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An intelligent detection method for electrical anomalies with large language models

LIU Tongyang', ZHANG Qiang', HU Xinyu®, XU Xiaoyi’, MAO Yanfang’, LYU Xiaoxiang’,
LI Zhengjia’, SUN Dajun’

(1. China Electric Power Research Institute Co., Ltd., Beijing 100192, China;2. Nantong Power Supply
Company, State Grid Jiangsu Electric Power Co., Ltd., Nantong 226000, China;3. Suzhou Huatian Guoke
Electric Power Technology Co., Ltd., Suzhou 215000, China)

Abstract: Time series analysis is considered extremely important in the industrial field, anomalies in time series can be accurately identi-
fied to effectively improve production efficiency and reduce costs, and for electricity usage, operating costs of power companies are re-
duced and service quality is improved through anomaly detection in users’ electricity consumption time series. With the rapid develop-
ment of large language models, they are being applied to more fields, including time series prediction. A method for anomaly detection of
users’ electricity consumption time series based on large language models is proposed, communication with large language models is
achieved via prompt engineering, the time series is preprocessed so that input data can be understood by the models and the anomaly detec-
tion task can be correctly executed, and experimental analysis on real user electricity consumption data shows that abnormal data can be ef-

fectively detected by the proposed method compared with existing models.

Key words : consumer electricity consumption time series ; anomaly detection of power utility ; large language modeling ; prompt engineering
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Fig. 1 Comparison of soft prompts and hard prompts
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Table 2 Experimental results of prompt engineering-based

power usage anomaly detection model with other models

BER iR AR F1
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Prompt-llama3-8b 0.142 0.275 0.187
Prompt-qwen2-7h 0.134 0.236 0.171
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