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Abstract Performance comparison on development trials

Evaluation Results (equalized)

 Main issue of SRE 16 is language mismatch compensation . : : :
e KU-ISPL system uses 4 different i-vectors ( GMM, DNN, Sup- GMM-UBM Performance comparison on Evaluation trials
GMM, BNF) (GU) g g EER . C_ . C. .
T . _ . . : ' : : Fused min ~primary act ~primary
* Conventional domain mismatch compensation techniques were < IDVC Whitening < Interpolated Calibration & _>rl;su|t Primary 11.54 0.6899 12 0722
> 1 . . .
used ( IDVC, Interpolated PLDA) DNN-UBM > Agi L—?f)gth Norm < PLDA Alilﬁlf)n
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" Test Major X 9294 | X 1408 (i-vector and applied techniques) FER L Co Co EER L Co Co + use real gender, language label of minor enroll/test
<Statictics of develonment and ei/maeTl::f:z:n;r;mtt;e;ztpmdocumems'V GU-IDVC-WTLN-IPLDA 18.3927 0.7017 0.7153 18.3720 0.7110 0.7239 * Performance comparison by gender and languages
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BU-IDVC-WTLN-IPLDA 21.0128 0.7404 0.7718 20.5727 0.7418 0.7804 EER 5.12 9.33 12.78 18.72
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