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ABSTRACT GSMSV method avoids the dilemma facing ASMSV method.

In this paper a new text-independent speaker verificatiohne global speaker model is easy to obtain and the verification

method is proposed based on likelihood score normalization anBeed is very fast.

the global speaker model, which is established to represent the

universal features of speech and environment, and to normalize 2. THE PROPOSED METHOD

the likelihood score. As a result the equal error rates are o

decreased significantly, verification procedure is accelerated agdl. ~Method Description

system adaptability is improved. Two possible ways of

establishing the global speaker model, one of which can méatven N reference  speakers, ~whose models are
the real-time requirement, are also suggested and discussdd., ---, A;, ---, A respectively, in which A, is
Experiments demonstrate the effectiveness of this novghizined by maximizing likelihood scor®(Y| 1), and Y,

verification method and its improvement over the conventional o .
method and other normalization methods. is the training data of reference speakdn GSMSV method,

an extra model, global speaker modAIGS,\,I is added. A
1. INTRODUCTION

GSM
is acquired by maximizingﬁ P(Y | Asu): i.e., the training
i=1

In the conventional speaker verification method (noted as CS
in the following), the decision rule of acceptance or rejection | GSM
based on the score of a test utterance for the claimed spedkere are totally N +1 speaker models, in which g,

and a predefined threshold [1]. The CSV method has thregpresents the universal speech characteristics of multiple
limitations. The first is the loose distribution of likelihood scoregpeakers.

which leads to vague boundaries between speakers. The second

is the burden to set a proper threshold, which is a diregsince A
consequence of scattered likelihood score. The third is lg
system adaptability to protean input utterances with differerﬂj
duration and different content.

ata for A includes the data of all reference speakers. Thus

asm 1S acquired from the training data of all reference

eakers, it includes the common information related to
onunciation, speaking environment and text contents. If these
information is removed out from speech, the differences
between speakers will be emphasized. Thus GSMSV utilizes

The proposed text-independent speaker verification metho{f lize likelihood d lude all
using the global speaker model (called as GSMSV method hGsm to normalize likelihood score and to exclude all common

this paper) is based on our previous work [2] and aims at tfformation contained in speech.

limitations of the conventional method. The global speaker ) o

model is established to represent all of the common informatid®t Sgsw Pe the normalized likelihood score of GSMSV
between speakers, such as the pronunciation characteristiogthod. To an input utterangit is computed as the following.
background noises, common features of texts with different

contents. The likelihood score is normalized by the score Sgy = AU XA)- R XA son)

produced by the global speaker model. As a result, the score

distribution is much more concentrated. By subtracting the score produced by,,,, the common

e . . information is obliterated from speech. As a result, the
The verification method proposed in [3] is also a method c?ﬂterference of unimportant factors is avoided and the

likelihood score normalization, which is based on anti-speakf i i : .
. stinction between different speakers is clearer. Therefore the
model (called ASMSYV in this paper). Although ASMSV methOdgecision rule for GSMSYV is:

can also significantly improve the performance of CSV method,

it faces the conflict between the number of speaker models 3 7, Acceptthe claim
included in an anti-speaker model (represented ias[3]) and P(X| A;)-P(X| AGSM) 0 ’ (1)
verification speed. With increase in the value lof the ¥ 7, Rejectthe claim
verification speed becomes slower and slower. On the other

hand, ifL is too small, the equal error rates are very high. Iy which n is a threshold.

addition, establishing anti-speaker models is a time-consuming

procedure. One point should be noted. Although,,, is obtained from

the training data of reference speakers, it is a universal speaker



model, not only representing common characteristics @flaximum Likelihood criterion, in whichY and Y' are
reference speakers, but also embodying the common informati@gining data of reference speaker and impostors. Given test data

of outside impostors. Therefore theoretically GSMSV has @ = ihe decision rule for deciding wheth¥ris uttered by thé
powerful ability to distinguish both reference speakers anﬁj] reference speaker is:

outside impostors.

In order to avoid overflow in computation, log likelihood score  P(X| 4j) > 7, Acceptthe claim
is utilized and thus the decision rule becomes P(X | /{i ) ¥ 7. Rejectthe claim

> n', Acceptthe claim - .
logP(X | 4;)-logP(X | Aggm) O From the above description, we can see that there exists great

(¥ 7', Rejectthe claim differences between CSV, ASMSV and GSMSV methods. As a
(2) Summary, their differences are listed in Table 1.

in which n' is a threshold. Method CsVv ASMSV GSMSV
Training Train N | Train N modelg Train N modelg

To further improve the adaptability of text-independent Procedure models |and establish L and 1 global

verification system and alleviate the influence of utterange ASM models | speaker mode|

duration, likelihood score is further normalized by the duration \Wwhether to

of test utterance. Thus decision rule (2) is improved by formula Normalize No Yes Yes

(3), in which TX is the number of frames ang"” is a Score

threshold. Scor(_e : : :
Calculations| 1 time L+1 times 2 times

for Verification

logP(X1 4)-10gPX1 s %’ 7', Accepttheclaim 3y Taple 1: Differences between three methods.

