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Abstract: Social media negative public opinion events can have a tremendous adverse impact during their dissemi-
nation process. To intelligently and rapidly generate positive public opinion texts for resolving negative emotions
and alleviating public opinion pressure, a new method of generating sentiment texts based on the large language
generation model (ERNIE-GEN) was proposed. Firstly, an emotion classifier was constructed based on RoBERTa
model to identify and classify the emotion polarity of public opinion texts, and obtain positive, neutral and negative
emotion texts. Then, the TextRank algorithm is used to extract the key themes of different emotional texts and de-
pict the public opinion events corresponding to the current theme. Next, the positive theme and emotion text were
put into the ERNE-GEN model for training, and the positive public opinion text generation model was obtained. Fi-
nally, the topic words of negative public opinion events were input into the model to generate positive public opin-
ion event text. Taking the "doctor" theme public opinion event during the "violent assault on doctors incident at a
certain hospital" as an example, positive public opinion event texts were generated according to the negative public
opinion event theme, which were used to alleviate and dilute hot public opinion and divert public attention. The ex-
perimental results show that the proposed method has a very good effect in guiding online public opinion.
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