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Abstract: The " cocktail party problem" is still a very challenging problem in the field of speech processing. The core of the problem is
briefly ,including spectral subtraction, Wiener filtering, and computational auditory scene analysis. Secondly, the deep learning based

the separation of multi—speaker speech. At present,the research on the above issues has made great progress,but it lacks a systematic,
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concise analysis and summary. The solutions of the " cocktail party problem" are focused on and the development of multi—speaker

speech separation methods in the field of speech processing is summarized. Firstly,the classic speech separation methods are analyzed
(=]

speech separation methods are analyzed in—depth, including the auditory methods and deep audio-visual methods, and particularly reviews

the new development of deep audio—visual models. Thirdly,the commonly used audio-visual datasets are reviewed. At the end, deep

audio—visual models to solve the cocktail party problem and current challenges are reviewed ,and the future directions of research are dis-
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