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Abstract

With the rapid development of radio and television, digital communication and artificial intelligence technologies, users’ requirements
for audio quality, especially speech clarity in real-time communication, have been increasing day by day. As a key link to improve
speech quality, audio noise suppression technology has undergone a profound transformation from traditional digital signal processing
to deep learning. In recent years, the Transformer model, which has achieved great success in fields such as natural language
processing, has emerged prominently in the field of audio processing due to its strong ability to model long-range dependencies. This

report aims to deeply explore the core technical principles, challenges and broad application prospects of realizing real-time audio
noise suppression using the Transformer model.
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