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Table 2 HiFEH & 3 D R o Bl

SUB | DEL | INS COR | WER
CN-oracle 1,807 | 2,172 | 831 | 35,487 | 12.08
CN-best 7,198 | 1,834 | 3,423 | 30,434 | 31.28
Nonsemantic | 6,416 | 2,405 | 2,213 | 30,645 | 27.71
Semantic 6,360 | 2,387 | 2,223 | 30,719 | 27,55
Proposal 6,285 | 2,441 | 2,149 | 30,740 | 27.31
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