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Abstract: The existing poetry generation methods ignore the importance of style. In addition, since there are
the large number of Cipai and phrases in most of Song Ci,it is easy to produce the phenomenon that the con-
text lacks coherence in the process of generating Song Ci sentence by sentence,and there is still space for im-
provement in context coherence. To solve these two problems,based on the encoding and decoding text gener-
ation framework,a sentence representation algorithm based on self-attention mechanism is introduced to cal-
culate multi-attention weight matrix, which is used to extract a variety of important semantic features of
words and sentences,so that the model can pay more attention to the significant information above to improve
context coherence. The conditional variational self-encoder is introduced to transform each Song Ci data into a
high-dimensional Gaussian distribution with different style features in the hidden space,and the hidden varia-
bles are sampled from the respective distributions to control the style of Song Ci. Since the self-constructed
corpus of Song Ci lacks a complete style classification label,a fine-tuning BERT model of Song Ci with style
label is used as a style classifier to label all the data of Song Ci. Based on the above key technologies,the gen-
eration model of Song Ci is realized, which generates euphemistic poetry and bold poetry with coherent con-
text. Compared with the other four benchmark methods,the results show that the sentence representation al-
gorithm with self-attention mechanism and the conditional variation self-encoder have certain improvements
in context coherence and style control.

Key words: conditional variational auto-encoder; Song Ci style; generation of Song Ci; Bi-GRU ; self-attention
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