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15 - BeA LT (Universal background-joint estimation algorithm, UB-JE) &%, 16, MHminE S — 8 H T 5
(Gaussian mixture model-universal background model, GMM-UBM) BAH$ H S AP 46 58 H i 5 (UB) B9k Hk, iR19E
A F o A S 45 A A ¢ SCRR IR M T — A B AR R BRI A AR T (JE) 8 B, A A 25 S5 2 A 5 - e AT
(UB-JE) 53, RA TIMIT fil MDSVC &5 $URIE, 456 i-vector Jy X5 AT 2 M BE S G REHAT X LLSLe. 25 R BIR,
LEEERR (Equal error rate, EER) Fldpe/Ma A4 BB %L (Minimum detection cost function, MinDCF) 43 5#2F T 8.3% 5
6.9 %, B L RRIEHR T i-vector JriAIMTEBE.
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Speaker Recognition Based on Universal Background-Joint Estimation (UB-JE)

WANG Hai-Bin! GUO Jian-Yi"? MAO Cun-Li*? YU Zheng-Tao"?

Abstract In the speaker recognition, the effective identification method is the core. In recent years, i-vector method
has become the mainstream in the field of speaker recognition, and estimation of the total variation factor space is the key
of whole algorithm. In this paper, we propose a new algorithm for total variation factor space estimation named UB-JE,
which is combined with conventional factor analysis method. Firstly, the universal background algorithm of total variation
matrix is proposed according to Gaussian mixture model-universal background model (GMM-UBM). Secondly, the joint
estimation algorithm of total variation matrix is proposed according to the factor analysis theory and related works.
Finally, the two algorithms are combined to get the universal background-joint estimation algorithm (UB-JE). TIMIT
and MDSVC corpus are adopted in the experiment to compare the proposed algorithm with the traditional algorithm.
Experimental results show that the equal error rate (EER) and the minimum detection cost function (MinDCF) are
improved by 8.3 % and 6.9 %, respectively. The proposed method can improve the performance of i-vector method.
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2. RHIFET

o LR, BIEIE ZREAL R R . Mg R B4 g
52 S5, DR A B0 s R B ESE AT ST,
2000 4 A 47, Reynolds 260§ 1 1w iR &
A T 5L (Gaussian mixture model-
universal background model, GMM-UBM), PAH:
FEA ) R PERE A R I BB AL G5, AR T Bhah A
BRI SR AR MO, TR A 24 B 156338 N TR 51 €3
BRI F2 R —, HESh T AU KRRl
i GMM-UBM iy BUVRE W] 1, A i 3R A bR £ 2
{H# 7 & (Gaussian mixture model supervector,
GSV) & HULE B IrA 5 . xR
8, Kenny 20677 2 TECA 74047 )53 (Joint
factor analysis, JFA), IA AU iE A vEA) AL & Ui TG
MG BAVGEAR B, Bk, GSV A4 57 i
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TR A BTl 5t — BRG4TT (UB-JE) BYBEE N HBIT ik 1889

UL AFME B W4, Dehakl® BF5% % B, 7%t
JEA AT G TERMEIY, {518 23 (8] F77r 4 o5 A 88 1)
I =BT R 151 R N B2 R R i 573 S TR N
RSN 2 B P R R NS B 1= g 1= 4 S 22
3L B, Dehak 2501 3241 i-vector J¥E, 1%
TrEIN AN GSV AT Ak BB AN B 1% X 43 Ui 36 A
FUETE, MV IZAEEATE AR, B =
[H]. AHJ2, 7r a8 A28 A P A7 e A5 18 2R E )8, De-
hak 20 AR T — B EIEAMER AR RS 4)
#r (Linear discriminant analysis, LDA) F1Z& P
J7Z## (Within class covariance normalization,
WCCN) %. i JLA kK, BT i-vector Jy ¥y Uik
JOEGIEEAY (B 1) B R T T 308 N RBI R G
PERE, A& B Al as A3 B 4 v e BT sy
Pz 021 oA S [ AR R R 4 4 3
ATFM (The National Institute of Standards and
Technology speaker recognition evaluation, NIST
SRE) w1, %7 it B8 T GMM-UBME! 1
GSV-SVM (Gaussian mixture model supervector-
support vector machine)4=11 &7k 24T R
WS HHT A — i s AR v,

