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Abstract Neural network encoder-decoder framework has become the popular method for paraphrase generation,
but there are still two problems. On the one hand, there are such issues as inaccurate entity words, unknown words
and word repetition in the generated paraphrase sentences. To solve the first problem, we proposed a multi-
mechanism fused paraphrase generation model to improve the decoder. The copy mechanism was used to copy
words form input sentence for improving the generation of entity and unknown words. The coverage mechanism
was used to model historical attention information to avoid word repetition. On the other hand, the limited-scale
parallel paraphrase corpus limits the learning ability of the encoder. We proposed to jointly learn auto-encoding
task, which shares one encoder with paraphrase generation task. The joint auto-encoding task enhances the learning
ability of the encoder. Experimental results on Quora paraphrase dataset show that the multi-mechanism fused
paraphrase generation model with joint auto-encoding task can effectively improve the performance of paraphrase
generation.

Key words paraphrase generation; auto-encoding; multi-task learning; multi-mechanism fusion; attention
mechanism; copy mechanism; coverage mechanism
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Fig. 1 Paraphrase generation model based on attention mechanism
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Fig. 2 Multi-mechanism fused paraphrase generation model
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Fig. 3 Paraphrase generation model with joint auto-encoding learning task
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Table 3  Experiment results on paraphrase generation
with joint auto-encoding task
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Table 4 Paraphrase examples generated by multi-task learning model

Feis Bzl ]
Reference what can I do with chicken gizzards ?
Input how do you cook chicken gizzards ?
1 AutoEncoder what is the best way to cook chicken gizzards ?
ReversedAutoEncoder how do you cook chicken gizzards ?
"""""""""""""" Reference paraphrase ~~ how do 1 do affiliate marketing withouta website?
Input can we do affiliate marketing without having a website ?
2 AutoEncoder can we do affiliate marketing without having a website ?
ReversedAutoEncoder Is there a way to get affiliate marketing without a website ?
"""""""""""""" Reference ~ whyis therea facial difference in people with different races?
Input why do people from different races or region have different facial features ?
’ AutoEncoder why do people have different facial features in different races ?
ReversedAutoEncoder why do people from different races differ in facial features ?
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