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Abstract Great losses will be produced when traditional SVM methods are used to deal with the classification problem
with noisy data,which makes the classification hyperplane seriously deviates from the optimal hyperplane, resulting in
poor classification performance. In order to solve this problem, this paper proposed a robust support vector machine
(RSVM) and gave a loss function in sinusoidal square form. According to the characteristics of sinusoidal function,the
value of loss function is limited to the range of [0,1],even for noise data, which improves the anti-noise ability of SVM.
In addition, when the traditional stochastic gradient descent method is used to solve the SVM,a single sample gradient is
used to approximately replace the full gradient in each iteration,which will inevitably produce variance. As the number
of iterations increases,the variance also accumulates,which seriously affects the classification performance of the algo-
rithm. In order to reduce the influence of variance, this paper introduced a zeroth order-stochastic variance reduced gra-
dient (ZO-SVRG) algorithm. This algorithm uses coordinate gradient estimation method to replace gradient approxi-
mately,and reduces the influence of variance by introducing the gradient correction term in each iteration. Besides,in the
output of the internal and external loop,the weighted average output form is adopted,and then the convergence speed of
the optimization problem is accelerated. The experimental results show that the robust support vector machine based on
zeroth-order variance reduction algorithm has better robustness to noise data and effectively reduces the influence of va-
riance. In order to further improve the performance of the algorithm,the influence of the main parameters A and £ on the
accuracy of algorithm were analyzed. For both linear and nonlinear cases, when its parameter pairs (A,%) are satisfied
(A=1,k=5) and (A=10,k=3) ,respectively, the highest accuracy of each can be achieved.
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Table 1 Experimental datasets

AR 4 A AN AR #
sonar 208 60
ionosphere 351 33
wdbce 569 14
pima 768 8
spambase 4597 57
ring 7400 5
twonorm 7400 2
penbased 10992 16
magic 19020 10
shuttle 58000 9

4.1 mRMXE

AT HEAT LR M A AE 2R 1 RSVM-ZOVR 5 v: 1 40 M 4 52
B, TS IG RO T B L A SCHEAT P A X L S 1) B
PR SVM-ZOVR 23k fE S Y SVM & ik i
XL % B SVM-ZOVR B33 2 46 8 A S04 s i By
/N TT 25 1 5 1 SRl — i 0 SRR s LB, {5 5 SVML 2
F8 3k (817 Y Pegasos Bk 2) ¥ & ¥ RSVM-ZOVR & i
AR RSVM-ZOVR &3 it fr Hr e v Xt kb .
4.1.1 RSVM-ZOVR % % .SVM-ZOVR X % # 4 % SVM

Hoikeg st 5

AT 53 908 2 e RSVM-ZOVR 5 1 #dE £k RSVM-

ZOVR Bk 5 SVM-ZOVR Bk fifE 5 SVM 51k iE 47 %) L

D http://www. keel. es/

S, 0,500,100, 15 00 MR A KR B9 70 SRR R ANk 2 — 3R 5
FEF (S 45 30 5 47 238 U E A B HERR R
# 2 M RSYM-ZOVR 553k 1 43 JS i1 26 (0 MR 7H)
Table 2 Accuracy of linear RSVM-ZOVR algorithm (0 noise)

BT . %)
HAE 4 RSVM-ZOVR SVM-ZOVR 4% SVM
sonar 69.0541. 10 64.2943.05 61.90+3. 23
ionosphere 74,6541, 34 70,4242, 98 70.03+2.45
wdbe 81.58+1.32 79.0943.07 78.8242.97
pima 70.1342. 14 68.0842.95 66.88+3.05
spambase 61.30+2.08 60.54+3.01 59.89+2.95
ring 70.6141.38 73.2443.23 70.4742.08
twonorm 96.95+1.05 96.78+3.15 95.95+3.12
penbased 71.1741. 38 68. 0642, 42 66.67+2.68
magic 67.0641.75 64.54+3.01 63.04+2,08
shuttle 93.8740. 96 92.3141.99 92.19+2.98

# 3 LM RSVM-ZOVR 58k 1 53 ZE i iy 2 (5 00 e 7))
Table 3 Accuracy of linear RSVM-ZOVR algorithm (5% noise)

AT 2 %)

