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[ Abstract] An efficient convolution calculation optimization method MCFA based on matrix transformation is proposed.
The input matrix is divided into blocks according to the width and the convolution core size of the output matrix. The
input matrix sub-blocks and the core function matrix are transformed by im2col method. The matrix-matrix multiplication
library encapsulated in the Computing Unified Device Architecture ( CUDA ) is used to speed up the convolution
calculation. On this basis, the output sub-blocks are arranged in order,and the complete output matrix is finally obtained.
Experimental results show that this method can save 61.25% of the computing space compared with im2col method,
improve 20.57% of the computing speed compared with MEC method, and relieve the cathe pressure caused by large
input matrix in the case of block,thus improve the cache utilization.
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