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Neural Network-Based Poetry Retrieval

Abstract: Chinese classical poetry, with its long history, is one of the representatives of Chinese classical literature
and a treasure of Chinese traditional culture. The study of Chinese classical poetry is an important and meaningful
work in the field of natural language processing. With the development of artificial intelligence, artificial neural
networks have been widely used in the fields of images and texts and have made significant breakthroughs,
providing new ideas and methods for combining artificial intelligence with Chinese classical poetry. To make the
machine understand the rhythm and artistic conception of Chinese classical poetry is a very challenging task, where
the research topic of improving the understanding of poetry by studying the similarity of poetry has been given
significance. Poetry retrieval is a comparison of the content between poetry, finding poems that are similar in
semantics and artistic conception. This requires an in-depth understanding of the content and mood of the whole
poem. Based on hundreds of thousands of ancient poems, this paper uses the recurrent neural network (RNN) to
automatically learn the semantic representation of ancient poems, and designs a variety of methods to automatically
calculate the correlation between two poems to further calculate the semantic distance between them, achieving the
recommendation of poetry. The experimental results of automatic and manual evaluation show that the model can
generate good quality poetry retrieval results.
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