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Abstract

In this paper, we proposed a way to improve function of small scale GP-GPU. Instead of using superscalar
which increase scheduling-complexity, we suggested the application of simple core to maximize GP-GPU
performance. Our studies also demonstrated that simplified Stream Processor is one of the way to achieve
functional improvement in GP-GPU. In addition, we found that developing of optimal thread-assigning method
in Warp Scheduler for specific application improves functional performance of GP-GPU. For examination of
GP-GPU functional performance, we suggested the thread—assigning way which coordinated with Deep-Learning
system; a part of Neural Network. As a result, we found that functional index in algorithm of Neural Network
was increased to 90%, 98% compared with Intel CPU and ARM cortex-A15 4 core respectively.
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