V Jornadas en Tecnologia del Habla

Bienvenida del Comité Organizador

En el nombre del Comité Organizador, es un placer darles la bienvenida a la quinta edicion de las Jorna-
das en Tecnologia del Habla promovidas por la Red Tematica en Tecnologias del Habla.

Esta quinta edicion ha sido organizada por el laboratorio Aholab-Signal Processing Laboratory del depar-
tamento de Electronica y Telecomunicaciones de la Universidad del Pais Vasco / Euskal Herriko Uniber-
tsitatea, y con el apoyo de la ISCA (International Speech Communication Association). Las Jornadas han
tenido el apoyo econdmico e institucional del Ministerio de Ciencia e Innovacion, el Gobierno Vasco, la
UPV/EHU, la BBK, asi como patrocinios privados de las empresas Euskaltel S.A. y la empresa Bai & By.

Esta serie de Jornadas se han convertido en un punto de encuentro de los cientificos y técnicos dedicados
a la investigacion y aplicacion de las Tecnologias del Habla. Las Jornadas brindan una oportunidad ex-
cepcional para la presentacion y divulgacion de trabajos procedentes de diferentes campos de actividad
relacionados, asi como para el acercamiento del colectivo de investigadores, cada vez mas numeroso,
dedicados a esta disciplina. Al mismo tiempo, las Jornadas sirven de estimulo para la presentacion de
trabajos realizados por jovenes investigadores que comienzan su actividad en el campo de las Tecnologias
del Habla.

Al igual que en la edicion anterior, y con el fin de fomentar y estimular la participacion de jovenes inves-
tigadores, la Red Tematica en Tecnologias del Habla ha patrocinado 6 premios a los mejores articulos
cuyo primer firmante sea un estudiante de una Universidad o Centro de Investigacion Espafiol. Ademas,
se ha continuado con el desarrollo de campaiias de evaluacion de sistemas propuesto en la edicion ante-
rior, planteandose en esta edicion las campafias en tres tematicas de alto nivel de interés. Las campafias
han sido organizadas por 3 laboratorios de investigacion de la UPV/EHU: la evaluacion de sistemas
de Conversion de Texto a Voz por el laboratorio organizador de las jornadas; la evaluacion de sistemas de
Verificacion de la Lengua organizada por el laboratorio GTTH y la evaluacion de sistemas de Traduccion
Automatica organizadas por el grupo IXA. Las tres campaiias han tenido un alto nivel de participacion y
se otorgaran sendos premios a los sistemas ganadores.

Ademas del programa de sesiones orales y posters, se ha organizado una sesion especial de Proyectos y
Demos, en la que se presentaran demostraciones y proyectos en marcha. Se han organizado también cua-
tro conferencias plenarias invitadas, que esperamos sean de gran interés para todos los participantes. El
miércoles 12 de Noviembre Yannis Stylianou de la Universidad de Creta nos hablara sobre “Voice Con-
version: State of the Art and Perspectives”. El jueves 13 de Noviembre Bjorn Granstrom del Real Institu-
to de Tecnologia de Estocolmo (KTH) nos dara una charla sobre “Embodied Conversational Agents in
Verbal and Non-Verbal Communication” y Néstor Becerra Yoma de la Universidad de Chile sobre
“Aplicaciones de las Tecnologias del Habla en Sistemas CALL y CAPT”. Finalmente, el tltimo dia de las
jornadas Giuseppe Riccardi de la Universidad de Trento hablard sobre “Third-Generation Conversational
Interfaces”

Quisiera expresar mi agradecimiento en primer lugar a todos y cada uno de los miembros del Comité
Organizador por su entusiasta colaboracion en la organizacion de este evento. Agradezco igualmente su
cooperacion al Comité Cientifico y a las diferentes entidades que con su apoyo y colaboracion han contri-
buido a una mejor organizacion de las Jornadas.

Finalmente, quiero desear a todos los participantes una estancia fructifera y agradable en Bilbao, disfru-
tando de las actividades ludicas preparadas como complemento al programa técnico.

Bilbao, Noviembre de 2008
Inmaculada Hernaez Rioja
Presidenta del Comité Organizador JTH2008
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GENERALIZED GAUSSIANS FOR CONTINUOUS OBSERVATION DISTRIBUTIONS IN
SPEECH RECOGNITION

Antonio Miguel, Eduardo Lleida, Alfonso Ortega

Communication Technologies Group (GTC), I3A, University of Zaragoza, Spain.

ABSTRACT

One of the most successful models for speech recognition has been
the HMM with mixture of Gaussians in the states to generate/capture
observations. In this work we show how the addition of a parameter
to model higher order moment statistics, such us the kurtosis, can
provide improvements to the system. The distributions in which
this degree of freedom is integrated are the generalized Gaussians.
It is shown a method to estimate the parameters of these distribu-
tions even if they are embedded in a HMM or mixture of distri-
butions. Some experimental results are obtained with this method
compared to baseline systems of full and diagonal covariance ma-
trices.

1. INTRODUCTION

This paper offers a new approach to model more accurately the ob-
servation generation process in the states of the HMM. The work-
ing hypothesis for the approach of this paper is that there is infor-
mation in the speech signal which is not accurately captured by
standard models in the states of the HMMs, usually GMMs with
diagonal covariance matrix.

In this paper we propose to increase the complexity of the pdfs
which are the components of the mixture in the states of the HMM
by adding a degree of freedom to control a higher order moment,
the kurtosis. The basic idea is that the new pdfs should be able to
capture or generate data with statistics beyond the normal distribu-
tion.

The goal of models in speech recognition is to keep the maxi-
mum of information that we think it is useful to recognize speech,
not to synthesize a speech waveform. In this work we try to im-
prove the quality of the statistics captured from the speech signal
in order to capture the maximum of information. To do so, a modi-
fication in the nature of the Gaussian distribution is proposed. The
proposed probability density function is the Generalized Gaussian
distribution [1, 2], this distribution has an additional parameter over
the normal distribution which controls the fourth order moment.
For selected values of this parameter the distribution can adapt its
shape to many symmetric distributions as the normal, the Lapla-
cian, or even the uniform and Dirac’s delta for extreme values. The
generalized Gaussian distribution provides a richer mechanism to
adapt to feature statistics.

Some authors have contributed to similar lines of research to
enhance the models ability to generalize but the application of the
generalized Gaussian distributions in the generation of observa-
tions is novel. The generalized Gaussian is an interesting distri-
bution but to be useful in speech recognition, two additional mech-
anisms are proposed to complete those models. The first one is
related to the fact that the generalized Gaussian, as the Gaussian,
is not a multimodal distribution. In order to adapt to the com-
plex statistics of the speech signal a hidden variable mechanism
is needed to explain the observation in a more accurate way. This

This work has been supported by the national project TIN 2005-
08660-C04-01.

—3—

is achieved with the mixtures of generalized Gaussians. The pa-
rameter estimation will demand a modification in the standard EM
algorithm based in the method of moments. The second one is to
consider a method to reduce the amount of correlation in the fea-
tures that we want to model. The features we want to model are
usually vector valued. The simplest approach to face multivariate
distributions is to use a Naive Bayes approach assuming indepen-
dence between the features. The proposal to overcome this sim-
plicity in order to find more complex dependences is to assume a
linear transformation of the vector by means of a rotation which
preserves the scale of the projected vectors.

This paper is organized as follows. In Section 1 there is an in-
troduction. In Section 2 the generalized Gaussian is described. In
Section 3 the parameter estimation is discussed. In Section 4 a ro-
tation is included to model covariance.In Section 5, the estimation
in hidden variable structures is presented. Experimental results are
shown in Section 6 and finally conclusions are in Section 7.

2. GENERALIZED GAUSSIAN DISTRIBUTION

The Gaussian distribution is adequate for many problems in speech
technologies but is still limited in the sense of modeling accurately
distributions with a wide range of high order moments, greater to
the second order. The Gaussian distribution has a fixed value of 3
for the kurtosis, which is related to the fourth order moment.

Along this paper we modify the Gaussian fundamental distri-
bution to include an additional parameter which controls the kur-
tosis of the distribution, This distribution is called a generalized
Gaussian (GG) [1, 2] and has the following definition: a continu-
ous real valued random variable is assumed to follow a generalized
Gaussian distribution if the probability density function takes the
form:

z~GG(p,0,0), z€R (1)
_ B —|B(a) 2|

where « is called the shape parameter and 3(«) and I () are de-
fined as:

Bla) = ;Ei; F(x):/tzfle*tdt 3)

«@

The parameter « in (2) controls the kurtosis of the distribution.
We can see that for some values of « the distribution equals some
well known distributions. For o = 1 the expression (2) equals
the Laplacian distribution, for o = 2 the Gaussian distribution and
as « tends to infinity the distributions gets closer to the uniform
distribution, U (1 — v/30, it 4+ v/30) and if alpha tends to 0" the
distribution is closer to a degenerated function, the dirac’s delta.
This is exemplified in Figure 1, where some examples of the pdf
(2) are plot varying the value of the parameter « for a fixed value
of y=0ando = 1.
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Figure 1. Examples of GG probability density functions for some
values of the shape parameter alpha.

In [3] a general study about the GGs and its moments is per-
formed. The even order moments of the distribution can be ex-
pressed in terms of the parameters . The following is a general
expression of a centered moment of even orders r:

02T (L 3 r41
M::E[u—mr]:(f(g;)) e

The central moments of odd r orders are equal to zero due to the
symmetry of the pdf with respect to the mean.
From expression (12) we can see that if the order is r = 2:

M; = E[(x — p)*] = 0%, ®)

where it interesting to note that the variance only depends on the
parameter o in the model pdf, which makes expression (2) a very
convenient parametrization. Also it will be of interest for the esti-
mation process the moment of order 4 as will see in next section.

3. ESTIMATION OF PARAMETERS OF GG
DISTRIBUTIONS

In [1] the estimation of moments method was proposed, this a sim-
ple alternative since in order to fix the three parameters we only
have to propose a system of equations with three moments, the
mean, the variance and the fourth order as will see. In [2] similar
method was proposed to estimate the parameters p and o from the
moment estimator and the shape parameter using a expression that
related the variance, the mean of the absolute values and the shape
parameter. In our work we are going to focus on the moment esti-
mation method, we will argue some reasons for this selection due
to the nature of the model, the HMM, that the pdf is going to be
embedded into. Firstly we will compare the methods in [2] and [3]
with the moment estimation method in [1].

In order to establish the notation, let us consider a random vari-
able X with outcomes = € R, which is assumed to follow a GG
distribution as expressed in (2). The training is set is defined as
X = {x1,...,Zn,...,xzn}. The pdf is going to be estimated
from a i.i.d.(identically distributed) sequence of samples from the
variable X.

The parameters p and o in all those methods are estimated with
equal expressions, the standard moments mean and variance. The
expressions are:

L& L&
~ _ ~2 * 7,\2
,u—Ml——NE Tn, O —M2——E (xn — @)°, (6)

n=1 n=1

The shape parameter can be estimated using the moment es-
timation method. Since all odd order centered moments are zero,
and the shape parameter only is present in the centered moments
of order r > 4, then this method is based on the calculation of a

— 4

moment in this range of orders and also the sample estimator for
this moment.

1 N
M = i ngl(:r:n — )", @)

for any r even and r > 4.
Then, considering the simplest case » = 4, we can obtain the
value of « from the following expression:

N N A )
M4:N;($n—ﬂ) _<W> T (L)’ ®)

In order to reduce the sensitivity of the estimation compared to
the calculation of the fourth order moment, an alternative method
was proposed in [2]. It was demonstrated the following depen-
dency of a function of the shape parameter with the mean of the
absolute value of the random variable:

—

& _T()r(
Elz— a2~ (r(2))

o)
o),

C)]

which involves lower order moments computations and more esti-
mation accuracy.

Now we discuss which is the best method to estimate the pa-
rameters of the generalized Gaussian distribution in order to be
easily embedded in an HMM and as a component of a mixture of
models. A first approach to the previously presented estimation
methods shows that the method based on the absolute value mean
is more robust and accurate than the method of moments, which is
based on the estimation of moments of orders r = 4 and r = 2.

Nevertheless, there is an important argument in favour of the
method of moments which is the implementation convenience. The
estimators in the method of moments with orders r = 4 and r = 2
can be implemented in one pass over the training data. Therefore
the integration in a multiple iteration training procedure as the EM
algorithm as an HMM or a mixture of models will be more natural.

The estimators of the centered moments cannot be directly
computed in one pass in the training process since while we have
access to the samples x,, in the training process we have not cal-
culated the mean for that iteration. In the following expression
we perform some algebraic manipulations and the expressions are
transformed to:

* 1 1 2
M2 = NS2 - m (Sl) (10)
and
L1 4 6 3
Mj = <81 = 5751 S5+ 15 (51 82 — =7 (S)* AN

Therefore, the moment estimators can be implemented in one pass
and the only operations needed during the iteration are the accu-
mulation of powers of the samples. The accumulators are defined
as S, = >, x, for orders r = 1,2, 3, 4.

4. DIAGONALIZATION OF GG DISTRIBUTIONS

Usually, the first approach to a multivariate model is to use the
independence assumption of the Naive Bayes approach. Let us
suppose that we are modeling the probability density function of a
D-dimensional feature vector, x = (z1,...,Za,...,Zp). We can
assume that each individual component of the vector follows a GG.
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The likelihood of that model can be expressed as:

x ~ GGp(u,0,a), x=cR” (12)
f(x|p, 0, ) H (xalpd, od, a) (13)
d
D a
1 st a4
d 2T ( + E) gd
(14)

where each component of the vector is modeled by an independent
GG distribution, with parameters (4, 04 and agq. Itis clear from the
independence approximation that the estimation of the parameters
can be performed with the method of moments for each component
of the feature vector separately. The limitation of this technique is
similar to the limitation of a Gaussian with diagonal covariance
matrix, which is a special case of the previous model, where all the
values ag = 2.

‘We propose the use of a linear transformation to reduce the cor-
relation between the variables in the vector. The method consists
in the estimation of a linear transformation matrix, A, to transform
the random vector x to a vector y as:

y = Ax (15)

where the objective is that the components of random vector y can
be considered independent and its covariance matrix be diagonal.
The problem of diagonalizing a covariance matrix is the classic
problem of the principal component analysis (PCA).

The probability density function of the resulting random vari-
able which is obtained applying a function y = g(x) = Ax over
the existing variable y is:

fu(y) = f2(97 ' (y))

-1
695&' = L.(A'y)|A7Y a6
y
One of the properties that it would be desiderable for the linear
transformation is that |A’1\ = 1, so that we can easily apply the
Naive Bayes GG distribution to the transformed vectors x. This
is also desiderable since no further re-scaling of the likelihood is
needed, this provides an important simplicity if the likelihood is
going to be compared or operated with other likelihoods as in a
mixture of models or in HMMs.

The question that remains is how to calculate the transforma-
tion A. This problem can be solved considering two expressions:
the relationship of the covariance matrices of variables in a linear
transformation and the decomposition theorem. Given a random
vector x with a full covariance matrix 3, then the covariance ma-
trix of the random vectory = Axis X, = AX,.AT. The eigen-
decomposition a semidefinite positive matrix V can be obtained as
V = UAUT, where the matrix A is a diagonal matrix with the
eigenvalues of V as the diagonal elements and the matrix U are
the eigenvectors of V as columns.

If we use both results we can find the linear transformation of
the variable y which makes the covariance matrix 3, diagonal as
the eigen vectors of the matrix 3, by columns.

In the Figure 2 there is an example, we can see the pdf of some
artificially generated data of a random vector of dimension D = 2.
We can see that after the linear transformation, for the pdf in Fig-
ure 2b the main variation axis are the cartesian coordinate system
which makes possible the application of a Naive Bayes GG distri-
bution.

5. MIXTURES OF GG DISTRIBUTIONS

Similarly to the case of multivariate Gaussian distributions, an uni-
modal pdf is not an accurate model for the complexity of the speech

— 5

(@ (®)
Figure 2. Example of 2D GG distributions. a) A rotated space GG
distributrion b) Naive Bayes multivariate GG

signal. The mixture model is a natural solution to increase the
modes of a pdf and to adapt to higher complexities in the data.

A mixture of GG distributions of C' components is defined as a
weighted sum of the pdfs of the components in the following way:

C ) o= |
= ; ﬁ e, an

where for simplicity all the derivations in this section are expressed
in terms of an univariate GG.

The previous expression can be considered the marginalization
of hidden discrete variable Z that can take values z € {1,...,C}
which selects a from a pull of GG distributions as shown in [4].
This variable is assumed to follow a Multinomial distribution. The
pdf of the variable Z is a Multinomial of size 24+ = 1 and proto-
type vector p = (pi,-..,De, .-, PC),

Z ~ Mult(l,p), z€{l,...,C},

C
_ 0z.c
= De
c=1

(18)

The estimation of the parameters of a probability model in
which there are hidden variables involved is usually solved with
the EM algorithm [5] The E step auxiliary function is:

Q(e|e™") = Ellog p(X,Z|®)|X, 0] (19)

*ZZ (62,0)5) -
%)

1 n — Mc
+log (ﬁ(ac)ﬂ‘ <1 + a_> O’C> — ’ﬁ(ozc)u
is a short notation for the expected value of

(log p+

Oc

(k)
zl,

the function 6z, of the variable Z conditioned to X = x,,:

where (0z,c)

= Ez[6z.c|xn, ®")] (20)

= 6 p(Z =210, 0")

Vz
=p(Z = clx., ®")
p(Z=c®W) . f(zn|Z = c,0™)
Yo p(Z=c|0W). f(zaZ =, 0W)

k
<5Z’C><Z‘)mn

where f(zn|Z = ¢, ®®) is the component specific GG pdf.

It is possible to find an alternative to the EM direct estimation
where the maximization step is substituted by a special moment
estimation. This algorithm which is called expectation moment
estimation (EME). It can be applied in general to any distribution
for which we have defined moments of the distribution in terms of
the parameters.
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Figure 3. Experimental WER results for Aurora2 database test set a, for moderate noisy conditions for the different techniques a) clean

condition train, b) multi condition train.

The main result of the algorithm is the moment estimation ME
step. The ME step, provides estimates for the moments of the dis-
tributions which are components of the mixture as a function of the

expected values previously calculated (& Z,c>(§|) . The first order
moment for the component c of the mixture is computed as:

25:1 <5Z,C>(§|) " In

Tn

k
Y020 %)

And the centered moments of order r for the component ¢ of the
mixture:

MERD = ) = : 1)

25:1<6Z’C>(§‘)w (33n _ N(ck+1))

N k
Zn:l <6ZVC>(Z|)1,"

Depending on the number of free parameters in the model a
number of these EME expressions will be needed. For a gener-
alized Gaussian distribution, the number of equations needed is
three: Ml(i), M*gkg and M*flkz

The procedure to estimate in a single pass the EME r = 2
and r = 4 order moments can be written in a similar way to the
previously shown for the moment estimation method.

M* (k+1) —

r,c

(22)

6. EXPERIMENTS

The different proposals in this paper have been evaluated on the
Aurora 2 task [6] which is a connected digit strings recognizing
task in different noise environments. The feature set are the adv
ETSI front-end features [7], and the baseline system has been trained
with HMM word models of 14 states and 3 component Gaussian
mixtures for the digits, a 1 state with 6 components model for the
inter-word silence unit and a 3 state with 6 components model for
the begin-end silence unit. The models were trained with 20 itera-
tions of the EM algorithm.

In Figure 3 we can see experiments performed in Aurora 2 cor-
pus. There are two baseline systems the observation distribution is
a Gaussian mixture in both of them but in a case there are diagonal
covariance matrices and in the other full covariance matrices. The
results for the GG distributions are also shown where we can see
that the error is below the corresponding baseline system in all the
cases. We compare the mixture of Gaussians system with the mix-
ture of GG system, and the full covariance Gaussian system with
rotated GG, performed as shown in Section 4. The mean WER

—6—

(word error rate) reduction for noise free condition training (clean)
in clean test set a is 10.3% of GGs with respect to Gaussians and
21.1% of rotated GGs with respect to full covariance Gaussians.

7. CONCLUSIONS

In this work it has been shown a method to model high order mo-
ments with a distribution in which a parameter related with the
kurtosis can be configured. Some methods are provided to esti-
mate the parameters of these distributions, and also the solution to
the estimation when the distributions are the outputs of a model
with hidden variables. We have seen that the models with the ad-
ditional degree of freedom perform better than the baseline system
specially in noise free conditions.
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ABSTRACT

Speech recognition has been traditionally associated to continuous
random variables. The most successful models have been the
HMM with mixture of Gaussians in the states to generate/capture
observations. In this work we show how the graphical models
can be used to extract the joint information of more than two
features, which is not modeled with full covariance matrices.
This is possible if we previously quantize the speech features
to a small number of levels and work with discrete random
variables. It is shown a method to estimate a constrained
number of parents subset of the directed acyclic graph based
model framework. Some experimental results are obtained with
this method compared to baseline systems of full and diagonal
covariance matrices. Additionally, it is shown that it is possible
to improve the information of the discrete random variable with
qualitative features, such us voicing class or pitch information.

1. INTRODUCTION

The modeling of discrete variable probability distributions is a very
interesting problem specially when dealing with high dimensional
variables and all their complex interactions [1]. Nowadays, it is
a very active field of research in the scope of pattern recognition,
machine learning and intelligent systems.

In this paper we propose the use of the graphical model
approach to discover underlying dependency structures in the
process of generation of observations in the states of the HMM
(Hidden Markov Model). Usually the joint distribution of the
random feature vector which are the observations of a HMM
are modeled to follow a GMM (Gaussian Mixture Model) with
diagonal covariance matrix. When more accuracy is required
and enough training data are available the covariance matrices
are assumed to be not diagonal. In this case, the most complex
relationship considered between components of the vector is a pair
of components.

In this work it is proposed to quantize the components
of the speech feature vector. The resulting quantized random
vector can be described now with a disc rete random variable
joint distribution. The techniques proposed in the paper try
to approximate the joint distribution of all the components by
taking approximations. It will be shown that for a certain level
of complexity, a good approximation is given by a factorization
described by a directed acyclic graph with a constrained number of
parents per node.

Many authors have previously contributed to this line of
research from different areas, [2], but the application of these tools
in acoustic modeling is limited. There have been applications of
graphical models or Bayesian networks applied as an alternative to
the HMM independence assumption, to build language models or
spoken automatic dialog systems. These have been more natural
fields to develop techniques based on discrete probabilities since,

This work has been supported by the national project TIN 2005-
08660-C04-01.

stochastic approaches to language modeling and dialog systems
use discrete variables referring to words or, dialog acts over limited
size sets, such us vocabularies. These kind of applications suit
perfectly the graphical model ability to exploit the potential of
intricate hidden dependencies among large number of variables.
This paper is organized as follows. In Section 1 there is
an introduction. In Section 2 the quantization of the speech is
presented. In Section 3 the factorization is described. In Section
4, the parameter estimation is derived. Experimental results are
shown in Section 5 and finally conclusions are in Section 6.

2. QUANTIZED SPEECH FEATURES

Most of today’s systems for speech recognition are based on
statistical approaches for modeling the process of emission of
observations in the HMM. From the statistical point of view the
speech signal can be considered a very complex process. Not
only the non-stationary nature of the signal but also the variability
of observations or measurements we can get have a wide range
across speakers, environments, or even for a same individual.
The exact modeling of all of these sources of uncertainty in
a brute force approach is not affordable since it would require
astronomic sizes of models, training data and computing time. It is
important to build affordable systems to provide mechanisms able
of making approximations and generalize the knowledge. In this
work discrete variables are used to model the speech signal, so that
we are able to learn joint distributions of the speech features.

In order to perform the quantization process, a very simple
process is proposed for this work. First we take the complete
training corpus and, after extracting all the feature vectors,
evaluate some simple statistics as the histogram. Then, we find
a number of areas with an approximate probability mass, same
percentile. The limits between these areas will serve to build
the quantizer. This process can be seen equivalent to construct
a histogram equalization transformation function with an uniform
target distribution and quantize uniformly. the objective is to build
a quantizer so that each quantized level represents the same amount
of mass of probability in the input signal.

We should note that the process here described for building the
quantizer is simple and more optimum solutions can be proposed,
since once it has been obtained from the training set it remains
unaltered for all the experiments. There also exist the potential
future possibility of incorporating a real time implementation of
a histogram equalization system, which can be interesting under
mismatch of signal and models because of different training and
testing conditions. In that case the histogram could be estimated
based on a temporal window around the current feature vector.

3. FACTORIZED PROBABILITY DENSITY FUNCTIONS

To define the distribution associated in general to a D dimensional
random vector x = (z1,...,Za,...,Zp), where each component
of the vector z4 is a discrete variable with outcomes x4 €
{1,...,M}, where M is the number of levels after the
quantization and D is the dimension of the feature space. The joint
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distribution can be expressed mathematically in the following way,
without loss of generality:

D
p(x) :p(ml)Hp(wd|$1,,l'd71)7 (1)
d=2

where we apply the Bayes theorem recursively, and about the
notation p(-) is used for density function and P(-) stands for
probability of event.

When the size of the feature vectors grows, the joint model
is intractable, since we would need to estimate |©] = MP — 1
parameters. The naive approximation consists on ignoring all the
dependencies in the general term of the previous expression.

The objective in the graphical model approach is to find a
way of describing the interactions and independencies between the
variables of a probabilistic model, and represent as much useful
information from data into models as possible. This information
can be conveniently represented in the form of graphs [2, 1].

The pdf of interest for us is, as we have noted before, is the pdf
of the generic probabilistic process in the state of a HMM. Also it
can be a component in a mixture for each state, instead of a simple
pdf. The exact pdf to model the observations or feature vectors is
the joint pdf (1), but, as we have said, in most cases is intractable.

In [3] was proposed a method for storaging pdfs based on a
convenient “factorization” of the exact pdf. The process consisted
on the selection of an appropriate order for the index of the
variables, the factorization as in (1) following this order and the
approximation of the conditioned distributions by more simpler
ones. In [3] the number of dependencies of each variable did not
exceed one.

The combination of the order and the approximations to
factorize a joint pdf can be explained with a DAG (Directed
Acyclic Graph) [2, 1]. The probability structure described by the
graph is also called Bayesian Network. To build a a factorization
model, each variable in the model z4 is associated to a node in the
graph v, therefore the size of the graph is V' = D. The pdf given
by a graph can be expressed as:

1%
p(x) ~ [ pxo|m(v)), @)

where the expression 7w (v) denotes the dependencies associated to
node v, which are the set of parent of the node v in the graph. The
naive Bayes models are the case of 7w (-) = ) for all the variables.

3.1. Constrained order dependency models

For a given node, the number parent nodes defines the
dependencies of the variable with respect to other variables in
the graph. If this number of dependencies is high, the number
of parameters in the model is large and more data are necessary
to estimate accurately those parameters. The kind of model we
propose is a subset in the factorizations provided by the directed
acyclic graphs, where the complexity of the target factorization is
controlled as a parameter of the model. The objective is to find the
best graph so that the number of parameters remains low and the
approximation to the joint distribution is good enough and keeps
most of the information.

The proposed approach, the Constrained Directed Acyclic
Graph (CDAG), is a DAG with a limited number of parents. The
order 7 is the maximum number of parents in the graph.

As a first approach we can express the model pdf of a
CDAG(r) as follows:

Vv

p(x) = [ ] plaolw(v)) = [T p@olm (v),....m(0)), G

v=1

where 71 (v) is the first component of the parent set (of size r) for
the node v. We have to note that if the order the model, r, is set
to zero, then we have the naive Bayes model, CDAG(0), and if
the order is set to one, then we have the [3] tree model, CDAG(1).
For simplicity in the notation we are going to express the model
probability and estimate the parameters for an order » = 2, but the
method is also applicable to larger orders.

We propose the adjacency matrix of the graph, A, to establish a
more convenient notation. The term p(x,|71(v), w2 (v)) for r = 2
in (3), can be expressed as:

pleolm(v), ma(0) = [T [Ip(@olzor, o)) e rered, )

o !

where a, , is a component of adjacency matrix which is equal to
one if the node v’ is a parent of node v.

3.2. CDAG model likelihood

In order to express the model probability using the adjacency
matrix notation, we have to define an indicator vector b, with only
one element equal to one, which is the index of the node without
parents. The value of the components of b can be expressed as:

1 if V/ v v = Y,
b—{ if> 0 ay, 0 )

e
0 cc.

The expression (3) can be written using the adjacency matrix, A,
and the vector b as follows:

p() = [[lp())™ - [T [lp(olzor, zom) e (6)

!

where if a, , and a, , are equal to one, the pair of edges
(v',v) and (v",v) are in the graph, and the factor p(xy |z, T,r)
contributes to the product .

In order to achieve a more compact notation and simpler
estimation derivation, we augment the information represented in
the adjacency matrix to a matrix R = A + b - L. Introducing the
augmented matrix notation, the expression (6) can be now written

as:
p(x) = [TTT T p(@olzor, o)) 7o o) (7

’

v v

where this representation is also more compact because we
consider the special cases:

p(iﬂv) v = Ul,v —
p(m |LU 1, T //) = p(l’u\azl,,) v = ’U// (8)
v|Loyly Ty p(IU‘JZU,,) v = )

p(xo|Tyr, ) cc
We can express the previous expression (7) as:
p(x) ~ ©9)
TT TIpCelas—mtamm ] 72O,

v,v’p!’ m/m!’

In the previous expression, we can identify the distributions in the
factors as Multinomials:

ZC»U| o~ Mult]\/f(lvp'u,'u’,v”,m’,'m”)- (10)

x r=m/x, 1 =m
where Py, v v/ m’,m 18 the prototype vector, i.e. the histogram
which gives us the probability of the M possible values of the
conditioned variable. The components of the prototype vector can
be expressed as:

pv,v’,v”,m,m’,m” = P($v = m|:cu/ = m/,ZC,U// = m”) (11)
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Then we can express the conditioned variable distribution as:

5zv,7n
v,/ v m,m/ m!! )
m

(12)
1 for all

p(zy|zy =m' e =m/ | P) =

w1th the constraint Zm 1 Do’ o smom! ! =
v, o', 0" =1,...,Vand m/, m”—l , M.

For a set of parameters e = (P, R), the log likelihood
function for a training set, X = {x1,...,Xn} is:

=2 2 2

n v, v’ mm’ m"

X (5mnmm5mnv/ ,m’ 6a7n,v//,m”) . log Po,v’ 0" m,m/ ,m’ (13)

Tv vrv”,v X

4. CDAG PARAMETER ESTIMATION

In order to estimate the optimum set of parameters to maximize
the log likelihood function we have to solve the following
optimization:

{P,R} = argmax L(P, R; X), (14)
PR
subject to Zﬂmlzl Pov’ v smomt e for all v, 0" 0" = 1,...,V

and m’,m” = ., M, and subject to R €CDAG(2).
It is possible to show that the optimum parameter subset P,

can be solved independently of the topology of the graph as:

2n Ou,m
Zn 61,,/ ,m/(szvu ,m/’

where in the numerator we have the number of feature vector
examples in the training data whose v component is equal to the
value m, the component v’ is equal to m’ and the component v"’
is equal to m'’. The numerator can be interpreted in this sense
too, and together we can see that the parameter Py, v/ v/ m,m/,m’’
estimates the probability p(x, = m|z, = m’,xyr =m”

The optimum set of parameters R, provides the edge set and
the graph will be fully characterized. Once we have found the set
of parameters P, we can obtain with a convenient manipulation an
optimization similar to [3]:

zzm’éz o1 sm!’

15)

Po,w’ 0 m,m! m! =

R= arg max Z (rv/’vrv//’v)f(:vaxv/,xv//), (16)
R v, v’

subject to R €CDAG(2). Where, with the notation

I(2y||ys, 2 ) we refer to the mutual information:

f(:ﬂvHﬂ?,U/, :E,UN) =
(xzn Tyt ) Toyrr)

. P
P(Tv, Tty Ty ) lOg =
Z p( ) (xv/,xvu)

VT, T 1,00

V)

which is also the Kullback-Leibler divergence between the
distributions p(zv, T, ) and p(zv) - P(24r, T, ), i.€. joint and
approximated respectively.

It is interesting that as in [3] we obtain the same solutions (15)
and (16) by minimizing the Kullback-Leibler divergence between
the approximate and the exact model D (p(x)||p(x)).

4.1. Approximated algorithm for graph building

The exact algorithm to find the best graph from this expression is
a hard problem, but a fast but approximate algorithm to estimate
the best graph is proposed in this paper. The objective is to find an
algorithm to obtain the best graph in terms of maximum likelihood,

—9—

Algorithm 1 Approximate optimum graph to obtain a CDAG(2)
Input: Random samples X
Output: The graph R of the class CDAG(2)
1. Initialization
Initiate graph matrix:
R—0
Estimate all p(zy, Tor, Tyrr)
Calculate all I (2|2, z,)
Initiate set of non assigned nodes, N:
N<— {331,...,.%\/}
Order decreasingly all I (., \ |y, Ty ) SO that:
I(xm11‘|wm12’xm13)>I(a“m21”wm22’xm23)>"'
2. Search edges
k—1
while || > 1 do
V= M1,V — Mp,2, v — mps
if z, € N\ then
R —R
Add edges (v, v) and (v",v) to R':
Tv’ v 1, r;”,v —1
if I —R’| # 0 then
721)/,1, — 1, ’rA’Uuﬂ, — 1
N — N\ z,

end

end
k—k+1

end
Assign the last variable =, € N/:
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Figure 1. DKL vs V for artificially generated data.

which is equivalent to find the set of edges R that maximize
expression (16). This problem is trivial for order r = 0,(the naive
Bayes model), and can be solved exactly in polinomial time for
order r = 1, where we will obtain a special kind of graph, a tree,
which is shown in [3]. For higher orders such us » = 2, the
problem becomes intractable, we can not subdivide the problem
into smaller independent problems and the problem cannot be
solved efficiently by dynamic programming approaches.

The approximate Algorithm 1, can be explained as follows.
First the joint distributions p(zv, ., z,) and the Kullback
Leibler divergences | ( /, &) have to be calculated in a
initializing phase. Then, the values of the Kullback-Leibler
divergences are ordered and the indices of the variables v, v’
and v" are stored in the auxiliary variables m(k, 1), m(k,2) and
m(k, 3) respectively. The next step is the approximate search of
the edges to construct the matrix R with a maximum value of the
sum of partial Kullback-Leibler divergences for all the edges in the
graph, while keeping the graph acyclic. This is done in a loop by
adding consecutively pairs of edges (v',v) and (v”,v) following
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- = CDAG(2), adv. fe.

7 —%— CDAG(2), adv. fe. + pitch + vclass
L i : .
- ® -CDAG(2), adv. fe. + pitch + vclass

Multi Condition Train / Test a

e Gaussian, adv. fe.
Full Cov. Gaussian, adv. fe.

- - CDAG(2), adv. fe.
——CDAG(2), adv. fe. + pitch + vclass
- -CDAG(2)*, adv. fe. + pitch + vclass

(a)

I I ;
c?ean snr20 snri5 snr10

I I ;
c?ean snr20 snri5 snr1i0

(b)

Figure 2. Experimental results for Aurora2, test set a, for moderate noisy conditions. a) clean condition train, b) multi condition train.

the previous descending order. Before adding them to the solution,
it is checked that the addition of both pairs does not form a cycle.
In the last step we have only one variable x, in A/. This variable
has no parents, which is marked with b, = 1 or 7, , = 1.

There is an operation in the search process which can be
computationally expensive. It is the determinant calculation, to
check if the new graph resulting after the addition of the current
edges is acyclic. More efficient searches can be performed if this
part is substituted by an incremental check of the acycliness.

The estimation process shown here can be incorporated to a
hidden variable structure as a HMM or HMM with mixtures in
the states. The results in the experimental section use an EM
estimation of the parameters which can be derived as in [4], where
is done for Bernouilli mixtures.

There exists an approach [5] to discover conditional
independences or the I-map in data sets. In order to do so, there
is a first step which involves the computation of terms I (zy||x,)
to construct a preliminary graph, which is an approximation with
respect to the more exact mutual information measures the ones
used in this work. In later passes of that algorithm CI (conditional
independence tests) are performed. The CI test consists in the
computation if the mutual information of two variables x,, and .,
given a cutset C, is above certain threshold. The CI test step is
carried without restrictions of the order of the joint pdfs involved.
Another difference is that our approach is not intended to discover
to true underlying graph with any number of parents in the nodes,
but a constrained order graph.

5. EXPERIMENTS

A preliminary experiment is show in Figure 1. The performance
of the Algorithm 1, compared to the naive Bayes approach, the
Chow tree [3], or the approximations performed by algorithms
similar to [5] (which is referred to Alg. 2) is shown. Since it is an
experiment based on artificial data, we can compute the Kullback-
Leibler divergence of the different models with the exact model,
the joint distribution. We can see that the CDAG(2) model with
Algorithm 1 behaves quite accurately in the experiment.

The proposal in this paper has also been evaluated on the
Aurora 2 task [6] which is a connected digit strings recognizing
task in different noise environments. The feature set are the
extended adv ETSI front-end features [7], and the baseline system
has been trained with HMM word models of 14 states and 3
component Gaussian mixtures for the digits, a 1 state with 6
components model for the inter-word silence unit and a 3 state with
6 components model for the begin-end silence unit. The models
were trained with 20 iterations of the EM algorithm.

In Figure 2 we can see experiments with Aurora corpus.
There are two baseline systems with Gaussian mixtures, but in a
case there are diagonal covariance matrices and in the other full
covariance matrices. Results for the discrete feature vector systems
we obtained. The number of quantization levels was leftto M = 5.
We can see in Figure 2 the results obtained for all the discrete
random variable approaches. We also can see that additional WER
reduction can be obtained with the addition of more qualitative
features such us the voicing class or the pith given by the extended
ETSI front-end. The mean WER (word error rate) reduction for the
best case in the test set a for the clean, snr20 to snrO5 conditions
(moderate noise) is a 13.5%.

6. CONCLUSIONS

In this work it has been shown a method to model high dimensional
discrete distributions which is based on the assumption of a
model of dependencies with a limited number of them. The
generalization ability of these factorizations had been previously
shown in previous works. We have adapted a previous solution for
a constrained order of one to larger orders. The result has been a
very interesting class of model with a good accuracy, specially in
noise conditions and benefits such us a low transmission rate for
the features which we will continue to enhance in future works.
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ABSTRACT

There is significant interest in developing new acoustic
models for speech recognition that overcome traditional
HMM restrictions. In this work, we propose to use N-
gram based augmented HMMs. Two approaches are pre-
sented. The first one consists on overcoming the param-
eter independence assumption. This is achieved by mod-
eling the dependence between the different acoustic pa-
rameters, using N-gram modeling. Then, the input signal
is mapped to the new probability space. The second pro-
posal tries to overcome the time independence assump-
tion, by modeling temporal dependencies of each acoustic
feature. Different configurations have been tested for con-
nected digit and continuous speech recognition, results
showing that adding long span information is beneficial
for ASR performance.

1. INTRODUCTION

For modeling temporal dependencies or multi-modal dis-
tributions of ‘real-world’ tasks, Hidden Markov Models
(HMM) are one of the most commonly used statistical
models. Because of this, HMMs have become the stan-
dard solution for modeling acoustic information in the
speech signal and thus for most current speech recogni-
tion systems. When putting HMMs into practice, how-
ever, there are some assumptions that, even if effective,
are known to be poor [1], degrading classification perfor-
mance. Adding dependencies through expert knowledge
and hand tuning can improve models, but it is often not
clear which dependencies to include. Therefore, the de-
velopment of new acoustic models that overcome tradi-
tional HMM restrictions is an active field of research in
Automatic Speech Recognition (ASR).

In order to overcome HMM limitations, many exten-
sions have been proposed. One interesting approach for
allowing complex dependencies to be represented are aug-
mented statistical models [2], which are used in this pa-
per in a new framework for dealing with temporal and
parameter dependencies while still working with regular
HMMs.

This work has been partially supported by the TECNOPARLA
project, granted by the Catalan Government

2. MODELING TIME AND PARAMETER
DEPENDENCES

In HMMs there are some assumptions that make evalu-
ation, learning and decoding feasible. Among them, the
Markov assumption for the Markov chain [1] states that
the probability of a state s; depends only on the previous
state s;_;. Also, when working with different parameters
to represent the speech signal, we rely on the parameter
independence assumption. It states that the acoustical pa-
rameters modeled by HMMs are independent, and so are
the output symbol probabilities emitted.

However, in many cases, the independence and condi-
tional-independence assumptions encoded in these latent-
variable models are not correct, potentially degrading clas-
sification performance. For modeling dependencies be-
tween features, Gaussian mixture distribution-based tech-
niques are very common. The parametric modeling of
cepstral features with full covariance Gaussians using the
ML principle is well-known and has led to good perfor-
mance. However, these techniques are expensive with
real-time and/or low resource applications.

For modeling time-domain dependencies, several ap-
proaches have focused on studying the temporal evolution
of the speech signal to optimally change the duration and
temporal structure of words, known as duration model-
ing [3]. However, incorporating explicit duration models
into the HMM structure also breaks some of conventional
Markov assumptions: when the HMM geometric distri-
bution is replaced with an explicitly defined one, Baum-
Welch and Viterbi algorithms are no longer directly ap-
plicable. In another approach to overcome the tempo-
ral limitations of the standard HMM framework, alter-
native trajectory modeling [4] has been proposed, tak-
ing advantage of frame correlation. The models obtained
can improve speech recognition performance, but they re-
quire a demoralizing increase in model parameters and
computational complexity. A smooth speech trajectory
can be generated by HMMs through maximization of the
model’s output probability under the constraints between
static and dynamic feature, modeling the temporal evolu-
tion of the acoustic models [5].

Therefore, a natural next step, given this previous re-
search, is to work on a framework for dealing with tempo-
ral and parameter dependencies while still working with
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regular HMMs, which can be done by using augmented
HMMs. Augmented statistical models have been pro-
posed previously as a systematic technique for modeling
additional dependencies in HMMs, allowing the repre-
sentation of highly complex distributions. Additional de-
pendencies are thus incorporated in a systematic fashion.
However, the price for flexibility is high, even when work-
ing with more computationally-friendly purposes [2].

The approach presented in this chapter consists of cre-
ating an augmented set of models, modeling temporal and
inter-parameter dependence.

3. N-GRAM MODELING

To better analyze the influence of temporal and param-
eter dependencies in recognition performance, both de-
pendencies can be modeled in an independent fashion.
Thus, a new set of acoustic models will be built for each
case without losing the scope of regular HMMSs. For both
cases, the most frequent combinations of features from
the MFCC-based parameterized signal will be selected
following either temporal or parameter dependence cri-
teria. Language modeling techniques should be used for
performing this selection. In this way, a new probability
space can be defined, to which the input signal will be
mapped, defining a new set of features.

In standard semi-continuous HMMs (SCHMMs), the
density function b;(x;) for the output of a feature vector
x; by state ¢ at time ¢ is computed as a sum over all code-
book classes m € M (see [1]):

bi(ee) =3 Com - plaem,i) = 3 cim - pladm) (1)
Now new weights should be estimated as there are
more features (inter-parameter dependencies or temporal
dependencies) to cover the new probability space. Also,
the posterior probabilities p(x|m) will be modified as
some independencies will no longer apply.
From this new set of features, regular SCHMM-based
training will be performed, leading to a new set of aug-
mented statistical models.

3.1. Modelling inter-parameter dependence

Let us assume that we work with four MFCC features:
cepstrum (fp), its first and second derivatives (f1,f2) and
the first derivative of the energy (f3). We can express
the joint output probability of these four features applying
Bayes’ rule:

P(fo, f1, f2, f3) = P(fo) P(f1|fo) P(f2|f1, fo) P(f3]f2; f1, fo)

2
where f; corresponds to each of the acoustic features
used to characterize the speech signal.
Assuming parameter independence, HMM theory ex-
presses equation 2 as:

P(fo, f1, f2, f3) = P(fo) P(f1)P(f2)P(f3) (3)

To overcome parameter independence, some middle
ground has to be found between equations 2 and 3. Thus,

instead of using all dependencies to express the joint out-
put probability, only the most relevant dependence rela-
tions between features are kept. For the spectral features,
we take into account the implicit temporal relations be-
tween features. For the energy, experimental results show
in a more relevant dependence on the first spectral deriva-
tive than to the rest. Thus, equation 2 is expressed as:

P(fo, f1, f2, f3) = P(fo) P(f1lfo) P(f2lf1, fo) P(fslf1)

In practice, not all the combinations of parameters
will be used for modeling each parameter dependence for
each P(f;), but only the most frequent ones. Taking into
account the parameter dependence restrictions proposed,
a basic N-gram analysis of the dependences in the training
corpus is performed, defining those most frequent combi-
nations of acoustic parameterization labels for each spec-
tral feature. That is, we will consider dependence between
the most frequent parameter combinations for each fea-
ture (considering 3-grams and 2-grams), and assume in-
dependence for the rest.

The input signal will be mapped to the new proba-
bility space. Recalling equation 1, we can redefine the
output probability of state 7 at time ¢ for each of the fea-
tures used as P;(fx), where fj, corresponds to each of
the acoustic feature used to characterize the speech sig-
nal. Then, the new output probability is defined as a sum
over all codebook classes m € M of the new posterior
probability function weighted by the new weights (taking
advantage of 2-grams and 3-grams):

Pi(fo) = ch,m -p(folm)
Pi(f1) = D clmmo - p(f1lm)
Pi(f2) = D Cmmomms - (f2lm)
Pi(fs) = > ¢ mum, - p(fslm)
where my = argmax p(fr|m)
is the likeliest class for parageter fx at state ¢ and time ¢.

The new weights are defined according to N-gram based

feature fombinatf'ons:

® C i = Cim if the 2-gram “j, m” is not defined

° c?’m’j?k = c?ym,j when the 3-gram “k, j, m” is not de-

fined, but it is defined the 2-gram “j, m”, and ¢?

iymagok T
c?ym when neither the 3-gram not the 2-gram are defined

° cf’,myj = cim when the 2-gram “j, m” is not defined

From these new output probabilities, a new set of HMMs
can be obtained, using a Baum-Welch training, and used
for decoding following the traditional scheme.

3.2. Modelling temporal dependencies

Next, we study the Markov assumption for the Markov
chain. It is generally expressed as:

P(5t|s§71) = P(s¢|st—1) )

where sﬁfl represents the state sequence sy, S, ..., S¢—1-
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Considering temporal dependences, equation 4 should
be reformulated. But, for simplicity, not all of the se-
quence of observations is taken into account, but only the
two previous ones for each observation s;, working with
the 3-gram s;_o,s¢—1,5¢. Then, equation 4 can be ex-
pressed as:

P(s¢|st™1) = P(s¢|s¢_2,5:1)
Applying independence among features (recall equation
3), the output proability of each HMM feature will be ex-
pressed as:

P(fl) = P(filfitfw fit—l)

Again, the most frequent combinations of acoustic pa-
rametrization labels can be defined, and a set of augmented
acoustic models can be trained. The output probability
(from equation 1) of state ¢ at time ¢ for each feature k
will be rewritten as:

R(fk) = Cﬁm,mk,t,l,mk,td p(fk|m) 5)

m

with M t—i = argmrgxp(fﬂm; t—1i)

Notice that if the 3-gram “my, o, Mk —1,m” does not
exist, the 2-gram or 1-gram case will be used.

4. EXPERIMENTS AND RESULTS

4.1. Methods and tools

For the experiments performed to test these approaches,
the semi-continuous [6] HMM-based speech recognition
system RAMSES [7] was used as reference ASR scheme,
and it is also used in this chapter as baseline for compari-
son purposes.

When working with connected digit recognition, 40
semidigit models were trained for the first set of acous-
tic models, with the addition of one noisy model for each
digit, each modeled with 10 states. Silence and filler mod-
els were also used, each modeled with 8 states. When
working with continuous speech recognition, demiphones
models were used. For the first set of acoustic models,
each phonetic unit was modeled by several 4-state left-to-
right models, each of them modeling different contexts.
In the augmented set of HMMs, each phonetic unit was
modeled by several models that modeled different tempo-
ral dependencies, also using 4-state left-to-right models.

Connected digits recognition was used as the first work-
ing task for testing speech recognition performance, as it
is still a useful practical application. Next, a restricted
large vocabulary task was tested in order to evaluate the
utility of the approach for today’s commercial systems.
Different databases were used: the Spanish corpus of the
SpeechDat and SpeechDatll projects and an independent
database obtained from a real telephone voice recognition
application, known as DigitVox, were used for the exper-
iments related to connected digits recognition. The Span-
ish Parliament dataset (PARL) of the TC-STAR project’

ITC-STAR: Technology and corpora for speech to speech transla-
tion, www.tc-star.org

was used for testing the performance of the models for
continuous speech recognition.

4.2. Results modeling parameter dependencies

In the first set of experiments we modeled parameter de-
pendencies. The different configurations used are defined
by the number of N-grams used for modeling the depen-
dencies between parameters for each new feature. In the
present case, no dependencies are considered for the cep-
stral feature, 2-grams are considered for the first cepstral
derivative and for the energy, and 2 and 3-grams for the
second cepstral derivative. As explained in section 3, as
we cannot estimate all the theoretical acoustic parameter
combinations, we define those N most frequent combina-
tions of parameterization labels for each spectral feature.
A low N means that only some combinations were mod-
eled, maintaining a low dimension signal space for quan-
tization. On the other hand, increasing N more depen-
dencies will be modeled at the risk of working with an
excessive number of centroids to map the speech signal.

Different configurations were tested. Each configura-
tion is represented by a 4-digit string with the different
values of N used for each feature. The total number of
codewords to represent each feature is the original acous-
tic codebook dimension corresponding to this feature plus
the number of N-grams used. The different combinations
that result in the configurations chosen were selected after
several series of experiments, defined to either optimize
recognition results or to simplify the number of N-grams
used.

database configuration SRR | WER
SpeechDat baseline 90.51 | 2.65
—/2000/2000,2000/2000 | 91.04 | 2.52
DigitVox baseline 93.30 | 1.27
—/2000/2000,2000/2000 | 93.71 | 1.17

Tabla 1. Connected digit recognition rates modeling

inter-parameter dependencies

In table 1 we present the best results obtained for con-
nected digit recognition experiments. Results are expressed
according to SRR (Sentence Recognition Rate) and WER
(Word Error Rate) to measure the performance. We can
see an important improvement in speech recognition for
this task using the SpeechDat dataset, with a relative WER
decrease of nearly a 5%. When using the DigitVox dataset
this improvement is slightly higher, with a relative WER
decrease of 7.8%. Because both datasets are independent
from the training datasets, we didn’t expect adaptation of
the solution to the training corpus.

4.3. Results modeling temporal dependencies

When modeling temporal dependencies, each new HMM
feature models the dependencies of the original acoustic
features. Again, the different configurations are repre-
sented by a 4-digit string with the number of N-grams

— 13—
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used in equation 5 for modeling each acoustic parame-
ter. In contrast to inter-parameter dependence modeling,
a wider range of N leads to an increase in recognition ac-
curacy. Thus, this is a more flexible solution, where we
can chose between optimizing the accuracy and working
with reasonable codebook size (close to the state-of-the
art codebooks when working with standard implementa-
tions) while still improving the recognition performance.

A first set of experiments using connected digit recog-
nition was used to analyze the evolution of recognition
performance regarding N, and also to study the differ-
ences in performance when testing the system with the
SpeechDat database or an independent database (DigitVox).
Results obtained with the SpeechDat dataset show that by
modeling time dependencies, we can achieve a great im-
provement in recognition, outperforming the inter-para-
meter dependencies modeling approach with a relative
WER reduction of around 26% compared to baseline re-
sults. However, the improvement when using the Dig-
itVox dataset was slightly lower, with a relative WER re-
duction of 10.2%. Thus, this solution seems more likely
to be adapted to the training corpus for connected digit
recognition.

To test whether time dependencies modeling works
better using a bigger (and wider) training corpus, contin-
uous speech recognition was used, with new sets of acous-
tic models based on demiphones, using the PARL dataset.
The results, presented in table 2 show a WER reduction
between 14.2% and 24.3%. We observe some saturation
in WER improvement when N is increased over certain
values: after reaching optimum values, WER improve-
ment becomes slower, and we should evaluate if the ex-
tra improvements really do justify the computational cost
of working with such large values of N (which means
working with high codebook sizes). Afterwards, addi-
tional WER improvement tends to zero, so no extra ben-
efit is obtained by working with a very high number of
N-grams. Thus a compromise between the increase in
codebook size and the improvement in recognition accu-
racy is made when deciding upon the best configuration.

configuration WER | WER,-
baseline 28.62 -
3240/2939/2132/6015 24.56 | 14.19%
7395/6089/4341/8784 27.73 | 24.07%
20967/18495/17055/15074 | 21.66 | 24.32%

Tabla 2. Continuous speech recognition rates modeling
time dependencies with TC-Star database

5. CONCLUSIONS

In this paper we present two approaches for using N-gram
based augmented HMMs. The first solution consists of
modeling the dependence between the different acoustic
parameters, thus overcoming the parameter independence

assumption. The second approach relies on modeling the
temporal evolution of the regular frequency-based fea-
tures, trying to break the time independence assumption.

Experiments on connected digit recognition and con-
tinuous speech recognition have been performed. The re-
sults presented show an improvement in recognition accu-
racy especially for the time dependencies modeling based
proposal. Therefore, it seems that time-independence is
a restriction for an accurate ASR system. Also, temporal
evolution seems to need to be modeled in a more detailed
way than the mere use of the spectral parameter’s deriva-
tives.

A more relevant improvement is achieved for contin-
uous speech recognition than for connected digit recog-
nition. For both tasks, independent testing datasets were
used in last instance. Hence, this improvement does not
seem to be related to an adaptation of the solution to the
training corpus, but to better modeling of the dependen-
cies for demiphone-based models. Thus, more general
augmented models were obtained when using demiphones
as HMM acoustic models.

Further work will be needed to extend this method to
more complex units and tasks, i.e. using other state-of-
the-art acoustic units and addressing very large vocabu-
lary ASR or even unrestricted vocabulary tasks.
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ABSTRACT

This paper explores two alternatives for speaker verification
using Generalized Linear Discriminant Sequence (GLDS)
kernel: classical Support Vector Classification (SVC), and
Support Vector Regression (SVR), recently proposed by the
authors as a more robust approach for telephone speech. In
this work we address a more challenging environment, the
NIST SRE 2008 multichannel core task, where strong
mismatch is introduced by the use of different microphones
and recordings from interviews. Channel compensation based
in Nuisance Attribute Projection (NAP) has also been
investigated in order to analyze its impact for both
approaches. Experiments show that, although both techniques
show a significant improvement over SVC-GLDS when NAP
is used, SVR is also robust to channel mismatch even when
channel compensation is not used. This avoids the need of a
considerable set of training data adapted to the operational
scenario, whose availability is not frequent in general. Results
show a similar performance for SVR-GLDS without NAP and
SVC-GLDS with NAP. Moreover, SVR-GLDS results are
promising, since other configurations and methods for channel
compensation can further improve performance.

Index Terms: speaker verification, GLDS, SVM
classification, SVM regression, inter-session variability
compensation, robustness.

1. INTRODUCTION

Speaker verification aims at determining whether a given
speech material of unknown source belongs to a claimed
individual’s identity or not. The state-of-the-art in speaker
verification has been dominated in the last years by systems
working at the spectral level. Techniques like Gaussian
Mixture Models (GMM) [1], Support Vector Machines (SVM)
[2, 3], or hybrid approaches such as GMM-SVM [3] have
demonstrated higher performance for this task.

Among this kind of systems working at the spectral level,
SVM Classification (SVC) wusing Generalized Linear
Discriminant Sequence (GLDS) kernel has been used in the
past [2]. This technique first maps the parameter vectors
extracted from the speech to a high-dimensional space via a
GLDS kernel function, where a SVM classifier is used to
classify such speech as belonging to the claimed identity or to
an impostor.  Thus, this task is essentially a binary
classification problem.

Another essential factor for the improvement of state-of-
the-art performance of the technology in the last years has
been the use of session variability compensation schemes.

! This work has been supported by the Spanish Ministry of Education
under project TEC2006-13170-C02-01.

Techniques like Factor Analysis [4] or Nuisance Attribute
Projection (NAP) [5] have been critical for the robustness of
systems under variation in the conditions of the speech.
However, their ability to reduce inter-session variability
effects is conditioned to the availability and correct use of
appropriate databases similar to the data that the system will
face in operational conditions. Such databases may be hard to
obtain in many applications.

During the last years there have not been significant
improvements in SVC-GLDS, so its performance is lower than
other approaches at the spectral level such as GMM or GMM-
SVM. Nevertheless, Support Vector Regression (SVR) has
been recently proposed, showing a significant performance
improvement over classical SVC for GLDS kernel in a
telephone scenario [6]. Thus, it is necessary to study the
performance of SVR-GLDS when facing more challenging
environments in terms of session variability.

In this paper we show experiments illustrating the
robustness of the SVR-GLDS approach under strong session
variability. For this purpose we have used the NIST SRE
2008 evaluation protocol where speech from different
microphones and telephone networks is present with different
languages and speaking styles. This paper is organized as
follows, SVM classification and regression is introduced in
Section 2. Section 3 presents the proposed SVR-GLDS
system. In Section 4, experiments showing the performance
of SVC-GLDS and SVR-GLDS with and without session
variability compensation are presented. Finally, conclusions
are drawn in Section 5.

2. SUPPORT VECTOR MACHINE
CLASSIFICATION AND REGRESSION

SVM have been largely used for a wide range of different
pattern recognition and machine learning tasks. One of the
main advantages of this technique is its good generalization
capabilities to unseen data.  This fact joined to its
computational efficiency establish SVM as a good candidate
for tasks like speaker recognition, as has been demonstrated in
[2,3].

The approach for speaker verification using SVM in the
past has been mainly based on SVC, where the classes are
defined as the claimed speaker being the author of the test
speech segment of unknown origin (target speaker hypothesis)
or another individual being the author (non-target speaker
hypothesis). Recently, the authors proposed the use of SVR, a
more general approach.

— 15—
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2.1. Support Vector Machine Classification (SVC)

The goal of classification using support vector machines
consists in finding and optimal decision hyperplane,
represented by its normal vector w. This is performed in a so-
called expanded feature space, where the MFCC (Mel
Frequency Cepstral Coefficients) feature vectors are mapped
in order to be easily separable [2]. The hyperplane w divides
the high-dimensional space in two regions. In our particular
speaker verification problem one of these regions will
correspond to the target speaker hypothesis and the other to
the non-target speaker hypothesis. The scoring function is
then defined as the distance of each vector to the hyperplane:

f(x)=(wx,)+b (1)
where b is a learned offset parameter. To explain the SVM

algorithm in more detail let consider the linearly separable
case. Suppose we have a data set labelled

D= {(xl,yl),(xz,y2)~--(x,,y, )} where x; represent the vector
and y, the label. For example y, =1 if x, belong to the

target speaker and y, =—1 in the rest of cases. The objective

hyperplane in this case will be the one that maximize the
margin between classes:

(1,
w=mn| —w -w
2

subject to: y,.f(x,.)—l 20

Unfortunately, in real applications there are many effects,
e.g. noise, channel effects, intra- and inter- class variability,
etc., which can cause the restriction in (2) to be violated. In
such case, the problem will not be linearly separable. This
new problem can be solved by considering two different
criteria for finding w: i) maximising the margin between
classes and ii) minimising a loss function proportional to
misclassified vectors. A weighting factor C controls the
relevance of one criterion against the other.

