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ABSTRACT: This paper provides a comprehensive review of
the integration of artificial intelligence (Al) technology and
power electronics design, analyzing the topic from multiple
perspectives including time, technology, and development
trend. First, the impact of key milestones in Al development on
the field of power electronics design is reviewed; then, the
research on Al in power electronics design is classified, and the
requirements, application ideas, and effects of traditional Al,
deep supervised learning, and deep reinforcement learning
algorithms in power electronics design are comparatively
analyzed. Based on this foundation, the paper proposes that the
next stage of intelligent power electronics design needs to
focus on solving the interaction problems between traditional
design tools and Al tools and also between design tools and
humans, and offers several frontier explorations of power
electronics intelligent agents based on large language models;
Finally, several thoughts about this field are provided.
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Fig. 2 Realization process of expert Al
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Table 2 Comparison of characteristics of power electronics design integrated with Al
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