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ABSTRACT

This paper presents a nonparametric technique
of speaker recognition and verification. Some
statistics and their distance measures of speech
are evaluated for short utterances. The pro-
posed distance measures are different from ex-
isting ones in their straightforward symmetricity.
The computational efficiency and effectiveness in
performance are demonstrated by a set of exper-
iments. A new cohort selection is proposed and a
99.6% verification rate is reported on a database
of 200 French speakers. From a nonparametric
viewpoint, the facts are revealed that the statis-
tics of covariance carries more speaker informa-
tion than the sample mean, short term dynamics
of speech is also of important speaker discrimi-
native characteristics.

1 INTRODUCTION

In practical speaker verification systems, it is not
realistic to ask for a large amount of speaker
training data. So, parametric modeling usually
leads to poor estimation. Some nonparametric
models have been applied to text-independent
cases[l, 2] with excellent results; however, the
measures used[l] are asymmetric distance mea-
sures.

Some earlier work[l, 3] has also pointed out
that short term dynamics of speech carries im-
portant speaker information. In this paper, the
statistics of covariance, correlation and mean
on individual speech frames, along with short-
term speech dynamics, concatenating m adjacent
frames of speech data into a long frame, are used
and shown to be important speaker discrimina-
tive characteristics.

In section 2, two distance measures are intro-
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duced and compared to existent ones. In section
3, a normalized distance measure is discussed.
Finally, two experiments are conducted with the
proposed distance measures.

2 NONPARAMETRIC MEASURES

Let a N-frame observation of an utterance be
X = {Xl,... s Xy - - e
dimensional space. Then, we have a sequence of

,XN}, where x, is in K-

. speech dynamics

D={dy,...,dn,... ,dN—m+1} (1)
where d,, is a concatenation of m frames

dy, = {Xn,- « , Xntm—1} (2)

Therefore, there exists a s'ample mean
m = (1/N) an (3)
n
a correlation matrix
C= (1/N) Z anfv, (4)
n

and a covariance matrix

S=(1/N) Y (x —m)(x, —m)*  (5)

n

for an observation sequence or a short-term dy-
namics sequence.

2.1 Rayleigh quotient measure

A traditional pattern classification problem is to
classify data from two classes X; and Xj3. One
possibility is to project a K-dimensional space
onto a line, ¥y = w'x, so that we can estimate
the scattering of two classes in one dimension.
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To obtain a good separation of the projected
data, the difference between the two means must
be large relative to some measure of the standard
deviation for each class. Then, the Fisher’s lin-
ear discriminant is defined as the linear function
wtx for which the following criterion function is
maximized:
wiSpw

J(w) = (6)

wiSww
J(w) is a distance measure for the sample means
on the projected line, where

Sw =81+ 8, (7)

is the within-class scatter matrix (covariance)
and

Sp = (m; — my)(m; — my)* (8)

is the between-class scatter matrix. This expres-
sion is well known in mathematical physics as the
generalized Rayleigh quotient{4]. Tt can be de-
rived that the value of w which maximizes J(w)
is

W = S;Vl(ml e mg). (9)

We are interested in the maximum of J(w)
rather than the w itself. Therefore, substitut-
ing w into Eq.(6), we obtain

J(w) = (m; — my)'Sy/ (my — my).
(10)

Here, this sample mean measure is introduced
as a distance, called RQ measure, to evaluate
the difference between two speakers’ statistics.
The covariance and the sample mean are both in-
volved in the computation, but the measure only
pays attention to the sample mean difference.

2.2 Absolute deviation measure

Using the distance between two real symmetric
matrices, one can construct measures in many
different ways. One possibility is to perform an
operation on the matrix absolute difference

Coa = |C1 — Cs). (11)
Let dy,(C1, Cs) be the trace of matrix Coq4:
dir(C1,C2) = > |\ (12)

k
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where Ay is the kth eigenvalue of C,q.

A group of asymmetric measures was discussed
in [1], where all distances are based on opera-
tions of the matrix ratio C1C51. Let A} be kth
eigenvalue of C1Cq 1; then an absolute deviation
measure is defined as

dir(C1, C2) = (1/K) 3N, — 1
k (13)

which performs the same operation as our trace
measure but on Cy Cgl — I rather than C; — Cs.
Noting

|C1 — Cy

= |(Ci1Cy' —I)Cy (14)
= [(CCI - T)Cy (15)

the asymmetry lies in the fact that C; # Cs.

The measure of Eq.(12), named TRI, evalu-
ates distances between correlation matrices. Re-
placing correlation with covariance matrices, we
come up with another measure, named TR2. For
the three kinds of measures, the RQ measure
focuses more on the difference of sample mean,
while TR1 focuses on correlation only, and TR2
on both correlation and sample mean. The mea-
sure of Eq.(13), referred as TR3 and another
asymmetric measure, the sphericity measure][1]
(SM)

(g [N/ E)

STk 1A

are also assessed in the experiments for compar-
ison.

dsm(Cl,Cg) = log; (16)

3 VERIFICATION SCORING

Speaker verification can be considered as a tra-
ditional two-category Bayes decision problem of
true or false. It is known that a normalized dis-
tance outperforms an unnormalized one by using
a collection of speakers as background speakers,
termed cohort[5]. Then two issues should be ad-
dressed: one is the number of background speak-
ers, another is the selection of the speakers. The
speaker-specific cohort for a speaker is usually se-
lected by choosing some speakers nearest to him
in the training population. This kind of cohort
is shown to be good at discriminating acousti-
cally similar speakers but poor at dissimilar ones.
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Therefore, the cohort size should be large enough
to cover distribution of features over the popu-
lation. But increasing the cohort size may intro-
duce more computation.

