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Grammatical error correction based on Back-translation
DENG Junfeng, ZHU Conghui, ZHAO Tiejun
(School of Comquter Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] At present, the scale of " error—correction" parallel corpus for grammatical error correction is limited, which brings
direct difficulties to the application of machine translation approachs in this task. To alleviate this problem, We synthesize pseudo "
error—correction” parallel sentence pairs based on back—translation method. In order to introduce a variety of grammatical errors, we
construct pseudo parallel sentence pairs by using sampling decoding in the back—translation, and we compare the effects of pseudo
data synthesized by using different decoding strategies on training forward grammatical error correction model. The experimental
results on CoNLL-2014 Test Set show that the proposed method can synthesize effective pseudo sentence pairs and improve the
performance of grammatical error correction.
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