i-vector J&—M AR T ik, HaAg
23 R p Al T F 2 E Al AT 8. o TS B PERE
U1 i-vector Ji ik, ASCEE A LR M ik
PE b T — A B AR AR s A B, BIE A
T 5t -BA 1T (Universal background-joint esti-
mation algorithm, UB-JE) &k, 56, £FXFUiTE
ARG 55 Ho I SRR AR S A1 R 1A 1) A, A SO 48
GMM-UBM [ 4H, 456 i-vector J5ik, i Kit
OEIBIER A €iip SIS R M ONCWN  R P N  U ]
M5 =W AR 25 8], ATHE T S A2 b P
FH#5 5t (Universal background, UB) #y%; HiRk, £
i-vector Ut iy T 491 R AL AFH 5 00 9 2
A F 2 AR A, AT B 2 A B 45 4 3¢
Bk [16—17]) £ T —Fh BASLH FERE A A1 (Joint

W EAT &

estimation, JE) #¥%; &5, FPFEEM S G115
M S - At (UB-JE) Bk
ARLEEMIR: 81 WNAE TR AR
IS, FEUE IR A ) B R T
ERLS ARG A ik 55 2 R E A R
B Al TE B AR A AR A, A R e AR AL A
TS AT, B S S EE A TR,
55 3 TR ENER B =P S AR A PR S A T A
S S AR AT 56 4 T REE.
1 EFathiEAER
1.1 SENREREERE
H1F GMM-UBME! 2 g — 26 I 5 e dh )N 25
—4~i 5 AR (Universal background model,
UBM), & J5 A Il 2R a4 i% UBM HE47 408 5
AR RS N S IR A8 (Gaussian
mixture model, GMM). 8 GMM-UBM #7 )
JE I, UL NPT A G 5 B S TR i iE A
GSVI=15) o (GSV Rt 2 LA 2). — BT,
TE VTS N TH 1) 5 dm HEL 1) e o) 2 3 1)
BRI, RS ) s A SR B RN TR, S ERACH
(B )
1.2 BKEEFHHRE

Wl B35 1 5 i, 18l DA 22 PRI AR A,
PEVETE N TFUINAE 55 oA 7 7 A T A5 T 2R TG )
Kenny 077 A — B3 (55 PV AL & 6% A
FRAIEE A S PIAR A, BR 3 A EAT I
GSV Bz it i NHMFEIE PRI, 73 BIRE
SR, RERERTERERE (FEBA), BN
FE S (UL AR, RS PRI AT, iXi2 JFA
i AR

MHE Kenny $2 19 JFA SR %, BRSA — MR
HEHN C ) GMM-UBM 3, Il 2RI /Y15 & Fr
MESECH F 4, MIE R4 FC 4Ry E# ), N

HEL i-vector

pr E—
i o

WA R

oo > SRR

BASLIAT
A A
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Fig.1 i-vector speaker recognition system
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TR L AR —BOEERESEON 7, .,
UBM #R&EH m, N
FEAFFEAR —

= Nc,s - ; ’Yc,s,t (4)

M
MAP = : ch: c,s Tst — Me 5
Jun e ML e G p [J , Zt:%,t( y ) (5)

Hom

2 GMM IR i R B S... = diag {Z Yoo (o — M) (a0 - mc>T}
Fig.2 The formation process of GMM mean super vector t

(6)

% ) 5] SRR
Msp =My + Uxsp + Vys + Dz (1)

Hrr, mgy, AFREVLTE N s BI5E h BOE & B
FC x 1 41 GSV, m,, & FC x 1 4%y UBM # 2%
&, U FnElEZEN, &2— FC x R, 4e5 1, K
R, AEERTE, V FoRulii NasH], &— FC x
R, 40 FE, R, 2UiiE AR 74k, D 2ikEasH, &
—/FC x FC HepxfasilE, o, RafEiE R T,
ys TR N s T, 2 BERZERT. —Beki,
10 < R, < 200, 100 < R, < 400.

