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Abstract: As one of the most important methods in speaker verification, the identity-vector (i-vector) approach can
obtain effective low-dimensional i-vector by learning the total variability space (TVS). However, when there is no sufficient
development data, it will lead to a large error in the learned TVS model. Meanwhile, it is difficult to determine whether
there is redundancy in the learned TVS due to the high preset dimension. To solve the above problems, the Bayesian princi-
pal component analysis (BPCA) is introduced into the learning of the TVS. And this proposed method can introduce more
prior information into the TVS to supply more information. Additionally, under the constraint of prior information, the influ-
ence of invalid dimension in the TVS can be weakened. The experimental results show that when the development data is in-
sufficient, the BPCA method can effectively improve the performance compared with the traditional TVS learning methods.
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