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Rough Set Based Multi-Class Core Vector Machine

NIU Gang, SHANG Lin
( National Laboratory for Novel S ftware Technolagy of Nanjing University , Narjing, Jiangsu 210093, China )

Abstract:  While the standard SVM has O (1°) time complexity and O (1%) space complexity with the size of the training
set, the CVM proposed in 2005 has linear time complexity, and the space complexity of CVM is independent of the training set’ s
size. In this paper we proposed a novel method called RSCVM. We fird defined the upper and lower approximation of a binary
CVM, then extended the definition to the mult class siuation. Hence RSCVM combined the CVM and rough set theory. We al®
gave some experiment results on several reat world data sets that illustrated RSCVM’ s merit of faster speed and less support vec

tors.
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fi(x)= {w, ¥x))+ b, (13) 4 hitp: //www. csie. ntu. edu. tw /~
Fi(x)= {w, ¥ x))+ b c¢jlin/ libsvmtools/ datasets/ multiclass. html. 1.
1
RSCVM
3. RSCVM Testing Algorithm data sets  # clases  # attributes  # training set  # testing set
1. i= 1. satinage 6 36 4435 2000
2. fi(x) 20(fi(x)> 0, L letter 26 16 10500 5000
: i= n, ’ sector 105 55197 6412 3207
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LilSWM CVM (&= 10-4) BVM( &= 10-4) CVM (&= 10-6) BVM( &€= 10-6)
Fvl Fvr vl Fvr 5 Fvl I-vr s kvl Fvr 8 kvl I-vr s
accuragy (%) | 90. 65 90. 75 85.5 84. 4 75.3 8.1 8.8 83.9 90. 75 90.55 .2 0. 65 9.5 85.2
# sv 1128 129 789 818 628 1549 1612 1302 1436 1625 1425 1652 1916 1641
training( s) 1.59 7.91 0.8 1.39 1.43 2.20 4.11 3.3 2.31 8. 49 5.28 7.69 11. 8. 48
testing( s) 0. 67 0. 84 0.5 0.58 0.46 0.95 1.05 0. 81 0.8 1.0 0.91 1. 00 1. 31 1.04
3 letter
LilSWM CVM (&= 1074 BVM(€e= 1074 CVM (&= 1079 BVM( €= 107 )
Fv1 Fvr Fv1 Fvr 15 Fv1 -vr rs Fv1 Fvr 18 vl I-vr rs
accuray (%) | 96. 58 9%. 18 96. 78 95.38 | 91.82 [ 96.38 9.7 93.04 | 96.8 96.0 91.9 9. 38 9.9 R. 6
# sv 4936 4114 5060 3655 3206 6112 5807 4882 5321 4653 3789 6125 612 5072
training( s) 871 39. 19 9.31 7.4 12278 | 16.34 23.29 | 27.46 | 11.13 23.23 [20.46 | 29.72 37.14 | 35.75
testing( s) 6.24 5.92 6.43 5.30 3.46 7. 81 820 5.8 6.72 6. 81 4.53 7.69 863 6.
4  sector 5 acoudic
LilSYM CVM (&= 1073 BVM( €= 109 LISV | CVM( &= 1079) BVM( &= 10°9)
Fvl|tvr | Evl| Fvr IS Fvl | Fvr s kvl -v1| Fvr TS Fvl|l-vr TS
acarac( %) | 89. 17 | 93.79 | 89.00 {80.38 | 77.20 [ 86.62 | 87. 74 | 81. 70 acawacy(%) | 71.37 [61.06 |56 15|50 04 | c0. 85 e0. 88 [ 0. 10
# sv 6270 | 6401 | 6215 | 6314 | 6134 | 6344 | 6222 | 6160 # s 37474 6217 | 6602 | 4311 [ 945 (10713 | 68
training(s) |229.86 [3049. 63]220. 80 [ 198. 09 [ 317. 03 | 149. 94| 146.09 |225.26 training( s) 13419 |231.2[278.74{311.9 | 664. 4| 935.8 | 765.1
testing ('s) 62. 16 | 55.78 | 59.45 | 54.83 | 50.78 | 60.03 | 55. 13 | 50. 37 testing( s) 226.89 140.9453.95(30.07 [84.97(86.40 | 52. B
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