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Abstract [Purpose/Significance] With the development of information technology and artificial intelligence,
big data-driven auxiliary decision-making methods are more scientific and accurate. Reinforcement learning, as a
classical method of sequential decision making, has obvious advantages in decision optimization. However, the
traditional methods cannot solve the multi-level and multi-objective decision-making optimization problem,
especially in the long-term decision-making optimization problem, the lag of learning reward seriously restricts the
efficiency of reinforcement learning. [Design/Methodology] This paper proposes a hierarchical decision-making
optimization method based on multi-agent reinforcement learning. The idea of goal decomposition is applied to
solve the long-term decision-making optimization problem. Based on reinforcement learning theory, multi-agent
with hierarchical relationship cooperates with each other and uses neural network to build models. The upper agent
learns the decomposition strategy of goals, the lower agent learns the action strategy to complete goals. And the
agent parameters are updated alternately, learn the best strategy to complete team tasks together and realize
decision optimization. [Conclusions/Findings] The effectiveness and superiority of this method are verified in the
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experiment of clinical medical decision optimization, which can provide theoretical and methodological support for
solving the long-term sequence decision optimization problem.
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