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This is the first attempt to use a multi-source encoder-decoder model for the grammatical error correction task
(GEC). In addition to the possibly erroneous sentence written in a second language, our model uses the sentence
written in the mother tongue of the learner. With our model, we achieved up to 1.13 GLEU score increases than
the single source baseline model.
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GLEU (%)

59.65 58.21

baseline 60.59 58.76

Multi-source-sum 61.41 59.54

Multi-source-hier 61.92 59.89

34.33 33.42

4:

1

Please correct in writing .

Please correct my writing .

Please correct in writing .

:sum Please correct my writing .

:hier Please correct my writing .

2

I am leaving in Tokyo .

I am living in Tokyo .

I am leaving in Tokyo .

:sum I am living in Tokyo .

:hier I am living in Tokyo .
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∗3 https://cloud.google.com/translate/?hl=ja
∗4 http://taku910.github.io/mecab/
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