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Abstract:

Recently, deep learning based speech source separation has been evolved rapidly.

A neural network (NN) is usually learned independently of a spatial model. However, a research

question remains whether the NN that is trained such as configuration is really optimal when speech

source separation is performed with the spatial model. In this paper, I will introduce conventional

statistical model based speech source separation and deep learning based speech source separation.

After that, I will introduce four research directions which incorporate a spatial model into the NN

structure.
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