B A 4 RSVM-ZOVR SVM-ZOVR 1% %5 SVM
sonar 69.05+1.60 61.90+3.50 59.5243.18
ionosphere 71.83+1.58 70.42+3.21 69.01+3.77
wdbce 80.70+1.67 77.19+2.97 76.95+2.58
pima 69.48+2.01 66.88+3.18 65.58+2.95
spambase 60.76+2.12 59.46+4.01 58.59+3.21
ring 67.09+1.35 71.69+3.05 66.01+2.38
twonorm 96.22+1.65 95.74+3.65 92.36+2.68
penbased 70.53+1.68 66.35+2.68 65.76+3.54
magic 65.27+1.99 62.35+2.08 61.54+2.95
shuttle 92.19+1.03 90.74+2.65 89.84+2.03

F 4 &M RSVM-ZOVR 5 19 5 J i % (10 20 I )
Table 4 Accuracy of linear RSVM-ZOVR algorithm (10% noise)

(L2 )

B 4 A RSVM-ZOVR SVM-ZOVR & % SVM
sonar 64.29+1.32 57.14=£3.26 57.0542.28
ionosphere 70.42£1.65 69.01£3.31 67.6143.18
wdbce 79.82+1.48 75.44+3.68 73.68+2.89
pima 64.29+1.93 61.69+4.23 60.3943.26
spambase 60.33£2.35 57.07£4.56 56.7445.08
ring 63.04+1.97 68.24+3.58 62.0943.96
twonorm 93.65+1.66 92.24+3.98 90.68+2.97
penbased 66.58E1.48 63.01£3.31 62.8944.38
magic 64.17+1.38 61.07+2.31 58.52+2.86
shuttle 90.99+1.12 87.9742.56 89.4743.58

#5 &P RSVM-ZOVR B MY 50 JEUERG R (15 0 1 )
Table 5 Accuracy of linear RSVM-ZOVR algorithm (15% noise)

CHLASE 2 60

AR 4 RSVM-ZOVR SVM-ZOVR # 4 SVM
sonar 61.90+1.67 54.76+4,25 54.06+3.95
ionosphere 69.01+1.34 67.61+2.98 66.20+3.92
wdbc 73.16+1.69 72.81+9.87 69.30+4.05
pima 62.99+2.03 60.39+2.65 59.7443.59
spambase 60.11+1.57 55.11+3.58 54.67+4.08
ring 59.12+1.59 67.30+6.67 57.9743.95
twonorm 90.95+1.69 90.07+1.94 87.30+3.91
penbased 64.53+1.98 60.99+2.05 60.7144.05
magic 63.83+1.65 60.08+2.48 54.65+2.93
shuttle 86.03+1.21 85.16+1.91 84.344+3.91
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Table 6 Running time
CHLfd e s)
. EATH
AT TR T T
penbased 3.67 1438. 67
magic 3.26 771.48
shuttle 6.40 6263.05

172 6 Y45 J AT, 250 55 RSB0 47 o3 25 ik, 6 4
B 038 AT I TR0 S8 S S T A 2 B 1k 19 8 AT I TRD L 33X
BOUE T 24 X 8 KA RO HE AT 43 2, e RSVM-ZOVR 8
EAE B AT 0 ) 7 1 B AR TR RSVM-ZOVR &k, |
W S T R AT S B Y IR IE S 5 FRATTAE R B B
1T VALt RSVM-ZOVR BT 88, JEZ4: RSVM-
ZOVR FiE M3 b S g0 25 R A58 7— 3% 10 i gl (LB 45 51 R
5 P28 LEGHIE A T B 3D

£ 7 At RSVM-ZOVR 5 B9 E# 2R (0 M)

Table 7 Accuracy of no-linear RSVM-ZOVR algorithm (0 noise)
CRLA s 0D
A 4 RSVM-ZOVR SVM-ZOVR 1% % SVM
sonar 74.67+1.12 64.37+3.21 64.28+4.01
ionosphere 79.24+1.31 78.0143.56 77.46+3.08
wdbe 73.05+1.28 64.91+4.21 64.79+2.27
pima 78.18+2.05 64.99+3.04 64.93+4.24
spambase 61.54+2. 24 60.94+2.01 60.33+£2.88
ring 71.91+0.92 68.01+2.50 67.32+3.64
twonorm 96.99+1. 36 96.01+2.68 95.95+3.58

F 8 At RSYM-ZOVR 53 %k 1 i 38 (5 2o I 75)
Table 8 Accuracy of no-linear RSVM-ZOVR algorithm (5% noise)

