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ABSTRACT

In this paper, we compare three speaker recognition
systems results (i.e. GMM, AHSM, ARVM) on the
TIMIT and NTIMIT databases. In order to improve the
results on the NTIMIT database, we present two more
sophisticated systems: the first one is based on ARMA-
Vector model, the second one is based on the utilisation
of several AR-Vector models per speaker.

We investigate the ability to recognize speaker using
phonetic segments labels. We test the cooperation of
several AR-Vector models, each one being learned on a
distinct phonetic cluster. For this cooperation, we
develop a segmental and an analytic approaches.

1. INTRODUCTION

Speaker recognition refers to two problems which are the
verification of the claimed identity and the speaker
identification. In this paper, we are especially interested
in speaker identification in phone quality speech. This
task is of a high interest in vocal applications through
the telephone network.

We use for our experiments the NTIMIT database [1].
The NTIMIT database is made of TIMIT utterances
which are transmitted over a variety of telephone lines
conditions (250 various short and long distances lines).
Each sentence of a speaker is transmitted over a different
telephone line: in order to have realistic conditions, two
sentences can't be concatenated during an identification
test.

Several speaker identification systems exist giving good
performances with clean speech. We choose some of
these systems to test the speaker identification difficulty
on the NTIMIT database.

2. RESULTS DEGRADATION ON THE
NTIMIT DATABASE

The three systems we choose to compare are the
following:

- Gaussian Mixture Model (GMM) [2].

- Arithmetic-Harmonic Sphericity Measure (AHSM) [3].
- AR-Vector Model (ARVM) [4].
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In the GMM the distribution of the spectral vectors is
modeled by a gaussian mixture density. The GMM is an
hybrid between two models: uni-modal gaussian
classifiers and vector quantizer codebooks.

The AHSM is a measure on the spectral vectors
correlation matrix. We have implemented this method
for which we don't have results on the NTIMIT database.
The ARVM is a linear predictive model of the spectral
vectors with the p previous vectors.

TIMIT consists in recording 630 cooperative speakers
(i.e., 192 females and 438 males). Each speaker uttered
10 sentences. 2 of these sentences are “dialect sentences"
that are uttered by every speaker, the 8 other sentences
are different for each speaker. 5 of them are "MIT"
sentences, the remaining 3 are "TI" sentences. The
AHSM and the ARVM are trained on the 5 "MIT"
sentences and the 2 "dialect sentences". The test is carried
out on the 3 "TI" sentences. In [2] the GMM are trained
on the 2 "dialect sentences”, the 3 "TI" sentences and 3
of the 5 "MIT" sentences. The 2 remaining "MIT"
sentences are used as tests. The GMM corpus doesn't
allow a free-text speaker recognition above more 168
speakers. Considering the TIMIT database, we choose for
AHSM and ARVM a corpus allowing the experiments
on the 630 speakers. The speaker identification results
are the following:

Database TIMIT NTIMIT
speaksr number | 168 630 168 630
- GMM[2l |97%] X [762% | X
| AHSM 97.6 %] 96.7 % | 60.1 % | 43.0 %
ARVM (p=2) | 99.0 % | 982 % | 69.4 % | 51.8 %
ARVM (p=3) | -— — | 726 % | 58.0 %

Table 1: Speakers identification results for the GMM,
AHSM and ARVM systems

A degradation of the results is observed for each system
on the NTIMIT database. Speaker identification through
telephone network is shown to be a difficult task. More
sophisticated system have to be developed to solve this
problem.

3. CAPABILITIES OF A SPEAKER
RECOGNITION SYSTEM

The above-mentioned results show a degradation of the
identification accuracy between the TIMIT and the
NTIMIT databases. The identification rates don't give
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Figure 1: Capabilities of the ARVM system.

enough information on the capabilities of the system to
recognize speakers. The graphic illustration (cf. Figure
1) of the comparison between the inter-speakers and the
intra-speaker measures is more informative.

