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Abstract Speech isan important means of information transmission and communication, people often use speech as a medium for
exchanging information. The acoustic signal of speech contains a large amount of speaker information, semantic information and
rich emotional information. Therefore. three different directions of speech tasks.speaker recognition (SR),auto speech recogni-
tion (ASR),and speech emotion recognition (SER),are formed. Each of the three tasks uses different techniques and specific
methods for information extraction and model design in their respective fields. Firstly, the historical routes of three tasks at the
early stage of development at home and abroad were summarized. The development of speech tasks was summarized into four dif-
ferent stages. At the same time.the public phonetics features for three speech tasks were summarized. The focus of each type of
feature was explained. Then, with the wide application of deep learning technology in various fields in recent years,the speech
task is well developed. The application of the current popular deep learning model in acoustic modeling was analyzed separately.
The acoustic features extraction methods and technical routes for three different speech tasks were summarized in two ways,su-
pervised and unsupervised. In addition.a multi-channel fusion model based on attention mechanism for feature extraction was pro-
posed. In order to solve three speech tasks at the same time.a multi-task model based personalized was proposed for speech fea-
ture extraction. This paper also proposed a multi-channel cooperative network model. By using this design idea, the accuracy of
multi-task feature extraction can be improved.
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Fig. 1 Generation process of spectrogram
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Fig. 2 Speech feature extraction method based on deep learning
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Fig. 3 Multi-task model based on Tandem
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