(1 1
w=min| —w' -w+C— )
(1w weclze,)

subject to: 0< &, <1-y,f(x,)

@

)

&, 1s a penalty associated to the vectors that do not satisfy

the restriction in (2). Thus, for classification problems the loss
function is defined as:

Sross (xi) = max{O, 1-y, ~f(x,.)} @)
If a non-linear classification boundary is desired, an

elegant method consists in mapping each vector to a higher-
dimension feature space. For this purpose a map function,

¢(x,.), is used. It can be demonstrated that we can obtain a

transformation ¢(xl.) where the vectors are linearly separable.

Furthermore, the SVM algorithm only requires inner products

of the vectors in the expanded space, <¢(x[.),¢(x j)> , where the
kernel function is defined as:

Je(x,x,) = ($(x),6(x)) (5)

The possibility of computing the inner products without

explicitly mapping each vector into the high dimensional
space is known as kernel trick.

2.2. Support Vector Machine Regression (SVR)

As shown before, the objective of SVC was to find an optimal
hyperplane witch separates the target and nontarget data. In
the SVR case the goal is more general: learning a n-
dimensional function based on the data.

The vector labels, y,, are seen as a function of x,,
g,(x)=y,. SVR will try to find a function f(-)=g,(-). The
degree of approximation to the function g,(-) is controlled
through the parameter C.

The main difference between SVC and SVR is the loss
function. SVC penalizes the situation where f(-)<g,(-), but
as SVR aims at estimating a function, it also penalizes
f()>g,(). The loss function should consider such effect,

and there are different options in the literature. A popular
choice is the e-insensitive loss function [7], where vectors are

penalized when ‘ - gn(v)‘ > ¢ . The objective hyperplane in
the SVR case will then be:

(1 5 1 .
w=min| —w -w+C— T+ &
(3w wectye, e, )

6
ng(xi)_yigéc.i-‘_g ()
Ogy[ 7f(x[) Sé,[ +é

If we compare these criteria with SVC in Equation (3), we
observe some differences. We have the SVC penalty variable,
&, for those vectors for which f(x,)>g,(x)+¢, and a

subject to: {

new variable &, for those ones for which f(x,)<g,(x)—¢.
The loss function is then defined as:

S ()= max{O, v f(x) - g} 7

The differences between f,, (x,) (SVR) and f,, (x,)

(SVC) are shown in Figure 1. The loss functions are centered
at f(x,)=y, forSVCandat f(x,)=g,(x;) for SVR.

@
Loss function ,

---Classification
—Regression

Figure 1. SVR vs. SVC. Boundaries (a) and loss functions (b).
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3. SVR-GLDS SPEAKER VERIFICATION

We propose to use SVR with a e-insensitive loss function for
the speaker verification task. Recently, the authors showed
the performance of this novel approach over the core task of
NIST SRE 2006 [6], a telephone scenario, obtaining good
results in comparison with SVC.

One of the main consequences of using the SVR approach
in the GLDS space relates to the use of support vectors for
SVM training. SVC uses support vectors which are near the
frontier between classes, where the vectors use to be scarce.
SVR selects support vectors from areas where there is a higher
concentration of vectors. Thus, the SVC hyperplane may be
more sensitive than SVR to outliers, noisy vectors, etc. In this
sense, SVR can present a more robust performance than SVC
against outlier support vectors due to extreme conditions in
some speech utterances.

Another advantage of the SVR approach relies on the use
of the € parameter. There are some works in the literature [8]
that relate the & parameter to the noise or variability of the
function estimate. Following such assumptions, tuning &
allows us to adapt the SVR training process to the variability
in the expanded feature space.

4. EXPERIMENTS
4.1. SVM-GLDS systems

Both ATVS SVC-GLDS and SVR-GLDS systems are based
on a GLDS kernel as described in [2]. Feature extraction is
performed based on audio files processed with Wiener
filtering (an implementation is available at
http://www.icsi.berkeley.edu/ftp/global/pub/speech/papers/qio
). 19 MFCC plus deltas are then extracted. In order to avoid
channel mismatch effects, CMN  (Cepstral Mean
Normalization), RASTA filtering and feature warping are
performed. A GLDS kernel expansion is performed on the
whole observation sequence, and a separating hyperplane is
computed between the training speaker features and the
background model. The system uses a polynomial expansion
of degree three prior to the application of the GLDS kernel.

In order to face the problem of session variability, speaker
vectors obtained after calculating the expanded feature vector,
were channel compensated. The compensation was performed
by projecting out its expanded values into a trained channel
subspace, which is known as NAP [5]. The score computation
is based on the distance of the expanded features to the
separating hyperplane, as shown in (1). Finally, the T-Norm
[9] score normalization technique is applied. We have used
the LibSVM library
(http://www.csie.ntu.edu.tw/~cjlin/libsvm) for training both
SVM classification and regression algorithms.

4.2. Databases and experimental protocol

Experiments have been performed using the NIST Speaker
Recognition Evaluation (SRE) 2008 [10]. These evaluations
are the main forum for the improvement of the technology
performance of speaker recognition systems. Each new NIST
evaluation involves a mnew challenge to the science
community, contributing to increase the efforts and research
works in the speaker verification field, and fostering common
testing and comparison protocols.

The main difference of NIST SRE 2008 with previous
evaluations consists in including in the training and test

conditions for the core task not only conversational telephone
speech data but also conversational speech data recorded over
a microphone channel involving an interview scenario, and
additionally, for the test condition, conversational telephone
speech recorded over a microphone channel. The evaluation
protocol defines the following training conditions: 10 seconds,
1 (short2), 3 and 8 conversation sides and long conversation;
and the following test condition: 10 seconds, 1 (short3)
conversation side and long conversation. Each “short”
conversation, either recorded over a telephone or a
microphone, has an average duration of 5 minutes, with 2.5
minutes of speech on average after silence removal. Interview
segments contain about 3 minutes of conversational speech
recorded by a microphone, most of the speech generally
spoken by the target speaker. Although there are speakers of
both genders in the corpus, no cross-gender trials are defined.
In our case the experiments followed the core task, namely
short2 training conditions, and short3 test condition (short2-
short3).

Taking into account the test and train channel types, the
evaluation protocol can be divided in 4 conditions: tf-tlf
(37050 trials), #f-mic (15771 trials), mic-mic (34046 trials)
and mic-tlf (11741 trials). NIST made available for the
participants the type of channel (microphone or telephone) for
each speech segment.

The background set for system tuning is a subset of
databases from previous NIST SRE, including telephone and
microphone channels. The T-Norm cohorts were extracted
from the NIST SRE 2005 target models, 100 telephone models
and 240 microphone models. NAP channel compensation was
trained using recordings belonging to NIST SRE 2005
speakers which are present in both telephone and microphone
data.

4.3. Results

The performance of SVC-GLDS is first evaluated with two
different configurations: i) without including any
compensation technique, and i) including a NAP
compensation scheme. Table 1 shows the performance of the
system detailed per condition. Results are presented both as
Equal Error Rate (EER) and DCF,;, as defined by NIST [10].
It is observed that the performance of the system significantly
improves when NAP is added to the system, both for EER and
DCEF values. The improvement is bigger when strong channel
mismatch occurs (¢/f-mic or mic-tlf conditions).

SVC-GLDS SVC-GLDS + NAP
EER (%) | DCFuin | EER (%) | DCFun
tIf-tlf 13.8 0.054 10.2 0.047
tlf-mic 24.1 0.075 13.9 0.053
mic-mic 17.4 0.075 13.0 0.057
mic-tlf 23.5 0.078 15.3 0.059
Table 1. EER and DCF,,;, in NIST SRE 2008 short2-short3, for
SVC-GLDS.

In order to use the proposed SVR-GLDS system, tuning
the ¢ parameter is firstly required, and the variation of its
performance with respect to such parameter is presented here.
As we saw in [6] the system performance significantly
changes as a function of this parameter. In that case &£=0.1
was the optimal value. Tables 2 and 3 show the performance
for different values of ¢.
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0.05 0.1 0.2 0.4 0.8
tif-tlf 9.9 10.0 10.9 13.5 13.9
tlf-mic 16.9 15.1 16.6 23.8 24.0
mic-mic 15.7 15.4 15.9 16.8 17.4
mic-tlf 17.0 16.4 18.8 22.8 23.6

Table 2. EER in NIST SRE 2008 sort2-sort3, for different values
of e in SVR-GLDS.

0.05 0.1 0.2 0.4 0.8

tif-tlf 0.046 | 0.045 | 0.047 | 0.052 | 0.054
tlf-mic 0.059 | 0.055 | 0.063 | 0.074 | 0.075
mic-mic 0.064 | 0.065 | 0.067 | 0.074 | 0.075
mic-tlf 0.063 | 0.064 | 0.066 | 0.078 | 0.078

Table 3. DCF,,;, in NIST SRE 2008 sort2-sort3, for different
values of ¢ in SVR-GLDS.

In most part of the cases &=0.1 significantly improves
the system performance. Thus we just have to tune the system
one time and not for each one of the four conditions. For the
rest of experiments ¢ = 0.1 will be used for SVR.

Finally, we have evaluated the performance of SVR-
GLDS + NAP versus the systems mentioned above: SVC-
GLDS, SVC-GLDS + NAP and SVR-GLDS. Table 4 shows
the comparison in EER and DCF values for each condition
and Figure 2 shows the global DET curves of the systems.

tif-tif tif-mic | mic-mic | mic-tlf

sve EER 13.8 24.1 17.4 23.5

DCF i 0.054 0.075 0.075 0.078

SVC+ | EER 10.2 13.9 13.0 15.3
NAP | DCFu, 0.047 0.053 0.057 0.059
SVR EER 10.0 15.1 15.4 16.4

DCF i 0.045 0.055 0.065 0.064

SVR+ | EER 9.6 14.3 13.8 15.0
NAP | DCFui, 0.045 0.053 0.060 0.062

Table 4. EER (%) and DCF ;. performance of SVC, SVC + NAP,
SVR and SVR + NAP systems in NIST SRE 2008 short2-short3
task.

40

20

False Rejection Probability (in %)
o

Cl
—SVR: EER = 15.7%; DCF = 0.074
0.1 |- - SVR+NAP: EER = 14.9%; DCF = 0.072
0102051 2 5 10 20 40
False Acceptance Probability (in %)

Figure 2. DET curve of SVC, SVC + NAP, SVR and SVR + NAP
systems in NIST SRE 2008 short2-short3 task.

The system with the best performance is SVC-GLDS +
NAP, obtaining a relative improvement in EER of 31% and
19% in DCF value. The proposed system, SVR-GLDS,
presents a similar performance before and after channel
compensation. This has the advantage that there is no need of
using NAP to obtain similar performance as SVC-GLDS +
NAP. If a suitable database is available, NAP may
significantly improve the performance of the system, but if
such database is not available or the representative data is
scarce, SVR-GLDS seems a convenient option for obtaining
robustness. The latter may be the case in many applications.

Moreover, SVR-GLDS + NAP provides a slight
improvement, in both EER and DCF values, with respect to
SVR-GLDS. This result is promising, as no special tuning of
the & parameter has been performed. As the NAP
transformation changes the properties of the expanded space, a
finer determination of ¢ may possibly lead to a further increase
in performance.

5. CONCLUSIONS

In this paper we have explored the performance of SVR-
GLDS for speaker verification, recently proposed by the
authors, over the NIST SRE 2008 core multichannel task.
This technique is a more general and robust approach than the
widely-used SVC-GLDS. Results show that the performance
of the SVR-GLDS approach without channel compensation is
comparable to SVC-GLDS with NAP. Therefore, if a suitable
database is available, NAP may significantly improve the
performance of the system, but if such database is not
available or the representative data is scarce, SVR-GLDS
seems a more convenient option for obtaining robustness.
Moreover, since channel compensation requires a sizeable
amount of data, in many real applications SVR may seem an
attractive option for robustness. Furthermore, it is possible to
combine SVR-GLDS with channel compensation, which
further improves SVR-GLDS performance showing promising
results.

Future work includes the use of different SVR approaches
for the GLDS space, such as p-SVR, non-linear loss functions
and different kernels. Also, the combination of SVR with
NAP, tuning the & parameter and its effects on the system
performance will be investigated in depth.
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ABSTRACT

This paper describes the development of a command-
based robust speech recognition system for the
Portuguese language. Due to an efficient noise reduction
algorithm the system can be operated in adverse noise
environments such as in vehicles or factories. The
acquisition of a Portuguese database in the scope on the
Tecnovoz project is addressed in this paper. The paper
also describes a new noise-robust front-end and some
experiments regarding the best acoustic model to use for
a command-based speech recognizer. Results with
whole-word, monophone and triphone models are
presented and discussed.

1. INTRODUCTION

Tecnovoz [1] is a shared-cost project funded by the
Portuguese government which aims to create a body of
knowledge on voice technologies, particularly to the
Portuguese language. This will materialize in a series of
products for the market. The authors were responsible in
the framework of the project for the development of a
speech independent connected word recognizer which
operates under noise adverse conditions, such as
factories and vehicles. Therefore it has to incorporate
advanced noise reduction techniques. Finally, the
recognizer has to be computationally efficient in order to
operate on small footprint embedded hardware
platforms.

The speech database was collected in the scope of
the Tecnovoz project. It has been designed regarding
typical application demands, in terms of vocabulary and
acoustic environments. The acoustic models are based
on Hidden Markov Models (HMMs).

In order to deal with noise adverse conditions, a
noise reduction front-end was designed, based on the
Advanced Front-End (AFE) ETSI Standard [2]. Some
modifications were made from the standard to enhance
the performance and speed of the speech recognizer.

In order to improve the robustness of the speech
recognizer, several experiments with different acoustic

models were carried out using either whole-word HMM
models or smaller unit HMM models, such as
monophones and triphones.

The paper is organized as follows. In section 2 the
database is described. Section 3 describes the front-end
implementation. Section 4 refers to the approaches to
the acoustic modelling. Finally, in section 5, results
obtained with different acoustic models and front-end
configurations, are presented.

2. SPEECH DATABASE

Three acoustical environments were considered
during the database acquisition, namely: clean (TVFL),
vehicle (TVV) and factory (TVF) environments. The
collected speech database includes about 250 commands
and several phonetically rich sentences. About 30
minutes of spoken content were recorded by each of the
368 speakers, which turn into about 184 hours of speech
content and a total of 232,000 files. Table 1 and Table 2
show the distribution of the database according to
gender and file types, respectively.

Gender TVFL TVF TVV
Female 103 20 9
Male 197 16 23
Table 1: Gender distribution.
Content TVFL TVF TVV
Words 141,992 30,090 19,648
Sentences 40,458 - 384

Table 2: Speech file distribution.
3. FEATURE EXTRACTION

The feature extraction system is based on the AFE
standard, which incorporates a two-stage Wiener
filtering system. In this standard, the Wiener filter is
estimated in the linear frequency domain and is
implemented by a time domain convolution. Li et al, [3],
proposed a new algorithm where both filter estimation
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and operation are carried out in the Mel frequency
domain. In our implementation some changes were made
to Li et al approach in order to improve the front-end
efficiency, as depicted in Figure 1 [4].

Speech
Signal
[ » VADNest
Spectrum Mel
Estimation [ | Filter-Bank

PSD
Mean Mel WF| |

Design

Cepstrum
Calculation

Figure 1: Block diagram of the feature extraction
system.

Normalized
Features

Cepstral Mean
Normalization

It can be seen that the speech signal is processed
by a two-stage Wiener filter as in the ETSI standard.
The estimated signal spectrum is applied to a Mel filter-
bank and the frames are then classified as “noise only”
or “speech with noise” by the VADNest block. The
Wiener filter design depends on this classification in
order to estimate the noise spectrum. The “Spectral
Smooth” block presents some modifications: the
operations involved in the smoothing of the Wiener
filter coefficients were reduced to a single matrix
multiplication [4]. Apart from the gain factorization
block, that were not found valuable for the final system
performance, the second Wiener filter stage is similar to
the one proposed in [3].

The de-noised frames are then converted to
cepstral coefficients by a discrete cosine transform
(DCT) and their means are normalized by a real-time
algorithm, resulting on a feature vector with 39
components, comprising 12 cepstral coefficients plus log
energy and their first and second time derivatives. The
feature extraction algorithm is described in detail in [4].

4. MODEL TRAINING

Acoustic models were built using the Tecnovoz
speech database and only files corresponding to
command utterances with Signal-to-Noise Ratio above
15 dB were considered. There were a total of 137,860
files (120,459 from TVFL, 8,760 from TVF and 8,641
from TVV). From these files 75 % were picked for
training, 20 % for test and 5 % for development. From
the first trained models a recognition test was performed
on the training database. The results allow us to detect
transcription errors, and consequently, some annotation
files had their marks re-adjusted, others were deleted
and wrong labels were changed according to the word
effectively pronounced. From these procedures the total
number of files was reduced to 137,237 (119.975 from
TVFL, 8,633 from TVF and 8,629 from TVV).

The model training was carried out using the HTK
toolkit [S]. During the training three approaches were
explored for the acoustic models: word-level, context-
free phones and context-dependent triphones. The word-
level approach tries to create HMM models for the
whole-word, whereas context-free monophone models
split the words into the corresponding monophone
transcription to provide data for monophone training.
Finally, triphone training tries to profit from left and
right contexts of each phone, which naturally influence
the acoustic realization of each phone, to create a new
model. The advantages and disadvantages of each
method will be discussed in the next sub-sections.

4.1. Word-level training

For word-level training, each of the 254 words is
represented by an HMM with left-to-right topology. The
number of states of the HMM depends on the word
length in terms of phones. For example for the command
“stop”, the transcription is /s t O p/ (in SAMPA), which
results in a 12-state HMM for this word, using 3 states
for each phone.

The models “ruido” and “sil” are used to model
noise and silence, respectively. They are represented
with 3-state HMM’s with left-to-right topology with an
extra transition from the first to the last emitting states
and vice-versa.

The model initialization was done with the HTK
tools HInit and HRest. Afterwards, the training was
carried out with the embedded re-estimation HTK tool
HERest. Word-level models were trained with mixture
increment, up to 10 Gaussian mixtures for each state.

4.2. Monophone training

The first step consisted in defining the phone set
for the Portuguese language. A list of 40 phones was
taken, including models for silence and pause. All phone
HMMs have 3 states with a left-to-right topology and
were initialized with the “flat start” method [5]. Multiple
pronunciations were considered for some words, which
permitted to realign the training data after 5 iterations of
embedded re-estimation. The number of mixture
components was then incremented up to 16 Gaussians,
as depicted in Figure 2.

4.3. Triphone training

Triphones depends on the two adjacent phones,
which gives considerable robustness to variations in
pronunciations in specific contexts [6].

Since there is no annotated speech data at phone
level, monophone models were used (initialized with the
flat start procedure) to develop the intra-word triphone
models. As triphones are phones with context, it was
used a straightforward procedure to convert from one
notation to another (e.g.: “dez” (“ten”) — /d E S/ —
/d+E d-E+S E-S/).
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Figure 2: Monophone training procedure.

The resulting number of triphone models is 872 for
the command vocabulary. This results in much less
training material for each triphone compared with
monophones. To overcome this problem and taking into
consideration that there are many similar triphones in the
model list, some models can be tied in order to reduce
the total number of physical models. For this purpose
two methods were considered: data-driven clustering
(DDC) and tree-based clustering (TBC). The data-driven
clustering uses a similarity measure between HMM
states, while tree-based clustering builds a binary
decision tree. This tree attempts to find those contexts
which make the largest difference to the acoustics and
which should therefore distinguish clusters. The latter
method has the advantage of accommodating the
construction of systems which have used unseen
triphones [5]. Different likelihood thresholds in TBC
and distance thresholds in DDC were taken into account
as sources of variability in training. These thresholds
have a strong influence on the number of physical
models that need to be trained, and consequently in the
total number of Gaussians, which is a major concern as
recognizer will be working over low performance
hardware. The number of Gaussians was incremented up
to 16, as depicted in Figure 3.

Command Files HCompV
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hmmi HHed
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(clustering)

Mix = 16 Mix < 16

5. RESULTS

In this section, the results obtained with each
acoustic modeling approach are presented. Tests were
carried out using the HTK decoder tool HVite.

To perform the experiments, a task grammar must
be defined in order to provide information about the
sequence of events that can be found in the test
utterances. The used grammar consisted in taking all the
command words in parallel, with an optional silence
before and after a command, as shown in Figure 4.

Figure 4: Task grammar.

Table 3 shows the achieved recognition rates of
both the original and proposed front-ends in terms of the
Word Correctness rate. The improvements made at the
front-end level resulted in a system’ performance
improvement of about 2% (absolute points). This result
suggests that the ETSI’s AFE may be biased towards the
database used for the evaluation of the algorithm (the
Aurora 2 database).

Front-End Word Correctness
Original ETSI AFE 94.88 %
Efficient Front-end (E-AFE) 96.88 %

Table 3: Comparison between AFE and E-AFE.

Three different versions of the whole-word models
were tested. The first one corresponds to the models
created with the first alignment of the training database
(V1). The models’ second version resulted from the new
label files with re-adjusted marks (V2). The third one
was created with a modification in the front-end, that
consists in removing the gain factorization block,
indicated in Figure 1 (V3). Results for 8 Gaussian
mixtures are presented in Table 4. As expected, the
consecutive modifications made on training procedure,
label files and front-end improved the whole-word
models.

Version Word Correctness
Vi 95.92 %
V2 96.55 %
V3 96.76 %

Triphone
Models

Figure 3: Triphone training procedure.

Table 4: Whole-word models results.
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As referred to in section 4.2, the label files were
automatically aligned several times, in order to improve
robustness. Table 5 shows the word correctness for
monophone models, with 8 Gaussian mixtures, for
several realignment iterations. Besides the low rates
obtained with the monophone models, an improvement
of 6 % was observed by realigning the training data 3
times.

Number of Realignments Word Correctness
0 83.46 %
1 87.57 %
2 87.54 %
3 89.28 %

Table 5: Monophone models results.

To evaluate triphone model performance,
experiments were carried out with no clustering and with
both clustering methods. Results obtained with 8
Gaussian mixture models are presented in Table 6.

Cll\:ll(set:(.)l(rllg Threshold | Word Correctness
TBC 7500.0 96.06 %
TBC 1000.0 97.03 %
TBC 300.0 97.06 %
DDC 0.3 96.81 %
No clustering - 97.03 %

Table 6: Triphone models results.

Results indicate that the lower the thresholds in
TBC, the better are the results. This is due to the number
of physical models resulting from the cluster which is
higher when the likelihood threshold is lower. With
about the same number of physical models, the DDC
clustered models presents a slightly lower score.
Nevertheless, the clustering method seems to be useless,
since with no clustering a very similar recognition rate is
achieved.

In order to compare the performance of the three
acoustic model types, the best score from each approach
is presented in the same table as well as the number of
Gaussians that the ensemble of models have. According
to Table 7, the triphone models have the best
performance, comparing to whole-word or monophone
models. As the recognizer should work on low
performant hardware, a trade-off between computational
load (dependent on the number of Gaussians), and the
recognition rate should be made. The triphone models
not only have less computational load when compared to
whole-word models, as achieve higher recognition rate.
As a result, most commands in the vocabulary are
represented by triphone models in our recognition
engine. Only smaller commands, where whole-word
models seem to be more accurate, use this kind of
models.

Acoustic Model Word Total Nul.nber
Correctness of Gaussians
Whole-word 96.76 % 37,344
Monophone 89.28 % 952
Triphone 97.03 % 16,204

Table 7: Comparison of acoustic models.
6. CONCLUSIONS AND DISCUSSION

In this paper some modifications are proposed to
the ETSI’'s AFE regarding noise robustness of a
command-based speech recognition system for the
Portuguese language. The new proposal outperformed
the ETSI standard in about 2%.

Three different acoustic models (whole-word,
monophone and triphone models) were also tested and
compared. Results show that triphone models achieved
the best performance.

Another interesting conclusion is that new word
models can be easily built using the monophone models.
The user just need to add the sequence of phones that
compose a new command in order to be accepted by the
recognizer engine. With triphones it is not that simple,
because only a small set of triphones are available. An
algorithm that associates to an unseen triphone the better
one that is already on the initial triphone list is currently
being developed. This tying takes into account acoustic
and phonetic similarities between triphones. With this
association the recognizer will be prepared to recognize
any command.
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Abstract

One of the most popular approaches to Automatic Language
Identification (LID) is Parallel Phone Recognition followed
by Language Modeling (Parallel PRLM or PPRLM). This
approach has proved to be very successful in LID. However,
it has two mayor drawbacks: its high computational cost due
to the need to run several phone recognizers on the same test
segment; and the need to train the phone recognizers on
manually transcribed data that may not match closely the type
of speech on which the system will work. In this paper we
present a novel approach for LID that tries to solve these two
problems. It is based on substituting the phonetic recognizers
by an Acoustic Event Recognizer (AER) that can be trained
on untranscribed data and is much faster than the phone
recognizers. Results show that this method, which we call
AERLM, can be much faster than PRLM, although at the cost
of reduced LID precision, and therefore suitable for low-cost
LID.

1. Introduction

Automatic Language Identification is the task of recognizing
the language spoken in a sample of speech. This automation
can be very useful in multicultural environments like airports,
congresses or international meetings. It can act as integrating
part of all those services, both fully automated or not, that are
able to act in different languages, adapting themselves to the
user’s spoken language.

Nowadays it is possible to distinguish two main groups of
techniques for automatic language recognition: a high level
approach (which uses acoustic features and linguistic units)
and an acoustic approach (the algorithms which only use
acoustic features). We can classify the most popular systems
as the following:

acoustic level techniques:

- GMM, Gaussian Mixture Model classification;

- SVM-GLDS, Support Vector Machines with General
Lineal Discriminant Sequence kernel;

high level techniques:

- PPR, parallel phone recognition;

- PRLM, phone recognition followed by language
modeling;

- PPRLM, parallel PRLM;

- Improvements on PPRLM (lattices and SVM).

Most commonly used high level techniques can be
grouped together as phonotactic techniques because they try
to recognize languages based on the phones and sequences of

most frequent phones in a language. This approach has two
major drawbacks. Firstly, all these approaches are based on
the concept of phoneme, a knowledge-based linguistic
concept that is language-dependent and in many cases
difficult to deal with in speech processing. An example of this
difficulty is that in order to train a phoneme recognizer it is
considered a requirement to have a manually phonetically
transcribed database. Secondly, all these phonotactic
approaches rely on phoneme recognizers that are costly in
terms of computation, particularly when several recognizers
in different languages are run in parallel as in PPRLM.

The first drawback is becoming less important with the
increasingly number of transcribed speech corpora in
different languages, as well as with techniques such as PRLM
that don’t require transcribed speech from a language in order
to recognize it. However, the second drawback is becoming
more and more important, particularly when emphasis is
starting to be put not only in obtaining low-error systems, but
also in obtaining low-cost systems [1].

In this paper, we present a modification of PRLM systems
in which the Phonetic Recognizer (PR) is substituted by a
data-driven Acoustic Event Recognizer (AER) to create what
we call an AERLM system (Acoustic Event Recognizer
followed by Language Modeling). In this way, we eliminate
the need for phonetically transcribed data for training, which
allows training the AER on data as close as possible to the
testing (or working) data. Perhaps more importantly, AER is
much faster than a phonetic recognizer, which makes it a
good alternative to PRLM for limited-resource systems like
embedded systems, as well as for a fast-matching stage prior
to a more detailed matching.

The rest of the paper is organized as follows. Section 2
gives a panoramic view of our AERLM system. Section 3
gives more details about the Acoustic Event Segmentation.
Section 4 describes our Acoustic Event Clustering. In section
5 we explain the language modeling and in section 6 our
experiments. Finally, section 7 presents some conclusions as
well as future work.

2. AERLM system

The AERLM technique is based on the same idea of PRLM:
modeling and identifying languages based upon token
sequences detected by a tokenizer. In AERLM, however, the
tokenizer is not a phone recognizer. Our idea is to obtain
transcriptions by an Acoustic Event Segmentation followed
by an Acoustic Event Clustering.

The Acoustic Event Segmentation tries to approximate a
phonetic segmentation. Segments are obtained using the
variations in the spectrogram of speech, while the silence
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segments are removed. A similar technique has been used by
Glass and Zue [2] for speech recognition, and also by Chollet
for language independent speaker recognition [3]. This last
technique was successfully applied in the context of speaker
recognition [4]. This work tries to apply a similar (but even
simpler) technique to the domain of automatic language
identification.

The Acoustic Events obtained are parameterized using 13
MFCC and each segment is represented by a vector obtained
averaging all the vectors of the segment. The parameterized
segments are then used to train a clustering algorithm and to
obtain the transcriptions, given by the sequences of
recognized cluster numbers. In a second step, we model and
recognize each language using statistical information about
the obtained transcriptions, like in the PRLM architecture. In
the literature, we found that Heck and Sankar built a cluster
for speech segmentation [5], and, more recently, clustering
has been used in language recognition to improve the
modeling of co-articulation behavior [6].

3. Acoustic Event Segmentation

The first step in the process is the segmentation of the
utterance into acoustically stable segments that intend to
represent phonemes or stable parts of phonemes. This
segmentation is based on a Spectral Variation Function (SVF)
based on the Euclidean distance between the static MFCCs to
the left and right of the current frame. After this SVF has
been computed the utterance is segmented initially into
segments divided by the maxima of the SVF. After this initial
segmentation is applied, a Voice Activity Detector (VAD)
working on a segmental basis is applied. This VAD is based
on the average energy on the segment and maximum and
minimum durations of speech and silence pulses. After the
VAD is applied all contiguous silence segments are unified
into a single segment and are not considered for the rest of the
processing. For the segments corresponding to speech we
compute the average of the static MFCCs as well as deltas
and double deltas within each segment. Given that the
segmentation procedure is intended to produce spectrally
stable segments it makes sense to summarize the spectral
content of the segment by a single vector (although more
testing would be required to determine whether this option is
the best or it would be better to take the central vector, for
instance). In this way, we expect to reduce the computational
complexity of the system without compromising its
discriminative power.

4. Acoustic Event Clustering

Clusters have been largely used in pattern analysis to
compress data [7]. By using clusters, the feature space is
divided into subspaces, each one represented by a centroid.
The clustering algorithm goal is to substitute each data vector
for its nearest centroid. Data compression is achieved by then
replacing the centroid by its associated token.

Somehow in a similar way, phonetic transcriptors
replace a sequence of data vectors by its associated phoneme.
This work proposes a modification of the phonotactic
language identification problem by replacing the HMM
phoneme models of a phonetic trancriptor with an acoustic
event segmentation followed by a clustering of the segments.

The use of clusters in modeling acoustic events has
several advantages: (i) Reduced computational cost; (ii)
Phonetically labeled data is not needed to train the cluster; and
(i) It is a complementary approach to the phonotactic
language identification approach, therefore fusion of standard
systems and our system is expected to improve performance.

Popular algorithms to solve this problem are k-means or
binary splitting. Nevertheless, during the last years many other
have been introduced [8].

In this paper we propose a data driven algorithm based
on GMM modeling. After the acoustic event segmentation and
the averaging of the MFCCs over each segment, the resulting
average MFCCs from the training corpus are modeled using a
GMM. This GMM is then used to cluster together all the
average MFCC vectors that produce the maximum likelihood
for the same Gaussian of the GMM. In this way, the whole
segment producing the average MFCC vector is substituted by
the Gaussian number. With this approach the number of
tokens produced is the same as the number of Gaussians in the
GMM. For our experiments we used 64, 128 and 512
Gaussians/clusters. .

Depending on the GMM training data, the cluster can be
used to model different acoustic events. We can train the
cluster on a single language (single-language clustering) or
train it using data from different languages (multi-language
clustering).

5. Language modeling

Independent language models are created by obtaining a
transcription of a different training set by means of a nearest-
neighbor with the previously trained cluster. The stored
language model is formed by the frequencies of all the
unigrams, bigrams and trigrams for the given codebook. A
Universal Background Model (UBM) with information of
several languages is also trained following the same
algorithm.

The independent language models are adapted from the
UBM in order to obtain adapted language models by means of
the following formula:

P(c| Ad)=aP(c| AL)+(1-a)(c| AUBM) (1)

where c is a given n-gram, AA is the adapted language model,
AL the independent language model, AUBM the Universal
Model, and a a given constant in the range [0-1].

Finally, test scores are computed for all the modeled
languages using the adapted language model and the UBM .

6. Experiments

In this section we present language recognition results using
as training material the LDC CallFriend database [9] and as
testing database the evaluation data from the 2005 NIST
Language Recognition Evaluation [10]. It is worth noting that
we haven’t made use of any phonetically transcribed data for
these experiments.

This section is organized into 4 sections. The first one
presents the experimental set-up, the second one presents
results with a single clustering system trained on a single
language. Then we build a system similar to a PPRLM system
in which we train a clustering system for each language and
then fuse all of them. In section 6.4 we introduce results
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obtained training the cluster on more than one language and
finally, section 6.5 compares our results with those obtained
by our group in NIST 2005 Language Recognition Evaluation
[10], where a more standard PPRLM system with 6 or 12
phonetic decoders were used.

6.1. Experimental set-up

Our base system has a front-end module that outputs 13
MFCC, A and AA parameters (39), but we only used the first
13 (static) MFCCs in the experiments described in this paper.
Three different GMM base clusters, with 64, 128 and 512
mixtures have been trained for each of the following ten
languages: english, mandarin, spanish, arabic, farsi, german,
hindi, japanese, korean, tamil. For this task we used the
complete LDC CallFriend database [9]. For each clustering,
we processed this corpus to obtain transcriptions of all 12
languages. In a second step we used the transcriptions to train
the UBM and to adapt the independent language models. We
used unigrams, bigrams and trigrams. The testing material
consisted of the samples of 30 seconds of the NIST LRE 2005
test corpus [10]. The selected target languages are: English,
Hindi, Japanese, Korean, Mandarin, Spanish and Tamil.
English, Mandarin and Spanish appear with two dialects. We
applied TNorm to all experiments presented.

6.2. Results for a single AERLM system

For the systems using single language trained clustering, we
obtained an EER around 36%.

In Figure 1 we present the results obtained processing the
target languages with one of the system that seems to work
better: the one using the clustering trained on Japanese.

Is it possible to imagine that the average computed during
the acustic event segmentation and clustering reduces the
amount of information available for discriminating among
languages. An interesting aspect to explore in the future
consists in removing this limitation by not averaging features
over an acoustic event segment.

6.3. Parallel AERLM

The distribution of phonemes across languages may be
different depending of the languages involved. In some cases,
phonemes which are typical in one language may be rare in
another. Therefore a clustering trained on a single language
can introduce a loss of information.
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Figure 1: Results on NIST LRE 2005 per Language for an
AERLM system with AER trained on Japanese.
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Figure 2: Results on NIST LRE 2005, all languages. Parallel
AERLM with AERs using 128 clusters trained for 10 languages.
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For PRLM language recognition systems Hazen proposed
to train a phoneme recognizer on more than one language
[11]. An alternative possibility is to run concurrently many
systems and then fuse results: this is the base idea of PPRLM.
The fusion of the different PRLM systems is typically
obtained by using first a score normalization algorithm, for
example T-Normalization [12], due to the intrinsic difference
between the subsystems.

In our approach we explored both ideas: running many
systems and fusing results (Parallel-AERLM) and training a
cluster on many languages (Multi-language-Cluster-
AERLM).The results obtained with Parallel AERLM are
presented in Figure 2.

By fusing all AERLM systems we have obtained an
absolute performance improvement of 1,5 points in EER
relative to the single AERLM global behaviour.

6.4. Multi-Language AERLM system

A multi-language cluster, which models acoustic events from
all languages, can be trained by using a language independent
GMM. The main advantage of Multi-Language AERLM
systems is that we do not need several language-dependent
AERLM systems, as in the Parallel AERLM approach. So, we
would obtain a computational cost of a tenth of the P-
AERLM.

We explored the possibility to train a clusterig on more
than one language using 64, 128 and 512 clusters. Results
shows that the multilanguage system performance is similar
to any single language AERLM system. Probably because,
although the tokenization is richer, tokens are not
discriminative enough.

6.5. Comparison with PPRLM systems

The main goals of the AERLM system were to improve
the PPRLM system in two ways: firstly by avoiding the need
to use phonetically transcribed speech to train the phonetic
decoders, and secondly, by making language recognition
much faster. In this sense the AERLM system achieved these
goals since we don’t need phonetically transcribed material
any more and the computational cost for performing the NIST
LRE 2005 test is only 80 hours with the 10 AERLMs in
parallel, much less than the 500 hours that would require a
system with 10 PRLM systems in parallel. Moreover,
performance for any single-language AERLM system or the
multi-language AERLM system is only slightly worse than
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the 10 AERLM systems in parallel, and they consume 10
times less processing time. This last option is particularly
adequate for resource-limite systems and also for a fast-
matching module prior to a more detailed matching. In all
cases experiments were run on a Pentium IV system at 2.4
GHz. with 1Gb RAM.

But of course the goal was to do this without significant
degradation in performance. Unfortunately this last condition
has not yet been met. Figure 4 presents results achieved by
our group in 2005 NIST Language Recognition Evaluation
(NIST LRE 2005). In there ATVS1 was a PPRLM system
using 12 phonetic decoders trained on OGI Multi-Language
Telephone Speech Corpus and ATVS2 was similar but with
only 6 phonetic decoders. For 30s test segments results were
between 20 and 22% in terms of EER. Our best AERLM
system so far is still far from this result (31.5% EER), as
presented in Figure 3. For future work we need to fine tune
some parameters of the AERLM systems to try to get better
performance while keeping the computational cost low.

7. Conclusions

We have analyzed the substitution of the phone recognizers in
a PPRLM system by Acoustic Event Recognizers (AER) that
are much faster and can be trained on untranscribed data.
With this substitution, we can build AERLM and Parallel
AERLM systems that are much faster than the corresponding
PRLM and PPRLM systems and have the additional
advantage that they can be trained on untranscribed data, thus
increasing the amount of available training data and allowing
for a better fit between the characteristics of the training and
test (or working) data.

Given the reduced computational cost of the systems
proposed, particularly for a single multi-language AERLM
system, which performs almost as well as the 10-langauge
Parallel AERLM system with 10 times less computational
cost, we can envisage these type of systems as a very useful
alternative to more computational complex systems for
embedded devices or even as a fast-matching stage prior to a
more detailed (and complex) matching where required.
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ABSTRACT

This paper presents the application of a feature selection
technique such as LDA to a language identification (LID)
system. The baseline system consists of a PPRLM mod-
ule followed by a multiple-Gaussian classifier. This clas-
sifier makes use of acoustic scores and duration features
of each input utterance. We applied a dimension reduc-
tion of the feature space in order to achieve a faster and
easier-trainable system. We imputed missing values of
our vectors before projecting them on the new space. Our
experiments show a very low performance reduction due
to the dimension reduction approach. Using a single di-
mension projection the error rates we have obtained are
about 8.73% taking into account the 22 most significant
features.

1. INTRODUCTION

Automatic language identification (LID) has become a
cornerstone task in multilingual environments. For an au-
tomatic customer care system which could be used for
users that speak in different languages, a language-speci-
fic speech recognition module has to be used. So, deter-
mining the language in what the user speaks is a need in
order to adapt further steps of a dialogue system.

The most widespread LID approach consists of using
several phoneme recognizers in parallel. At the output
of those recognizers, a phoneme language model is ap-
plied for each language to be identified. This technique is
known as Parallel Phone Recognition followed by Lan-
guage Modeling (PPRLM). Examples of this approach
can be seen on [1] or [2].

Each of the phonemes of a given language can be es-
timated by using Gaussian Mixture Models (GMM, [3])
or Hidden Markov Models (HMM). A GMM-based LID
system can be improved with a clustering algorithm that
groups the feature vectors on an unsupervised approach,
according to a distance criterion ([4]).

As an alternative to these probabilistic approaches,
[5] or [6] develop neural network-based LID systems that
lead to identification rates comparables to the obtained
with PPRLM-based systems.

This work continues the presented in [1], [7] and [8],
which present a LID system based on PPRLM. The per-
formance of the baseline system is improved with the im-
plementation of a multiple-Gaussian classifier. This sub-
system takes its decisions using as input vectors the acous-
tic score of each phoneme within the input utterance, or
the duration of those phonemes.

The number of features of each input vector is high,
so the training and the evaluation of the Gaussian mod-
els takes an large fraction of processing time. In order to
tackle this drawback, a feature selection algorithm such
as LDA is proposed.

Since a given phoneme can or cannot appear on an ut-
terance, several features may be missing on an input vec-
tor. This fact can cause a reduction of the system perfor-
mance. To avoid this weakness we have analyzed several
missing data imputation algorithms.

The rest of the paper is organized as follows. Sec-
tion 2 presents a brief description of the dimensionality
reduction approach that has been employed. The differ-
ent imputation methods we have implemented are shown
in Section 3. Our baseline LID system is then presented
in section 4. Section 5 summarizes the different exper-
iments we have carried out. Finally, Section 6 presents
several conclusions of our work.

2. FEATURE SELECTION

The Gaussian classifiers we use as a second classification
stage make use of 68-dimensional feature vectors. These
68 features are the acoustic scores of the phonemes of
each target language (English and Spanish, 34 features
each).

We propose a feature selection technique to reduce
processing time and resources. Our system can choose
the most representative features according to the follow-
ing criterion:

,Ul2 /;2 (1

01 03

being w1 and o the arithmetic means of a given feature
considering each language, and o7 and o3, their corre-
sponding variances. Higher values of 1 for a given feature

—29__
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imply a better separation between the classes.

Despite the goodness of this approach, which can lead
to better results using just 22 features instead of the whole
feature vector, we want to analyze the behaviour of our
system when a more restrictive reduction is applied. The
chosen approach is Linear Discriminant Analysis (LDA),
which is explained in [9].

We have chosen LDA because it is oriented to labeled
samples, that is, the algorithm makes use of the language
of each training utterance. Furthermore LDA tries to in-
crease the separability between different class data, so it
can be efficiently used for class discrimination.

LDA consists of applying a linear transform over a
data set of d dimensions which project on a d’-dimension-
al subspace (d’ < d), with d’ equal to the number of lan-
guages minus 1 (in our case, d’ = 1). The transformation
is made in such a way that the between-class variance is
maximized, while the within-class variance is minimized.
This can lead to an improvement of the separability be-
tween the classes.

3. MISSING DATA TREATMENT

Our feature vectors consist of the acoustic score for each
phoneme that has been observed on each input utterance.
This fact implies that a given feature may not appear in
a given vector. This could happen if the speaker has not
used that phoneme or the system has not recognized it.

This lack of information is a drawback when dimen-
sion reduction is applied, because those missing values
usually lead to a biased estimation of the optimal trans-
formation vector. So the implementation of an imputa-
tion technique ([10]) that can fill those missing features is
a must.

We have chosen two different imputation techniques:
a substitution based on the arithmetic mean of the non-
missing features, and a modification of the imputation ap-
proach proposed in [11].

The mean imputation procedure consists of evaluating
the arithmetic mean of each feature using the non-missing
values on the training data. Let x1,--- ,x, be a set of n
d-dimensional feature vectors, which could have several
missing values. The arithmetic mean of each feature j can

be obtained as
— 1

where n; < n is the number of vectors for which the fea-
ture j is not missing.

This method is very simple and is accurate for clas-
sification purposes if a supervised training is carried out.
However, mean substitution does not take into account
the variance of each feature, so it can cause a bias in the
estimation.

The imputation procedure proposed in [11] (hence-
forth referred to as Bingham imputation) computes the
cross-case mean among the different non-missing features

of a given vector i,

1 .
Ii=+ Y (e X)) )

J non—missing

where k is the number of non-missing features in vector i
and x;; is the value of the non-missing feature j of vector
i.

The imputed value E;; of the missed feature j of vec-
tor i is computed as follows:

Bij=X;+1; @)

So, the objective of this imputation is to include an
offset in the imputation value that reflects the tendency
that acoustic scores exhibit for the non-missing features
in the vector.

This imputation method is especially effective when
the different features are very correlated, because it weights
each feature mean with the rest of the features in the vec-
tor. Nevertheless, this method does not take into account
the feature variance. To tackle this lack we have modi-
fied the former definitions of cross-case mean and final
imputation value:

;1 (x5 — X))
I = e 5
k. Z . gj ©)
Jjnon—massing
Eij=X;+0; 1 (6)

where ¢ is the variance of feature j.

The inclusion of the variance provides a normalization
of this imputed value, so that the values are more stable,
avoiding the presence of outliers.

4. BASELINE SYSTEM

4.1. Database

Our database consists of a set of continuously spoken sen-
tences extracted from conversations between airplane pi-
lots and air traffic controllers. All speakers were native
Spanish.

We have used 2929 Spanish sentences and 1053 En-
glish sentences. By applying a leave-one-out technique
we have used each sentence for both training and evaluat-
ing the system, but obviously in separate sets. This way
we expand the size of the test set. We have not considered
those sentences whose duration is less than 0.5 seconds.

Each phoneme recognizer makes use of context-inde-
pendent continuous hidden Markov models (HMM). We
have considered 49 different phonemes for Spanish and
61 for English. However, we have grouped the less rep-
resentative phonetic variations and built phoneme vectors
of 68 features, 34 for each language.
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4.2. PPRLM-based LID system

The PPRLM identification system makes use of a pho-
neme recognizer for each target language. A language
model module scores the probability that the sequence of
phonemes corresponds to a given language.

We have used smoothed n-gram language models to
approximate the n-gram distribution as the weighted sum
of the probabilities of the n-grams considered.

We improved the PPRLM approach by taking into
account silence models, defining and using a smoothing
function in the evaluation of the n-gram score, and re-
moving bias in the classifier. The baseline error rate is
about 3.7% using only PPRLM.

4.3. Gaussian classifier

We have used a second identification system that includes
acoustic information of each phoneme. We built a fea-
ture vector with the phonemes that the PPRLM system
has recognized. We computed an average score for each
phoneme appearing in the sentence. Instead of using ab-
solute scores for each phoneme, our previous work ([1])
demonstrated that we can achieve better identification rates
by using differential scores obtained by the LM. We then
applied equation (1) to get the most representative fea-
tures. The best results that we have achieved showed an
error rate of 7.9% when we use the acoustic score of each
phoneme and keep 30 features in the reduced space. If
we use the phoneme duration instead, error rate takes a
value of 24.7%. This implies that phoneme duration is a
much less discriminative feature, at least the way we have
implemented it. These results will be our baseline.

5. EXPERIMENTS

5.1. LDA with mean substitution

The first imputation procedure we have implemented con-
sists of substituting each missing value with the arithmetic
mean of the corresponding feature and applying LDA. As
the original feature space, we have used the 68-dimen-
sional feature vectors as well as the selection of the most
representative features, according to equation (1). The er-
ror rates are shown in Table 1 together with the relative
improvement over the system without LDA (7.9% error
rate) and the average percentage of missing values on the
original feature space.

The former average is similar for all setups with dif-
ferent number of features (close to 30%). This means that
the most discriminant features also present a high number
of missing values. So, the imputation of those missing
values is still crucial.

We can also see how a pre-selection of the most rep-
resentative features leads to a more accurate LDA pro-
jection. Nevertheless, the use of a low space dimension
implies an information loss.

5.2. LDA with original Bingham imputation

Our second test makes use of the imputation algorithm
presented in [11]. The following table summarizes the
results we have obtained as well as the improvement in
relation to the previous experiment.

No of features | Error rate (%) | Improve (%)
68 11.00 11.9
30 9.36 1.1
22 8.82 -0.7
20 9.03 -1.0

Table 2. Error rates with LDA and Bingham substitution.

If we compare these results with the previous ones we
can see that Bingham imputation yields lower error rates
when considering 68 and 30 features.

5.3. LDA with weighted Bingham imputation

We next weighted the cross-case mean of Bingham impu-
tation by the variance of the corresponding feature, fol-
lowing equation (5). The different error rates for each
input feature space are shown in Table 3, together with the
relative improvement over the mean substitution-based ex-
periments.

No of features | Error rate (%) | Improve (%)
68 12.24 1.9
30 9.21 2.6
22 8.73 0.3
20 9.02 -0.9

No of Error Improve Miss
features | rate (%) (%) feat (%)
68 12.48 -58.0 31.63
30 9.46 -19.7 30.64
22 8.76 -10.9 26.41
20 8.94 -13.2 26.08

Table 1. Error rates with LDA and mean substitution.

Table 3. Error rates with LDA and weighted Bingham imputa-
tion.

This results are slightly better than those obtained with
mean substitution, except for the case of 20 features.
All the previous results are shown in Figure 1.

5.4. LDA applied to phoneme duration

If we consider the duration of each phoneme and apply
both missing value imputation approaches we obtain the
following results.

We can obtain a relevant improvement over the origi-
nal error rate (24.7%). Despite the error rates are clearly
higher than those obtained with acoustic scores, when we

— 31—
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Figure 1. Error rate comparison for acoustic scores.

Mean Basic Bingham
substitution imputation
No of Error | Relative | Error | Relative
param | rate (%) | diff (%) | rate (%) | diff (%)
68 22.77 7.70 23.90 3.12
30 22.79 7.62 24.31 1.46

Table 4. Error rates for LDA applied to phoneme dura-
tion.

use both score and duration features we can improve the
overall performance (8.6% error rate with 22 features and
mean substitution).

6. CONCLUSIONS

In this work, we present a feature selection approach that
makes use of several missing data imputation techniques
in order to complete the input vectors with a low distor-
tion. The increase in error rate due to the dimensional-
ity reduction for the acoustic scores is relatively small,
and the identification task becomes easier and faster for a
multiple-language task.

The different imputation approaches allows us to ac-
curately predict the values of the most representative fea-
tures, so the results are very similar to those obtained
with the original feature space, but using 1 dimension in-
stead of 22. The best of the applied techniques has been
variance-weighted Bingham imputation with 22 original
features, with a slight improvement regarding the other
techniques. Performance is even similar to the baseline
system using 22 features.
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ABSTRACT

It is a known fact that phonetic labeling may be relevant
in helping current Automatic Speech Recognition
(ASR) when combined with classical parsing systems as
HMM's by reducing the search space. Through the
present paper a method for Phonetic Broad-Class
Labeling (PCL) based on speech perception in the high
auditory centers is described. The methodology is based
in the operation of CF (Characteristic Frequency) and
FM (Frequency Modulation) neurons in the cochlear
nucleus and cortical complex of the human auditory
apparatus in the automatic detection of formants and
formant dynamics on speech. Results obtained in
formant detection and dynamic formant tracking are
given and the applicability of the method to Speech
Processing is discussed.

1. INTRODUCTION

Bio-inspired Speech Processing is the treatment of
speech following paradigms used by the human sound
perception system, which has developed specific
structures for this purpose. The purpose of the present
paper is to provide a hierarchical description of speech
processing by bio-inspired methods discussing the
fundamentals of speech understanding, helping to
devise a general bio-inspired architecture for Cognitive
Audio in the long range [6]. For such, the dynamic
tracking of formants has been selected as an objective in
improving ASR. Speech may be divided in voiced and
unvoiced segments, depending if vocal fold activity is
present or not. Each one of them would imply a
different representation under the spectral point of view,
voiced sounds being dominated by the action of strong
harmonic series filtered by the changing vocal tract
transfer function modified constantly by the articulation
organs. This stands also for the vocalic core of the
syllables (except in the case of whispered speech). For
unvoiced speech there is still a strong coloring of the
sibilant sounds produced in plosives and fricatives
resulting from the positions where air constrains leading
to turbulence occur. Normal speech may be perceived as
sequences of harmonic series filtered by the resonances
of the vocal tract (formants) with characteristic onsets

and trails, which may be preceded or followed by noisy
bursts as shown in Figure 1 for four syllables of the sort
V-C-V where C stands for a specific voiced
approximant.

Final LPC Formant Spectrogram

0.4 06 0.8 1
Time (sec.)

Figure 1. Adaptive Lineal Prediction (ALP) Spectrogram
corresponding to the syllables /aBa-ada-a3a-aya/ uttered by
a Spanish male speaker. The IPA has been used for
annotation [1].

This example has been selected for the fast dynamic
movements of formants present in it, as dynamic
formant tracking for phonetic class labelling is the aim
of the work.

2. SPEECH PERCEPTION

Speech is perceived by the Auditory System described
in Figure 2 as a chain of different sub-systems
integrated by the Peripheral Auditory System (Outer,
Middle and Inner Ear) and the Higher Auditory Centers.
The most important organ of the Peripheral Auditory
System is the Cochlea (Inner Ear), which carries out the
separation in frequency and time of the different
components of Speech and their transduction from
mechanical to neural activity. The excitation of
transducer cells (hair-cells) responsible for the
mechanical to neural transduction process is tono-topic.
Electrical impulses propagate to higher neural centers
through auditory nerve fibers of different characteristic
frequencies (CF) responding to the spectral components
(FO, F1, F2...) of speech [10].
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Figure 2. Speech Perception Model. The Cochlea produces
time-frequency organized representations which are conveyed
by the Auditory Nerve to the Cochlear Nucleus, where certain
specialized neurons (Pl: Primary-like, On: Onset, Ch:
Chopper, Pb: Pauser) are implied in temporal processing.
Binaural information is treated in the Superior Olivar Nucleus,
where tono-topic units (CF) have been identified. Other units
specialized in detecting tonal movements (FM), broadband
spectral densities (NB) and binaural processing (Bi) are found
in the Inferior Colliculus and the Medial Geniculate Body. The
Auditory Cortex shows columnar layered units (CI) as well as
massively extensive connection units (Ec).

Within the cochlear nucleus (CN) different types of
neurons are specialized in segmenting the signals (Ch:
chopper units), detecting stimuli onsets (On: onset
cells), delaying the information (Pb: pauser units), or
acting as relay stations (Pl: primary-like units). The
Cochlear Nucleus feeds information to the Olivar
Complex, where sound localization is derived from
inter-aural differences, and to the Inferior Colliculus
(IC) organized in spherical layers with orthogonal
isofrequency bands. Delay lines are found in this
structure to detect temporal features in acoustic signals
(CF and FM components). The thalamus (Medial
Geniculate Body) acts as a last relay station, and as a
tonotopic mapper of information arriving to cortex as
ordered feature maps.
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Figure 3. Generalized Phoneme Model. Top left: loci of the
GPM on the vowel triangle. White circles indicate the
positions of the loci. Top right: Dynamic trajectories on the
vowel triangle. Bottom: Formant trajectories for the trace
/aBada3aya/ shown in Figure 1. The dark dot gives the
position of the specific vowel modeled (/a/ in the present
case).

Neurons have been found in the cortex that fire when
FM-like frequency transitions are present (FM

elements), while some others respond to specific noise
bursts (NB components). Other neurons are specialized
in detecting the combinations among these elements. In
humans, evidence exists of a frequency representation
map in the Heschl circumvolution and of a secondary
map  with  word-addressing  capabilities. A
comprehensive review of the structures involved and
their functionality is given in [4]. As a summary the
specific processing of speech by the Auditory System is
based on the hierarchical detection and association of
stable frequencies, onset times, dynamic frequency
changes, and tone bursts. At a higher hierarchy dynamic
changes in formants (onset times and slopes) and
specific broadband signals present before the onset time
define specific clues to the perception of syllables, seen
as structures of consonants and vowels as in C-V, C-V-
C, V-C-V, etc. The perceptual interpretation of such
structures is well known since the works of Delattre et
al. [2]. From these studies a Generalized Phoneme
Model may be issued as represented in Figure 3. The
static version of the model is based on formant positions
and loci (places marking the starting and ending points
of formant trajectories. The dynamic version is based on
a projection on the vowel triangle (f2 vs f1).

3. BIO-INSPIRED SPEECH PROCESSING

From the study of the Generalized Phoneme Model and
the Auditory Speech Processing fundamentals, a Basic
Neuron Set could be defined as an algorithmic structure
operating both in the time and frequency domain
modeling speech features, among these: Lateral
Inhibition Units (LI) finite difference algorithms in the
frequency domain profiling formants; Positive
Frequency Modulation Units (PfM), detectors of up-hill
formant displacements; Negative Frequency Modulation
Units (NfM), detectors of down-hill formant
displacements; Characteristic Frequency Units (CF),
detectors of stable frequency positions; Vowel-Spotting
Units (VS), detectors of stable or parallel-moving pairs
of frequencies and Noise-Burst Units (NB), detectors of
wide-band noise-like signals. These elementary
processing units could be implemented by the general
structure shown in Figure 4.

I

Wm+1,n-2| Wm+1,n-1| Wm+1,n

Freq.

Wm,n-2 Wm,n-1 Wm,n

i

Wm-1,n-2 | Wm-1,n-1| Wm-1n

SR AN AR R OO

g.F

Figure 4. Basic Neuron Set for elementary operations on
time-frequency representations of speech. Left: 3x3 weight
mask. Right: Masks for feature detection on the formant
spectrogram. Each mask is labelled with the corresponding
octal code (most significant bits: bottom-right). Labels 070,
444, 124 and 421 correspond respectively with Cfl, NB,
NfM, PfM units.
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In this way the problem of feature detection in formant
spectrograms is related to a well known one in Digital
Image Processing [8]. A classical method is based on
the use of reticule masks on the spectrogram X(m,n):

- I J
Xmn)= 3 2w jX(m—in-j) )
i=—1j=0

where {w;} is a IxJ mask with a specific pattern and a
set of weights, which may be adjusted adaptively. The
spectrogram is built using ALP algorithms producing
all-pole spectral positions which keep track of the vocal
tract resonances [3]. Precise formant positions may be
obtained from these rough representations applying
lateral inhibition between neighbor CF units using
specific weight configurations of the mask in Figure 4
as shown in Figure 5.

Figure 5. Formant Trajectory Profiling for the sequence
/aeiou/ (Spanish, male speaker): The speech spectral density
(a) as detected by CF units (see next section) is processed by
columns of neurons implementing lateral inhibition (b),
producing differentially expressed formant lines (c), which are
transformed into narrow formant trajectories (d) after non-
linear saturation.

The lateral inhibition filter produces sharp estimations
of the spectral peaks (see Figure 5.b). The final formant
distribution is given in Figure 5.d after adaptive
saturation. Other personalized neurons can be used for
the detection of time-frequency features, as CF or FM
patterns as shown in the systemic framework given in
Figure 6. The first operation on the LPC spectrogram
will be to profile formant trajectories using lateral
inhibition as described. The rest of the structure works
as follows: PfM and NfM are neurons specialized in
detecting positive and negative movements formants,
firing in response to different slopes (+fM,y, -fM|4);
CF are neurons detecting the stable positions of
formants firing when a given channel is active during a
specific interval (fl,, and f2,, being the bands
associated to the first two formants); NB_ are neurons
which fire when broad band activity is detected; X units
(middle left) are specialized in adding formant
dynamics, integrating channel activity (/) and
thresholding (f). Lateral inhibition is again used in
eliminating possible ambiguities in the final detected
activity in the first two formants (Dynamic Tracking
Units +fM1, -ftM1, +fM2, -fM2); finally Vowel Spotting

Units and Voiceless Activity may be derived from f1, 2
and NB channels.
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Figure 6. Bio-inspired Speech Processing Framework used
in the study for a mono-aural channel.

