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Deep reinforcement learning model in heuristic coaching scenario

Tang Yin, Wang Wen, Huang Shuqiang
(School of Management, Jinan University, Guangzhou 510632, China)

Abstract: By combining the concept of the learning zone in cognitive science, this paper constructs a network
of question-base, where the cut set is made based on the behaviors of specific learners, for heuristic scenarios. A
deep reinforcement learning model to make the best recommendation for learners is then proposed. The model
is trained with the learner’s behavior under the control of the recommendation deviation factor, to export the
best recommendation of content. A comparative experiment proves the model can effectively solve the unstable
problem of the correct rate and outperforms the control group. The model imitates the thinking pattern of an
experienced teacher, extracts valid implicit information in the historical answering data, and recommends the

best exercises for the learner. The model can also be widely used in similar guidance scenarios.
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Fig. 1 The process of obtaining a diagram of a topic to be selected
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