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Multi channel far field speaker verification using
teacher student deep neural networks
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ABSTRACT: Far field input utterance is one of the major causes of performance degradation of speaker
verification systems. In this study, we used teacher student learning framework to compensate for the performance
degradation caused by far field utterances. Teacher student learning refers to training the student deep neural
network in possible performance degradation condition using the teacher deep neural network trained without
such condition. In this study, we use the teacher network trained with near distance utterances to train the student
network with far distance utterances. However, through experiments, it was found that performance of near
distance utterances were deteriorated. To avoid such phenomenon, we proposed techniques that use trained
teacher network as initialization of student network and training the student network using both near and far field
utterances. Experiments were conducted using deep neural networks that input raw waveforms of 4-channel
utterances recorded in both near and far distance. Results show the equal error rate of near and far-field utterances
respectively, 2.55 % / 2.8 % without teacher student learning, 9.75 % / 1.8 % for conventional teacher student
learning, and 2.5 % / 2.7 % with proposed techniques.
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Fig. 1. General pipeline process of teacher student learning framework for far—field speaker verification.
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Table 1. EER of the baseline and proposed teacher
student based systems (near / far field evaluation). ‘ts’
means teacher student learning, ‘teacher init’ refers to
initializing the student network using learned teacher
network, and ‘student w near refers to using
near-field utterances for student training as well.

Model EER (%, near / far)
baseline 1 (w/o t-s) 32/9.75
baseline 1 + w far 2.55/2.8
baseline 2 (w t-s) 10.5/2.65
baseline 2 + teacher init 9.75/1.8
baseline 2 + teacher w far+
teacher init + student w near 25/27
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