4. RESULTS AND DISCUSSION

As an example Figure 7 illustrates the activity of
Dynamic Tracking Units in processing a specific
sentence as {es habil un solo dia}.
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Figure 7. Detection of formant dynamics from the ALP
spectrogram (top) using lateral inhibition and nonlinear
saturation. The positive and negative slopes for f1 (middle)
and f2 (bottom) have been detected from the sentence {es
habil un solo dia} uttered by a male speaker (046).

The long and intense climbing up and sliding down of
f2 for /dia/ can be appreciated in the lowest template of
the between 1.2-1.35 and 1.37-1.53 (separated in two
different intervals in this last case). The combinations of
these four signals (+fM1, -fM1, +fM2, -fM2) are a first
broad labeling of the series of approximants studied.
The estimates of the values of the two slopes of /dia/ for
8 male and 8 female speakers are given in Table 1.
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Table 1. Second formant positive and negative slopes for /dia/

Male speakers (Hz/sec) Female speakers (Hz/sec)
Speaker | +fM2 -fM2 Speaker | +fM2 -fM2
046 6899 -8191 | A23 7867 -6921
081 6603 -5955 | A66 769 -2216
115 8450 -3445 | B3l 5696 -18079
126 5662 -4915 | B97 6591 -2791
160 6065 -4688 | C76 3166 -5191
208 7660 -5666 | D45 19539 -14086
231 5779 -3095 | D77 6497 -5088
304 6302 -18542 | D87 6544 -2512

It may be seen that with certain exceptions the values of
the slopes range from 5000 to 8000 Hz/sec. More
research is to be conducted to determine the robustness
of the estimates. Dynamic formant trajectory detection
and characterization is important for forensic
applications. The methodology presented may be used
also for the detection of the statistical vertices of vowel
triangles for different speakers, as given in Figure 8§,
derived from the formant trajectories of the same
sentence {es habil un solo dia} produced by the same
set of 8 male and 8 female speakers.

Male vowel triangle
2500
2000 1 Q’!K
>q #046_frase1_c1_
- m081_frase2_c1_
1500 K om A115_frased_c1_
N <&
I X 126_frase1_c1_
& gy % 160_frase1_c1_
1000 o] ©208_frasel_c1_
0231_frasel_c1_
©304_frasel_c1_
500
0
0 100 200 300 400 500 600 700 800
1 (Hz)
Female vowel triangle
3000
2500 u
b [ ) * *a23_frasel1_c1_
2000 il W a66_frase1_c1_
ADb31_frasel1_c1
- P _ _c1_
3 1500 =7y K om Xb97_frasel_c1_
& ..%( X c76_frase1_c1_
P 0d45_frasel_c1_
1000 0d77_frasel_c1_
©d87_frasel_c1_
500
0
0 200 400 600 800 1000
1 (Hz)

Figure 8. Detection of the vowel triangle centroids for eight
male and eight female speakers using the bio-inspired
methodology proposed. The positions of the vertices have
been estimated using the lowest and highest quantiles of f1
and f2 statistical distributions for each speaker.

In general it may be observed that statistical spread is
larger in female than in male, and that the upper left
vertex is the one showing larger inter-gender
differences.

5. CONCLUSIONS
Through the present work a hierarchical architecture to

detect and label broad class phonetic features has been
presented using replications of a Basic Neuron Set. The

results show the viability of bio-inspired phonetic
feature detection using combinations of these
computationally inexpensive structures. The structures
proposed are able of signaling stable, ascending and
descending formants, and noise bursts. This may be of
great help in improving recognition rates in ASR as
much as 26% (see [7]) by simplifying State-Transition
Graph Search in HMM parsing. More work is to be
done to establish normalized thresholds and
configuration parameters to improve robustness.
Preliminary studies show that the statistical performance
of the methodology show improvements in labeling of
around 6-10% against blind supervised labeling,
although this study is not complete yet. These questions
remain the object of future study, as well as the role of
the columnar organization of the Auditory Cortex [9] to
include short-time memory and retrieval by Generalized
Autoregressive Units.

ACKNOWLEDGMENTS

This work is being funded by grants TEC2006-12887-
C02-01/02 from Plan Nacional de I+D+i, Ministry of
Education and Science, by grant CCG06-UPM/TIC-
0028 from CAM/UPM, and by project HESPERIA
(http.//www.proyecto-hesperia.org) from the
Programme CENIT, Centro para el Desarrollo
Tecnolodgico Industrial, Ministry of Industry, Spain.

REFERENCES

[1] Awvailable at http://www.arts.gla.ac.uk/IPA/ipachart.html

[2] Delattre, P., Liberman, A., Cooper, F.: Acoustic loci and
transitional cues for consonants. J. Acoust. Soc. Am., Vol.
27, pp. 769-773, 1955.

[3] Deller, J. R., Proakis, J. G., and Hansen, J. H. L.:
Discrete-Time Processing of Speech Signals, Macmillan,
NY, 1993.

[4] Ferrandez, J. M.: Study and Realization of a Bio-inspired
Hierarchical Architecture for Speech Recognition. Ph.D.
Thesis (in Spanish), Universidad Politécnica de Madrid,
1998.

[5] Goldstein, E. B., Sensation and Perception, Wadsworth,
Belmont, CA., 2006.

[6] Gomez, P., Ferrandez, J. M., Rodellar, V., Alvarez, A.,
Mazaira, L. M., “A Bio-inspired Architecture for
Cognitive Audio”, Lecture Notes on Computer Science,
Vol. 4527, pp. 132-142, 2007.

[7] Gravier, G., Yvon, Y., Jacob B. and Bimbot, F.,
“Introducing contextual transcription rules in large
vocabulary speech recognition”, in The integration of
phonetic knowledge in speech technology, William J.
Barry and Win A. Van Domelen Eds, Springer series on
Text, Speech and Language Technology, vol. 25, chapter
8, pp. 87-106, 2005.

[8] Jahne, B., Digital Image Processing, Springer, Berlin,
2005.

[9] Mountcastle, V. B., “The columnar organization of the
neocortex”, Brain, Vol. 120, pp. 701-722, 1997.

[10] Shamma, S., “On the role of space and time auditory
processing”, Trends in Cognitive Sciences, Vol., No. §,
pp. 340-348, 2001.




V Jornadas en Tecnologia del Habla

COMUNICA - PLATAFORMA PARA EL DESARROLLO, DISTRIBUCION Y
EVALUACION DE HERRAMIENTAS LOGOPEDICAS ASISTIDAS POR ORDENADOR

Oscar Saz, W.-Ricardo Rodriguez, Eduardo Lleida, Carlos Vaquero, Antonio Escartin

Grupo de Tecnologias de las Comunicaciones (GTC)
Instituto de Investigacion en Ingenieria de Aragén (I3A)
Universidad de Zaragoza, Espafia
{oskarsaz,wricardo,lleida,cvaquero } @unizar.es, aescartinv @gmail.com

RESUMEN

Este trabajo presenta Comunica, la plataforma desarrolla-
da por el Instituto de Investigacion en Ingenieria de Aragén
(I3A) en colaboracion con diversas entidades educativas
para el desarrollo y distribucion de diferentes herramien-
tas de logopedia y ensefianza lingiiistica basadas en Tec-
nologias del Habla. El conjunto de aplicaciones desarrol-
ladas proporciona entrenamiento desde los niveles prel-
ingiiisticos a los niveles pragmaticos del lenguaje utilizan-
do diferentes Tecnologias del Habla para proveer el apren-
dizaje de una forma répida, efectiva y no supervisada. Co-
munica propone también un cauce de comunicacién di-
recto con la comunidad educativa a través de Internet que
permite conocer su valoracion de las herramientas, eval-
uarlas y evolucionarlas para cubrir las necesidades exis-
tentes. La viabilidad del proyecto se estudia mediante la
valoracién de las herramientas por los usuarios y medi-
ante el estudio y desarrollo de nuevos algoritmos para el
trabajo con pacientes con alteraciones en el habla y el
lenguaje.

1. INTRODUCCION

Existen cada vez un mayor nimero de aplicaciones
orientadas a la ensefianza que buscan aprovechar la poten-
cialidad de interaccién que presenta hoy en dia la expan-
sién y crecimiento de los ordenadores personales e Inter-
net. En estos casos, se busca aprovechar la facilidad que
las nuevas generaciones de alumnos presentan con estos
elementos y utilizar su multimodalidad en la interaccién
para llevar a cabo un aprendizaje de un modo semisuper-
visado que apoye la labor del educador. Esta interactivi-
dad de la ensefianza ha encontrado un especial desarrollo
en las aplicaciones de apoyo a la ensefianza del lenguaje,
tanto en cuanto se permite el uso de la multimodalidad
con imagen y sonido para la interaccién y las Tecnologias
del Habla que son la base de estas aplicaciones permiten
una enseflanza robusta y no supervisada. Los proyectos
realizados en este sentido han sido variados y se han ori-
entado a mejorar la capacidad articulatoria de los alum-
nos [1], su capacidad de lectura oral y comprensién [2] o

Este trabajo ha sido subvencionado por el proyecto TIN-2005-
08660-C04-01 del Ministerio de Educacién y Ciencia del Gobierno de
Espaiia.

el aprendizaje de idiomas extranjeros [3], entre otros.

Este tipo de aplicaciones requieren de avances en las
Tecnologias del Habla en que se basan, Reconocimien-
to Automdtico del Habla [4] y verificacién de pronuncia-
ciones principalmente, para proveer de una realimentacion
efectiva y robusta al alumno sobre sus capacidades y necesi-
dades en el proceso de aprendizaje. Actualmente ya se han
desarrollado avances en este sentido que ponen estas tec-
nologias al alcance de la comunidad logopédica.

Es por eso, que el Instituto de Investigacién en In-
genierfa de Aragén (I3A) ha puesto en marcha Comuni-
ca para utilizar el conocimiento adquirido en otras tar-
eas de Tecnologias del Habla y aplicarlo al campo de la
discapacidad, pudiendo llegar a cubrir el mayor nimero
de areas posibles. El presente trabajo presenta las circun-
stancias que rodean la implantacién de Comunica como
plataforma para la distribucién y el desarrollo de las apli-
caciones logopédicas desarrolladas. En trabajos previos
se pueden encontrar resultados cientifico-técnicos sobre
las aplicaciones y algoritmos desarrollados [5, 6, 7, 8].

La organizacién del articulo es la siguiente: En la Sec-
cién 2 se presentan las motivaciones y objetivos princi-
pales en Comunica. La Seccién 3 proporciona una re-
vision de las herramientas desarrolladas en Comunica. Los
medios de distribucién y evaluacién de las herramientas
son presentados en las Secciones 4 y 5 respectivamente.
Finalmente, las conclusiones de este trabajo se extraen en
la Seccién 6.

2. OBJETIVOS Y REQUERIMIENTOS

Los objetivos dentro de Comunica son el proveer de
un marco de desarrollo, evaluacién y distribucion estable
de herramientas informadticas de ayuda a la logopedia. Los
requerimientos que se propusieron son los siguientes:

Desde el punto cientifico-técnico, se busca que las
herramientas provean una mejora logopédica a través de
su uso de forma fiable. Los sistemas de Tecnologias del
Habla utilizados en ellas deben ser robustos y capaces
de enfrentarse a cualquier caracteristica personal en el
trastorno del usuario. La evaluacién de los sistemas debe
ser llevada a cabo para garantizar esta situacion.

Desde el punto de vista de aplicacidn, interfaz e in-
teraccion, se debe buscar facilitar en todo momento a los
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Figura 1. Realimentacion visual en PreLingua.

usuarios un manejo sencillo de las herramientas. La com-
plejidad de las Tecnologias del Habla implementadas no
debe verse en la superficie y tanto alumnos como edu-
cadores deben poder configurar y trabajar facilmente con
las herramientas. El trabajo con la herramienta debe poder-
se llevar a cabo de forma no supervisada para facilitar
las sesiones de logopedia y alcanzar al mayor niimero de
alumnos posible. Por otro lado, se ahonda en la necesi-
dad de trabajar con sistemas de comunicacion aumentada
y alternativa que permitan la total accesibilidad por parte
de los alumnos independientemente de sus capacidades
fisicas o psiquicas.

3. HERRAMIENTAS DESARROLLADAS
En esta Seccién se presentan las cuatro herramien-
tas desarrolladas bajo Comunica orientadas a apoyar el
aprendizaje lingiifstico para cuatro grupos de usuarios dis-
tintos.

3.1. PreLingua

PreLingua es una herramienta orientada al trabajo de
las caracteristicas prelingiiisticas por parte de alumnos en
fase pre-oral [6]. Consiste en un conjunto de aplicaciones
que mediante realimentacién visual como la presentada
en la Figura 1 buscan hacer consciente al alumno de las
caracteristicas basicas de la produccién oral. Los elemen-
tos trabajados actualmente por PreLingua son la distin-
cion entre voz y no voz (distinguiendo a su vez la produc-
cion de sonidos sordos de los sonidos sonoros), el control
de la intensidad de la voz, de la frecuencia fundamental y
la produccién de las vocales del alumno.

La tecnologia debajo de las aplicaciones se basa en
procesado de sefial de voz como detectores de voz-silencio,
estimadores de pitch basados en error de prediccién de
los Coeficientes de Prediccion Lineal (LPC) y deteccién y
andlisis de formantes. La Figura 1 presenta una actividad
consistente en salir de un laberinto en la que el movimien-
to en el eje horizontal se produce segtn la presencia o no
de voz y el movimiento en el eje vertical se puede con-
trolar por la intensidad de la emisién o por el valor del
pitch.

Elige Juego

5 CARAMELO

Evocacion

Pronunciacion

Figura 2. Interfaz visual en Vocaliza y Vocalizal.2.

3.2. Vocaliza

Vocaliza se dirige al trabajo con alumnos con proble-
mas en el nivel articulatorio del lenguaje [5] mediante el
trabajo con la produccién de palabras aisladas, frases sim-
ples e introduccién de la seméntica mediante adivinanzas
con respuesta en forma también de palabras aisladas. Las
actividades con las que se trabaja esta capacidad articu-
latoria del alumno presentan una interaccién basada en
texto, imagen y audio como se puede ver en la Figura 2
para facilitar el trabajo del alumno. Cada actividad provee
de una forma audio-visual realimentacién al mismo sobre
su capacidad oral para llevarla a cabo.

La aplicacioén utiliza Reconocimiento Automatico del
Habla en cada una de las actividades para decidir cudl ha
sido la realizacién oral del usuario y dar o no la actividad
por superada. Para evaluar la capacidad articulatoria del
usuario se utiliza un algoritmo de evaluacién de pronun-
ciaciones a nivel de palabra [5] que le indica la calidad de
su pronunciacion una vez que la actividad ha sido supera-
da.

3.3. Cuéntame

Cuéntame apunta al trabajo en niveles superiores del
lenguaje que en PreLingua y Vocaliza. En este caso, se
trabaja con alumnos con una articulacién buena que, de-
bido a trastornos del desarrollo presentan problemas en
el uso del lenguaje como herramienta de comunicacion.
Este tipo de trastornos pueden suponer que el alumno no
sea capaz de crear frases completas o sufra un bloqueo
lingiifstico a la hora de llevar una conversacién o respon-
der a preguntas concretas de sus padres o educadores.

La aplicacién trabaja todos estos elementos con un
interfaz audio-visual similar a Vocaliza planteando tres
actividades diferentes: Respuesta a preguntas, donde el
alumno debe responder con frases sintdcticamente correc-
tas a las diferentes preguntas planteadas por la aplicacion;
descripcion de objetos, donde el alumno da la descrip-
cién de los objetos presentados de acuerdo a unas cual-
idades predefinidas que la aplicacién le propone; y, por
dltimo, navegacién por un escenario e interaccion virtu-
al con objetos como se presenta en la Figura 3, donde
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Figura 3. Interfaz visual en Cuéntame en la actividad de
escenario.

el alumno lleva a cabo un didlogo con la aplicacién para
conseguir un objetivo planteado por la misma. Esta her-
ramienta prioriza la evaluacién de la capacidad de gen-
eracion del lenguaje del alumno sobre la articulatoria, eval-
uando la complejidad de la frase utilizada por el alumno
y su aproximacion al modelo de lenguaje estimado por la
propia aplicacién.

3.4. Vocalizal.2

Vocalizal2 es una evolucién de Vocaliza que propor-
ciona una realimentacién mds precisa al usuario en su
pronunciacién. Vocaliza fue disefiado para proporcionar
una evaluacion de la pronunciacién a nivel de palabra que
fuese més fécil para los alumnos de educacion especial a
los que estaba inicialmente dirigido. Vocalizal.2 busca dar
de una evaluacién a nivel fonético que permita al usuario
conocer con precision qué partes del conjunto de fonemas
del Espafiol le presentan mds dificultad.

De esta forma, Vocalizal2 se dirige también especial-
mente a usuarios interesados en el aprendizaje del Es-
paifiol como segundo idioma. Desde el punto de vista tec-
nolégico, la aplicacion da la evaluacién a nivel de fonema
a través de una medida de confianza calculada como el re-
sultado de obtener la red de fonemas que mejor se aproxi-
ma en términos de verosimilitud mediante el algoritmo de
Viterbi a la sefial producida por el usuario [8] y compara-
rla a la cadena de fonemas tedéricamente producida por el
usuario segtn se le ha requerido por la aplicacién como
se muestra en la Figura 2.

4. DISTRIBUCION

La distribucién es uno de los motores que se le ha
querido dar a Comunica. Ninguna de las aplicaciones de-
sarrolladas tendria sentido si no se buscara hacerlas lle-
gar al mayor nimero posible de usuarios. En este caso, se
utiliza la potencialidad que Internet ofrece para llegar al
mayor nimero de personas. La distribucién a través de la
pagina web de Comunica [9] permite una distribucién sin
trabas y en contacto con todos los usuarios, educadores y

logopedas de Espafa y Latino América que han mostrado
su interés en las aplicaciones desarrolladas.

Entre los recursos que proporciona la pagina web estd
la posibilidad de realizar consultas sobre las aplicaciones,
recibir boletines con las novedades que se van relizando,
descargar de forma gratuita todas las aplicaciones y sus
recursos y acceder a las publicaciones cientifico-técnicas
generadas en Comunica entre otras. En la web, también se
puede obtener una seleccion de pictogramas desarrollados
por el Centro Aragonés de Tecnologias de la Educacién
(CATEDU) para su integracién en Vocaliza y que también
se encuentran disponibles en el portal Aragonés de la Co-
municacién Aumentativa y Alternativa (ARASAAC).

5. EVALUACION
La evaluacion de los sistemas en Comunica se lleva a
cabo trabajando en dos direcciones: Por un lado, evaluar
la capacidad pedagégica de las herramientas y por otro
lado, evaluar los algoritmos de Tecnologias del Habla uti-
lizados en las herramientas y evolucionarlos.

5.1. Evaluacién Pedagogica

Para la evaluacion de las herramientas, se ha trabaja-
do con diversas instituciones educativas. En el desarrol-
lo tanto de PreLingua como de Vocaliza y Cuéntame se
ha trabajado conjuntamente con el Centro de Educacién
Especial (CPEE) Alborada [10]. Sus educadores han val-
orado positivamente el uso de la multimodalidad y la in-
teraccion oral como forma de motivar al alumnado de la
escuela para el trabajo diario en logopedia. También valo-
ran la facilidad que tienen las Tecnologias del Habla para
proporcionar una realimentacién fiable a los alumnos. El
trabajo con estos profesionales ha permitido también val-
orar el uso de las herramientas desarrolladas para otras
tareas, como es el caso de PreLingua para tareas de es-
timulacién temprana.

Vocalizal.2 ha contado con la evaluacién realizada por
personal y alumnado de las clases de Espafiol del Vien-
na International School, donde jévenes de diferentes na-
cionalidades llevan a cabo sus estudios de Espafiol. Una
evaluacién mds completa de todas las aplicaciones se es-
td llevando a cabo actualmente recogiendo la opinién de
los usuarios de la herramientas a través de la web; donde
se les inquiere sobre la interaccién y multimodalidad que
ofrece la aplicacién, asi como sobre la utilidad que pro-
porcionan las Tecnologias del Habla implementadas.

5.2. Evaluacién Cientifica

Para la evaluacién de todos los algoritmos requeridos
en las aplicaciones se ha adquirido un corpus que con-
tiene 3.192 palabras aisladas de un vocabulario de 57 pal-
abras provenientes de 14 jovenes locutores con trastornos
en el habla y el lenguaje [7]. Para la validacién de los re-
sultados obtenidos se ha obtenido también un corpus con
9.576 palabras aisladas de locutores sin discapacidad en
el mismo rango de edad como referencia del habla infan-
til y juvenil; y se ha realizado una anotacién manual de
los errores en la pronunciacién por parte de los locutores
con alteraciones lingiiisticas con el objetivo de conocer
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la afeccidn exacta de cada locutor en su nivel articulato-
rio. Esta anotacién ha demostrado que un 17,61 % de los
fonemas en el corpus han sido eliminados o sustituidos,
afectando a un 47.71 % de las palabras, dando cuenta de
la gravedad del trastorno lingiiistico de alguno de los lo-
cutores.

Con estos corpora se ha trabajado en varias lineas de
trabajo: En términos de Reconocimiento Automatico del
Habla se ha estudiado el tema de la adaptacion al locu-
tor y modelado acustico probando cémo un sistema de
Reconocimiento bien adaptado puede descartar con una
exactitud del 88 % las palabras con varios fonemas in-
correctamente pronunciados [5]. La adaptacién al locu-
tor obtiene una reduccién en tasa de error del 61 % en la
tarea de Reconocimiento, en un trabajo que no sélo aporta
conocimiento sobre el funcionamiento de Vocaliza, Vocal-
izal2 y Cuéntame sino que va en la direccién del desar-
rollo de sistemas de interaccién oral con el entorno para
discapacitados. La adaptacién y modelado 1éxico también
se ha trabajado para intentar introducir la informacién de
como desvirtdan los locutores la pronunciacién canénica
de las palabras en el sistema de Reconocimiento. Por 1lti-
mo, se ha trabajado en la evaluacién de medidas de confi-
anza para verificacién de pronunciaciones, obteniéndose
resultados prometedores utilizando algoritmos basados en
determinar cudl es la secuencia de fonemas pronunciados
mds probable y compararla con la pronunciacién canéni-
ca de la palabra [8] obteniéndose un 18.6 % en el Equal
Error Rate.

6. CONCLUSIONES Y LINEAS FUTURAS

En este trabajo se ha presentado el marco de trabajo de
Comunica, y los objetivos planteados en su creacion. Se
ha visto como el conjunto de herramientas desarrolladas
abarcan todos los niveles en la adquisicién del lenguaje
(prelenguaje, articulacion y pragmatica) mediante el uso
de Tecnologias del Habla. Por otro lado, se ha visto co-
mo utiliando canales directos de comunicacién a través
de Internet con los usuarios finales se puede realizar una
evaluacién y evolucién de los sistemas mds rdpida y di-
recta.

Como lineas de investigacién futuras dentro de Co-
munica queda el desarrollo de nuevas herramientas co-
mo tutores de lectura, asi como el constante estudio para
la mejora de las ya existentes. La evaluacion final de las
aplicaciones mediante estudios y encuestas, asi como el
desarrollo de nuevos algoritmos para implementar dentro
de las mismas es la otra gran linea de trabajo a llevar para
conseguir los objetivos finales planteados en Comunica.
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RESUMEN

En este articulo se aborda la deteccion de cambios de toma en
contenidos  audiovisuales  desde  dos  perspectivas
complementarias, la informacion existente en la parte visual y
la informacién de audio. Adicionalmente se proponen varios
métodos de combinacion de estas informaciones para obtener
un sistema final robusto. La extraccion de caracteristicas de la
parte visual se realiza a través de los descriptores GoF/GoP y
Scalable Color de MPEG-7. Para la extraccion de la
informacion de la parte de audio se emplea BIC (Bayesian
Information Criterion). En la seccion experimental se
demuestra como la técnica de audio presenta una alta
precision en la deteccion, mientras que la técnica visual
muestra un nivel de recall elevado. La combinacién de ambas
técnicas mejora sensiblemente el comportamiento final de la
deteccion.

Palabras claves: deteccion de cambios de toma, MPEG-7,
GoF/GoP, Scalable Color, BIC.

1. INTRODUCCION

Durante los ultimos afios se ha experimentado un gran
aumento en la cantidad de contenidos audiovisuales. Este
aumento ha venido propiciado principalmente por dos causas:
en primer lugar la constante aparicion de nuevos dispositivos
cada vez mas baratos y con mejores prestaciones, en segundo
lugar el desarrollo de estandares (compresion, codificacion,
etc.) que hacen cada vez mas sencilla y eficiente la
distribucion de contenidos.

La anotacion automatica es un proceso importante a la
hora de tratar con grandes bases de datos de contenidos
audiovisuales (clasificacion, almacenamiento, distribucion,
etc.). Este conjunto de técnicas, también conocido como
servicios de valor afiadido [1, 2], enriquecen la informacion
multimedia de cara a procesos de busqueda, indexacion y
auto-resiimenes.

Todos estos sistemas tiene en comun la necesidad de
aplicar una segmentacion temporal de los contenidos para
poder realizar una anotacion automatica de los mismos.
Existen dos conceptos clave en este proceso: por un lado la
segmentacion debe ser lo mejor posible, por otro lado la
velocidad debe ser elevada, ya que es necesario que la
segmentacion sea mas rapida que tiempo real.

Una de las formas mas comunes de segmentar contenido
audiovisual consiste en la deteccion de cambios de toma. Esta
tarea ha sido enfocada tradicionalmente desde el punto de
vista de la sefal de video [3]. Aunque hay algunos autores

! Este trabajo ha sido apoyado por el Ministerio de Ciencia y Educacion,
TEC2006-13170-C02-01. Los autores desean mostrar su agradecimiento
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como Shu-Ching Chen en 2002 y Yingying Zhu y Dongru
Zhou en el ano 2003 [4, 5], que emplearon una combinacion
de la informacion obtenida del audio y la imagen de forma que
el sistema contara con una mayor robustez. El problema
principal de estas técnicas es la combinacion de la
informacion de audio y video [6]. Se han propuesto varias
soluciones para dicha combinacion de informacién [7, 8] sin
llegar a obtener un resultado plenamente satisfactorio.

La estructura que se va a seguir en este articulo es la
siguiente. En primer lugar, en la secciéon 2 se realiza un
recorrido por el estado del arte en técnicas de deteccion de
cambios de toma con informacién visual, informaciéon de
audio y posibles combinaciones de ambas. Posteriormente, en
la seccion 3 se detalla el sistema implementado, la técnica
empleada a nivel visual, a nivel de audio y las combinaciones
propuestas. Los resultados obtenidos se muestran en la
seccion 4. Por ultimo, la seccidon 5 contiene las conclusiones
extraidas de la realizacion de este trabajo.

2. ESTADO DEL ARTE
2.1. Deteccion a nivel visual

La deteccion de cambios de toma basada en informacion
visual es la aproximacion mas utilizada. Podemos distinguir
dos tipos de cambios de toma: los cambios abruptos en los que
el cambio se da de un frame al siguiente; por otro lado estan
los cambios graduales cuya duracion es de varios frames. Los
cambios abruptos son los mas faciles de detectar, en los
ultimos afios se han propuesto varios algoritmos que gozan de
una gran precision [9, 10]. Por el contrario, la complejidad en
la deteccion de cambios graduales es mayor. En la literatura
podemos distinguir dos vertientes: la que afronta cierto tipo de
cambios especificos (ej. disoluciones) con resultados
aceptables [11], por otro lado, podemos encontrar técnicas que
tratan de construir modelos generales que engloben cualquier
tipo de cambio gradual posible [12, 13]. Esta tltima
aproximacion presenta una fiabilidad menor que la anterior.

El histograma de color es una de las variables mas
comunmente empleadas en sistemas visuales de deteccion de
cambios de toma. Este hecho es debido a que un cambio de
toma suele llevar consigo un cambio en las distribuciones de
color de la imagen [14]. Otro factor que se observa cuando
hay un cambio de toma es el incremento del nimero y médulo
de los vectores de movimiento [15]. Codificaciones como
MPEG-2 o H.264 se basan en la similitud de imagenes
sucesivas para codificar bloques en funciéon de bloques de
imagenes adyacentes. Un cambio de toma llevara consigo un
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incremento en el nimero de vectores de movimiento, debido
al menor parecido entre imagenes.

En el proceso de la deteccion del cambio de toma
podemos distinguir dos fases: medida de disparidad entre
parejas de frames, que pueden estar consecutivas o
distanciadas y toma de decision de si esa disparidad entre
frames es o no un cambio de toma.

2.2. Deteccion a nivel de audio

La tarea de deteccion de cambios en la sefial de voz esta
englobada dentro de lo que se conoce como anotacion de un
fichero de audio. El objetivo de estas técnicas es enriquecer
cualquier contenido de audio, dotandole de una cierta
informacion acerca de locutores, musica, silencios, ruido, etc.
que en el fichero aparezcan.

Existen distintos niveles a la hora de anotar un fichero de
audio, desde el mas sencillo que consistiria simplemente en
indicar los tramos del fichero de voz y no voz (dentro de la
categoria de no voz se incluye musica, silencio, ruido, etc.),
hasta los mas elaborados en los que se indican los tramos
donde esta presente el mismo locutor, tramos con musica,
silencio, etc.

Una hipétesis de partida podria ser que cambios de toma
en la sefial visual llevan asociados cambios en la sefial de
audio. Por tanto el objetivo sera detectar variaciones en la
sefial sonora: como por ejemplo el paso de voz a musica. Otra
alternativa seria tener en cuenta los cambios de audio como
puntos clave a la hora de segmentar, sin necesidad de que
lleven asociados cambios de toma.

Para llevar a cabo la deteccion de cambios de toma
existen principalmente dos fases: la primera de ellas
consistente en la deteccion de voz y silencio, la segunda esta
relacionada con la deteccion de tramos con musica, ruido,
diferentes locutores, etc. dentro de los segmentos de voz. Para
la primera de las etapas se suelen emplear los cruces por cero
de la sefial aunque la aproximaciéon mas habitual estd basada
en el calculo de la energia. Para llevar a cabo la segunda
etapa existen dos técnicas principalmente, ambas hacen uso de
ventanas que se van desplazando a lo largo del fichero de
audio.

El criterio de informacion bayesiano (BIC) [16] es una de
las dos aproximaciones para la deteccion de distintos tramos
dentro de segmentos de audio. Esta técnica busca puntos de
cambio dentro de una ventana, para ello se comprueba si los
datos de la ventana se modelan mejor con una uUnica
distribucion (no hay punto de cambio) o con dos
distribuciones (punto de cambio). Si se encuentra un punto de
cambio se resetea la ventana y se reinicia la busqueda a partir
de ese punto. Si por el contrario no se encuentra punto de
cambio se incrementa la ventana y se vuelve a realizar la
busqueda. La busqueda completa a lo largo del fichero es muy
costosa computacinalmente, del orden de N siendo N el
nimero de muestras del fichero, por tanto la mayor parte de
los sistemas emplean versiones simplificadas de este
algoritmo.

La segunda técnica empleada se propuso en 1997 [17],
consiste en usar ventanas de una longitud fija (normalmente
entre 2 y 5 segundos) que seran representadas por una
gausiana. Posteriormente se calculan las distancias entre
ventanas. Viendo si estas distancias superan o no un umbral
seremos capaces de encontrar los puntos de cambio. La
longitud de las ventanas limita la deteccion de cambios de
corta duracion.

En los ultimos tiempos han aparecido otras técnicas de
mayor complejidad aunque su comportamiento es comparable
al de las técnicas anteriores. Dichas técnicas utilizan modelos
de mezclas de gausianas (GMM o Gaussian Mixture Models)
o modelos ocultos de Markov (HMM o Hidden Markov
Models) para modelar musica, locutores y ruido ambiental. El
gran inconveniente de estas técnicas es que son supervisadas y
para su entrenamiento se necesita una gran cantidad de datos
etiquetados que modelen la generalidad de aquello que se
quiere detectar.

2.3. Combinacion de informacion de audio y video

La combinacién de la informacion procedente del audio y del
video es una de las labores mas complejas en un sistema de
deteccion de cambios de toma. Aunque la informacion de
audio va ligada a la informacién visual no tienen porque
coincidir con los cambios de toma reales. Puede darse el caso
de que se produzca un cambio en el audio, como por ejemplo
la intervencion de un nuevo locutor, que no lleve consigo un
cambio de toma y viceversa.

Son pocos los trabajos encontrados en la literatura que
traten este problema. En [4] se hace una primera division
basada en la sefal de audio que divide la sefial en silencio, voz
y musica; dentro de la parte de voz se hace distincion entre
locutores. Por otro lado se realiza la segmentacion basada en
el contenido visual, para posteriormente combinar ambas
informaciones dando un mayor peso a la sefal de audio.

Existen otras posibilidades a la hora de realizar la fusion
entre las informaciones de audio y video. Desde los trabajos
en los que no se realiza ninguna fusion [8], pasando por
trabajos en los que se realiza una segmentacion a nivel de
audio y después se usa la informacion visual para comprobar
si es correcto [18], hasta variantes de la aproximacion anterior
donde se confirman los cambios extraidos del video con el
audio [5].

3. SISTEMA IMPLEMENTADO

3.1. Segmentacion a nivel visual

La técnica implementada realiza una deteccion de tomas
mediante un modelo general, es decir, lo que buscamos es que
dicho modelo detecte tanto los cambios de toma abruptos
como los graduales. Para ello nos basaremos en dos de los
descriptores definidos por MPEG-7: GoF/GoP y Scalable
color (mas informacion en: ISO/IEC 15938-3 6.5, ISO/IEC
15938-3 6.8, ISO/IEC TR 15938-8). El objetivo original de
estos descriptores es la busqueda de similitudes entre videos
y/o imagenes.

Este sistema es equivalente a realizar una deteccion de
cambio de toma por histograma de color, ya que los
coeficientes sobre los que se aplican las medidas de dispersion
miden la distribucion de color en cada frame analizado.

Las medidas de dispersion evaluaran el grado de
similitud entre frames, dichas medidas se aplican sobre los
coeficientes resultantes del descriptor. En lugar de calcular
los coeficientes para todos las frames se realiza para una de
cada 25 frames, es decir un frame por segundo. Con este
procedimiento conseguimos dos objetivos, por una lado
reducir la carga computacional y por otro la deteccion de
cambios graduales. @ Como medidas de dispersion se
emplearon 3 de las que mejor comportamiento presentaban en
[14].
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donde s es la dispersion y ¢ es la media de cada trama.

La tercera de las medidas de dispersion es una
combinacion de las dos anteriores, propuesta también en [14].
Consiste en aplicar un filtro de mediana de longitud tres, a las
dos medidas de dispersion anteriores y restarlas a las
originales. Esta técnica proporciona una mayor robustez
frente a flashes y cambios de iluminacién. Una vez tenemos
calculados el vector diferencia realizamos el calculo del
modulo de dicho vector.

3= (6.8, ) mediana(s 5,) “

Nuestra propuesta consiste en establecer el umbral de
forma dinamica calculando el 20% del margen dinamico de
cada una de las tres medidas indicadas. Siempre que las tres
componentes superen este umbral se decidira que existe un
cambio de toma. Esta forma de establecer el umbral ofrece
una mayor robustez, pero tiene el inconveniente de tener que
recorrer el fichero antes de la fase de toma de decision.

3.2. Segmentacion a nivel de audio

El proceso seguido para obtener la informacion de audio
consta de dos pasos basicamente: i) una vez separado el
contenido de audio del video se realiza una parametrizacion
MFCC (Mel Frequency Cepstral Coefficients) de 13
coeficientes; ii) a continuaciéon se aplica el algoritmo de
deteccion de cambios, BIC (véase seccion 2.2).

3.3. Combinacion de la informacién visual y de audio

Antes de llevar a cabo la combinaciéon de la informacion
obtenida del audio y del video se realiza un filtrado de los
resultados para subsanar en lo posible errores en la deteccion.
Este filtrado consiste en eliminar cambios de toma sucesivos
que tengan entre si menos de un segundo de duraciéon. Se
presupone que un cambio de toma por muy rapido que sea
debe durar mas de un segundo, por lo que los cambios de este
tipo que resulten de nuestros algoritmos seran eliminados.

Una vez realizado este filtrado estamos en disposicion de
combinar la informacioén de los dos métodos para obtener un
resultado global mas robusto. Como se observa en el estado
del arte, esta combinacion no resulta sencilla. En nuestro caso
se propone dos tipos de combinaciones distintas.

En primer lugar, la mas restrictiva de ellas (combinacion
&), consiste en indicar s6lo aquellos cambios de toma en los
que la informacion obtenida del audio y del video coincida.
Con el fin de dotar de mayor flexibilidad al sistema
introduciremos un cierto margen de error programable que
para las pruebas que mostraremos en la seccién 4 sera de 3
segundos. El sistema dictaminara que hay un cambio de toma
siempre que video y audio coincidan con un margen de error
de mas menos 3 segundos.

Segmentacion Filtrado
Visual Is

Figura 1. Esquema combinacion restrictiva segmentaciones,
comb. &

Segmentacion Filtrado
Audio [ ] s

En segundo lugar emplearemos como método de
combinacién algo bastante sencillo (combinacion +), la
agrupacion de los cambios indicados por cada uno de los
métodos por separado. Una vez hecho esto se realizard el
proceso de filtrado mencionado anteriormente, pero con
menos de tres segundos de duracion.

Segm.entacmn N Filtrado
Visual Is
Filtrado I
3s
Segmentacion Filtrado
Audio g 1s
Figura 2. Esquema combinacion concatenada segmentaciones,
comb. +
4. RESULTADOS

El video de ejemplo seleccionado cosiste en 5 minutos (7500
frames), extraidos del programa Informe Semanal. Este tipo
de video se puede considerar dentro de la categoria de
informativos, una de las mas estudiadas a lo largo de los
ultimos afios. El video a nivel visual contiene 7 cambios
graduales y 22 cambios abruptos. La sefial de audio consta de
17 cambios, no todos ellos coincidentes con el video y por
tanto no detectables por técnicas basadas en audio.

La Tabla 1 muestra los resultados obtenidos con la
deteccion visual por un lado y la deteccion a través de audio
por otro. Ademas se muestran estos resultados tras el filtrado
y las combinaciones de ambas técnicas propuestas.

OK | NO | FP | R(%) | P (%)

Visual 10 19 19 34 34

Visual

filtrado 9 20 7 31 56

Audio 7 22 1 24 88

Audio

filtrado 7 22 1 24 88
Comb. & 3 27 1 11 75
Comb. + 11 18 10 38 52

Tabla 1. Resultados de deteccion de cambios de tomas;, OK
cambios correctos, NO cambios no detectados, FP falsos
positivos, R recall, P precesion

A la vista de los resultados vemos como el filtrado
aumenta la precision del sistema, sobre todo en la parte visual.
En la parte de audio no se observa cambio alguno ya que no se
detectaban cambios tan seguidos. Vale la pena destacar que
cuando la deteccion es solo con audio, la precisién que se
obtiene es de las mas altas, lo que nos indica que los cambios
detectados con el audio tienen una alta probabilidad de ser
correctos. Ademas todas medidas estan calculadas sobre el
numero total de cambios a nivel visual, por tanto la técnica a
nivel de audio esta en clara desventaja.
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También se observa que la primera combinacion
adoptada (comb. &), aquella que implica que el cambio se dé
tanto en la parte visual como en la de audio es demasiado
restrictiva, lo cual provoca que a penas se detecten cambios de
toma. Por el contrario cuando simplemente unimos los
cambios detectados en el audio y en la imagen (comb, +) se
observa que la cantidad de cambios de toma correctos es
elevada. Las Figuras 3 y 4 muestran los cambios de toma
detectados con las dos combinaciones propuestas.
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Figura 4. Resultados combinacion de segmentaciones +
5. CONCLUSIONES

En este articulo se ha abordado uno de los problemas mas
habituales en la anotacion de contenidos audiovisuales: la
deteccion de cambios de toma. Para llevar a cabo esta labor se
emplean dos tipos de informaciones: i) la informacion de
audio y i) la informacion de video. Ambas informaciones son
combinadas con el objetivo de obtener un sistema global mas
robusto. La informaciéon de cambios de audio se extrae
mediante BIC. La informacion del contenido visual se obtiene
siguiendo las indicaciones propuestas por MPEG-7 en dos de
sus descriptores: GoF/GoP'y Scalable Color.

La seccion de resultados muestra como la informacion
de audio es importante y ayuda a la mejora del rendimiento
del sistema global. La precision obtenida a través del
contenido de audio es de las mas elevadas. Este hecho arroja
resultados esperanzadores y anima a la busqueda de métodos
de combinacion mas eficientes. Por otro lado, una alternativa
a la deteccion de cambios de toma de cara a la realizacion de
auto-resimenes seria la segmentacion del contenido basada
unicamente en la informacion del audio. La sefial de audio
contiene informacion suficiente como para poder llevar a cabo
esta tarea sin apoyarse en la informacion visual.

Dos aspectos importantes de la implementaciéon son en
primer lugar la velocidad del analisis, siendo para el audio
muy eficiente. En segundo lugar, la parte visual estd basada
en descriptores escalables, este hecho hace que tanto la
velocidad en la extraccion de coeficientes como la precision
sean configurables y adaptables a las necesidades de cada
sistema.
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ABSTRACT

Mel-Frequency Cepstral Coefficients and their derivatives
are commonly used as acoustic features for speaker recog-
nition. Reducing the dimensionality of the feature set
leads to more robust estimates of the model parame-
ters, and speeds up the classification task, which is cru-
cial for real-time speaker recognition applications run-
ning on low-resource devices. In this paper, a feature
selection procedure based on genetic algorithms (GA)
is compared to two well-known dimensionality reduc-
tion techniques based on linear transforms, namely Prin-
cipal Component Analysis (PCA) and Linear Discrimi-
nant Analysis (LDA). Evaluation is carried out for two
speech databases, containing laboratory read speech and
telephone spontaneous speech, and applying a state-of-
the-art speaker recognition system. Results with GA-
based feature selection suggest that dynamic features are
less discriminant than static ones, since the low-size op-
timal subsets found by the GA did not include dynamic
features. GA-based feature selection outperformed PCA
and LDA when dealing with clean speech, but not for
telephone speech, probably due to some noise compen-
sation implicit in linear transforms, which cannot be ac-
complished just by selecting a subset of features.

1. INTRODUCTION

Mel-Frequency Cepstral Coefficients (MFCC) are com-
monly used as acoustic features for speaker recognition,
since they convey not only the frequency distribution
identifying sounds, but also information related to the
glottal source and the vocal tract shape and length, which
are speaker specific features. Additionally, it has been
shown that dynamic information improves the perfor-
mance of recognizers, so first and second derivatives are
appended to MFCC. The resulting feature vector ranges

This work has been jointly funded by the Government of the Basque
Country, under projects S-PEO6UN48, S-PE07UN43, S-PE06IKO1 and
S-PEO7IKO03, and the University of the Basque Country, under project
EHU06/96.

from 30 to 50 dimensions. However, for applications re-
quiring real-time operation on low-resource devices, high
dimensional feature vectors do not seem suitable and
some kind of dimensionality reduction must be applied,
maybe at the cost of performance degradation.

A simple approach to dimensionality reduction is fea-
ture selection, which consists of determining an optimal
subset of K features by exhaustively exploring all the pos-
sible combinations of D features. Most feature selection
procedures use the classification error as the evaluation
function. This makes exhaustive search computationally
infeasible in practice, even for moderate values of D. The
simplest method consists of evaluating the D features in-
dividually and selecting the K most discriminant ones,
but it does not take into account dependencies among fea-
tures. So a number of suboptimal heuristic search tech-
niques have been proposed in the literature, which essen-
tially trade-off the optimality of the selected subset for
computational efficiency [1].

Genetic Algorithms (GA) suitably fit this kind of
complex optimization problems. A major advantage of
GA over other heuristic search techniques is that they do
not rely on any assumption about the properties of the
evaluation function. Multiobjective evaluation functions
(e.g. combining the accuracy and the cost of classifica-
tion) can be defined and used in a natural way [2]. GA can
easily encode decisions (about selecting or not selecting
features) as sequences of boolean values, allow to smartly
explore the feature space by retaining those decisions that
benefit the classification task, and simultaneously avoid
local optima due to their intrinsic randomness. GA have
been recently applied to feature extraction [3], feature se-
lection [4] and feature weighting [5] in speaker recogni-
tion.

Alternatively, the problem of dimensionality reduc-
tion can be formulated as a linear transform which
projects feature vectors on a transformed subspace de-
fined by relevant directions. Among others, two well-
known dimensionality reduction techniques, Principal
Component Analysis (PCA) and Linear Discriminant
Analysis (LDA), fall into this category.
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In this paper, a feature selection procedure based on
a GA-driven search is compared to PCA and LDA in
a speaker recognition task. GA-based feature selection
projects the original D-dimensional feature space into a
reduced K -dimensional subspace by just selecting K fea-
tures. PCA and LDA not only reduce but also scale and
rotate the original feature space, through a transformation
matrix A which optimizes a given criterion on the train-
ing data. From this point of view, PCA and LDA gener-
alize feature selection, but the criteria applied to compute
A (the highest variance in PCA, and the highest ratio of
between to within class variances in LDA) do not match
the criterion applied in evaluation (the speaker recogni-
tion rate). This is the strong point of GA, since feature
selection is performed in order to maximize the speaker
recognition rate on an independent development corpus.

2. FEATURE SELECTION USING GENETIC
ALGORITHMS

The GA-driven selection process begins by fixing the tar-
get size K of the reduced feature subspace. Then, an
initial population of candidate solutions (K -feature sub-
sets) is randomly generated. In this work, each candi-
date is represented by a D-dimensional vector of pos-
itive integers R = {ry,r2,...,7p}, ranging from 0
to 255 (8 bits), the K highest values determining what
features are selected. To evaluate the K -feature subset
={f1, f2,..., fx}, the following steps are carried out
(1) the acoustic vectors of the whole speech database are
reduced to the components enumerated in ; (2) speaker
models are estimated using the training corpus; (3) utter-
ances in the development corpus are classified by apply-
ing the speaker models; and (4) the speaker recognition
accuracy obtained for the development corpus is used to
evaluate
At the end of each iteration/generation, after all the
K -feature subsets in the population are evaluated, some
of them (usually the fittest ones), are selected, mixed and
mutated in order to get the population for the next gen-
eration. Mutation is used to introduce small variations
that help decrease the chances of getting local optima.
On the other hand, elitism (copying some of the fittest
individuals to the next generation) is applied to guaran-
tee that the fitness function increases monotonically with
successive generations. If that increase is smaller than a
given threshold, or a maximum number of generations is
reached, the algorithm stops and the optimal K -feature
subset = {f1, fa,..., fx} is returned.

3. EXPERIMENTAL SETUP
3.1. Acoustic features

In this work, MFCC, energy and their first and second
derivatives were taken as acoustic features. Speech was
analysed in 25-millisecond frames, at intervals of 10 mil-
liseconds. A Hamming window was applied and an FFT
computed, whose length depended on the sampling fre-

quency: 256 points for signals sampled at 8 khz and
512 points for signals sampled at 16 kHz. FFT ampli-
tudes were then averaged in 20 (8 kHz) or 24 (16 kHz)
overlapped triangular filters, with central frequencies and
bandwidths defined according to the Mel scale. A Dis-
crete Cosine Transform was finally applied to the loga-
rithm of the filter amplitudes, obtaining 10 (8 kHz) or 12
(16 kHz) Mel-Frequency Cepstral Coefficients (MFCC).
To increase robustness against channel distortion, Cep-
stral Mean Normalization was applied on an utterance-
by-utterance basis. The first and second derivatives of
the MFCC, the frame energy (E) and its first and sec-
ond derivatives were also computed, thus yielding a 33-
dimensional (8 khz) or a 39-dimensional (16 kHz) feature
vector.

3.2. Speaker models

Most speaker recognition systems represent the distribu-
tion of feature vectors extracted from a speaker’s speech
by a linear combination of M multivariate Gaussian den-
sities, known as Gaussian Mixture Model (GMM) [6],
whose parameters are estimated from speaker samples
by applying the Maximum Likelihood (ML) criterion. In
this work, speaker recognition was performed using 32-
mixture diagonal covariance GMMs as speaker models.

3.3. Speech databases

Two speech databases were used in this work: Albayzin
(a phonetically balanced read speech database in Spanish,
recorded at 16 KHz in laboratory conditions, containing
204 speakers) and Dihana (a spontaneous task-specific
speech corpus in Spanish, recorded at 8 kHz through tele-
phone lines, containing 225 speakers), each partitioned in
three disjoint datasets: (1) the training set, used to esti-
mate the speaker models and the PCA and LDA trans-
forms; (2) the development set, used by the GA to com-
pute the fitness function; and (3) the test set, used to evalu-
ate the performance of the optimal K -feature subsets pro-
vided by GA, PCA and LDA.

3.4. GA, PCA and LDA Implementations

The well-known Simple Genetic Algorithm (SGA) [7],
implemented by means of ECJ [8], was applied to search
for the optimal feature set. Offspring was bred by first
selecting and then mixing two parents in the current pop-
ulation. The first parent was selected according to the
fitness-proportional criterion, by picking the fittest from
seven randomly chosen individuals. The second parent
was chosen the same way, but only from two randomly
chosen individuals, to allow diversity and avoid local op-
tima. One-point crossover was applied and the mutation
probability was set to 0.01. Finally, the simplest case of
elitism was applied by keeping the fittest individual for
the next generation. The maximum number of genera-
tions was fixed to 40. A public domain software devel-
oped at the MIT Lincoln Laboratory, LNKnet [9], was
used to perform PCA. Regarding LDA, a custom imple-
mentation was developed in Java.
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Table 1. Optimal feature sets found by the GA in speaker recognition experiments for Albayzin and Dihana, for K =
30, 20, 13, 12, 11, 10, 8 and 6. Selected features are marked with a star (x). Cells containing a dash () correspond to

features not computed for Dihana.
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4. RESULTS
4.1. Feature selection using GA

The optimal K -dimensional feature sets provided by the
GA for Albayzin and Dihana in speaker recognition ex-
periments are shown in Table 1. The terms cXX and E cor-
respond to the MFCC and the frame energy, and dXX/dE
and ddXX/ddE to their first and second derivatives, re-
spectively. As noted above, the computation of MFCC
depends on the sampling frequency, so the dimension (D)
of the full feature vectors is 39 (12 MFCC + energy + first
and second derivatives) for Albayzin, and 33 (10 MFCC
+ energy + first and second derivatives) for Dihana.

Focusing on the results for Albayzin, note that the
presence of a feature in the optimal subset of size K does
not imply that the same feature will be present in the op-
timal subsets for larger values of K. For instance, c05
appears in the optimal subset for K = 6, but not for
K = 8and K = 10. This suggests that optimal sub-
spaces cannot be determined in an incremental way, by
sequentially reducing its size. In other words, it seems
that an exhaustive search is needed which explores all the
feature combinations. Note also that the GA-optimal sub-
sets for K < 12 consist of a number of MFCC plus the
frame energy. Three of them, E, c0O4 and c11 are always
selected by the GA; three other, c02, c06 and c09, are se-
lected always but for the smallest subset (X = 6). This
suggests that static features are more relevant for speaker
recognition than dynamic features.

The optimal subsets found by the GA for Dihana
show an almost perfect sequential behaviour, contrasting
with that obtained for Albayzin. Only two cases of non-
sequential behaviour are found: d08, from K = 20 to
K = 13; and d03, from K = 13 to K = 12. It would

be worth to investigate this issue more deeply, since se-
quential optimization is much faster that an exhaustive
search. On the other hand, the optimal sets for low val-
ues of K (K < 10) are composed exclusively of MFCC
(the frame energy and dynamic features do not appear).
Again, it seems that MFCC convey more relevant in-
formation about speaker characteristics than their deriva-
tives. Interestingly, the frame energy does not appear in
any of the optimal sets for K < 13, suggesting that this
feature is not as robust for telephone spontaneous speech
as for laboratory read speech.

4.2. Comparing GA to PCA and LDA

GA-based feature selection, PCA and LDA were tested in
speaker recognition experiments over Albayzin and Di-
hana. First, D-dimensional feature vectors were trans-
formed into reduced K-dimensional feature vectors, ac-
cording to the optimal subset/transformation given by
GA, PCA or LDA, then speaker models were estimated
on the training corpus and finally speaker recognition ex-
periments were carried out on the test corpus. Results are
shown in Table 2.

Confidence intervals are shown to allow significant
performance comparisons among different feature sets.
This deserves a brief explanation. Model estimations start
from random initializations. Preliminary experimentation
showed that, fixed the set of features and the training
database, random initializations led to slightly different
model parameters after convergence, and therefore slight
differences in speaker recognition performance were ob-
served. This intrinsic uncertainty can be taken into ac-
count in performance comparisons by computing the con-
fidence interval of an average error rate. It is assumed that
the underlying distribution of error rates is Gaussian. So,
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Table 2. Average error rates and 95% confidence intervals in speaker recognition experiments on test data for Albayzin
and Dihana, using the optimal K -dimensional feature sets provided by GA, PCA nd LDA, for K =6, 8, 10, 11, 12, 13,

20 and 30.
K Albayzin Dihana
GA PCA LDA GA PCA LDA

6 | 5.71+0.09 | 14.37+£0.15 | 8.11+£0.14 | 34.23+0.16 | 33.23+0.12 | 35.52+0.14
8 | 1.81+0.09 | 5.86+0.12 | 2.64+0.09 | 23.90£0.14 | 24.194+0.13 | 25.06%+0.13
10 | 0.941+0.04 | 2.73+0.12 | 1.21£0.06 | 19.70£0.12 | 20.674+0.12 | 19.43+0.12
11 | 0.35+0.04 | 1.61£0.07 | 1.12+0.06 | 19.32+0.14 | 20.274+0.13 | 18.10+0.13
12 | 0.304+0.04 | 0.94+0.06 | 0.79£0.06 | 19.27+0.14 | 19.75£0.16 | 18.18+0.12
13 | 0.33+0.05 | 0.56+£0.05 | 0.88+0.04 | 19.12+0.11 | 19.63£0.10 | 17.66+0.10
20 | 0.16+0.02 | 0.19£0.02 | 0.39+0.04 | 19.99+£0.11 | 17.61£0.13 | 17.244+0.11
30 | 0.13+0.02 | 0.15£0.03 | 0.33+0.04 | 19.10+£0.14 | 15.97£0.15 | 18.174+0.12

in order to compute the average error rate and the 95%
confidence interval, the whole process of training speaker
models and carrying out speaker recognition experiments
was repeated 20 times for each feature set.

In the case of Albayzin, neither PCA nor LDA out-
performed GA. PCA yielded lower error rates than LDA
for K > 12. For K < 12, LDA outperformed PCA.
Howeyver, the error rates are too low and the differences in
performance too small for these conclusions to be statis-
tically significant.

Error rates for Dihana were much higher, because it
was recorded through telephone channels in an office en-
vironment and a large part of it consists of spontaneous
speech. The presence of channel and environment noise
in Dihana makes PCA and LDA more suitable than GA,
because feature selection cannot compensate for noise,
whereas linear transforms can do it to a certain extent.
This may explain why either PCA or LDA outperformed
GA in all cases but for K = 8. LDA was the best ap-
proach in most cases (for K =10, 11, 12, 13 and 20). GA
was the second best approach for K =6, 10, 11, 12 and
13. Finally, the lowest error rate (15.97%) was obtained
for K = 30 using PCA.

In summary, GA-based feature selection seems to be
competitive only when dealing with clean speech, though
it performs quite well even for noisy speech when the
target K is small. Authors that argue against GA opti-
mization say that it is too costly, since it requires itera-
tively evaluating candidate solutions in classification ex-
periments over a development dataset. It must be noted,
however, that GA optimization is done off-line, so the
computational cost is not an issue in practice. Moreover,
during recognition, feature selection is less costly than
feature transformation.

5. CONCLUSIONS

Feature selection based on GA suggests that static fea-
tures are more discriminant than dynamic features for
speaker recognition applications. In the case of telephone
speech, the smallest feature subsets (X < 13) did not in-
clude the frame energy, which reveals that channel and/or
environment noise is distorting the information it con-

veys. Summarizing, if a reduced set of features had to
be selected (due to storage or computational restrictions),
MFCC would be the best choice, augmented with the
frame energy when dealing with clean-laboratory speech.

GA outperformed PCA and LDA only when dealing
with clean speech, whereas PCA and LDA outperformed
GA in most cases when dealing with telephone speech,
probably due to some noise compensation implicit in lin-
ear transforms, which cannot be accomplished just by se-
lecting a subset of features. In any case, since applying
a linear transform is more costly than selecting a subset
of features, depending on the target K, the gain in perfor-
mance might not be worth the additional effort.
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Abstract

We present new results of our n-gram frequency ranking used
for language identification. We wuse a Parallel phone
recognizer (as in PPRLM), but instead of the language model,
we create a ranking with the most frequent n-grams. Then we
compute the distance between the input sentence ranking and
each language ranking, based on the difference in relative
positions for each n-gram. The objective of this ranking is to
model reliably a longer span than PPRLM. This approach
outperforms PPRLM (15% relative improvement) due to the
inclusion of 4-gram and 5-gram in the classifier. We will also
see that the combination of this technique with other sources
of information (feature vectors in our classifier) is also
advantageous over PPRLM, showing also a detailed analysis
of the relevance of these sources and a simple feature
selection technique to cope with long feature vectors. The test
database has been significantly increased using cross-fold
validation, so comparisons are now more reliable.

Index Terms: Language Identification, n-gram frequency
ranking, score normalization, feature selection, PPRLM

1. Introduction

The most used technique in Language identification (LID) is
the phone-based approach, like Parallel phone recognition
followed by language modeling (PPRLM) [1]-[2], which
classifies languages based on the statistical characteristics of
the allophone sequences with a very good performance. An
interesting variant of PPRLM is presented in [5] with several
proposals: different ways to combine the allophone sequence
information with the acoustic models, use of durations
(prosodic information) and a tree-based language model. It is
remarkable the integration of several sources of information.
In [7] they compare the performance of a neural network with
a Gaussian classifier as ours. Another recent line of research
is the fusion of different sources of information, as in [8] or
[9], which we also address.

PPRLM does not model long-span dependencies: with 4-
gram language models results are slightly worse, probably
due to unreliable estimation. To solve this, we decided to use
a ranking of occurrences of each n-gram with higher n-grams
[4], in a similar way to [6] where the ranking is applied to
written text. Although the information source is very similar
to PPRLM (frequency of occurrence of n-grams), results are
clearly better.

This paper is a continuation of the work done in [3] with
several information sources and [4]. Section 2 describes the
system setup and basic techniques. In Sections 3 and 4 the n-
gram ranking technique and new information sources are
described. In Section 5, results are presented and discussed.
Finally, conclusions are presented in Section 6.

