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Abstract: Concerning the issue that the convolutional neural network (CNN) accelerator design on most FPGA ends
fails to effectively use the sparsity and considering both bandwidth and energy consumption, two improved CNN
calculation optimization strategies based on linear systolic array architecture are proposed. Firstly, convolution is
transformed into matrix multiplication to take advantage of sparsity. Secondly, in order to solve the problem of large
I/O demand in traditional parallel matrix multiplier, linear systolic array is used to improve the design. Finally, a
CNN acceleration comparative analysis of the advantages and disadvantages between parallel matrix multiplier and
two improved linear systolic arrays is presented. Theoretical proof and analysis show that compared with the parallel
matrix multiplier, the two improved linear systolic arrays make full use of sparsity, and have the advantages of less
energy consumption and less I/O bandwidth occupation.
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