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Table 3 Experiment results for each error detection model

First step of Second step of
error correction error correction SUB DEL INS | WER [%]
Recognition
result(Baseline) x X 28,446 | 5,453 | 14,751 42.94
N-gram model
correction N-gram model N-gram model 21,322 | 7,227 8,971 33.12
2-step correction Context model
(LSA-CSJ) N-gram model (LSA using CSJ) 18,144 | 10,052 | 5,203 29.48
2-step correction Context model
(NWD-CSJ) N-gram model | (NWD using CSJ) | 16,211 | 13,655 | 4,030 29.92
2-step correction Context model
(NWD-yahoo) N-gram model | (NWD using yahoo) | 20,565 | 10,495 | 5,924 31.86
2-step correction Context model
(NRD-CSJ) N-gram model (NRD using CSJ) 17,734 | 10,349 | 4,944 29.15
2-step correction Context model
(NRD-yahoo) N-gram model | (NRD using yahoo) | 20.877 | 8,033 | 7,732 31.23
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