2. System description

2.1. Database

We use a continuous speech database (Invoca), which
consists of very spontaneous conversations between
controllers and pilots. It is a difficult task, noisy and very
spontaneous, with one big drawback: all speakers are native
Spanish. So, many of them do not reflect all the phonetic
variations in English, and they mix Spanish for greetings and
goodbyes even when the rest of the sentence is in English.

In total, we had some 9 hours of speech for Spanish (4998
sentences) and 7 hours for English (3132 sentences). We have
considered sentences with a minimum of 0.5 sec., and a
maximum of 10 sec., with an average duration of just 4.5 sec.,
which is another important complication for the LID task. To
increase the reliability of results we have performed a cross-
fold validation, dividing all the material available in 9
subsets. In each pass we dedicated:

e 4 blocks for estimating the acoustic models & the
Gaussian distribution for the LMs and the ranking

e 3 blocks for estimating the language models for
PPRLM and the n-gram ranking & the Gaussian
distribution for the acoustic scores and duration

o 1 block for the test-set and parameter fine-tuning

e 1 block for the validation set

So, results are more reliable because they use 7 times
more material and are for a validation set with unseen data.
We checked in [2] that to estimate the Gaussian distribution
for the LMs we could use the acoustic models training list, as
this data does not participate in the LM estimation. The same
applies for the distribution estimation of acoustic scores with
the LMs training list.

2.2. General conditions of the experiments

The system uses a front-end with PLP coefficients derived
from a mel-scale filter bank (MF-PLP), with 13 coefficients
including c0 and their first and second-order differentials,
giving a total of 39 parameters per frame. For the phone
recognizers, we have used context-independent continuous
HMM models. For Spanish, we have considered 49 different
allophones and, for English, 61 different allophones. All
models use 10 Gaussians densities per state per stream.

2.3. Brief description of PPRLM

The main objective of PPRLM (Parallel Phone Recognition
Language Modeling) is to model the frequency of occurrence
of different allophone sequences in each language. This
system has two stages. First, a phone recognizer takes the
speech utterance and outputs the sequence of allophones
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corresponding to it. Then, the sequence of allophones is used
as input to a language model (LM) module. In recognition,
the LM module scores the probability that the sequence of
allophones corresponds to the language. It can use several
phone recognizers modeled for different languages.
Interpolated n-gram language models are used to approximate
the n-gram distribution as the weighted sum of the
probabilities of the n-grams considered (weights o, o, and
o3 for unigram, bigram and trigram, respectively). All
systems using 4-gram LMs provided worse results [2].

2.4. Gaussian classifier for LID

The general PPRLM approach has a bias problem in the log-
likelihood score for the languages considered, especially
when the phone recognizers have a different number of units
(we have 49 units for Spanish and 61 for English). The
language with fewer units will have higher probabilities in the
LM score, and so the classifier will tend to select that
language. To tackle this issue, we proposed in [2] to use a
Gaussian classifier instead of the usual decision formula
applied in PPRLM. With all the scores provided by every LM
in the PPRLM module we prepare a score vector. With all the
sentences in the training database we estimate a Gaussian
distribution each language. In recognition, the distance
between the input vector of LM scores and the Gaussian
distributions for every language is computed, using a diagonal
covariance matrix, and the distribution which is closer to the
input vector is the one selected as identified language.

One nice feature of a Gaussian classifier is that we can
increase the number of Gaussians to better model the
distribution that represents our classes and have a Multiple-
Gaussian classifier. To increase the number of Gaussians we
followed the classical HMM modeling approaches (Gaussian
splitting and Lloyd reestimation after each splitting).

One important conclusion of that work is that, instead of
absolute values, we need to use differential scores: the
difference between the score obtained by the LM of the same
language of the acoustic models considered (Spa-Spa or Eng-
Eng) and the score obtained by the other ‘competing’
language(s): SCO — SC1 and SC3 — SC2 in Figure 1. So, this
score can be computed both in training and testing. We
applied it to unigram, bigram and trigram separately, with 6
features in total that are listed in Table 1.

Figure 1. PPRLM Scores
[mmpn I-I-f LM-SPA ]E{>| sco
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Table 1. Differential score vector

SCO-SCI1 for unigram
SCO-SCI1 for bigram
SCO-SCI1 for trigram
SC3-SC2 for unigram
SC3-SC2 for bigram
SC3-SC2 for trigram

Phonemes-SPA

Phonemes-ENG

We observed that these differential scores are much more
homogeneous, being the result that the estimated distributions
exhibit a much smaller overlap with the competing language.

In a multiple language system the proposal for the
differential score would be:

SC current language Average (SC other languages)

One problem that has to be solved is how the weights of
the n-grams o, o, and o3 from the basic PPRLM equation
(1) can be integrated in this approach, as the scores for
unigram, bigram, and trigram are independent in our vector.

S(WuWH’WPz): Ot}'P(w, ‘ Wl—l7wt—2)+ 8
az'P(WH [w, )+ al'P(szz )+ a,F,

We introduce a new contribution: instead of multiplying
each feature by its weight in the distance measure, it is much
better to divide the variance of the distribution of each score
by the corresponding o; weight (equation (2)). For low o,
variances increase and so distances are smoothed (which is
good for less discriminative features). This smoothing weight
is quickly adjusted with good results using the test set.

fnal ool /a )

3. n-gram Frequency Ranking

3.1. Description

We use the same input as PPRLM: the sequence of
allophones generated by the phone recognizer. As proposed in
[6], we use all training data to compute the number of
occurrences of each n-gram (n=1 to 5). We sort those counts,
and keep only the M most frequent n-grams, which will form
the ranking for that input language. It is known ([6]) that the
top n-grams are almost always highly correlated to the
language. So, we will use this ranking instead of the LM
module considered in PPRLM (see Figure 1).

In testing, for each input sentence a ranking is created
using the same procedure. Then, the distance between the
input sentence ranking and each ranking is computed. The
distance measure is the following (we add the difference in
the ranking position for all n-grams in the input sentence):

Zabs( pos input, — pos global,) A3)

i=1

where L is the number of n-grams in the input sentence. If
an n-gram does not appear in the ranking (meaning that it has
not appeared in training or it is not in the top n-grams
selected) it is assigned the worst distance: the ranking size.
The language identified by the system will be the one with
the lowest distance. For the Gaussian classifier we now have
10 features in our vector (unigram to S5-gram in both
languages).

In [4] we obtained the following conclusions for this
technique: optimum ranking sizes range in 3000; it is better to
have n-gram specific rankings, instead of a global ranking for
all n-grams which include too many unigrams and bigrams
which are less discriminative; and rankings should be
discriminative.

We wanted to give more relevance in the ranking (higher
positions) to the items that are actually more specific to the
identified language, i.e. n-grams that appear a lot for one
language but appear very little, or never, in the competing
languages. We propose a variation of tf-idf, which is used for
topic classification. Given the following normalized values:

n;” = occurrences of item 7 in the current language

n,” = occurrences of item i in the competing language (the

average to extend the metric to multiple languages)
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The best formula with the same philosophy as tf-idf for
the final number of occurrences considered for the ranking
(which we will call n,”’) is (more details in [4]):

n” =n *(n’-ny)/ (n’+ny)

which normalizes the values between 1 and -1: 1 meaning
that the n-gram appears in the current language but not in the
other competing ones (n,’=0), so it is especially relevant for
that language; -1 meaning just the opposite (n,’=0), so the n-
gram does not appear in the current language.

4. Inclusion of several information sources

We propose the inclusion of acoustic information in two
complementary ways: the average acoustic score of the
sentence and the average acoustic score for each phoneme. At
the same time, phoneme duration generated by the phone
recognizer can be very different depending on the input
language, so we can take advantage of that too. For these
three sources of information we will just add another feature
vector in our classifier, as we will see in this section.

4.1. Inclusion of the sentence acoustic score

First, we will consider the global acoustic score of the
sentence (phone recognizer score normalized by the number
of frames). We have a vector with two features: the acoustic
score obtained in the phone recognizers for each language.
So, the approach can be easily extended to several languages.

The acoustic score values were not homogeneous at all,
and so, the estimated distributions for competing languages
had a big overlap. Then, we decided to use again the
“differential scores” idea: we used the difference between the
phone recognizer score for Spanish and English as feature
value. To extend this approach to several languages:

AcScore current language — Average (ACSCOI‘C other languages)

4.2. Inclusion of the acoustic score for each phoneme

We now considered that the acoustic score for each individual
phoneme could also have a strong variation depending on the
language. Using our classifier, we modeled the Gaussian
distribution for the acoustic score of each phoneme.

For each input sentence we have its corresponding
sequence of phonemes using the Spanish and English phone
recognizers. We compute the average score for each phoneme
appearing in the sentence (averaging the score over all frames
belonging to that phoneme) obtaining a feature vector with as
many features as the number of phonemes in the system.
Obviously, phonemes not appearing in the sentence do not
contribute to the final score in the classifier.

Again, the “differential scores” approach is a must,
because these scores have a strong variability. To normalize,
for every frame: SC = SCgpanish — SCengiisn, Which is added for
all phoneme frames. This approach is clearly better than
normalizing using the sentence average score for the
“competing” language.

To reduce the size of the feature vector, we grouped some
allophonic variations and considered 34 different phonemes
for each language. So, we have a vector of 68 features. This
vector is obviously too large to have it reliably estimated. In
this version of our system we decided to apply a feature
selection algorithm to reduce the dimensionality: we keep the
n features that maximize the following objective function:

(ﬂl —H )Z (4)
ol ol

where p, and p, are the mean values for the feature
considering Spanish and English input sentences respectively,
and o, and o, are the respective covariances. A high value in
this formula means that the feature is very discriminative.
There is a very strong correlation among this separation
measure and the final results in LID. We tested the system
using 24, 30, and 35 features, keeping 30 features as the
optimum. To get an idea of the information provided by this
objective function, in Table 2 we can see the separation which
is obtained with PPRLM and n-gram ranking for each n-gram
considered applying equation (4). Discrimination for the
ranking trigram is very similar to the PPRLM trigram, but
now we can use 4-grams and S-grams. The separation for the
sentence acoustic score is 6.84, whereas for the 30 features of
the acoustic score for each phoneme it ranges from 3.52 to
0.54.

Table 2. Comparison of feature discrimination

PPRLM Ranking
trigram 10.57 10.12
bigram 8.54 7.12
4-gram - 6.61
5-gram - 4.25
unigram 3.17 2.19

An alternative to this feature selection algorithm is to
apply LDA to reduce the dimensionality, which is oriented to
labeled samples, as we have. Unfortunately, results were
slightly worse. LDA has one advantage: it projects into a
space of dimension “number of classes -1, which is 1 in our
case, so the Gaussian distribution is easily estimated. It would
probably work better for a multiple class classification. This
will be explored as future work.

One reason of the bad results is probably the “missing
values” problem: we have an original vector with 68
components corresponding to phonemes, but several of them
do not appear in a sentence. The easy solution is to substitute
those missing values by their mean taken from the training
database, but that implies some loss of information, and the
projection of the test vector is worse. So, we still have to
tackle this issue.

4.3. Inclusion of the duration for each phoneme

We considered that phoneme duration could also be
different depending on the input language, so we thought that
it could be easy to add just another feature vector to our
Gaussian classifier. So, we modeled the Gaussian distribution
for the average duration of each phoneme in our system. For
each input sentence, we computed the average duration for
each phoneme and the feature vector had as many features as
the number of phonemes. The problem is that this duration
produced by the recognizer is quite difficult to normalize. The
“differential scores” approach that we should apply here
would be to subtract the average duration for the competing
language, but, as the phoneme sets are different for each
language, this subtraction is not possible. We considered two
normalizations: a) Subtract the average phoneme duration of
the competing language; b) Subtract the phoneme duration of
the competing language for the phoneme which had the
largest part in common with the current one, so it will be the
most probable “competing” phoneme. (b) was a better option.

We reduced the feature vector using the same feature
selection technique as in the previous section, keeping this
time 22 features as the optimum value.
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5. LID results

5.1. Individual features

When mixing several sources of information differences are
less evident. So, we will first show in Table 3 the results of
each source independently. There are several interesting
conclusions:

e The n-gram ranking provides a 15.4% relative
improvement over PPRLM.

e Phoneme acoustic score is 3% better than the Acoustic
sentence score.

e Phoneme duration is the worst discriminative, so we
still have a normalization problem with the technique.

Table 3. LID results for individual feature vectors

PPRLM | n-gram | Sentence | Phoneme | Phoneme
Ranking | Acoustic | Acoustic | Duration
3.69 3.12 8.14 7.90 24.67

5.2. Combination of several features

In Table 4 we can see the results when combining several
feature vectors and the relative improvements over the
PPRLM and the Ranking base systems from Table 3. We can
extract the following comments:

e Rows 1 & 2: “PPRLM + Phoneme Acoustic” is better
than “PPRLM + Sentence Acoustic”, as the individual
results predicted.

e Row 3: The fusion of PPRLM and duration only
provides a low improvement, but it could be expected.

e Row 4 & 8: PPRLM / Ranking + both acoustic scores
keeps improving the system, so these scores are
complementary

e Rows 5-7: The fusion of the Ranking + additional
features provides similar improvements to PPRLM, a
bit lower probably because they begin from a much
better system.

e Row 9: The fusion of PPRLM and Ranking provides a
nice improvement. This is even surprising, as they use
the same information source, the n-grams.

e Rows 10 & 11: The fusion of PPRLM + Ranking +
Acoustic scores provides further improvements, which
shows again that they all provide complementary
information.

Table 4. LID results for feature vector combinations

Feature vectors LID | Improv. | Improv.

PPRLM | Ranking

PPRLM + Sentence Acoustic 3.10 16.0% -

PPRLM + Phoneme Acoustic 3.08 16.5% -

PPRLM + Phoneme Duration 3.49 5.4% -

PPRLM + both Acoustics 3.00 18.7%

Ranking + Sentence Acoustic 2.78 - 10.9%
Ranking + Phoneme Acoustic 2.77 - 11.2%
Ranking + Phoneme Duration | 3.07 - 1.6%
Ranking + both Acoustics 2.63 - 15.7%
PPRLM + Ranking 2.85 | 22.8% 8.7%

PPRLM +Ranking+S. Acoustic | 2.66 | 27.9% 14.7%

PPRLM-+Ranking+both Acoust. | 2.54 | 31.2% 18.6%

All 252 | 31.7% 19.2%

5.3. Longer span of the ranking technique

We also checked the relevance of 4-grams and 5-grams in
LID with this technique. In Table 5 we can see that the LID
results considering only up to 4-gram or up to trigram are
worse than using all n-grams, and the trigram ranking has
similar results as PPRLM. So, we are clearly taking
advantage of this longer span using this technique.

Table 5. Independent ranking for each n-gram

Best result
All n-grams 3.12
Up to 4-gram 3.30
Up to trigram 3.59

6. Conclusions

We have demonstrated that the n-gram Frequency Ranking
approach can clearly overcome PPRLM thanks to the longer
span that can be modeled. Even the combination of this
Ranking with more feature vectors keeps improving the
results, showing that all the features proposed provide
complementary information (phoneme duration being the
worse). The acoustic score for each phoneme is a slightly
better feature than the sentence acoustic score.

The measure of separation between pdf distributions
(Section 4.2) is a good tool to anticipate which features are
going to be actually discriminative for the LID task. LDA
provides worse results, probably because of the “missing
values” problem.

As future work, we will check these results with a bigger
and more “standard” database.
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RESUMEN

Este trabajo introduce Pre— Lingua, un conjunto de her-
ramientas disefladas para apoyar la labor diaria de logope-
das en el desarrollo del pre-lenguaje en nifios que sufren
desoérdenes en el habla. Pre — Lingua que esta disefia-
da a manera de juegos trabaja en aspectos como la de-
teccion de actividad de voz, el control de la intensidad,
tonalidad y respiracién y finalmente la vocalizacién. Para
conseguirlo hace uso de las tecnologias del habla y de un
motor grafico encargado de generar las animaciones en
una interfaz muy sencilla y atractiva.

1. INTRODUCCION

En la actualidad existen herramientas informéticas para
terapia del lenguaje, habla y audicién. Algunas de ellas
como SpeechViewer, desarrollada por IBM trata desor-
denes de comunicacién en diferentes edades, se puede
elegir entre: Control de tono, intensidad, sonoridad, du-
raciéon de la voz, andlisis de espectros y pronunciacién
de fonemas. Video Voice, de Micro Video Corporation,
ofrece juegos para el tono, amplitud y duracién de la voz.
Dr. Speech, es un sistema que cuenta con varios juegos
interactivos, donde el nifio recibe retroalimentacion del
cambio de tono, intensidad, y fonacién[1]. Estas herramien-
tas son en lengua inglesa y con licencia de pago, lo que
dificulta la labor de logopedas e instituciones de habla his-
pana.

Pre — Lingua es una herramienta de libre distribu-
cion para lengua espafiola que hace parte del proyecto
Comunica, un conjunto de aplicaciones desarrolladas para
mejorar las capacidades de comunicacién en personas con
desdrdenes en el habla.

El desarrollo del lenguaje durante el primer afio de vi-
da (pre-lenguaje) en un nifio sano incluye aspectos como:
la deteccién de actividad de voz, en donde el nifio puede
advertir la presencia de personas en su entorno y aprende
que con su voz puede interactuar con ellas; el control de
la intensidad de la voz donde el nifio aprende a modular el
volumen de su voz; el control de la respiracion ya que es
importante para una comunicacién fluida; el control de la

Este trabajo ha sido subvencionado por el MEC TIN 2005-08660-
C04-01 y becas Banco Santander .

tonalidad ya que es requerido para una correcta produc-
cion del habla (prosodia); y finalmente la vocalizacion,
en donde el nifio empieza a generar sonidos articulados y
lo preparan para la etapa fonoldgica en el desarrollo del
lenguaje propiamente dicho a partir del primer afio [2].
Desafortunadamente en algunos casos este desarrollo
no es normal y es afectado por diferentes trastornos fisi-
cos o0 mentales, lo que limita seriamente sus habilidades
para comunicarse, aprender una lengua e integrarse a la
sociedad. Las Tecnologias del Habla (TH) que apoyan e
investigan en campos como: la logopedia, estudios sobre
fonética actstica y patoldgica, y lingiifstica entre otros,
se convierten en una poderosa herramienta para que per-
sonas con trastornos del lenguaje se comuniquen de una
mejor manera. Es asi como el objetivo de este trabajo es
el desarrollo de aplicaciones informaticas atractivas para
nifios a manera de juegos, que basadas en las TH permitan
que personas discapacitadas con problemas en el desar-
rollo del pre-lenguaje, puedan comunicarse e interactuar
de una mejor manera con su entorno y con ordenadores
inclusive. Esta herramienta puede ser utilizada facilmente
por logopedas ya que no requiere configuraciones previas
y ademads es de fécil uso. Aqui la evaluacién logopédica
es necesaria para la seleccion de candidatos debido a los
multiples factores que pueden intervenir en el desarrollo
del pre-lenguaje.
El presente articulo muestra en el apartado 2 como se
aplican las TH para intentar resolver éstos problemas, en
el apartado 3 una descripcién general de los juegos de
Pre— Linguay en 4 resultados y conclusiones obtenidos
hasta ahora, ya que el desarrollado aqui planteado es el
disefio de la herramienta para poder posteriormente eval-
uarla en diferentes centros de educacién especial.

2. TECNOLOGIAS APLICADAS

Las TH aplicadas en Pre — Lingua incluye un detec-
tor de actividad de voz (VAD), estimacion de la energia
de la sefial, andlisis LPC para estimar la frecuencia funda-
mental (Pitch) y los formantes F1 y F2 correspondientes
a las vocales del castellano. También se utiliza el motor
grafico ALLEGRO que son rutinas en cédigo C de uso li-
bre y que se encargan de generar las animaciones graficas
en los juegos.

La figura 1 muestra en bloques el procesamiento real-
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Figura 1. Procesamiento sobre la sefial de voz.

izado por Pre — Lingua sobre la sefial de voz. La sefial
de voz tiene una etapa de pre-procesamiento donde se
realiza compensacién DC, pre-énfasis y un enventanado
tipo Hamming. Posteriormente se realiza estimacion de la
energia de la sefial, y andlisis de prediccién lineal LPC
para la estimacién de Pitch y formantes. Estos algorit-
mos entregan al motor gréfico los pardmetros necesarios
de control en los diferentes juegos, de manera que la re-
alimentacién para el usuario de los efectos de su voz es
siempre grifica y en tiempo real. A continuacién se expli-
ca como se usan éstas tecnologias para cada aspecto del
pre-lenguaje trabajado en Pre — Lingua.

2.1. Deteccion de la Actividad de Voz

Un nifio con problemas de pre-lenguaje no diferencia
los sonidos de su entorno de la voz humana y por con-
siguiente no advierte que puede usar su propia voz para
comunicarse. La TH utilizada es un Voice Activity Detec-
tor (VAD) convencional basado en la energia de la sefial.
Este entrega una sefial binaria de alto nivel en los seg-
mentos donde hay presencia de voz, y de bajo nivel en
los segmentos de silencio [3]. La decisién del VAD solo
es de alto nivel si la estimacién de la energia de la sefial
supera un umbral pre-establecido y si existe frecuencia de
Pitch. De esta manera se diferencia si el segmento anal-
izado corresponde a voz o no voz. Como se aprecia en la
figura 2, la salida binaria del VAD (linea roja) se encade-
na a diferentes animaciones graficas en donde el objetivo
es crear conciencia en el nifio de que su voz genera cam-
bios en pantalla. Por ejemplo mover figuras geométricas o
permitir que un coche se mueva solo en presencia de voz.

2.2. Control de la Intensidad

Una vez el nifio adquiere la habilidad para distinguir
su propia voz, él puede aprender a modular la intensidad
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Figura 2. VAD en la activacion de Imdgenes.

de la misma. Se utiliza el valor de la estimacién de la en-
ergia y se lleva a un espacio de valores en pixeles para
conseguir una proporcionalidad entre el valor de la inten-
sidad y el movimiento de objetos en pantalla. En la figura
3, puede apreciarse como la evolucién de la energia para
un segmento sonoro se convierte en la posicién vertical
del objeto animado y el VAD proporciona el movimiento
horizontal. Para inducir al nifio a modular la intensidad de
su voz hay juegos donde el objeto animado debe evadir
obstaculos o desplazarse a través de un laberinto, alli la
trayectoria es unica y el nifio debe variar la intensidad de
la voz para llegar al final del juego.

2.3. Control de la Respiracion

Hablar fluidamente requiere de una correcta respiracion.
Para ensenar al nifilo a manejar la potencia y el manten-
imiento de la respiracion se han disefiado juegos donde
él debe soplar. El sistema analiza de nuevo la energia
de la sefial pero considera Unicamente los segmentos no
sonoros (sin pitch) como se muestra en la figura 4. Aqui

Speech signal

] 05 1 15 o 25 Ed 35

Energy evolution

Intensidad — eje vertical

a 05 1 15 73
Tirme (s)

VAD - eje horizontal

Figura 3. Intensidad de la voz a posicion vertical.
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la intensidad del soplo se transforma en la rotacion de los
molinos garantizando que se controle la respiracion so-
plando y no gritando, ya que esta tltima accién incluye
segmentos SONOros.

2.4. Control de la Tonalidad

Con una filosoffa similar al control de la intensidad el
control de la tonalidad busca que el nifio aprenda a modu-
lar el tono de su voz. Aqui el andlisis de prediccion lineal
LPC se requiere para separar la influencia del tracto vocal
sobre el pulso glotal [4]. Utilizando la autocorrelacién del
error de prediccidn, el sistema estima el periodo de pitch
y con su inverso la frecuencia de Pitch [5]. Este valor pasa
por un filtro de mediana de orden 5 y luego es utilizado
por el motor gréfico en los juegos como se muestra en la
figura 5. En este juego el pitch controla la posicion verti-
cal y la intensidad proporciona velocidad al objeto. Para
inducir el control del tono en el nifio los juegos presentan
diferentes escenarios y objetivos que lo obligan a variar la
tonalidad.
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Figura 5. Frecuencia de pitch a movimiento.

2.5. Vocalizacion

En esta etapa del pre-lenguaje el nifio debe empezar
a producir sonidos vocdlicos articulados modificando las
caracteristicas geométricas del tracto vocal. Se trabajan
las cinco vocales del castellano /a/, /e/, /i/, lo/ y /u/ ha-
ciendo uso del tridngulo vocdlico. En éste la ubicacién
especifica de cada vocal depende de los formantes F1 y
F2 que son las frecuencias de resonancia que tienen lugar
en el tracto vocal. Del andlisis LPC (orden 12) se con-
sidera la influencia del tracto vocal obteniendo las raices
de los coeficientes del filtro predictor y transformando-
los en frecuencia analégica. A partir de alli se toman los
dos primeros valores que corresponden a los primeros for-
mantes F1 y F2 para enviarlos a motor grafico. Hay que
tener en cuenta que los formantes estdn correlados con la
edad, sexo, y estatura de cada nifio [6], para lo cual la
calibracién inicial de cada tridngulo se hace teniendo en
cuenta estos pardmetros. Basados en calculos realizados
en grabaciones de nifios que apoyan este proyecto, el sis-
tema estima aproximadamente la posicién del tridngulo
vocdlico de casa usuario, ingresando sexo, edad y estatu-
ra antes de iniciar el juego.

Idealmente el sistema debe estimar la posicién de los
formantes de cada usuario sin necesidad de ingresar datos
tabulados. Situacién que continua en desarrollo debido a
las dificultades de trabajar con nifios que tienen serios
problemas fonolégicos, ya que se les exige pronunciar
sonidos muy especificos que permitan estimar caracteris-
ticas del tracto vocal, asumiendo que éste es un tubo acus-
tico homogéneo.

3. JUEGOS EN PRE-LINGUA

Pre— Lingua se divide en 5 categorias de juegos una
para cada aspecto del pre-lenguaje. Las categorias y sus
juegos se organizan de manera progresiva en lo que a difi-
cultad respecta a manera de pirdmide, aunque pueden ser
utilizadas sin ningtin orden especifico. La figura 6 muestra
la pantalla principal de Pre — Lingua. A continuacion,
se describen las categorias.

3.1. Juegos de Actividad de Voz

Esta categoria tiene diferentes juegos. La figura 7 (a),
muestra por ejemplo un juego donde la actividad de voz
hace que un coche se mueva, en otros un dragén vuela, o
aparecen imagenes o figuras geométricas, todas ellas ac-
tivadas con la presencia de voz.

3.2. Juegos de Intensidad

Como el objetivo aqui es la modulacién de la intensi-
dad, los juegos utilizan el mismo coche o el dragén de la
categoria anterior. La figura 7 (b) muestra, que la intensi-
dad se ha convertido en la posicién vertical del dragén
y la propia detecciéon de voz imprime en el dragén un
desplazamiento horizontal constante. Asi pues el dragén
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Figura 6. Pantalla principal de Pre — Lingua.

debe volar a través del laberinto para terminar el juego.
En otros juegos la intensidad de la voz se transforma en
la velocidad de un coche o en el salto de un mufieco.

3.3. Juego de Respiracion

En la figura 7 (c) puede apreciarse que el juego con-
siste en hacer que el personaje del Quijote haga mover
los molinos, para conseguirlo el nifio debe soplar hacia
el micr6fono y la intensidad de esta accién incrementa o
decrementa la velocidad de rotacién de los molinos. Otro
juego simula la actividad logopédica de soplar una pipa,
donde la intensidad del soplo varia la posicién vertical de
una esfera.

3.4. Juegos de Tonalidad

En esta categoria la modulacién del tono permite vari-

ar la posicidn vertical de diferentes objetos animados, mien-

tras que el VAD permite el movimiento horizontal. En la
figura 7 (d) el pez verde (dentro del circulo amarillo) varia
su posicion vertical en funcién del tono, el movimiento
horizontal es constante y activado por el VAD. El objeti-
vo es seguir a los demds animales como el pulpo y otros
peces que inicialmente se encuentran estiticos; al acer-
carse el pez del nifio (pez verde) a los otros animales, es-
tos se animan y se mueven en diferentes trayectorias, de
manera que el nifio debe seguirlos modificando la tonali-
dad.

3.5. Juego de Vocalizacion

Para iniciar el juego se ingresan datos de sexo, edad
y estatura del nifio. Posteriormente se presenta una im-

Figura 7. Juegos en Pre — Lingua, Actividad de voz (a),
Intensidad (b), Respiracion (c) y Tonalidad (d).
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Figura 8. Juego de Vocalizacion.

agen con cinco circulos (dianas) cuya &rea interna cor-
responde a la regién donde caen los formantes para las
cinco vocales. La actividad consiste en hacer diana pro-
nunciando cada vocal. El sistema dibuja un punto en la
coordenada formada por los formantes estimados en la
parte de procesamiento de voz con el color respectivo de
cada vocal. Adicionalmente para motivar al nifio la ima-
gen de un animalito se animard si la pronunciacién cae
correctamente dentro de la diana de la vocal selecciona-
da. Si el sistema detecta formantes que no pertenecen a
ninguna vocal se dibujaran puntos de colores aleatorios y
por supuesto ningiin animal tendrd animacién. En la figu-
ra 8 puede apreciarse el resultado de pronunciar las cinco
vocales y sus correspondientes puntos en las dianas.
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4. RESULTADOS Y CONCLUSIONES

Pre — Lingua una herramienta de apoyo para la la-
bor diaria de logopedas que consta de 18 juegos en 5
categorias, esta siendo utilizada en el Colegio Publico de
Educacién Especial La Alborada en Zaragoza, en fase de
pruebas. Los logopedas evalian la herramienta como fa-
cil de usar y muy atractiva para el usuario final.

Hasta el momento la herramienta ha tenido un alto gra-
do de aceptacion por parte de los terapistas y nifios de la
institucion, obteniendo respuestas favorables incluso en
nifios que no eran candidatos iniciales para usar Pre —
Lingua. En ellos se han visto avances en estimulaciéon
temprana como la captura de atencion. Los logopedas ven
un gran potencial para continuar investigando y mejoran-
do la herramienta.

Pre — Lingua que esta en fase de pruebas, puede descar-
garse libremente de www.vocaliza.es junto con otras her-
ramientas del proyecto C'omunica, todas orientadas a dis-
capacidad en el habla.
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RESUMEN

En este trabajo se presenta un nuevo procedimiento para
la medida de los parametros de cualidad de voz (VoQ),
el jitter y el shimmer. Este nuevo procedimiento tiene en
consideracion la prosodia del enunciado, de manera que
su efecto se atentia antes de realizar la medida de cada
uno de los parametros. El objetivo, ademas de realizar la
medida de una forma mas fiable, es el de modificar
estos parametros de forma que puedan ser utilizados en
sintesis del habla expresiva, por ello, en paralelo a esta
nuevo procedimiento de analisis, se presenta como
llevar a cabo la modificacion de ambos. Finalmente, se
realiza una evaluacién mediante una prueba perceptual
CMOS sobre cuatro estilos expresivos: agresivo, alegre,
sensual y triste; provenientes de la salida de un sistema
de conversion de texto en habla con modelado
prosodico, de modo que se hace un estudio de la utilidad
de estos parametros bajo diferentes situaciones.

1. INTRODUCCION

El reconocimiento automatico del habla y Ia
conversion de texto en habla (CTH) son areas de
investigacion en las que el habla expresiva se estd
usando con el objetivo de mejorar la naturalidad de la
interaccién  persona-maquina. Ejemplos de esta
investigacion los encontramos en estudios sobre
reconocimiento de emociones [1] o transformacion de
voz [2][3]. La prosodia y la cualidad de voz (de aqui en
adelante VoQ) son parametros utilizados en Ia
representacion del contenido emocional del habla tal y
como se presenta en [1][4]. A pesar de que la VoQ ha
sido menos estudiada que la prosodia, trabajos recientes
proponen ambas informaciones para mejorar el
modelado acustico del habla expresiva [5][6].

En este trabajo nos interesa la VoQ, que
tradicionalmente ha sido analizada de manera
independiente a la prosodia, ya sea en aplicaciones de

Este trabajo ha sido subvencionado por el proyecto SALERO (IST-
FP6-027122) de la Comision Europea.

patologias de voz [7], donde no se considera por la
naturaleza y condiciones de medida, o bien en estudios
sobre estilos expresivos [5][6], donde ya se observa que
la prosodia se debe considerar, tal y como sefiala [§].

El objetivo principal de este trabajo, es el de
presentar un nuevo procedimiento de analisis y
modificacion de los parametros de VoQ, el jitter y el
shimmer, teniendo en cuenta el efecto de la prosodia. En
la bibliografia [9][10][11] se muestra como su medida
se realiza sin considerar la variacion prosodica debida a
la expresividad, o emocion transmitida, de forma que es
necesario en aplicaciones como sintesis del habla
expresiva o reconocimiento de emociones, considerar su
efecto para asi tratar de cancelarlo y obtener una medida
de VoQ sin interferencias. Complementariamente, se
evalua el efecto de afadir el jitter y el shimmer al habla
generada por un CTH basado unicamente en
modificacion prosodica.

Este articulo esta organizado como sigue. En el
apartado 2 se introduce el material de voz usado en el
disefio y evaluacion. El apartado 3 explica el nuevo
procedimiento de analisis para el jitter y el shimmer.
Los apartados 4 y 5 presentan la modificacion de estos
parametros, asi como la evaluacion y discusion de los
resultados. Para terminar, el apartado 6 muestra las
conclusiones alcanzadas.

2. MATERIAL DE VOZ

El material de voz usado para realizar los
experimentos sobre los nuevos procedimientos de
medida del jitter y del shimmer, es el mismo que utiliza
el CTH desarrollado por el GPMM [12], se trata de
cinco corpus de habla expresiva (o emocionada): neutro,
agresivo, alegre, sensual y triste; en espafiol y grabados
por una locutora profesional. En [6] se encuentra una
explicacion detallada de ellos.

Los procedimientos de analisis y modificacion del
jitter y del shimmer se han aplicado sobre muestras de
habla sintetizada, generadas a partir del corpus de habla
neutra y con el modelo prosddico de la expresividad
deseada [13].
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3. NUEVA METODOLOGIA DE ANALISIS

Este apartado expone un nuevo procedimiento para
la medida del jitter y del shimmer. Primero se presenta
una descripcion de cada uno de ellos y posteriormente
se explica la propuesta. El calculo habitual de estos
parametros, como el realizado por la herramienta Praat
[10], no tiene en cuenta variaciones ni de Fy ni de la
energia debidas principalmente al efecto de la prosodia.

3.1. Jitter

Segun [5], el jitter se corresponde a las variaciones
de Fy que existen en el tramo de habla analizado,
representadas como un ruido por modulacion en
frecuencia.

El procedimiento que se propone, parte de la
informacion de marcas de F, calculadas unicamente en
las zonas sonoras de la sefial de voz, usando para ello el
algoritmo RAPT [14]. A partir de ellas se calcula la
curva de F, en cada una de las zonas sonoras y se lleva a
cabo una transformacion logaritmica utilizando
semitonos [15], consiguiéndose asi una normalizacién
relativa al tono medio y una mejor representacion de la
percepcion subjetiva de las variaciones de tono. La
transformacion de hercios a semitonos y su inversa se
muestra en las ecuaciones (1) y (2) respectivamente,
donde ‘ref’ es la frecuencia de referencia. Para este
trabajo, se ha tomado como referencia la Fy media del
locutor para la expresividad deseada, calculada a partir
del correspondiente corpus de sintesis.

Hz =252 . ref (1)

St =12-[In(Hz/ref )/In 2] 2)

A partir de los wvalores transformados en
semitonos, se realiza una deteccion de los tramos de
crecimiento y decrecimiento del contorno de F, a partir
de un analisis de la pendiente. Para cada tramo obtenido
se lleva a cabo una regresion lineal, que se resta de la
curva inicial de F,, con el fin de tratar de anular el
efecto de la prosodia (véase ejemplo en la Figura 1).

Para terminar, se calcula la variacion de Fy (AFO0)
entre periodos consecutivos (F0) tal y como muestra la
ecuacion (3) y, finalmente, se calcula el valor del jitter
para cada una de las tramas segun la ecuacion (4):

AFO0,(j)=F0,G+1) - F0,() 3)
jitter, = L ﬁ“ AF0, () (4)
Ty = i\J

Donde j = 1:(nim de marcas de Fj en la trama) - 1,
i = trama bajo analisis y N = longitud de AFO,.

Curva de Fy

—Curva de Fﬁ
—— Regresionlineal de la curva de F H
Diferencia entre curva de F, y regresion lineal

T T T T

Curva de F en semitonos

. . . . n
5 10 15 20 25 30 35 40 45
Indice de trama

Variaciones de Fu debido al jitter

Variacion de F0 en semitonos

. . . . . . . .
5 10 15 20 25 30 35 40 45
Indice de trama

Figura 1. Extraccion de la variabilidad de F,

3.2. Shimmer

El shimmer computa las variaciones de amplitud
de la forma de onda tal y como se presenta en [5].
Describe un ruido por modulacion en amplitud.

El nuevo procedimiento propuesto esta inspirado
en el expuesto para el jitter, por tanto parte de las
marcas de F, de las zonas sonoras. Se calcula la curva
de amplitudes pico a pico maximas, por periodo de Fy,
en cada una de las zonas sonoras, llevando a cabo por
ultimo una transformacion logaritmica, aplicando el
logaritmo natural.

Una vez se dispone de los valores transformados,
se elimina el efecto prosodico de la energia igual que se
hizo para la Fj en el apartado 3.1 (véase la Figura 2).

Curva de amplitudes pico a pico por periodo
T T T T

0.5
o 4

I
&
.

IROIN CHR
T I

e
—— Curva de amplitudes pico a pico
—— Regresion lineal 4

Amplitud pico a pico
en logaritmico

Diferencia entre curva y regresion lineal
n n n

12 14 16 1

2 4 6

J

8 10

Indice de trama

Variacion de la amplitud pico a pico por periodo debido al shimmer
T T T T

0.2-

o

-0.1

pico a pico en logaritmico

T T
. I . .

.8 10 12 14 16

Indice de trama

Variacién de la amplitud

1 2 4 6
Figura 2. Extraccion de la variabilidad de amplitud

En (5) se calcula la variacion de amplitud pico a
pico (Acpap) en periodos consecutivos (cpap),
presentando en (6) el calculo de shimmer por trama:

Acpap,(j) = cpap,(j +1) — cpap,(j) (5)

. 1 & )
shimmer, =—- » Acpap;\j 6)
Y ,;‘ (/) (
Donde j = 1:(ntim de periodos de Fy en la trama) -
1, i = trama bajo analisis y N = longitud de Acpap; .
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Andlisis del jitter
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Figura 3. Analisis del jitter y del shimmer sobre los 5
corpus expresivos

4. EXPERIMENTOS

En este apartado se muestra como, a partir del
procedimiento de andlisis presentado para la medida del
jitter 'y del shimmer, estos parametros pueden ser
modificados. A partir de aqui se evalua como afectan
éstos a la identificacion de expresividades generadas por
un CTH, por un lado, tnicamente con modelado
prosodico [13], y por otro con modificacion de VoQ.

4.1. Modificacion del jitter y del shimmer

La modificaciéon para ambos sigue el mismo
procedimiento, basandose en la insercion de ruido
blanco sobre una curva de Fy o de amplitudes pico a
pico limpias de jitter o de shimmer. Para ello, a partir de
la prosodia se calcula la regresion lineal de aquellos
tramos donde la curva de interés mantenga su tendencia,
y sobre ella se realizara la adicion del ruido blanco.

El ruido blanco que se afiade tiene como potencia
el valor esperado del jitter y del shimmer adecuado a la
expresividad que se desea simular. Estos valores se
conocen a partir del proceso de analisis sobre los corpus
expresivos, presentados en el apartado 2,
correspondiéndose al valor de mediana obtenido a partir
de estadistica descriptiva sobre cada uno de los corpus.

Los resultados obtenidos para los diferentes
parametros jitter y shimmer, usando el procedimiento
expuesto, se muestran en la Figura 3. El utilizar la
mediana y no la media, se debe a que de este modo,
después de analizar las distintas distribuciones, se ha
visto que se evitan valores atipicos que puedan desviar
el valor medio de la medida.

4.2. Evaluacion

Dado el nuevo procedimiento de andlisis y
modificacion del jitter y del shimmer, el siguiente paso
ha sido evaluar como pueden contribuir, cada uno por
separado o bien de forma conjunta, a la sintesis del
habla expresiva.

La prueba parte de 5 enunciados sintetizados
usando el CTH presentado en [12] con 4 expresividades
diferentes: agresiva, alegre, sensual y triste; a partir de
aplicar modelos prosddicos para cada una de ellas [13]
sobre un enunciado originariamente neutro. Una vez
generadas se les aplicara la modificacion del jitter y del
shimmer para su posterior evaluaciéon. Esta se realiza
mediante una prueba perceptual CMOS [16] usando la
interfaz web presentada en [17]. Si se desea profundizar
sobre la expresividad obtenida usando tunicamente
modelado prosddico se recomienda la lectura de [18].

Los enunciados se muestran en parejas,
comparando la original sintetizada usando modelos
prosodicos con la modificada usando el jitter, el
shimmer o ambos parametros, dando lugar a 60
comparaciones. Cada uno de los evaluadores, 13 en
total, eligio si la intensidad de la expresividad
presentada en el ejemplo era “mucho mas”, “mds”,
“poco mdas” o “igual” que la del otro, con una
puntuacion de: 3,2, 1,0, -1, -2y -3.

5. RESULTADOS Y DISCUSION

En cuanto a los resultados obtenidos, los valores
positivos se han reservado para aquellos casos donde,
por usar VoQ, la expresividad se muestra con mayor
intensidad, mientras que los negativos indican que es la
original con solo modelado prosddico (véase la Figura

4).
|

Evaluacion usando CMOS
1+ + +

Lo

AR+ + + -

e — —

Puntuacion
=)

[E—

I
| | ]

. . . . . . . . . . . .
JitAg ShAg JitShAg JitAl  ShAI JitShAI JitSe ShSe JitShSe JitTr  ShTr JitShTr
Parametrizacion VoQ y emocion

Figura 4. Resultados de la prueba CMOS sobre la VoQ

Por otro lado, el valor de CMOS medido por
configuracion, calculado como su valor medio, se
presenta en la Tabla 1, sefialando en cursiva a aquellos
donde la VoQ mejora la percepcion de la expresividad y
en negrita cuando su efecto es mas representativo.

Tabla 1. CMOS para 3 configuraciones y 4

expresividades
Agresiva | Alegre | Sensual Triste
Jitter 1.06 0.00 -0.12 -0.06
Shimmer 0.12 -0.06 0.08 0.29
Sh + Jit 1.14 0.18 -0.03 -0.31
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Como se puede observar en la Figura 4, la
expresividad para la que el efecto de la VoQ intensifica
en mayor grado su percepcion es la “Agresiva”, con un
valor superior a 1 en la escala CMOS (véase la Tabla 1).
Por otro lado, se tiene que la “Alegre” presenta buenos
resultados, mediana igual a 1, a pesar de su dispersion.
El resto de expresividades, la “Sensual” y la “Triste”,
dan resultados con una elevada dispersion, hecho que
hace pensar en su utilidad solamente en ciertos casos.
Estos resultados son interesantes en tanto que la
“Agresiva” y la “Alegre” daban los peores resultados en
estudios que usaban solamente prosodia [18], por tanto,
los parametros jitter y shimmer, la complementara al
generar estas expresividades.

Por ultimo, en cuanto al pardmetro de VoQ que
contribuye al incremento en la intensidad de la
expresividad presentada, es el jitter para el caso de la
“Agresiva”, el shimmer para la “Triste” y una
combinacion de ambos para la “Alegre” y la “Sensual”.

6. CONCLUSIONES

En este trabajo se ha presentado un nuevo
procedimiento para la medida de los parametros de
VoQ, el jitter y el shimmer. Esta metodologia trata de
evitar la dependencia con la prosodia de forma que
puede ser utilizada en el analisis del habla expresiva.

Visto el procedimiento de andlisis, se ha
presentado como realizar la modificacion de estos
parametros, mostrando su utilidad en sintesis del habla
expresiva.

Por ultimo, con el objetivo de evaluar la utilidad y
dependencia de cada parametro con una expresividad
diferente, se ha llevado a cabo una prueba perceptual
CMOS, donde la utilidad de los parametros de VoQ en
la sintesis del habla expresiva ha quedado justificada.

De los resultados obtenidos, se plantea como
trabajo futuro, realizar un analisis de la dependencia del
lugar del enunciado donde el evaluador centra su
atencion, pudiéndose asi aplicar las modificaciones de
VoQ de forma mas especifica.
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RESUMEN

Este trabajo presenta un estudio extenso sobre T-norm
aplicado a Reconocimiento de Locutor Dependiente de
Texto, analizando también los problemas del desajuste
léxico y acustico. Veremos como varian los resultados
teniendo en cuenta la dependencia de género y
realizando T-norm a nivel de frase, fonema y estado con
cohortes de impostores de distintos tamafios. El estudio
demuestra que implementar T-norm por fonema o
estado puede llegar a conseguir mejoras relativas de
hasta un 16% y que realizar una seleccion de cohorte
basada en el género puede mejorar mas atn los
resultados con respecto al caso independiente de género.

1. INTRODUCCION

El Reconocimiento Automatico de Locutor es una
disciplina de la biometria que consiste reconocer la
identidad de una persona (locutor) a través de la voz.
Dentro de ésta hay dos grandes vertientes, el
Reconocimiento de Locutor Independiente de Texto y el
Reconocimiento de Locutor Dependiente de Texto. La
segunda de ellas parece haber quedado en segundo
plano comparada con la primera, muy probablemente
debido a la ausencia de evaluaciones competitivas como
las hay para Reconocimiento de Locutor Independiente
de Texto [1].

El Reconocimiento de Locutor Dependiente de
Texto tiene la particularidad de que el sistema dispone,
tanto para entrenamiento como para test, de las
trascripciones de la locucidon. Esto significa que
mediante un diccionario fonético podemos disponer de
la trascripcion fonética de lo que se dice en la locucion,
lo que hace que se consigan buenos resultados con
menor cantidad de habla que en Reconocimiento de
Locutor Independiente de Texto. Como es habitual en
este tipo de sistemas, en el nuestro utilizamos Modelos
Ocultos de Harkov (HMMs) [2] para modelar las
caracteristicas fonéticas de los locutores. Utilizar
HMMs permite tener modelos independientes de cada
fonema para cada locutor, donde cada uno de los
fonemas estarda modelado como wuna serie de
probabilidades de transicion entre estados, y cada estado

estara representado mediante un Modelo de Mezclas de
Gaussianas (GMM) [3]. Con estas herramientas y
disponiendo de la trascripciéon fonética, se puede
realizar un reconocimiento fonético, utilizando el
algoritmo de Viterbi, que proporcione una trascripcion
fonética con los instantes de comienzo y fin de cada uno
de los fonemas y de sus correspondientes estados.

Esta serie de caracteristicas suponen varias
ventajas al Reconocimiento de Locutor Dependiente de
Texto frente al Independiente de Texto, pero sin duda la
mayor de ellas es poder trabajar, tanto en entrenamiento
como en reconocimiento, con niveles por debajo de la
frase (palabra, fonema y estado). Dicha ventaja ha sido
utilizada multiples veces en esta disciplina tanto en
entrenamiento como en reconocimiento. Entonces
(porqué no utilizarla en T-norm?

En este trabajo veremos como se pueden mejorar
los resultados finales del sistema mediante la conocida
técnica de T-norm. Hasta ahora esta técnica ha sido muy
utilizada en Reconocimiento de Locutor Independiente
de Texto y, aunque en menor medida, también en
Reconocimiento de Locutor Dependiente de Texto. Sin
embargo en todos los casos en que se ha utilizado, T-
norm ha sido aplicado a la puntuacién global de la
locucion de test. En el caso de Reconocimiento de
Locutor Independiente de Texto parece logico que se
haga asi, pero en el caso de Reconocimiento de Locutor
Dependiente de Texto parece mejor aprovecharse de la
ventaja de poder trabajar con niveles inferiores. Ademas
estudiaremos como influye el género y el tamafio de la
cohorte de impostores de T-norm.

El resto del articulo esta organizado de la siguiente
manera: en la Seccién 2 describiremos el sistema del
que se parte y que ha evolucionado a lo largo de los
experimentos, en la Seccion 3 explicamos como se
implementa T-norm para los experimentos realizados,
en la Seccion 4 se muestran las bases de datos utilizadas
para los experimentos de las Secciones 5 y 6 y por
ultimo se presentan las conclusiones en la Seccion 7.

2. DESCRIPCION DEL SISTEMA DE PARTIDA
Se parte de un sistema de Reconocimiento de Locutor

Dependiente de Texto basado en HMMs. La
parametrizacion que se ha aplicado al audio usado en
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Figura 1. Curva DET para el sistema de partida.

entrenamiento y test se basa en la extraccion de
coeficientes cepstrales mediante filtros de Mel (MFCC,
Mel Frequency Cepstral Coefficients), tomados en
formato (13+ A+ AA). El sistema de partida realiza
alineamiento no completamente forzado de Ila
trascripcion tanto para entrenamiento como para
verificacion (no es totalmente forzado porque se
incluyen silencios opcionales entre palabras). Esto es
porque aunque se tenga una trascripcion textual de lo
que se ha pronunciado en la locucion no se sabe si hay
silencio entre palabras ni de qué duracion es éste. De
esta forma, realizado un reconocimiento fonético con un
modelo de silencio opcional se mejora el alineamiento
temporal, lo cual favorece tanto a la etapa de
entrenamiento ~ como  posteriormente  la  de
reconocimiento.

Dada la trascripcion fonética correctamente
alineada en el tiempo y el audio parametrizado, el
sistema realiza la adaptacion al locutor del modelo
acustico independiente del locutor. Para ello la
adaptacion se realiza en tres fases.

En una primera fase se adaptan las medias de las
Gaussianas de los Modelos de Mezclas de Gaussianas
de cada uno de los estados de cada fonema de forma
global. Esto quiere decir que se adaptan todas las
medias de forma conjunta. Esta adaptacion se hace
segun el algoritmo MLLR [4] (Maximum Likelihood
Linear Regression) de forma global, sin clases de
regresion. De esta adaptacion se obtiene el modelo de
transformacion lineal, que consiste en una matriz para
transformar los modelos fonéticos independientes del
locutor en modelos adaptados al locutor. De esta forma
no es necesario guardar un modelo de cada locutor, sino
simplemente el modelo de transformacion.
Posteriormente se adaptan los modelos resultantes
empleando MLLR, ahora con 2 clases de regresion,
obteniendo un nuevo modelo de transformacion lineal.
Finalmente se aplica adaptacion MAP (Maximum A
Posteriori) [4] a los modelos después de haber sido
transformados con el modelo de adaptacion MLLR
global y posteriormente con 2 clases de regresion.
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Figura 2. Medias de las puntuaciones medias de los
fonemas (compuestos por 3 estados) y estados en tests
de impostores.

Una vez adaptados los modelos se procede a
realizar la fase de evaluacion con intentos tanto target
(donde la locucion a verificar es del locutor
representado por el modelo) como non-target (donde la
locucién a verificar es de un locutor distinto al
representado por el modelo). Se obtienen puntuaciones
para cada estado de cada fonema enfrentando la
locuciéon de test con el modelo adaptado al locutor y
restaindola de la puntuacion obtenida de enfrentarla al
modelo independiente del locutor.

Por ultimo se eliminan las puntuaciones obtenidas
por los silencios y se promedia la puntuacién general de
la locucion de test. El resultado obtenido de esta forma
para la base de datos YOHO (descrita en la Seccion 4),
se representa en forma de curva DET en la Figura 1.

3. T-NORM A DISTINTOS NIVELES

Lo que se propone en este articulo es un estudio sobre
T-norm, que basicamente consiste en tomar las
puntuaciones obtenidas por una cohorte de impostores y
calcular la media () y la desviacion tipica (O ) de

dichas puntuaciones. De esta forma se calcula la nueva
puntuacion (Score,_, . ) como la puntuacion obtenida

por el locutor que realiza el intento de acceso (Score)
menos la media, dividido entre la desviacion tipica,
como se muestra en la Férmula 1.

score— U
score,_, ~==——— (1)
o

La clave de este estudio consiste en que se realizara
este proceso no solo a nivel de locucidon (como suele ser
habitual) sino también a nivel de fonema y de estado.
Por otra parte se implementara también T-norm
dependiente de género. Esto significa que la cohorte de
impostores estara compuesta por locutores del mismo
género que el locutor farget para experimentos de este
tipo.
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La idea de realizar este tipo de T-norm surge de un
estudio analitico de las puntuaciones. Como podemos
observar en la Figura 2 las puntuaciones de impostor de
los estados de un mismo fonema tienen una cierta
correlacion mientras que entre fonemas las puntuaciones
son muy dispares. Esto nos induce a pensar que realizar
T-norm a nivel de fonema o estado puede reportarnos
buenos resultados debido a que de este modo
alinearemos las puntuaciones obtenidas por cada
fonema y estado, que parecen desalineadas (Fig. 2).

4. DESCRIPCION DE LAS BASES DE DATOS
4.1. YOHO

Se ha usado la base de datos YOHO [5] para este
experimento. Esta base de datos tiene 138 locutores, de
los cuales 106 son hombres y 32 son mujeres. Cada
locutor presenta 96 locuciones de entrenamiento
repartidas en 4 sesiones y 40 locuciones de test
repartidas en 10 sesiones. Se han utilizado 6 locuciones
de entrenamiento de la primera sesidon para realizar el
entrenamiento y todas las locuciones de test del locutor
como intentos target para la etapa de verificacion,
tomando una locucion al azar de cada uno de los demas
locutores como intentos non-target. Cabe destacar que
el 1éxico de esta base de datos consiste en frases de
pares de digitos (p.e. 32-98-64) y que no hay ninguna
relacion  entre los  digitos  pronunciados en
entrenamiento y test, con lo cual tenemos un importante
desajuste 1éxico.

4.2. BioSec

Para otro experimento realizado se ha usado la base
de datos BioSec Baseline [6]. En esta base de datos hay
150 locutores cuyo idioma nativo es el castellano. Cada
locutor ha grabado 2 sesiones con 4 locuciones cada una
de un numero aleatorio asignado al usuario (el mismo
para todas las locuciones de las 2 sesiones). Se han
utilizado las 4 frases de la primera sesion para entrenar
los modelos acusticos del locutor (se entrena un modelo
con cada frase) y las 4 de la segunda sesion como
intentos farget para la fase de test, siendo los intentos
non-target la primera frase de la primera sesion del
resto de impostores (sin enfrentamientos simétricos).
Todas las locuciones descritas anteriormente se han
realizado de forma idéntica para 4 escenarios.
Castellano grabado con un micréfono de unos
auriculares (cercano), castellano grabado con un
microfono integrado en una webcam (lejano) y otros 2
escenarios equivalentes en inglés.

5. EXPERIMENTOS CON T-NORM EN FUNCION
DEL NIVEL, COHORTE Y GENERO

Para poder implementar T-norm, se ha realizado un
reconocimiento de cada locucion de test con los
modelos de locutores de la cohorte de impostores por

cada enfrentamiento tanto target como non-target. De
esta forma se han realizado 3 tipos de T-norm en
funciéon de la cohorte de impostores: una con una
cohorte fija de 20 locutores, 10 hombres y 10 mujeres, a
la que llamaremos TN10; otra con una cohorte variable
de 60 locutores, 30 hombres y 30 mujeres, a la que
llamaremos TN30; una ultima con una cohorte
masculina variable que incluye como impostores todos
aquellos locutores que no sean ni el target ni el non-
target (en el caso de que se trate de una prueba non-
target), a la que llamaremos TNMale.

Para el caso sin T-norm y TN10 hemos realizado
experimentos tanto dependientes de género como
independientes de género, mientras que para TN30 y
TNMale unicamente hemos realizado experimentos
dependientes de género. Para los experimentos
independientes de género anteriormente descritos se han
obtenido los resultados expresados en EER (Equal
Error Rate) mostrados en la Tabla 1.

T-norm\Nivel Frase | Fonema | Estado
No 3.56
TN10 391 | 298 | 3.04

Tabla 1. EERs (%) obtenidas para distintos tipos de T-
norm independiente de género en funcion del nivel.

Como podemos ver en la Tabla 1 resulta mucho
mejor realizar T-norm a nivel de estado o fonema que a
nivel de frase, de hecho podemos ver que es incluso
mejor no implementar T-norm que hacerlo a nivel de
frase para este experimento en concreto. A continuacion
vemos en la Tabla 2 como evolucionan los resultados al
incrementar el numero de impostores de la cohorte y
realizar una seleccién por género de la cohorte de
impostores a utilizar.

T-norm | Género Frase | Fonema | Estado
No Masc 3.54
Fem 3.72

Masc 3.32 2.64 2.80

TN10 Fem 3.57 3.15 2.45

Ambos 3.64 2.97 291

Masc 2.69 2.48 2.46

TN30 Fem 3.99 3.67 3.67

Ambos 3.10 2.98 2.96

TNMale 2.57 241 2.53

Tabla 2. EERs (%) obtenidas para distintos tipos de T-
norm en funcion del nivel y género.

En la Tabla 2 vemos como varian las tasas de error
obtenidas en funcion del género y el numero de
impostores de la cohorte. En lineas generales podemos
observar que parece ser que cuanto mayor es la cohorte
de impostores mejor funciona el sistema, debido
probablemente a que al tener un nimero mayor de
impostores tenemos mas probabilidades de encontrarnos
con modelos proximos al del locutor target. Sin
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embargo esto no se cumple para todos los casos y es
debido, muy probablemente, a que también nos
encontraremos mas modelos que se alejen del modelo
del locutor target. Por otra parte también vemos que se
generaliza la suposicion de que es mejor realizar T-
norm a nivel de fonema o estado que a nivel de frase.
Ademas vemos que no hay mucha diferencia entre
realizarlo a nivel de estado o fonema, ya que hay casos
en los que resulta mejor uno que otro y viceversa.

6. OTROS EXPERIMENTOS

A fin de extender nuestra experimentacion al idioma
castellano realizamos también experimentos con la base
de datos BioSec Baseline [7]. Esta base de datos, aparte
de permitirnos comparar resultados en inglés y
castellano con el mismo entorno experimental nos
permite comparar la influencia del canal de grabacion
(micr6fono de habla cercana frente a micréfono de
habla lejana) y la influencia de la coincidencia léxica
entre entrenamiento y test (cosa que ocurre en BioSec
pero no en YOHO). Otra diferencia con los resultados
presentados anteriormente es que en los resultados con
BioSec se ha empleado unicamente MLLR y no MAP.

Canal\ldioma | Castellano Inglés
Mic. cercano 1.68 2.17
Mic. lejano 17.24 12.72

Tabla 3. EER (%) obtenidas para distintos tipos
de micrdfono e idioma.

Como podemos observar en la Tabla 3 la calidad
del micréfono supone una gran contribucion a la
eficiencia del sistema de Reconocimiento de Locutor
Dependiente de Texto. Vemos que los resultados
obtenidos con el microfono de la webcam son mucho
peores que con el microfono cercano integrado en los
auriculares. Se ha de indicar que en estos experimentos
no se han utilizado técnicas de compensaciéon de canal
de ningun tipo (salvo CMN).