Let Sx be a test sentence of the speaker X,

My be the training model of the speaker X,

My be the nearest training model of Sy different

from the M model
The points abscissa represent the measure IS[4] between
Sx and Mx. The points ordinate represent the measure
between Sx and My. Each dot can be explained from
two different points of view, the first one in terms of an
identification experiment, the second one in terms of a
verification experiment. In the first instance, if the point
abscissa is greater than the point ordinate, the true
speaker isn't identified: there is a false identification. In
the second instance, the point abscissa represents a
verification test where the speaker X isn't an impostor. If
this value is greater than a verification threshold, there is
a wrong rejection. The point ordinate represents a
verification test where the speaker X plays impostor
posing as speaker Y. If this value is lesser than a
verification threshold, there is a wrong acceptance.

The distribution and localization of the dots allow to
estimate the recognition results whatever are the
modifications of the thresholds of verification and
identification. In a high performance system these dots
have to be in the area A. Concerning the capabilities of
the ARVM system, most of the dots from TIMIT
experiments are located in the area A, unlike the dots
from NTIMIT. Obviously, ARVM system is not robust
to the noise.

4. ARMA-VECTOR MODEL

ARMA-Vector model (Auto-Regressive Moving
Average) is more complex than AR-Vector model
because of its MA part. It is used here to describe the
trajectories of the speech spectral vectors.
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Let {yn}, (n = 1,..N) be a succession of N spectral
vectors of order p. Their evolution is described by an
ARMA-Vector model of orders (p, q), p for the AR part
and q for the MA part.

P q
yn + ZAI yn—i = gn + 2 BJ én_j
i=1 j=1
Where {A;}, 4 =1,...p), {Bj}, (= 1,..,q) are m x m
matrices, and {&,}, (n = 1,..,N) is a vectorial white noise
(i.e., prediction error) which has a covariance matrix D.

The coefficients of the matrices A; are estimated by the
Levison-Whittle-Robinson algorithm (cf. Appendix).
The coefficients of the matrices B; are estimated by a U-
D factorisation of the error correlation of the AR part (cf.
Appendix)[5]. The criterion to minimize is the trace
(i.e., magnitude prediction error) of the covariance matrix
D. The chosen inter-speakers measure IS [4] is based on
the symetrized Itakura measure [6].

There is a decrease of the trace of the matrix D between
the AR-Vector model of order 2 and the ARMA-Vector
model of orders (2, 3); but the identification rate doesn't
increase. With 50 speakers, the identification rate is
higher for AR-Vector model (74%) than for ARMA-
Vector model (65%). This result is perhaps due to the
low size of the training set. Another system have to be
developed.

5. SPEAKER IDENTIFICATION BASED ON
SELECTED PHONETIC CLUSTERS

Some phonetic segments contain more speaker-related
information [7]. The goal is to know whether the AR-
Vector models trained on chosen phonetic segments
increase the performances. In a previous study [7], the
best results are obtained for the vowels, the diphtongues
and the nasals. Five phonetic clusters are defined (cf.
Table 2).
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1 | Vowels iy, ih, ix, eh, ae, ah, ax, ax-h,
aa, ao, uh, uw, ux, er, axr

ey, ay, 0y, aw, Ow

2 | Diphtongues

3 | Nasals m, em, n, en, nx, ng, eng
4 | Vowels, {1}, {2}
Diphtongues
5 | Vowels, Nasals, | {1}, {2}, {3}
Diphtongues

Table 2: Description of phonetic clusters from the
phonetic symbols used for the transcription of the TIMIT
database

For each phonetic cluster, the ratio between the phonetic
segments duration and the database duration is given (cf.
Table 3).

Phonetic clusters 1 2 3 4 5

Learning durat.rate % | 37.1] 9.4 | 6.8 | 46.6 ] 53.4

Table 3: Phonetic clusters learning duration rates

For the cooperation of various AR-Vector models per
speaker, we develop two methods: a segmental and an
analytic methods. We have chosen the AR-Vector model
of order 2. Higher orders allow to obtain better
identification accuracy, but with a higher computational
cost. All the experiments are carried out on 168 speakers
of NTIMIT database.

5.1. Segmental approach

In the segmental approach an AR-Vector model is trained
on the concatenation of the selected phonetic segments.
Only the selected segments are taken into account in
both training and test steps.

Phonetic clusters 1 2 3 4 5
Identificationrate % | 51.8| 14.7}21.8}59.3} 62.5

Table 4: Speaker identification rates for the chosen
phonetic clusters

Using a part of a sentence (i.e., 53 % of a sentence), we
. obtain similar results to the experiment using the whole
sentence (62.5 % vs 69.4 %).