TX ¥ 7", Rejectthe claim

3. ESTABLISHMENT OF THE GLOBAL

Compared with CSV, GSMSV improves the distribution of SPEAKER MODEL

likelihood score, making it more centered and is more adaptive

since it removes the influence of speaking speed and thus furt ?rﬁce the global speaker model is critical to the performance of
improve system adaptability. In addition, setting threshold i 9 P P

much easier owing to more compact score distribution. verification system, the parameter estimation MGSM is
provided in this section.
Compared with ASMSV method, establishingg,, does not

need the procedure to find the typical impostors for a refereng’el- General Estimation

speaker. It is obtained as to create the usual speaker model, and K del loved is G . it del 141, Let
the difference only lies in the training data used. Furthermog‘e speaker model employed is Gaussian mixture model [4]. Le

two calculations of likelihood scores during verification phas&'® parameters fom ., be:
are also very fast and can satisfy real-time verification

requirements. Agen= (€M, pZM T EMY o (62, M T oMY, e
(™ 45 55

2.2. Comparison with Other Methods

L F ; GSM GSM : ;
One of the popular methods for normalizing likelihood score & Which ™", 3 =" are mean vector and covariance matrix

to establish Anti-Speaker Model (noted as ASM) [3]. The ASMf thek-th Gaussian density function respectivelg"" is the

of a reference speaker is the subset of reference speaker mo%ﬁesponding weighM is the number of mixture components.
ASM represents the speech characteristics of impostors. Thus

speaker space is divided into two sub-spaces, claimed referepg@ume there aré\ users currently, whose training data is
speaker and his impostors. represented as

Let A, and /\'i represent the speaker model of certain vy :{yii)

M oy y(i) i=1.2.-.-.N
. .. . 1J2 1k 1 'y YT(i) 16, ’
reference speakérnd his impostors respectively. Thus

after being transformed to feature vectors, in whidbnotes the

/\'i ={As(1), /\5(2), ey A 5(|,)} i-th speaker andT(i) denotes the total number of feature
S(k)O[1.N],s(k)#i, k=1,2,---, L vectors. The training data for then +1) - th speaker is
i 1 i i — N+1 N+1 N+1 N+1
in which N is the number of reference speakels is the Yy ={yN Dy N Ly (N #(N&)

number of reference speakers in the ASM, and A, are
obtained by maximizing P(Y| A) and p(Y'|,1i‘) using



Estimation of /\GSM

The re-estimation formulas fop are as follows.

GSM
55 00
'(‘:?SM:% j:l,zi"',M
nzl tz
4)
o) = GSMD, [y g™ t=1
Q:,GSM ply"1 56" t=2~T(n)
(%)
o EP"T t=2~T(n)
TR t=1
(6)
0= Bplyh] Bi t=1~(T(N)-1)
t=T(n)
3 00wy
AAIJ-GSM= =;(— j=1,2,-,M (8)
3.2,
- -
zi n_ = N+1T(n)
> 2 oMt
j = 1, 2’. . M
9

Since A, is obtained by using all of the training data of

is an iterative procedure starting from the
initial values obtained by Segmental K-Means Procedure [5][6].

N T(n) n n T(N+1) . .
(1= A0y 3 V(™ + 0 s O H(t)y

GSM_
Hp = N T(n) T(N+1)
(1-p0y 3 O(t)+ p0 5 O"2(t)
n=1t=1 t=1
j=1,2,"~,M
(11)
"ZGSM - (1- p)[A+ p[B
i N T(n) ) T(N+1) (N+1) (12)
(1I-pp 3 o)+ p0 5  O77(1)
n=1t=1 t=1
j =12,--,M
g(z e(n)(t)l:qy(n) GSM)(y(n) GSM

GSM)( y(N+1) GSM)

J

T(N+1)
B= Z H(jN+l)(t)my[(N+l)
t=1

8" (1) a™ and B™ are computed as (5)-(7)p is a

weighting coefficient, measuring the contribution of the new
registration speech topdating the global speaker model. The
greater the value ofp, the more important the contribution of

the new training data. The choice of the value pf is
important. If p is too small, the contribution of new training

data will be overwhelmed by the old data and system may be
unusable to the new user. On the other hangpifs too large,

the system is adjusted to fit the new user, while ignore old users.

Two main points lead to the decrease on computation overhead.
In this method, updating is not an iterative procedure. The

modification is completed in one phase using formulas (10)-(12).
On the other hand updating starts from rather better initial

values, avoiding the burden of setting proper initial values, a

time-consuming procedure.

4. EXPERIMENTS

current users, the training time is long and sometimes can not )
meet real-time needs, especially when system has a ladjel. Database and Settings
number of users. Thus the real-time estimation is provided in the

following sub-section.