Sin desajuste 7.02

SNR 7.47

Canal 9.76

Léxico (2 digitos en comun) 8.23
Léxico (1 digito en comun) 13.4
Léxico (0 digitos en comun) 36.3

Tabla 4. EER (%) obtenida para distintos tipos de
desajuste para el estudio realizado en [§].

Por otra parte si nos fijamos en los resultados para
microfono cercano observamos que son mucho mejores
para esta base de datos que con YOHO (utilizando la
misma técnica s6lo con MLLR en YOHO el EER
resultante es de 4.82%). La principal diferencia entre
ambas bases de datos es el desajuste 1éxico existente en

YOHO ¢ inexistente en BioSec. El problema del
desajuste 1éxico ya se ha analizado con anterioridad [8]
y se ha comprobado (ver Tabla 4 con resultados
publicados en [8]) que el desajuste 1éxico puede ser el
tipo mas perjudicial de desajuste, incluso peor que el de
canal.

7. CONCLUSIONES

Dados los resultados obtenidos en los diferentes
experimentos se puede concluir que el desajuste 1éxico
tiene una gran influencia en la eficiencia de un sistema
de Reconocimiento de Locutor Dependiente de Texto.
La principal razén es que en este campo se entrenan
modelos de unidades léxicas por debajo de la locucion
completa (palabra, fonema, tri-fonema, estado...). Y el
hecho de que se intente reconocer al locutor con
modelos de unidades 1éxicas que hemos podido no
entrenar previamente (desajuste 1éxico), o que hemos
entrenado en contextos léxicos distintos, hace que los
resultados empeoren de forma muy abultada.
Demostrado esto, el principal objetivo de Ia
técnica de T-Norm a nivel de fonema y estado era tratar
de reducir la influencia del desajuste 1éxico, para asi
ponderar la influencia de cada fonema en el proceso de
verificacion. Aunque los resultados obtenidos con la
normalizacién a nivel de estado y fonema son positivos,
superando los resultados a nivel de frase, el problema
del desajuste léxico sigue sin estar resuelto y sigue
teniendo una influencia importante en los resultados.
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Abstract

Wikipedia is a valuable resource whose usage goes beyond
the encyclopedia itself. In this paper the proposal is to use
Wikipedia as a large source of text, suitable for language
research, explaining the followed procedure to turn Spanish
Wikipedia raw data into a suitable text source, considering the
format of source data (wiki syntax), the conversion from written
text to individual sentences or the conversion from acronyms or
numbers to the way they are said. The case explained here is
specific in some parts to the Spanish wikipedia, but the ideas
and some steps of the followed procedure can be generalised to
any language or text source.

1. Introduction

Language resources (corpus) are usually collected and dis-
tributed by dedicated organisations and the cost to the pub-
lic is usually high or it has restrictions on their applicability.
Examples of such corpus for Spanish are CREA [1], Corpus
de la lengua espaiiola contempordnea [2], Argentina [3] or
ARTHUS [4]. Up to some extent, price and availability restric-
tions are caused by the fact that usually this kind of resources
are built every time from the ground, and efforts to collect, re-
vise and tag (at several levels) the corpus is huge. But there
already are large sources of text data, some of those even free
(as in free speech, not as in beer) that could be potentially used
to build larger and better databases for language research, with-
out big investments.

Wikipedia [5] is collaborative effort to build a free multi-
lingual encyclopedia. Its name is a portmanteau of the words
wiki (a type of collaborative website) and encyclopedia. It was
launched in 2001 by Jimmy Wales and Larry Sanger and cur-
rently is operated by the non-profit Wikimedia Foundation. It
is one of the largest, fastest growing and most popular general
reference work currently available on the Internet (accorgind to
Wikipedia webpage [5]).

As of December 2007, Wikipedia had approximately 9.25
million articles in 253 languages, comprising a combined to-
tal of over 1.74 billion words for all Wikipedias. The English
Wikipedia edition passed the 2,000,000 article mark on Septem-
ber 9th 2007, and as of 21 January 2008 it had over 2,185,000
articles consisting of over 950,000,000 words. Wikipedia’s ar-
ticles have been written collaboratively by volunteers around
the world, and the vast majority of its articles can be edited by
anyone with access to the Internet. Having steadily risen in pop-
ularity since its inception, it currently ranks among the top ten
most-visited websites worldwide (these figures have been taken
from [6]).

Spanish Wikipedia [7] is a much smaller project than the
English one. It was founded a few months later than the general
project (on May 2001) and at the beginning of 2008 it had more
than 300,000 articles and more than 600,000 user from most of
the Spanish-speaking countries.

Wikipedia has been used in other scenarios than the ency-
clopedic search, and it has been previously used as a research
resource in fields like semantic research, knowledge extraction
or natural language processing [8, 9, 10, 11, 12], where knowl-
edge embedded in Wikipedia was the most valuable resource.
This paper proposes not using the knowledge but the text ex-
pressing that knowledge, as a representation of language, and
up to some extent, speech.

Wikipedia main strengths are its nature of free resource,
and thus available to anyone, and its big size (as stated before,
Spanish Wikipedia has more than 300,000 articles), thus allow-
ing for a wide variety of words, topics and writing styles. The
main weakness is the unsupervised nature, thus not ensuring
quality, and requiring some quality control and improvements
steps.

Next section ( 2) is fully devoted to explain the procedure
to turn Wikipedia raw data into useful text, section 3 refers to
public availability of the generated resources, section 4 draws
the main conclusions derived from this work and section 5 is
about future lines.

2. Data processing

Data processing consists in a set of steps to convert Wikipedia
data into useful text. Figure 1 represents an overview of the pro-
cess. Basically it has four steps: convert wiki markup to plain
text, split paragraphs into sentences (being aware of certain as-
pects), rewrite sentences as they would be read and, finally, re-
move incorrect words from vocabulary (and sentences having
those words).

2.1. Data source

Every few months, Wikipedia is dumped to a large XML file per
language and made publicly available. A dump from Spanish
Wikipedia dated by 06/07/2007 was used as raw source data.
This dump is not currently available as old dumps are removed
(every dump requires about 1Gb of disk space). Latest dumps
can be found at [13]. For the processing of the raw XML dump,
Perl module Parse::MediaWikiDump (available at CPAN [14]),
and data was splitted into articles storing each one in a separate
file.

A sample piece of text taken from article “Tebas (Gre-
cia)”’(“Tebas (Greece)”) will be used to illustrate the followed
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Figure 1: Data processing overview

process, showing the transformations suffered by the text on
every step.

Sample

En la actualidad, el lugar de la antigua ciudadela, [[Cad-
mea]], se encuentra ocupado por la ciudad de Thiva
("&Theta;&#942;&beta;&alpha;”) que fue reconstruida
después del [[terremoto]] de [[1893]]. La ciudad actual
tiene 24.400 habitantes ([[2001]]), llamados tebanos”..

2.2. From wiki markup to plain text

Wikipedia XML dumps have data as users wrote it, so it has
not only the useful text but many other symbols and references
corresponding to wiki syntax. This extra markup must be re-
moved in order to extract valuable text. For this task, Perl mod-
ule Text::MediawikiFormat (available at CPAN [14]). Despite
the simpleness of the wiki markup, there are inevitable syntactic
errors not parseable by Text::MediawikiFormat, so it was neces-
sary an extra filtering stage to remove, for example, unmatched
brackets or extra ’=". This step was also used to beauty text by
removing extra spaces and other minor changes. The effect on
the sample text denoted above is shown below.

Sample

En la actualidad, el lugar de la antigua ciudadela, Cad-
mea, se encuentra ocupado por la ciudad de Thiva
(©nBa) que fue reconstruida después del terremoto de
1893. La ciudad actual tiene 24.400 habitantes (2001),
Ilamados tebanos.

2.3. Sentences division

Since the corpus is intended to be applied to speech recogni-
tion, it is needed to convert it into sentences, instead of written
formated text, such as paragraphs, lists, text in parenthesis, enu-
merations after semicolons and others. These cases have to be
addressed in order to use that text. The following points may
serve as an example of the followed approach:

e Abbreviations or acronyms are translated into the full
words, in order to be process the corpus as a speech cor-
pus.

e Paragraphs were divided into sentences. Dots are the
main sentence separator (as well as line or paragraph
end), but with some considerations like dots being num-
ber separators or part of an acronym (processed previ-
ously).

Text inside parenthesis is consider as different sentences,
thus generating two. The first one is the original one
without the text inside parenthesis and the second one
the text inside parenthesis.

Sample

En la actualidad, el lugar de la antigua ciudadela,
Cadmea, se encuentra ocupado por la ciudad de Thiva
que fue reconstruida después del terremoto de 1893.

Onfa.

La ciudad actual tiene 24.400
habitantes ) Ilamados tebanos.
2001.

2.4. Sentences as they would be read

Written text and spoken speech are closely related, but they are
not the same. As an example one may consider numbers (ei-
ther in arabic or roman format). In written text “2001” may
appear, while in spoken speech it will be said as “two thousand
and one”. But there are many other examples, as mathematical
operations, where “+” must be replaced by “plus” or acronyms,
which are usually spoken by spelling letters. Finally, capital
letters were converted to lower case and commas and other un-
recognised symbols were removed. After this step the previous
example will remain as follows:

Sample

en la actualidad el lugar de la antigua ciu-
dadela cadmea se encuentra ocupado por la
ciudad de thiva que fue reconstruida después
del terremoto de mil ochocientos noventa y tres

la ciudad actual tiene veinticuatro mil cu-

atrocientos habitantes, llamados tebanos

dos mil uno

2.5. Vocabulary filtering

After the steps explained above a huge amount of text was avail-
able. Main figures are shown below.

— 67—
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Number of articles: 69,541
Sentences: 3,280,428
Vocabulary size: 549,962

The dynamic range of the histogram of occurrences is so
high that a singe picture cannot show all information. The word
having most occurrences is ’de’ (in English of, from), appearing
2,526,038 times. Near half a million words appear less than 30
times. Figure 2 shows a crop of the histogram of vocabulary,
considering only words appearing less than 50 times, covering
almost 94% of the words. Horizontal axis represents number
of occurrences and the vertical one the number of words having
that number of occurrences.

250000 T

200000 b

150000 - 41

Number of words

100000 b

50000 [ 41

. . . ,
5 10 15 20 25 30 35 40 45
Number of occurrences

Figure 2: Word occurrences histogram before vocabulary clean-
ing

The dictionary of Real Academia Espafiola (RAE, the of-
ficial Spanish language authority), in the 2001 edition [15] has
about 90.000 entries, considering near a 10% of archaisms, not
including neither all verbal forms nor plural and gender depen-
dent forms for nouns and adjectives. Despite the fact that many
words can be composed by adding prefixes and suffixes to stan-
dard words, given this figures, more than half a million words
seems a huge number.

Due to misspelled words and foreign terms (as propper
names, technical words or etymological terms, to cite only a
few) it was expected to have a large amount of words, where
correct words will occur many times and incorrect ones only
a few, making a simple threshold-based decision good enough.
But reality is that correct and incorrect words are much more
coupled in number of occurrences than expected. This situa-
tions makes vocabulary filtering and cleaning a difficult task.

The filtering process consisted in an iterative process of data
examination and word removal. When a word was removed, all
the sentences where it appeared were removed. Articles with
no sentences were erased. The followed heuristics have been
defined:

1. Remove words with only one occurrence. These words
are considered to be foreign words, misspelled ones or
too rare in common Spanish.

2. Remove words with double consonants (bb, cc, dd, ...)
and less than 3 occurrences.

3. Remove words with only one occurrence.

Step Articles | Sentences Words
Intial [ Abs 69,541 | 3,280,428 | 549,962
1 | Abs 69,541 | 2,998,212 | 275,196
% 100 91.4 50.04

2 | Abs 68,679 | 2,981,025 | 263,943
% 98.76 90.87 47.99

3 | Abs 68,679 | 2,959,262 | 241,180
% 98.76 90.21 43.85

4 | Abs 68,650 | 2,958,498 | 241,105
% 98.72 90.19 43.84

5 | Abs 51,925 | 1,294,040 | 114,068
% 74.67 39.45 20.74

Table 1: Remaining data evolution after filtering stages

4. Remove words with the same letter repeated 3 o more
times consecutively (aaa, bbb, ccc, ...)

This steps, despite the simplicity, greatly reduced the
amount of selected data, keeping only a half of the original vo-
cabulary (241,105 remaining words).

The reduction of available data was very large, but a closer
look to the remaining words revealed that there were many
terms not valid in Spanish, but difficult to discriminate based
on occurrences. A more powerful filtering scheme was needed,
and it was achieved by manual inspection of words, identifying
words and word patterns not present in Spanish and removing
them. For example there is no Spanish words ending with -1y’
(typical in English adverbs) and words ending with ’-lae’ or ’-
mae’ or starting with *phy-’ are usually Latin words found in
technical terms (as species names).

At this point other problems were revealed, not related to
words but to character encoding. Wikipedia is primarily UTF-
8 encoded, but we found many words having other codifica-
tion schemes (ISO 8859 1) which made the filtering process a
bit harder and we took the decision to remove non UTF-8 en-
coded words (altough some of them may have been correctly
re-encoded automatically and preserved).

Manual revision of near a quarter of million words is a very
expensive and time consuming process, so we decide to achieve
it iteratively, inspecting a subset on each iteration. The benefits
of this approach was that after removing a word and its associ-
ated sentences, other potential candidates for removal are auto-
matically removed, thus decreasing the total number of words to
inspect. After 8 iterations, over 20,000 words and word patterns
were identified and removed from vocabulary.

5. Iteratively inspect vocabulary and select words and word
patterns to remove.

Table 1 and figure 3 summarizes the effect of the different
filtering stages. In the table you can see the absolute amounts
of reamining data and the percentages of the initial dat, while
the plot shows the evolution of percentages. As you can see, the
most aggresive stage is the last one.

The most common word is still ’de’ appearing 367,013
times, and 31,729 words appear only once in the whole remain-
ing text. Figure 4 shows again a crop of the histogram of the
remaining data restricted to words appearing less than 50 times,
which represents 93% of the words.
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Figure 3: Remaining data evolution after filtering stages
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Figure 4: Word occurrences histogram after vocabulary clean-
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3. Data availability

As mentioned above, this work starts from free resources and
has made use of many free software tools. To maintain this
spirit and to allow others to make improvements and new re-
searches, the generated data as well as the involved scripts
have been made public and can be found at http://wp4dlr.
sourceforge.net/. All material can be used and redis-
tributed under the same terms as Wikipedia itself. Any sugges-
tion, improvement or bug detection will be welcomed.

4. Conclusions

Wikipedia is a large source of data but in a format that is not
the most usual in the language research community. This paper
presents an effort to make that source a valuable resource.

The has been no measures about the goodness of the gen-
erated data, as it is difficult to make meaningful comparisons.
What other source can be compared to Wikipedia in terms of
size and topics covered? How to make such a comparison? Per-
plexity measures perhaps? And, what should be measured at the
end, the data or the process? We have prefer to keep the origi-

nal goal that was to have a large amount of text for our current
researches.

The process to utilise Wikipedia can be automated and re-
utilised across languages and text sources up to some extent,
but the most difficult and time consumming step (vocabulary
filtering) is Spanish specific.

Due to the fact of public availability and continuous im-
provement of articles, it could be expected to have a mid to
high quality resource. But the fact is that many misspelled and
badly encoded words were found. Some criticisms have been
published about the quality of Wikipedia at semantic level (ac-
curacy, political and ideological bias), and the results found here
may be a source for another level of criticism. This fact along
with the unsupervised nature of the proposed procedure makes
necessary a quality control.

For the purpose of this article, initial quality of data may
have reduced the amount of required work and increased the
size of available data (as sentences with unappropriated words
were fully removed), but even after the extensive filtering stage
the amount of data is still very large and suitable for the pur-
poses it was conceived.

5. Future lines

One of the weak points of the followed procedure is related to
the vocabulary filtering stage, as it is quite expensive, language
specific and its quality is difficult to assess. A way to improve
these aspects may be the use of already made dictionaries, to
move out sentences containing words not covered by the exter-
nal vocabulary. Obviously this dictionary has to be large enough
as to cover all (or at least mostly) of the vocabulary present in
the Wikipedia. Such kind of resources are available for Span-
ish [1, 16], but as the number of queries that have to be made
(more than half a million) is quite large, the process must care-
fully designed to not overload those sites, and count with the
agreement of the site.
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ABSTRACT

Fractional Fourier transform (FrFT) has been proposed
to improve the time-frequency resolution in signal
analysis and processing. However, selecting the FrFT
transform order for the proper analysis of multi-
component signals like speech is still debated. In this
work, we investigated several order adaptation methods
based on the pitch and formants of voiced speech. This
study is motivated by the fact that speech is not
stationary even in a short time interval, and the idea is
shown using an AM-FM speech model. First, FFT and
FrFT based spectrograms of an artificially-generated

vowel are compared to indicate the merit of the methods.

Second, a tonal vowel discrimination test is designed to
compare the performances of the various proposed
methods using MFCC features implemented with FrFT.

1. INTRODUCTION

Speech is a non-stationary signal. Traditional
speech processing methods generally treat speech as
short-time stationary, i.e., process speech in 20~30ms
frames. In practice, intonation and coarticulation
introduce combined spectro-temporal fluctuations to
speech even for the typical frame sizes used in the front-
end analysis. Modeling speech signals as frequency
modulation signals accords better with speech
characteristics from both production and perception
views.

From the speech production view, traditional linear
source-filter theory lacks the ability to explain the
refined structure of speech in a pitch period. Maragos et
al. therefore proposed an AM-FM modulation model for
speech analysis, synthesis and coding [1]. From the
perception view, neurophysiological studies show that
the auditory system of mammals is sensitive to FM-
modulated (chirpy) sounds. This fact explains the
human sensitivity to non-stationary acoustic events with
changing pitch (police and ambulance siren) [2].

This research was partially supported by the Spanish project
SAPIRE (TEC2007-65470), and a research grant to V.H. from the
Spanish Ministry of Education and Science. H.Y. was partially
supported by the National Nature Science Foundation of China under
Grant NSFC 60605015.

Fractional Fourier transform (FrFT) can be
considered as a generalization of the traditional Fourier
transform [3]. Since FrFT can be considered as a
decomposition of the signal in terms of chirps, FrFT is
especially suitable for the processing of chirp-like
signals [4]. The chirp rate (temporal derivative of
instantaneous frequency) of the FrFT kernel functions is
set by one free parameter, the transform order. The
determination of the optimal transform orders is always
critical. In this paper we show that the representation of
the time-varying properties of speech may benefit from
using the values of pitch and formants to set the order of
the FrFT. Different order adaptation methods based on
pitch and formants are proposed in this paper.

In tonal languages as Mandarin, the time evolution
of pitch inside a syllable (the tone) is relevant for the
meaning. Consequently, there are relatively fast changes
of pitch which are usual and informative. As the use of
the FrFT might help to better track the dynamic
properties of speech harmonics, we have carried out a
classification experiment using a small set of Mandarin
vowels, where the classes correspond to the four basic
types of tones, and the discrimination ability is
measured using the MFCC features implemented with
FrFT.

The rest of the paper is organized as follows. In
section 2, the AM-FM model of speech is described,
and the motivation of the proposed method is given. In
section 3, the definition and some basic properties of
FrFT are briefly introduced. In section 4, different order
adaptation methods are described. One method is
illustrated using FFT and FrFT based spectrograms of
an artificially-generated vowel. In Section 5, a tonal
vowel discrimination test is designed, and the results are
given and analyzed. Some conclusions and future work
are given in section 6.

2. THE AM-FM MODEL OF SPEECH

Considering the fluctuation of pitch and the
harmonic structure, voiced speech can be modeled as an
AM-FM signal

x(t)= Zm: a,(t)cos(n(wyt + lj.q(f)dr) +6) )]
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where ¢(r) is the frequency modulation function.
Making the reasonable simplification that the frequency

is changing linearly within the frame, ie. g(¢)=kt ,
where £ is the chirp rate of the pitch (referred to as pitch
rate in the rest of the paper), we can obtain:
x(t) = Zan (t) cos(n(w,t +%kt2) +6) )
n=l1
A0

The chirp rate of the n-th harmonic is the second
derivative of the phase function

2
40,0 Zn}” — g, = nk> 3)

which means that the chirp rate of the »n-th harmonic is n
times the pitch rate.

3. DEFINITION OF THE FRACTIONAL
FOURIER TRANSFORM

The FrFT of signal x(¢) is represented as:
X, ) =F,[x0]= [ x(OK,(tu)dt “)

where p is a real number which is called the order of the
FrFT, o = px/2is the transform angle, F[e] denotes

the FrFT operator, and K, (t,u) is the kernel of the

FrFT:
[1-jcota A +u’ )
exp| Jj cota — jutcsca |,
2z 2
K, (tu)= a#nw
S(t-u), a=2nrx
S(t+u), a=02nt)z )

The inverse FrFT is
()= F (X, @)]= [ X, K, (t,u)du (6)

Eq.(6) indicates that the signal x(¢f) can be

interpreted as a decomposition to a basis formed by the
orthonormal Linear Frequency Modulated (LFM)
functions in the ¥ domain, which means an LFM signal
with a chirp rate corresponding to the transform order p
can be transformed into an impulse in a certain
fractional domain. Therefore, the FrFT has excellent
localization performance for LFM signals.

4. ORDER SELECTION METHODS

To test the proposed order selection methods
informally, we produced an artificial vowel [i:] with
time-varying pitch. The excitation of the vowel is a
pulse train with linearly decreasing frequency from
450Hz to 100Hz, and the formants of the vowel are
384Hz, 2800Hz, and 3440Hz, which are extracted from
a real female vowel. The sampling rate is 8000Hz.

We experimented three different classes of order
adaptation methods based on the pitch and formants.
They will be explained in detail and the spectrograms of
the artificial vowel based on these methods are shown.

4.1. N times of pitch rate

Since the chirp rates for different harmonics are
different, the FrFT is emphasizing the N-th harmonic
when setting the transform order according to N times
of the pitch rate k. The transform angle is determined by:

a =acot(=2r *k* N). (7)

When the order is set according to N times of the
pitch rate, the N-th harmonic and its neighbors will be
emphasized, i.e. they have better concentration
performance than the FFT-based spectrogram. On the
other hand, the representation of harmonics whose chirp
rates are not close to 10 times of pitch rates will be
smeared. This is also true for the formants, because their
frequency variations are generally smaller than the
harmonics, i.e., the chirp rates of the formants are
generally much smaller than N times of pitch rate when
N gets larger.

4.2. Pitch and formants

The sub-band energies that are usually employed to
compute the speech recognition features, e.g. in the
widely used MFCC, are a representation of the envelope
Since the FT-based spectral harmonics are an
intermediate step in the computation of the envelope, a
more precise representation of the harmonics in relevant
regions of the spectral envelope may help to get more
accurate formant estimates and also more discriminative
speech features. This is the motivation for the order
adaptation method based on pitch and formants that is
introduced in the following. As in (11), the transform
angle is determined by M times of the pitch rate :

a=acot(2x*k*M). ®)

M will be computed from the frequency of a
formant and the pitch frequency as

M= fﬁ)rmant /fpitch ! (9)

Here, M is different for different analysis frames.
4.3. Multi-order multiplication

Since different optimal orders are needed for
different harmonics, we can calculate the FrFT with the
orders corresponding to 1, 2, 3... times of the pitch rate
and multiply them together. This method can obtain a
compromise among several harmonics. Alternatively, in
our experiments, multi-order multiplication was also
applied to the N FrFT spectrograms that target the first
N formants according to the technique described in
section 4.2. The resulting multiplied FrFT spectrogram
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is shown in figure 1 for N=3 (right panel). In this case,
formant smearing is limited, while still enhancing the
harmonics going through the formant resonances.

fit spectrogram
500 4000
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Figure 1: Left panel: FFT-based spectrogram. Right panel:
FrFT-based spectrogram with multi-order multiplication. The
order multipliers M1,M2 and M3 (see eq. 9) correspond to the

three formant frequencies.

5. TONAL VOWEL DISCRIMINATION TEST

In Mandarin, there are four basic lexical tones and
a neutral tone. The number of tonal syllables is about
1300, and it is reduced to about 410 when tone
discriminations are discarded [5]. Fundamental
frequency or pitch is the major acoustic feature to
distinguish the four basic tones. In order to test the
performance of the order adaptation methods, we
designed a tonal vowel discrimination test. Since the
proposed FrFT order adaptation methods may show a
more accurate representation of the time-varying
characteristics of the harmonics than the FT, we decided
to test them in tone recognition for tonal languages.

5.1. Experiment design

We recorded the five Mandarin vowels [a], [i](yi),
[u](wu), [e], [0](wo) with four tones: the flat tone (tone
1), the rising tone (tone 2), the falling and rising tone
(tone 3), and the falling tone (tone 4). Each tone of each
vowel from a female voice is recorded five times. The
utterances are sampled at 8kHz, with a 16bit
quantization. We use 16-dimensional standard MFCC
features as the baseline. The features based on the FrFT
are computed with the same processing used for the
MFCCs, but substituting the Fourier transform by the
FrFT (we will refer to them as FrET-MFCC) [6].The
performance of FrFT-MFCC using different order
adaptation methods is compared with the baseline.
Speech signals are analyzed using a frame length of
25ms and a frame shift of 10ms.

Because the recorded utterances have variable
lengths, we use Dynamic Time Warping (DTW) to
calculate the distances between all the utterances for the
individual vowels. Thus, five 20x20 distance matrices
are obtained (4 tones, 5 times). The discriminative
ability of features can be analyzed using the Fisher
score, which is defined as the ratio between the
between-class variance and the within-class variance.
Here, we take the distances calculated by DTW to

compute a similar score (also referred to as Fisher
Score):

y" represents the token m of a vowel with tone i. NV; and

N, are the total numbers of the between-class and
within-class tokens respectively. dist(+) represents the

Euclidean  Distance. By this  analysis, the
discriminability across different tones of the same
vowel is assessed. The discrimination among different
vowels is also assessed here for comparison.

5.2. Pitch rate and formant calculation

The speech is processed in overlapping frames.
Each frame is further divided into several non-
overlapping sub-frames. One pitch value is detected for
one sub-frame. These pitch values are obtained using a
robust pitch tracking algorithm described in [7]. In order
to get the pitch rate of a frame, we first calculate the
median value of the sub-frame pitch values for this
frame to set a threshold, if any sub-frame pitch value is
larger than twice this threshold, then it is divided by 2.
If any pitch value is smaller than half the threshold, it is
multiplied by 2. By this, octave confusions are largely
eliminated. Then, a straight line was fitted to all the
corrected pitch values in this frame. The pitch rate is
taken as the slope of this fitted line.

The formants are determined as the frequencies of
the LPC-based spectral peaks. The order for LPC
analysis is set to be twice the number of formants used
in the multi-order FrFT analysis. Note that when the
number of formants exceeds 4, they may be not real
formants but envelop peaks.

5.3. Experimental results

The Fisher scores for different vowels using the
various methods are given in Table 1. In this experiment,
the frame length is 25ms and frame shift is 10ms. Every
frame is divided into 5 subframes. The experimental
results show that FrFT analysis increases the tone
discriminability for most of the order selection methods
proposed here. We can see that:

(1) The average Fisher score over all vowels using
MFCC is 4.43. This indicates that MFCC already has a
good discriminability for different tones, but the FrFT-
MFCC can get even better results, especially for the
multi-order multiplication method with N=1%*2*_*5,
which obtains nearly 50% improvement. For
comparison, the Fisher score for the discrimination of
different vowels of the same tone is 12.20 on average
across tones. This indicates that the discrimination of
tones is more difficult than the discrimination of vowels,
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as expected, and that the improvement of tone-
discrimination by using the FrFT might provide a large
benefit for speech analysis and recognition applications.

(2) When using a single N value for the N times of
pitch rate method, the increases of the scores are
moderate. Just as stated before, the formants may be
dispersed when N gets larger, because the chirp rate of
formants is not close to that value. There is always an
optimal value of N. Generally N=1~3 can obtain a good
compromise between tracking the dynamic speech
harmonics and preserving the concentration of the
formants.

a i e o u Average

MFCC 277 394 528 459 556 443

N=1 2.63 448 624 490 6.61 4.97
N=2 258 415 6.07 478 648 4.81
N=3 255 395 590 4.68 6.38 4.69
N=5 249 371 561 452 6.19 4.5

Pitch+MP 246 4.76 6 4.77  6.55 4.91

Pitch +2MP 225 391 553 694 874 5.47

Pitch +3MP 227 453 567 623 112 5.99

Pitch +SMP 244 452 585 6.00 12.0 6.16

Pitch+ 10MP 2.11 421 6.85 4.13 127 5.99

N=1*%2 24 463 567 691 9 5.72

N=1%2*3 236 541 571 6.17 11.6 6.25

N=1*2**5 246 501 586 596 124 6.34

N=1#2*_*%10 2.13 4.08 683 41 125 593

Table 1: Fisher scores using MFCC and all variants of the
FrFT-MFCC method. MP denotes the main peaks of the LPC
spectrum, and Pitch + xMP refers to the technique presented

in Section 4.2. When x>1, the transforms are multiplied as

explained in Section 4.3 (vight panel in Fig. 1).

(3) The pitch + "formants" method can obtain
significantly better results than the method only based
on the pitch. Different vowels have their different
optimal numbers of formants, e.g. for [u], even using 10
formants its maximum is still not achieved, but for [i],
the maximum is achieved using one main formant, and
for [o], two formants. The pitch + SMP method can
obtain good results on average for all vowels except [a].

(4) For the vowel [a], the FrFT-MFCC always
performs worse than MFCC. This is possibly because
the first formant of [a] is much higher than in the other
vowels. A higher formant needs a larger N, but a larger
N will smear the formant, so a good compromise can't
be achieved.

(5) The multi-order multiplication method with
different number of N's can significantly increase the
scores for vowels [i] [e], [o] and [u] compared with
MEFCC. These four vowels achieve their best results

with different numbers of order multipliers. Here, they
are 3, 10, 1, 10 respectively. The best average result of
all is obtained using the multi-order multiplication
method with N=1*2%_*5.

(6) Compared with the pitch + MP method, the
pitch + 2MP method improves the discriminability of
FrFT-MFCC for vowels [o], [u], but not for the other
three vowels, especially for [i]. The reason for this
might be the frequencies of the first two formants of [0]
and [u] are low and close, so a significant improvement
can be obtained; but it's the opposite for [i], whose first
formant is quite low and the second formant is rather
high. The smearing effect prevails in the combination of
the corresponding two orders. When more "formants"
are taken, such situation is somewhat alleviated.

6. CONCLUSIONS AND FURTHER WORK

In this paper, we have proposed several order
adaptation methods for FrFT in speech signal analysis
and processing, which are based on the pitch and the
formants (or just envelope peaks) of voiced speech.
The FrFT results with the proposed order selection
methods have some improvement over its FFT
counterpart. We have also done some preliminary work
applying the N times of pitch rate method to speech
recognition, and the results show some improvement
over the MFCC baseline [8]. Considering the
effectiveness of the FFT analysis on formant
determination and of the FrFT analysis on emphasizing
harmonics, one possible approach is to combine the FFT
and FrFT to get an improved representation of speech
features for speech analysis and recognition.
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ABSTRACT

Speech technologies have developed in the last twenty
years and now allow the implementation of real-world
speech applications. Furthermore, handwriting recogni-
tion has gained attention in the last years due to their
multiple applications and the opportunity of reusing the
consolidated speech technology for that problem. In this
work we present the implementation of the modules of a
flexible recognition system, the iATROS system, which
allows speech and handwriting input. The iATROS sys-
tem is developed in a modular manner, with a core recog-
nition engine and several utility functions that can be used
in the construction of speech and handwriting-based ap-
plications, including multimodal and interactive applica-
tions. We show the capabilities and features of the mod-
ules and present a few schemes on how the modules can
be used to build applications.

1. INTRODUCTION

In the last twenty years, the speech recognition systems
have become widely available to research scientists and
nowadays they are quite present in real world. Some free
speech recognizers based on Hidden Markov Models
(HMM), like Sphinx [1] or HTK [2], are available for the
speech processing research community, which uses and
modifies them to experiment with different techniques to
enhance the speech recognition performance. These rec-
ognizers can be used on the construction of speech-based
applications, but with some limitations due to the diffi-
culty of integration with other software applications and
possible license restrictions.

Parallel to the speech recognition development, text
recognition has gained interest in the last years for its ap-
plications: automatic processing of forms [3], handwrit-
ing transcription [4], transcription of ancient books [5],
etc. A few years ago, handwriting text recognition started
to base on the same technology as speech recognizers

WORK PARTIALLY SUPPORTED BY THE SPANISH RE-
SEARCH PROGRAMME CONSOLIDER INGENIO 2010: MIPRCV
(CSD2007-00018), BY SPANISH MEC AND FEDER UNDER
PROJECT TIN2006-15694-C02-01, BY THE GENERALITAT
VALENCIANA UNDER GRANT GVPRE/2008/331 RESEARCH
PROJECT “UPENNSPANISH” AND BY VIDI-UPV UNDER GRANT
FPI-PAID06 AND PROJECT 20070315.

(HMM-based). Therefore, many speech recognizers have
been adapted by the handwriting text recognition resear-
chers to cope with this new task.

In this work we present a new recognizer which al-
lows the recognition of both speech and handwriting sig-
nals, the iATROS' recognizer. iATROS is composed of
two preprocessing and feature extraction modules (for
speech signal and handwriting images) and a core recog-
nition module. The preprocessing and feature extraction
modules provide feature vectors to the recognition mod-
ule, that using HMM models and language models per-
forms the search for the best recognition hypothesis. All
the modules are implemented in C.

Since the iATROS system accepts both speech and
handwriting signal, it is possible to build multimodal ap-
plications based on this system. The flexibility of the core
recognition module allows the implementation of many
applications based on this system.

The paper has the following content: Section 2 presents
the speech preprocessing and feature extraction; Section 3
presents the handwriting images preprocessing and fea-
ture extraction; Section 4 describes the basic recognition
process for the core recognizer; Section 5 describes a few
examples on how to develop applications based on the
1ATROS system; Section 6 presents some concluding re-
marks and future plans to improve and use the iATROS
system.

2. SPEECH PROCESSING

The iATROS sound system is based on the ALSA? sound
modules. The software package includes record software
for both online and offline recognition. The source code
includes functions to load, save and play sounds. The
software can read three different sound formats: raw data,
AD files (defined by the PRHLT group) and WAV files
without compression. The output for a recorded sound is
only raw data, because we think is the most compatible
format.

iATROS includes a feature extraction program based
on the mel cepstral coeficients [6]. The architecture of
the preprocess module is quite simple and reproduces the

1iATROS stands for improved Automatically Trainable Recognizer
of Speech.
2 Advanced Linux Sound Architecture
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Figure 1. Process diagram for each frame of audio sig-
nal.

typical extraction process used in speech recognition. The
audio signal is processed by moving a window over it; this
portion of signal covered by the window is called frame.
For each frame we compute its cepstrum coefficients us-
ing the modules shown in Figure 1. These modules are
separate functions, with no dependencies between them
except the input and output data. This modularization al-
lows to easily modify the feature extraction process by
changing the modules or adding new ones.

The functions use a structure which stores all the in-
formation needed in the process. These parameters are
initially loaded from a configuration file. The values that
affect the feature extraction and can be modified by the
user are: size of the preprocess window, sample frequency,
audio channels, number of coding bits, subsample fre-
quency, length of the FFT, pre-emphasis factor, number
of cepstrals, silence threshold, and duration of silence.

One of the most important parts of a feature extrac-
tion system is the Fast Fourier Transform. We used the
FFTWS3 library [7]. This library is free software and is
one of the most efficient ways to compute the FFT. An-
other important piece in the preprocess pipe is the esti-
mation of the Mel Filter Bank. Software like Sphinx [1]
computes the filters in real time, but we decided to do that
work offline because the automatical estimation is com-
plicated (manual tuning is usually requiered). Moreover,
it is not necessary to compute the filters for each run, since
the filters only depend on the sample frequency.

The feature vector is formed by the cepstrum coeffi-
cients and an extra element, the frame energy. This value
is a global measure for the frame and is computed as the
first element of the Discrete Cosine Transform. The out-
put of the feature extraction module is in plain text format
with a header that indicates the number of cepstrum fea-
tures and vectors, as well as other parameters.

3. HANDWRITING PROCESSING

The process starts from a PGM image. The following
steps take place in the text preprocessing module. First,
a conventional noise reduction method, and skew correc-

tion are applied on the whole document image. Its out-
put is then fed to the text line extraction process, which
divides it into separate text lines images. Finally, slope
and slant correction, and size normalization are applied
on each of these separate lines. More detailed description
of this preprocessing can be found in [8, 9].

As our recognition system is based on HMM, each
preprocessed line image is represented as a sequence of
feature vectors. To do this, the feature extraction module
applies a grid to divide line image into N x M squared
cells (N = 20 is an usual value and M must satisfy the
condition M /N = original image aspect ratio). From
each cell, three features are calculated: normalized gray
level, horizontal gray level derivative and vertical gray
level derivative. The image context is taken into account
in this process. The way these three features are deter-
mined is described in [10]. Columns of cells (also called
frames) are processed from left to right and a feature vec-
tor is constructed for each frame by stacking the three fea-
tures computed in its constituent cells. Hence, at the end
of this process, a sequence of M (3N )-dimensional fea-
ture vectors (N normalized gray-level components and N
horizontal and N vertical derivatives components) is ob-
tained. In Figure 2 is shown graphically an example of
feature vectors sequence .

4. DECODING PROCESS

The decoding process is performed by using the Viterbi
algorithm. In this process, the most likely sentence is
searched in a network that integrates the morphological
(HMM), lexical and syntactic models. The network is
composed of states. In each state, three types of transi-
tions can be distinguished, according to the model that is
involved.

The states pertaining to a recognition stage are stored
in a heap, whose size is determined by a configuration pa-
rameter. A hash table is used to allow an efficient search
for the states. Each state has the following essential infor-
mation on the current:

o State of the language model
e History
e State of the morphological model

e State of the lexical model
The search uses two types of pruning:

e Histogram pruning: this pruning is provided by the
size of the heap that stores the current stage; when
the heap is full, the probability of the new generated
state p,, is compared to the probability of the state
in the heap with lowest probability p;; if p,, < py,
the new state is not introduced into the heap; if p; <
Dn, the state with p; gets lost; therefore, an implicit
pruning is performed.
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Figure 2. Graphical representation of the feature extraction of the text image “antiguos ciudadanos que en castilla

se llamaban”.
horizontal and vertical derivatives features respectively.
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}
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BEST_HYP WORD_GRAPH

Figure 3. An example of organization of the iATROS
modules.

e Beam-search: when a new state presents a probabil-
ity that is lower than the probability of the current
best state divided by the beam factor, the new state
is not introduced into the next stage.

5. BUILDING APPLICATIONS: SOME
EXAMPLES

The core of the recognizer is the main recognition func-
tion (viterbi_frame). This function receives as basic input
the feature vector, the set of models (morphological, lexi-
cal and language) and the current recognition stage (heap
of states), and produces as output the new stage using the
search presented in Section 4. Apart from that function,
iATROS provides one parser for each type of model, a
function to calculate the word-graph and a function to cal-
culate the best hypothesis (Figure 3).
The parsers have the current features:

e Language model parser: supports N-grams (in AR-
PA format) and Finite State Models (FSM); the lan-
guage model is loaded in the same structure for
both types of language models.

e Lexical model parser: supports FSM with alterna-
tive pronunciations.

e Morphological models: supports continuous den-
sity HMM in the HTK format, with gaussians as
output distributions in the states; it is possible, with
little effort, to modify the format, the parser and
the recogniser to support HMM with other non-
gaussian output distributions in the states.

The first corresponds with the normalized grey level features, whereas the second and third with the

The main advantage of this recognizer is that it is very
easy to build new applications, since the main function of
the recognizer has a stable and well defined interface, as
well as the auxiliary functions. Therefore, new speech
and handwritten text applications can be implemented by
using the basic iATROS functions and implementing aux-
iliary functions that process the results provided by the
1ATROS functions.

Some examples of applications that can be build based
on iATROS are presented in the following subsections.

5.1. Off-line recognition

To carry out off-line recognition only some steps are nec-
essary:

e Read the configuration file.

e [oad the models: morphological, lexical and syn-
tactic models.

e For each sentence to be recognized:
— Analyze frame to frame.
— Optionally: obtain the word-graph.
— Return the best hypothesis.

e Free memory and end processes.

This application is actually implemented in a small
piece of code.

5.2. On-line speech recognition

For the on-line speech recognition task, the audio system
must be initialized and used to feed the recognizer with
frames. The on-line recognizer follows this scheme:

e Read the configuration file.

e Load the models: morphological, lexical and syn-
tactic models.

Init audio system.
e While user does not finish the process:
— Wait for audio input.

— While input cepstra are present, analyze frame
to frame.

— Return the best hypothesis.

Free memory and end processes.
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5.3. Combining handwritten text and speech recogni-
tion

This application is actually not implemented, but it is shown
as an easy example of construction of a multimodal ap-
plication based on iATROS. In this case, an image rep-
resenting a text is presented to the user, who utters the
corresponding words to the recognizer. The recognizer
uses both types of inputs (multimodal input) to enhance
the recognition. The scheme for this kind of application
is the following:

e Read the configuration.

e [oad the models: morphological (only text), acous-
tic (only speech), lexical and syntactic models (com-
mon).

e For each sentence to be recognised:

— Analyze text input frame to frame.

Obtain word-graph for text recognition.

Init audio system.

Wait for audio input.

Analyze speech input frame to frame.

Obtain word-graph for speech recognition.

Process text and speech word-graphs to return
the best common hypothesis.

e Free memory and end processes

6. CONCLUDING REMARKS

In this article we have introduced the basic architecture
and modules than form the iATROS system. We pre-
sented the steps that are used in speech and handwritten
text process to obtain the feature vectors that can be pro-
cessed by the decoder. We showed the basic features of
the decoder, as well as the different models and formats
that can be used.

We presented some applications based on the iIATROS
system: two basic recognizers (on-line and off-line), whose
implementation is quite simple (only short programs are
requiered to manage the iATROS functions) and a mul-
timodal recognizer that allows both handwritten text and
speech. This last recognizer should be implemented as
future work, but the presented scheme shows that its con-
struction is not difficult at all.

Future work is directed to the implementation of new
applications based on iATROS, as well as its use in new
tasks and experiments. Some improvements on temporal
complexity and the addition of new features (e.g., to al-
low not-gaussian output distributions) will be done at the
internal level. The implementation of new applications
could be used to improve the core system with new util-
ity functions (e.g., recognition with confidence measures,
speaker adaptation, etc.).

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]
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RESUMEN

Las caracteristicas de la voz esofagica hacen que su
estudio a través de un analisis acustico tradicional sea
complicado y limitado. Estas limitaciones son mayores
cuando se trabaja con pacientes que no tienen un gran
dominio de la técnica. Sin embargo, el rehabilitador
necesita obtener informacion sobre la mecénica
desarrollada por el paciente para la produccién de la voz
esofagica. Ya que el mecanismo de produccidon en voz
esofagica a diferencia de la voz laringea no es universal
ni tan transparente. Cada paciente, debido a los cambios
anatomicos que afectan al esfinter cricofaringeo (ECF) y
a las pérdidas funcionales derivadas de la cirugia,
desarrolla diferentes estrategias para producir voz. Por
todo ello, es fundamental que los clinicos puedan contar
con nuevos instrumentos para valorar la calidad de la voz
esofagica, que a su vez le aproximen al conocimiento de
la dinamica del ECF. El presente trabajo realiza una
descripcion de la voz de cuatro pacientes
laringectomizados basada en el estudio del perfil de la
onda neo-glotica. Se muestran los resultados obtenidos
tras analizar las fases de abierto-cerrado y la tension del
cuerpo muscular a nivel del ECF.

1. INTRODUCTION
El paciente laringectomizado es aquel que debido a un
proceso cancerigeno ha sido sometido a una intervencion
quirurgica cuyo resultado ha sido la extirpacion total de
la laringe. Como consecuencia de la operacion el paciente
sufre una serie de modificaciones anatomicas que
conllevan la alteracion y/o pérdida de determinadas
funciones. Sin duda, la limitacion principal a la que se
enfrentan estos pacientes es a la pérdida de la voz y por
tanto de la comunicacién oral. Es por ello, que el
proceso de tratamiento y rehabilitacion post-cirugia tiene
como principal objetivo el restablecimiento de la
comunicacion. En estos casos el rehabilitador ensefia a al
paciente un nuevo modelo de produccion de voz, llamado
voz erigmofonica o esofagica. Estd voz sigue el mismo
principio general descrito para la voz laringea, se trata de
aprovechar el cierre ocasionado por un esfinter muscular
para impulsar una columna de aire hacia el tracto vocal
(1). En voz esofagica se utiliza el ECF como fuente de
vibracién (neo-glotis) y se impulsa el aire previamente

almacenado en el es6fago. Una de las limitaciones que
presenta la voz esofagica radica en la cantidad de aire que
puede ser almacenar en el esdfago, aproximadamente
unos 50ml (2) en habla no esofagica, cantidad que
durante el habla esofagica puede aumentar a 94ml (3). La
limitacion al almacenar energia ocasiona que el habla
esofagica sea lenta, ya que continuamente debe ser
interrumpida para coger aire. Otra de las restricciones
importantes de la neo-fonacion radica en que el ECF
tiene una dinamica muy distinta a las cuerdas vocales. En
el caso del ECF el esfinter muscular es de tipo constrictor
y el cierre lo consigue por un fenémeno de
“estrangulamiento” de la luz descrita por la neo-glotis.
Ademas hay que considerar la capacidad para controlar el
cierre y el grado de tensiéon muscular es relativo. Por
ultimo, es importante también considerar que la mucosa a
nivel esofagico es diferente a la mucosa de los pliegues
vocales. Ambas comparten un epitelio estratificado en su
capa superficial, pero la organizacion a nivel mas
profundo difiere.

La calidad de la voz esofagica esta muy relacionada con
el mecanismo utilizado para la produccion de la voz (4).
Actualmente, los estudios de la dinamica del ECF se
realizan mediante métodos basados en técnicas
radiograficas, manometria (5) y videofluoroscopia (6).
Estos métodos tienen varias limitaciones, son invasivos y
ninguno de ellos aporta conjuntamente datos de dindmica
de la neoglotis y de calidad de voz.

El presente trabajo se basa en un método de filtrado
inverso utilizado para la estimacion de la fuente glotica
en voz laringea (7) con el objetivo de establecer el
correlato dinamico del ECF. Para ello se asume que la
ubicacion ECF es similar a la de los pliegues vocales y
que en ambos durante la fonacion se produce un
fenémeno de onda mucosa de similares caracteristicas.

2. METODO

2.1 Obtencion de muestras.

El estudié se llevd a cabo con cuatro registros de voz
esofagica enviados por el Servicio de ORL del Hospital
Gregorio Marafion para su analisis. Se conservo el
etiquetado de los pacientes tal y como fueron derivados
por el centro hospitalario. La unica informacion aportada
era referente al sexo y la técnica esofagica. Todos los
pacientes conseguian una voz esofiagica a través del
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método de deglucion, excepto uno de ellos que utilizaba
una estrategia basada en la inyeccion (8) (9). Igualmente
se realizo6 una clasificacion de los pacientes en funcion de
la aceptabilidad de la voz esofagica tras una valoracion
perceptual por un experto en voz del componente de
tension y ruido segun la escala GRABS (10) (Ver tabla
I). El protocolo de registro incluia una grabacién de la
vocal /a/ mantenida. Todos los pacientes tuvieron un
tiempo de fonacion inferior a 1,5 seg. Posteriormente se
seleccionaron 0,2 seg. para el  procesamiento y
extraccion del correlato de fuente neo-glotica y onda
mucosa (7). Tanto para la grabacion como para el
procesamiento de la sefial se utilizd6 el software
GLOTTEX® (11) (12) (Figura 2).

Tabla I. Clasificacion de los pacientes.

N° Técnica Tension Ruido
Traza
ES-1 Deglucio Alta Bajo
n
ES-3 Deglucié Baja Alto
n
ES-4 Deglucio Muy Alta | Alto
n
ES-7 Inyeccion Alta Bajo

2.2 Estimacion de la fuente neo-glotica y del correlato
de onda mucosa (GLOTTEX®).

El modelo de produccion de la voz esofagica es similar al
de la voz laringea. De tal forma que la voz esofagica se
define como el resultado irradiado por los labios de una
onda generada por la vibracion del ECF a su paso de una
columna de aire procedente del es6fago y que ha sido
modificada en los 6rganos de la resonancia.

El esfinter ECF es un anillo muscular establecido entre el
cricoides (limite inferior de la laringe) y el musculo
constrictor inferior de la faringe. En funcion de lo dicho
se puede concluir que a priori la longitud del tracto vocal
en el paciente laringectomizado serd similar a la del
sujeto con voz laringea.

Por tanto, en el paciente laringectomizado podemos
aplicar el mismo filtrado de sefial que se utiliza para voz
normal (7), ya que el modelo de tracto vocal no sufre
grandes variaciones. El resultado que obtenido después
de eliminar la influencia del tracto vocal es una sefial
neo-glotica resultante de la vibracion del ECF.

Si bien la dindmica cierre es muy diferente entre los
pliegues vocales y el ECF, ya que este actia como un
musculo orbicular. Una vez conseguido el cierre el
comportamiento dindmico de ambos sistemas es muy
similar. En ambos casos se diferencia un cuerpo muscular
y un componente de cubierta. La vibracidn, tanto los
pliegues vocales como el ECF, se produce por el paso de
una columna de aire que desplaza los componentes
superiores e inferiores de la cubierta con distinta fase. Asi
pues el mismo modelo de 3-masas (7) utilizado para
aproximarnos a la dinamica de los pliegues vocales es
valido para explicar el comportamiento del ECF. El

modelo de cuerpo-cubierta nos permite conocer las
tensiones establecidas en cada uno de dichos elementos
durante la produccion de la voz. De tal forma que
tensiones elevadas en cubierta disminuyen el componente
de onda mucosa y tensiones altas en cuerpo se relacionan
con elevada presion de cierre.

El procesamiento de la sefial de voz basada en la
metodologia expuesta mediante el software GLOTTEX,
genera una onda correlato de la fuente gldtica (o
neogldtica en caso de voz esofagica) en la que se
diferencian dos componentes (Fig. 1): una sefial de
duraciéon de un ciclo de fonacion completo (intervalo
entre dos cierres gloticos consecutivos, incluyendo la fase
de cierre y la de apertura) denominada por Titze (13)
como la onda acustica promedio, y una componente que
conserva los contenidos de alta frecuencia, que se
denomina componente dinamica de cubierta o también
correlato de onda mucosa. En la figura 1 se muestra un
ejemplo para voz laringea y en la figura 2 los resultados
obtenidos con voz esofagica.

El software utilizado permite la posibilidad de extraer
una seric de puntos singulares en el perfil de la onda
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Figura 1. La imagen superior muestra la pantalla
principal del software utilizado para la captura y
procesamiento de la sefial. La imagen inferior se
corresponde con el perfil de onda gldtica para una
voz laringea no patoldgica masculina. En la imagen
aparecen marcados los puntos de referencia para el
estudio de las fases de abierto-cerrado. Se observa
que el modelo se aproxima a lo descrito por el
modelo L-F (14).
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gldtica. Posibilitando asi calcular las fases de abierto-
cierre tomando como referencia lo esperado para un
modelo L-F (14) (Figura 1). El software también ofrece
una serie de parametros relacionados con las masas,
rigidez y las pérdidas de energias ocurridas en el cuerpo y
la cubierta (7) (Figura 2).

3. RESULTADOS Y DISCUSION

El perfil de onda glotica para la voz laringea no
patoldgica se caracteriza por ser proximo al descrito en el
modelo L-F (14). En estas curvas el valor maximo de
amplitud se encuentra en fase de abierto (Pho), siendo la
amplitud en fase de cerrado (Phc) de tendencia uniforme
e inferior a la reflejada en Pho. Esta es una condicion que
estd relacionada con la calidad del cierre. El estudio del
perfil de la fuente neo-gldtica en los pacientes con voz
esofagica derivo en distintos resultados los cuales estaban
relacionados con la técnica utilizada en la produccion de
la voz erigmofonica.

Paciente Tono Masa Rigidez
(HZ) (2 (g/seg’)
ES-1 60 B 0.12 15000
C 0.09 15000
ES-3 61 B 0.04 6500
C 0.05 3800
ES-4 67 B 0.5 100000
C 0.08 55000
ES-7 75 B 0.03 7500
C 0.02 2500

Tabla II. Muestra los valores medios obtenidos en la
estimacion del tono, masa y rigidez. Se muestran
separadamente los valores de masa y rigidez para el
cuerpo del esfinter neo-glotico (B) y para la cubierta o
mucosa (C).

El estudio de la onda neo-gldtica en el paciente ES-1 se
aprecia la irregularidad existente en la produccion de la
voz. Se obtienen dos ciclos consecutivos que son
diferentes (Ver figura 2). El segundo ciclo (C2) es algo
mas proximo al modelo L-F (14), mientras que el primer
ciclo se aleja del modelo normativo y se caracteriza por
un marcado defecto de cierre. La irregularidad en la
produccién es una caracteristica intrinseca al propio
mecanismo de produccion de la voz esofagica. Asi el
control de la técnica va dirigido a lograr un cierre
efectivo y regular. En los pacientes ES-3 y ES-4 se
aprecia una mayor simetria entre ciclos consecutivos (C1
y C2).

Una de las caracteristicas mds notorias de la voz
erigmofonica es el tono. El cual adquiere unos valores
muy bajos con independencia del género. Este es un
hecho dificil de superar para el paciente y el rehabilitador
ya que es consecuencia directa de la anatomia del ECF.
El ECF aporta una mayor masa tanto de cuerpo como de
cubierta. Ademas hay que considerar que el mecanismo
de cierre es orbicular lo cual ocasiona que la neo-glotis
tenga una mayor superficie de contacto en sentido

cranco-caudal. Con independencia de estas limitaciones
anatomicas hay que considerar que la mecanica de cierre,
y por tanto la masa involucrada en el mismo, es
dependiente de la técnica de voz. En la tabla II se
muestran los valores medios del tono para los pacientes
estudiados. Se puede apreciar como todos tienen un
registro muy grave que estd por debajo del umbral de
género. Los paciente ES-1, ES-3 Y ES-4 tienen unos
valores proximos tono localizados entre 60-70Hz. Todos
ellos utilizan la técnica de la deglucion, la cual si es
efectiva implica una mayor aportacion de masa por parte
del ECF. El paciente ES-4 consigue un tono de 67 Hz, el
mas elevado de los tres, pero para ello ha tenido que
desarrollar una rigidez maxima. El paciente ES-7 utiliza
la técnica de la inyeccion y presenta el valor de tono mas
elevado (75Hz). Esto es debido a la propia mecanica de
la técnica que aprovecha la tensidon articulatoria para
introducir el aire en el es6fago. El resultado es un cierre
mas relajado y con un tono mas alto al involucra menos
masa muscular y mucosa a nivel del ECF. Es decir, al
igual que en la voz fonada existe una relacion directa
entre tono, masa y tipo de cierre gldtico.

El estudio de la rigidez revela datos que corroboran todo
lo anteriormente expuesto. Los cierres mas absolutos
implican una mayor tension tanto en cuerpo como en
cubierta. La estimacion de la seccion del tracto vocal
(Ver figura 2) es un tipo de estudio muy interesante para
poder acercarnos a la biomecanica particular del paciente
durante la produccion de la voz esofagica.

En el paciente ES-1 el estudio de la seccion del tracto
vocal permite estimar la localizacion de la neo-glotis 20
cm desde los labios. El segmento del tubo esofigico
utilizado para la fonacion es de unos 13 cm. con una
seccion transversal del 15% en relacion a la apertura
maxima.

Los resultados para ES-2 y ES-3 son muy parecidos a los
obtenidos en ES-1. Unicamente destacar que en estos
casos el valor de la seccion del tubo esofagico aumenta
tomando valores del 20-30%. En el caso de ES-4 que es
la voz calificada como mas tensa, tanto por la valoracion
acustica como por el resultado de la estimacion de la
rigidez en cuerpo y cubierta, se aprecia que la zona de
vibracién, neo-glotis, es mas extensa verticalmente lo
cual viene a confirmar lo anteriormente expuesto al
hablar del tono. Los resultados para el paciente ES-7 son
diferentes. La estimacion de la zona neogética es mas
difusa y la participacion del tubo esofagico durante la
produccién de la voz es menor. Esto es debido a que por
la técnica vocal utilizada, como ya se ha comentado, no
necesita un cierre tan tenso, ni almacenar las mismas
cantidades de aire que los otros pacientes ya que se
aprovecha para ello de las oclusiones articulatorias.

4. CONCLUSION

En voz esofagica hay que buscar aquellas conductas
vocales que implican un cierre efectivo y que no implique
una excesiva rigidez a nivel del ECF. Favoreciendo el
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uso de aquellas técnicas vocales que favorecen el
incremento del tono y la agilidad en la produccion.

El estudio de la fuente neo-glotica aporta importantes
datos sobre la biomecanica del ECF. Estos datos son de
gran importancia para la evaluacion de la voz en este tipo
de paciente y fundamentalmente para la planificacion y
desarrollo de programas de rehabilitacion y pedagogia
vocal.
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RESUMEN

En esta comunicacién describimos el sistema de sintesis de voz
presentado a la competicién Albayzin 2008. Es un sistema que
sigue un esquema cldsico de concatenacion de unidades basado
en corpus. Cabe destacar que los costes de seleccién se han
ajustado mediante un método basado en algoritmos genéticos y
que no se ha utilizado ningun sistema de prediccion prosddica.
Se construyeron dos sistemas preliminares que diferfan en el al-
goritmo de generacién de forma de onda escogiendo el que se
presenta a la competicion mediante un test perceptual.

1. INTRODUCCION

La investigacién sobre sintesis de voz en la Escola Tecnica Su-
perior d’Enginyeria Electronica i Informatica La Salle se inici
en los ochenta con trabajos sobre sintesis articulatoria y por for-
mantes [1, 2, 3].

Mis tarde se optd por la sintesis concatenativa basada en di-
fonemas. Se implement6 un sintetizador en cataldn basado en
la técnica TD-PSOLA [4, 5], que ha sido la base para los sis-
temas desarrollados posteriormente hasta la actualidad. Desde
entonces se ha mejorado la selecciéon de textos a ser usados
durante el proceso de grabacion, la creacién de reglas para la
transcripcion fonética (especialmente para castellano), la seg-
mentacién de las unidades y el marcado de pitch. Por otro
lado, se han realizado investigaciones en el campo del mode-
lado prosédico[6], ajuste de pesos para la funcién de seleccién
[7, 8] y nuevas parametrizaciones basadas en cualidad de la voz
[9].

