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WAN Miao' ,REN Jie'” ,MA Miao' ,CAO Rui’
(1. School of Computer Science, Shaanxi Normal University,Xi’ an 710119, China;
2. School of Information and Technology , Northwest University ,Xi’ an 710127 ,China)

Abstract ; Recently , with the outstanding performance of deep learning technology in the field of speech recognition,deep learning—based
speech recognition systems have been widely used in multiple application scenarios such as smart homes, intelligent customer service,
meeting minutes,and real-time translation. However, due to a large number of ethnic groups in China, there are many differences in
language and culture, which is a big challenge to the speech recognition system, especially for short—term speech segment dialect
recognition tasks,the performance of the existing Chinese dialect classification system is still poor. We research and analyze MFCC and
build the dialect classification model based on deep neural network for a dataset of 10 dialects in China. First, we propose a single-task
learning model based on the LSTM ( long short—term memory ) for the three speech features. The single—task model achieves the highest
accuracy of 79.04% compared with the other two feature—based models. Second, we study the geographical features of dialects and
propose a multi—task model that uses the area of the dialect as an auxiliary task and builds a hard parameter sharing based multi—task
learning model. The results show that the performance of this model can achieve up to 79.96% . Finally, due to the hard parameter
sharing cannot effectively lean the correlation between sub —tasks, we propose a sparse parameter sharing based multi - task learning
model. The model uses joint training to automatically learn the correlation between sub —tasks, prune redundant networks, and share
network parameters. Experimental results show that compared with other SOTA method, the multi—task classification model based on
MEFCC features with sparse parameter sharing performs best, with a classification accuracy of 83.59% .
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