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Task Analysis Methods Based on Deep Reinforcement Learning

Abstract

Abstract: In response to the high coupling of task interaction and many influencing factors in task
analysis, a task analysis method based on sequence decoupling and deep reinforcement learning (DRL) is
proposed, which can achieve task decomposition and task sequence reconstruction under complex
constraints. The method designs an environment for deep reinforcement learning based on task
information interaction, while improving the SumTree algorithm based on the difference between the loss
functions of the target network and the evaluation network, achieving the priority evaluation among tasks.
The activation function operation mechanism is introduced into the deep reinforcement learning network,
followed by extracting the task features, putting forward the greedy activation factor, optimizing the
parameters of the deep neural network, and determining the optimal state of the intelligent agent, thus
facilitating its state transition. The multi-objective task execution sequence diagram is generated through
experience replay. The simulation experiment results show that the method can generate executable task
diagrams under optimal scheduling; and it has better adaptivity to dynamic scenarios compared with
static scenarios, showing a promising prospect of widespread application in domain task planning.
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