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Abstract

With the rapid advancement of artificial intelligence (AI) technologies and embedded hardware,
embedded Al systems—such as mobile robots, autonomous vehicles, and spaceborne unmanned
aerial vehicles—are becoming increasingly significant in key domains including industrial automa-
tion, transportation, and aerospace. As intelligent real-time systems integrating heterogeneous
processing units such as CPUs, GPUs, and NPUs, their core mission is to execute computationally
intensive deep neural networks (DNNs) to achieve complex functions such as environmental per-
ception and decision control, all under stringent temporal constraints and resource limitations.
From the perspective of accelerating and optimizing neural network inference on embedded sys-
tems, this paper provides a comprehensive analysis of the current research progress at home and
abroad, focusing on three major aspects: DNN model lightweighting, inference acceleration optimi-
zation, and dynamic task scheduling.
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Figure 1. Dynamic neural network-based workload adjustment method
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