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Application and Challenges of Large-scale Language Models Such as GPT in the Field of
Power Equipment Condition Assessment
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(1. State Key Laboratory of Alternate Electrical Power System with Renewable Energy Sources, North China Electric Power University,
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Abstract: The impact of large-scale models on the field of electrical engineering will extend to various aspects of in-
dustry, education, and scientific research. To promote a better understanding of large-scale language models among
researchers in the electrical engineering field, in this paper the development history of large-scale language models
such as GPT is introduced firstly. Then, the principles and workflow of GPT are descrbed. After that, the advantages
and limitations of GPT are discussed. Furthermor, the application opportunities of large-scale language models in the
field of electrical equipment condition assessment are analyzed in detail,and the potential problems are also pro-
posed. Finally, further work and development suggestions are proposed in order to better utilize large-scale language
models. The aim of this paper is to provide a reference for the development of large-scale language models in the field
of electrical engineering.
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