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Ht&0l| AF2 2l 2 = O|0|E] Librispeech(LS-960) thet
2N O 2 LibriVox(LV-60k)Y o] M= Xt0|

Unlabeled dev test
Model data LM clean other clean other
10 min labeled
Discrete BERT [4] 1.S-960 4-gram 15.7 24.1 16.3 25.2
BASE L.S-960 4-gram 8.9 15.7 9.1 15.6
Transf. 6.6 13.2 6.9 12.9
LARGE L.S-960 Transf. 6.6 10.6 6.8 10.8
LV-60k Transf. 4.6 7.9 4.8 8.2
1h labeled
Discrete BERT [4] L.S-960 4-gram 8.5 16.4 9.0 17.6
BASE L.S-960 4-gram 5.0 10.8 5.5 11.3
Transf. 3.8 9.0 4.0 9.3
LARGE L.S-960 Transf. 3.8 7.1 3.9 7.6
LV-60k Transf. 2.9 5.4 29 5.8
10h labeled
Discrete BERT [4] L.S-960 4-gram 53 13.2 5.9 14.1
Iter. pseudo-labeling [58] LS-960  4-gram+Transf. 23.51 25.48 2437 26.02
LV-60k 4-gram+Transf. 17.00 19.34 18.03 19.92
BASE L.S-960 4-gram 3.8 9.1 4.3 9.5
Transf. 2.9 7.4 3.2 7.8
LARGE L.S-960 Transf. 2.9 5.7 3.2 6.1
LV-60k Transf. 2.4 4.8 2.6 4.9
100h labeled
Hybrid DNN/HMM [34] = 4-gram 5.0 19.5 5.8 18.6
TTS data augm. [30] - LSTM 4.3 13.5
Discrete BERT [4] L.S-960 4-gram 4.0 10.9 4.5 12.1
Iter. pseudo-labeling [58] LS-860  4-gram+Transf. 4.98  7.97 559 8.95
LV-60k  4-gram+Transf. 3.19 6.14 372 711
Noisy student [42] LS-860 LSTM 3.9 8.8 4.2 8.6
BASE L.S-960 4-gram 2.7 7.9 3.4 8.0
Transf. 2.2 6.3 2.6 6.3
LARGE L.S-960 Transf. 2.1 4.8 2.3 5.0
LV-60k Transf. 1.9 4.0 2.0 4.0
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