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Table 1 PERs [%] on non-dysarthric dataset.

| Model | PER [%] |
CE-DNN-HMM 5.8
sMBR-DNN-HMM 5.6
LFMMI-TDNN 4.7
CTC 5.4
attention-s2s 6.1
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Table 2 PERs [%] on dysarthric dataset.

Model | PER [%] |
CE-DNN-HMM 48.4
sMBR-DNN-HMM 44.8
LFMMI-TDNN 35.6
CTC 26.8
attention-s2s 86.5
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Table3 PERs [%] of hybrid CTC/attention models

w/o w/
o RNN-LM | RNN-LM
1.0 (CTC) 26.8 26.1
0.8 274 27.3
0.6 26.3 26.1
0.5 25.7 25.7
0.4 28.2 28.2
0.2 30.5 30.6
0.05 55.4 57.6
0.0 (attention-s2s) 86.5 86.4
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