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Parallel Asymmetric Dilated Convolution Module

ZHANG Zhi-Jie, YU Fei, GE Qing-Qing, ZHAO Bao-Qi, SUN Jun-Mei, LI Xiu-Mei
(School of Information Science and Technology, Hangzhou Normal University, Hangzhou 311121, China)

Abstract: Creating a convolutional neural network consumes substantial human resources, and much computing power is
needed during training. The application of dilated convolution instead of the pooling operation in the convolutional neural
network can considerably increase the receptive field and reduce the computational complexity, but the dilated
convolution will bring about the loss of spatial hierarchy and information continuity. This stud}?f‘ pfoposes a parallel
asymmetric dilated convolution module, which can fill in the information lost by“dilated convolution‘and be embedded in
the current convolutional neural networks to replace the 3%3 convolution for network training. As a result, network
convergence is accelerated and network performance is improved.' The experimental results show that the proposed
module can significantly improve the classification of various classical networks on CIFAR-10 and other data sets.

Key words: deep learning; dilated conyolution; asymmetric convolution; receptive field
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