L2 20)
&S RSVM-ZOVR SVM-ZOVR % SVM
sonar 73.81+1.03 64.29+3.68 61.90+3.54
ionosphere 78.87+1.21 74.65+3.99 73.24+4,09
wdbe 72.81+1.68 63.16+4.03 63.15+5.23
pima 74.65+2.30 64.29+3.56 61.03+3.58
spambase 60.1141.68 59.9442.06 59.56+3.06
ring 70.13+1.63 66.99+2.58 66.52+1.58
twonorm 96.69+0.96 95.31+2.97 93.92+3.95

F 9 AELE RSVM-ZOVR 54 8 B9 MR 2 (10 % e )

Table 9 Accuracy of no-linear RSVM-ZOVR algorithm (10% noise)
CHLAE 2 260
AR 4 RSVM-ZOVR SVM-ZOVR th % SVM
sonar 66.88+1.65 61.90+3.85 59.5243.77
ionosphere 74.65+1.59 70.42+3.69 69.01+2.96
wdbe 68.42+2.34 61.40+4.21 59.65+3.59
pima 70.42+1.77 63.64+3.25 60.39+3.85
spambase 59.46+1.89 58.95+1.59 57.3944.19
ring 68.24+2.65 64.14+2.95 64.09+3.75
twonorm 94.08+1.32 93.24+2.93 92.91+3.03

F 10 A E RSVM-ZOVR 53k B 613 (15 20 M)
Table 10 Accuracy of no-linear RSVM-ZOVR algorithm (15% noise)

BT . %)
AR 4 RSVM-ZOVR SVM-ZOVR 1 4 SVM
sonar 64.29+1.89 59.52+3.98 57.144+3.89
ionosphere 73.81+0.92 67.61+4.35 67.61+4.86
wdbe 67.54+1.26 59.65+3.28 57.89+3.74
pima 67.65+1.34 62.34+3.65 59.7444.02
spambase 58.35+1.59 57.94+2.26 56.09+3.56
ring 66.99+1.95 62.81+3.25 61.82+2.93
twonorm 91.81+1.52 90.81+1.48 89.73+3.88

S5 o % B sonar, ionosphere, wdbc, pima, spambase,
ring, twonorm 7 21 # 4% £E X JE 4 RSVM-ZOVR 8.3 11 $t
MR AT X LE S2 8. 5286 . RSVM-ZOVR % 3 . SVM-
ZOVR F3L U KA G0 SVM H k35 % F e Wiz R . TR A
M, 5 SVM-ZOVR 5k £ S0 SVM FEIE AR, AR SCHR T 1Y
VLA X LA B b B AT M B A Ay K e R, A
WAt 73 10 BB bW U Y L Bl BOUE S E A L
FE) 388 I, 45 ol 0 100 2 S o 1 SRR A B 2 R ALK
4.1.2 % # RSVM-ZOVR % % #= 3k & £ RSVM-ZOVR 3

&g 3t R %

AT LM RSVM-ZOVR 5% Al dE 4 RSVM-ZOVR
BE ST R M H S8 . 0,5%,10% , 15 %4 Ik 7 B (14 4
FEMER RN 11— 3£ 14 RO CEREE RN 5 9738 LI IF 1
SEXTUER ) . R 11— 3 14 WAL IR E W 7 4R W) M
He By S8 i 5 B L BR wdbe Ml spambase ¥ 4E 4, AE £kt
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HERG X L (0 MR

Table 11 Accuracy comparison of linear RSVM-ZOVR and
no-linear RSVM-ZOVR (0 noise)
CHLA 2 60
B 4 % % RSVM-ZOVR 4 % M RSVM-ZOVR
sonar 69.05+1.10 74.67+1.12
ionosphere 74.65+1.34 79.24+1.31
wdbe 81.58+1.32 73.05+1.28
pima 70.13+2.14 78.18+2.05
spambase 61.30£2.08 61.54+2.24
ring 70.61+1.38 71.91+0.92

twonorm 96.95+1.05 96.99=+1. 36
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# 12 4 RSVM-ZOVR 54 RSVM-ZOVR
N ESTEAGY A So))
Table 12 Accuracy comparison of linear RSVM-ZOVR and
no-linear RSVM-ZOVR (5% noise)

CRLA s 20D

b &R % M RSVM-ZOVR 4 % M RSVM-ZOVR

sonar 69.05+1.60 73.81+1.03
ionosphere 71.83+1.58 78.87+1.21

wdbc 80.7041.67 72.81+£1.68

pima 69.48+2.01 74.65+2.30
spambase 60.76+£2.12 60.11+£1.68

ring 67.09+1.35 70.13+£1.63
twonorm 96.22+1.65 96.69+0.96

# 13 4 RSVM-ZOVR 54E4#E RSVM-ZOVR #y
HERf R AT EL (10 26 B
Table 13 Accuracy comparison of linear RSVM-ZOVR and
no-linear RSVM-ZOVR (10% noise)

