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The Uyghur dialect recognition based on attention mechanism
and causal convolution networks

SUN Jie"?, WANG Hong’, Wushouer Silamu"’

(1. College of Information Science and Engineering, Xinjiang University, Urumqi 830046, Xinjiang, China;
2. Changji University, Changji 831100, Xinjiang, China)

Abstract: Considering that different frame features have different effects on dialect recognition when the traditional
x-vector model is used to generate segment representation of dialect speech, and that Uighur language is an agglutinative
language, a recognition method of Uighur dialect based on attention mechanism and causal convolution network is
proposed. First, the multi-layer causal volume network is used to model the speech sequence, then the dilated convolu-
tion kernel is used to expand the sampling range of the receptive field, and finally the attention pooling is used to obtain
the speech segment features. The experimental results of Uyghur dialect recognition show that the accuracy of the

proposed method is 23.19 percentage higher than that of the standard x-vector model.
Key words: attention mechanism; causal convolution networks; dilated convolution; Uyghur dialect; recognition
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