= (1) WA, 78 JFA T2 my,, U, V' DA
K D AT St BT om, CREER], FiH
FHEATHAL=AERE, Bl A = (U, V, D). XFiX
=ANERERAG TS L SCHER [16].
1.3 BTEUEFRIEE

M1 JFA 74525 [a) 4 55 F0 23 [0) 58 i) J ), R
REAR G- Mo X 43 U 36 A A5 18, Dehak S5 T i-
vector®=19i-vector FEIE ARG HEF W — 1K
&, R4 JFA W i-vector FnH

s=m+Tw+e (2)

Hrp, s MR EUE AN GSV, m 25 UBM k&, T
Fon DAL T 23 8], B TR, SeREALRT AR 1k,
w KRS T, Bl i-vector, € ShFRZE.

w~ N(0,1)
e~N(0,X%) (3)

Horp, X hxHa Py Z288E, 7 UBM Hry 22480
B

= (2) AJHI, i-vector FYEVEA 4k R XA
SN = (s,m, T, %) Byfhitt, b1 LRl %, i
FHARN s, m WA, WL, AIFT A =
(T,%) Byl Hor e g pg =2 Xt B A LR 725 1)
T B9t T AT 2800 JEA Frddl A Zs it
AIPAR o R EE (EM) B3R5, 2 030k [9].
HBRAR:

Hop, Nes HERGIR, Foo A—BrgiiteE, S
ﬂ‘j:lgjl\gjili-ﬁ‘%7 me ﬂ‘:’ m EPE/‘J% c /I\éj\i‘a ’YC,S,t ﬂ‘:’
55 ¢ AR P R AU S SR
B} 2. (E2) HHEAZAET w B—Hrgit
B gt
L,=1+T"S'N,T (7)
E[w,] = L;'TTS'F, (8)
E [w,w)] =E[w,|E [w,] + L, (9)

S

Hor, Ly Sl )28 &, Elw,], Elwaw] R w i1
—BrgET i (W EASER) AR gt aL, Ny o4 Nes
XS Pk FC x FC 4k, Fy 4 Fo o PHER
FC 44, ¥ 2 UBM #hr2.

T]3. (M) Eii T X

T ¥

> NJTE [waw] => FE[w,]
¥

S=N") S.-
N~ 'diag {Z F.E [w]] TT} (11)

Hrh, Ss 4 Ses PHER) FC x FC 4EH/ifE, N =
> Ns ARG AFH ST EZ AL (G EN
JLRJGE, a2ty T/ X).

2

BEUEFEEEBAER-Ke/TEE

1 i-vector H1 T (Wfhiit 2 X e Ent, B F—
FIRAL, T B LRI AR AR T 2 A A AR Y,
EFHEA % EEE S SE L. ASURYE GMM-
UBM ny 848, Seild ¥ 5eo R 8di 4k — M ia ik
) Tubm, PR JG FHHATIEARTER, #2407 —F B2k
PR -5 A 3 AR, FEH FLY i-vector YA,
M KA FE (Expectation maximum, EM)
KPR ST, (U RS T A3, A X m i

(10)
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TTEERT. R T 45 i-vector REMEA S UFIILS A1k, A
SCXARE T —FpRI B m F0 T WA Al R,
AN G, IAHE_ LR PR AL &, 32
LB TS E R A = A

2.1 BRALEEEZ (UB)

5, AR RE IR Z%—1 UBM &
)i, HARME i-vector Wt T fhitt kAl —@ A
AR Toom. K5, ¥ Tuwm 18 EM BEH
T BRI R e, AT A3V (& 3

e

K3 B T RE AL T AR UB 5k (HEAHE) HER
Fig.3 Comparison of conventional estimation algorithm

of total variation factor with UB (dashed frame)

B L. I E AL L R ) T S B )1 5
B—A~ UBM &, Ha5648 1.3 s T Al
R R S0 A NS 103 = =l MO R T N Ty
Tubm.

BB 2. K Toom FEASK (7), B L.

BB 3. 8 L, LA (8) F1xk (9) A Efw,]
Al Elw,w?].

