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Keyphrase extraction for legal questions based on sequence to sequence model
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Abstract: Traditional keyphrase extraction algorithms cannot extract keyphrases that have not appeared in the text. There-
fore, traditional algorithms perform poorly on the task of extracting keyphrases from legal questions (short texts). In this paper,
we propose a sequence-to-sequence (seq2seq) model based on reinforcement learning to extract keyphrases from legal ques-
tions. First, the encoder compresses the semantic information in the given question text into a dense vector. Then, the decoder
automatically generates the keyphrase based on the encoder output. As the order of the generated keyphrases has no effect
on the final effect, we use reinforcement learning to train our model. The proposed model combines the strengths of rein-
forcement learning in decision-making and the advantages of seq2seq models in long-term memory. The experimental results
demonstrate that the Seq2Seq model with reinforcement learning can achieve the state-of-the-art performances on real-world
data sets.
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