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ABSTRACT - RESUME

This paper presents theoretical aspects and
experimental results relative to the use of an arithmetic-
harmonic sphericity measure on covariance matrices, for
text-free speaker recognition. The method is easy to
implement, and computationally efficient. It provides
remarkable results for the 420 speakers of the TIMIT
database : performances of 98.5 % and 100 % correct
identifications are achieved for test utterances of durations
approximately equal to 3 and 15 seconds respectively.

Cet article présente des aspects théoriques et des
résultats expérimentaux relatifs a l'utilisation d'une mesure
de sphéricité arithmético-harmonique sur des matrices de
covariance, en reconnaissance du locuteur indépendante du
texte. La méthode proposée est facile a mettre en euvre, et
peu coiiteuse en temps de calcul. Elle produit des résultats
remarquables pour les 420 locuteurs de la base de données
TIMIT : des performances de 98.5 % et 100 % d'identifica-
tions correctes sont obtenues pour des tests de durées
respectives d'environ 3 secondes et 15 secondes.

Keywords : speaker recognition, sphericity measure.

I - INTRODUCTION

Recent experiments [1] [2] [3] [4] using Vector Auto-
Regressive models for speaker recognition have been
confirming on a large scale and developping further some
work carried out formerly by Grenier [5]. The Vector-AR
approach provides excellent results on the TIMIT data-base
(Training Set, 420 speakers), in a text-free mode : for 15
second training, and 3 second test sentences, recognition
scores reported with the best variant of the Itakura
measure {4] reach 98.4 %, and 100 % for 15 second tests.

Besides its performance, one of the advantages of the
Vector-AR approach is that it can be formulated from the
beginning to the end in terms of linear algebra concepts.
The second advantage of the method lies in the fact that the
performance reported above does not require any
discriminative training : in other words, adding a new
speaker to the reference database does not require any
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recomputation load for the other speakers. Montaci€ et al.
have proposed to incorporate a discriminant analysis which
improves further the results (from 98.4 % to 99.3 %).

Among the drawbacks of the Vector-AR method, the
heavy computation load must be mentioned : in particular,
a Vector-AR model (of order 2) needs to be estimated for
each test utterance, and the test utterance has to be inverse
filtered by all training models, while each training utterance
must be inverse filtered by the test model.

In this article, we propose an other measure between
speakers, which is also totally formulated in terms of linear
algebra concepts, and which provides as good results as the
Vector-AR approach for much lighter computation
requirements. This measure can be viewed as an arithmetic-
harmonic sphericity test on covariance matrices. As several
other measures already proposed in the past, it can be
expressed as a function of the eigenvalues of a test
covariance matrix relative to a reference covariance matrix.
However, the measure does not require an explicit
computation of these eigenvalues.

We first review a few similarity measures between
speakers used in previous work, which can be defined
according to this formalism. We then present the
arithmetic-harmonic test. We show how it can be computed
efficiently. Finally we report the experiments and results
obtained with this measure.

II - A FEW MEASURES USING
THE EIGENVALUES

Denote as {X{} a (reference) sequence of M
m-dimensional analysis vectors obtained from a speech
signal (filter bank coefficients, LPC parameters, etc...). The
covariance matrix X of this sequence is classically obtained
as:

=
I T
X = 3 2 X X¢

-
—

Denote now as Y the covariance matrix of a test
sequence {Y¢) of length N,
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There are many ways to define a measure {4 between
sequences {Xt} and {Y¢} through their covariance matrices
X and Y. Naturally, some desirable properties of measure p
are the non-negativeness and the symmetry.

A large family of such measures can be expressed as a
function of the eigenvalues of the product YX-1 (known as
the eigenvalues of Y relative to X). The closer the
eigenvalues are to unity, the more "alike" are matrices X
and Y. Let therefore {A;} be the m ordered eigenvalues of
matrix YX-1. Remember that the eigenvalues of XY-! are
(Ail).

We will now consider the measures lL (X,Y) that can
be expressed as :

X, Y)=F (A1,A2,...Am)
F being a given function.

Let us now define 3 particular functions F, which we
willcall A,Gand H :

=m

L
m

A (A1A2,Am) =

e
1l
—

i=m
I
i=1
i=m1 -1
m| Y, N

‘1

G (A, A2hm) =

H (A2 Am)

Functions A, G and H are respectively the arithmetic,
geometric and harmonic means of eigenvalues {}j}. Note
that, when all A are positive (which is always the case for
the eigenvalues of YX-1), it can be shown that :

A2G2H

with equality iff all eigenvalues are equal. Note also the
two following properties :

11 1, 1
A G am = HOpAzAm)

G Ll 1y 1
ATAZAm - G (ALAZ,Am)

Therefore swapping matrices X and Y tumns A into H-1,
G into G-! and H into A-L.