PR 4. 48 Tyom, Elws] AR Elww]], H¥E
55 1.3 g EM Sk, RO T S aE47 55T

HE 5. W T Y B R FEA K
B ARBA, R AR 2 ghak; AR
2.2 BAEM™ITEZL (JE)

H A5 1.3 F5 R[50, i-vector [ ZHE Al #AL R %] A
(s,m, T, %) Wflitt. Hrh, s 5 m Siefiitir
, B GSV #1 UBM %, B, HEH A = (T,
). FSEb, FEEH T AR X B[R, LR % 586
BN = (m, T, %), HAXHE, AW S5
A IR

AR —Fh m, T BeAfhitasks, /)
Ty = [T m] (12)

BT M B, R T AE R, 8B
BB m. BERY, i-vector BEREIRN A = (Th, X)),
= (2) TS0

Ml

3

s = lel +ée (13)

v, s oGSV, wy = [T 17, FRBEAE LA
F, T FRNBRAASALZS ], € MiRZE.
wy ~ N (0, I)
e~N(0,%) (14)
MHEHT 1.3 T7H i-vector HE) EM BT VLA

N
dim

£ 1. (E %)

Jo=IT+T'S'N,T (15)
Ewy,] = J 'S E, (16)
E [wi,wi,] = Ew,] E [w,] + J; ' (17)
H® 2. (M )
Ty B

> NE [wiwl] = FEw,] (18)
PO R SR

S=N") S.-

N~'diag {Z FE [wl] T } (19)

T WS ERXT T A1 me [R5 BT
2.3 BRABR-HK&AMEHE (UB-JE)

T FaARPI R, ASCR BTSSR
N, R TR SE, B UB-JE (An1& 4 FiR).
BT

HI 1. il KR T X EWRES S UBM ) &,
£ JE Bkt Ty Mt A, S80S 5 - Bk
H AR ZE ] Tubm.-

BB 2. B Thwom A (15), A5L J,.

HBE]3. 8K J, LA (16) Fk (17),
E [wi,] #1 E [wy,wl].

LB 4. 454 Tiwom, BElwis] PAK E[wwly],
R4 JE Jykdi EM S, et Ty f1 X ##:47
G

FI] 5. WE T, 1 X 2 AUREEE B3 ER
UEL. QAR MR DI 2 4hEE; IR .

3 SISO
3.1 KERE

S IR A R A TIMIT %35 418 . MDS-
VC % B P —2H B MDSVC 1535 240 B
KIS Rl SER AT B Bt A R0E 5 i

G
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> R —| Gsv |y !
oA — —p
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Fig.4 Diagram of universal background-joint estimation algorithm (dashed frame)

S (FER B g 5 T BERM S AR E) . i
INEE (724 0.95) . 730t (WU 25 ms, Wik 12.5 ms)
UG . SCH R A 39 4 55K 3% 240 (Mel fre-
quency cepstral coefficients, MFCC) 4#iES$ (3
REAEALSE 1 4EfER AN 12 4EfRiE . 13 4E—pr 220
FROEDA S 13 24— 2200 F¢ 1) S8, UBM JBA
Bk 512, B R B 22 R X A, AE i-vector
YIgkrh, BARLIR 725 B 4E R0 Bl 400, IlZRin %
R 6 K.

iz 5300 /] TIMIT 5% (P 1620 A)iEy,
Bk 3680 AJiEEr). MDSVC 1 Enroll Session] +
Enroll Session2 A} J§ HTK T.HPY 3 MDSVC
55 ¥ ¥s 4 & K A) (48Enroll Sessionl + 48En-
roll_Session2 + 40Imposter 3t 136 K/4]) 43511145
UBM #8001 T S23e il 2685 100 A (30 21k,
70 AN, B9 AiEE) TIMIT i . MDSVC
Ht Imposter (23 ASCARBAEF 17 ASSCHR)
H1&- 50 A1) PAK MDSVC s %l (30 A3
(1) B A 30 A SR Lot 4% 50 Ap); IR E
4 TIMIT #1100 A (30 2etk, 70 MM, A1
A1) MDSVC Imposter (23 A~ SC {49 5 141
17 AN Lo ) 4 4 A)) PAJ MDSVC
TR (30 AN SO 5B R 30 AN ST Lotk
44 ) (FEILR 1), ARSCRE T — RS
(GMM-UBM) P B AE K 550477 ¥ (i-vector) 1)
R

