-102

5

Eurospeech.199

o4

) |

10.214:

ISCA Archive

http://www.isca-speech.org/archive

4™ Eyropean Conference on
Speech Communication and Technology
EUROSPEECH 95
Madrid, Spain, September 18-21, 1995

SPEAKER RECOGNITION WITH TEMPORAL TRANSITION
MODELS

Haizhou Li

Jean-Paul Haton

Jian Su Yifan Gong

CRIN-CNRS/INRIA-Lorraine, Campus Scientifique, BP 239, 54506 Vandoeuvre-lés-Nancy, France
E-mail: h2li,jph,gong@loria.fr, eesufian@cpecuzl. cityu. edu.hk

ABSTRACT

In this paper, a temporal transition model (TTM) of
speech is proposed for speaker recognition and verifi-
cation. The TTM is introduced to encode the short
time dynamics of speech. The issues on the model
building, the distance measures and the implementa-
tion are addressed. A set of experiments were con-
ducted based on TTM, which gave a 98.9% recogni-
tion rate and 99.5% verification rate on a database
of 72 French speakers. The fact is confirmed that
temporal dynamics of utterance encodes well speaker
specificity.

1 INTRODUCTION

The research issue of temporal dynamics of speech has
attracted more and more attention in speech recog-
nition. Applications such as SM[1] and STM][2] in
continuous speech recognition demonstrated its suc-
cesses. Recently several studies on the speaker speci-
ficity of spectral dynamics have been carried out.
They show that the dynamics carries discriminative
characteristics of speakers(3, 4]. An AR-Vector model
was proposed by Montacie[3] to capture the spectral
dynamics in text-free speaker recognition experiment,
which is costly in computation. Other approaches
such as noulinear interpolation of vectors by Gong[4]
employed the correlation between successive vectors
in speech feature sequence. In this paper, we use the
maximum likelihood estimation algorithm in prepar-
ing speaker dependent statistical models, the Gaus-
sian speaker model[5]. Then a temporal transition
model (TTM) is constructed based on the speaker
model. Some TTM distance measures are also dis-
cussed. Finally, a set of experiments on speaker recog-
nition and verification is carried out to show the ef-
fectiveness of the model.

2 SPEAKER DATA MODELING

Let X = {zo,...,%t,...,z7} be a set of data from
speaker s. If the a priori probability of category wj,
Pr{w;), and the category-conditional pdf of drawing
sample z; from category w;, f(x:/w;) are known,
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where w; is the parameters describing the category
distribution, the probability of drawing the sample
data z; from a mixture of J-pdf, {1, can be given as
follows

J

Flze/Qs) Zf Ty /w;) Pr{w;) (1)

=1

where f(z:/w;) is called component density and
Pr(w;) the mixture coefficient, subject to the con-
straint

J
ZPr(wj) =1 (2)

It is known that the a posteriori probability is given
as

(@ fw;) Pr(w;)
Sy F@efwir) Pr(wy)

In this paper, we have

flws/ze) = 3)

f(@e/w;) = N(xe;m;, 55) (4)

as Gaussian density.

Given a set of training data, it is possible to un-
supervisedly cluster all sample data from a speaker
into a certain number of states, which are also re-
ferred to as mixture components w; in Eq.(1). The
Expectation-Maximization algorithm is one of the
most popular algorithms for the maximum likelihood
estimation. When we consider a speech utterance as a
sequence of articulatory evolution, a state could be as-
sociated with an articulatory configuration. The ob-
servation probability of mixture density could be in-
terpreted as the occurrence probability of certain ar-
ticulatory configuration in an evolution. The speaker
Gaussian mixture model here serves as the underlying
definition of state for temporal transition models.

3 TEMPORAL TRANSITION MODEL

The TTM is motivated by two ideas. Oneis that most
of pattern classification approaches are devoted to
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static patterns, or the patterns with fixed size of com-
ponents. The problem will become simpler if speech
dynamics could be translated into a static model. An-
other idea is that a temporal transition within a small
time slot carries speaker-specific information[3, 4].

