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A Fast Prototype-Based SVM Learning for Large Data Sets
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Fig.1 Node insertion process.
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Fig.2 Artificial data processing.
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Table 1 Result on Forest CoverType: “Data Size” means inputs for SVM (Num-

ber of prototypes in case of proposed). First term of training time is
prototype generating time, and second term is optimization time.

0000 | LibSVM | OCAS | Randoml | Random2
Data size 2100 445627 | 445627 2100 16800
Num of SV 900 221620 38 850 6427
ooo (%) 78.01 78.58 72.65 60.99 58.65
Train-Time (s) 45 +1 52494 71 1 49
Test-TIme (s) 9 3714 0.15 9 83
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Table 2 Result on MNIST.

gooo Dong 2005 | LibSVM
Data size 11080 60000 60000
Number of SV 1901 24470 9527
000 (%) 99.00 99.40 99.42
Train-Time (s) | 129.5 + 29 (230) 1682
Test-Time (s) 51.7 303
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Table 3 Datasets used for comparison to CVM, BV M.

Training | Test | Dimention | Class
KDD Cup 1999 | 4898431 | 311029 127 2
WEB 49749 14951 300 2
IJCNN 49990 91701 22 2
USPS 266079 | 75383 676 2
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04 CcvMOBVM OOOOOO
Table 4 Comparison between proposed method and CVM, BVM.

oooo CVM | BVM | LibSVM
KDD Cup 1999 | Number of SV 13 53 219 1132
0oo (%) 92.60 92.34 | 91.95 | 92.48
Train-Time (s) | 142.9 4+ 0.001 | 1.27 | 2.09 | 25200
WEB Number of SV 2075 0880 | 3540 | 4660
0oo (%) 99.19 99.07 | 99.04 | 99.32
Train-Time (s) | 116+ 1.7 |220.17|23.17| 214
IJCNN Number of SV 2032 0316 | 5721 | 3154
ooo (%) 98.72 98.37 | 98.38 | 98.99
Train-Time (s) | 170.4+16 | 259.4 | 67.38 55
USPS Number of SV 484 4094 1426 1598
0oo (%) 99.35 99.50 | 99.53 | 99.54
Train-Time (s) 400 + 1.6 735.8 | 67.03 1432
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Fig.3 Online processing comparison.
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