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[ Abstract] Speaker verification in voiceprint recognition plays a key role in real-life applications such as human-
computer interaction, medical diagnosis, and online meétings. Speaker embedding techniques based on Deep
Neural Network (DNN) are being increasingly used4n speaker verification tasks. Speaker verification under
Open-Set is a multi-classification task, whichiessentially involves metric learning. The performance of existing
metric learning techniques highly reliestonwlarge batches of high-resolution speech samples with labeled
information. To solve this problem, “thisspaper proposes a minimization same-class distance objective algorithm
based on metric learning. This algorithm based on triplet loss first introduces the octuplet loss, which captures
the relationship between high#résolution and low-resolution speech using four triplet loss terms. It then applies
Hard Sample Mining techniques to select appropriate data triples to improve model classification accuracy. An
online data augmentation strategy is introduced to address the problem of incorrect classification, which is
caused by low-resolution speech in noisy environments, using Room Impulse Response ( RIR) and Music,
Speech, and Noise Corpus (MUSAN) datasets for model data enhancement. Following data enhancement and
after introducing octuplet loss, the algorithm performs fine-tuning training on the Emphasized Channel
Attention, Propagation and Aggregation in Time Delay Neural Network based speaker verification (ECAPA-
TDNN) pre-model. The fine-tuned network can process low-resolution speech information in a noisy
environment and improve model performance. This method can significantly improve cross-resolution speech
recognition performance on multiple datasets without affecting the model’ s performance in processing high-
resolution speech. The Equal Error Rate ( EER) on the VoxCelebl and CN-Celebl datasets reached the
optimal values, which were 1.20% and 1. 61% , respectively.
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Fig.5 Ablation experiment results
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