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Abstract Recently Deep-learning, Technologies using Large or Deep Artificial Neural Networks,
have Shown Remarkable Performance, and the Increasing Size of the Network Contributes to its
Performance Improvement. However, the Increase in the Size of the Neural Network Leads to an
Increase in the Calculation Amount, which Causes Problems Such as Circuit Complexity, Price,
Heat Generation, and Real-time Restriction. In This Paper, We Propose and Test a Method to
Reduce the Number of Network Connections by Effectively Pruning the Redundancy in the
Connection and Showing the Difference between the Performance and the Desired Range of the
Original Neural Network. In Particular, we Proposed a Simple Method to Improve the Performance
by Re-learning and to Guarantee the Desired Performance by Allocating the Error Rate per Layer
in Order to Consider the Difference of each Layer. Experiments have been Performed on a Typical
Neural Network Structure such as FCN (full connection network) and CNN (convolution neural
network) Structure and Confirmed that the Performance Similar to that of the Original Neural
Network can be Obtained by Only about 1/10 Connection.
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Table 1 The artificial neural network structure used

in this study
name model description
FCN-1 | ® Fully connected 1 layers accuracy >
® input: 28x28 0.90 (1]
® output: 10
FCN-2 | ® 2 Fully connected 3 layers accuracy >
® input: 23x28 0.93 [2]
® 1* hidden: 300
® ?nd hidden: 100
® output: 10
CNN- | ® 2 Convolutional + 1 Fully LecunNet
3 connected [2]
® input: 28x28 accuracy >
® [® CNN: size=3x3, depth=32. 0.98
stride=1x1
® 1% Pooling: size = [2,2], type =
max
® 2" CNN: size = [3, 3], depth =
64, stride=1x1
® 2 Pooling: size = [22], type =
max
® 3 FCN : (7+7+64) x 10
® output : 10
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Fig. 2 The weights pattern of simple two
layer neural network for MNIST
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MLP neural network for MNIST
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