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[ Abstract] Weibo is a mainstream social platform for individuals and organizational-users to share or obtain short real-
time information. The technique of Weibo text generation can help users quickly realize various social intentions on
Weibo.In order to assist.users in publishing blog posts and express social intentions, this paper proposes a Weibo text
generation technology based on user intention, which mines and extracts Weibo text features, and generates Weibo texts
that are consistent with the user intention under a given topic.Using the combination of pre-training language model and
fine-tuning, the text control generation of joint topic and user intention and the text prediction generation with user
dialogue function are realized on the pre-training language model, GPT2. The experimental results show that the
proposed technology can generate texts with high readability and adherence to the language style of Weibo texts. The
manual score of the generated samples combined with the theme and five types of user intention is more than 77 points.
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Table 1 Example of the Weibo text generation process
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Fig.3 Generation sample based on topic
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Fig.4 Generation sample based on topic and user intention
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Fig.5 Generation sample with “@user” dialog function
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