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Research review on optimal allocation schemes for microgrid load based
on large language models

MAO Zhi-zhong', LIU Wen-cheng
(College of Information Science and Engineering, Northeastern University, Shenyang 110819, China)

Abstract: Microgrid load optimal allocation is of great significance for improving the consumption level of distributed
renewable energy and enhancing system operating economy. However, due to the fluctuations in renewable energy
output, load uncertainty, and the coupling characteristics among source, load, and storage, the related optimization
problems are highly complex and uncertain. Large language models (LLM) have demonstrated strong capabilities in
semantic understanding, knowledge extraction, and reasoning generation, thus providing new methodological support
for research on microgrid load optimal allocation. Focusing on the application of LLM in microgrid load optimal
allocation, this paper first introduces the basic architecture and training paradigms of LLM, as well as the research
foundation of microgrid load allocation. Then, in combination with the typical functional division of microgrid energy
management systems, it reviews the application approaches, research progress, and applicable characteristics of LLM in
four aspects: power source dispatch, load forecasting, energy storage management, and demand response. On this basis,
it further analyzes the key issues faced by LLM in microgrid scenarios, including interpretability, multimodal fusion,
real-time performance, privacy, and security, and summarizes corresponding improvement strategies. Finally, future
research directions are discussed, including the development of domain-specific large models for energy systems, the
integration of physical mechanisms with data-driven methods, standardized evaluation, and the expansion of application
scenarios.
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