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GAN Speech Enhancement Algorithm based on Attention
Mechanism and Mask Learning

LI Tongyan, PEI Haoyan, PEI Yan, CHEN Xu, WANG Tao
(College of Communication Engineering, Chengdu University of Information Technology , Chengdu 610225, China)

Abstract : Speech enhancement is one of the important components in automatic speech recognition ( ASR). In recent
years, the modeling capability of generative adversarial networks ( GANs) and their variants in speech enhancement has
been gradually improved. However, they still suffer from weak generalization ability and inability to adapt to low signal-
to-noise ratio environments. In response to this issue, a GAN-based speech enhancement model called Mask-LAGAN,
which combines attention-based bidirectional LSTM (BLSTM) and mask learning, is proposed. The framework innova-
tively designs the speech enhancement mechanism by using BLSTM and attention layers as the generator of the GAN,
and introduces mask learning for spectrum reconstruction. The enhanced signal is obtained by overlaying the filtered sig-
nal with the original signal, followed by input to the discriminator. The two networks engage in a mutual adversarial
training to achieve the goal of speech enhancement. The TIMIT dataset is utilized for comparative evaluation under dif-
ferent signal-to-noise ratio conditions, using speech evaluation metrics such as PESQ, STOI, and CSIG. Experimental
results demonstrate that the proposed model achieves an average improvement of 11. 8% in speech enhancement com-
pared to models like SeGAN.

Keywords : speech enhancement ; generative adversarial networks ; attention-BLSTM ; mask reconstruction ; low signal-to-

noise ratio



