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Reducing training times in neural network
classifiers by using dynamic data reduction

LIU Wei', LIU Shang', BAI Runcai*, ZHOU Xuan', ZHOU Dingning'
(1. College of Science, Liaoning Technical University, Fuxin 123000, China; 2. Mining Institute, Liaoning Technical University,
Fuxin 123000, China)

Abstract:In this paper, we present a neural network classifier training method based on dynamic data reduction
(DDR) to address long training times and the poor generalization ability of neural network classifiers. In our ap-
proach, we assigned each sample a weight value, which was then dynamically updated based on the classification
error rate at each iteration of the training sample. Subsequently, the training sample was reduced based on the
weight of the sample so as to increase the proportion of boundary samples in error-prone classification environments
and to reduce the role of redundant kernel samples. Our numerical experiments show that our neural network train-
ing method not only substantially shortens the training time of the given networks, but also significantly enhances
the classification and generalization abilities of the network.
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#FR
STD  0.0075  0.07 15.66 5.34
Forest " hpR - 00116 0.00 15.79 2.11
STD  0.0366  4.47 35.37 7.70
Class  hpR o 00504 1.63 33.48 3.29
STD  0.0044  0.30 30.04 1.24
P DDR  0.0108  0.00 29.96 0.41
STD  0.0258  3.07 4.22 0.67
Iris DDR  0.0585  1.87 3.69 0.36
STD 0.0274  3.51 10.14 2.52
15 DDR  0.0326  1.14 8.72 1.53
STD  0.1141  12.92 1441 122.33
VR DpR 01446 8.05 11.01 77.80
STD  0.0582  7.06 9.62 78.14
SL DDR  0.0652  5.80 9.78 34.15
STD  0.0340  3.40 6.44 1.42
Seeds  hpR 00132 0.13 4.98 3.73
STD  0.0010  0.04 2.65 0.71
Wine  hpR 00017 0.00 2.50 0.49
STD  0.0045  0.10 151 2104.83
Mnist bR 00047 0.03 1.61  1129.18
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