La investigacion del grupo los dltimos afios se ha basado en
disminuir el coste de produccion, segmentacion y puesta a punto
de los corpus de voz desarrollando nuevas herramientas de eti-
quetado automdtico. Dichas técnicas de rapida puesta a punto
han sido desarrolladas dentro del proyecto europeo SALERO
(Semantic AudiovisuaL Entertainment Reusable Objects). Di-
cho proyecto trata de conseguir un flujo produccién para juegos,
peliculas y television en diferentes medios de manera rdpida,
cualitativa y econémica mediante la combinacién de graficos
por ordenador, tecnologias de lenguaje y sintesis, tecnologias
de web semadntica asi como busqueda y recuperacién basada en
contenido.

El sistema presentado en esta evaluacion estd compuesto por
tres médulos: el de transcripcion fonética, seleccion de unidades
y generacion de forma de onda. La transcripcién fonética se
realiza mediante reglas. La seleccién de unidades se lleva a
cabo mediante un algoritmo de programacién dindmica y la gen-
eracién de forma de onda mediante concatenacién y modifi-
cacién (en algunos casos) de la sefial. La versidn presentada
en esta competicion prescinde excepcionalmente del médulo de

Este trabajo ha sido subvencionado parcialmente por el proyecto
SALERO (IST FP6-027122) de la Comisién Europea.

estimacién prosédica [6] y considera la prosodia inherente en el
corpus de voz de las unidades seleccionadas parcialmente sigu-
iendo lo descrito en [10]. De esta forma el algoritmo de selec-
cién debe asegurar que la prosodia generada sea natural. Para
ello debe ser capaz de escoger las unidades de forma que un
elevado porcentaje sean seleccionadas consecutivamente, lo que
conlleva aprovechar la variabilidad prosddica implicita en el cor-
pus.

En las secciones 2, 4 y 5 se describen los mddulos del sis-
tema de sintesis. Ademads, en la seccidn 3 se explica el tratamiento
del corpus para la generacién del inventario de unidades y en la
seccion 6 el procedimiento seguido para seleccion del sistema
definitivo.

2. TRANSCRIPCION FONETICA

El phone-set utilizado en nuestro sintetizador deriva de SAMPA
[11]. El médulo de transcripcién fonética consiste en un motor
de reglas [12]. Las reglas actdan sobre una estructura de datos,
que consiste en una lista de los pares grafema-fonema en un
enunciado. Es posible utilizar una regla de insercién (/) o de
borrado (D). La reglas se aplican sélo cuando la evaluacién (£)
de una cualidad de un fonema da un resultado positivo.

E(gr =="1)
B(gr ==' 1)

— D(gr) M
— I(/ks/) 2

La regla (1) indica que se debe borrar el grafema (gr) 'h’ y
la (2) que el grafema 'z’ se transforma en los fonemas /ks/ por
lo que se produce una insercién. Para excepciones el sistema
incluye un diccionario que se consulta antes de aplicar el motor
de reglas.

3. CREACION DEL INVENTARIO DE UNIDADES

3.1. Segmentacion y Etiquetado
3.1.1. Segmentacion por fonemas mds deteccion de silencios

La segmentacidn es el proceso por el cual se etiqueta el corpus
de voz indicando los limites temporales a nivel de fonema. Den-
tro del grupo de investigacion se ha evolucionado el proceso de
segmentacién, incorporando mejoras respecto del primer mar-
cador realizado [13], tanto en lo que se refiere a la calidad de
marcado como en la facilidad de uso gracias a la creacién de
interfaces de usuario e independizdndolo de la lengua de in-
terés. Actualmente, el entrenamiento necesario y el posterior
proceso de etiquetado estd basados en el uso de modelos ocultos
de Markov (HMM). Para ello se dispone de cédigo propietario
desarrollado en Matlab® que hace uso a su vez de la herramienta
HTK (Hidden Markov Model Toolkit) [14].

El corpus que se ha suministrado es un corpus locutado por
una voz femenina, de estilo neutro que consta de 776 archivos
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de alrededor 6000 palabras y En lo que se refiere al analisis del
corpus subministrado para la competicion, esencialmente se ha
realizado el control de la aparicién y omisién de silencios re-
specto a los indicados en cada uno de los enunciados, indepen-
dizando asi el hecho que el locutor realizara las pausas de modo
acorde al que los textos exigian. Por otro lado, los sonidos oclu-
sivos se tratan de forma especial, de tal manera que el golpe
de voz (burst) y el silencio previo se modelan como unidades
diferentes.

3.1.2. Marcado de pitch

Se ha realizado en dos fases. En la primera se sitian las marcas
sobre zonas sonoras, utilizando para ello un marcador basado
en el algoritmo RAPT [15]. En segundo lugar se aplica un post-
procesado sobre las marcas llamado Pitch Marks Filtering Algo-
rithm (PMFA) [16], con el que se consigue un marcado fiable,
minimizando a su vez la existencia de inserciones y omisiones.
Finalmente, se obtiene como resultado el marcado de zonas sor-
das y sonoras sin transiciones bruscas.

3.2. Prunning de la base de datos

Una vez creada la base de datos, con la informacion de dura-
ciones (segmentacion) y de Fp media (pitch), se realiza un anali-
sis estadistico para cada una de las unidades de forma que se
descarten, durante la sintesis, aquellos casos que sean consider-
ados erréneos (p.ej. outliers). El criterio considerado se basa
en el hecho que todos aquellos valores, de duracién y Fp, que
estén fuera del margen +1.5 veces el valor de mediana calcu-
lado sobre todo el corpus para cada unidad serdn descartados. A
partir de este procedimiento, por tanto, se dispone de una lista
(black list) donde se identifica la unidad que no se desea utilizar
durante la sintesis, el archivo a la que pertenece y su posicién
dentro del enunciado.

En cuanto a los resultados obtenidos sobre las duraciones
y Fp medio se obtuvieron los siguiente porcentajes: 2.71% de
valores descartados respecto a duracién media y 1.10% respecto
ala Fj media.

4. OPTIMIZACION DE COSTES DE SELECCION

La seleccion de unidades se realiza mediante un algoritmo de
programacién dindmica que minimiza una funcién de coste para
una serie de ¢ unidades seleccionadas del corpus [17]. Al no
haber prediccion prosddica se omiten los costes de target y solo
se tienen en cuenta los costes de concatenacion. Segun se puede
observar en la ecuacion (3), la matriz de costes es ponderada por
un vector de pesos que intenta correlar los costes con la calidad
final de la sefial.

3
Csel{ULUz,'“,UN} = ZWjSCj(i,i-i-l) 3)

En la ecuacién (3) se presenta un ejemplo de célculo de la fun-
cién de coste, donde SC}; corresponde al subcoste de selec-
cionar la unidad ¢ segiin la parametrizacién j = {PIT C, ENE
C, MFCC C} y wj a su peso correspondiente.

4.1. Costes de concatenaciéon y su normalizacion

Los costes de concatenacién con los que se trabaja son:

e PIT C: Subcoste de pitch de concatenacién. Determina
la diferencia de FO en el punto de concatenacion de la
unidad.

e ENE C: Subcoste de energia de concatenacion. Es la
diferencia de nivel energético de las unidades a concate-
nar en el punto de concatenacién mencionado anterior-
mente.

e MFCC C: subcoste espectral de concatenacion. Su cdl-
culo se basa en la estimacién del espectro mediante su
parametrizacién cepstral en la escala Mel (en inglés, Mel
Frequency Cepstral Coefficients (MFCC). Se utilizan 24
coeficientes cepstrales mas sus derivadas calculadas so-
bre una ventana de 20ms en el punto de concatenacién.

La normalizacién de los costes para que sean comparables
se basa en la aplicacién de una funcién sigmoidea, debido a que
la cantidad de valores atipicos no permiten una normalizacién
MAX-MIN (la normalizacién sigmoidea pondera la parte lineal
central de la distribucién de valores). En las ecuaciones (4) y (5)
se detalla la normalizacién siendo Pf;c y P(%H)j los subcostes de
las unidades ¢ e i+1 segin la parametrizacién j y en su dltima (R
- right) y primera (L - left) tramas, respectivamente. Adicional-
mente SC; (ui, ui+1) representa el coste de concatenacion j de
las unidades 7 e i+ 1 una vez normalizado. Dicha normalizacién
se basa en el cdlculo de las diferencias de los pardmetros normal-
izandolas respecto a la desviacién del subcoste (o x <) sobre una
funcién sigmoidea [18].

N
X(ui,uip1) = Z|P¢?—P(%+1)j| 4
1

_( X”(ui~ui+1))2
SCj(Ui,Ui+1) = 1—e 7xe (5)

Asimismo, las estadisticas en el proceso de normalizacién
se obtienen para cada una de las unidades analizadas, y se apli-
can evitando el problema del impacto de sesgar los subcostes
debido a una normalizacién global de los mismos considerando
todas las unidades del corpus.

Los pesos utilizados se han obtenido mediante una técnica
de regresion que utiliza algoritmos genéticos por torneo (tGA)
[19]. En este caso, se utilizaron los pesos normalizados que se
calcularon para un corpus propio en cataldn, de 20 minutos de
duracién y 1.207 unidades.

5. GENERACION DE FORMA DE ONDA

Para la competicion Albayzin 2008 se pusieron a punto dos sis-
temas de generacion de forma de onda para la arquitectura del
CTH explicada anteriormente. El primer sistema implementaba
una sintesis basada en Overlap and Add en el dominio temporal
(TD-PSOLA) [20] mientras que el segundo simplemente realiz-
aba concatenacién directa de la sefial segin sus marcas de pitch
(RAW).

La modificacién de la sefial mediante 7D-PSOLA se ha apli-
cado solamente a las unidades sonoras ralentizando su velocidad
un 10% (aumentando su duracién). Para alargar unidades se
hace una interpolacién de las tramas.

La concatenacién RAW no hace ningtn tipo de ventaneo
y se concatena la sefial en el paso por cero mds cercano a la
marca de pitch. La ventaja de este tipo de concatenacidn se basa
en mantener la propia naturalidad de la sefial. Dicho sistema,
asume que ante una seleccién de unidades 6ptima, no es nece-
saria ninguna normalizacién o modificacién de la sefial y asi
se puede aprovechar la velocidad, volumen y entonacién de la
grabacion original [21].
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6. SELECCION DEL SISTEMA PRESENTADO

Debido a la restriccion de presentar un sélo sistema por equipo
participante, se hizo una seleccion del sistema de sintesis mds
aceptado a nivel perceptual. A este efecto se escogieron al azar
cinco frases de las 350 de test que se tenfan que generar, se sin-
tetizaron con TD-PSOLA y con RAW para que el usuario final
escogiera entre ellas (segun la naturalidad y inteligibilidad con-
seguidas).

15 usuarios, tanto expertos como no expertos en tecnologias
del habla, realizaron la prueba cuyos resultados se pueden ob-
servar en la figura 1.

El impetuoso boligrafo consigue ese titulo

Eso de los noviazgos solo servia para disgustosy
lloros

Alajuventud hay que dejarla divertirse

En el arroyo la gente se arremolinaba gritando

TD-PSOLA

Dofia aparicio permanecié immévil algunos
minutosen la bocacalle

HRAW

Figura 1. Porcentaje de preferencia del test perceptual para las
cinco frases escogidas del test.

Analizando los resultados se puede observar que el nimero
de votaciones entre RAW 'y TD-PSOLA es muy parecido en dos
de las cinco frases donde siempre acaba ganando por la minima
RAW. En las otras frases RAW peresenta una abrumadora may-
orfa. Por este motivo, se decidié presentar a la evaluacién el
sistema RAW.

7. CONCLUSIONES

Desde el punto de vista de la creacién de la voz se puede con-
cluir que el tiempo de puesta a punto ha sido bastante rapido y
eficiente. Para cuantificar el tiempo destinado para ello, serfan
en torno a 20 horas de parte de un técnico y las necesarias, en
funcién de la longitud del corpus y de la potencia de cdlculo de
la maquina, para su parametrizacién. Cabe decir que el tiempo y
coste destinado ha sido el mds 6ptimo segtin nuestra experiencia,
ya que para cada nueva voz desarrollada las herramientas para
su etiquetado han sido mejoradas y los procesos mas automati-
zados segun el proyecto SALERO detallado en la introduccion.

Cabe deducir, debido al resultado de las pruebas percep-
tuales, que al no disponer de modelo prosddico, la técnica de
TD-PSOLA no mejora, y en algunos casos empeora, la calidad
perceptual de la sefial.

Es la segunda voz en castellano utilizada para un dominio
genérico con nuestro conversor texto-habla. Nuestro primer con-
versor texto-habla utiliz6 una voz expresiva con distintas emo-
ciones el cual ha dado lugar a diferentes publicaciones y proyec-
tos [22, 6, 23].

8. TRABAJO FUTURO

La estrategia de futuro de nuestro CTH pasa por incorporar téc-
nicas de modificacion de la sefial basadas en modelos harméni-
cos mds ruido, mejorar el procesado de la sefial segiin TD-PSOLA
teniendo en cuenta la especifidad de cada unidad, incorporar
costes lingiifsticos en coste de farget, incorporar el trabajo pro-
totipo de seleccidn de unidades basado en medidas perceptuales

detallado en [7, 8] y incorporar el modelo prosédico expresivo
detallado en [6].
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Abstract

ATVS submission to ALBAYZIN-VLO8 will consist of
different combinations of a set of acoustic and phonotactic
subsystems that our group has developed during the last
years. Most of these subsystems have already been evaluated
on NIST LRE 07 evaluation. At the time of writing this
system description some of the details of our submission are
still undefined. Therefore we will briefly describe our systems
and the intended combinations to be submitted, but these
settings should not be taken as final in any way. As acoustic
subsystems we will use a GMM SuperVectors and a GLDS-
SVM subsystem, while the phonotactic subsystem will be a
PhoneSVM system. We are still deciding the best fusion
strategy and the best combination of subsystems at the time of
writing. Output scores will be submitted in the form of log-
likelihood ratio (logLR) scores in an application independent
way. Open-set detection thresholds will be set to the Bayes
thresholds in all cases, and the same logLR sets will probably
be submitted to the closed- and open-set conditions.

1. Introduction

ATVS-UAM submission to ALBAYZIN-VLO8 consists of
different combinations of a set of acoustic and phonotactic
subsystems that our group has developed during the last
years. The two acoustic subsystems are based on two different
techniques: SVM-GLDS (language recognition using SVMs
with Generalized Linear Discriminant Sequence kernel) and
GMM SuperVectors (also named as GMM-SVM in this
document, is language recognition using SVMs that take as
input the means of Gaussian Mixture Models). The
phonotactic system will be a Phone-SVM subsystem (phone
recognition and n-gram modeling followed by Support Vector
Machine classification).

A particularity of all of ATVS subsystems is that no
transcribed speech is needed to train language models. This
makes them particularly useful for situations where few
language resources are available or when transcription of
materials for training the language models is difficult or very
expensive. For this reason, our subsystems are better fitted for
the restricted training condition of the evaluation. The Phone-
SVM subsystem, however, requires phonetic recognizers
trained on different corpora, and therefore cannot be included
in our submission to the restricted training condition.

The same individual subsystems will be used to perform
language recognition for test segments of 3, 10 and 30s.
These subsystems will be fused together in some way. At this
time we are experimenting with several fusion strategies
ranging from sum fusion to anchor model fusion. The scores
will be submitted as calibrated Log-Likelihood Ratios.

The rest of this system description is organized as follows:
Section 2 describes the acoustic subsystems, Section 3 the

phonotactic subsystems, Section 4 the fusion strategies and
Section 5 the calibration process.

2. Acoustics systems

We use two different acoustic systems, both of which are
based on SVMs using different features. In this section we
describe these two acoustic systems and the training material
used for training them.

2.1. Individual Sub-systems: SVM-GLDS

The first individual sub-system is, in fact, the fusion of two
acoustic systems based on SVM [1,2] using different features.
Systems use a kernel expansion on the whole observation
sequence, and a separating hyperplane is computed between
the target language features and the background model. Both
ATVS acoustic SVM-GLDS subsystems use a polynomial
expansion of degree three [3] followed by a Generalized
Linear Discriminant Sequence kernel as described in [4].

2.2. Individual Sub-systems: GMM-SVM (or GMM
SuperVectors)

This subsystem is based on using an SVM classifier over the
GMM models space. The language model is constructed by
MAP (Maximum A-Posteriori) adaptation of the means of the
UBM (Universal Background). A GMM super vector is
constructed by stacking the means of the adapted mixture
components. Then the SVM classifier is used to train and
separating hyperplane in the vector space defined by the
super-vectors.

2.3. Training data used

To fulfil the restricted condition training of the ALBAYZIN-
VLO8 evaluation these subsystems have been trained and
adjusted using exclusively the training (and development)
data supplied by the organization of the evaluation. In this
way, these acoustic systems can (and will) be used for the
restricted training condition. We have downsampled the
speech materials provided by the organization to 8 kHz
because our systems were developed to work on telephone
speech. This will limit the performance of our systems.

3. Phonotactic Systems

Our phonotactic system consists of a Phone-SVM system
using 7 phonetic recognizers in 7 different languages. In this
section we describe this system in more detail and discuss the
training material used.

3.1. Individual Sub-systems: Phone-SVM

Each of the seven different Phone-SVM subsystems is based
on the following steps. First a voice activity detector segments
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the test utterance into speech and non-speech segments. The
speech segments are recognized with one open-loop phonetic
decoder. The best decoding is used to estimate count-based 1-
grams, 2-grams and 3-grams. All these parameters are
reshaped as a single vector that is taken as the input of an
SVM that classifies the test segment as corresponding (or not)
to one language.

The process described above is repeated for the seven
different open-loop phonetic recognizers used. All decoders
are based on Hidden Markov Models (HMMs) trained using
HTK and used for decoding with SPHINX. The phonetic
HMMs are three-state left-to-right models with no skips,
being the output pdf of each state modelled as a weighted
mixture of Gaussians.

For each test utterance, the systems make n-grams with
the transcription produced by the phonetic decoders. Support
Vector Machines (SVMs) take the n-grams as input vectors
[1,2].

3.2. Training data used

Most of the seven decoders were trained on SpeechDat-like
corpora, containing over 10 hours of training material per
language and covering hundreds of different speakers. The
languages of these phonetic decoders are English, German,
French, Arabic, Basque and Russian. We have also included a
7th phonetic decoder in Spanish trained on Albayzin [5]
downsampled to 8 kHz, which contains about 4 hours of
speech for training. We developed these phonetic recognizers
for telephone speech (mainly for NIST LRE evaluations) and
will use them with the test materials downsampled to 8 kHz.
This will limit the performance of our systems.

Although the models that we will use for detecting the
language for the ALBAYZIN-VLOS evaluation will be trained
entirely on the training and development materials provided
by the organization, the use of previously trained phonetic
decoders in this system makes it usable only in the
unrestricted training condition.

4. Fusion

In order to combine the results of the subsystems presented
above different fusion techniques are currently being
explored, from classical techniques, like sum fusion, to novel
ones like anchor-models fusion [6-8]. Prior to any processing,
the scores of each of the individual sub-systems are
normalized using a test-segment dependent normalization.
This normalization is also currently under study, so we have
not yet decided the final configuration.

5. Calibration and decision

In order to take the actual decision we will follow a per-
language detection approach in order to calibrate the output
log-likelihood-ratios (logLR). Therefore, each score for each
of the target languages will be mapped to a logLR assuming a
target-language-vs.-all configuration, in the following way:

P (score\ target language) J

log(LR) =1
og(LR) =log [ P (score‘ any other non-target language)

After calibrating logLR values, the logarithm of the Bayes
threshold will be used in order to take decisions. If the
calibration process is correctly performed, this is equivalent to
choosing the minimum-cost threshold for each target
language detection sub-system.

6. Conclusions

For the ALBAYZIN-VLO08 evaluation, we have built mainly
on previously developed subsystems that we have used in
NIST LRE 07, trying to adapt them for the particular task and
languages proposed in the ALBAYZIN-VL08 evaluation. Our
systems have been developed with the requirement of easy
training for new languages, so it has been relatively
straightforward to train them for the languages of the
ALBAYZIN-VLO8 evaluation. However, once the subsystems
have been trained we still have to fine tune the fusion and the
calibration. This work is still in progress at the time of
writing.
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RESUMEN

En este articulo describimos los sistemas presentados por
el grupo IXA-EHU a la evaluacion ALBAYCIN’08. Da-
da las caracteristicas de los pares de lenguas a tratar y la
naturaleza aglutinativa del euskara hemos procedido a la
segmentacién de las palabras en morfemas para, de es-
te modo, facilitar el alineamiento. Ademads este proceso
habilita la posibilidad de aprender pseudosintagmas (se-
cuencias de palabras sin estructura sintdctica) que pueden
estar compuestos ademds de por palabras, por morfemas
considerados de manera independiente a la palabra a la
que van unidos; por ejemplo, en el caso de ’etxe-ra’ noa
(voy a casa), el pseudosintagma ’-ra noa’ se puede alinear
con 'voy a’.

Ademas de la segmentacion hemos incorporado a la
tabla de traduccién pares de pseudosintagmas que han si-
do extraidos utilizando técnicas de traduccién basada en
ejemplos de MaTrEx [1]. Estos nuevos pseudosintagmas,
a diferencia de los extraidos por las técnicas estadisticas,
coinciden con sintagmas desde un punto de vista lingiifs-
tico. Al ampliar la tabla de traduccién con estos nuevos
pseudosintagmas, se amplia la cantidad de pseudosintag-
mas disponibles por el decodificador, ademds de favorecer
aquellas traducciones sinticticamente correctas.

1. INTRODUCCION

En este articulo describimos los sistemas presentados
por el grupo IXA de la Universidad del Pais Vasco a la
evaluaciéon Albaycin’08.

El alto nivel de flexion del euskara, junto con el he-
cho de que no haya gran cantidad de corpus paralelo ac-
cesible, complica la tarea de traduccién espanol-euskara
convertiendola en un reto interesante.

Para hacer frente a su alto nivel de flexién hemos seg-
mentado las palabras en euskara dividiéndolas en morfe-
mas, de modo similar al realizado en otros trabajos para
otros pares de lenguas de gran flexién, como en el caso
del inglés-checo [2] y el inglés-turco [3].

El articulo estd organizado del siguiente modo: en la
seccién 2 explicamos las distintas técnicas que usaremos

Este trabajo ha sido subvencionado por Gobierno Vasco, mediante
la ayuda predoctoral concedida a Gorka Labaka (c6digo BF105.326)

en nuestros sistemas; la seccion 3 esta dedicada a mostrar
los sistemas que hemos evaluado y que se basan en com-
binaciones de las técnicas previamente explicadas; en la
seccién 4 resumimos los resultados conseguidos por cada
uno de los sistemas; finalmente comentamos las conclu-
siones extraidas de esos resultados (seccion 5).

2. TECNICAS UTILIZADAS

En esta seccién explicamos las técnicas que hemos
utilizado en la implementacién de los sistemas que pre-
sentamos a la evaluacién Albaycin’08.

2.1. Segmentacion del texto en euskara

Dada la naturaleza aglutinante de la lengua y, conti-
nuando con el trabajo presentado en un publicacién ante-
rior [4], hemos llevado a cabo la segmentacién del texto
en euskera. De esta manera, tendremos en tokens inde-
pendientes los morfemas que conforman una palabra.

Para llevar a cabo esta segmentaciéon hemos analizado
el texto en euskara utilizando EusTagger[5] y cada pa-
labra se ha separado en como maximo tres tokenes: los
prefijos, el lema y los sufijos. De este modo, para una pa-
labra como ’etxekoa’ (el de la casa) se crean dos toke-
nes: “etxe’ y ’+koa’. En una primera aproximacion, pen-
samos en crear un token por cada morfema pero, dadas las
caracteristicas de la salida de EusTagger que genera una
segmentacién muy fina (con muchos morfemas por pala-
bra), decidimos unir todos los sufijos en un tnico token;
los prefijos también fueron tratados de la misma manera.
La razén principal para llevar a cabo esta segmentacion
es facilitar el alineamiento, ya que de este modo habra
menos alineamientos multiples a la vez que se reduce la
dispersion.

Gracias a este proceso de segmentacion podemos apren-
der pseudosintagmas en los que toman parte sélo algunos
de los morfemas de una palabra. De este modo se podria
extraer el par de pseudosintagmas ’voy a’ ’-ra noa’, don-
de la preposicién ’a’ se traduce con el sufijo *-ra’ cuando
acompaiia al verbo ’ir’ independientemente del lema al
que esté unido. Sin la segmentacién no seria posible esta
clase de generalizacion teniendo que extraer pseudosin-
tagmas distintos para cada ejemplo.



V Jornadas en Tecnologia del Habla

El hecho de usar el texto segmentado para entrenar el
traductor estadistico, conlleva que necesitemos generar el
texto final en euskara basdndonos en la salida del traduc-
tor, ya que esta estard segmentada al igual que el corpus
utilizado en el entrenamiento. Para generar el texto final
hemos utilizado el médulo de generacion del traductor ba-
sado en reglas matxin[6] (que utiliza en el mismo 1éxico
que el analizador).

A la hora de generar el texto final hay que tener en
cuenta que el traductor estadistico puede producir combi-
naciones de morfemas que no correctas pudiéndole asig-
nar a un nombre la flexiéon correspondiente a un verbo o
incluso llegando a asignarle algiin tipo de flexién a toke-
nes que no se pueden flexionar como los signos de pun-
tuacion. En este caso y, como primera aproximacion, eli-
minamos la flexién dejando tnicamente el lema.

Finalmente, para poder incorporar un modelo de len-
guaje basado en palabras (el decodificador usard uno ba-
sado en el texto segmentado), en vez de obtener sélo la
mejor traduccidn que el decodificador es capaz de encon-
trar, obtenemos una lista de las n traducciones mds pro-
bables y, tras la generacién, reordenamos la lista de tra-
ducciones incorporando el modelo de lenguaje basado en
palabras como si fuera un modelo mas.

2.2. Hibridacion SMT-EBMT: sistema MaTrEx

En colaboracién con Nacional Centre for Language
Technology de la Dublin City University hemos adaptado
su sistema MaTrEx[1] para utilizarlo con el euskara. Este
sistema consiste en enriquecer la tabla de traduccién con
pares de pseudosintagmas extraidos usando técnicas de la
traduccion automadtica basada en ejemplos.

Para extraer los nuevos pseudosintagmas, se analizan
sintdcticamente ambas partes del corpus paralelo y se mar-
can los sintagmas (hemos usado Freeling [7] para proce-
sar el espafiol y Eustagger para el euskara). En un segundo
paso y basdndose en los alineamientos palabra por pala-
bra se alinean estos sintagmas y se incorporan a tabla de
traduccion.

3. SISTEMAS PRESENTADOS

Para crear nuestros sistemas hemos utilizado las si-
guientes herramientas:

= Alineador de palabras GIZA++ [8].
= Modelo de lenguaje SRILM [9]
= Moses SMT Toolkit [10]

Mediante estas herramientas de uso libre y los corpora
habilitados por la organizacién (en la tabla 1 se muestra
algunos datos de los corpora) hemos creado un sistema
baseline, usando los scripts y los pardmetros que Moses
trae por defecto. Hay que tener en cuenta que el siste-
ma baseline de Moses incorpora técnicas de reordenacion

lexicalizada ademas de la basada en distancia. En la crea-
cion del baseline se han llevado a cabo la optimizacién
de los pesos de cada modelo usando BLEU y Minimum
Error Rate Training.

Basandonos en este baseline hemos incorporado las
técnicas explicadas en la seccion 2 creando distintos siste-
mas de traduccién. Posteriormente hemos evaluado el im-
pacto que tiene cada técnica. Para incorporar los pseudo-
sintagmas correspondientes al sistema MaTrEx, hay que
analizar ambos textos, alinear los sintagmas basdndose
en los alineamientos palabra por palabra e incorporar los
nuevos pares de pseudosintagmas a la tabla de traduccién
antes de calcular los pesos de los modelos de traduccién
con los scripts proporcionados con Moses. Tras este pro-
ceso se continua con el entrenamiento del sistema.

Por otro lado a la hora de usar el texto segmentado,
ademads de preprocesar y post-procesar las oraciones en
euskara, para segmentar el texto y volver a generar la for-
ma final, hemos tenido que modificar el proceso de opti-
mizacién para poder optimizar también el peso del mo-
delo de lenguaje basado en palabras. Como hemos expli-
cado anteriormente, el decodificador utiliza un modelo de
lenguaje basado en el texto segmentado, y el modelo de
lenguaje basado en palabras se incorpora a la traduccién
después del post-proceso de generacién mediante el reor-
denamiento de una lista n-best. Por lo que en cada paso
de la optimizacién hay que incorporar tanto la generacién
como el reordenamiento de las listas basdndose en la lista
n-best.

Ademds de los sistemas donde probamos las técni-
cas presentadas individualmente, también hemos entrena-
do un sistema donde probamos la combinacién de ambas.

4. RESULTADOS

Hemos evaluado los sistemas presentados en la sec-
cién 3 sobre el corpus de test usando las métricas auto-
maticas mas usuales (BLEU, MBLEU, WER, PER). En
la tabla 2 se presentan los resultados para dichos sistemas
y métricas.

Lo maés destacable de los datos presentados es que
ambas técnicas individuales (MaTrEx y segmentacién del
euskara) mejoran los resultados del sistema baseline pa-
ra todas las métricas utilizadas. A su vez, la combinacion
de técnicas supera a cada una de ellas considerada indivi-
dualmente, logrando los mejores resultados.

5. CONCLUSION

Las técnicas que hemos utilizado han dado un resulta-
do satisfactorio mejorando ambas el baseline. Ademds la
combinacién de las misma supera a las técnicas aplicadas
individualmente.

Respecto al trabajo futuro, nos proponemos modificar
la segmentacion del euskara, buscando una forma alter-
nativa para agrupar los morfemas. Actualmente, todos los
morfemas que acompafian al lema se agrupan en un tnico
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corpora lenguaje oraciones | tokenes | vocabulario-tokenes
Espaiiol 1284212 50927
entrenamiento | Euskara 58202 1010545 95724
Euskara-segmentado 1546304 40436
Espaiiol 32743 7073
development Euskara 1456 25778 9030
Euskara-segmentado 39420 6191
Espaiiol 31004 6836
test Euskara 1446 24372 8695
Euskara-segmentado 37347 5976
Tabla 1. Estadisticas de los corpora utilizados.
BLEU | MBLEU | NIST | WER | PER
baseline 10.82 10.21 4.51 | 80.44 | 61.67
MaTrEx 11.03 10.38 4.54 | 80.13 | 61.65
segmentacion euskara 11.19 10.49 4.65 | 79.27 | 60.60
segmentacion + MaTrEx | 11.37 10.65 4.71 | 78.65 | 60.01

Tabla 2. Evaluacién de los distintos sistemas probados.

token ya que se consiguen mejores resultados que man-
teniendo cada morfema un token pero pensamos que una
agrupacidn intermedia mejoraria los resultados.

Por otro lado, nos planteamos mejorar el proceso de
generacion de la forma final, modificando la secuencia de
morfemas que devuelve el traductor estadistico en aque-
llos casos que ésta no sea morfolégicamente correcta. Es-
ta modificacién puede implicar la reordenacién de la se-
cuencia o la eliminacién de algunos de los morfemas.

(1]

(2]

(3]

(5]
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RESUMEN

En el presente articulo se describen las caracteristicas
basicas del conversor de texto a voz (CTV) AhoTTS
desarrollado por el grupo Aholab de la Universidad del
Pais Vasco. AhoTTS es un sistema en el que tanto el
modulo prosodico como el aclstico estan basados en
técnicas por corpus. Asimismo se detalla el proceso de
generacion de una voz en castellano dentro de la
campafia de evaluacion Albayzin TTS 2008.

1. INTRODUCCION

La campafia de evaluacion Albayzin TTS 2008
tiene como propdsito principal comparar las distintas
técnicas e implementaciones de los  sistemas
participantes, partiendo de un base de datos comun.
Para ello, sigue la linea trazada por la evaluacion
internacional “Blizzard Challenge”. La ultima edicion
de dicha evaluacion se llevo a cabo tanto para el Inglés
como para el Chino Mandarin, mientras que Albayzin
TTS 2008 en esta su primera edicion, se ha centrado
unicamente en el Castellano.

Cada participante ha dispuesto de un periodo de 7
semanas para generar una voz a partir de la base de
datos proporcionada por la UPC. Tras dicho periodo, se
han sintetizado multiples textos de test que seran
evaluados de forma subjetiva bajo los siguientes
criterios de calidad: Parecido con la voz original,
Naturalidad e Inteligibilidad.

En este articulo se explican las caracteristicas
principales del CTV AhoTTS. En la seccién 2 se
describen los modulos que componen el sistema de
sintesis. El proceso de generacion de la voz se explica
en la seccion 3. Finalmente, se presentan unas
conclusiones sobre todo el proceso en la seccidn 4.

2. DESCRIPCION DEL SISTEMA

AhoTTS es el CTV que el grupo Aholab lleva
desarrollando desde 1997. Implementado en C/C++

dispone de un arquitectura modular y multiplataforma.
En la actualidad se han desarrollado voces en los
siguientes idiomas: Euskera, Castellano e Inglés (para
este ultimo haciendo uso de los mddulos de procesado
lingliistico de Festival [1]). En las siguientes
subsecciones se explicaran las caracteristicas principales
de cada uno de los mddulos basicos que componen el
sistema general: Procesado Lingiistico, Prediccion
Prosddica y Mddulo Acustico.

2.1. Procesado Lingiiistico

La funcién principal de este modulo es la de
proporcionar una secuencia de fonemas a partir de un
texto de entrada. Este proceso implica varias fases:
normalizacion, delimitacion de las frases,
categorizacion, silabificado, acentuacién y transcripcion
fonética. Aunque AhoTTS ya disponia de dichas
funciones para el castellano, se han realizado mejoras o
modificaciones en las tres Ultimas etapas.

2.2. Prediccion de la Prosodia

Partiendo de la informacion del modulo precedente
se pretende modelar la prosodia (entonacién, duracion y
potencia) buscando imitar lo mejor posible la del locutor
original. Por ello se han desarrollado modelos basados
en el corpus proporcionado por la organizacion de
Albayzin TTS 2008. Cabe destacar que no se ha
desarrollado ningiin modelo de insercion de pausas para
la voz en castellano, por lo que Unicamente se utiliza la
puntuacion ortografica del texto de entrada.

2.2.1. Duracion

La duracién de cada fonema se predice mediante
arboles CART para vocales, semivocales, consonantes
sonoras y consonantes sordas. El entrenamiento se lleva
a cabo en base a la siguientes caracteristicas con una
ventana que recoge los 2 fonemas anteriores y
posteriores al actual: Fonema, vocal/consonante,
vocales (altura, amplitud y redondez), consonantes
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(sonoridad, clase, punto articulacién...), acento,

posicion (silaba, palabra, frase), etc.
2.2.2. Entonacion

Se trata sin duda del rasgo prosddico mas relevante
en la calidad y naturalidad de la sintesis obtenida.
AhoTTS dispone de tres modelos entonativos:

e  Modelo I: Una implementacion muy simple de picos
y valles.

e  Modelo 2: Un modelo estadistico basado en arboles
y curvas de Fujisaki que proporciona una entonacion
con una alta consistencia y naturalidad. Sélo esta
implementado para Euskera.

e  Modelo 3: Modelo entonativo basado en corpus.

El sistema presentado en la evaluacion Albayzin
TTS 2008 hace uso del modelo 3, por lo que se
procedera a detallar las caracteristicas del mismo en las
siguientes lineas.

Como todo modelo entonativo basado en la
seleccion de unidades, para formar la curva final
resultante extrae y concatena curvas de pitch naturales.
A diferencia de la mayoria de sistemas, que utilizan
como unidad basica el grupo acentual, se ha optado por
una implementacion similar a la de [2] en la que la
unidad bésica es el fonema.

o  Coste Objetivo: A partir de la transcripcion fonética
de entrada y para cada fonema sonoro, se realiza una
preseleccion de candidatos en base a las siguientes
caracteristicas: Fonema (coste nulo si el fonema es
idéntico y en caso contrario ponderado por clases
fonéticas), Sonoridad, Duracién, Tipo de Grupo
Acentual, Posicion en el Grupo Acentual, Posicién
en la Silaba, Tipo de Fonema Adyacente (vocal,
semivocal, consonante sonora/sorda y pausa), Tipo
de Grupo Foénico, Distancia al acento mas cercano,
Posicion del Grupo Acentual dentro del Grupo
Entonativo y Numero de Grupos Acentuales dentro
del Grupo Entonativo. Los pesos de los costes
objetivo se entrenan siguiendo un esquema similar al
propuesto en [3] usando regresion lineal multiple.
Para ello se define como distancia a predecir, la del
contorno de pitch del fonema sonoro anterior, actual
y siguiente, dando mayor peso a la forma del
contorno que al valor absoluto del pitch.

e Coste Concatenacion: Tras la fase de preseleccion,
se computan los costes de concatenacién para
obtener la curva definitiva. Dichos costes incluyen:
Distancia entre el ‘siguiente contorno natural del
fonema anterior’ y el del actual y viceversa
(distancia entre el ‘contorno del fonema anterior’ y
el ‘contorno natural anterior del fonema actual’),
Diferencia de pitch entre los extremos cuando se
trata de dos fonemas sonoros adyacentes, y
Penalizacion por maximo salto de pitch entre silabas

adyacentes  (calculado a partir de la media y
desviacion estandar de los saltos en la voz natural).

Finalmente, se interpola el pitch en los fonemas
sordos, se suaviza entre fonemas sonoros adyacentes si
fuera necesario, y se modifica ligeramente la duracion
de cada fonema sonoro interpolando la predicha por el
modelo de duracion correspondiente, con la duracién
del contorno entonativo seleccionado.

2.2.3. Energia

Dado que la potencia no se utiliza como coste
objetivo durante la seleccion de unidades acusticas, se
ha optado por no generar un modelo de energia para la
voz en castellano.

2.3. Modulo Acustico

El modulo actistico combina las fases tipicas de un
sistema concatenativo basado en corpus: Preseleccion
de Unidades, Programacion Dindmica combinando los
costes objetivo y de concatenacion y la Sintesis de la
secuencia de unidades seleccionadas para generar la
onda de audio final.

2.3.1. Seleccion de Unidades

La unidad basica empleada por nuestro sistema es el
semifonema, pero si existen suficientes candidatos
(umbral situado en unos pocos centenares) hacemos uso
de difonemas. De esta forma se establece un
compromiso entre la flexibilidad prosdédica que permite
el hacer uso de semifonemas y la preservacion de la
naturalidad motivada por el uso de difonemas.

Haciendo uso del algoritmo de Viterbi se busca la
secuencia de unidades del corpus que minimice la
funcidon coste compuesta por subcostes objetivo y de
concatenacion tal y como se muestra en las siguientes
férmulas:

n-1

Cty.ty ) =a ) CT(t,u)+(1-a)Y C(u,,u,,)
i=1 i=1
P
CT(ti’ui) = Z W;C;(ti’ui)
j=0

%
Cc(ui’ui+1) = Z W](':Cj(': (ui’ui+1)

j=0
Donde 7, identifica las unidades objetivo y u, las

. T ..
candidatas. C” y C° representan los costes objetivo y
concatenacidén respectivamente; w;es el j-ésimo peso

que pondera una de las subfunciones existentes: P
subfunciones de coste objetivo y Q de concatenacion.

El coste objetivo esta formado por la suma
ponderada de los siguientes subcostes aplicados a nivel
de semifonema y normalizados entre 0 y 1 (coste
mAaximo):
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e Trifonema: Valor discreto para potenciar el uso de
unidades consecutivas en el corpus.

e  Contexto: En una ventana de 5 fonemas, conjunto de
valores discretos que caracterizan los tipos de
fonemas adyacentes.

e  Pitch: Distancia euclidea del contorno entonativo
normalizando la duracion.

e  Duracion: Valor absoluto de la diferencia de
longitud. Se tiene en cuenta la posibilidad de
modificar ligeramente la duracion de unidades
sonoras durante la generacion de la forma de onda.

e Acento: Distancia a la silaba acentuada mas proxima.

e Tipo de grupo fonico: Interrogativo, inacabado,
exclamativo, enunciativo, etc. Se ponderan
especialmente las unidades finales y también la
iniciales en las oraciones interrogativas.

e  Posicion: Posicion relativa de la unidad dentro del
grupo fonico.

e  Posicion en la palabra: Las unidades se agrupan en
4 categorias (inicio, medio, final y unica) a nivel
tanto de palabra como de silaba.

e Sonoridad: Penaliza unidades sonoras marcadas
como sordas.

e Calidad fonética: Penaliza unidades que si bien no
son marcadas como “fuera de rango” su distancia
acustica es superior a un umbral respecto al centro
del cluster.

Los pesos de los costes objetivo se ajustan de
forma automatica utilizando un método similar al
utilizado en el modulo prosddico. Se mide la distancia
acustica entre unidades del corpus para tratar de
predecirla como la suma ponderada de las funciones
coste; resolviendo el valor de los pesos como un
problema de regresion lineal multiple.

Tras realizar una preseleccion con las unidades de
menor coste objetivo, se calculan los costes de
concatenacién entre unidades no consecutivas en el
corpus en base a los siguientes criterios:

e  Pitch: Diferencia de pitch en el punto de
concatenacion.

e Rango de pitch: Para controlar saltos excesivos de
pitch entre silabas adyacentes y normalizando el
coste respecto a los valores medios medidos para la
voz original.

e  Duracion: Calculada unicamente a nivel de fonema
(sumando duraciones de semifonema izquierdo y
derecho) como diferencia respecto a la predicha por
el modelo de duracion.

e  Potencia: Potencia en los extremos a concatenar y
potencia media para unidades sonoras a nivel de
fonema.

e  Sonoridad: Penaliza unién entre unidades sonoras
marcadas como sordas que no sean consecutivas.
Para evitar ruidos de concatenacion debidos a
marcas de pitch errdneas.

e  Punto de union: Se penaliza ligeramente las uniones

en partes no estacionarias, es decir, transiciones
entre fonemas.

e Distancia acustica: Distancia euclidea entre la

ultima y primera OLA de las unidades a concatenar.
Se parametriza mediante 13 coeficientes MFCC
afiadiendo primeras y segundas diferencias. Para
normalizar los valores se computan previamente las
distancias medias de las transiciones entre
semifonemas de la voz original.

Los pesos relativos a los costes de concatenacion
son ajustados de forma manual, aunque no se
modificaron los valores existentes para las voces en
Euskera, salvo el coste a que pondera la importancia
entre los costes objetivo y de concatenacion.

2.3.2. Generacion de la forma de onda

Para mantener al maximo la naturalidad de las
unidades seleccionadas, no se realiza ningun tipo de
modificacion de pitch, suavizando unicamente las
uniones con informacion del cierre del pulso glotal. Si
que se realiza en cambio, una modificacion de Ia
duracion de las unidades sonoras cuando la diferencia
respecto al objetivo excede un umbral. Asi como una
ligera modificacion de la energia para evitar cambios
bruscos de volumen.

3. CONSTRUCCION DE LA VOZ

Para la generacion de la voz se partia del corpus
upc_esma [4] grabado en castellano por una locutora. El
corpus de 1 hora y 45 minutos de duracion, esta
formado por 3 tipos de textos: frases fonéticamente
balanceadas (30 minutos), parrafos fonéticamente
balanceados (30 minutos) y parrafos literarios con una
mayor variacion prosodica (45 minutos).

Junto a los ficheros de audio se ha proporcionado
la segmentacion fonética, marcas a periodo de pitch, y
sefial del laringografo. Para la construccion de la voz
solo se ha utilizado la informacién relativa a la
segmentacion fonética, afiadiendo de forma automatica
los aldéfonos aproximantes (B,D,G) y alguna otra
diferencia respecto a nuestro transcriptor para
castellano.

Debido a restricciones temporales no se llevo a
cabo ningun tipo de revision manual de las
transcripciones. En cambio se realizd una deteccion
automatica de outliers en base a la siguiente
informacion: Score devuelto por el segmentador,
Duraciones, y Distancia Acustica de las unidades
respecto al centro del cluster para cada fonema. Dicha
informacion es utilizada también en el coste objetivo
“calidad fonética”, para evitar en la medida de lo
posible, errores de etiquetado y/o pronunciaciones
pobres.

El resto del procesado esta igualmente
automatizado y comienza con la normalizacion del
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audio en base a la potencia media de las vocales. La
curva entonativa es estimada mediante un sistema
propio [5] basado en informacion cepstral y
programacion dindmica, que posteriormente se estiliza
para cada semifonema mediante 3 puntos (inicio, punto
mas significativo y final). Para el marcado a periodo de
pitch se utiliza la herramienta epochs de la suite ESPS
corrigiendo en una etapa posterior, errores de pitch
“halving/doubling” mediante la comparacién del pitch
local con nuestra estimacion del contorno entonativo.
Con la ayuda de la aplicacion sig2fv del paquete speech
tools se obtienen los coeficientes MFCC utilizados tanto
en el coste de concatenacion, como para entrenar los
pesos de los costes objetivo y detectar outliers.

El resto de informacion necesaria se extrae a partir
del médulo de procesamiento lingiiistico.

4. CONCLUSIONES

En el presente articulo se han descrito las
caracteristicas esenciales del sistema AhoTTS, asi como
el proceso necesario para generar una nueva voz. Esta
ha sido la primera voz en castellano desarrollada en el
laboratorio, y aunque a priori los resultados han sido
bastante satisfactorios, existe un amplio margen de
mejora.

Si bien todos los mddulos del sistema pueden ser
objeto de dicha mejora, quiza la generacion de onda sea
nuestro “talon de Aquiles”. La solucidon pasa por la
utilizacion de algun tipo de codificacion que permita
realizar modificaciones prosédicas y suavizado
espectral en las concatenaciones, con poca degradacion
de la naturalidad.
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RESUMEN

Este articulo describe el estado actual del sintetiza-
dor de voz basado en corpus Cotovia, desarrollado en
la Universidad de Vigo con la colaboracién del Cen-
tro Ramén Pifieiro para la Investigacién en Humani-
dades. Cotovia es un sistema en el que se efectia una
bisqueda combinada tanto de las unidades actsticas
y entonativas como de la estructura prosédica, con el
objetivo de generar la voz sintética de mayor calidad
posible a partir del corpus disponible.

1. INTRODUCCION

Cotovia es un sistema de conversion texto—voz
en gallego y castellano englobado dentro de las téc-
nicas de concatenacién. A diferencia de la mayoria
de los sintetizadores de voz actuales, en los que se
van generando las caracteristicas fonéticas en una se-
rie de etapas secuenciales, lo cual en cierta manera
implica asumir independencia entre ellas, en Coto-
via se aplica el concepto de la seleccion de unida-
des ([1]) tanto en la generacién de la forma de onda
como en el modelado entonativo, y se lleva un paso
mas alld escogiendo la mejor combinacién de unida-
des acusticas y entonativas. De la misma forma, en
la seleccidn entonativa también se consideran dife-
rentes estructuras entonativas, sacando asi partido de
la variabilidad de la voz, que permite que un mismo
mensaje se pueda realizar de diferentes maneras sin
afectar ni a la naturalidad ni a la inteligibilidad.

En este articulo se explican las caracteristicas prin-
cipales del sintetizador en el momento de presentarse
a la evaluacién Albayzin TTS 2008. En primer lugar,
en la seccién 2 se exponen los pasos que se siguie-
ron para procesar la voz y poder generar a partir de

Este trabajo ha sido subvencionado por el Gobierno Espa-
fiol mediante el proyecto coordinado AVIVAVOZ (TEC2006-
13694-C03)

ella la informacién necesaria para la sintesis. En La
seccion 3 se describen los principales médulos del
sistema, desde la etapa lingiiistica hasta la genera-
cién de la forma de onda, incluyendo los diferentes
modelos de estimacion de la prosodia. Finalmente,
en la seccidn 4 se presentan las conclusiones.

2. GENERANDO LA VOZ

Para la evaluacion de sistemas de conversion de
voz Albayzin 2008 se ha puesto a disposicién de
los participantes el corpus upc_esma [2] como ma-
terial de desarrollo. Este corpus consta de aproxi-
madamente 1h 45 min. de voz (mono, frecuencia de
muestreo 16 KHz, resolucién de 16 bits por mues-
tra), dividido en 3 subcorpus: frases fonéticamente
equilibradas (506 ficheros, aproximadamente 30 mi-
nutos), parrafos fonéticamente equilibrados (208 fi-
cheros, aproximadamente 30 minutos) y 45 minutos
(62 ficheros) de parrafos literarios. Puesto que los ni-
veles de grabacién de cada subcorpus eran distintos,
se ha hecho una normalizacion, fichero a fichero, al
70 % del valor maximo.

Para cada subcorpus se han proporcionado los
ficheros de audio, la sefial del laring6grafo, los fi-
cheros de texto, la transcripcién fonética (SAMPA)
y una segmentacién fonética revisada manualmente
para una parte (todas las frases y 144 de los 208 pa-
rrafos fonéticamente equilibrados) y otra automaética
de la totalidad de los corpus.

Debido a discrepancias entre la transcripcion y
segmentaciéon fonéticas proporcionados y el proce-
sado lingiiistico realizado por Cotovia, que es el que
se utiliza para construir las voces de nuestro siste-
ma, se ha decidido no utilizar directamente ninguna
de las segmentaciones proporcionadas. En su lugar
se ha adaptado de forma semi—automética a nuestro
sistema la parte segmentada manualmente, realizan-
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do una nueva segmentacién automadtica del resto del
material de desarrollo.

El proceso de segmentacion automaética [3] se ha
realizado en dos etapas. En primer lugar, utilizando
los ficheros segmentados de forma manual se ha en-
trenado un conjunto de HMMs continuos para cada
una de las unidades fonéticas. Debido a la cantidad
limitada de este conjunto de datos de entrenamiento
se han considerado modelos de monofonemas inde-
pendientes del contexto, con una topologia de tres
estados de izquierda—a—derecha y 4 gaussianas por
estado. Con los modelos entrenados se ha realiza-
do a continuacién una segmentacion automdtica de
aquellos ficheros de los que no se dispone segmen-
tacion fonética manual. Dicha segmentacion se ha
realizado a través de un alineamiento forzado de Vi-
terbi en el que se permite la posibilidad de insertar
silencios/pausas opcionales entre palabras. El front—
end utiliza como caracteristicas 12 coeficientes mel-
cepstrum, la log—energia, y sus correspondientes de-
rivadas primeras y segundas.

Se han marcado de forma manual en todo el cor-
pus de desarrollo las fronteras entonativas. El proce-
so automatico de generacién de voz para Cotovia ha
requerido unas 7 horas de ejecucioén en un servidor
Intel©Xeon™a 3.06 GHz con 2 GB de memoria
RAM. Como herramientas externas se ha utilizado
el programa Praat para calcular las marcas de pit-
ch para la estimacién de la frecuencia fundamental,
el Festival para obtener la envolvente espectral (12
coeficientes MFCC) y el HTK para la segmentacién
automaética.

3. DESCRIPCION DEL SISTEMA

3.1. Médulo lingiiistico

Como en cualquier aplicacién de este estilo, el
modulo lingiifstico consta de una serie de fases en
las que el texto de entrada se acaba transformando en
una secuencia de unidades actsticas objetivo carac-
terizadas por un conjunto de factores que se emplean
posteriormente en las etapas de modelado prosédi-
co y generacién de la forma de onda. En este caso,
en Cotovia tiene especial relevancia la etapa de ané-
lisis morfosintactico, ya no sélo por su importancia
en la decision del cardcter ténico o dtono de las pa-
labras, sino por su influencia en la estimacién de los
contornos entonativos, tal y como se comenta en la
seccion 3.2.1. El analizador morfosintactico emplea-
do ([4]) consta de un conjunto reducido de reglas

lingiiisticas fiables, que eliminan para cada palabra
aquellas categorias que no son posibles en funcién
de su contexto, seguido de un analizador estadistico
de ventana deslizante, en el que se decide la cate-
goria mds probable combinando un modelo contex-
tual que considera la probabilidad de una secuencia
de categorias, y otro modelo 1éxico, que considera la
probabilidad de que una palabra tenga una categoria
dada.

3.2. Estimacion de la prosodia

Al igual que la mayoria de los sintetizadores de
voz actuales, Cotovia incluye modulos de estimacién
de la energia, la duracién, la entonacién y de inser-
ci6én de rupturas prosddicas. Sin embargo, en lugar
de tratarse de una serie de médulos que se van eje-
cutando secuencialmente, en algunos de ellos se em-
plea la variabilidad de la prosodia para conseguir una
mejor estimacién conjunta. Asi, por ejemplo, es el
propio médulo entonativo el que se encarga de parte
del problema de la insercién de rupturas prosédicas.
A continuacién se explica mas detalladamente cada
uno de los modelos.

3.2.1. Entonacion

Cotovia emplea un modelo entonativo basado en
corpus ([5]), con el grupo acentual (secuencia de pa-
labras dtonas que acaba en una palabra ténica), como
unidad bdsica para la concatenacidn. Las principales
caracteristicas del modelo son:

= Cada grupo acentual se representa segin su
posicién en el grupo fénico y entonativo, la
posicién en la frase, los tipos de frontera pro-
sddica que lo rodean, el nimero de silabas, la
posicién del acento, el tipo de oracién (enun-
ciativa, exclamativa, interrogativa e inacaba-
da), la duracién, la etiqueta morfosintactica de
la palabra ténica del grupo, el sintagma al que
pertenece, y el sintagma que lo sigue.

= El coste de objetivo tiene en cuenta bésica-
mente las desviaciones de las caracteristicas
antes mencionadas con respecto a los valores
estimados. Lo mds destacable es el tratamien-
to de la informacién gramatical ([6]), que se
emplea tanto para penalizar la introduccién o
no de una ruptura entonativa entre dos grupos
acentuales (ver seccién 3.2.2), como para mo-
delar el énfasis de los acentos.
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= El coste de concatenacion considera inicamen-
te la continuidad de frecuencia fundamental y
la continuidad de frontera prosddica (para evi-
tar que se unan dos grupos que linden con di-
ferentes fronteras en sus contextos originales).

3.2.2. Estructura prosodica

A diferencia de [5], donde se consideraban tni-
camente dos niveles de ruptura prosddica (pausa y no
pausa), en la actualidad se consideran tres niveles de
ruptura: pausa, no ruptura, y ruptura entonativa, defi-
nida ésta dltima como un limite de grupo entonativo
que no coincide con pausa.

Las inserciones de pausas y de rupturas entona-
tivas se tratan como dos problemas independientes.
En primer lugar se decide la mejor posicién para las
pausas por medio de un arbol de clasificacién, em-
pleando factores como una ventana de cinco etique-
tas morfosintacticas y la distancia en silabas a las
pausas circundantes. Posteriormente, en cada itera-
cién del algoritmo de seleccion de unidades entona-
tivas se consideran grupos acentuales candidato que
pueden ir seguidos o no de una ruptura entonativa (en
funcién del contexto del que fueron extraidos), tal
y como se muestra en la Figura 1, donde los circu-
los sombreados representan grupos candidatos con
una ruptura entonativa. De esta forma, modificando
la funcién de coste de objetivo entonativo para con-
siderar la insercién de rupturas entonativas (en este
caso por medio de informacién sintictica y morfo-
sintdctica, tal y como se explica en [6]), el propio
algoritmo de seleccion escoge la mejor combinacion
de grupos acentuales y estructura prosddica, produ-
ciendo una entonacién sintética mds variable y rela-
cionada con el significado del mensaje que se desea
transmitir. Como ejemplo de esta variabilidad, la Fi-
gura 2 muestra varios contornos posibles para la ora-
cién “El non sabia se sair ou quedar na casa” (El no
sabia si salir o quedarse en casa). Como se puede
observar, el contorno 1 tiene una ruptura prosédica
alrededor del instante ¢ ~ 0,8 s.

3.2.3. Duracion

Por lo que respecta a la duracién segmental, los
fonemas se agrupan en diez clases (vocales abiertas,
vocales medias, vocales cerradas, oclusivas sonoras,
oclusivas sordas, fricativas sordas, laterales, nasales,
vibrantes y silencio), y para cada una de ellas se cal-
cula un modelo basado en regresion lineal multiva-

.
Target groups
(desired features) N

Candidate groups

Figura 1. Seleccion combinada de unidades ento-
nativas y estructura prosodica ([6])

130 contour 1
= = contour 2

fundamental frequency (Hz)

50

0 0.2 0.4 0.6 0.8 1 12 14 1.6 1.8

Figura 2. Ejemplo de dos contornos con diferente
estructura prosodica para una misma frase ([6])

riante, empleando como factores la identidad de los
fonemas que lo rodean en una ventana de tamaio
cinco, la posicién en la palabra y en el grupo féni-
co, el tipo de oracidén y el cardcter ténico o atono.

3.2.4. Energia

La energia es estimada por medio de un Unico
modelo basado en regresion lineal multivariante, in-
cluyendo como factores las clases del fonema y de
los que lo rodean en una ventana de tamafio tres (se-
glin la misma clasificacién del modelo de duracién),
la energia del fonema anterior, el nimero de silabas
desde el inicio y hasta el final del grupo fénico, y el
cardcter ténico o dtono.

3.3. Seleccion de unidades acusticas

Tal y como sucedia con la entonacién, en lo refe-
rente a las unidades acusticas Cotovia también esta
basado en corpus, con el semifonema como unidad
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basica para la concatenacién. Ademads, dado que una
misma frase se puede pronunciar con diferentes en-
tonaciones sin afectar a su naturalidad, se repite la
seleccion de unidades acusticas con cada uno de los
N mejores contornos resultantes de la bisqueda en-
tonativa ([5]), y se escoge la secuencia de semifo-
nemas con mejor coste. Resumiendo, las principales
caracteristicas de la seleccion acustica son:

» Los semifonemas se parametrizan segun su fre-
cuencia fundamental, duracién, energia, los fo-
nemas que lo rodean, el cardcter ténico, la po-
sicién en la palabra y en la frase, el tipo de
frase a la que pertenece y los coeficientes ceps-
trales del semifonema y los que lo rodean.

= El coste de objetivo consta de dos partes ([7]).
En primer lugar, la prosddica, donde se pena-
lizan las desviaciones de la frecuencia funda-
mental, la duracién y la energia con respecto a
los valores predichos. Y en segundo lugar, la
relacionada con la articulacién del semifone-
ma, donde se tienen en cuenta factores como
los fonemas circundantes y la posicién en la
palabra y en la frase.

= El coste de concatenacién considera la conti-
nuidad de frecuencia fundamental, energia y
envolvente espectral.

3.4. Generacion de la forma de onda

La sefial sintética se genera mediante la concate-
nacién de las formas de onda de las unidades acus-
ticas escogidas. Cabe destacar que s6lo se modifican
prosédicamente aquellos semifonemas que se alejan
de los valores estimados mas de un umbral (40 ms
para la duracién y 5 Hz para la frecuencia funda-
mental). Las unidades que no se tienen que modificar
se copian directamente de la forma de onda original,
recurriendo a las marcas de pitch tinicamente en los
puntos de concatenacion.