3.1 State transition

Considering a time slot of ) vectors

Xy = {CI?t, ce ,Zt+Q—1} (5)
a (-dimensional space could be spanned by
the a posteriori state transition probabilities of
P(Wdy 5 - - ,Wdg /Xe). For each x;, we have a Q di-
mensional array with J elements in each dimension,
which is called a state transition probability array
and is considered to be related to the articulatory
characteristics of speakers. For simplicity, let

pjt = p(w; /1), (6)

therefore a set of probability {pot, ..., ps:} could be
obtained for each speech observation z;. Suppose
that the occurrences of successive speech vectors are
independent, hence

Pr{wg,, ... ,wd, [Xt)

= Pdit X X Pdat+Q-1

©

Since we have

J
Z pdlt =1 (8)
d,=1

it is noted that the summation of all elements in a
transition probability array is equal to one.

J J
Z e Z pd1t X+ X det+Q—1 = 1 (9)
di1=1 dg=1

Taking the average of all transition probability arrays
over the short term speech sessions X,ie. T —-Q+1
slots, along all @ dimensions by

T—-Q+1

. t=1 Pdyt X - X Pdgt+Q—1
Ody..dg =

r-Q+1

(10)

a TTM with J9 elements is obtained. There are (T —
@ + 1) transition probability -arrays for T' successive
feature vectors because of the endpoint effect. One
can easily verify

J

J
Z Z Bdl“,dQ =1

dy==1 do=1

(11)
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3.2 Distance measures

After building a TTM for a given speech session based
on the speaker specific Gaussian mixture models, the
distance measures are required to evaluate the differ-
ences between TTMs. To deal with two probability
distribution models, one possibility is to use the in-
formation divergence (ID) which is usually used in
measuring the difference between distributions[6, 1].
Given two TTM A = {a4,...a,} and B = {bq, .dq }»
The ID distance is given as

J J
dj...d
D(A,B) = Z E: Gr..dq 108 7 Lt
di=1 do=1 di...dg (12)

We know that (cf. Appendix 1),

D(A,B) >0 (13)
but it is asymmetric:
D(A, B) # D(B, A). (14)
An alternative is to combine two of them as
D*(A,B) =[D(A,B) + D(B, 4)]/2 (15)

and give a symmetric one with more computational
load. However, if the same order of A and B, or
the order of reference patterns and test patterns on
the distance measuring, is kept, one can still obtain
consistent results with D(A, B).

Now we consider the @ dimensional array of TTM
as an one dimensional vector for simplicity by letting
0; =04, .4, and [ = J9, where

t={{{di x J+de} x J}+-- 4+ dg}

(16)

in the cardinal set [1,I]. We have a TTM vector of
© = {0;}. Eq.(11) is rewritten as

(17)

In the case of multiple reference pattern matching,
one is usually asked to find the centroid in a pattern
cluster. A centroid ©° in a cluster of K templates,
could be obtained by minimizing the objective func-
tion

C

1
Z 0; log

Mw

(18)
k=1 i=1
for D(A, B) and,
K I : 0¥
ZZOf log e (19)
k=1 i=1
for D(B, A) subject to the constraint of S>/_ ¢ =1

according to the Min-max theory. The centroids for
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the two distances under discussion could be derived as
Eq.(20) for D(A, B) and Eq.(21) for D(B, A) (cf. Ap-
pendix 2). Unfortunately, it is not straightforward to
give a centroid with the sysmetric measure D* (A4, B).

67 = —-—m (20)

Uy /e
0; = (1/K) > 6F (21)
k

4 EXPERIMENTS

A database from 72 French speakers was used in
the experiments where 36 male and 36 female speak-
ers were involved. It consists of three-word French
phrases! naturally uttered five times by each speaker.
Using one of the five sessions as the test data and oth-
ers as the training data, rotating the orders resulted
in five assessment sets. The results are reported as
the average of the five sets. A 12th mel-scale cepstral
analysis was performed each 10ms time interval with
32ms Hamming window over each session. All silences
and stops in the sessions were eliminated since they
are not discriminative. When modeling the mixture
model for a speaker, an eight-mixture Gaussian pdfs
was trained (J = 8) with the EM algorithm. TTMs
with different state dependency @) were built for each
session.

