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ABSTRACT: In this paper, we adopt a transformer that shows remarkable performance in natural language
processing as an acoustic model of hybrid speech recognition. The transformer acoustic model uses attention
structures to process sequential data and shows high performance with low computational cost. This paper
proposes a method to improve the performance of transformer AM by applying each of the four algorithms of
sequence discriminative training, a weighted finite-state transducer (WFST)-based learning used in the existing
DNN-HMM model. In addition, compared to the Cross Entropy (CE) learning method, sequence discriminative
method shows 5 % of the relative Word Error Rate (WER).

Keywords: Speech recognition, Transformer, Sequence discriminative training, Weighted finite state transducer
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Fig. 1. (Color available online) The architecture of
transformer—based AM.

Table 1. Model architecture for transformer acoustic
model (AM),

Units
Attention layer dimension 512
Encoder layer dimension 2048
Attention head 8
Encoder FFN hidden unit 2048
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Table 2, WERs (%) on Librispeech for each lattice—
based sequence training method.

test-clean
CE 7.62
MMI 7.45
sMBR 7.32

Table 3. WERs (%) on HD—100h for each lattice—
based sequence training method.

HD-100h test
CE 5.52
MMI 5.72
BMMI 5.65
sMBR 5.58

Table 4. WERs (%) on 7 different word count sec—
tions of Librispeech,

word count CE MMI
1~5 10.02 10.51
5~10 9.22 9.39
10~20 7.80 7.66
20~40 6.88 6.87
40 ~ 60 7.05 6.92
60 ~ 80 7.89 7.75
80~ 10.08 10.08
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Table 5. WERs (%) on HD—100h for LF—MMI se—
quence training method.'®

HD-100h test
CE 5.52
LF-MMI 5.20

Table 6. WERs (%) on Librispeech for CE, sMBR and
LF—MMI,

test-clean
CE 7.62
sMBR 7.32
LF-MMI 7.20
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