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In this paper, we propose a neural method for detecting errors in Japanese weather forecast manuscripts. First,
we analyze errors in weather forecasts to understand how native Japanese mistake. According to our analysis, we
found native Japanese tend to cause errors in three types: particle error, conversion error and typo. in this paper,
we focus on particle and conversion errors. However, any corpora written by native Japanese are not large enough
for supervised learning. Therefore we use pseudo error corpus to augment training data. We generate pseudo
particle errors by confusion matrix and we also generate pseudo conversion errors by back transliteration. As a
result, we find pseudo corpus is effective for neural error detection for text written by native Japanese.
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orig 0.00 0.00

0.00 0.00

orig+pp* 0.00 00.0

0.00 00.0
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0.26 25.0
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0.01% 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00

0.1% 3.30 30.0 0.00 0.00

0.00 0.00 0.00 0.00

1.0% 0.79 20.0 13.3 20.0

0.00 0.00 16.6 12.5

10.0% 0.90 30.0 8.33 10.0

0.31 12.5 7.14 12.5

20.0% 0.71 30.0 3.03 30.0

0.52 25.0 3.09 37.5

30.0% 0.69 30.0 0.77 40.0

0.49 25.0 1.13 62.5

40.0% 0.74 30.0 1.26 50.0

0.51 25.0 1.47 62.5

50.0% 1.50 30.0 1.24 50.0

1.03 25.0 1.52 62.5
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