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A Voiceprint Verification Method Using Multi task Learning Combined

with Frame-Level Feature Prediction
LI Jin
(IFLYTEK Co., Ltd, AnhuiHefei 230088)
Abstract: The current mainstream voiceprint verification algorithms usually use a supervised and discriminative training meth-
od to optimize a neural network, such as Convolutional Neural Network (CNN), Long-Short-Term Memory Network (LSTM),
etc., and then to obtain voiceprint model vectors of utterances containing personalized information through this optimized neural
network, so as to compare the voiceprint similarity of utterances from the same person or different persons. This paper proposes
a multi-task learning training method combined with frame-level feature prediction. By adding an additional neural network
model branch for frame-level feature prediction, the performance of the voiceprint verification algorithm can be improved
through joint training. The experimental results carried out on three testsets of benchmark VoxCeleb show that the method pro-

posed in this paper can effectively improve the performance of the voiceprint verification algorithm.
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