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Abstract

tions,a new speaker recognition algorithm based on deep learning is proposed and then deployed on an embedded

Due to the low accuracy of speaker recognition for short-term speech or under overlapping noisy situa-

device.The encoding layer and loss function are the two aspects to improve the speaker recognition system in robust-
ness.For the encoding layer, the NeXtVLAD technique based on differential encoding is used to model both static
and dynamic speaker features at frame level. For the loss function, the cosine-prototypical loss function based on
small-sample learning framework is fused with the additional margin classification loss function AM-Softmax to train
the speaker recognition model, which enables the model to collect similar features and separate dissimilar features as
much as possible in the feature space.Then the improved speaker recognition algorithm is deployed on the Raspberry
Pi platform to realize speaker recognition with fast inference.The experimental results illustrate that the system can
accomplish speaker recognition in real time and accurately under various open set scenarios,and meet the require-
ments of practical applications.

Key words deep learning; open set; short-term speech ; speaker recognition ; differential encoding; NeXtVLAD;
Raspberry Pi( RPi)



