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Explore the low-resource iterative paraphrase
generation enhancement method

ZHANG Lin, LIU Mingtong, ZHANG Yujie, XU Jin’an, CHEN Yufeng
(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)

Abstract: Paraphrase generation aims to convert a given sentence into semantically consistent different sentences with-
in the same language. At present, the success of deep neural network-based paraphrase generation models depends on
large-scale paraphrase parallel corpora. When faced with new languages or new domains, the model ’s performance
drops sharply. We propose a low-resource iterative paraphrase generation enhancement method faced with this dilemma,
which maximizes the use of monolingual and small-scale paraphrase parallel corpora to train the paraphrase generation
model iteratively and generate paraphrase pseudo data to enhance the model performance. Furthermore, we propose a
pseudo data screening algorithm based on fluency, semantic similarity, and expression diversity to select high-quality
paraphrased pseudo data in each round of iterative training of the model. Experimental results on Quora, a public data-
set, show that our proposed method exceeds the baseline model in semantic and diversity indicators using only 30% of
the paraphrase corpus, which verifies the effectiveness of the proposed method.

Keywords: low-resource; iterative; paraphrase generation; data enhancement; screening algorithm; neural networks

model; encoder-decoder; attention mechanism
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Fig.1 Framework of iterative paraphrase generation en-
hancement method
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Table 2 Evaluation results of iterative paraphrase generation enhancement method
T AR BLEU R-1 R-2 R-L METEOR Syn-TED
(1310 N=0 28.74 59.18 35.12 61.39 34.36 11.32
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Table 3 Evaluation results of paraphrase generation models

i BLEU R-1 R-2 R-L METEOR Syn-TED
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Table 4 Ablation experiments
iRl BLEU R-1 R-2 R-L METEOR Syn-TED
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Table 5 Monolingual data domain evaluation results
¥de% BLEU R-1  R2 R-L  METEOR
Train 4.67 27.72  7.51  30.73 16.36
+Quora 4.53 2825 7.69 3132 16.67
+Wiki 5.56 3193  9.00 34.99 19.30
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Table 6 Examples of generated paraphrases

AR What happens to a question on quora if it is marked as needing further improvement ?
ik %% ) Do quora users still see questions that are marked as needing improvement ?
Why my answer is marked as needing imrovement ?
N=0 Why my question was marked as needing imrovement ?
What happens to a question on quora if it was marked as needing further improvement ?
What happens to a question on quora if it is marked as needing further improvement ?
What is the solution for quora marking your every question on quora ?

N=3 What happens to a question on quora if it is marked as needing improvement ?

What happens to a question on quora if it is marked as needing further improvement ?

Why does quora mark my questions as needing improvement ?
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