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Influence of Bias b on Generalization Ability of SVM for Classification
DING Xiao-Jian' ZHAO Yin-Liang®
Abstract It has been pointed out by Poggio that the b term in support vector machine (SVM) is to guarantee the positive

definitiveness of kernel and b is not needed if the used kernel is positive definite. To testify the role of b in the generalization
ability of SVM for classification, optimization formulation of SVM without b is analyzed and the corresponding active set
solution algorithm is proposed. By experiments on XOR classification problem, it can be concluded that SVM would fail
to reach the optimum classification hyperplane due to the existence of constraint condition Zi\l y;a; = 0. Small to medium
data sets, large data sets, high-dimension data sets and mutli-class classification data sets are employed in the simulations
as well as the Gaussian positive definite kernel and polynomial positive definite kernel are used. The experimental results
on 26 benchmark data sets show that the computational cost of SVM without b is over that of SVM and the generalization
performance is over SVM. SVM without b is less sensitive to cost parameter, and this makes SVM without b reaches the

optimal testing rate with less parameters pair values.
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Table 1  Benchmark data sets

e JEVEE INZRrEAR S MRAEAR % O
Heart 13 70 200 2 [
Pwlinear 10 100 100 2 7
Sonar 60 100 158 2 w
Monk’s Problem 1 6 124 432 2 P
Liver-disorders 6 200 145 2 w
Tonosphere 34 200 251 2 i
Breast-cancer 10 300 383 2 o
Australian 14 300 390 2 7
Pimadata 8 400 368 2 i
Creat 44 300 390 2 [
Leukemia 7129 38 34 2 7z
Colon 2000 30 32 2 2
Iris 4 100 50 3 [
Segment 19 1000 1320 7 w
Satimage 36 4435 2000 6 2=
Wine 13 100 78 3 5
Glass 9 100 114 6 i

K2 FE 3 Al S KA
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it o = [1.3130, 1.1565, 1.1565)T, AN AL LR
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3.4 KRIFEEMREMK

FEANT S8 R, KAl B Platt G 9 A
Adult $095 74k, L4514 Ala 5 A9a.
T 7 2 T 1 S Bk U, AN B9k 200 18 3
AR ek, LR TAABIEM I, S80ekE
I e S o0k, BT LUAS 4 038 328 B e 3 A% 3R A 7 5 A
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AS.



1110 A Z/ A 37%

2 RANBEEOE S AR R T _E I TR RE LA

Table 2 Gaussian kernel performance comparison on small to medium data sets

AS (i) NBAS (#ilik%)
ATT (s) ATA (%) DEV (%) ATT(s) ATA (%) DEV (%)
Heart 0.0382 76.00 (104, 5) 3.85 0.0221 76.26 (10%,5) 2.81
Pwlinear 0.0357 84.35 (10%,10%) 3.28 0.0167 85.26 (10%,10?) 2.32
Sonar 0.0412 83.33 (20,1) 3.55 0.0239 83.72(20,1) 3.54
Monk’s problem 1 0.1212 95.37 (10, 1) 0 0.0821 95.14 (10,1) 0
Liver-disorders 0.0972 68.24 (10, 2) 4.58 0.0839 71.56 (10,2) 2.93
Ionosphere 0.0357 88.50 (8000, 20) 2.53 0.0161 88.82 (8000, 20) 2.11
Breast-cancer 0.1118 94.20 (5, 50) 0.87 0.0826 95.19 (5, 50) 0.75
Australian 0.3211 67.53 (1,1) 1.69 0.1408 67.66 (2,2) 1.74
Pimadata 0.2049 76.53 (2000, 10%) 1.99 0.2501 76.93 (2000, 10?) 1.40
Creat 0.2026 80.55 (10°, 20) 1.79 0.1700 81.88 (105,10) 1.82
3 /N R AE 2 TR R e ELAL
Table 3  Polynomial kernel performance comparison on small to medium data sets
AS (2HA%) NBAS (£ 5=#)
it
ATT (s) ATA (%) DEV (%) ATT (s) ATA (%) DEV (%)
Heart 0.0273 75.58 (20, 2) 2.62 0.0213 75.79 (20,2) 3.05
Pwlinear 0.0290 83.92 (1072,1) 2.84 0.0216 84.56 (1072,1) 3.24
Sonar 0.0212 79.31 (1,6) 4.18 0.0188 79.54 (1,6) 3.95
Monk’s problem 1 0.1214 95.60 (1,7) 0 0.0826 95.60 (1,7) 0
Liver-disorders 0.1251 68.24 (0.05, 6) 3.24 0.1073 69.42 (0.05, 6) 2.81
Tonosphere 0.1367 89.77 (0.5,1) 2.44 0.0218 89.15 (1,4) 1.91
Breast-cancer 0.0475 94.49 (1, 8) 1.07 0.0616 95.99 (1073,2) 0.59
Australian 0.1732 67.48 (2,2) 1.73 0.1470 67.85 (2,2) 1.74
Pimadata 0.2722 76.79 (10,1) 1.76 0.1922 76.07 (1072,2) 1.82
Creat 0.2232 80.70 (2000, 1) 1.56 0.3237 81.11 (10%,1) 1.65
® 4 KRB R BRI
Table 4  Gaussian kernel performance comparison on large data sets
AS (@ilitx) NBAS (=iit%)
Adult
ATT (s) ATA (%) ATT (s) ATA (%)
Ala (1605, 30956) 7.521 84.38 6.732 84.38
A2a (2265, 30296) 19.71 84.58 18.47 84.59
A3a (3185, 29376) 46.60 84.51 43.43 84.51
Ada (4781, 27780) 207.5 84.58 186.6 84.59
Aba (6414, 26 147) 462.9 84.40 445.6 84.40
A6a (11220, 21 341) 1676 84.62 1636 84.65
ATa (16100, 16 461) 3273 84.82 3096 84.82
A8a (22696, 9865) 7916 85.21 7132 85.21