*1 LGS

Table 1  The corpus used in the experiment
PR TIMIT MDSVC MDSVC kAj
male female male female
UBM 3860 1620 2808 2376 136
T 3860 1620 2808 2376 136
g GSV 630 270 1150 850 1500 1500
piipn 70 30 92 68 120 120

3.2 TEHNIERR
AR H R R (Equal error rate, EER)
A1 2010 4E 1y NIST SRE v i) 5 /5 6 I AR bR
% (Minimum detection cost function 2010, Min-
DCF10)2YU Ve R REPEI 4547 MinDCF10 55 EER
BN ] R GE ) PR R

K A R BT A A KCH

C1det = C’Miss X PMiss\Target X PTarget +

CFalseAlarm X PFalseAlarm|N0nTarget X

(1 = Prarget) (20)

Her, Cuiiss 1 Cratseatarm 73 31 A I 2 A1 R 2 1) AR
Y3 Putiss|Target 1 PralseAlarm|NonTarget 73 M AZE ]
PO B0 T B9 I A R 3. Pracges A H AR 5E
et R, S8 E LR 2. Y Puiss|Target =
Praseatarm|NonTarget B, EER = Ceg.

%2 MinDCF10 S8k &

Table 2 MinDCF10 parameter setting
Chiss CralseAlarm Prarget
1 1 0.001

3.3 WK SERSH

AT SR AR BYE R A R, AR ST HAAS
] i R T DA SRS SR8 1 BT TIMIT
B PR S 2 3T MDSVC (B34, 525 3 27
WO S5 A B P 5E LAY 5586 4 EF MDSVC
T R R K BB B SR 6 IRk L
Bk, BPRZEScEs (GMM-UBM)P A SCiR Y
AR AR AR G R DA ST [22]
i-vector K PLDA K. W ARIES EM
SRR A SR, AN SIS A AR T RN
R SE B3RS, 3 3~ 6 20 4h AR A [FiE 35 % L
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FRRNG T e R GERE LR. Rh s e
PERESRTHA.

# 3 GMM-UBM. #4805 M T T ARSO kAl v
T VA PLDA 7 TIMIT 5% 4 _ERYPERERT I
Table 3 Performance comparison of GMM-UBM, the
traditional algorithm to estimate 7', the proposed
algorithms to estimate 7', and the PLDA on

TIMIT corpora

=R/ EER (%) MinDCF10
GMM-UBM 6.26 0.076
fegt At T 4.76 0.025
WHERM T 4.28 0.021
Beafit T 4.01 0.020
WHAH R -BAMT T 3.76 (21 %) 0.019 (24 %)
PLDA 3.94 0.022

# 4 GMM-UBM. #G8EMMTT T ARSI kAl
T PAK PLDA 7t MDSVC iE&# I fext
Table 4  Performance comparison of GMM-UBM, the
traditional algorithm to estimate 7', the proposed
algorithms to estimate T, and the PLDA on

MDSVC corpora

RS EER (%) MinDCF10
GMM-UBM 7.57 0.072
g RAliT T 4.96 0.027
WA T 4.92 0.026
AT T 4.71 0.024
WS -eMmIT T 4.67 (5.8%)  0.023 (14.8%)
PLDA 4.67 0.024

# 5 GMM-UBM. G805l T AR SO I Al T
T PAJ% PLDA 7£ TIMIT + MDSVC %3 & _ERPERERS H
Table 5  Performance comparison of GMM-UBM, the
traditional algorithm to estimate 7', the proposed
algorithms to estimate 7', and the PLDA on

TIMIT mixed MDSVC corpora

=R/ EER (%) MinDCF10
GMM-UBM 8.33 0.071
g Alivh T 5.41 0.029
WA T 5.19 0.028
et T 5.11 0.028

