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Abstract Paraphrase generation refers to generate different expressions with the same meaning in the same language.
Neural network encoder-decoder framework has became the popular method for paraphrase generation, but there are
still two problems. On the one hand, there are such problems as inaccurate entity words, unknown words and word
repetition in the generated paraphrase sentences. To solve these problems, this paper proposed a mul-ti-mechanism
fused paraphrase generation model that improves 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. This paper 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.
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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 1 Data statistical information for paraphrase generation task and auto-encoding task
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Table 2 Experiment results on multi-mechanism fused paraphrase generation model
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Fig. 4 Statistical information of reducing repeated words with coverage mechansim
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Table 3 Experiment results on paraphrase generation with joint auto-encoding task

et ROUGE-1 ROUGE-2 BLEU METEOR
FEL R 61.63 36.50 45,01 31.48
AutoEncoder 62.57 37.80 45.83 32.02
ReversedAutoEncoder 62.95 (1.321) 3854 (2.041) 46.13 (1.121)  32.10 (0.621)
Zichao Li et al., 2017122 63.71 3755 42.33 31.54

Gupta et al., 2017131 - -- 38.3 33.6
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from different races or region have different facial features ?” 1 “why do people from different races differ in
facial features ?” 1, BRI AHIE “different facial features” 4 lyz5hinljiiE “differ in facial features ?”,
FER) T RIB AR AT PR LA BOR AR, BE— B IRAIE T A SO SRR 1A Rk
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Table 4 Paraphrase examples generated by multi-task learning model

. Reference

what can | do with chicken gizzards ?

Input how do you cook chicken gizzards ?
AutoEncoder what is the best way to cook chicken gizzards ?
ReversedAutoEncoder how do you cook chicken gizzards ?

. Reference paraphrase

how do | do affiliate marketing without a website?

Input can we do affiliate marketing without having a website ?
AutoEncoder can we do affiliate marketing without having a website ?
ReversedAutoEncoder Is there a way to get affiliate marketing without a website ?

. Reference

why is there a 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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