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Speech Emotion Recognition Model Based on Multi-scale Convolution
and Multi-head Self-attention

ZHONG Shanji ZHANG Xuexi CHEN Chujia GAO Xuegiu TAO lJie
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: A speech emotion recognition model based on multi-scale convolution and multi head self attention (MCNN-MHA)
is proposed to address the problem of traditional convolutional neural networks being unable to fully capture temporal and frequency
domain details in speech emotion recognition. Firstly, a multi-scale convolutional neural network is used to convolve the input at
different scales, obtaining features in different time and frequency domains; Then, a multi head self attention mechanism is introduced
to automatically learn relevant and important features in speech signals, and to focus on the subspaces of different features to enhance
the perception ability of important features; Utilize the frequency domain mask and time domain mask in SpecAugment to enhance
data samples and improve the generalization and robustness of the model. The experimental results showed that the MCNN-MHA
model achieved an accuracy of 90.35% on the RAVDESS dataset.
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