Software Engineering and Applications W TRES5MNH, 2013, 2, 1-5 Hans X3l
http://dx.doi.org/10.12677/sea.2013.21001 Published Online February 2013 (http://www.hanspub.org/journal/sea.html)

Gaussian Mixture Model Training Method Based on Particle
Swarm Optimizer for Speaker Recognition

Liping Xue, Yinglong Yao, Zhiqiang Wang, Hong Zhou

College of Computer Science and Software Engineering, Shenzhen University, Shenzhen
Email: xuelp@szu.edu.cn

Received: Nov. 14", 2012; revised: Nov. 30", 2012; accepted: Dec. 7", 2012

Abstract: Expectation-Maximization (EM) algorithm is usually used to estimate parameters of Gaussian mixture model.
Due to the hill-climbing characteristic of EM, any arbitrary estimation of the initial model parameters will usually lead
to a sub-optimal model in practice. To resolve this problem, a hybrid training method based on Particle Swarm Optimi-
zation (PSO) is proposed. It utilizes the global searching capability of PSO and combines the effectiveness of EM. The
particles perform basic operations of PSO (velocity updating and position updating) and EM algorithm, which can ex-
plore the training speech space to move toward the global optimum. The dependence of the final model parameters on
the selection of the initial model parameters is also reduced. Experimental results have showed that this method can
obtain more optimized GMM parameters and has better capability than EM in speaker recognition.

Keywords: Speaker Recognition; Particle Swarm Optimization (PSO); Gaussian Mixture Model (GMM)

U1 N IRA P E TR F R E GMM TS E

W, EA, TEE, A =

IR AN S R0, BRI
Email: xuelp@szu.edu.cn

WeRE H 81 201248 11 H 14 H; BRIE#: 2012 411 A 30 H; S#AHHM: 2012412 H 7 H

B E: SRS IR (Gaussian Mixture Model, GMM)Z 5 f A Ak 1 10 /5, 3 FH i) B K 3 22 (Expectation-
Maximization, EM)EVEXVIMERUR, 1ESLBRIIZR R 515 21 RS 8, A M T —F GMM SR AL
Wik. ¥ EM BN F6L T BEL AL (Particle Swarm Optimization, PSO)IZid 72, TR T — M IR & 5%,
FIH PSO [4 R R ZR AT EM SV 10 JR 08 P 48 22 (VR & S, R TR R UGB H BT PSO 3 A7 B BB R b it
EM BERNREG TR #RAE, EINE S RET R BN IRERASH . Wik RrES EM BERBN R
RIS S . BEABRASEIG R, 5 EM BRI, ARSCOEaT ISR RN S, B AR m R4
S

XRIF: YE AR mRR A, KR

Ik

1. 3]

o TR A #R 7 (Gaussian Mixture Model, GMM) &
AR R F B 2 [ AN GEHRER A, R e i

JE oR B ) B2 1 AH B SR R R AN U AN I ZR1E & L
FE A R B A, FSER S B Ak T — R R
18 (Expectation-Maximization, EM)&EP, EM 592
KA T KA A NZAEN], BA RS, 24
HEE B RIS 3 4(200637) % R . M EM B2 —FRf R 5%k, AR ERA L

Copyright © 2013 Hanspub 1



PR AR T2 TR T RERAL ) GMM 250575

(Hill-Climbing) ARk SR AR AR, K AIME 175U,
BN RTBIRNAE, A REORIETS B4 R A
GMM ZH 54 BE TR EA AT 2 EEE
R 1 S A, XA AR 2 AR AT, SR )
—HH R RIM KRR T — RV R T IE N
GMM AP Il fbig /% . Hong 2532 7 —FhJk T8t 4%
Sy R AR 2507 AR, MR ER I T [ &
NE/NAE SRR G B AR AN GMM BB Sk AT Ak
W, FE&uskat & BRI Tabu 8RB EML
GMM HERIB, XL AT GMM R S5 4k
A —E R GE, AEVEE RSN, RO R
W, XS E UK, WEOEEE. £ GMM 24
WGRpfE R, afr & ot 2 GMM S5 b e
R S I

