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Design and Implementation of Parallel Computing Architecture
Based on Software Definition

NIE Fei, JTIANG Bo
(The 32nd Research Institute of China Electronics Technology Group Corporation, Shanghai 200233)

[Abstract)] In recent years, with the rapid development of Artificial Intelligence ( Al), neural networks have been
widely used in various artificial intelligence fields. However, the demand for computing power is increasing with
the complexity of logic and algorithms. This issueis particularly prominent in resource-constrained embedded
heterogeneous platforms. Therefore, it has become a research hotspot. This paper analyzes the development of
parallel computing engines and software-defined architecture globally, explores the characteristics of software-
defined architecture, and proposes a design scheme for a Parallel Computing Architecture based on Software
Definition (SDPCA). This computing architecture adopts a modular structure of " data-control-capability” and
comprehensively utilizes key technologies of parallel computing architecture such as software-defined resources,
dynamic scheduling strategies, virtualized memory, and operator optimization. These technologies effectively
improve the runtime computational efficiency of SDPCA, providing a lightweight framework with dynamic
reconstruction features. Under the typical hardware conditions of an embedded heterogeneous platform, SDPCA is
tested using neural network convolutional layer computation and model inference. The experimental results show
that the SDPCA function is stable and runs accurately, and that the computational performance of the
convolutional layer is more than four times higher than that of OpenCL. The image inference tests of the four
common neural network models reveal that the recognition efficiency of SDPCA increases by more than 2.6 times
compared to OpenCL and it is more stable in different model calculations. Additionally, SDPCA achieves a
recognition accuracy of over 91. 7% for all four models, with an average inference accuracy improvement of
3.9 percentage points compared with OpenCl.. The functional and performance indicators meet the design
expectations and have certain reference values.

[Key words] neural network; embedded heterogeneous platform; software defined architecture; distributed
computing; operator optimization
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Table 5 Performance test of neural network models

. OpenCL SDPCA
RN YR - -
FER/ms  WERR/ Y FERE/ms  MERRER/ %
ShuffleNet 1 862 90. 3 512 95.1
blazeface 1554 86.7 484 91.7
YOLO-FastestV2 1612 89.9 577 92.5
FastestDet 1740 90. 1 551 93.2
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