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Abstract

Music source separation technology plays an important role in the music industry. With the de-
velopment of deep learning, music source separation technology has also produced great changes,
from the traditional knowledge-based source separation to data-driven source separation. In this
paper, music source separation based on deep learning is divided into music source separation
based on frequency domain and music source separation based on time domain. The principles,
advantages and disadvantages of these deep learning models are discussed, and the development
history of music source separation data sets is introduced. Finally, the further development of music
source separation technology is prospected.
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