Grenier, in [6], proposes the following measure :
A
wt (X, =log ()

This measure can be viewed as an arithmetic-geometric
sphericity test. p1 is non-negative (since A 2 G)
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and equals zero iff A = G, that is iff all eigenvalues are
equal (i.e. X and Y are proportional). At the time of his
experiments (1977), Grenier tested this measure with
11 speakers, in a text-dependent framework, using 10 LPC
cepstrum centisecond coefficients derived from a 10 kHz -
12 bits signal. Training and test utterances were
approximately 2 seconds long. Grenier obtained 100 %
correct identifications, on 110 tests. However, one
drawback of this measure is its non-symmetry, since
swapping X and Y turns A/G into G/H.

In [7], Gish shows that the classical log likelihood
scoring, denoted here P2, can be expressed in terms of a
measure function of the eigenvalues {A] :

H2 X,Y)=A - log (G) - 1

Given that log (G) <G -1 and that G £ A, u3 is non-
negative, and is equal to zero iff A = G =1, i.e. when (and
only when) X =Y. Here again, the measure is non-
symmetric, since pg (Y,X)=H-! + log (G) - 1.

In [7] also, Gish proposes an other measure (that we
will denote t3), the generic expression of which is :

i=m
1 .
b3 (X.Y) = = 2{ Inj-11

In his article, Gish shows that robustness can be gained by
restricting the summation only to those eigenvalues that
are near to unity, the other ones being likely to correspond
to "abnormalities in small dimensional subspaces”. Gish
finally suggests the modification of 13 and proposes (but
did not test) 14 :

i=m
1 VI T
g (X,Y) = - 1_21 | min A, 7»i) 1l

This suggestion is intended by Gish to simplify or even
suppress the process of selecting the eigenvalues, since
very small or very large A{ will not contribute significantly
to |14 (in other words, pi4 is bounded by 1 when any Aj
tends to infinity or zero). It also turns out that pg4 is
symmetric. However, both p3 and pg4 require the explicit
extraction of all eigenvalues Aj.

IIT - THE ARITHMETIC-HARMONIC
SPHERICITY MEASURE

Using the same notations as in section II, the
arithmetic-harmonic sphericity test (measure p) can be
expressed as :

hev) =log ()
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that is :

i=m i=m )
wxY) = log | (3 li).(}_} g) -2logm
i=1 i=

For very similar reasons as with [, L iS non-negative
(since A = H) and equals zero iff A = H, that is iff all
eigenvalues are equal (i.e. when X and Y are proportional).
Moreover,  is clearly symmetric.

An other very interesting property of measure [,
comes from the fact that it can be computed very
efficiently, without extracting the eigenvalues Aj. This is
what is discussed in the next section.

IV - EFFICIENT COMPUTATION

Linear algebra theory shows that the following
relations exist :

A A1,A2,.Am) =
G (A1,A2,...Am) =
H ALA2,...hm) =

m-! tr (YX-1)
(det (YX-1))l/m
m (tr (XY 1))l

where tr () denotes the trace, and det (.) the determinant.
The property for G is only given for consistency but is not
used in the rest of the paper.

So:
pX.Y) = log [tr (YX1) tr (XY1)] - 2 log m

and the computation of p does not require the explicit
extraction of the eigenvalues.

From a practical point of view, matrix X-1
(corresponding to the reference) can be computed during the
training phase and can be stored beside X as part of the
reference pattern. Matrix Y (corresponding to the test) has
to be inverted "on-line", but this inversion is done once,
whatever the number of reference patterns. Note that Y, and
X, are symmetric matrices, which makes the inversion
faster.

The ultimate way to gain efficiency consists in the
following property : denoting xij, Xij, yij and ¥jj the
respective elements of matrices X, X'l, Y and Y‘l, and
using the symmetry property of these matrices :

i=m j=m
tr (YX1) = traceprod (Y,X'1) = z 2 yij Xij
i=1 j=1
i=m j=i-1 k=m
=2, 2 yij®ij + D, ik Fkk
i=l j=1 k=1
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The dual formula stands for tr (XY-1), and each comparison
between the test pattern and one of the reference pattern
requires m(m+1) multiplications (m(m+1)/2 for each
traceprod), and approximately the same number of
additions. m(m+1) is also the number of values that are
necessary for storing the reference of a given speaker
(m(m+1)/2 for X and m(m+1)/2 for X-1).

V - EXPERIMENTS AND RESULTS

We have tested measure 1 described above in the
following framework : given a set of speakers from which
one training utterance is available, the goal is to identify
among these speakers, the one who has produced an
unknown test utterance. All test utterances are different
from all training utterances, and all training utterances are
different from each other (text-free speaker recognition).
There is one reference per speaker, and measure |1 is used in
association with the 1-nearest neighbour decision rule. The
possibility of rejection is not taken into account : the test
speaker is always assumed to be part of the training set.

