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An end-to-end speech recognition model combining RNN-T and BERT
GUO Jiaxing, HAN Jiging
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] The end—to—end speech recognition model has become one of the most popular speech recognition models due to its
simple structure and easy training. However, it usually needs a large number of speech—text pairs for the training of an end—to—end
speech recognition model to achieve a better performance. In practical applications, it is very laborious and expensive to collect a
large number of the paired data, resulting in the model cannot be widely used. This paper proposes a method of combining the
Recurrent Neural Network Transducer (RNN-T) model with the Bidirectional Encoder Representations from Transformers ( BERT)
model to solve the above problems. It replaces the prediction network part in the RNN-T with the BERT model and fine—tunes the
entire network, thus the RNN-T model effectively uses linguistic information to improve model recognition performance. The
experimental results on the Chinese mandarin data set AISHELL-1 show that, compared with the baseline system, the system using
the proposed expansion method achieves better recognition results.
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Fig. 2 Traditional speech recognition model structure diagram
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Fig. 3 RNN-T model combined with BERT
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Tab. 1 Experimental results on the AISHELL-1 data set
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