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Non-negative Compositional Models and Its Application in Acoustic Source Separation

Zhang Xiongwei', Li Yinan', Shi Wenhua'?*, Hu Yonggang', Chen Xushan®

(1. College of Command Information System, PLA University of Science and Technology, Nanjing, 210007, China;2. Flight In-
structor Training Base, Air Force Aviation University, Bengbu, 233000, China;3. Lab of Political Information, People’s Armed
Police Institute of Politics, Shanghai, 201703, China)

Abstract: Non-negative compositional models are of great importance in the application of artificial intelli-
gence, data mining and intelligent information processing research. They have gradually become one of
the most representative and frequently used models of acoustic source separation in recent years. The em-
bedded additive combination of non-negative components matches well with the characteristic of human
perception. Techniques that make use of non-negative compositional models have been increasingly popu-
lar in acoustic source separation. Starting from the most basic non-negative compositional model, which
is termed as non-negative matrix factorization (NMF), we firstly review the principles of non-negative
compositional model, including the basic problem to be solved, the measurement of objective function and
some typical methods to solve related problems. Based on these principles, we systematically discuss the
variety extensions of NMF designed for particular applications in acoustic source separation. Finally,
some open problems are presented and discussed.
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