4.1 Speaker recognition

Three experiments were carried out in the recognition
test. In Table 1, C is referred to as the case where
TTM centroids for D(A, B) or D(B, A) are used. NC
means no centroid is used and all four TTM refer-
ences are evaluated in each recognition trial for each
speaker. It is noted that the Gaussian pdfs compu-
tation is time consuming. We have proposed a tied
model and MMI learning algorithm[5] for tying the
mixtures across speakers into a sharing Gaussian ker-
nel so that the computation of pdfs can be signifi-
cantly reduced. Speakers are only discriminated by
the mixture coefficients. Tying pdfs will surely re-
duce the discriminability of the system. A compen-
sation is made by increasing the number of sharing
components. The experiments with different mix-
ture number are reported in Table 1, referred to as
J =32,64,128.

4.2 Speaker verification

All experiments for speaker recognition are carried
out for speaker verification as well. It is known that
a normalized distance outperforms unnormalized one
by introducing a group of speaker as the background

Lcent beauz papis
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Q=1 Q=2 Q=3

NC 84.8/85.3 | 98.9/97.2 | 98.7/97 5
C 85.9/855 | 98.5/97.1 | 98.5/97.7
J=32 J=64 J=128

C/Q=2 | 70.6/77.4 | 96.5/94.4 | 98.2/97.2

Table 1: Recognition accuracies (%) with
D(4,B)/D(B, A)

speakers[7]. We use a new cohort selection approach
to group 24 cohort speakers for each speaker as pre-
sented in [7]. The cohort speakers are excluded as im-
posters to avoid the unexpected optimistically biasing
of the results. The verification accuracy is defined as
the average of the true-accept (true claim goes with
acceptance) and false-reject (false claim goes with re-
jection) rates. Only D(A, B) distance is evaluated in
verification experiment since it is shown to be more
effective than D(B, A).

0=1 ] Q=2 [ Q=3
NC 90.8 | 994 | 995
C 92.8 | 989 | 989
J=32 | J=64 | J=128
C/Q=2 836 | 985 | 99.3

Table 2: Speaker verification accuracies (%)

5 DISCUSSION

We have developed a speaker model for speaker recog-
nition and verification. The two ideas presented in
section 3 have been implemented. A 98.9% recog-
nition accuracy and 99.5% verification accuracy are
obtained as the best results in the experiments.

According to the modeling procedure, we know
that a larger @ means to have an average of transi-
tion probability over a longer period, which may lead
to an ambigious description of short term dynamics.
By observing the results for Q=2 and =3, one notes
that the two cases perform almost the same. Other
than the accuracy, one factor that we should consider
is the computational complexity. When @ increases,
the components in the model will augment exponen-
tially and introduce more computation. When @ = 1,
actually, no speech dynamics is taken into account.
We conclude that TTM with Q=2 is a reasonable
model setting for the data base.

A Appendix 1

We could prove the ID distance in Eq.(12) not less
than zero by introducing one augmented objective
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function with a Lagrange factor ),
1 o
)= Jlog = + A i—1 22
flo) = S adon 2T a-1)

Equating the partial derivative of f(a;) to zero with
respect to a;, we have

az/bl = (1) (23)

Applying 3> a; =1 and > b; = 1, we come up with
A = —1and f(a;) has its only critical point at a; = b;.
Since

82f(ai) _ 1
—_——320,1‘ = ll_1 >0 (24)

It is concluded that f(a;) obtains its minimum of zero
when

a; = bi. (25)
Q.ED

B Appendix 2

The proof for Eq.(20) and (21) comes from the fol-
lowing augmented objective functions by introducing
a Lagrange factor A,

B.1 Case: D(A,B)

K I

O =>"

k=1 i=

9; c
efIOge—k+/\(§ 67 — 1)
1 i i (26)

Equating the partial derivative of F(65) to zero with

respect to 6%
0f = i[[] 0Fe~ "% @0
k

could be derived. Substituting 87 into }_. 6 =1, we
have

I
=3 /T8 (28)
k

=1

Substituting Eq.(28) into Eq.(27), the result is ob-

tained.
o ML

T (29)
2v=1 Y103
B.2 Case: D(B,A)
K I gk
f7) =323 6Flog g + 0385~ 1)
k=1 i=1 i B (30)
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Equating the partial derivative of f(8¢) to zero with
respect to 65

L k
¢ E ; 31
b A z b 31

could be derived. Substituting 6 into 5,65 =1, we
have A = K so that

1 k
9~_§ K 32
61 K k 9’; ( )
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