CHLp s )

B 4 % M RSVM-ZOVR 4 % M RSVM-ZOVR

sonar 64.29+1.32 66.88+1.65
ionosphere 70.42+1.65 74.65+£1.59

wdbe 79.82+1.48 68.42+2. 34

pima 64.29+1.93 70.42+1.77
spambase 60.33+2.35 59.46+1.89

ring 63.04+1,97 68.24+2.65
twonorm 93.65+1.66 94.08+1.32

* 14 4Vt RSVM-ZOVR 54tk RSVM-ZOVR #)
YT X Ll (15 26 IR 7))
Table 14 Accuracy comparison of linear RSVM-ZOVR and
no-linear RSVM-ZOVR (15% noise)

CRp s )

b &R % M RSVM-ZOVR 4 % ¥ RSVM-ZOVR

sonar 61.90+1.67 64.29+1.89
ionosphere 69.01+£1.34 73.81+£0.92

wdbe 73.16+£1.69 67.54+1.26

pima 62.99+2.03 67.65+1.34
spambase 60.11+£1.57 58.35+£1.59

ring 59.12+1.59 66.99+1.95
twonorm 90.95+1.69 91.81+1.52
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Fig. 1 Variance comparison of RSVM-ZOVR and SGD with 0 noise
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Fig. 2 Variance comparison of RSVM-ZOVR and SGD with

5% noise
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Fig. 3 Variance comparison of RSVM-ZOVR and SGD with
10% noise
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Fig.4 Variance comparison of RSVM-ZOVR and SGD with

15% noise
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Fig.5 Variance comparison of linear and no-linear RSVM-ZOVR

with 0 noise
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with 5% noise
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Fig. 7 Variance comparison of linear and no-linear RSVM-ZOVR

with 10% noise
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Fig. 9 Comparison of function convergence with 0 noise
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Fig. 11 Comparison of function convergence with 10% noise

ooees —o— it HHRSVM-ZOVR
- 0002 0 —+— E¥# HRSVM-ZOVR

=
W o015

\
m 00010

0.000 5

> —o o o

0

0 100 200 300 400

HRKK

500 600 700 800

B 12 159 B s Y o B0 S0 L I

Fig. 12 Comparison of function convergence with 15% noise



511 3

U L A5 T R BB/ T 22 05 1 i 6 R S L 201

4.4 BYEHHTEH
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Table 15  Accuracy of linear RSVM-ZOVR algorithm
AT 2 %)

SEW/Y k1E A=0.1 =1 A=10
1 44,81+1.36 64.94+0. 89 51.95+1.39
0 3 66.23+£1.69 68.69+1.12 66.23+1.95
5 61.04+1.89 70.13+2.14 57.79+1.87
1 36.36+2.56 65.58+1.65 55.84+2.01
5 3 56.49+2.98 62.99+1.32 59.74+2.65
5 57.14+£1.75 69.48+2.01 55.19+1.99
1 54.55+1.93 58.44+2.01 57.14+2.14
10 3 53.64£1.10 61.69+1.32 59.74+2.32
5 57.14+£2.69 64.29+1.93 59.09+2.04
1 50.00+3. 54 59.74+2.63 44.16+1.96
15 3 54.74£2.14 57.79+£2.14 52.34+2.15
5 56.49+2.58 62.99+2.03 44.8143.65

# 16 AELME RSVM-ZOVR B4 i) ol ) %
Table 16  Accuracy of no-linear RSVM-ZOVR algorithm
CHfiz 95

2 E /% k1B A=0.1 A=1 A=10
1 51.09+1.73 59.68+1.96 61.69+1.89
0 3 64.29+1.12 63.64+1.38 78.18+2.05
5 64.94+1.93 61.69+1.82 64.99+1.68
1 58.64+3.56 59.74+2.45 60.39+2.63
5 3 59.74+£3.25 63.64+3.12 74.65+2.30
5 57.09+2.93 60.94+2,98 62.14+1.99
1 62.99+1.99 57.79+1.96 63.64+1.14
10 3 56.49+2.38 62.01+£2.56 70.4241.77
5 58.44+3.01 58.44+1.85 62.99+1.68
1 53.64+1.35 58.44+2.93 59.09+2.41
15 3 62.99+3.11 64.29+3.02 67.65+1.34
5 61.04+2,88 64.29+2.21 64.29+2.87
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