Eberhart {41 Kennedy {3 F S &1TA
P TR T REU AL 59 (Particle Swarm Optimization,
PSO)E, PR T iZSAMER I . eI . U SIOE
R SHRE D, R—M&EAnERwEE, ks
FIEARFUN T ZEAN, BRSNS A
45 PSO Al EM SVEIRE R, SR — MRS
GMM |5 )72 (Hybrid Particle Swarm Optimization,
HPSO), LA#H GMM S it 1], i F 50 kA b
FR U1 N RFAE . R RDRE 7B SEE 1 2 R AR R
A EM BE I JRAR FEAE R IR G SR, B AERRX
A AT PSO 3 FE A7 B 5B AR #E EM IR &
SRR, fENZRE & R B W R R GMM 4.
KRITES R E RS, NGRS R, F50
RE I o I 1 N AR SRR T AR STV —
FA 20 GMM LA T7 32, FARBIvERE IR T EM Sk
2. SHUREGERER EM BE

e TR A B R ) P vy 7 P R B PR R MR R A
REEA VLG N BN R & A 22 S I ) A . A
Yk NBE S RIER BV X ={x, 1<<T}, M
FOXREFTRAECY M SR G A ={C, u X, }
1<i <M W LARIRA:

Mﬂ@:iqﬂq%zg )

Joob, G FRIRRRE, N (C,4,5,) TR R
Ny P07 FERERE S X, 0 AR B

o1
i (ZTC)L/Z |Zl |1/2

1 "
xexp(—E(x,—yJ zf(x,—yﬂj

@)z L RS RE JRAE B L T 7E U AR
R R AT Y 2 SRR

VR RN, A PR A R %
WS, SR PRSI BT A & IS S 3Lk vk
HET Ay

N (s
2

kK =arg maxi log P(x, | 4,) (3)
1<k<N 11
GMM BRI R — /M B I ZRd 72 o X T 45 7€
MIZEE, GMM YIZRI “UFR” FE AV FRAE,
—F R F B K ABLAR (Maximum Likelihood, ML)#EN, Hi
BERL A P2AE X HUSA EEIE  B X BB AR 3R

dXMF%émw%ﬂM (4)

EM Sk — i K-means 285057742 4 BIVIGGE,
SRIG AT B S 4 A 515 P(X|/T) > P(X]2),
BV f5e P A 2R 2 B R 5 136 15 )1 S 8 5 A R DG T AL AR
KB B SE FAE N MR ST I,
XS E BRI S s, #H
TAE AL A X CRUEB AR FE I R e . %24
P E AL A M-

c :lip(z]x,,/l) ©)
ZT:P(i|xt ,ﬂ)xt
H; :t:IT— ©)
P(ix,.2)
2P A ) ()
5 - i W)
2. P(ilx.4)

EM FLEAR L2 MR RIAR, #
— R A

3. RIFEEEALEY GMM % 53k
3.0, NFEESR
TE—A D 455 B brd R 2218, BENLA % P ANk

T2/ €2l

Copyright © 2013 Hanspub



PR AR T2 TR T RERAL ) GMM 250575

T IR TR ERR N = (20,25, 02 ) »
BN, = (Vi Vigsr - vip ) » ARIEIE L E BRI 2, 24
BT HENAE, REER A ERRS . BT i iedh
1B R BB EN p, = (s Piarer D) » BEDHL
FHHICA N IEE R B RS BN

p, = (pgl,pgz,-n,pgD) o FEREARHFRLT i ARIELLT
o8 S s Ay B

Kl _ ok k k
Via =WV +Clrl(pid _Zid)+c2r2 (pgd _Zid) @)

k4l ko, ke
Zig = Zig TV 9)

Hof, d=12,D s kRIERKEG r il r 5%
AAEOL]Z MHIBEHAL w AIEMERE: o, c, B
SIHF . BFAE E AR 2 R p, A0 p, it
%, HEESITUE MO L. A v, B
SEFEA [y Vi ] » BT 2,y BOHRAE T 200 2 ]

3.2. RIFE5HIFNIE R iR 3

AL EEFRLF SRR RET GMM 112
o BMRTNREE N L RTEHINE 1R,

PRI 4EECN D 48, Ld D =M><(2><L+1) o
i NPT B HE 1 ROR.

