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ABSTRACT

Currently, Artificial Intelligence and Deep Learning are rising as hot social issues, and these technologies are
applied to various fields. A good method among the various algorithms in Artificial Intelligence is Convolutional
Neural Networks. Convolutional Neural Network is a form that adds Convolution Layers to Multi Layer Neural
Network. If you use Convolutional Neural Networks for small amount of data, or if the structure of layers is not
complicated, you don’t have to pay attention to speed. But the learning should take long time when the size of the
learning data is large and the structure of layers is complicated. In these cases, GPU-based parallel processing is
frequently needed. In this paper, we developed Convolutional Neural Networks using CUDA, and show that its
learning is faster and more efficient than learning using some other frameworks or programs.
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Fig. 1 Structure of CNN for MNIST Dataset test
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Table. 1 Training Time (1 Epoch)

. Time ()
Kinds Distortion On Distortion Off
Implemented CNN 67.9 50.7
Darknet[11] 72.8 56.7
Net (CPU-ver)[12] 180.6 128.7
CUDA-CNN[13] 130.6 115.9
Caffe[14,15] - 78.6
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