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Analysis of unfairness of artificial intelligence-based
speaker identification technology

Shin Na Yeon*, Lee Jin Min**, No Hyeon**, Lee 1l Gu

ABSTRACT

Digitalization due to COVID-19 has rapidly developed artificial intelligence-based voice recognition technology. However,
this technology causes unfair social problems, such as race and gender discrimination if datasets are biased against some
groups, and degrades the reliability and security of artificial intelligence services. In this work, we compare and analyze
accuracy-based unfairness in biased data environments using VGGNet (Visual Geometry Group Network), ResNet (Residual
Neural Network), and MobileNet, which are representative CNN (Convolutional Neural Network) models of artificial
intelligence. Experimental results show that ResNet34 showed the highest accuracy for women and men at 91% and 89.9%
in Topl-accuracy, while ResNetl8 showed the slightest accuracy difference between genders at 1.8%. The difference in ac—
curacy between genders by model causes differences in service quality and unfair results between men and women when
using the service.

Key words : Speaker Identification, Biased dataset, Al Fairness, CNN, VoxCelebl
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