3.2. Real-time Estimation

When a new user comes, the training time is consumed mainl
Therefore accelerating the training

on re-training A gqy-

Data used comes from a Mandarin speech dataBé3Bag
provided by theState Education CommissidBpeech data of 50
persons (25 females and 25 males) is used. Each person uttered
50 sentences, ranging from 5.6 seconds to 1.2 seconds.

%ere are 30 reference speakers (15 females and 15 males).
Training data includes 15 sentences. Test data is one sentence.

procedure for Ay is important. The real-time estimation Tests on data of reference speakers constitute closed set test.
updates A csv Parameters in one step. The initial values aréests on data of 20 other speakers who are regarded as outside

same as those corresponding values of the last new user. 1‘H8

new re-estimation formulas foA csm are as follows.

N T(n) n T(N+1) N+1
(1= )5 5 07+ o z o7t
e = (10)

(l p)]z z O[n)Dﬂn)'F pl:l Z aN+1)|:lﬁN+1)
n=1t=1
1_1,2’...'

ostors constitute open set test. The average duration of
training data is 60 seconds, and the average duration of every
test utterance is 3.5 seconds.

The feature used is 16 cepstrum, 16 delta cepstrum, and delta
energy. The general estimation (formulas (4)-(9)) of the global
speaker model is adopted in the following experiments.

Equal error rate is used to measure the performance of speaker
verification for different scoring methods. The equal error rate is



a posterior error rate, and at this equal error rate, the decisiorerify an utterance. Although here ASMSV has a lower equal
boundary is set to make the error rate of false rejection be eqealor rate than that of GSMSV, the verification speed is so slow
to that of false acceptance. Thesterior equal error rate is a that system may be intolerable and unusable for practical
convenient measure of the degree of separation between true apglications. If ASMSV spent 1 second to verify an utterance,
false speaker scores and, therefore, a useful predictor of speakiich means thatL =1, the equal error rates for closed set

verification performance.

test and open set test are 7.80% and 2.16% respectively.

4.2. Statistical Analysis

Method Closed set (%) Open set (%) Speed (s)
In this experiment, the likelihood scores of closed set test fpr CSV 6.19 1.69 0.57
GSMSV and CSV are recorded and analyzed. T ASMSV(L=29) 0.19 1.06 17.26
corresponding statistical results are listed in Table 2. GSMSV 0.59 0.51 1.15
ASMSV(L=1) 7.80 2.16 1.15

From table 2, the following conclusions can be obtained:

1) The variance of GSMSV likelihood scores is much smaller
than that of CSV method, making the distribution of
likelihood scores more compact.

Table 3: Performance comparison.

5. CONCLUSION

A novel speaker verification method GSMSV is proposed in this

2) The difference between the likelihood scores of GSMSyaper. Compared to the CSV and ASMSV methods, GSMSV
valid users and impostors is greater than that of CSV methdths the following characteristics. 1) The differences between
enlarging the distance between valid users and impostogpeakers are enlarged. 2) The system ability to distinguish
Therefore it is more convenient for GSMSV to set a propgeference speakers is improved. 3) Impostors can be more easily

detected. 4) Verification speed is fast. 5) System is adaptable to

speaking speed.

threshold.
Valid speakers Impostors Differentce
Method | Mean |Variancg Mean |Variance| (M,-V)-
(M) (M) (M) (M) (M +V)
CSV [3354.79 584.39 1762.85 730.89 276.69
GSMSV| 285.32| 188.13 -1312.7L 641.4f 768.43

Table 2: Statistical analysis of likelihood scores.
1.

4.3. Performance Comparison of Different

Methods

In this experiment, the performance of CSV, ASMSV and
GSMSV are compared. ASMSV method has the lowest equal
error rates when the anti-speaker model consists of all of other
reference speakers[3], thus in this experiment ket 29.
Table 3 lists the equal error rates. 3.

2.

The equal error rates of both ASMSV._ £ 29) and GSMSV
methods for closed set test and open set test are all significantly
smaller than those of CSV method. This demonstrates the
necessity to normalize the likelihood score. For closed set test,
the equal error rate of GSMSV is higher than that of ASMSV,
but for open set test the equal error rate of GSMSV is much
lower than that of ASMSV. However the fact that the results of
case L =29 are the best results that ASMSV can reach must
not be neglected. Experiments in [3] show that when system
includes 20 reference speakers and an anti-speaker modelg
consists of 8 and 19 speaker models respectively, the equal error
rates for closed set test are 6.44% and 3.65%, and 8.46% and
8.22% for open set test. Therefore whenis smaller, the
superiority of GSMSV over ASMSV will be much more
prominent.

The average time for verifying an utterance is also listed. The 6-
computer used is B 233. It costs ASMSV over 17 seconds to
verify an utterance, while GSMSV spends about 1 second to

As a summary, the equal error rates of GSMSV method are
significantly low, especially for open set test, which is vital for
practical applications. GSMSV provides a promising way for
realizing verification systems.
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