W () B LA B P R R B e, TG RLRE R
R EEARIL GMM it i, Rk HPSO & HL
BT 2 P24 X BB BR B R, R A K@) 5.

3.3. NFEIR

KSR BRI AW, H, W EM H
%k, I K-means JERFE VI Ay, 1E
NEE LANRLCFIAE . Hk, HER T MPIE L TER]
AR Ay IEEAE BN BEALER S . W46 100 B an
_F:

Stepl: H K-means JIEHE L= EWIIAREAY 1y ;

G| Mp | Zy | | Zip

Cy | Han | - Hap Zin | 2

Figurel. Configuration of particle

1. RF4&H

Copyright © 2013 Hanspub

Step2: FOR n=2 to Popsize
FOR k=1 toM
Ay -C, =4 -C, *G(1.0,0.2)
FOR d=1toL
Ay Mg =2+ My G (1.0,0.2)
AT =4 Z, *G(10,0.3)
END
END
END
Hrh, Popsize NIRRT EHG M OEINREEG L
NI EFHER B4R G(1.0,02) Z2¥MERN 1, JF
ZE 0.2 MIEBENLEG G(1.0,0.3) ZBME N 1, Ti %
N 0.3 Hy e T E LA -

3.4. RIFHUR & EHREE

ARILFEFM EM FREE N — AR AR
T 5 PSO KRy A B R HRAIE &, TEmM—
Tolir ) 68 75 BECHT SR et , AT 03 PSO SRS
HPEARMERERE . LT se IR FEM BT 2 e, 7
BENT—UGEACZ AT, #EAT EM JRBIRAL, (k7 fE
g SRR B Bl L, IR HPSO AR SIGEZ, X
PR SARH 5 SR A B[R] LA, i — DA
GMM HIZ 4.

34.1. KIFH PSO EH

PR B A(8) Q) FHATE R TSR
B AT AR RLT2E 2 R, R4 B S &l
AFHA AL TR GMM S5 R % 8 7
), IA) O 7 s A R DA SR A A g s e G R S
i, ff GMM Z85&E Tk

3.4.2. RIFH EM #1E

WL SE BOR FEAAL B IR 2 5, PATIERIRECH
5 ) EM &k,

i T R E SR GMM S 5R HI 461,
CAERL T PAT 58 TR G A JF R AALE C, M J7
ZERERE X, Mon R AT RE R, TRAVBUE M ME R
Coin =0.0001, 77 ZHBUEN oy =1/30M o A
XPVRAIA EE AT I3 — L Ab B

E:q/iq (10)

i=1



PR AR T2 TR T RERAL ) GMM 250575

3.5. WFEMAEERN GMM EHEN)I%

bR AL SR 0 GMM AR R A B & 2
PR

FVEEEOPIRINT

1) RFHIMH. BERRERRE K, &
RO ds k=1

2) BT EEASRL T

i) IR E R E p, ABHAR p, ;

i) BT A (8) (9) HBTE AN E

iii) BT HATIERIRECN 5 1) EM #4E;

3) k=k+1, Mk>K,, N, FEGE 4), 50
PR 2).

4) SgUER, B AT R, EATI
SR BLE A GMM BLAL

4. ZWERS 7
ARSCHEAT 5 TEHM B E A SRR, St

KL RERIghL; BE
T RIEARIR S

A 4

TR T RERAE; SRR T B SR
AUREAR AL SEHTRL TR E

l

A BRATIEARKECN 5
) EM 5k,

B N
ot

AR oL K (YR
AGMMER

Figure 2. The flow chart of GMM training based on particle
swarm optimizer
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Table 1. The parameters for EM and HSPO
% 1. EM #1 HSPO B8 g B

Bk & Popsize K. w 1 c
EM 0.001
HPSO - 10 30 0.1 0.5 0.5

Table 2. Comparison of speaker recognition error rates
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M=8 M=16 M=8 M=16
EM 4.50 2.08 3.91 1.88
HPSO 3.42 1.83 3.23 1.65
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Figure 3. Comparison of converging procedure of the two algo-
rithms
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