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A novel convolution calculation algorithm on memory-limited devices
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Abstract; In the prediction process of convolutional neural network, the memory consumption is large
and it is difficult to deploy on memory-limited devices. This paper presents a novel convolution calculation
algorithm for memory-limited devices. In this method, part of data in the input matrix is convolved and
the result is stored in the temporary memory. Then, the calculation result in the temporary memory is
copied to the memory no longer used by the input matrix and the above steps are repeated, so as to realize
the convolution calculation of the input matrix. Finally, the single convolution calculation and LeNet are
verified. The experimental results show that the average memory usage of single convolution calculation is
reduced by 89.29%, 82.60% and 57.15%, and the memory usage of LeNet is reduced by 89.90%,
82.21% and 28.07% compared with im2col, MEC and direct convolution methods, respectively, when
the calculation speed is faster than that of direct convolution method. It effectively reduces the memory
usage of convolutional neural networks, which is helpful for the deployment on memory-limited devices.
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