WA - B AT T 4.96 (8.3 %) 0.027 (6.9 %)
PLDA 5.01 0.025

# 6 GMM-UBM. 48T T ARSI kAl T
T PAJ PLDA 7 MDSVC KA _ LA PERERXT
Table 6  Performance comparison of GMM-UBM, the
traditional algorithm to estimate 7', the proposed
algorithms to estimate T, and the PLDA on

MDSVC long sentence corpora

Bk EER (%) MinDCF10
GMM-UBM 6.58 0.067
G RAGT T 4.45 0.022
WHE ST 3.96 0.021
Bearfliit T 3.73 0.021
WY - e T 3.72 (16.40%)  0.020 (9.09 %)

PLDA 3.88 0.021

N TN E AR SR AR, A SO e T
5 A 6. [ 5 AR [FITE AN AR T
RELLA (3~ 6 HINEY), K 6 2 AR BRI PG
FREHRTERE L (BER ).

T OEAE R - BRA T AVAE W TEE T RO TERERT
Table 7 Performance comparison of universal
background-joint estimation algorithm on

different speech corpus

EEE EER (%) MinDCF10
TIMIT 3.76 0.019
MDSVC 4.67 0.023
TIMIT + MDSVC 4.96 0.027
MDSVC -] 3.72 0.020

MDA F R0 PAE H, 78 TIMIT % 48
MDSVC #t#E4. TIMIT + MDSVC £ & 4 5§
MDSVC (A% L, 1) B F48r 7 iE T A 4
#% (GMM-UBM) PEREHR A W E3ETF. 2) Bkt
B ERE R — 52T, el i = RS
flhTH AL RE7E TIMIT Rt T RN, EER
1 MinDCF10 405427 21 % #1124 %. [&], AE5C
ISIAES T AN 2o i 25 &% TIMIT + MDSVC ik
et —E#TF, EER #1 MinDCF10 43 54271 T
8.3% M1 6.9 %. i AF A LI BN R B, BeA
it B e RE B — B T 1 R AR,
HEEAMEE TR -BEMT) TS E
RS, 3) FHELTSCHR [22] 1 i-vector K FIEE
PLDA A, AL EY: (UB-JE) fEARFIES
BlurEd, YEres — e Tt

H@XF e 3~ 6 AT A, % 6 hayErPE
RBIRC AT, HREHR 3, REeR 4, mEAHES (M



1894 H 3l

¥ 1%

2T A6 W LAF ), K0 TR A e
TEE S RE AR T A5 2 DA B Bl 1 8 2
SORREER TR R, RETEREZ 2 —E R 2. BB
Bt 1 AR s — AN 107 1] 02 B R o e
SIRREIETRITHY, BIZARTE T Budii AR, X2
TN R S — A

0.08 T T T T
—6—TIMIT
—%—MDSVC
0.07| —A—TIMIT + MDSVC ]
——MDSVC KA
0.06[ 1
sl -
= 0.051 1
2
£0.04f 1
0.031 7
0.021 7
00!’».5 4 4.5 5 5.5 6 6.5 7 7.5 8 8.5
EER
B 5 ARG TS AE TR
Fig.5 Performance comparison of algorithms on
different speech corpus
0.07 —x— - GMM-UBM N
HI | e R R \ 7
—o—UR
—A IR
0.06F | 1. yp-E il
x - PLDA
= 0.05¢ b
=
)
_% 0.04+ b
=
0.03+ b
M
0.02 4 1
001 ! 1 1 ! ! 1 ! ! ! %
3.5 4 4.5 5 5.5 6 6.5 7 7.5 8
EER

K6 AN SAAAE DU R PR BT
Fig.6 Performance comparison of different algorithms on

four speech corpus
4 g

ASCEERGE T Uk N R i-vector H1E
AL A E T paflivh, $& TiRh T AG B
SLIREE R TN, TE =R R R, BB g =R Ak
R G R EREERA —E P (WK 5), HARE
B R — PP A R TR RE A A —E W2 (A& 6).
SEEGEE AR A RN T X134 i-vector B %

ZREEMEM, Bk 7T i-vector g AT, T
ARG S SE BEAMERL. 83 R R X A R G
M PEREA — W, N A N i
(40 NIST SRE i ) _EREAT PS5
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