A9a (32561, 16281) 17939 85.04 13454 85.04
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Table 5

Gaussian kernel test on gene data sets

AS (k)

NBAS (&%)

(C,v) ATT (s) ATA (%) (C,vy) ATT (s) ATA (%)
Leukemia (10%,10°) 3.2674 82.35 (10%,10°) 3.0627 82.35
Colon (103,10%) 0.2391 81.25 (5,10%) 0.2230 84.38
K6 FEDIEE AR 2 20 L s
Table 6  Polynomial kernel test on gene data sets
AS (%) NBAS (£5i:0#)
(C, P) ATT (s) ATA (%) (C, P) ATT (s) ATA (%)
Leukemia (10-2,1) 0.0241 82.35 (10-2,1) 0.0119 79.41
Colon (10-3,1) 0.0137 81.25 (10-2,1) 0.0049 78.13
KT ZIHERE OAO Tk
Table 7 OAO method comparison on multi-class data sets
OAO
Hi e AS (%) NBAS (#illit%)
(C,7v) ATT (s) ATA (%) DEV (%) (C,y) ATT (s) ATA (%) DEV (%)
Iris (10,0.8) 0.0419 95.56 2.34 (10,1) 0.0210 95.76 2.21
Segment (10%,0.8) 0.9176 96.11 0.51 (500, 1) 0.6654 96.45 0.56
Satimage (10,2) 368.3 91.90 0 (1,1) 335.6 92.00 0
Wine (1,1) 0.0580 98.08 1.18 (10%,1) 0.0229 97.46 1.44
Glass (102,2) 0.1894 65.96 3.65 (102,1) 0.0729 67.37 4.18
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Table 8 OAA method comparison on multi-class data sets
Ktk OAA
AS (@) NBAS (#ii%)
(C,v) ATT (s) ATA (%) DEV (%) (C,v) ATT (s) ATA (%) DEV (%)
Tris (10,0.8) 0.0529 95.52 2.70 (10, 1) 0.0341 95.60 2.53
Segment (10%,0.8) 4.5028 96.03 0.73 (10%,1) 4.6252 96.45 0.47
Satimage (1,2) 650.1 91.35 0 (1,1) 520.3 92.00 0
Wine (1,0.8) 0.0884 97.77 1.47 (1,1) 0.0520 97.82 1.52
Glass (10,1) 0.1429 65.26 3.50 (10,1) 0.1007 66.53 3.30
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Fig.4 Testing accuracy of AS algorithm on Pwlinear
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Fig.5 Testing accuracy of NBAS algorithm on Pwlinear

W TG RS B, T T 2 SO
SRIEAT MR, 110 EHE 22 1) 2 506 05 SR 25 18 T4
MY, CHIEAE KRB AN I . RS 50% ¢ 101
OUF, T NBAS X240 C AU, 2 NBAS 76
C 4 0.2 F1 0.3 [P0 & A8 REIA 2] 90 %, AS
16 C 20 0.2 WRHENRRRE A 89.5 %, 7E C' 24 0.3
(IR B 0 90 %. i TERATTEE C AT REAE
P R 0.2, IX it e AS ISR i L Agd
2 89.5%. UL WL, SEN S BN BUB g T
DS S92 5K 149 LR 4 28] S o e AR M ORG T2

IR L (K6 R 7), NBAS Sik7Efr
HSHON EHSIE 100%, Bl S HkFEZ />, &

VEHSRERE I ZAREA Y S IEM. B Vapnik gl o]
1, SVM ] LU A I — ks 2 ) B B 2= A st b 4
M 4% (Single hidden layer feedforward neural net-
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Fig.6 Training accuracy of AS algorithm on Pwlinear
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Fig.7 Training accuracy of NBAS algorithm on Pwlinear
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