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ABSTRACT: This paper proposes acoustic model training using self-attention for low-resource speech
recognition. In low-resource speech recognition, it is difficult for acoustic model to distinguish certain phones. For
example, plosive /d/ and /t/, plosive /g/ and /k/ and affricate /z/ and /ch/. In acoustic model training, the
self-attention generates attention weights from the deep neural network model. In this study, these weights handle
the similar pronunciation error for low-resource speech recognition. When the proposed method was applied to
Time Delay Neural Network-Output gate Projected Gated Recurrent Unit (TNDD-OPGRU)-based acoustic
model, the proposed model showed a 5.98 % word error rate. It shows absolute improvement of 0.74 % compared
with TDNN-OPGRU model.
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Table 1. Word error rates for the number of self—attention head.
Number of head .
Baseline
Model 40 60 120 150 180 200 (WER.%)
(WER, %) | (WER, %) | (WER, %) | (WER, %) | (WER, %) | (WER, %)
4-gram rescoring 10.26 10.17 9.87 9.83 9.78 9.86 10.55
TDNN-attention
3-gram 16.07 15.94 16.19 15.61 15.71 15.61 17.65
TDNN+OPGRU+ | 4-gram rescoring 9.45 9.13 8.25 8.38 9.45
attention 3-gram 15.22 14.15 12.31 14.09 15.22
Table 2. Word error rate for key/value dimension pair.
Key/value dimension pair
Model 20/80 40/60 50/50 60/40 80/20
(WER, %) (WER, %) (WER, %) (WER, %) (WER, %)
TDNN+OPGRU | 4-gram rescoring 8.24 8.25 8.49 8.25 8.13
+attention
(Num. head=150) 3-gram 12.24 12.31 12.45 12.1 12.22
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Table 3. Experiment results compared with baseline
acoustic models.

Model WER (%)

TDNN 10.55
TDNN+OPGRU 9.45
TDNN+OPGRU+SpecAugment (baseline) 6.72
TDNN-+self-attention 9.78
TDNN-+OPGRU+self-attention 8.13
TDNN-+OPGRU+SpecAugment+self-attention 5.08
(proposed)
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Table 4, Example errors compared with baseline
acoustic model.

Model Example sentences
exl: . AR A E vl 3.
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