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A Complex Gradient Analysis and Utilization Method to Enhance
Learning Performance of Convolutional Neural Networks
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A convolutional neural network(CNN) is a deep neural network which is composed of many layers with
convolution filters and sub-sampling operations. Because such complex structure of CNNs makes its effective train
difficult, it is necessary to study more complicated and stable methods to train the CNNs than the existing ones.
Therefore, in this paper, we introduce various methods utilizing gradients complicatedly and propose a new optimizer
for CNNs, called CGAU-CNN, based on the methods. In the practical experiments, we trained two CNN models, i.e,
ResNet and DenseNet, by utilizing CGAU-CNN and evaluated its image classification accuracy. As a result, we
found that CGAU-CNN could train them with faster convergence and better accuracy than the existing optimizers

such as Adam.
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Fig. 1. General architecture of convolutional neural networks
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Table 2. Final test accuracy results of ResNet-18 and
DenseNet-169 evaluated at epoch 200
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