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Review of Text Generation Based on Deep Reinforcement Learning

ZHAO Tingting, SONG Yajing, LI Guixi, WANG Yuan, CHEN Yarui, REN Dehua
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Text generation tasks require representation of a large number of words or statements and can be modeled as se-
quential decision problems. In view of the excellent performance of deep reinforcement learning in representation and deci-
sion-making, it plays an important role in text generation tasks. The text generation method based on deep reinforcement
learning changes the training mechanism aiming at maximum likelihood estimation and effectively solves the problem of
exposure bias in traditional methods. In addition, the combination of DRL and generative adversarial networks has improved
the quality of text generation and has achieved remarkable results. This review will elaborate the application of DRL in text
generation tasks, introduce the classical models and algorithms, analyze the characteristics of the models, and discuss the
prospects and challenges of the future integration of DRL and text generation tasks.
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Fig.1 Framework of reinforcement learning
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Fig. 3 IRL framework for text generation tasks
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