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20 BAGEMH O RERIPEBLERE X 2 21283 2 AT 7 v ONERAHBIRE
RG MC WS MEN RW  micro ¥
Character-RNN (MIMICK) 0.428 0.394 0.397 0.390 0.335 0.371
Character-CNN (GWR) 0.413 0392 0.409 0409 0.342 0.384
Bag of N-gram (BoS) 0.734 0.663 0.550 0.644 0.218 0.481
Subword-RNN 0.744 0.782 0.661 0.694 0.398 0.583
Character-RNN (MIMICK) + Global 0.534 0.330  0.403  0.470  0.340 0.417
Character-CNN (GWR) + Global 0.500 0.524 0.421 0.460 0.355 0.419
Bag of N-gram (BoS) + Global 0.743  0.707 0.493 0.627  0.227 0.472
Subword-RNN + Global 0.785 0.809 0.703 0.720 0.391 0.598
fastText 0.821 0.808 0.716 0.754 0.481 0.651
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