4. CONCLUSIONES

En este articulo se ha descrito el estado actual del
sintetizador de voz Cotovia, incluyendo tanto los pa-
sos seguidos para la adicién de una nueva voz, como
el proceso que se sigue para la generacion de la voz
sintética. Durante la preparacién de la voz para la
evaluacién qued6 patente que pese a que la mayor

parte del proceso es totalmente automatico, es nece-
sario desarrollar alguna herramienta que facilite el
arduo proceso de revisién del etiquetado, sobre todo
en lo referente a las fronteras prosédicas.
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RESUMEN

Se hace una descripcion general del CTV Sistema I de
Telefonica [+D, presentado a la evaluacion de
conversores texto-voz Albayzin’08. Telefonica I+D ha
presentado dos sistemas a la evaluacion de conversores
texto-voz (denominados como Sistema I y Sistema II).
Ambos sistemas comparten la mayor parte de sus
componentes, y se diferencian en las técnicas de
procesado de sefial empleadas para la codificacion,
modificacion y sintesis de la sefial de voz. Para facilitar
la visidbn general de cada sistema de manera
independiente, la descripcion de cada uno de ellos es
completa, de modo que las partes comunes aparecen en
ambas descripciones. Se tratan las caracteristicas del
sistema relacionadas con la generacion de la sefial de
voz sintética, y el proceso de creacion de la voz a partir
de la base de datos con las grabaciones proporcionadas
por la organizacion.

1. CARACTERISTICAS GENERALES

El Sistema I de Telefénica [+D es un CTV
multilingiie y multilocutor, basado en concatenacion de
unidades, que emplea una técnica de seleccion por
corpus. Este sistema emplea técnicas de programacion
dindmica tanto para la seleccién de las unidades
actsticas como para la seleccion de las unidades
entonativas

Hasta el momento, los idiomas incorporados en
nuestro CTV son espafiol castellano, catalan, gallego,
euskera, portugués de Portugal, espafiol peruano,
espafiol mexicano, espafiol iberoamericano neutro y
portugués de Brasil.

En la figura 1 se representa la estructura general de
este sistema, donde se aprecian los dos bloques
principales (proceso lingiiistico y sintesis de voz), mas
una serie de tablas lingiiisticas (propias del idioma de
funcionamiento) y de datos acusticos y prosddicos
derivados de las grabaciones de un locutor humano de
referencia.

Bloque de proceso lingiiistico -4

Q

Datos internos ™ g
Lttt 1111 =

. Conv. 8

Norm. | | Prep. | |Categ. Andl. graf. Gen. g
pros. ) pros. =

alof. m

Efab. ling. ﬁja% Efab. ling. usul I[Datos. proso.] “Locutor” [Inv. unidades}

Figura 1. Estructura del CTV Sistema I de Telefonica
I+D

2. CARACTERISTICAS DE LA SINTESIS DE
VOZ

Como ya se ha dicho, el CTV Sistema I de
Telefonica I+D es de los cominmente denominados
concatenativos. Genera la sefial de voz sintética
mediante seleccion y concatenacion controlada de
unidades acusticas.

Las unidades acusticas que maneja son difonemas
que, generalmente, contienen el intervalo de sefial de
voz comprendido entre la parte estable de un sonido y la
parte estable del siguiente sonido.

El inventario de unidades del CTV contiene
multitud de opciones para cada una de las posibilidades
de combinacion entre dos sonidos, tantas como hayan
sido incluidas en el proceso de creacion de la voz. Si
consideramos la combinacion de sonidos a-b, el
inventario contiene todos los difonemas
correspondientes a las variantes de esa combinacion de
sonidos que aparecen en las grabaciones, y que se
pueden distinguir entre si por otras caracteristicas como
su contexto fonético, su FO, su duracion, su localizacion
dentro de la cadena hablada, su localizacion dentro de la
palabra...

Para sintetizar un enunciado concreto, se hace una
seleccion de difonemas mediante un procedimiento
basado en corpus. El proceso lingiiistico implementado
dentro del CTV, que incorpora entre otros el médulo de
analisis prosodico y el de generacion de parametros
prosodicos (duraciones y contornos de F0), trata el texto
para determinar cudl es la secuencia de sonidos que hay
que generar, y les asigna a cada uno unos vectores de
caracteristicas (etiquetas) asociadas.
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Con ello, se determina un “objetivo” para la
sintesis: una secuencia de difonemas con caracteristicas.
El procedimiento de seleccion escoge la secuencia de
difonemas recogida en el inventario de unidades que
mejor se aproxima a la secuencia objetivo obtenida a
partir del texto. Esta idea se concreta en un algoritmo de
programacion dinamica tipo Viterbi, que considera una
serie de funciones de coste. La secuencia optima es la
que proporciona el coste minimo.

Como ya se ha dicho, entre las caracteristicas que
se tienen en cuenta para la seleccion de unidades, aparte
de la identidad de los sonidos implicados y su contexto,
se incluyen otras de tipo prosddico. Seguidamente,
describimos la forma en que se obtiene la informacion
prosodica en nuestro sistema.

El moédulo de analisis prosodico se ocupa de
predecir y caracterizar los limites prosodicos en la
lectura de un texto. Los limites tratados son tanto pausas
(ortograficas o no) como frases entonativas, y se
emplean para mejorar la generacion de otros parametros
prosodicos (duracion de los sonidos y contorno de FO).
El funcionamiento del modulo de analisis prosddico no
so6lo tiene en cuenta caracteristicas lingiiisticas generales
propias de un idioma determinado, sino que también se
adapta al modo particular de hablar de un locutor
humano de referencia. Este moddulo ha sido
personalizado usando las grabaciones suministradas
para la construccion de la voz. Dentro del programa de
las V Jornadas de Tecnologia del Habla se presenta un
articulo que describe este modulo (“Nuevo modulo de
analisis prosodico del conversor texto-voz multilingiie
de Telefénica [+D”).

El modelo de duraciones de los sonidos es un
modelo estadistico multiplicativo, cuyos parametros se
calculan para ajustarse a las duraciones recogidas en
una base de datos de sonidos segmentados. Este modelo
ha sido construido para la voz suministrada.

La generacion del contorno de FO se hace también
mediante un procedimiento de seleccion por corpus de
unidades entonativas elementales (patrones de F0). A
partir del conjunto de patrones de FO del corpus
grabado, se compone la cadena de patrones mas
adecuada para construir el contorno de FO
correspondiente a las caracteristicas obtenidas a partir
del texto de entrada. Las unidades consideradas para la
construccion de los contornos de FO son los grupos
acentuales (conjunto de silabas comprendido entre el
inicio de una silaba ténica y el inicio de la siguiente
tonica). El inventario de grupos acentuales también se
obtuvo y etiqueto sobre los datos de la voz
suministrada.

Las unidades actsticas almacenadas en el
inventario se encuentran codificadas siguiendo un
modelo sinusoidal propietario de Telefonica I+D. Se
basa en el modelado del espectro de la sefial usando
componentes sinusoidales obtenidas con una técnica de
analisis mediante sintesis, y que maneja la informacion
de fase de las componentes sinusoidales para preservar

la forma de onda de la sefial original y asegurar la
coherencia de fase durante la sintesis.

Para cada trama de voz, el procedimiento de
analisis mediante sintesis (descrito en [1]) calcula una
funcion de error e(n) entre la sefal original s(n) y la

sefial estimada 5 (n) . Se considera que la sefial estimada

en cada trama es el resultado de una suma de sinusoides
de amplitud y frecuencia constantes:

s(n)= iAj cos(@,n+¢;)

De manera iterativa, en cada paso se obtiene una
terna de valores de frecuencia @, , amplitud 4,y fase

¢;que minimiza la sefial de error. Con los valores

obtenidos se actualiza la sefial estimada (se afiade una
componente  sinusoidal mas a las extraidas
anteriormente), también se actualiza la sefial de error, y
se busca una nueva terna de valores hasta que se alcanza
un umbral de aproximacion.

40,4, | Actualizacion 5(n)
de la sefal
estimada

s(n) €| Minimizacién

del error

5(n)

Figura 2. Andlisis sinusoidal mediante sintesis

Una vez seleccionadas las unidades acusticas, se
manipulan las tramas de voz  codificada
correspondientes con los propdsitos siguientes:

e Modificar la duracion y la entonacién de los
sonidos, en caso de que la diferencia entre los
valores objetivo y los seleccionados supere
determinados umbrales.

e Interpolar de manera adecuada los espectros de
las tramas en los puntos de pegado, puntos en
los que los difonemas en cuestion no se
encontraban adyacentes en las grabaciones
originales. La interpolacion se realiza sobre la
amplitud, el FO y la envolvente espectral de las
sefiales.

El modelo sinusoidal empleado permite hacer la
interpolacién y el ajuste de los parametros prosddicos
de manera robusta, manteniendo una continuidad y
suavidad destacables en la voz sintética.

Cuando ya se han realizado las modificaciones
necesarias en la secuencia de tramas de voz codificada,
se efectua la decodificacion mediante la reconstruccion
sinusoidal (suma de sinusoides de acuerdo al modelo
empleado en el andlisis), y solapamiento y suma de
muestras entre tramas sucesivas, para obtener las
muestras de voz sintética.
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Figura 3. Tratamiento de las tramas de las unidades
acusticas seleccionadas

3. PROCESO DE CREACION DE LA VOZ

El primer paso para la creacion de nuestro locutor
sintético fue el tratamiento de los ficheros de texto por
parte del proceso lingiiistico de nuestro CTV. Ello nos
permite obtener los datos necesarios para muchas otras
de las tareas implicadas en la construccion, como la
transcripcion fonética, el etiquetado de caracteristicas
lingiiisticas asociadas a los sonidos...

Se  obtuvieron los contornos de  FO
correspondientes a los ficheros de voz, que también son
necesarios como informacién de entrada para la
codificacion de la voz, el etiquetado de caracteristicas
asociadas a los sonidos, la construccion del inventario
de grupos acentuales...

Con los contornos de FO, se hizo el analisis de los
ficheros de voz, para obtener los ficheros de tramas de
voz codificada.

Después se realizo la segmentacion en aldfonos de
los ficheros de voz, usando nuestras propias
herramientas. Aunque podriamos haber adaptado el
formato de la segmentacion proporcionada por la
organizacion (para que luego fuera valido como entrada
al resto de herramientas implicadas en el proceso de
construccion del locutor) resultaba para nosotros mas
directo emplear nuestras propias herramientas de
segmentacion. Nuestro segmentador (descrito en [2]) se
basa en hacer reconocimiento forzado mediante
HMM’s, y en aplicar un conjunto de reglas de ldgica
difusa para el ajuste posterior de la segmentacion
proporcionada por el reconocedor.

Una vez segmentada y etiquetada la voz por
procedimientos completamente automaticos, se procedio
a la construccion de los datos del modulo de analisis
prosodico que son dependientes del locutor, al calculo
de los parametros del modelo de duraciones, y a la
construccion del inventario de grupos acentuales
manejado por el generador de contornos de FO.

A continuacion, se hizo una primera construccion
del inventario de unidades actsticas, y se obtuvo un
locutor de partida.

Para la construccion de este primer locutor se
emplearon todas las grabaciones disponibles.

Durante el proceso de construccion, nuestras
herramientas nos permiten detectar puntos en los que
puede haber algin problema o desajuste. Son puntos
sospechosos, en los que puede haber algun tipo de error
o no: sonidos de duracién excesivamente corta o
excesivamente larga, desajustes en la transcripcion,
valores de FO llamativos...

La localizacion de esos puntos sospechosos nos
permite hacer un repaso selectivo de porciones de los

ficheros de voz y, en caso necesario, realizar las
correcciones  oportunas  mediante  herramientas
semiautomaticas. Las correcciones pueden afectar a la
segmentacion, a los contornos de FO o a cualquier otro
aspecto del etiquetado. Evidentemente, es mucho mejor
realizar un repaso exhaustivo de todos los ficheros de
voz y su etiquetado, en toda su extension. Pero cuando
esto no es posible, el repaso selectivo de porciones de
los ficheros ayuda a mejorar los resultados en un plazo
mas corto.

Dado el tiempo limitado del que se dispuso para la
construcciéon de la voz, pudimos hacer este repaso
selectivo a una parte de los ficheros: todos los ficheros
de la parte “phonetically balanced sentences” (506
ficheros), mas los 172 primeros ficheros de la parte
“phonetically balanced paragraphs”. Con este conjunto
de 678 ficheros se hizo una nueva iteracion de
construccion de los datos relacionados con la prosodia y
del inventario de unidades, y se obtuvo el locutor con el
que se hizo la generaciéon de los estimulos de voz
sintética con los textos de prueba enviados por la
organizacion.

Los elementos componentes del locutor sintético
resultante fueron los siguientes:

e Datos necesarios para el procedimiento de
determinacion ~ de  limites  prosodicos,
empleados por el mdédulo de analisis prosddico.

e Parametros del modelo de duraciones de los
sonidos.

e Inventario de grupos acentuales para la
construccion de los contornos de FO.

e Inventario de difonemas.

El inventario de grupos acentuales contiene 4.940
elementos. De ellos, la gran mayoria corresponden a
grupos extraidos de frases de modalidad enunciativa
(4.707). Del resto, 212 pertenecen a frases de modalidad
interrogativa, y unicamente 21 a frases de modalidad
exclamativa.

En cuanto al inventario de difonemas, contiene un
total de 38.004 unidades, que contienen 420 identidades
de difonemas distintas (considerando que la identidad
viene dada por la etiqueta de los sonidos inicial y final
del difonema). Las variantes de cada identidad varian en
numero, desde las 780 de la unidad mas frecuente [D-e]
hasta el caso de identidades con una sola variante (hay
22 identidades con una sola variante).

4. BIBLIOGRAFIA

[1]1E. B. George y M. J. T. Smith, “Speech Analysis/Synthesis
and Modification Using an Analysis-by-Synthesis/Overlap-
Add Sinusoidal Model”, IEEE Transactions on Speech and
Audio Processing, vol. 5, no. 5, pp. 389-406, septiembre 1997.
[2] D. Torre, M. A. Rodriguez, J. G. Escalada, “Trying to
Mimic Human Segmentation of Speech Using HMM and
Fuzzy Logic Post-correction Rules”, Proceedings of the 3rd
ESCA/COCOSDA Workshop on Speech Synthesis, pp. 207-
212, noviembre 1998.

— 106 —



V Jornadas en Tecnologia del Habla

DESCRIPCION DEL SISTEMA II DE TELEFONICA I+D PRESENTADO A LA
EVALUACION ALBAYZIN’08 PARA CTV

J. G. Escalada, A. Armenta y M. A. Rodriguez

Division de Tecnologia del Habla
Telefonica Investigacion y Desarrollo

RESUMEN

Se hace una descripcion general del CTV Sistema II de
Telefonica [+D, presentado a la evaluacion de
conversores texto-voz Albayzin’08. Telefonica I+D ha
presentado dos sistemas a la evaluacion de conversores
texto-voz (denominados como Sistema I y Sistema II).
Ambos sistemas comparten la mayor parte de sus
componentes, y se diferencian en las técnicas de
procesado de sefial empleadas para la codificacion,
modificacion y sintesis de la sefial de voz. Para facilitar
la visidbn general de cada sistema de manera
independiente, la descripcion de cada uno de ellos es
completa, de modo que las partes comunes aparecen en
ambas descripciones. Se tratan las caracteristicas del
sistema relacionadas con la generacion de la sefial de
voz sintética, y el proceso de creacion de la voz a partir
de la base de datos con las grabaciones proporcionadas
por la organizacion.

1. CARACTERISTICAS GENERALES

El Sistema II de Telefénica I+D es un CTV
multilingiie y multilocutor, basado en concatenacion de
unidades, que emplea una técnica de seleccion por
corpus. Este sistema emplea técnicas de programacion
dindmica tanto para la seleccién de las unidades
actsticas como para la seleccion de las unidades
entonativas

Hasta el momento, los idiomas incorporados en
nuestro CTV son espafiol castellano, catalan, gallego,
euskera, portugués de Portugal, espafiol peruano,
espafiol mexicano, espafiol iberoamericano neutro y
portugués de Brasil.

En la figura 1 se representa la estructura general de
este sistema, donde se aprecian los dos bloques
principales (proceso lingiiistico y sintesis de voz), mas
una serie de tablas lingiiisticas (propias del idioma de
funcionamiento) y de datos acusticos y prosddicos
derivados de las grabaciones de un locutor humano de
referencia.

Bloque de proceso lingiiistico -4

Q

Datos internos ™ g
Lttt 1111 =

. Conv. 8

Norm. | | Prep. | |Categ. Andl. graf. Gen. g
pros. ) pros. =

alof. m

Efab. ling. ﬁja% Efab. ling. usul I[Datos. proso.] “Locutor” [Inv. unidades}

Figura 1. Estructura del CTV Sistema Il de Telefonica
I+D

2. CARACTERISTICAS DE LA SINTESIS DE
VOZ

Como ya se ha dicho, el CTV Sistema II de
Telefonica I+D es de los cominmente denominados
concatenativos. Genera la sefial de voz sintética
mediante seleccion y concatenacion controlada de
unidades acusticas.

Las unidades acusticas que maneja son difonemas
que, generalmente, contienen el intervalo de sefial de
voz comprendido entre la parte estable de un sonido y la
parte estable del siguiente sonido.

El inventario de unidades del CTV contiene
multitud de opciones para cada una de las posibilidades
de combinacion entre dos sonidos, tantas como hayan
sido incluidas en el proceso de creacion de la voz. Si
consideramos la combinacion de sonidos a-b, el
inventario contiene todos los difonemas
correspondientes a las variantes de esa combinacion de
sonidos que aparecen en las grabaciones, y que se
pueden distinguir entre si por otras caracteristicas como
su contexto fonético, su FO, su duracion, su localizacion
dentro de la cadena hablada, su localizacion dentro de la
palabra...

Para sintetizar un enunciado concreto, se hace una
seleccion de difonemas mediante un procedimiento
basado en corpus. El proceso lingiiistico implementado
dentro del CTV, que incorpora entre otros el médulo de
analisis prosodico y el de generacion de parametros
prosodicos (duraciones y contornos de FO0), trata el texto
para determinar cudl es la secuencia de sonidos que hay
que generar, y les asigna a cada uno unos vectores de
caracteristicas (etiquetas) asociadas.
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Con ello, se determina un “objetivo” para la
sintesis: una secuencia de difonemas con caracteristicas.
El procedimiento de seleccion escoge la secuencia de
difonemas recogida en el inventario de unidades que
mejor se aproxima a la secuencia objetivo obtenida a
partir del texto. Esta idea se concreta en un algoritmo de
programacion dinamica tipo Viterbi, que considera una
serie de funciones de coste. La secuencia optima es la
que proporciona el coste minimo.

Como ya se ha dicho, entre las caracteristicas que
se tienen en cuenta para la seleccion de unidades, aparte
de la identidad de los sonidos implicados y su contexto,
se incluyen otras de tipo prosddico. Seguidamente,
describimos la forma en que se obtiene la informacion
prosodica en nuestro sistema.

El moédulo de analisis prosodico se ocupa de
predecir y caracterizar los limites prosodicos en la
lectura de un texto. Los limites tratados son tanto pausas
(ortograficas o no) como frases entonativas, y se
emplean para mejorar la generacion de otros parametros
prosodicos (duracion de los sonidos y contorno de FO).
El funcionamiento del modulo de analisis prosddico no
so6lo tiene en cuenta caracteristicas lingiiisticas generales
propias de un idioma determinado, sino que también se
adapta al modo particular de hablar de un locutor
humano de referencia. Este moddulo ha sido
personalizado usando las grabaciones suministradas
para la construccion de la voz. Dentro del programa de
las V Jornadas de Tecnologia del Habla se presenta un
articulo que describe este modulo (“Nuevo modulo de
analisis prosodico del conversor texto-voz multilingiie
de Telefénica [+D”).

El modelo de duraciones de los sonidos es un
modelo estadistico multiplicativo, cuyos parametros se
calculan para ajustarse a las duraciones recogidas en
una base de datos de sonidos segmentados. Este modelo
ha sido construido para la voz suministrada.

La generacion del contorno de FO se hace también
mediante un procedimiento de seleccion por corpus de
unidades entonativas elementales (patrones de F0). A
partir del conjunto de patrones de FO del corpus
grabado, se compone la cadena de patrones mas
adecuada para construir el contorno de FO
correspondiente a las caracteristicas obtenidas a partir
del texto de entrada. Las unidades consideradas para la
construccion de los contornos de FO son los grupos
acentuales (conjunto de silabas comprendido entre el
inicio de una silaba ténica y el inicio de la siguiente
tonica). El inventario de grupos acentuales también se
obtuvo y etiqueto sobre los datos de la voz
suministrada.

Las unidades actsticas almacenadas en el
inventario se encuentran codificadas de acuerdo a un
modelo de solapamiento y suma de ventanas (tramas) de
la sefial, basado en el dominio del tiempo. Es un modelo
de los denominados OLA (“overlap and add”) [1] que
precisa conocer los instantes de tiempo de cada periodo
en las zonas sonoras de la sefial, en los que se centran
las ventanas de analisis (“onsets” o “epochs”). En las

zonas sordas, se toman ventanas a un intervalo fijo de 5
mseg. Para la determinacién de estos instantes, se parte
de la informacién obtenida por una herramienta de
analisis sinusoidal de la voz (semejante a la descrita
para el analisis de la voz en el Sistema I). Esta
informacion es posteriormente filtrada y ajustada por
otra herramienta que proporciona los “epochs”
adecuados para el andlisis OLA (buscando una
adecuada localizacion de ventanas en las transiciones
sonoro-sordo y sordo-sonoro).

Figura 2. Instantes de localizacion de las ventanas de
andalisis

Una vez seleccionadas las unidades acusticas, se
manipulan las  tramas de voz  codificada
correspondientes con los propdsitos siguientes:

e  Modificar la duracion y la entonacién de los
sonidos, en caso de que la diferencia entre los
valores objetivo y los seleccionados supere
determinados umbrales.

e Interpolar las tramas en los puntos de pegado
(puntos en los que los difonemas en cuestion
no se encontraban adyacentes en las
grabaciones originales). La interpolacion se
limita a los valores de amplitud de las tramas.

El modelo de solapamiento y suma es
relativamente simple y exige poca carga de calculo, si
bien no es tan flexible y robusto como el modelo
sinusoidal de nuestro Sistema I en cuanto a hacer
interpolaciones y modificaciones prosddicas. Cuando
hay pocos pegados y el contorno de FO se ajusta bien a
las unidades seleccionadas, la calidad acustica es muy
destacable.

Cuando ya se han realizado las modificaciones
necesarias en la secuencia de tramas de voz codificada,
se efectua la decodificacion combinando las muestras de
ventanas consecutivas, para obtener las muestras de voz
sintética.

Tramas Tramas Muestras
Modificacién

de Interpolacién de de voz
andlisis selectiva de de amplitud | sintesis Solapamiento sintétioa
e — en los P )
FOy y suma
o puntos de
duracién

pegado

Figura 3. Tratamiento de las tramas de las unidades
acusticas seleccionadas

3. PROCESO DE CREACION DE LA VOZ

El primer paso para la creacion de nuestro locutor
sintético fue el tratamiento de los ficheros de texto por
parte del proceso lingiiistico de nuestro CTV. Ello nos
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permite obtener los datos necesarios para muchas otras
de las tareas implicadas en la construccion, como la
transcripcion fonética, el etiquetado de caracteristicas
lingiiisticas asociadas a los sonidos...

Se  obtuvieron los contornos de  FO
correspondientes a los ficheros de voz, que también son
necesarios como informacién de entrada para la
codificacion de la voz, el etiquetado de caracteristicas
asociadas a los sonidos, la construccion del inventario
de grupos acentuales...

Con los contornos de F0, se hizo el analisis de tipo
sinusoidal al que nos hemos referido anteriormente,
para obtener la informacion de instantes de tiempo en
los que se centran las ventanas de analisis OLA, seguido
del adecuado filtrado y ajuste. No hemos empleado los
instantes de tiempo proporcionados en la base de datos
de voz suministrada, para mantener la compatibilidad de
tipo de informacion y formatos con el resto de nuestras
herramientas de construccion de locutores.

Acto seguido, se realizdO el analisis de
solapamiento y suma, determinando las ventanas de
analisis sobre la sefial de voz a partir de la informacion
de los “onsets”. Se emplean ventanas tipo Hanning.

Después se realizo la segmentacion en alofonos de
los ficheros de voz, usando nuestras propias
herramientas. Aunque podriamos haber adaptado el
formato de la segmentacion proporcionada por la
organizacidn (para que luego fuera valido como entrada
al resto de herramientas implicadas en el proceso de
construccion del locutor) resultaba para nosotros mas
directo emplear nuestras propias herramientas de
segmentacion. Nuestro segmentador (descrito en [2]) se
basa en hacer reconocimiento forzado mediante
HMM’s, y en aplicar un conjunto de reglas de logica
difusa para el ajuste posterior de la segmentacion
proporcionada por el reconocedor.

Una vez segmentada y etiquetada la voz por
procedimientos completamente automaticos, se procedio
a la construccion de los datos del médulo de analisis
prosodico que son dependientes del locutor, al calculo
de los parametros del modelo de duraciones, y a la
construccion del inventario de grupos acentuales
manejado por el generador de contornos de FO.

A continuacién, se hizo una primera construccion
del inventario de unidades actsticas, y se obtuvo un
locutor de partida.

Para la construccion de este primer locutor se
emplearon todas las grabaciones disponibles.

Durante el proceso de construccion, nuestras
herramientas nos permiten detectar puntos en los que
puede haber algin problema o desajuste. Son puntos
sospechosos, en los que puede haber algun tipo de error
o no: sonidos de duracidn excesivamente corta o
excesivamente larga, desajustes en la transcripcion,
valores de FO llamativos...

La localizacion de esos puntos sospechosos nos
permite hacer un repaso selectivo de porciones de los
ficheros de voz y, en caso necesario, realizar las
correcciones  oportunas  mediante  herramientas

semiautomaticas. Las correcciones pueden afectar a la
segmentacion, a los contornos de FO o a cualquier otro
aspecto del etiquetado. Evidentemente, es mucho mejor
realizar un repaso exhaustivo de todos los ficheros de
voz y su etiquetado, en toda su extension. Pero cuando
esto no es posible, el repaso selectivo de porciones de
los ficheros ayuda a mejorar los resultados en un plazo
mas corto.

Dado el tiempo limitado del que se dispuso para la
construccion de la voz, pudimos hacer este repaso
selectivo a una parte de los ficheros: todos los ficheros
de la parte “phonetically balanced sentences” (506
ficheros), mas los 172 primeros ficheros de la parte
“phonetically balanced paragraphs”. Con este conjunto
de 678 ficheros se hizo una nueva iteracion de
construccion de los datos relacionados con la prosodia y
del inventario de unidades, y se obtuvo el locutor con el
que se hizo la generacion de los estimulos de voz
sintética con los textos de prueba enviados por la
organizacion.

Los elementos componentes del locutor sintético
resultante fueron los siguientes:

e Datos necesarios para el procedimiento de
determinacion  de  limites  prosddicos,
empleados por el médulo de analisis prosddico.

e  Pardmetros del modelo de duraciones de los
sonidos.

e Inventario de grupos acentuales para la
construccion de los contornos de FO.

e Inventario de difonemas.

El inventario de grupos acentuales contiene 4.940
elementos. De ellos, la gran mayoria corresponden a
grupos extraidos de frases de modalidad enunciativa
(4.707). Del resto, 212 pertenecen a frases de modalidad
interrogativa, y unicamente 21 a frases de modalidad
exclamativa.

En cuanto al inventario de difonemas, contiene un
total de 38.004 unidades, que contienen 420 identidades
de difonemas distintas (considerando que la identidad
viene dada por la etiqueta de los sonidos inicial y final
del difonema). Las variantes de cada identidad varian en
numero, desde las 780 de la unidad mas frecuente [D-e]
hasta el caso de identidades con una sola variante (hay
22 identidades con una sola variante).
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RESUMEN

El articulo explica los detalles de los sistemas de identi-
ficacion de la lengua del grupo de investigacion Pattern
Recognition and Human Language Technology (PRHLT).

1. INTRODUCCION

La tarea consiste en reconocer la lengua de un frag-
mento de habla, adquirido de un programa de television
de una de las 4 lenguas objetivo (castellano, catalan, eus-
kera y gallego) o una lengua desconocida.

La verificacion de la lengua es un problema que puede
ser estudiado desde dos puntos de vista: utilizando la in-
formacion espectral de la sefial o la informacién sintictica
y semdntica de dicha sefial.

Los sistemas que se presentan en este trabajo se basan
solamente en la informacidn espectral de la sefial, ya que
han sido entrenado dnicamente con los datos proporcio-
nados. Dichos datos contaban sélo con habla efectiva y
su idioma correspondiente. Por tanto, no se han empleado
corpora externo para la creacién de modelos de lenguaje
utilizables para un reconocimiento de habla, ni tampoco
para mejorar modelos basados en sefial.

Para ambos sistemas los datos han sido preprocesados
con técnicas del estado del arte en verificacion de la len-
gua. Los sistemas se basan en dos clasificadores diferen-
tes para llevar a cabo la identificacién: uno de ellos por k-
vecinos y el otro por Gaussian mixture models (GMMs).

2. DATOS DE ENTRENAMIENTO

Los datos de entrenamiento provienen de programas
de television (informativos, documentales, debates, en-
trevistas, reportajes, magazines, etc.). Dichos datos sélo
cuentan con las cuatro lenguas objetivo (castellano, cata-
lan, euskera y gallego).

Las sefiales se han adquirido a través de un mismo dis-
positivo (una grabadora digital Roland Edirol R-09) y se
han depositado en ficheros WAV (monocanal, 16 Khz, 16

Este trabajo ha sido subvencionado por VIDI-UPV bajo las becas
FPI del programa PAIDO06 y por el EC (FEDER), por el proyecto sub-
vencionado por el Ministerio de Educacién y Ciencia Espaiiol TIN2006-
15694-C02-01 y por el programa Espafiol Consolider Ingenio 2010: MI-
PRCV (CSD2007-00018).

bits/muestra). Las grabaciones incluyen diversos tipos de
habla: leida, planificada, conversacional formal, esponta-
nea, etc. Asimismo, aunque la relacién sefial-ruido (SNR)
es bastante buena en casi todos los casos, las condiciones
ambientales y de canal son también muy diversas: entre-
vistas en estudio sin ruido de fondo, reportajes desde la
calle, desde una fiesta, desde una manifestacion, llamadas
telefénicas en directo, reportajes con una ligera musica de
fondo, programas concurso o de humor con risas y aplau-
sos, etc.

El conjunto de entrenamiento consta de aproximada-
mente 8 horas por lengua (unas 32 horas en total), en fi-
cheros de duracién variable. Estos ficheros contienen ma-
yoritariamente voz (en condiciones ambientales y de ca-
nal diversas) y s6lo pequefios fragmentos de silencio o
ruido de fondo [1].

Para encontrar los pardmetros idoneos para el sistema
hemos utilizado un conjunto de desarrollo disjunto e inde-
pendiente del grupo de entrenamiento. Esto significa, por
ejemplo, que un programa utilizado para entrenamiento
no aparecera en desarrollo. Estos datos de desarrollo pro-
vienen también de programas de televisién y tienen las
mismas caracteristicas de grabacion.

3. SISTEMA PRIMARIO

Este sistema se basa en el empleo de GMMs entrena-
dos con SDCs.

3.1. Preproceso

Para la identificacién del idioma utilizando GMMs se
pueden utilizar los Shifted Delta Cepstrum (SDC) [2], una
extension de las derivadas de los cepstrales. Estos nuevos
vectores de caracteristicas se calculan sobre una venta-
na de cepstrales, buscando extraer informacién fonética
de mads largo alcance. Los cepstrales de partida fueron ex-
traidos utilizando el parametrizador de audio de iatros [3],
que fue ampliado con un nuevo médulo para generar los
SDCs. Los SDCs se definen a partir de cuatro pardmetros,
N-d-P-k, donde N indica el nimero de cepstrales origi-
nales, d se refiere al mimero de cepstrales utilizados para
el calculo de las derivadas y P hace referencia a la dis-
tancia entre los sucesivos calculos de derivadas. El dltimo
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valor, k, especifica el nimero de derivadas calculadas a
partir de un vector de cepstrales.

3.2. Descripcion del sistema

Como sistema primario presentamos un modelo de
mixturas de gaussianas (GMM) para llevar a cabo el reco-
nocimiento. Dicho sistema ha sido entrenado con el fool-
kit HTK [4] y los SDCs obtenidos en el preproceso. Pa-
ra obtener los SDCs se llevé a cabo un estudio para de-
terminar los parametros IN-d-P-k idéneos para dicha ex-
perimentacién. Finalmente, los SDCs se obtuvieron con
valores de 7-1-3-7, resultando vectores de caracteristicas
de 49 dimensiones calculadas cada 210ms. Se entrenaron
desde 2 gaussianas hasta 8192, determinando que 4096
gaussianas es el nimero de gaussianas con las que se ob-
tiene una mejor tasa de acierto para el conjunto de desa-
rrollo.

Para llevar a cabo el reconocimiento se ha implemen-
tado un médulo dentro del reconocedor propio iatros [3].
Dicho mddulo estd concretamente disefiado para llevar a
cabo reconocimiento con GMMs, basandose en sumar las
probabilidades de emisién por el GMM de todos los vec-
tores de caracteristicas de una sefial dada.

4. SISTEMA ALTERNATIVO

Este sistema se basa en clasificar las muestras de test
con la técnica de k-vecinos sobre los vectores de caracte-
risticas en nuestro caso, estos vectores son cepstrales.

4.1. Preproceso

Los vectores de cepstrales son la caracteristica con-
tinua utilizada para el reconocimiento del habla [5]. Se
obtienen de la sefial, aplicando una ventana que se desliza
a lo largo de la misma a partir de la cual se calcula el vec-
tor de cepstrales. Los cepstrales eliminan de la sefial los
rasgos propios del locutor y resaltan la informacién fo-
nética. Para su extraccién se definen diversos pardmetros,
como el tamafio de la ventana (normalmente unos 0.025
segundos), la frecuencia de submuestreo (cada cudnto ex-
traemos una ventana), tamafio de la transformada de Fou-
rier, el factor de pre-énfasis y el nimero de elementos del
vector (tipicamente 11). Adicionalmente pueden calcular-
se también la primera y segunda derivada en el tiempo de
estos vectores, obteniendo asi los vectores de 33 elemen-
tos utilizados.

4.2. Descripcion del sistema

Este sistema utiliza en primer lugar los datos de en-
trenamiento y el algoritmo c-medias [6] para aprender un
codebook de C' codewords. Con dicho codebook aprendi-
do se realiza la cuantificacién vectorial de los ficheros de
audio.

Los ficheros de audio pasan a ser representados me-
diante un dnico vector. Dicho vector es el histograma de

la frecuencia de aparicién de cada uno de los codewords
en dicho fichero de audio. Por lo tanto, el tamafio de dicho
vector es C'. Este proceso se aplica a todos los ficheros de
audio de entrenamiento y test.

Con los vectores obtenidos se puede utilizar cualquier
técnica clasica de clasificacion, por ejemplo, la técnicas
de k-vecinos [7]. El resultado se puede mejorar con un
aprendizaje discriminativo.

Para aplicar este aprendizaje discriminativo se apren-
de una base de proyeccion de C' a d dimensiones [8]. Di-
cha proyeccidn se obtiene s6lo con las muestras de entre-
namiento, pero se aplica tanto a vectores de entrenamien-
to como de test.

Por las pruebas realizadas se puede afirmar que en el
espacio reducido de d dimensiones la clasificacién me-
jora. Por tanto, en este punto podemos llevar a cabo la
clasificacién de las muestras de test con la técnica de k-
vecinos.
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RESUMEN

El grupo SOFTLAB de la UC3M ha desarrollado un
sistema de identificacion de lengua basado en GMMs, y
lo ha presentado a la Evaluacion ALBAYZIN-08 de
Sistemas de Verificacion de la Lengua, organizada por
el Grupo de Trabajo en Tecnologias Software de la
UPV/EHU, en el marco de las V Jornadas en
Tecnologia del Habla organizadas por la Red Tematica
en Tecnologias del Habla y el Grupo AHOLAB de
Procesado de Sefial de la UPV/EHU. Este articulo
describe el sistema de identificacion presentado a dicho
plan de evaluacion.

1. INTRODUCCION

Un sistema de identificacion de lengua es,
basicamente, un sistema de reconocimiento de patrones
que hace uso de la sefial de voz de un discurso o
conversacion inteligible de cualquier individuo para
decidir si el idioma utilizado en la conversaciéon o
discurso es alguno de los que el sistema reconoce.

Todo sistema de clasificacion basado en
reconocimiento de patrones (ver Figura 1) tiene una fase
previa de entrenamiento en que se capturan y modelan
las caracteristicas distintivas de cada uno de los
'usuarios' del sistema (en este caso, idiomas): en esta
fase se generan los patrones o modelos que luego se
usaran durante el funcionamiento normal, en la toma de
decision sobre si el discurso a clasificar esta
pronunciado en alguno de los idiomas para los que el
sistema ha sido entrenado:

Figura 1. Sistema de clasificacion basado en
reconocimiento de patrones

Generalmente se distingue entre verificacion e
identificacion de la lengua. Dado un segmento de habla
Y, y un hipotético idioma I, la tarea de verificacion
consiste en determinar si el segmento Y fue
pronunciado en el idioma I. La tarea de identificacion
considera un conjunto cerrado de idiomas (I},],... Iy), y
trata de determinar en cual de ellos fue pronunciado el
segmento de habla Y.

Nuestro sistema de identificaciéon de lengua actia
como un clasificador de patrones. Cada patron esta
formado por un conjunto de caracteristicas o
parametros, extraidos de una determinada locucion, y es
'enfrentado’ o comparado con distintos modelos
generados para cada idioma. La salida del clasificador
ofrece una verosimilitud o una medida de distancia,
entre el patron de entrada y el modelo; y en ultima
instancia una decision, basada en un umbral, que
clasifica la locuciéon como perteneciente 0 no a un
determinado idioma.

Cada modelo de un idioma es generado mediante
patrones extraidos de locuciones del mismo; siendo
necesario que cada uno de los idiomas involucrados en
el sistema, disponga de su propio conjunto de datos de
entrenamiento. Este conjunto sera distinto del conjunto
de datos sobre los cuales se pruebe el sistema.

Es bien conocido, que una de las causas
principales que degradan el rendimiento de los sistemas
de reconocimiento basados en voz se debe a la
variabilidad acustica entre los conjuntos de
entrenamiento y test. Esta variabilidad no sé6lo es debida
a la diferencia actstica en los distintos idiomas (en
sistemas de reconocimiento de idioma), sino también a
otro tipo de variaciones, como las distorsiones
producidas por los distintos canales, las diferencias
entre micréfonos, el ruido ambiental, etc. El uso de
técnicas de compensacion de canal, ya sea sobre el
audio, los parametros a modelar o el propio modelo,
mejora las tasas de reconocimiento. Estas técnicas se
basan en eliminar informaciéon no discriminativa que
varia de forma no controlada entre las distintas
locuciones.

Existen diversas y muy variadas técnicas aplicadas
a la compensacion o eliminacion de la variabilidad de
canal; Nuestro sistema se basa en la técnica CMS
(cepstral mean substraction), también conocido como
CMN  (cepstral mean normalization). En una
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parametrizacion basada en coeficientes cepstrales [1],
una locucidn, es dividida en ventanas de tiempo, de la
cual son extraidos un cierto nimero de coeficientes
cepstrales. CMN se basa en sustraer para cada
coeficiente cepstral extraido la media de dicho
coeficiente a lo largo de toda la locucion. De esta forma
se reduce la distorsion introducida por elementos de
variacion  lenta, como por ejemplo  ruido
estacionario.[2].

Los sistemas de reconocimiento de idioma sobre
habla 'espontdnea' tienen mdas limitaciones que los
sistemas que usan voz 'limpia’, como son el ruido de las
conversaciones (ruidos de sillas, musica, conversaciones
de fondo, etc) y los silencios en las mismas. Ademas
cuanto mayor sea el nivel de reconocimiento requerido
mayor tendra que ser la duracion de la conversacion.

2. DESCRIPCION DEL SISTEMA

El diagrama de bloques del sistema verificador de
idioma se muestra en la siguiente figura:

VAH

4L

ety

Cadigo de identificacion
del idioma

i
2

Cod. idiom

Figura 2. Fases de entrenamiento y verificacion del
sistema de identificacion de idioma.

El reconocimiento automatico del idioma comparte
muchas técnicas con el reconocimiento de locutor, lo
que hace que ambos problemas suelan ser abordados de
un modo similar. Nuestro sistema se compone,
basicamente, de tres moédulos funcionales:
parametrizacion (o extraccion de caracteristicas),
detector de actividad vocal (para eliminar 'silencios' de
la sefial de entrada al entrenador y al verificador) y
generacion/comparacion con mdelos.

2.1. Extraccion de caracteristicas
La extraccion de caracteristicas es el primer paso

en cualquier sistema de reconocimiento automatico. y
comienza por la captacion de la sefial sobre la que se

Resultado

desea trabajar (voz) mediante un sensor, que en este
caso sera un sensor apto para la sefial de voz
(micréfono, teléfono, etc.).

La extraccion de parametros de nuestro sistema
estd basada en el analisis a corto plazo de la sefal de
voz, usando una de las técnicas mas habituales en
reconocimiento automatico de voz: el analisis MFCC
(Mel-Frequency Cepstral Coefficients), junto con varias
medidas de entropia [3] (la entropia de la sefal, de su
potencia y del logaritmo de su potencia, asi como sus
primeras derivadas respectivas). Asi, los vectores de
caracteristicas estaran principalmente compuestos por
algunos parametros cepstrum y cepstrum diferenciales,
pero también se afiadira otro tipo de informacion, como
la energia, su derivada, y los valores de las entropias
antes mencionados.

Sobre estos parametros pueden llevarse a cabo
mejoras con el fin de paliar las distorsiones sufridas por
la sefial de voz y mejorar el rendimiento de los sistemas,
estas mejoras son conocidas como compensaciones de
canal [4] y en nuestro sistema se utiliza la conocida
como CMN (Cepstral Mean Normalization) [1],
consistente en eliminar la media de los parametros
cepstrales con el fin de eliminar de ellos informacion de
variacion mas lenta que la de la sefial de voz, como
puede ser la introducida por el ruido de fondo (ruido
aditivo, no correlado con la sefial de voz y casi
estacionario en el tiempo). Esa técnica de eliminacion
de medias se ha empleado también para la energia y
para la entropia de la sefial.

La Figura 3 muestra un diagrama de bloques del
modulo extractor de caracteristicas.

Figura 3. Bloque extractor de caracteristicas

2.2. Detector de actividad vocal

Una sefial vocal comprende hasta un 60% de
silencio o de ruido de fondo, y ese 60% de la sefial tiene
caracteristicas muy similares para todos los idiomas: por
ello, eliminar de la sefial de entrada esos tramos de
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'solo-ruido’ aumentara la eficiencia y la eficacia de los

sistemas de reconocimiento, por aumentar el poder de

discriminacion entre los distintos idiomas (eliminando

'partes comunes') y disminuir la carga de trabajo del

sistema. El modulo detector de actividad vocal se

encarga de esa eliminacion de silencios y/o ruidos.

Cléasicamente hay dos formas de abordar la
eliminacion de silencios en una sefial [5] [6]:

e Basandose en umbrales (umbrales para la energia,
umbrales para los 'cruces por cero', etc: informacion
'local')

e Usando técnicas de clasificacion (como pueden ser
los modelos ocultos de Markov o las redes
neuronales): esta familia de detectores de silencios
se basa en caracteristicas estadisticas de la sefial en
vez de en caracteristicas locales.

El primer grupo de detectores de actividad vocal es
el mas utilizado, por su simplicidad de implementacion,
pero precisa ajustar varios umbrales para que funcione
adecuadamente, y que esos umbrales se vayan
adaptando a las caracteristicas de la sefial de entrada: a
las variaciones ambientales. El segundo grupo de
detectores elimina esa dependencia, con el coste de una
fase previa de entrenamiento del clasificador.

El sistema propuesto por el grupo SOFTLAB
incluye un modulo detector de actividad vocal basado
en la energia de la sefial, implementado como una
maquina de 6 estados cuyas transiciones se realizan
cuando la sefial cruza por alguno de los 4 umbrales de
energia que utiliza (dos para decidir transicion silencio-
voz y otros dos para decidir voz-silencio), dentro de
ciertas limitaciones temporales.

2.3. SVMs: Modulo Decisor

En los ultimos afios se ha observado un incremento
considerable de la utilizacion de las Support Vector
Machines dentro del Aprendizaje Automatico [7][8][9].
Su alto rendimiento hace de las SVM una de las
metodologias mas solidas en este area.

Las SVM son basicamente clasificadores para 2
clases. Tienen como objetivo obtener un hiperplano
optimo capaz de separar lo mejor posible dos clases
distintas de los puntos de entrada. Como un clasificador
de una sola clase, la descripcion dada por los datos de
los vectores de soporte es capaz de formar una frontera
de decision alrededor del dominio de los datos de
aprendizaje con muy poco o ningtin conocimiento de los
datos fuera de esta frontera. Los datos son mapeados
por medio de un kernel Gaussiano u otro tipo de kernel
a un espacio de caracteristicas en un espacio de mas
dimensiones, donde se busca la méxima separacion
entre clases. Esta funcion de frontera, cuando es traida
de regreso al espacio de entrada, puede separar los datos
en distintas clases, cada una formando un agrupamiento.

El kernel utilizado en el sistema de identificacion
de idioma presentado por los autores del presente
articulo es el RBF (Radio Basis Function) o gaussiana:

K(x, ) = exp(— |x — z* /%)
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RESUMEN

Este articulo describe el proceso de generacién de una voz
en castellano utilizando el corpus UPC ESMA de UPC
proporcionado por la Evaluacion Albayzin 2008: Conver-
sion Texto a Voz. Se ha implementado una voz basada
en seleccion de unidades mediante el paquete Multisyn
de Festival y otra basada en Hidden Semi-Markov Mo-
dels (HSMM) mediante HTS. Tras una breve evaluacién
de la calidad de ambas voces, se detallan las caracteristi-
cas principales de la voz basada en HSMM, sistema final
presentado a la evaluacion.

1. INTRODUCCION

La Evaluacion Albayzin 2008: conversion texto a voz
tiene como objetivo la evaluacién de las técnicas de sinte-
sis actuales aplicadas al castellano, del mimo modo que la
competicioén Blizzard Challenge para inglés y chino man-
darin.

Cada equipo participante debe proporcionar una voz
generada a partir del corpus proporcionado en un plazo
de 7 semanas. Posteriormente deben sintetizar un conjun-
to de ejemplos de test, que serdn evaluados perceptual-
mente, de forma conjunta con los del resto de equipos, en
términos de similaridad con la voz original, naturalidad e
inteligibilidad.

2. CORPUS

El corpus UPC ESMA [1] proporcionado para la eva-
luacion del sistema consiste en las grabaciones de un con-
junto de textos leidos con estilo neutro por parte de una
locutora profesional.

El corpus proporciona 506 frases fonéticamente ba-
lanceadas (30 minutos), 208 pérrafos de longitud media
fonéticamente balanceados (30 minutos) y 62 parrafos li-
terarios de mayor longitud (45 minutos).

Ademas del audio, sefal de voz y sefial del laring6gra-
fo, se cuenta con el texto de referencia, la trascripcion fo-
nética y un diccionario con la informacién léxica. Con el

Este trabajo ha sido parcialmente financiado por el M.E.C. y
los proyectos proyecto ROBONAUTA (DPI12007-66846-C02-02), EDE-
CAN (TIN2005-08660-C04-04).

corpus se proporciona la segmentacién fonética y la mar-
cacién automatica de pitch. Adicionalmente se dispone de
la marcacién manual de un subconjunto de la base de da-
tos.

3. ANALISIS LINGUISTICO

Para la realizacién del andlisis lingiifstico se han uti-
lizado las herramientas proporcionadas por Festival [2].
Se ha prescindido de la informacién proporcionada con
la base de datos y se ha empleado un alfabeto propio, un
silabicador y un conversién grafema-aléfono incorpora-
dos a Festival. El alfabeto utilizado consta de 30 aléfonos
tipicos en castellano, entre los que se incluye el silencio.

Los médulos incorporados a Festival para llevar a ca-
bo el andlisis lingiiistico son:

= Moddulo de preproceso y normalizacion, que trata
la pronunciacién de nombres propios, acrénimos,
nidmeros romanos y cifras.

= Modulo conversor grafema-al6fono, que a partir de
reglas fonéticas extrae la secuencia de al6fonos del
texto.

= Moddulo silabicador, que a partir de la trascripcién
fonética y basandose en reglas, estima automadtica-
mente la division en silabas.

= Modulo acentuador, que determina, a partir de re-
glas, las silabas ténicas y dtonas de la secuencia
alofénica.

= Moddulo categorizador, que Unicamente diferencia
del resto el conjunto de palabras funcién.

A partir del andlisis lingiifstico se han extraido un con-
junto de 65 caracteristicas lingiifsticas. Algunas de las
més relevantes son:

= A nivel de aléfono: Al6fono anterior al predecesor,
predecesor, actual, posterior, siguiente al posterior,
y la posicién del al6fono actual en la silaba.

= A nivel de silaba: n° de fonemas y acentuacién de
la silaba anterior, actual y posterior; posicion de la
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silaba dentro la palabra y del grupo fénico; y la vo-
cal de la silaba.

= A nivel de palabra: la categoria gramatical (POS)
de la palabra anterior, actual y posterior; n® de si-
labas de la palabra anterior, actual y posterior; po-
sicion dentro del grupo fénico desde el comienzo y
desde el final; y la posicion del grupo fénico dentro
de la frase.

= A nivel de grupo fénico: N° de silabas y de pala-
bras del grupo fénico anterior, actual y posterior, y
tipo de entonacion final.

= A nivel de frase: N° de silabas, de palabras y de
grupos fénicos.

4. SELECCION DE UNIDADES VERSUS
SINTESIS HSMM

En este trabajo se ha implementado una voz basada
en seleccién de unidades y otra basada en Semi-Modelos
Ocultos de Markov (HSMM: Hidden Semi Markov Mo-
dels); con el fin de evaluar la bondad de cada técnica apli-
cada al corpus de la evaluacién. Ambas voces han utiliza-
do como médulo de preproceso el explicado en el aparta-
do anterior.

En el caso de la voz basada en seleccién de unidades
se ha utilizado el motor multisyn[3] de Festival. Durante
la generacion de esta voz se han encontrado un conjunto
de problemas que han dado lugar a las siguientes limita-
ciones:

= Se ha tenido que prescindir de los parrafos literarios
en el entrenamiento de HMM para la segmentacién
automadtica del corpus, usando tnicamente las fra-
ses y los parrafos fonéticamente balanceados.

= A pesar de normalizar la intensidad de los ficheros
de audio, se comprobaron variaciones de intensidad
en los ejemplos sintetizados.

= Dado el tamafio del corpus, no se dispone de la su-
ficiente cobertura de contextos lingiiisticos como
para modelar de forma implicita la parte prosédi-
ca [3], afectando a la naturalidad de la voz.

La voz basada en HSMM ha sido generada mediante
HTS 2.1 [4]. Algunos de los aspectos que diferencian esta
voz de la anterior y que a priori mejoran la calidad de la
voz (a falta de una evaluacién exhaustiva) son:

= La segmentacion fonética es un proceso implicito
en el entrenamiento de los HSMM. A diferencia de
la segmentacidn con multisyn, en este caso se uti-
liza informacion referente a la fuente de excitacion
(log FO y componente aperiddica), un mayor nu-
mero de coeficientes cepstrales y mayor nimero de
estados.

M seleccion de
unidades

— W Basada en

HSMM

Figura 1. Evaluacion de la calidad de la voz basada en
seleccion de unidades y la basada en HSMM.

ENTRENAMIENTO

CORPUS

STRAIGHT Mel-Cepstrum
& aperiodicidad

TEXTO SINTESIS

Generacién de pardmetros
considerandoVG

STRAIGHT Mel-Cepstrum

Excitacion excitacién Filtro voz
mixta MLSA SINTETIZADA

logFO0 & aperi

Figura 2. Descripcion del sistema (adaptada de [5]).

= El uso de un modelo paramétrico proporciona ma-
yor robustez, evitando discontinuidades. A priori,
esta técnica proporciona una voz més estable y una
sintesis mds robusta para este volumen de datos de
entrenamiento.

Se ha realizado una breve evaluacién de calidad de las
voces con objeto de seleccionar la mejor de ambas pa-
ra la evaluacién. 5 oyentes han evaluado 10 textos selec-
cionados del conjunto de ejemplos de test enviados por
la organizacién de la evaluacién, puntuando cada ejem-
plo siguiendo la escala MOS. Los resultados mostrados
en la gréfica 1, indican que la calidad de la voz basada
en HSMM (3,52) es mejor que la basada en seleccién de
unidades (2,68).

5. CONVERSION DE TEXTO A VOZ BASADA EN
HSMM

En esta seccién se describen las caracteristicas princi-
pales del sistema empleado finalmente. Cada uno de los
algoritmos empleados se detalla exhaustivamente en [5] y
[4]. La Figura 2 presenta un diagrama general del sistema.

5.1. Modelo de produccion de voz

Uno de los modelos de produccién mds extendidos es
el conocido como vocoder. Este modelo consiste en mo-
delar la voz humana como la convolucién de un sefial de
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excitacion con un filtro, el cual representa la informacién
asociada al tracto vocal.

El uso de este modelo limita la calidad de la voz sinte-
tizada, debido a que asume independencia entre la excita-
cién y el filtro dado que simplifica la sefial de excitacién
a un tren de impulsos en los sonidos sonoros, y a ruido
en caso de los sonidos sordos. El resultado suele ser la
percepcion de una voz robdtica.

Como solucién a este problema, el sistema presentado
incorpora STRAIGHT [6], vocoder que mejora la calidad
de la sintesis al aplicar un procedimiento adaptativo sobre
FO en la estimacién de la envolvente espectral. De esta
forma se consigue separar la envolvente espectral de la
componente periddica de la sefial. Adicionalmente, se es-
timan medidas de aperiodicidad del espectro, basadas en
la relacién entre la zona de alta y de baja frecuencia de
la envolvente espectral, las cuales representan la distribu-
cién relativa de energia de cada componente aperidédica
[7].

En el proceso de sintesis, se utiliza un modelo de ex-
citacién mixta, basado en la suma de un tren de impulsos
con manipulacién de la fase y un ruido gausiano. La pon-
deracién de ambas sefiales se realiza en el dominio de la
frecuencia mediante las medidas de aperiodicidad comen-
tadas anteriormente.

5.2. Entrenamiento de los modelos aciusticos

Se ha utilizado una frecuencia de muestreo de 16k H z
y un andlisis trama a trama con un enventanado de tipo
Blackman de 25ms y un desplazamiento de ventana de
oms.

Como ya se ha mencionado, en el sistema se han uti-
lizado HSMMs para modelar la envolvente espectral, la
informacién de aperiodicidad y el contorno de FO (loga-
ritmo de FO realmente). Con el fin de que los modelos
sean entrenables, es necesario codificar la informacién
para disminuir la dimensionalidad de las observaciones.
Para ello, a partir de la envolvente espectral se estiman
los 40 primeros coeficientes cepstrales (global mel ceps-
trum) y las medidas de aperiodicidad se promedian en 5
subbandas de frecuencia.

Se ha prescindido de la informacién de las marcas de
pitch proporcionadas con la base de datos. En nuestro sis-
tema se ha buscado robustecer la estimacién del contorno
de logaritmo de FO mediante el empleo de tres tipos de
algoritmos de extraccion de FO a partir de la sefial de voz.
Finalmente, el contorno resultante es el promedio del re-
sultado ofrecido por cada uno de los algoritmos por sepa-
rado.

Adicionalmente, se calculan la primera y segunda de-
rivada de cada una de las componentes estéticas, forman-
do asi un vector de 138 componentes.

En el caso de logF'0 y sus derivadas se han modelado
utilizado distribuciones MSD (Multi Space Ditribution)
[8], en las que las tramas sonoras se modelan mediante
un distribucién gausiana con una matriz de covarianzas

Modelo de

duraciones /\/\

HSMM para S5 —>( S,
espectro, FOy

aperiodicidad

duraciones

de estados
Componente
espectral
’ Q}ED& m @% ﬁ?% Q}gg&
componente
aperiddica

Figura 3. HSMM dependientes del contexto (adaptada
de [11]).

diagonal, y las tramas sordas mediante una distribucién
discreta.

5.2.1. Empleo de HSMM y modelado de duraciones

Los HSMM modelan la duracién de cada estado de
forma explicita mediante una funcién de distribucién en
lugar de utilizar las probabilidades de transicién de los
HMM convencionales, lo cual permite modelar el ritmo
de una forma mds apropiada [9].

En este caso se ha utilizado una funcién de distribu-
cién gausiana multivariable de dimensién equivalente al
nimero de estados (5 en nuestro caso).

5.2.2. Modelos dependientes del contexto

Cada fonema se modela como un HSMM de 5 estados
de izquierda a derecha. Para cada estado y cada una de
las componentes del modelo (espectro, FO, aperiodicidad
y duraciones) se entrenan, de forma independiente pero
sincrona [10], un conjunto de modelos dependientes del
contexto para cada estado. Estos se estiman mediante el
entrenamiento un drbol de decisién para cada componente
aplicando un criterio basado en la Minimum Description
Length (MDL).

En la generacion del arbol de decisién, se ha parti-
do de un conjunto inicial de 2042 preguntas relacionadas
con el contexto a nivel fonético (se han utilizado pentafo-
nemas), de silaba, de palabra o grupo fénico.

El resultado es un conjunto de 63773 modelos para la
componente espectral, logF0 y aperiddica y 17556 para el
modelado de duraciones. La Figura 3 muestra el conjunto
de modelos entrenados.

5.3. Generacion de parametros considerando su va-
rianza global

La generacion de secuencias de pardmetros se lleva a
cabo mediante el algoritmo introducido en [12]. Mediante
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la relacion entre las caracteristicas estdticas y dindmicas
se generan trayectorias suavizadas de pardmetros.

Habitualmente, este suavizado suele ser excesivo, y
para evitar esto se incorpora la varianza global de las ca-
racteristicas como pardmetro de optimizacion junto al de
la probabilidad de la observacién dada la secuencia de pa-
rametros. En [13] se describe en detalle la consideracion
de la varianza global en la generacién de trayectorias.

5.4. Sintesis de voz

A la hora de sintetizar la sefal de voz es necesario es-
timar la envolvente espectral. Dicha envolvente se aproxi-
ma mediante un filtro MLSA (Mel Log Spectrum Appro-
ximation), con el fin de reducir el coste computacional,
estimado a partir de los coeficientes mel-cepstrum. La sin-
tesis se realiza periodo a periodo como la convolucién de
una fuente de excitacién mixta y dicho filtro MLSA [5].

