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FEHERANBER S g E R Bk R R, A METRANREORIFERT ERAEGRBEKR, AR E A=A
Transformer & % 1% 3 B A 69 42 A0 /& 7 B, & 28 71 A3k T i % #F 19 4 % (Connectionist Temporal Classification, CTC) # W 1% &
At EME LA ASEST S REATEERTRS, A EE A =) Transformer decoder #ir N 5> 71 &9 45 4E 45 8 R T 8 B4 ; 3ok
A S B AT FHAEE B L decoder M H T H AP RO LTI L RAEHBR AL S FHFEAH E MK
ERAR TR FHRAEREAML, AP LEFHBEEAISHELL-l EH SRS R I F, M REHZAT £ HHEETF (Real
Time Factor,RTF)0. 0028 #42 #] ik F 55 5 4 4% 4% % (Character Error Rate,CER) 8. 3% 89 iR $1 45 & , /£ & % Z iR F X35 & 7 A
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Non-autoregressive Transformer Chinese Speech Recognition Incorporating Pronunciation-
Character Representation Conversion

TENG Sihang, WANG Lie and LI Ya

School of Computer, Electronics and Information, Guangxi University, Nanning 530004, China

Abstract The Transformer based on self-attention mechanism shows powerful model performance in speech recognition tasks,
where the non-autoregressive Transformer automatic speech recognition model has a faster decoding speed compared with the au-
toregressive model. However, the increase in speech recognition speed causes a larger decrease in accuracy. To improve the accu-
racy of the non-autoregressive Transformer speech recognition model, the frame information merging based on connectionist tem-
poral classification(CTC) is introduced firstly,which fuses the speech high-dimensional representation in the frame width range
to improve the problem of incomplete feature information in the non-autoregressive Transformer decoder input sequences. Secon-
dly. pronunciation-character representation conversion is performed on the model output,and the pronunciation representation is
converted into an output containing more character features by fusing contextual information on the pronunciation features of the
decoder output,thus improving the recognition error problem of the model with different characters in the same pronunciation.
Experiments on the Chinese speech dataset AISHELL-1 show that the proposed model achieves a recognition speed of real time
factor(RTF) 0. 0028 and recognition accuracy of 8. 3% character error rate(CER) ,demonstrating strong competitiveness among
many mainstream Chinese speech recognition algorithms,

Keywords Speech recognition, Transformer, Non-autoregressive, Self-attention mechanism,Representation conversion
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Table 3 Partial recognition results
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Table 4 Comparison of ablation experiments
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Table 5 Comparison with other models
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