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Research on MLLR Based Speaker Recognition Algorithm

ZHONG Shan' HE Liang' DENG Yan' LIU Jia'

Abstract This paper uses the maximum likelihood linear regression (MLLR) as feature for text-independent speaker
recognition algorithm. We introduce a universal background model (UBM) based MLLRSV-SVM algorithm first, and
then extend the algorithm to multi-class for improvement. After channel compensation, in terms of the NIST 2006 SRE
lconv4w-1convdw/mic corpus, the MLLR based system is comparable with and complementary of the state of the art

systems. The performance is greatly improved by simply linear fusion.
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Fig.1 The decision tree for phoneme clustering
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Table 1 The results of different clusterings
EER (% . . e e
CER ) menn WK BEEE BREE

1% 8.65 9.33 7.43 9.67
0.3912 0.4211 0.3289 0.4338
. 7.43 8.72 6.35 9.17
S
0.3065 0.3738 0.3091 0.4179
7 % 7.83 9.08 7.23 4
0.3236 0.4104 0.3120 0.4321
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Table 2  The results of channel compensation technology
EER (% s . e ey
MinD(COI)?‘ FfEES  FEfEEL BEEY BEEL

7.43 8.72 6.35 9.17
4 /\/‘
EARE 0.3065 0.3738 0.3091 0.4179
7.13 8.35 5.78 8.82
RS + LFA
RERA + 0.3063 0.3251 0.2843 0.3979
7.16 8.42 5.62 8.75
L RS + NAP
ARG + 0.3060 0.3282 0.2785 0.3662
HLRY + LFA+ 6.83 8.12 4.75 8.57
NAP + T-Norm 0.3035 0.3238 0.2591 0.3429
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DA 2 o] 2 PR R A Ja I 45 Rk 3 Bow, b g
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Table 3  The results of fusion system
EER (% - - s s
O mfenn WSk SRS
6.83 8.12 4.75 8.57
MMLLRSV-SVM
0.3035 0.3238 0.2591 0.3429
5.17 7.01 3.55 7.57
GSV-SVM
0.2656 0.3212 0.1726 0.2916
1 . 4.12 .
GMM.UBM 6.17 7.69 5.83
0.3310 0.3698 0.2376 0.2701
4.85 6.31 2.75 4.94
RYER A
PR A 0.2618 0.3176 0.1512 0.2356
4.77 6.14 2.65 4.54
T Z R ER D
SRARS 0.2524 0.2808 0.1364 0.2143
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