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<Abstract>

Performance Improvement of a Text-Independent Speaker
Identification System Using MCE Training

Tae-Jin Kim, Jae-Gil Choi, Chul-Hong Kwon

In this paper we use a training algorithm, MCE (Minimum Classification Error), to
improve the performance of a text-independent speaker identification system. The MCE
training scheme takes account of possible competing speaker hypotheses and tries to
reduce the probability of incorrect hypotheses. Experiments performed on a small set
speaker identification task show that the discriminant training method using MCE can
reduce identification errors by up to 54% over a baseline systeﬁl trained using Bayesian
adaptation to derive GMM (Gaussian Mixture Models) speaker models from a UBM
(Universal Background Model).

* Keywords: Speaker identification, MCE, GMM, UBM.
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