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Generating Tibetan Poems with Attention Encoder-Decoder Model
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(1. Qinghai Normal University Tibetan Information Processing Key Laboratory of Ministry of Education,
2. Provincial Key Laboratory of Qinghai Normal University of Tibetan Information Processing with Machine
Translation. Xining, Qinghai, 810008)

Abstract : The automatic writing of text is an important research field in natural language processing. The text generation
result can be improved by Artificial Intelligence. At present, the mainstream generation method is based on the deep learning
method. In this paper, an end-to-end model based on attention is proposed to generate Tibetan poems. The method is built on
an end-to-end basis and does not require any artificial feature set work. The basic framework is a BiLSTM encode-decode
model. Based on this, Tibetan word embedding, attention mechanism and multi-task learning are gradually introduced. The
experimental results show that the BLEU and ROUGE values of the method proposed in this paper can reach 59.27% and
62.34% respectively.
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