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Backgrounds: RL before LLMs
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Wide applications across various tasks 

Transportation Chip DesignGo Game Urban Planning
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[4] Zheng Y, Hao Q, et al. A Survey of Machine Learning for Urban Decision Making: Applications in Planning, Transportation, and Healthcare. ACM Computing Surveys, 2024.

(Super-) human level performance



Fixed stochastic processes

Backgrounds: policy exploration in RL
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• Lack flexibility: preset stochastic processes applied uniformly across all kinds of tasks without 

any environment-specific design, neglecting the unique characteristics of different tasks.

• Lack adaptability: fail to flexibly adjust the policy exploration strategy based on the agent’s 

real-time learning status, potentially reducing the effectiveness of policy exploration.
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Method: LLM guides policy exploration
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LLMs workflow to analyze the task feature and learning status



Method: LLM guides policy exploration
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Plug-in design that is compatible with various existing RL algorithms



Performance: effective on various tasks
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Performance: compatible with RL algorithms
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Analyses: ablations on workflow design
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• The full design workflow is critical for achieving the best performance.

• Simplify the workflow can reduce computational consumption while 

still maintaining certain performance.
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