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Abstract

In this paper, we propose a method to accelerate convolutional neural network by utilizing a GPGPU.
Convolutional neural network is a sort of the neural network learning features of images. Convolutional neural
network is suitable for the image processing required to learn a lot of data such as images. The convolutional
layer of the conventional CNN required a large number of multiplications and it is difficult to operate in the
real-time on the embedded environment. In this paper, we reduce the number of multiplications through Winograd
convolution operation and perform parallel processing of the convolution by utilizing SIMT-based GPGPU. The
experiment was conducted using ModelSim and TestDrive, and the experimental results showed that the processing
time was improved by about 179, compared to the conventional convolution.
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Table 1. The comparison of the conventional method and

proposed method

E L 71 0 Agke o) Bl
Convolution Proposed
method method
Processing time(ms) 611 506
The number of
. 36 6
multiplication
The number of addition 32 11
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