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Abstract

The use of deep neural network (DNN) models has improved the performance of many applications. To get the better
performance, research on the DNN model itself is actively progressing, but research on a system that can perform this efficiently
is relatively insufficient. In order to satisfy the high recognition success rate and the requirements of various applications,
various types of DNN models are used inside embedded systems such as robotics and autonomous vehicles, and the number
itself is increasing. Therefore, when a DNN accelerator such as a GPU is shared and used by multiple applications, a
performance bottleneck due to the GPU is bound to appear. In this paper, to solve this problem, we propose a scheduling
framework that can utilize both CPU and GPU for DNN model computation. This technique uses a method of minimizing data
transmission overhead between cores of different types by selecting a core type suitable for the computational characteristics
of each layer of DNN models. As a result of experimenting with the proposed technique on an actual commercial board, it is

up to 71.1% higher than before applied.
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Table2.

512-Core Volta GPU/64 Tensor Cores

GPU 11 TFLOPS (FP16), 22 TOPS (INT8)

8-Core ARM v8.2 64-Bit CPU,

CcPu 8MB L2 + 4MB L3

32GB 256-bit LPDDR4x, 137GB/s,

Memory 32GB eMMC 5.1 (Storage)

® 3

Table3.

AAH AZEQ0 ¥ YF2E
System software and workloads.

Linux kernel version 4.9.140

System SW CUDA 10.0, cuDNN v7

Rodinia: streamcluster, b+tree, gaussian,
myocyte, kmeans, lavaMD, nn, nw, pathfinder

Workload Synthetic workload

AlexNet, DenseNet201, ResNetl152, Vggnetl6
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