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Acceleration of SVM for Multi-class Classification

CHEN Jing-nian

Department of Information and Computing Science,Shandong University of Finance and Economics, Jinan 250014, China

Abstract With excellent classification effect and solid theoretical foundation, support vector machines have become one of the
most important classification method in the field of pattern recognition, machine learning and data mining in recent years. How-
ever, their training time becomes much longer with the increase of training instances. In the case of multi-class classification, the
training process will become even more complex. To deal with above problems,a fast data reduction method named as MOIS is
proposed for multi-class classification. With cluster centers being used as reference points, redundent instances can be deleted,
bound instances crucial for the trainning can be selected.and the distribution imbalance between classes can also be relieved by the
proposed method. Experiments show that MOIS can enormously improve the training efficiency while keeping or even improving
the classification accuracy. For example,on Optdigit dataset, the classification accuracy is increased from 98. 94% to 99. 05% ,
while the training time is reduced to 0. 15% of the original. What” s more, on the dataset formed by the first 100 classes of
HCL2000, the training time of the proposed method is reduced to less than 6 % of original, while the accuracy is improved slightly
from 99.29% to 99. 30%. Furthermore, MIOS is highly efficient.

Keywords Support vector machines, Multi-class classification, Data reduction,Clustering, Instance seletion
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Table 1  Details of experimental data sets

Data set Size # Fea. #Cls % Trn. # Tes.

Dermatology 358 34 6 282 76

Glass 214 9 6 168 46
HCL2000 100000 512 100 70000 30000

Iris 150 4 3 117 33
Isolet 7797 617 26 6238 1559
Letter 20000 16 26 16000 4000
Optdigits 5620 64 10 3823 1797
Pendigit 10992 16 10 7494 3498
USPS 9298 256 10 7291 2007

4.2 TWBHEE

Sy ik G 7 T R BOIE 4 bz AT e G L 4 HCL.2000, Tso-
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Fl PCA 23513 150 41 80 4,
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4.3 ELWHER

F AR S AR ke R 2— R 5 &
B TR A G A A BOHE A AR B0 0 A U R
B A 6 45 EE ) R I G5 B R DA B ik AR A B B IE] . SR R
“AlF R F AN IS AT INE B

F 2 fEIIH UG 1 e kA R

Table 2 Classification accuracy on experimental data sets

CRLAE s 260
All BEPS FCNN  MOIS NPPS
Dermatology  100.00 88.16 92.11 98.68 94.74
Glass 69.57 56.52 56.52 65.22 58.70
HCL2000 99. 29 99.17 99.02 99. 30 98. 28
Iris 100.00 100.00 90.91 100.00 63.64
Isolet 96. 34 95.32 95.77 96. 06 94,74
Letter 97.97 93.65 95. 67 97.40 86.42
Optdigits 98. 94 98. 83 97.61 99.05 97.83
Pendigit 98. 80 98. 26 96. 80 98. 46 98. 34
USPS 95. 81 95.17 95.52 94. 67 95. 62
3 TELIBIRE LR L]
Table 3 Ratio of selected instances on experimental data sets
. g%
B &
BEPS FCNN  MOIS NPPS
Dermatology 0.64 0.33 0.44 0.55
Glass 0.39 0.45 0.52 0.63
HCL2000 0.988 0.070 0.070 0.170
Iris 0.31 0.15 0.43 0.32
Isolet 0.91 0.30 0. 40 0.55
Letter 0.46 0.18 0.35 0.47
Optdigits 0.93  0.09 0.25  0.41
Pendigit 0.38  0.05 0.40  0.29
USPS 0. 96 0.12 0. 34 0.47

R4 LR BRI [

Table 4 Training time on experimental data sets

(A 2s)
ey e ‘
All BEPS FCNN MOIS  NPPS
Dermatology 0.20 0.16 0.11 0.08 0.14
Glass 0.17 0. 05 0.03 0. 06 0.08
HCL2000 25173.9 23043.6 7616.8 1456.2 3378.6
Iris 0.03 0.03 0.03 0.01 0.01
Isolet 290.97 231.56 76.8 89.99 116.86
Letter 2139.5 885.29 228.06 596.42 713.03
Optdigits 65.03 59.13 4.23 9.75 25.22
Pendigit 36.22 12. 88 2.06 12.73 12. 36
USPS 197.78 142.23 14.53 43.42 78.49
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Table 5 Runtime of four algorithms on experimental data sets

(i :s)
N Bk
B R BEPS FCNN MOIS  NPPS
HCL2000 969.59 6869.90 60.98 1087.50
Isolet 7.76 22.19 1.97 5.88
Letter 16.78 54.28 0.87 18.42
Optdigits 4.53  2.86  0.17 6.50
Pendigit 3.92 1.47 0.16 5.05
USPS 8.55 4.55 0.59 11.52
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