERADN JarEE BIREURE RN R BERE AR
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MPG 392 7 80 80
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Table 3 Results of v~-SvrPath on Triazines dataset

% 3 v-SvrPath HEAE Triazines H¥a 4 LK 45
o o=1.0711 5=22361 o=0.7071
HHC rhR &R | PEL R B | BEL R B
40 73.7 0.6 0.2 74.1 0.6 0.4 72.2 0.5 0.2
80 87.9 1.7 0.3 88.8 1.7 0.2 125.5 1.4 0.3
120 132.7 2.0 0.1 146.5 1.9 0.4 176.8 2.3 0.2
160 187.5 2.4 0.1 184.5 2.1 0.0 157.2 2.4 0.0
30
§ o
25 wons | wRE e
e BUNEY A Ry R
%0 E 20 &E:s F t 9%
E > 15 P4
55 GE w1071
g g 1047 @ o=2.2361
N =0.7071
3
0

0 02 04 06 08 1

Fig.2 Size of margin support vectors along the v-SvrPath on Triazines dataset

Kl 2 Triazines 4 4R 1l J S Ff 1) ARG Vil Bt AR AR AL 45 R

B) MPG % ¥
ZAYRAER O TR N FEMERE R 2411 StatLib BT ZEIRAK IR 3 AN SRR 5 AN 4L 1) JE 1 2 T
TR FE AN 2 (O B ).

0T UL v-SvrPath &M U TT A ik G AN W] AT BRI A, 70 A R AP P9 3L A B AR, SIS IR 7T I 2 5di
KNG 51 80,160,240,320 #SH ok 5514 7.071 1,2.236 1,0.707 1 5 R, 800 T 42 0 e 2 1%
Ry WS LA R e BB (LR 4). N3 4 ] DI I AN S 10 5 AR 2 W/ 1, T LB 3 el e K B ik 1
Fras i S ) R AR BRI 2 A IR B K2 80 S B ok Ayl 7.071 1,2.236 1,0.707 1 I, 3 Bo/R Tl
HRE R E ViR B AR R A S .
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Table 4 Results of v-SvrPath on MPG dataset
% 4 v-SvrPath HIL{E MPG Hdladl i 45 1
Forn c=7.0711 0=2.2361 c=0.7071
R R W | P MR RW | PR MR R
80 53.1 20.5 1.1 42.7 18.2 1.1 36.0 16.1 1.2
160 79.2 18.0 1.0 132.7 417 1.0 81.02 257 1.1
240 1345 185 0.8 189.6 292 1.0 132.1 14.5 0.9
320 36.1 1.7 0.7 17.9 1.8 0.8 6.2 1.1 0.7
1 %0=7.0711
6 | coocee 1 0=2.2361
s 2 =
) g P 0=0.7071 .
S 0
“i ; 4w o s o oo aoo
Q é 3 pmramrer gm vEn @0 @O COCENOOD OO GO
D2 ) Lo erasasesomomosocson c0 soessunss
1
0 02 04 06 08 1
Fig.3 Size of margin support vectors along the v-SvrPath on MPG dataset
K3 MPG dla e b1 F SR [ AR ik A2 1 A 4 2R
C) Housing $#5

A AR A BRI K2 (K ST By B A TR RS, ORTE (MR AE B BB X B A FEAS i AT 12 NI

JE LA 1A HEHIE ) S8

9T UL v-SvrPath B9k REAE RN BE M I S AN T AT S BT M AR, T AR AT PR 25 BSR4 12, SE U6 AE U 4 B0
A KN 510 120,240,360,480 %S H ol £ A 7.071 1,2.236 1,0.707 1 [44: R, Ge 1 T 46 4 4% & 1 4%
HIERRE . SR 5 B 5). AR 5 PRI B A B, 59 0 R A A/ 10 B B KNl 1200 #%

SH IR I 7.071 1,2.236 1,0.707 1 B, 30 5 SCHE ) B4 Bl A Vil B A2 2801 T an i 4 ok,

Table 5 Results of v-SvrPath on Housing dataset
%R 5 v-SvrPath 57J:7F Housing $HE 42 1K) 45 S

Jorh c=7.0711 c=2.2361 =0.7071

SHC wR AW | P R R PR R R
120 | 531 205 11 | 427 182 1.1 | 360 161 12
240 | 792 180 1.0 | 1327 417 1.0 | 81.02 257 1.1
360 | 1345 185 0.8 | 189.6 292 1.0 | 1321 145 09
480 | 361 17 07 | 179 18 08 | 62 L1 07

Fig.4 Size of margin support vectors along the v-SvrPath on Housing dataset
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4.2 5SvrPath® % L SEIS

HE— 5,4 T U6 B v-SvrPath Sk W ALBE, A SCEEIG UE SR 2 MR 1 s S HOEH 50
7.071 1,2.236 1,0.707 1 {1445 R, % v-SvrPath 535 55 SvrPath 50245 K B A2 IR IE GCV bRvfEREAT T B %k
P IAEMEARBAR LN INER 1 Pros i SERE b A T B DA TR Z 45 ROLER 6). A 6 il LLFH,
v-SvrPath HI% R AT LA S 385 4 e, it LLRAT /N S /N TR 7 i 22

Table 6 Minimum regression error between v-SvrPath and SvrPath

R 6 v-SvrPath 5 SvrPath [/ AR 2= 45
¥ A o=7.0711 o =2.2361 c=0.7071
SvrPath ~ v-SvrPath | SvrPath  y-SvrPath | SvrPath  v-SvrPath
Triazines 14.9 13.5 10.7 9.7 11.2 9.9
MPG 9.6 7.8 7.8 6.6 8.0 7.1
Housing 12.8 10.9 9.5 8.7 9.8 8.9

5 & &

N T X v-SVR Beik—FAT 2K vilk i 42 S0 A SCE B GIAN T = w-SVR B SO 2 R IRl i 1
v-SvrPath 535 A B 43 A FH 924G, U W] T v-SvrPath $TVEBENS ) AT e M IGE S AN AT AT I SERT A, T AR A R P
UL H A A A

B EUF, v-SvrPath LW AT LAY B T2 (A% 2% MWL B (B A 2 A5 L), 0 U v £ 1) 803 2K
HUVRIHE 21 34 1) H AL 204
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