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Abstract This paper presents the new method correcting speech recognition errors base on long-distance context.
As in the past, the method which corrects recognition errors using long-distance context information given every
word has been already proposed However, this method has the problem that a context score every word depends
on peripheral recognition errors considerably. So, it is not desirable that long-distance context information is given
the recognition result containing a lot of recognition errors. Therefore, in this paper, recognition errors are reduced
by error correction adopting features of syntax to use context information as one of the feature. And then after
correcting results are given long-distance context score, residual recognition errors are corrected by using that score

as the feature.
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