Our database for this task is the DARPA-TIMIT
"Training Set", containing 420 speakers, and 10 sentences
per speaker. We use the 5 "sx" sentences for training, and
the 2 "sa" and the 3 "si” sentences for testing. Note that the
"sa" sentences are the same accross speakers, but since they
are part of the test set, this has no restrictive consequence
on the text-free nature of the experiment. In the average, a
sentence lasts about 3 seconds.

For each speaker, the reference covariance matrix, as
well as its inverse, are computed from the concatenated
acoustic parameters corresponding to the S training
sentences. A training utterance therefore lasts
approximately 15 seconds. Two types of tests are carried
out : one with relatively short test utterances and one with
longer utterances. In the first case, each of the test
sentences is tested separately, which leads to 5 x 420 =
2100 tests of 3 seconds each. In the second case, the 5 test
sentences are concatenated in a single test pattern, which
provides 420 tests of 15 seconds each.

The sampling frequency of the TIMIT signal is
16 kHz. This signal is pre-emphasized (0.95), and 24 Mel-
Scale Triangular-Filter Bank coefficients are extracted every
10 ms, from a Winograd Fourier Transform.

For a first set of experiments, we studied the influence
of the window size by trying various lengths : 168, 336,
504 and 720 samples (i.e. 10.5, 21.0, 31.5 and 45.0 ms).
In all cases the frame is multiplied by a Hamming window.
The covariance is estimated as in section II. The results are
reported in Table I below. They show the excellent
performance of the arithmetic-harmonic sphericity measure.
It achieves 1.5 % error out of 2100 tests with 3 second
long test utterances, and no error, on 420 tests,
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with 15 seconds long test utterances. A slight advantage
shows up for the 31.5 ms window size.

We used this window size for our second set of
experiments. We investigated the role of other factors :

1- Instead of a window rate of 10 ms, we use a
window rate of 5 ms.

2 - Filter bank coefficients are normalised by
substracting a constant to them so that they are
all positive within a sentence. The constant is
therefore the minimum value of all coefficients
over the whole sentence.

3 - Filter bank coefficients are centered, by
removing their mean within a sentence.

4 - Filter bank coefficients are differentiated, i.e.
each vector is replaced by its difference with the
previous vector. '

In each case, all other factors are kept identical to those of
the first set of experiments. Table 2 below summarizes the
results obtained for these 4 different experiments.

window size (] test on 1 sentence | test on 5 conc. sent.
in ms (approx 3 sec) (approx 15 sec)
10.5 97.7 % 100 %
21.0 98.3 % 100 %
31.5 98.5 % 100 %
45.0 98.1 % 100 %

Table I : text-free speaker recognition scores as a function of
the window size. Training utterances of 15 seconds.
Arithmetic-harmonic sphericity measure

Experiment || test on 1 sentence
number (approx 3 sec)

test on 5 conc. sent.
(approx 15 sec

1-halfcs | 984 % 100 %

2 - positive || 98.4 % 100 % I

3 - centered || 97.4 % 100 % "
4. ceta | 844 % 95% |

Table IT : text-free speaker recognition with various conditions
(see text). Training uiterances of 15 seconds.
Arithmetic-harmonic sphericity measure

The first two variants have very little effect on the
performance. As experiment 3 shows it, the mean of the
parameters certainly plays a role in the measure : its
removal nearly doubles the error rate, but acceptable
absolute results are maintained. The differentiation has a
much more drastic effect ; the error rate is multiplied by 10.
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VI - CONCLUSIONS

Our demonstrations and experiments show that
speaker recognition using an arithmetic-harmonic sphericity
measure is simple, fast, easy to reproduce, and provides
remarkable results on the TIMIT database. These results are
actually as good as the best variant of the Vector-AR
approach, with 2 much lower complexity. A (nearly) real-
time demonstration is running on a Sun - Spark II
workstation. A patent based on the method is being
registered.

Many further developments are expected to take
place : one is to test the method for databases which have
been recorded in more adverse conditions; an other one is to
investigate its robustness to temporal drift; the problem of
rejection has also to be adressed (for speaker verification),
and some discriminant analysis can be embedded in the
process to increase further the performarnice. Other acoustic
parameterisations, other classifiers, and other functions of
the eigenvalues must be systematicaily investigated. One
can also test the behaviour of the sphericity measure on
Vector-AR filtered acoustic vectors (for instance
residuals...). In the long run, applications in speaker
normalisation and transformation could be a by-product.

The ESPRIT European project SAM-A, dedicated to
"Speech Assessment Methods”, includes a task on speaker
recognition assessment methods. We believe that the
arithmetic-harmonic sphericity measure could be used as
one reference method to compare algorithms and databases
accross laboratories working in speaker recognition. We
therefore hope that, given its simplicity, the method will
be soon tested on other databases in other research groups,
in order to assess the extent of its efficiency.
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