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Speaker Recognition Based on FVYQMM

Yang Yan', Zhao Li’

(1. School of Automobile Engineering. Yancheng Institute of Industry Technology. Yancheng, 224005, China;

2. School of Information Science and Engineering, Southeast University, Nanjing, 210096, China)

Abstract; In order to further improve the performance of speaker recognition system based on the GMM
independent of text, a new speaker recognition method is applied to the speaker recognition system with
small samples and text independent. Aiming at the large quantity demanded of training data during the
modeling of the GMM, the advantages of the fuzzy-set theory, vector quantization and the GMM are con-
sidered. Then through replacing the output probability function in the traditional GMM with the error
scale of the fuzzy VQ, the requirements of the training data amount are reduced while improving the ac-
curacy and recognition speed of the model. Meanwhile as a result of the fuzzy-set theory playing a role of
"plastic date", the similarity in the data of the target speakers is enhanced. Experimental results exhibit
that the speaker recognition system of the method for the small sample data, achieves a superior recogni-
tion performance than the traditional speaker recognition system based on the GMM.

Key words: speaker recognition; fuzzy-set theory; vector quantization; Gaussian mixed model
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&1 GMM FERHEANFHPHIRAER
Table 1 Average speaker recognition rate of GMM algorithm

R B /s LN
3 6 10 16 18 20 25
10 & 5 & 5 & 5 0.432 0.689 0.753 0.779
20 A S & 5 B & 5 B 0.792 0.821 0.882 0.872
30 & 5 & 5 0.774 0. 845 0.882 0.932 0.882
40 & 5 0.782 0.877 0. 886 0.920 0.965 0.935

£ 2 FVQMM FiEmitiE AN EHPHRZRE (AR A 32)
Table 2 Average speaker recognition rate of FVQMM algorithm (Codebook size is 32)

NS e Y — BT
3 6 10 16 18 20 25
10 0.574 0. 644 0.674 0. 889 0.732 0.753 0.579
20 0.774 0. 864 0. 894 0.929 0.925 0.925 0.782
30 0. 876 0.892 0.913 0.936 0.928 0.920 0. 887
40 0.905 0.923 0.937 0. 950 0.943 0.932 0.922

T A 2 Rl LUA R AR R LA B GMMLTE VI ZR 8 2 40s . 18001 eR ROk 20 1
PRI 96,50 . 1l FVQMM [ i bF 45 5 9500, A 1k GMM ) fi b 25 28 A0 U2 25 1 R 800 4%
Py FVQMM 45 R W] 8 4T GMM. i H . 25 1 25 8 B0 il 5% ek B0l & S 80k 3,6 10 1t
GMM Il 2o B3 5 B B DLIX J2 2% T EM 53k 9 GMM D5 s AE 7E B9 B R Bk BE . O 1 4R BB 10 1Y
FVQMM 2% J8 53 85 A (9 i A ROSE A6 B B3 A B0— 2 B9 26 1 T CRIVIBRC S 2 3R 45 2R 19 180 B3 A~ 16 L3
2) A AN ) B R AR RO R 2 2R . SER A5 R A3k 3 .
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Table 3 Average speaker recognition rate of FVQMM algorithm under different codebook sizes

WK/ AT
4 8 16 32 64 128
10 0.474 0. 644 0.896 0. 889 0. 489 0.353
20 0.637 0. 864 0.932 0.929 0.782 0.552
30 0.776 0.892 0.944 0.936 0.812 0. 686
40 0. 805 0.922 0.935 0. 950 0.882 0.692

M 3 0 LR B A A RSE O 16 I U 45 R Fe ey o 30 P O e 1 2R Bt A RGO - 5 A 4y
R A0 BT 2 AR R T IR 22 R . R T~ 3 whal il A SCHRE 9 FVQMM. A U5 4 BE — i I T
g iy GMM., MTTUE B 173 g 7 125 A 3801

T3 — AR BER I3 Hr AR — 5 B S5 F TR 027 T B A7 BRI 3 22 A AR 2 BT A A RE A B 4 1Y
oI RGRE o (RIS 2 B R R 2 e 2 4 2 )RR 3 o B A AN F T Sk AR AR B D T e A
FeAHR 9 FVQMM FE 5t 19 GMM ) 2 808 3R 4 3158 T B B 45 SR g 25 B 8L BT HAT 19 S 400
B b L FRRWA RS P=24 R85 & R IE R B MER M s R 5 8. R H Al FVQMM
ZHRORE GMM =/ % . fir L, B8 FVQMM 2 {6 58 GMM R IE 2 i T8 8 2 50 /b 7 5
B R TR AU S SR . 53 A AR SCIR R Y 7 IR AR FVQMM 280 i b Ll i FCM R 2873 7 it —
D T AR R R 2 R T AR BR .

x4 BEBEFNSHLEHN
Table 4 Total number of parameters in each model

B SRR B

s AEL
SMM M(P*+P+1) (M=20,P=24) 12020
FVQMM LMP (L=16,M=16,P=24) 6 144

5 ZRiE

ASCERM THET FYQMM 1 36 3E N R G08 7iEE 8 GMM st IE L. B 6% BT VQ H
GMM J7 i . %7 BB W] DUSRAME S8 VQ J7 % T 1 B 3E A 1R R AE K B A2 2l M 55 5| ke 1 18
R AIE 114 78 Ak W2 WS i 7 5 589 1) ke L ST DL R AME B8 GMIML 7E # B 5 B A 2 I R B i Bk . T
HAE A 2RO R AR 58 GMM /b B R0 2% ) S Il ZR 850 5 R AN 8 BT DA R AG 2 > W S50 B2 e L3R i) 3
FEPR S T SE B A S R 2 S A NRE A B B BT R B R G AR R A SE I B T T A A I 2R B 4
BB LT AT DV AR 5 GMM FI VQ J5 ik AR R RE . R — 20 TAE R SC R 3 UE FVQMM
D7 ¥R 5 AT LA A B BLAE 9 09 GMM-UBM U id AR 77 2% 5 . 6 38 5 290 09 NIST #3004k 47 52 56
k.
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