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Abstract: The 1 X 1 convolutional filters are widely used in lightweight neural networks and
accounted for a large part of the overall network. Lots of 1 X1 convolutional filters have limited
the compression ratio of the network model. A lightweight neural network model compression
method is proposed, and the network structure is searched. Inspired by the linear phase
characteristic of the FIR filter, the proposed 1 X1 convolution filters also have a linear phase. We
perform experiments on MobileNet to verify the effectiveness of our proposed method. The
genetic algorithm is used to search the optimal ratio of 1 X1 convolution filters with a linear phase
constraint of MobileNet. Then, we adopt the method of weight sharing to accelerate the search
process of genetic algorithms. In addition, the relative fitness is utilized to guide the evolution of
the algorithm. The experiments result show that, in the Cifar10 dataset, after adding linear
phase constraint to MobileNet, the amount of parameter is reduced to 51.24% ., while the
accuracy rate only dropped by 0. 38%. In the ImageNet dataset, the network parameter amount is
reduced to 62.88%, the network top5 accuracy rate is only dropped by 1.44%. The 1 X 1

convolution filters with the linear phase constraints can further compress the network. The
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network with optimal structure searched by genetic algorithm achieves a higher accuracy rate and

the amount of network parameters is reduced to 83. 54%. The proposed network requires smaller

storage space and has better performance.

Keywords: lightweight neural network; model compression; genetic algorithm; weight sharing
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