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Modified-Prior PLDA Based Speaker Recognition System

Li Lin® WanLihong® Hong Qingyang® ZhangJdun' Li Ming?
(1 School of Information Science and Technology Xiamen University Xiamen 361005 China
2 SYSU-CMU Joint Ingtitute of Engineering  Sun Yat-Sen University Guangzhou 510006 China)

Abstract To reduce the negative impact on the performance of speaker recognition systems due to the duration mis-
match between enrollment utterance and test utterance a modified-prior PLDA method is proposed The probability
distribution function of i-vector was modified by incorporating the covariance matrix with duration of each utterance
of each speaker during the PLDA training which further improved the discriminant capability of speaker classifica-
tion To evauate the robustness of the proposed modified-prior PLDA method extensive experiments were per-
formed on NIST SRE10 core-core task(female part)in duration mismatch conditions and NIST 2014 i-vector machine
learning challenge Experimental results demonstrated that the duration-based modified-prior PLDA method achieved
better performance compared with the traditional PLDA.
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1 NIST SRE10 core-core EER

Tab.1 EER value of NIST SRE10 core-core

EER/%
Is
PLDA
7.61 3.66 3.38
20 12.39 6.47 6.21
10 17.62 9.80 9.29

2 NIST SRE10 core-core Cnorm
Tab.2 Cnorm value of NIST SRE10 core-core

Cnorm
Is
PLDA
0.2824 0.1901 0.1898
20 0.503 4 0.3195 0.288 3
10 0.605 4 0.4145 0.436 6

NIST 2014 i-vector machine learning chalenge

i-vector
EER
minDCF™
3 4 progress
PLDA EER 3.67%
minDCF 3.39% evaluation
3 NIST 2014 i-vector challenge EER

Tab.3 EER value of NIST 2014 i-vector challenge

EER/%
PLDA
progress 5.16 3.27 3.15
evaluation 4.49 314 312

4 NIST 2014 i-vector challenge minDCF
Tab.4 minDCF value of NIST minDCF 2014 i-vector

challenge
minDCF
PLDA
progress 0.3859 0.3189 0.308 1
evaluation 0.378 2 0.307 6 0.296 6
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