We define now two measures for the cooperation
experiments.
Let Dlgljti be the covariance matrix of the inverse

filtering of the test sentence of the speaker i (t;) by the
speaker j model (Mj) learned on the training set.
Let DS[m be the covariance matrix of the inverse

filtering of the test sentence of the speaker i (tj) by the
speaker i model (M;) learned on the same test sentence.

These matrices (DC) are computed, for a given cluster C,
from the segment belonging to the cluster.

The first measure we test is the following:
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C C
Dl\/fjti + Dszu

Dglli tj D(I\:/?iti

Mgl&CZ = trace

The second one:
C C
DMl jti +D N?jti

NiCl&C2 = trace| ———————
1] C C
DMli ti + Dl\/ﬁti

Phonetic cooperation 1&2 3&4
measure M 298 % | 39.1 %
measure N 524 % | 64.3 %

Table 5: Speaker identification rates of the phonetic
clusters cooperation

The cooperation of phonetic clusters 3 & 4 with the
second measure allows an improvement of the speaker
identification rate (64.3 % vs 62.5 %).

5.2. Analytic approach

In the analytic approach, the final speaker identification
decision is taken from the set of local identification
tests. There is a local identification test for each vector.

We use a Local Inter-Speakers (LIS) measure in the
following experiments. This measure is the difference
between two prediction vectors: the prediction with the
model learned on this sentence and the prediction with
the model learned on the training set.

We define the final decision D{@j} as the formula:

N N
Dloj = Argmax| £ ¥ w; O(d;; L)
L:(l,..,NL) i=] j=l

with N: number of vectors,
Ni_: number of speakers,
{wj}: ( = 1,...NL) set of weighting factors
djj: jth nearest speaker for the vector i
O(djj, L) = 1L if j = L, otherwise 0.

We test five usual sets of weighting factors {®;} [8], the
best results (cf. Table 6) are obtained from:

(0] = %} G = 1. NL).

Phon. clust.| 1 2 3 4 |1&2 1] 3&4
Ident.rate | 42.7| 10.7 { 18.71 54.0] 45.2 § 59.0

Table 6: Speaker identification rates for analytic
experiments
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The results of the analytic approach are lesser than those
of the segmental approach, but the analytic approach
seems more promising. For instance, more efficient
weighting factors may be learned on the training set.

6. CONCLUSION

We show the free-text speaker recognition is very
difficult through the telephone network. We have
described a method allowing the illustration of the
capabilities of a speaker recognition system. The
ARMA-Vector model speaker identification has not
given the excepted results. Preliminary experiments on
speaker identification using only the vowels, the
diphtongues and the nasals give similar results to an
identification using the whole sentences. Now we
investigate the integration of speaker-related information
of the other phonemes in our speaker identification
system.
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APPENDIX
Computation of the correlation matrices R; and ER;':

N—i-1 . N—i-1
Ri= 2 yn+iyl'] ER] = Een+i e; [y

n=0 n=70

where e, is the error of the AR part of the ARMA
model.

Computation of the matrices Aj, AR part of the ARMA-
Vector model (Levinson-Whittle-Robinson algorithm) :

A1§=14; A2§=14; Dlo=Rq; D20=Rg;
fori=1topdo
-1
Fli-1= ¥ Al Rgui-j
=0
Kli.1 = - Fli.; D27
K2i.1 = - F2j4 Dli.l_1
Aly = ALY Al = Kl A2f
A2 = A25T5 A2 = K2i1 ALG
forj=1toi-1do
Al = ALY+ Kl A207
A2l = A2+ K2 ALY
end for
D1 = (Id - Klj. K21-1) Dl
D2; = (Id - K2i.1 Kli-1) D2ia
end for
fori=0topdo A; = Al}’

Computation of the matrices By, MA part of the ARMA-

Veetor model (U-D factorisation of the error correlation
of the AR part) :

forn=0to qdo
n
En = ERo - YBP ERpoi—j B
i=1
B§" = 14
fori=1tog-ndo

. i+n-1 . n t 1
B = ERi - X B Eisn-1-j Bjs1i | En
j=i

end for
end for

forn=0togdo B, = BY
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