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Abstract To solve the topic missing problem of text generated by computers, this paper proposed a new
discourse-level text generation method based on topical constraint. Providing a short topic description, the
approach extracted several topic words from the text, then extended and clustered the keywords to form topical
planning which were used to restrain the generation of each paragraphs. The model improved the attention based
recurrent neural network form three aspects including topic distribution, attention scoring function and topic
coverage generation. In experiments, the proposed method was compared with benchmark models such as Char-
RNN, SC-LSTM and MTA-LSTM on three real datasets, three improvement strategies were verified and analysed
independently. Experimental results show that proposed model is more efficient than benchmark models on human

and BLEU metrics, and the generated text can catch the topic more effectively.
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Fig. 1 Discourse-level text generation framework
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