Here, a new cohort selection is proposed with-
out increasing much of computation. For each
speaker, who could be considered as the cohort
leader, we choose the m-nearest and m-farthest
speakers as the cohort members. The m-nearest
speakers are the cohort selection proposed in
previous papers[6]. Denote the cohort associ-
ated with speaker ¢ as O;, let d; be the distance
between the test data X and the templates of
speaker 7, then when speaker ¢ is claimed, the
normalized distance is given as

25601‘ ds

For designing a Bayes classifier, we introduce a
set of two events {A4;, R; } for speaker i. A; means
the claim is true and R; means it is false. The
decision rule is stated as: if

x (17)

p(x/A;) Pr(A;) > p(z/R;) Pr(R;)
(18)

or

p(z/A)
p(z/R;)

event A; occurs, otherwise R; occurs, where
Pr(A;) and Pr(R;) are the class a prior: proba-
bility. It is noted that when Pr(A;) and Pr(R;)
are assumed to be equal, the decision rule be-
comes to compare the class-conditional proba-
bilities.

Suppose p(x/-) is a Gaussian distribution,
denoted as N(z;p;,0;). Therefore, for each
event of speaker 4, there is a triplet to learn,
{1i, 04, Pr(-)}. From a practical point of view,
o is shared for all the speakers because of lim-
ited learning data. Pr(-) is trained after y and
o are available so that the true-reject and false-
accept rates are equal. It is noted that the triplet
defines a decision rule and the decision rules can
be speaker specific.

Pr(4;)

(19)

4 EXPERIMENTS

A database of French phrases from 200 speakers
was used, consisting of a three-word sentence! of

lcent beaux papis
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about one second naturally uttered five times by
each speaker. A 12th mel-scale cepstral analysis
was performed each 10ms interval with a 32ms
Hamming window. All silences and stops be-
tween words were eliminated since they are not
discriminative. Using one of the five sessions as
test data and the others as fraining data and
rotating the orders, we came up with five assess-
ment sets, on which the following experiments
were conducted. The experiment results are re-
ported as the average of the five sets.

4.1 Speaker recognition

For the speaker recognition experiments, we eval-
uate the distance of test data to templates of all
speakers. The speaker with the smallest score is
selected as the recognition result. The results for
five distance measures and three speech dynamic
intervals are reported in Table 1: m = 1 means
statistics were estimated for individual frames,
m = 2 for concatenation of 2 frames and so on,
refering to Eq.(2). The best recognition rate ob-
tained is 98.6%. It is shown that the distance
measure TR2 outperforms others. One should
know that a larger m implies a longer d,, is in-
volved. The distance computation increases with
m rapidly.

[ Tt w2 usi |
RQ 92.2% | 93.2% | 93.4%
TRI1 | 98.1% | 98.4% | 98.6%
TR2 | 98.2% | 98.6% | 98.6%
TR3 | 86.3% | 87.9% | 87.9%
SM 52.6% | 54.9% | 54.9%

Table 1: speaker recognition accuracy

4.2 Speaker verification

The distributions of z for two classes can be
trained from the training sessions. To prevent
the performance from being optimistically bi-
ased, the speakers, who are considered as the
cohort members of a claimed speaker, will not
involved in the imposter tests. The a prior:
probabilities of true and false claims are assumed
equal. For the speaker verification experiments,
the results of three distance measures for m = 2
and three cohort selections are reported in Ta-
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ble 2: 1/12 or 1/24 means the 12-nearest or 24-
nearest speakers is selected as the cohort, 2/12
means the 12-nearest and the 12-farthest speak-
ers are selected. The verification accuracy is de-
fined as the average of frue-accept rate, the ac-
ceptance goes with true claim, and false-reject
rates, the rejection goes with false claim.

| |1/12 [ 1/24 [2/12 |
RQ | 98.0% | 98.2% | 98.2%
TR1 | 99.0% | 99.2% | 99.4%
TR2 | 99.3% | 99.3% | 99.6%

Table 2: speaker verification accuracy

5 DISCUSSION

Some nonparametric distance measures have
been proposed for speaker recognition and verfi-
cation. A 98.6% recognition rate and 99.6% ver-
ification rate was obtained using these measures.
It is noted that the covariance captures most of
speaker’s discriminative characteristics because
it takes into account both the correlation and
the sample mean statistics. The correlation ma-
trix outperforms the sample mean when they are
used alone. In this paper, a new cohort selection
is proposed and shown to be effective because it
has a reasonable coverage of background speak-
ers without the needs of increasing the cohort
population. Regarding the computational efhi-
ciency, a matrix inversion is involved in the RQ
measure and an eigenvalue calculation in the TR
measures. It has been found that for a popula-
tion of 200 speakers, a cohort size of 24 is reason-
able considering the tradeoff between accuracy
and computational load.

We have developed a nonparametric technique
which succeeds for speaker recognition and verifi-
cation with limited training data and a large pop-
ulation. TR1 and TR2 clearly outperform other
asymmetric distance measures on the database.
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