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Review of Research on Large Language Model-empowered Reinforcement Learning Agents

ZHOU Xin,CAO Lei,CHEN Xiliang and CAO Yuqing

College of Command and Control Engineering, Army Engineering University of PLA,Nanjing 210007, China

Abstract With the rapid development of the capabilities of large language models(LL1LMs) , the technology of LLM-empowered
reinforcement learning(RL) , which leverages the powerful abilities of LL.Ms in sample processing,reasoning generation,and task
planning, has emerged as a new hotspot in the field of machine learning. This technology provides new ideas for addressing the
challenges faced by RL and enhancing its performance. Firstly, this paper systematically elaborates on the optimization mecha-
nisms of LLMs on the basic elements of RL. from four perspectives:task decomposition and planning,state representation and en-
hancement, reward design and shaping,and policy generation and optimization. It reveals how to integrate LLLMs into RL to im-
prove its performance and analyzes the principles and architectures of the above optimization mechanisms and integration methods
based on the limitations of RL and the capabilities of LLMs. Subsequently,the applications of LLM-assisted RL in the fields of
game Al,robotics,and autonomous driving are introduced. Finally, the main challenges currently faced are summarized,and future
research directions are prospected.

Keywords Artificial intelligence, Reinforcement learning agent, Large language model, Large language model-empowered rein-

forcement learning
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