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SV Pre-selecting Algorithm Based on Adjacent Boundary Model
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Abstract According to the geometry distribution property of Support Vector(SV), this paper proposes the concept of adjacent boundary model
and SV pre-selecting algorithm. By pre-selecting adjacent boundary samples, lots of samples are avoided to solve Quadratic Programming(QP)

problems, which provides efficient training sets for SVM. Experiments show that it can improve efficiencies of training time and space by using the
algorithm in LIBSVM.
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Features C  gama
ijennl, 49 996 22 ijcnnl.t, 91 701 10 1.00
ala, 1606 123 ala.t, 30 956 10 0.01
a9a, 32 561 123 a9a., 16 281t 10 0.01
w7a, 24 692 300 w7a.t, 25 057 1 0.01
w8a, 49 749 300 w8a.t, 14 951 1 0.01
S_s(Splice_scale), 1 000 60 S_s.t, 2175 1 1.00
(1_s)Inonosphere_scale, 351 34 1 0.10
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2 2 (3)
Timels IRT ST SVs BSVs Corl(%)
ijcnnl 7.640 749 195 149 30 76.27
ala 0.750 1575 349 332 60 66.83 5 6 6
a9 77500 4614 2534 2365 2182 77.40 Sample_svm LIBSVM LIBSVM
w7a 1.593 60 43 43 29 92.10
w8a 3.094 29 28 28 20 96.96
Ss 0.359 134 66 66 29 48.00
Is 0.078 161 56 42 9 96.01
5
(2) 0
1 DOS Normal+DOS Normal+DOS 290 441
488 728 DOS 229 853
3 Probing Normal+ Probing NormaI+P'rob|ng 64 754
101 378 Probing 4 166
3 0 RoL Normal+ R2L Normal+R2L 76 776
Timels — IRT ST SVs  BSVs  Corl(%) 98 397 R2L 16188
ijennl 7.921 902 307 175 32 90.07 U2R Normal+ U2R Normal+U2R 60 816
ala 0.860 991 653 422 349 80.29 97 323 U2R 228
a% 86.266 5254 4048 3035 2841 82.33
wa 1504 117 71 64 27 95.39 Normal+ Normal+ 311029
w8a 3.141 40 52 48 34 96.93 494 020 250435
S_s 0.485 259 133 133 65 52.00
Is 0.094 267 52 65 10 97.44 6
2 3 1 Is (%) (%)
Sample_svm  (=0.01 24.53 96.87 97.82 64
DOS _
LIBSVM C=100 911.52 97.69  97.42 488728
0 Probing Sample_svm G:_0.0l 4.38 95.85 88.05 21
LIBSVM (=50 82.88 98.47  79.59 101378
Sample_svm  (G=0.01 5.59 71.88 74.83 42
R2L ”
©) LIBSVM €=1000 76.03 79.31 1.93 98397
U2R Sample_svm  (G=0.01 6.33 95.11 89.91 90
4 LIBSVM €=1000 22.16 99.65 877 97323
LIBSVM total Sample_svm  G=0.01 26.23 90.78  91.17 59
LIBSVM C=100  1909.70 92.40  90.94 494020
LIBSVM 6 2 (1)
Timels IRT total SVs BSVs Corl(%) LIBSVM
ijcnnl  200.000 16713 49996 3154 2 440 98.99 Sample_svm
ala 1.125 1458 1605 640 558 84.38 -
a% 387.000 27674 32561 11465 10911  85.06 LIBSVM 29 R2L
w7a 75.340 2204 24692 1490 824 98.66 U2R 2
w8a 123.400 3553 49749 2846 2490 98.16
S_s 2.485 1650 1000 998 437 52.00 6 8 373.2
I_s 0.094 398 351 81 15 98.86 1081.4 4852.2 n<<M
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4 Time 3 187 65% Probing 97% R2L
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70% [5] KDDCUP99
DOS 97.1% Probing 83.3%
R2L 8.4% U2R 13.2%
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