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High-efficiency Intelligent Computing System for Hypersonic Aircraft

XU Yongjun, LIU Hangda, AN Zijia, DIAO Boyu
(Institute of Computing Technology, Chinese Academy of Sciences, Beijing, 100190)

Abstract: This article takes the real-time intelligent reconnaissance of the American "Black Swift" hypersonic intelligent aircraft
as an example to analyze the demand for strong real-time, high-energy efficiency intelligent computing of typical intelligent
hypersonic vehicles. On this basis, it analyzes in detail how to build a strong real-time, high-energy efficiency intelligent computing
system for intelligent hypersonic vehicles from three levels: intelligent model lightweight, software and hardware collaborative
compilation and optimization, and ultra-heterogeneous integrated computing hardware. Furthermore, a system integration example is
provided to illustrate the practical application of these principles. In the future, with the loading of the strong real-time, high-energy
efficiency intelligent computing system, intelligent hypersonic aircraft will be more autonomous, reliable and capable of group
collaboration, and will drive the intelligent upgrade of aerospace cross-domain flight and global rapid transit.
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Tab.1 Representative pruning methods for different deep learning models
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Tab.2 Representative quantization methods for different deep

learning models
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Tab.3 Impact of hardware-software co-optimization on inference

performance
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Fig.1 Schematic of ultra-heterogeneous integrated system
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Tab.4 Performance evaluation of multi-task inference on ultra-heterogeneous integrated hardware platforms
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