6. CONCLUSIONES

Este trabajo describe la implementacién de una voz
sintética en castellano basada en HSMM para la Evalua-
cion Albayzin 2008: Conversion Texto a Voz. Se han im-
plementado voces basadas en las dos técnicas actuales que
compiten en sintesis de voz, seleccion de unidades y sinte-
sis basada en HSMM. Dichas voces se han implementado
usando Multisyn de Festival y HTS 2.1 respectivamente.
Se ha realizado una evaluacién limitada para decidir el
mejor sistema para la competicion, y finalmente se han
descrito las caracteristicas principales de cada uno de sus
modulos. Una demostracién de ambos sistemas se puede
encontrar on-line en [14].
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ABSTRACT

One of the weaknesses of the so-called phrase-based trans-
lation models is that they carry out a blind extraction of
the phrase translation table, i.e., they do not take into
account the possible linguistic restrictions that each lan-
guage introduces because of its own syntax. In this work,
we use Stochastic Inversion Transduction Grammars as a
phrase extraction technique which is able to yield simi-
lar results to more popular, but heuristic, techniques. We
present encouraging results obtained on the Albayzin 2008
corpus.

1. INTRODUCTION

The grounds of modern Statistical Machine Translation
(SMT), a pattern recognition approach to Machine Trans-
lation, were established in [1], where the problem of ma-
chine translation was defined as following: given a sen-
tence x from a certain source language, an adequate sen-
tence y that maximises the posterior probability is to be
found. Such a statement can be specified with the follow-
ing formula

y = argmax Pr(y|x). (1)
y
Applying the Bayes theorem on this definition and op-
erating appropriately, one can easily obtain the following
formula

y = argmax Pr(y) - Pr(x|y), )

y
where Pr(y|x) has been decomposed into two different
probabilities: the statistical language model of the tar-
get language Pr(y) and the (inverse) translation model

This work has been partially supported by the Spanish MEC under
scholarship AP2005-4023 and under grants CONSOLIDER Ingenio-
2010 CSD2007-00018, by the EC (FEDER) and the Spanish MEC under
grant TIN2006-15694-C0O2-01, and by the Generalitat Valenciana under
grant GVPRE/2008/331, research project “Traduccién Automética del
Corpus UPenn Treebank mediante Tdcnicas Interactivas (UPennSpan-
ish).”

Pr(x|y), and the denominator has been neglected be-
cause it does not affect the maximisation.

In practise, the direct modelling of the posterior prob-
ability Pr(y|x) has been widely adopted. To this pur-
pose, different authors [2, 3] propose the use of the so-
called log-linear models, where the decision rule is given
by the expression

M
y = argmax Z Ambm (X, ¥) 3)
y m=1

where h,,(x,y) is a score function representing an im-
portant feature for the translation of x into y, M is the
number of models (or features) and A, are the weights of
the log-linear combination.

2. PHRASE-BASED MODELS

The derivation of the Phrase-Based (PB) models stems
from the concept of bilingual segmentation, i.e. sequences
of source words and sequences of target words. It is as-
sumed that only segments of contiguous words are con-
sidered, the number of source segments being equal to the
number of target segments and each source segment being
aligned with only one target segment and vice versa.

An important issue when training PB models is the al-
gorithm by means of which the bilingual phrases are ex-
tracted. Hence, a wide variety of methods have been pro-
posed for this purpose, spanning through statistically mo-
tivated procedures [4], heuristic algorithms [5], and lin-
guistically motivated methods [6]. In this work, we will
be following this last approach, which relies on Stochas-
tic Inverse Transduction Grammars (SITGs) [7] for phrase
extraction.

In this work we will be following the approach by [8],
in which SITGs are used for phrase extraction, reporting
preliminary results on the EuroParl corpus. In [9], such
work was extended with a more thorough experimenta-
tion, improving considerably the translation quality pre-
viously obtained.
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3. STOCHASTIC INVERSION TRANSDUCTION
GRAMMARS

Being closely related to stochastic context free grammars,
Stochastic Inverse Transduction Grammars [7] specify a
subset of stochastic syntax-directed stochastic grammars.
Analysing two strings simultaneously, SITGs may be used
to extract bilingual segments from a parallel corpus while
taking into account syntax-motivated restrictions. The in-
ternal nodes of the parse tree define a span over each pair
of strings. These spans can be considered as paired seg-
ments of words.

In [7], an algorithm similar to the CYK algorithm
for context free grammars is proposed in order to parse
a sentence pair with a SITG. This algorithm has a time
complexity of O(|z|3|y|3|R|), being |z| the length of the
source sentence, |y| the length of the target target sen-
tence, and | R| the number of rules in the SITG. However,
if the input part of the corpus (the source language), the
output part (the target language) or both of them has been
previously parsed (each part with a monolingual parser)
and is given in a bracketed form, [6] suggests the use
of a version of the algorithm given in [7] which is more
efficient while performing the analysis, achieving a time
complexity of O(|z||y||R|) when  and y are fully brack-
eted. In this work, we will be taking profit of bracket-
ing information provided by freely available monolingual
parsing toolkits in order to achieve an important increase
of speed within the estimation algorithm, without a sig-
nificant loss in terms of final translation quality [9].

4. SITGS FOR PHRASE EXTRACTION

First, we built an initial SITG by following the method
described in [8]. The basic idea is to construct the max-
imum number of syntactic rules with a given number of
non-terminal symbols. These non-terminal symbols were
not syntacticly motivated. The lexical rules of the ini-
tial SITG were obtained from a lexical dictionary. Then,
the source language in the training corpus (Spanish) was
bracketed by using FreeLing [10], which is an open-source
suite of language analysers. This being done, we then
used the bracketed corpus to perform two stochastic esti-
mation iterations on the initial SITG and obtain improved
SITGs. Finally, the SITG obtained after the estimation it-
erations was used to parse the bracketed training corpus
and extract segment pairs to setup a phrase-based transla-
tion model.

Once extracted, the phrase pairs were scored accord-
ing to the following translation models:

1. Following common knowledge in SMT, we com-
puted both the inverse and direct translation prob-
abilities of each segment pair according to the for-
mulae

p(tls) =

where C/(s, t) is the number of times segments s and
t were extracted throughout the whole corpus.

2. We also scored the phrase pairs with syntax-based
translation models. These are obtained following
the technique described in [9], where each segment
pair is assigned a probability according to the corre-
sponding SITG. When a given segment pair (s, t)
is parsed by the SITG, a joint probability p(s, t)
is obtained. Since this probability may differ de-
pending on the parse tree it comes from, we need to
normalise accordingly. Let {2 the multiset of spans
(word segments) obtained from the training sample,
and Qg ¢ C €2 the multiset of (s, t) spans. The ex-
pected value of p(s, t) is defined according to the
empirical distribution as:

Eq(p(s,t)) = | 5’|
Similarly,
_ Ea(p(s,t)) _ Ea(p(s,t))
P =6 MY = B i)

3. In addition, we also considered the use of lexical
weights, as described in [5]. These lexical weights
attempt to account for the lexical soundness of each
phrase pair, estimating how well each of the words
in one language translates to each of the words in
the other language.

With these scores, we build three sets of phrase-tables.
The first one was built by only including the direct and in-
verse translation probabilities (1) and the syntactic proba-
bilities (2), since this was the combination reported in [9].
This combination will be referred as Vsyn. However, in [9],
lexical weights were not included. For this reason, in
these experiments we analysed the effect of only includ-
ing direct and inverse translation probabilities and lexical
weights (this combination will be referred to as Vlex), and
including all six sets of probabilities (from now on, VII).
These phrase-tables were fed to Moses [11] for producing
the final translation.

5. EXPERIMENTS

We performed our experiments on the Spanish-Basque
Albayzin corpus, with the partition established in the V
Jornadas en Tecnologia del Habla (2008). The statistics
of the corpus can be seen on Table 1. As it can be seen
on the Table, translating both from or into Basque is a dif-
ficult task, since the amount of Out of Vocabulary words
quickly becomes very high.

As Table 2 shows, the translation quality tends to get
better when increasing number of non-terminal symbols
are used, as measured by BLEU. Moreover, the VII com-
bination, in which all translation models are used, seems
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Table 1. Characteristics of Albayzin corpus. OoV stands
for “Out of Vocabulary” words, Dev. for Development, K
for thousands of elements and M for millions of elements.

Table 2. Translation results for Spanish-Basque transla-
tion when using a SITG with only one, three and five non-
terminal symbols

Spanish ~ Basque
Sentences 58K
Trainin Run. words 1151K 885M
€| Avg length | 19.8 15.2
Voc. 49.4K 87.8K
Sentences 1456
Run. words 29K 23K
Dev.
Avg. length 20.1 15.5
OoV 489 8376
Sentences 1446
Run. words 28K 22K
Test
Avg. length 19.3 14.9
OoV 483 8096

non terms | combination | BLEU WER TER
Vsyn 8.8 82.0 785

1 Viex 8.8 81.8 78.2

VII 9.0 81.7 78.1

Vsyn 8.9 81.9 78.6

3 Viex 8.9 81.8 78.3

VII 9.1 814 779

Vsyn 9.1 82.2  78.7

5 Vlex 9.2 815 789

VII 9.3 81.6 78.1

to yield improvements over the other alternatives, as mea-
sured by BLEU, WER and TER. However, it must be
noted that these differences are not statistically signifi-
cant. The results shown in this table were obtained re-
stricting the decoder to perform a monotonic translation
procedure, since at this stage we have not yet implemented
a SITG-based reordering model. In this case, the lan-
guage model used was a 5-gram, applying interpolation
with Knesser-Ney discount.

For comparison purposes, the best scores obtained by
the Moses toolkit in its monotonic setup are 9.4 BLEU,
81.7 WER and 78.3 TER, which are not significantly bet-
ter than the scores obtained by our system trained with 5
non-terminal symbols in the VII combination.

6. CONCLUSIONS AND FUTURE WORK

We have presented an alternative method for phrase ex-
traction, which is competitive in terms of quality. This
method obtains phrase segments from paired sentences by
parsing both of them in a completely unlexicalixed man-
ner.

In the future, we plan to compute more complex SITGs
and introduce further models to improve our translation
table, such as the lexical alignment models or other mod-
els obtained by combining the various probabilities that
SITG estimation entails. In this line, we also plan to in-
vestigate which effect has the combination of our phrase
table with the phrase table produced by Moses.
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ABSTRACT

This paper describe the SMT system developed by the
TALP Research Center of the UPC (Universitat Politec-
nica de Catalunya) for the Albayzin 2008 evaluation cam-
paign (Spanish to Basque translation task). Apart from a
standard set of feature models, the system introduces two
target language models: one based on lemmas and the
second based on linguistic classes (Part-of-Speech). The
word-to-word alignment was obtained using a segmented
version of the Basque corpus. The results obtained over
the development and test sets are analyzed and discussed.

1. INTRODUCTION

Nowadays, the available bilingual material for automatic
translation between Spanish and Basque is limited. Aim-
ing to overcome this issue, we present our first approach
to phrase-based Statistical Machine Translation (SMT) for
this pair of languages trying to reach acceptable transla-
tion quality under conditions of smaller training material.
The developed SMT system uses a POS language model
and a lemmatize language model for Basque in order to
improve the translations obtained by a baseline system.
System configuration is discussed and the results obtained
with the provided parallel corpus are presented.

This paper is organized as follow. Section 2 gives a
brief description of the phrase-based model that the sys-
tem is based on. Section 3 describes the corpus statis-
tics, alignment procedure, features models and the case
restoration method. Section 4 reports the main results of
our system performance during development and testing.
Finally section 5 sums up the main conclusions from our
institution’s participation in the evaluation.

This work has been funded by the Spanish Government under grant
TEC2006-13694-C03 (AVIVAVOZ project).

2. PHRASE-BASED SMT SYSTEM

The phrase-based translation system[4] implements a log-
linear model in which a foreign language sentence f/ =

f1, f2, ..., fyistranslated into another language sentence
el = ey, ea,...,e; by searching for the translation hy-
pothesis ¢/ maximizing a log-linear combination of sev-

eral feature models[2]:

M
ér = arglrg}x{z Amhm (€', f7)}

m=1

Where the feature function h,,, refers to the system
models and \,,, refers to the corresponding optimized model
weights.

The main system models are the translation model and
the language model. The first one deals with the issue of
which target language phrase f; translates a source lan-
guage phrase e; and the latter model estimates the prob-
ability of translation hypothesis. Apart from these two
models, a set of additional models was used in the AVI-
VAVOZ system. They are presented in section 3.3.

The development of the AVIVAVOZ SMT system is
based on the MOSES toolkit[3].

3. ALBAYZIN 2008 EVALUATION FRAMEWORK

3.1. Corpus

For the system design, the corpus used was the one pro-
vided for the evaluation campaign. It is a set of 61104
sentences, divided in three subsets: a training corpus con-
taining 58202 sentences, a development corpus of 1456
sentences and a test corpus with the remaining 1446 sen-
tences. Only one reference for each set was supplied. The
basic corpus statistics can be found in table 1.
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The tokenization, Part-of-Speech (POS) tags and lemma-
tization for both languages was also provided altough only
the Basque information was used during development. Ac-
cording to the campaign documentation, the POS tags for
Basque were obtained with the Eustagger[1] tool and only
the category and subcategory of each tag were provided.

An additional preprocessing consisted in changing the
text encoding from ISO88591 to UTFS, removing all the
sentences bigger than 100 words and lowercasing the en-
tire corpus. The removing step was performed only over
the train corpus due to a restriction implied by the align-
ment tool. The removed set was smaller than 1% of the
training corpus.

3.2. Alignment

Altough the baseline system used the lowercased corpus
to obtain the word-to-word alignment, the final system
used a different approach.

A segmentation tool was developed which splitted the
Basque words using the POS information and a suffix
dictionary; wherever a verb, an adjective or a name was
found, the word was checked with the dictionary, and if
the word ended with any of the listed suffix, it was split-
ted in two e.g. “publikoen”, which is a Basque adjective,
ended with the suffix “en” (listed in the dictionary), there-
fore it was splitted into “publiko+ +en”.

With the segmentation tool, the Basque lowercase cor-
pus was segmented and the alignment was computed on
this corpus. Once the alignment was completed, and using
a developed desegmentation tool which joins the words
with their splitted suffixes, the corpus was desegmented
to its original version and the links were properly relo-
cated to the original words.

The Spanish lowercased corpus remained the same
during the process. The alignment was automatically com-
puted by the GIZA++[5] toolkit.

3.3. Features

The SMT system developed uses the following feature
functions during translation:

e Phrase translation probability on both directions,
based on a joint probability model[4].

e | exical weighting on both directions, based on word-
to-word IBM Model 1 probabilities[6].

e Phrase penalty features which compensate the sys-
tem’s preference for short output sentences.

o Target language model of order 5.
e POS target language model of order 7.

e Lemma target language model of order 7.

Baseline | POSLM | Seg. Align | Lemma LM
BLEU 12.66 12.76 13.01 13.26
NIST 4.77 4.72 4.80 4.90
WER 77.90 78.38 78.61 77.61
PER 60.15 60.61 60.36 59.37

Table 2. Results obtained on the development set

Baseline | POSLM | Seg. Align | Lemma LM
BLEU 11.43 11.68 11.89 11.95
NIST 4.68 4.66 4.65 4.74
WER 78.74 78.71 79.11 78.50
PER 60.38 60.64 60.65 59.93

Table 3. Results obtained on the test set

Beeing the first four the features used in our base-
line system. The reordering model is based on lexical-
ized reordering[8] in all the performed experiments. This
distortion model takes into account the relative movement
between a given phrase and its adjacent phrases.

3.4. Case Restoration

Because all the design used a lowercased corpus, a final
case-restoration tool is needed to stablish a truecase trans-
lation. For this matter, the disambig and ngram-count
tools from the SRI Language Model toolkit[7] were used.

4. EXPERIMENTS AND RESULTS

For the Spanish-Basque task, four different systems were
developed in a progressive fashion. The first one, called
the baseline, has the default feature functions and param-
eters of MOSES. From that starting point, a POS target
language model was add to the SMT system. In the third
system we performed a modified alignment, which con-
sisted in performing the alignment with a Basque seg-
mented corpus as commented in section 3.2.

The final system also included a target language model
based on lemmas. As mentioned in section 3.1, the lem-
mas for Basque were computed automatically and were
provided by the organizers of the evaluation campaign.
Both language models (of the POSs and the lemmas) were
7-gram models and the order of the surface words lan-
guage model was 5. The maximum phrase size was set to
5 for all the systems.

Table 2 and 3 show the different results obtained with
the systems developed. Each column corresponds to a dif-
ferent system, starting with the baseline and ending with
the system that was submitted to the evaluation. It can be
seen that the addition of the different features resulted in
final improvement of 0.5% BLEU points over the test set
and 0.6% over de development set.
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Train Corpus Devel. Corpus Test Corpus
Spanish | Basque || Spanish | Basque || Spanish | Basque
Number of sent 58202 1456 1446
Max. sent size 242 236 93 76 317 232
Avg. sent size 19.77 15.20 23.33 18.70 22.32 17.85
Vocab size 97558 | 140931 7170 9031 6926 8691

Table 1. Basic corpus statistics

5. CONCLUSIONS

In this paper we introduced the AVIVAVOZ phrase-based
SMT system which partipated in the Albayzin 2008 eval-
uation campaign. Starting with a brief introduction to the
phrase-based statistical translation modelling, the corpus
and preprocessing description were presented. Further,
we described the set of feature models that were taken
into account for the design of the system and the results
obtained with different systems configurations.

The main conclusion which can be drawn from the
results is that despite the additional features were useful,
a different approach better dealing with global word re-
ordering and the agglomerative characteristic of Basque
is needed to obtain an improved system performance.
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ABSTRACT

This paper describes the CereVoice® text-to-speech
system developed by Cereproc Ltd, and its use for the
generation of the test sentences for the Albayzin 2008
TTS evaluation. Also, the building procedure of a
Cerevoice-compatible voice for the Albayzin 2008
evaluation using the provided database and the
Cerevoice VCK, a Cereproc tool for fast and fully
automated creation of voices, is described.

1. INTRODUCTION

CereVoice® is a unit selection speech synthesis
software development kit (SDK) produced by CereProc
Ltd., a company based in Edinburgh and founded in late
2005 with a focus on creating characterful synthesis and
massively increasing the efficiency of unit selection
voice creation [1, 2, 3, 4, 5].

Cereproc Ltd and Barcelona Media Centre
d’Innovacié (BM) started in 2006 a collaboration which
led to the development of two text normalization
modules, for Spanish and Catalan, the lexicon and the
letter-to-sound rules for transcription in both languages,
and a Spanish-Catalan bilingual voice (‘mar’) for the
CereVoice® system. As a result of this collaboration,
BM became an official ‘voice developer’ of Catalan and
Spanish voices for CereVoice®, and got an academic
license to use the CereVoice® system for research
purposes.

In this paper a brief description of the CereVoice®
TTS-system engine is given, and the procedures of voice
building and speech files generation for the Albayzin
2008 evaluation, carried out by BM with the support of
Cereproc, are described.

2. GENERATING SPEECH USING CEREVOICE

To generate speech using the CereVoice® system, three
components are necessary: the Cerevoice engine
(Cerevoice SDK), a text normalization module (the one
provided by Cereproc or any other compatible with

Cerevoice), and a TTS Voice. Also, some optional
modules, such as user lexicons or user abbreviations
tables, can be used to improve the text processing in
particular applications. Figure 1 shows a workflow
scheme of the system.

Application Interface: .9. Server standslens application
SAPI etc. SSML

v t ¢

Tex1 Normalisaion Audio

Visernes
(Talking Heads tc)

Tuning Toolset
User Lexicons
User abrevigtions

A

Spurt XML API

Figure 1. Overview of the architecture of the Cerevoice
synthesis system. A key element in the architecture is the
separation of text normalization from the selection part of the
system and the use of an XML API.

In the following subsections, a brief description of the
main features of the Cerevoice engine, the text
processing module and the voices is given.

2.1. Cerevoice engine

Cerevoice is a new faster-than-realtime speech
synthesis engine, available for academic and commercial
use. The system is designed with an open architecture,
has a footprint of approximately 70Mb for a 16Khz
voice and runs at approximately 10 channels realtime.
The core Cerevoice engine is an enhanced synthesis
’back end’, written in C for portability to a variety of
platforms. To simplify the creation of applications based
on Cerevoice, the core engine is wrapped in higher level
languages such as Python using Swig.

The Cerevoice core engine is a diphone based unit
selection system with pre-pruning and a Viterbi search
for selecting candidates from the database. The system
uses both symbolic (e.g. stress, break index information)
and parametric target cost functions (e.g. FO and
duration). Transition costs are based on Line Spectral
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Frequencies, FO smoothed over voiced plus unvoiced
speech, and energy. Target and transition weights can be
set manually for fine tuning of each particular voice.

The engine does not fit the classical definition of a
synthesis back end, as it includes lexicon lookup and
letter-to-sound rule modules. The Spanish and Catalan
versions of these lexica and rules were jointly developed
by BM and Cereproc.

An XML API defines the input to the engine. The
API is based on the principle of a ’spurt’ of speech. A
spurt is defined as a portion of speech between two
pauses. The XML API defines also the set of tags that
the engine is able to interpret to control several speech
output parameters, such as tempo, global tone, genre, or
even the language.

One of the aspects that can be controlled through
the insertion of tags in the input text, and that can be
used to improve the quality of the output speech, is the
use of variants. In Cerevoice it is possible to ask the
engine to prune out a section of the best path found
during the Viterbi search and to rerun the Viterbi over
that section to find a less optimal alternative or variant.
Inside an XML spurt, a word can enclosed by a ’usel’
tag containing a variant attribute to force this behaviour.
For example <usel variant="0"> is equivalent to no tag,
and <usel variant="6"> would be the sixth alternative
according to the Viterbi search.

2.2. Text normalization module

The Cerevoice engine is agnostic about the ’front
end’ used to generate spurt XML. However, the
Cerevoice system includes its own modular Python
system for text normalization in several languages.
Those modules include a set of normalization rules for
processing hours, dates, telephone numbers, figures,
abbreviations, letters and any other element that needs to
be expanded.

The Spanish and Catalan modules provided within
the Cerevoice system where jointly developed by
Cereproc Ltd and BM. The Spanish text processing
module has been used for the generation of the test
sentences for the evaluation.

2.3. Cereproc Voices

TTS voices for the Cerevoice SDK are currently
available in English (Scottish and British), Catalan,
Spanish and Japanese. The Spanish and Catalan voices
are the result of a collaboration between BM and
Cereproc Ltd.

Voice building is carried out using the Cerevoice
Voice Creation Kit (VCK), a tool designed and tuned
for fast development of new voices. Using this tool,
voice building is a heavily automated, modular,
dependency-driven process, consisting of two main
types of component: speech parameterization and

segmentation. Speech data, text transcriptions, and a
lexicon are the only required inputs to voice building.

Voice building includes often a second stage of voice
tuning. Voice tuning consists of a manual adjustment of
the weights for the target and transition cost functions
used for unit selection during the synthesis process. This
process involves iterative trial-and error modification of
the weights in order to set the optimal combination.

3. THE CEREVOICE VOICE CREATION KIT

The Cerevoice VCK is a tool for fast voice building
with minimal manual intervention of the voice
developer. Only the speech data, in RIFF wav files, the
corresponding orthographic transcription of each
utterance, as a single UTF-8 text file, and a lexicon of
the language are needed as input. It runs on Linux
machines and requires Python for running.

CereProc recommends 15 hours of data for a general
purpose voice, although around 5-6 hours of audio data
should be enough for an acceptable voice. Voices can
also be built incrementally, adding data gradually, until
the required quality is achieved.

Cerevoice VCK expects the orthographic text to be
provided in the form of a recording script, a text file
containing a text line for each wav file, and an identifier
preceding the text. If CereProc's Voice Recorder
software is used for the recordings, a valid recording
script is also needed to display the texts to be read by
the speaker, and to name and store automatically the
corresponding wav files. If speech data coming from an
external source are used for voice building, orthographic
transcriptions have to be merged into a single script, in
the format required by the VCK.

Examples of valid script lines are:

v0001_001 Acme Limited is the best company
in the wold.

v0001_002 Acme Limited (company code A C
M) made one point five billion dollars
profit last year.

Finally, a valid lexicon is also needed for the
building process. CereProc provides a lexicon for every
supported languages and accents. If additional sentences
have been added to the VCK recording script, it may be
necessary to add words to the pronunciation lexicon.
During voice building, sentences are excluded from the
voice if a word does not exist in the lexicon.

The building process needs also some additional
information about the location of the script and speech
files, and other related information, which has to be set
in an XML configuration file. The creation of such a
configuration file is also one of the tasks needed to build
anew voice.

Voice building consists of two steps: segmentation
and parameterization. In the first one, segmentation is
carried out using the HTK Hidden Markov Model
toolkit in forced alignment mode. In the second one, FO
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and pitch mark parameters are generated using the ESPS
tools ’epochs’ and ’get fO’. Edinburgh Speech Tools’
’sig2fv’ is used to generate cepstral parameters, which
are used to generate Line Spectral Frequencies.

During the segmentation of the speech, bad data may
be thrown out of the build. This may happen if there are
noisy or truncated audio files, if the speech does not
match the text in the script, files where the lexicon
pronunciation for a word is incorrect, or for files where
the speaker has mispronounced a word. VCK provides
several ways of recovering and inspecting the discarded
files, in order to fix input problems.

A speech GUI is also provided to allow the
developer to find data errors such as lexicon problems
and mismatches between audio files and text while
running the voice.

4. BUILDING THE ALBAYZIN EVALUATION
VOICE

The Albayzin 2008 TTS evaluation has been
considered at BM, first of all, as an excellent chance to
compare Cerevoice with other systems. But it has been
seen also as a way to test the capabilities of the
Cerevoice VCK to build voices from external data in a
fast way, and with a minimum of manipulation of the
input data. And finally, considering that the database
used for this evaluation contains only two hours of
speech, the evaluation has been used to test the behavior
of the Cerevoice engine with voices build from a small
amount of speech data (the usual amount of speech used
to build commercial voices is about 5-6 hours).

According to these considerations, the building
procedure of the voice involved the usual steps when
creating a voice with the Cerevoice VCK from external
data:

a. preparation of the script file;

b. preparation of the wav files (renaming the files

to have a valid name);

c. preparation of the configuration file;

d. running of the VCK;

e. checking and fixing of errors.

Creating the script file was a straightforward task,
which involved deletion of the pause marks in the files,
merging all the text files into a single file, adding a
VCK-compatible identifier to each line, and translating
the resulting file to UTF-8 format.

Preparing the wav files was also fast, and involved
renaming the files with the corresponding VCK-
compatible identifier (the same as the corresponding
orthographic text line in the script file), and
preprocessing of the file to perform a peak
normalization of the files. This task was carried out
using an audio processing tool provided by Cereproc as
part of the VCK. We decided to include the whole set of
sentences, although they came from three different
'styles’ (paragraphs, sentences and literary) due to the
small global size of the database. However, we decided

to identify them as different genres, Questions were not
considered a different genre, as it was the case in the
‘mar’ voice building procedure, because it was not
possible to take advantage of this differentiation for the
generation of the sentences (it was not allowed to use
genre tags).

Finally, a configuration file was also prepared. To do
this, a signature file was provided by Cereproc. This is a
necessary step for the creation of any new voice.

Once all the necessary material was ready for
processing, VCK was launched for voice building. This
process was really fast: about half an hour in an Intel-
based server. No special problems arose during the
building procedure, so it was not necessary to rebuild
the voice several times.

No special tuning of the weights was carried out for
the building of the voice. The ones used are those
established for the building of the ‘mar’ Spanish voice.

5. GENERATING THE TEST SENTENCES

Test sentences were generated using the latest
available version of the Cerevoice SDK (2.1.0). The text
normalization module developed by Cereproc and BM
for Spanish was wused for text processing. No
modification of the input text files was carried out
during the generation process, as established in the
evaluation requirements, apart from their conversion to
valid XML files in UTF-8, to allow Cerevoice to process
them. This condition excluded the insertion of variant
tags in the text files.

6. CONCLUSIONS

In this paper, the CereVoice® TTS system and the
Cerevoice Voice Creation Kit have been presented.
Also, the building procedure of the evaluation voice and
the generation of the test sentences have been described.
The building procedure has shown the capabilities of the
VCK to create voices for CereVoice® with minimal
effort and manual intervention. The results of the
evaluation will show to what extent the CereVoice®
system is able to generate high-quality synthetic speech
when the amount of data available for voice building is
smaller than usual.
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ABSTRACT

This paper presents the UPC TTS system named Og-
mios. Ogmios is a system based on unit-selection using
acoustic and phonetic features both in target and concate-
nation costs.

Most of the modules of Ogmios rely on data driven
techniques. It has been an useful approach to generate
voices in many languages, such as Spanish, Catalan, UK
English, and Mandarin Chinese.

1. INTRODUCTION

This paper describes Ogmios, the UPC Text-to-Speech
system used for the evaluation. The system was originally
designed for Spanish and Catalan but has been extended
to English and Mandarin [1, 2]. This paper is organised
as follows: Section 2 describes the system and Section 3
explains the process of building the voices.

2. SYSTEM DESCRIPTION

2.1. Text and Phonetic Analysis

The first task of the system is to detect the structure of
the document and to transform the input text into words.
For this task we have used rules for tokenizing and clas-
sifying non-standard words in Spanish. The rules for ex-
panding each token into words are language dependent,
but are based in a few simple functions (spellings, natural
numbers, dates, etc.) by means of regular expressions.

The second process is the POS tagger. Ogmios in-
cludes a statistical tagger based on FreeLing. The FreeL-
ing package consists of a library providing language anal-
ysis services. Main services used of FreeLing library are
PoS tagging and probabilistic prediction of unknown word
categories. Freeling provides services for all currently
supported languages: Spanish, Catalan, Galician, Italian,
and English [3].

2.1.1. Phonetic Transcription

The goal of the phonetic module is to provide the pronun-
ciation of the words. This is used not only for produc-
ing the test sentences but also for transcribing the training
database which is used for building the voices.

For Spanish the pronunciation of each word is based
on a set of rules that take into account the transcription
rules of Spanish and phonotactics.

Some particular words are transcribed using a lexicon,
specially foreign words, abbreviations and signs.

2.2. Prosody

Prosody generation is done by a set of modules that se-
quentially perform all the tasks involved in prosody mod-
elling: phrasing, duration, intensity and intonation.

2.2.1. Phrasing

Phrasing is one of the key topics in the linguistic part
of text-to-speech technologies and consists of breaking
long sentences into smaller prosodic phrases. Boundaries
are acoustically characterised by a pause, a tonal change,
and/or a lengthening of the last syllable. Phrase breaks
have strong influence on naturalness, intelligibility and
even meaning of sentences.

In Ogmios phrasing is obtained using two algorithms.
The first algorithm consists in a Finite State Transducer
that translates the sequence of part-of-speech tags of the
sentence into a sequence of tags with two possible values:
break or non-break [4]. This uses the same tool which
was used for the grapheme-to-phoneme task: x-grams [5].
The method uses very few features, but the results are
comparable to CART using more explicit features.

The second algorithm predicts phrase break bound-
aries combining a language model of phrase breaks [6]
and probabilities of phrase breaks given contextual fea-
tures [7]. Phrase break boundaries are found by maximiz-
ing the following equation:

J(C1,n) = argmax;, , H %

i=1

P(jilji—r,i-1)

(D

The latest algorithm was chosen in this evaluation for

Spanish due to its better subjective performance in train-
ing data.

2.2.2. Duration

Phone duration strongly depends on the rhythmic struc-
ture of the language. For example, English is stressed-
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timed while Spanish is syllable-timed. Ogmios predicts
phone duration with a two steps algorithm: prediction of
the suprasegmental duration (syllable or stress unit), and
then phone duration is predicted by factoring the supraseg-
mental duration.

The suprasegmental duration is predicted using CART.
Features include the structure of the unit, represented by
articulatory information of each phoneme contained in it
(phone identity, voicing, point, manner, vowel or conso-
nant), stress, its position in the sentence and inside the
intonation phrase, etc.

Once the duration of the suprasegmental unit is cal-
culated, the duration of each phoneme is obtained using
a set of factors to distribute suprasegmental duration over
its constituent phonemes. These factors are predicted us-
ing CART with a set of features extracted from the text,
such as articulatory information of the phoneme itself and
the preceding and succeeding ones, position in the unit, in
the word and in the sentence, stress, and whether the unit
is pre-pausal.

2.2.3. Intensity

The intensity of the phonemes is predicted by means of a
CART. Features are again articulatory information of the
actual, preceding and succeeding phone, stress, and the
position in the sentence relative to punctuation and phrase
breaks.

2.2.4. Intonation

Ogmios has two available intonation models: a superpo-
sitional polynomial model trained using JEMA (Join fea-
ture Extraction and Modelling Approach [8]), and a f0
contour selection model. In some cases, using the super-
positional approach results in over-smoothed intonation
contours with a loss of expressiveness.

Thus, in this evaluation we generate the fO contour us-
ing the selection approach [9]. For each accent group we
select a real contour from the database taking into account
the target cost (position in the sentence, syllabic struc-
ture, etc.) and the concatenation cost (continuity). The
selected contour is represented using a 4th order Bezier
polynomial. The contour is generated using this polyno-
mial, once the time scale is adapted to the required du-
rations. The final result is a more expressive intonation
contour than the JEMA model. However, in some cases,
the contour is not adequate for the target sentence due to
natural language understanding limitations of TTS sys-
tems.

2.3. Speech Synthesis

Our unit selection system runs a Viterbi algorithm in or-
der to find the sequence of units u; . . . u, from the inven-
tory that minimises a cost function with respect to the tar-
get values t; . .. t,. The function is composed by a target

and a concatenation cost: both of them are computed as a
weighted sum of individual sub-costs as shown below:

n M?t
Cty.. . tpyur ... up) :wtz
=1 m

wfn Cfn (tiv ul)
1

n—1 / M°
+ w* (Z w;, O (i, Uz’+1)>

=1 \m=1

where w' and w® are the weights of the global target
and concatenation costs (w! +w® = 1); M is the number
of the target sub-costs and M ¢ the number of concatena-
tion sub-costs; C? (.) is the m th target sub-cost which is
weighted by parameter w! ; and C¢,(.) is the m th con-
catenation sub-cost weighted by w,, .

Tables 1 and 2 show the features used for defining the
sub-cost functions. There are two types of sub-costs func-
tions. Binary, which can only have 0 or 1 values, and con-
tinuous. For continuous sub-costs functions, a distance
function is defined and a sigmoid function is applied in
order to restrict their range to [0 — 1].

To adjust the target weights, we applied a similar ap-
proach to the one proposed in [10]. For each pair of units,
we compute their distance using feature vector (MFCC,
f0, energy) taken every 5 msec. Let d be the vector of all
distances for each pair of units, C' a matrix where C (4, j)
is sub-cost j for unit pair ¢ and w the vector of all weights
to be computed. If we assume Cw = d then it is possi-
ble to compute w as a linear regression. In other words,
the target function cost becomes a linear estimation of the
acoustic distance. The weights of the concatenation sub-
costs functions were adjusted manually.

phonetic accent

duration difference

energy difference

pitch difference

pitch diff. at sentence end
pitch derivative difference
pitch deviate sign is different
accent group position
triphone

word

=~Iieslierliveliplioliolioliell

Tabla 1. Target costs: B stands for binary cost and C for
continuous cost.

energy
pitch

pitch at sentence end

spectral distance at boundary
voice-unvoiced concatenation

>=lloliolielle!

Tabla 2. Concatenation costs: B stands for binary cost
and C for continuous cost.
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Concerning the waveform generation process, in our
experience, listeners assign higher quality scores to the
synthetic utterances where the prosodic modifications are
minimal. Thus, most of the units selected for generat-
ing synthetic speech are simply concatenated using glottal
closure instant information, without any prosodic manip-
ulation. Therefore, the use of the information provided
by the prosody generation block is restricted to the unit
selection process.

3. BUILDING THE ALBAYZIN VOICE

Once the normalization and phonetic transcription rules
are ready (section 2.1), our system is able to build a new
voice automatically from the audio files and their corre-
sponding prompts. This automatic procedure consists of
four main steps: automatic segmentation of the database,
training of the prosodic models, selection weights adjust
plus database indexing. The prosody training and the se-
lection weights adjust procedures have been described in
previous sections. Therefore, in the present section, we
will describe the segmentation process and the database
indexing.

Once the database was supplied we built the unit in-
ventory. In our system, the units are context dependent
demiphones. However, the selection algorithm forces the
use of diphones imposing a high cost in phone transitions.
The database is automatically segmented into phones by
means of the HMM-based aligner named Ramses [11].
We used the front-end described in section 2.1 to auto-
matically transcribe the whole database into phones.

Afterwards, we trained a different set of context de-
pendent demiphone HMM models from each data set, cor-
responding to each of the three voices. The phone bound-
aries are determined using a forced alignment between the
speech signal and the models defined by the phonetic tran-
scription. A silence model, trained at punctuation marks,
was optionally inserted at each word boundary during the
alignment. In addition, the detected silences are also used
for the pause prediction model (see Section 2.2).

Previous experiments have shown that when a correct
phonetic transcription is given, HMM models can achieve
similar speech synthesis quality than manual segmenta-
tion [12, 13]. Therefore, additional effort was devoted to
phonetic transcription and database pruning to obtain cor-
rectly segmented voices, as show in the following para-
graphs.

Automatic phonetic transcription of a speech synthe-
sis database has to cope with pronunciation variants, pro-
nunciation errors and recording noise. In order to over-
come the former problem, the alignment took into account
all possible transcriptions of a single word. At this point,
the alignment may have errors either because there is a
mismatch between front-end and speaker production or
because there is an alignment error.

We assume that wrong units will never represent a
big portion of the database and that it is affordable to re-

ject such part of it. Therefore we tried to detect unde-
sired units in order to remove them from the inventory by
means of a pruning procedure. After computing the align-
ment likelihood for every unit, 10% of them, those with
worst scores, were removed. Previous experiments have
shown that it is possible to remove 90% of wrong units by
means of this pruning procedure [14].

In this evaluation we do not include any pruning due
to the small amount of data provided to generate the syn-
thetic voice. Therefore, we rely on spectral measures at
unit selection to avoid problematic units.

Once the speech signals were segmented and the list
of sentences are ready, we can start building the voices
for our TTS system. The process consists of three main
steps: feature extraction, unit indexing and voice gener-
ation. The first step extracts FO, duration, energy and
MFCC for each speech unit. The index file contains the
relevant information needed for computing the target and
concatenation costs. In the last step, the parameters of
the prosody models and the weights of the unit selection
algorithm are computed.
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RESUMEN phonemes or broad categories of phonemes extracted by
. o . atokenizer.

This paper presents a description of the INESC-ID’s This paper presents the LV systems developed by the
Spoken Language Systems LaboratoryR). Language  |NESC-ID's Spoken Language Systems LaboratoRF)L
Verification systems submitted to the ALBAYZIN-08 eval- {4, the ALBAYZIN-08 campaign. In accordance with the
uation. Two completely different systems are presented gy 51yation conditions, two different systems have been
for the restricted and the unrestricted evaluation. The presented: an acoustic system based on GMM modeling
restricted system relies on Gaussian mixtures models tfo, the restricted evaluation (GMM-LV restricted), and
classify language using the acoustic characteristicsedf th 5 yhonotactic Parallel Phone Recognition and Language
speech signals extracted by a front-end of shifted deltas.y1odeling system for the unrestricted evaluation (PPRLM-
The unrestricted system is a Parallel Phone Recognition)\/ ynrestricted). The next Section 2 presents a brief de-
and Language Modeling system based on four different gcrintion of the task, the data provided for the evaluation
phone tokenizers. Results on the development data setfog g the evaluation metrics. Sections 3 and 4 describe the
the different systems and evaluation conditions are pre- gpMM-LV restricted and the PPRLM-LV unrestricted sys-
sented. Additionally, measurements of the computationaliemg; respectively. Measurements of the computational
cost of processing the evaluation data set are provided. deployment in the processing of the evaluation data set

are also provided. In Section 5 results obtained by the
1 INTRODUCTION two systems in the different evaluation cqndmons vv_|th
the development data set are presented. Finally, Section 6

The “Red Temética en Tecnologias del Habla” (RTTH) presents our main conclusions.

has organized in the recent years a series of evaluations
- so called ALBAYZIN evaluations - in some relevant 2. ALBAYZIN-08 LV: TASK, DATA AND METRIC

speech processing topics devoted to encourage language DESCRIPTION
research activities on the four official languages of Spain:
Castilian, Catalan, Basque and Galician. Detailed information on the ALBAYZIN-08 LV campaign

Similar to the well-known NIST Language Recogni- can be found in the evaluation plan document[1].
tion Evaluation series, a Language Verification (LV) task
has been proposed in ALBAYZIN-08. The objective isto 2.1. Task and evaluation conditions
determinate if each one of the four official languages of
Spain is spoken (or not) in a given test file.

Language verification and recognition approaches can. - 3
be classified according to the kind of source of informa- 2N Catalan, Basque and Galician) or not. That is, for
tion that they rely on. Most successful systems are baseoeaCh test signal, four decision results (true or false) for
on the exploitation of the acoustic phonetics, that is the egch one of the target. Ignguages are produced, together
acoustic characteristics of each language, or the phono-Wlth a score of the deC|s_|0n. )

Two system evaluation categories are proposed: one

tactics which are the rules that govern the phone combi- , i
for restricted systems that rely only on the data provided

nations in a language. for th luati q ther f ricted t
Acoustic systems model each Ianguageshort-termaco@%— € evaluation, and anofner for unrestricted systems

tics by means of stochastic models/classifiers such as Gaugs- ich can use any data or incorporate subsystems that

sian mixtures models (GMM), Neural Networks (NN) or Cg\;ziggfsng:i'giig ;V('::Lsxfer?itg?;a' for instance phone
Support Vector Machines (SVM). Phonotactic systems usu- " y ' .
Additionally, the systems can be evaluated in closed

ally use language dependent stochastic grammars to model .
Y guag P g mode or open mode. In contrast to the closed mode, in

This work was partially funded by the FCT project PoSTPort the open mode speech segments from Unkhown languages
(PTDC/PLP/72404/2006) and by the European project Vidiedi different from the target ones can appear in the test data

The task consists of deciding whether a speech segment
belongs to each one of the four target languages (Castil-
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and are taken into account for the systems performance —

i -G
evaluation. cas a—»
-GS

Spee—ch» T-norm
- B9

All the data provided for the ALBAYZIN-08 evaluation omm | {znom) 5 (e

are TV programs captured at 16 kHz. The training data —

set consists of approximately 8 hours per target language,

in several files of varying length. The test data set consistsFigure 1. Block diagram of the GMM-LV restricted sys-

of 1800 files with speech of the four target languages andtem presented for ALBAYZIN-08 evaluation.

in other unknown languages of 3 different durations: 3,

10 and 30 seconds. Additionally, a development data set

consisting of also 1800 files of similar characteristics to

the evaluation test set was provided with language identi-

fication labels. The extracted features are Perpetual Linear Predictitin sta
features with log-RelAtive SpecTrAl speech processing
(log-RASTA), and a stacked vector of shifted delta cep-

2.3. Performancemetric stra (SDC) of the same log-RASTA features. Concretely,

A ‘ based on the fal i 7 log-RASTA static features and a 7-1-3-7 SDC parame-
N average performance scoré based on he 1alse posiliveg configuration are computed, resulting in a final feature

and false alarm rates obtained by the evaluating Systems . tor of 56 components

is used. _The performance score, hereinafter referred to 1o oe hand, log-RASTA features are known to

asCan, is computed independently for each test length be a robust representation for speech processing appli-
durayon (3,10 and SQ seconds). Further details about thecations [2]. On the other hand, it has been shown that
metrics can be found in [1]. the use of SDC features (created by stacking delta cepstra
computed across several frames) allows improved perfor-
mances in LV tasks [3]. The selected front-end showed

remarkable improvements compared to other evaluated
. . _ feature representations during the development of the sys-
For the restricted system a GMM acoustic modeling ap- tems, sucﬁ as mel-frequency?:epstral coeﬁ)‘ficients, percgp-

proach was conS|der§d o be the most adequgte, SINCe i al linear prediction features or the advanced ETSI front-
does not need phonetic or word-level transcriptions of any end features

kind. In this section, a detailed description of the devel-
oped system is provided.

2.2. Train, development and test data

..,.

3.2.1. Feature extraction

3. THE GMM-LV RESTRICTED SYSTEM

3.2.2. Acoustic modelling

Gaussian mixture models of 1024 mixtures were trained
for each target language using thedels data Each

The training data provided for each language(hours) acoustic model was first initialized by means of vector
was splitinto two distinct sets: throdels dataf approx- ~ duantization estimation. Then, 10 maximum likelihood
imately 400 minutes per language was used for training E§t|mat|qn Maximization iterations were applied to ob-
the acoustic models, and tiack-end dataof approxi-  t@in the final language models.

mately 100 minutes per language was used for normaliz-  More sophisticated model training procedures were
ing scores and back-end development. also tested, without achieving significant differences. In

particular, the use of a universal background model (UBM)
for Bayesian adaptation to the target languages. This rdetho
3.2. System description was finally discarded, and UBM has not been used neither
for model adaptation nor for score normalization.
The system is a conventional GMM classifier. For each
target language, a GMM is trained with throdel dateof
that language extracted by the selected front-end. During
test, the acoustic language models are used to computéor each test utterance, log-likelihoods of the four acous-
the log-likelihood scores of a given speech signal for eachtic models (Castilian, Catalan, Basque and Galician) were
language. These likelihood scores of the four languageobtained. The log-likelihood of the claimed or tested lan-
models are then processed to produce a decision for eaclyuage was T-normalized with the mean of the log-likelihoods
target language. Only one GMM classifier for one set of of the other three competing languages.
features has been trained. Figure 1 shows a diagram block  The back-end datavas split in shorter segments, ac-
of the GMM-LV restricted system. cording to an energy-based speech detector segmentation

3.1. Training data splitting

3.2.3. Back-end: normalization and scoring
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system, in order to be more similar to the test data. T-
norm scores of thiback-end datavere computed. Then,
mean and variance of the T-norm score of a concrete lan- L
guage was estimated with ttheck-end datasets of the PRLM
competing languages. During test, the mean and varianceSeese" sTACK
estimated for a target language were used to apply Z-norm vesters
to the T-normalized log-likelihood of this language, in or-
der to obtain the final score used for decision.
The final decision threshold was selected in order to
deploy a balanced performance (close to minimiy,)
for the 3, 10 and 30 seconds evaluation conditions. It is
worth noticing that a unique threshold is used indepen-
dently on the claimed target language.
The difference between the closed and open systems
for the restricted evaluation is on the decision threshold

selected, that is slightly more selective in the open system  The four phonetic classifiers used by the PPRLM-LV
to reduce the increased false alarm rate due to presence afystem were trained with additional external data. For the

Figure 2. Block diagram of the PPRLM-LV unrestricted
system presented for ALBAYZIN-08 evaluation.

unknown language speech sources. European Portuguese classifier, 57 hours of manually an-
notated data and more than 300 hours of automatically
3.3. Processingtime transcribed broadcast news (BN) data were used. The

) o ) Brazilian Portuguese classifier was trained with around
All the experiments in this paper were run in an Intel 13 hoyrs of BN data. The Spanish system used 14 hours
Quadcore 2.4 GHz (Q6600) machine with 8 GBytes of 4t manyally annotated data and 78 hours of automatically
DDR2 RAM a_t 667 Mhz. ] transcribed data. Finally, the English system was devel-
The total time deployed by the restricted system (both qpeq with the HUB-4 96 and HUB-4 97 data sets, that

closed and open) in performing the test evaluation was ap-cgntain around 142 hours of TV and Radio Broadcast
proximately 19 minutes. Since the evaluation test set hasyatg

a total duration of around 458 minutes, this result corre-

sponds approximately to 0.04xRT. 4.2. System description

4. THE PPRLM-LV UNRESTRICTED SYSTEM The PPRLM-LV unrestricted system first uses the four
phonetic tokenizers to extract the phonetic sequence of

The unrestricted system presented for the ALBAYZIN- the model dataof each target language. Then, for each
08 LV evaluation is a PPRLM system that exploits the target language and for each tokenizer a different phono-
phonotactic information extracted by four parallel tok- tactic n-gram language model is trained. During test, the
enizers: European Portuguese, Brazilian Portuguese, Euphonetic sequence of a given speech signal is extracted
ropean Spanish (Castilian) and American English. The with the phonetic classifiers and the likelihood of each
key aspect of this type of systems is the need for robusttarget language model is evaluated, resulting in a total
phonetic classifiers that generally need to be trained with of 16 likelihood scores (4 target languages x 4 phonetic
word-level or phonetic level transcriptions. Atthe INESC- tokenizers). These likelihood scores are normalized and
ID’s L 2F group we have been working for several years in combined with a Support Vector Machine approach for
Large Vocabulary Continuous Speech Recognition (LVCSR)ptaining a final identification and probability score per
using hybrid Artificial Neural Network Hidden Markov target language. Figure 2 shows a diagram block of the
models (ANN/HMM) recognizers, the so-called connec- PPRLM-LV unrestricted system.

tionist paradigm. During the last years, we have been

developing phonetic classifiers (Multi-layer Perceptrons 4.2.1. Phonetic tokenizers/classifiers

MLP) for our current recognition systems in several lan- o ] . o
guages. In this section, we present a detailed descriptionThe tokenization of the input speech data in both training

of the PPRLM-LV system and its several components. ~ and testing is done with the neural networks that are part
of our hybrid Automatic Speech Recognition (ASR) sys-

tem named AUDIMUS. This kind of recognizers are gen-
erally composed by one or more phoneme classification
Like in the case of the GMM-LV system, the training data networks, particularly MultiLayer Perceptrons (MLP),tha
has been split into two sets, one for training stochastic estimate the posterior probabilities of the different péroes
language modelsriodels dataf approximately 400 min-  for a given input speech frame (and its context). Con-
utes per language), and the other for back-end develop-cretely, the system combines three MLP outputs trained
ment pack-end dataf approximately 100 minutes per with Perceptual Linear Prediction features (13 static +
language). first derivative), log-RelAtive SpecTrAl features (13 stat

4.1. Training data splitting
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classifier used in the European Portuguese, Brazilian Por-
tuguese, Castilian and English PRLM systems.
Figure 4. Block diagram of one PRLM language verifi-
cation system.

+ first derivative) and Modulation SpectroGram features

(28 static). Figure 3 shows the structure of one of the

multi-stream phonetic classifiers used in this work. A de- The back-end datgortion was first segmented into
tailed description of the European Portuguese BN tran- shorter segments by a speech-non-speech detector, and
scription system can be found in [4]. the four 4-element T-normalized vectors scores were ex-

The size of the neural networks of each ASR sys- tracted and stacked to form a single 16-element vector.
tem (European Portuguese, Brazilian Portuguese, Euro-Then, four binary “1 versus all” classifiers were trained
pean Spanish and American English) differs due to the for every target language in order to obtain probability es-
different amounts of training data. However, it is worth timations. In fact, due to the high confusability between
noticing the differences in the output layer, that is, the Castilian and Galician observed during the development
number of different phonetic tokens to classify. In the of the system, it was decided to use a two step classifi-
case of European Portuguese, 39 phonetic tokens (comeation procedure when claimed languages were Castilian
plete Portuguese phone set + silence) are considered. lor Galician. A “2 versus all” classifier is trained to detect
the Brazilian, Spanish and English recognizers, besidesCastilian and Galician and then a “1 versus 1” classifier
the complete phone set of each language plus silence, adis used to disambiguate between these two. It is worth
ditional sub-phonetic units are also classified. Theseunit noticing that the SVM classifiers were used to estimate
are mainly phoneme regions (transitional left and right re- the probability of each target languages and that decisions
gions and steady phone nucleus) and diphone units [5]. were finally taken based on this probability score and the
decision threshold selected.

Like in the GMM-LV system, the decision threshold
was adjusted to obtain the best possible performance for
For every phonetic or sub-phonetic tokenizer, the phono- the several evaluation conditions. Again, a differentshre
tactics of each target language are modelled with a 3-gram0!d is selected for the closed and open evaluation modes.
model. For that purpose the SRILM toolkit has been used
[6]. 4.3. Processing time

During test, a vector with the four likelihoods obtained
with four competing target language models is formed Using the above mentioned machine, the total time de-
for every tokenizer. Similarly to what was done for the Ployed by the unrestricted system (both closed and open)
GMM-LV system, we decided not to use background mod- Was approximately 148 minutes, corresponding to approx-
els for score normalization. Instead of background nor- imately 0.32xRT. It is worth to notice that the time con-
malization, T-norm of the mean likelihood of the three sumed on loading the phonetic networks of each one of
competing languages was applied to the score of a claimedhe PRLM systems is included in this time computation
language. A diagram of one single phonotactic system isand that the networks are loaded for each testing file.
shown in Figure 4.

4.2.2. Phonotactics modeling and normalization

5. RESULTSON THE DEVELOPMENT SET
4.2.3. Linear SVM combination ] ]
Table 1 presents the results obtained in the development
In order to combine the 4-element (one per target lan- set, for the two systems in all the described conditions.
guage) T-normalized vectors obtained from each indepen-The results confirmed our expectations. The best ones
dent phone tokenizer, linear Support Vector Machines arewere obtained with the unrestricted system. The open
trained with the libSVM toolkit [7]. mode is significantly more challenging than the closed
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one. The use of longer segments contributes to a smallef7] Chang, C.-C. and Lin, C-J, “LIBSVM - A

error rate.
System Condition 30sec 10sec 3sec
Restricted Closed 0.1556 0.1986 0.2462
Restricted Open 0.1952 0.2221 0.2648
Unrestricted Closed 0.0281 0.0663 0.1635
Unrestricted Open 0.0838 0.1148 0.1969

Table 1. C,,4 performance on the ALBAYZIN-08 LV de-
velopment set of the GMM-LV restricted and the PPRLM-
LV unrestricted systems in both open an closed mode.

6. SUMMARY AND CONCLUSIONS

The experiments described in this paper using both a re-
stricted system based on GMM models and an unrestricted
system based on phonotactic models confirmed the ad-
vantages of using extra knowledge sources in the language
verification task. It would be interesting to add to the

dataset the other language spoken in the Iberian Peninsula

(European Portuguese), as well as Brazilian Portuguese
and the different Latin American Spanish varieties, and
detect the confusability between all the languages.

(1]

(2]

(3]

(4]

(5]

(6]
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Abstract

Generally, corpus-based speech synthesis systems provide a
considerable synthesis quality since the underlying unit selec-
tion approaches were optimized in the last decade. The unit
selection of the synthesizer is attempting to find the best combi-
nation of unit sequences to assure that the perceptual differences
between expected (natural) and synthesized speech signal are as
low as possible. Depending on database and algorithmic design,
numerous mismatches and distortions are possible and they are
audible in the synthesized speech signal. Therefore, unit selec-
tion strategy and parameter tuning are still important issues. We
present a novel concept to increase the efficiency of the exhaus-
tive speech unit search within the database by an unit selection
model, which is based on mapping analysis of only the con-
catenation costs and Bayes optimal classification (BOC). BOC
has one principle advantage because it does not require an ex-
haustive training to set up weighted coefficients for target and
concatenation sub-costs. It can provide an alternative for unit
selection but requires further optimization e. g. by integrating
target cost mapping.

Index Terms: speech synthesis, unit selection, speech intelligi-
bility, speech analysis.

1. Introduction

Corpus-based concatenative speech synthesis has been stud-
ied and utilized in text-to-speech synthesis (TTS) systems over
many years [1], [2]. In this approach, the speech database de-
sign covers a big variety of the phonetic and prosodic language
features. Consequently, unit selection should be able to find
the best unit sequence to synthesize an input text by minimiz-
ing the total cost function. The total cost function is modeled
as the weighted sum of target and concatenations costs, which
contains various features such as duration, FO and energy as
target but also linear spectral frequencies (LSFs), multiple cen-
troid analysis (MCAs) [3] and Mel frequency cepstral coeffi-
cients (MFCCs) as concatenation features.

The target cost is defined as the estimation of the mismatch
between a recorded acoustic speech unit and a predicted spec-
ification, which is estimated by using the prosody module of
the TTS system. It is calculated as the weighted sum of char-
acteristic distances between the components of the target and
candidate feature vector like duration, pitch value (FO) and en-
ergy. Likewise, the concatenation cost reflects the mismatch or
distortion between two speech units due to the frequency for-
mants and others spectral features of the speech units that do
not align properly [4]. Mismatches are known as concatenation
cost, which could be considered as an estimator of the quality of
speech synthesis. If the discordance between a speech unit and
the predicted specification is also taken into account, the quality
of the synthesized speech signal even suffers an extra degrada-
tion. Therefore, it is necessary to set up all these factors in

one integrated function, which represents the influence of target
and concatenation costs on the resulting speech synthesis qual-
ity and enables the finding of optimal speech units sequences
to obtain the desired synthesized waveform. But the process-
ing of all information requires an exhaustive training to set up
the weighted coefficients for both sub-costs [1][2]. Therefore,
we present an unit selection framework based on Bayes optimal
classification (BOC) and its experimental evaluation. BOC has
a principle advantage because it does not require an exhaustive
training to set up weighted coefficients for target and concatena-
tion sub-costs. Section 2 gives an overview about the proposed
unit selection framework and its components. The BOC is de-
scribed in section 3 and the experimental results are explained
in section 4.

2. Unit Selection Framework

The target and concatenation costs have been integrated in a to-
tal cost function by [1], which represents the degradation on a
synthesized speech signal. Additionally, they described a unit
selection model as a search for a low cost candidate unit se-
quence. Although, different target and concatenation sub-costs
have been proposed to unit selection, the sub-costs already men-
tioned have reached a significantly representation of the deteri-
oration of a synthesized signal. Hence, they compose a special
unit selection process in such a way that the sum of the target
and concatenation costs determines the total cost C' for a se-
quence of n speech units.

n

P
C@t",u™) = ZZw;cé(t“ul) (1)

i=1 j=1

n q
+ Z Z wics(ui—1, uq)
i=2 j=1

Where t; represents the searched predicted specification,
u; the speech unit, c§- target cost, p the number of weighted
target sub-costs, cj concatenation cost, g the number of con-
catenation sub-costs and w the weighted coefficients (WCF).
The following step should be to find the weighted coefficients
that determine the effect-weight of every target and concatena-
tion sub-cost in the total cost function. This is considered as
the best way to find the right speech unit sequence for the de-
sired synthesized speech signal. However, the search for the
optimal weighted coefficients is not a trivial task, because it
normally requires training, which is a subjective work and time
consuming for every speech database [1][S][7][8]. Therefore,
we present a unit selection framework that is based on mapping
of the concatenation sub-costs and a Bayes Classifier. There-
with, we avoid principally the exhaustive and subjective search
of weighted coefficients. Also, we estimate in great part the
quality or degradation of the synthesized signal by mapping the
concatenation sub-costs.
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Figure 1: Proposed Unit Selection Framework.

2.1. Bayes classification framework

The Bayes classification framework is composed by different
modules that are shown in Fig. 1. It illustrates the speech
database, where all possible speech units that compose the de-
sired synthesized speech signal are searched. The speech unit
candidates are chosen in the speech database by Backward Or-
acle Matching algorithm (BOM) [6]. It picks up all possible
speech units that compose the phonetic sequence of the text to
be synthesized. Once the speech units are found, their MCAs,
LSF and MFCCs coefficients are calculated at the right and left
boundaries and represented in a vector form. Afterwards the
distance A between predecessor and candidate speech unit se-
quence of the desired synthesized speech signal is calculated.
The mapping is obtained by calculating the concatenation sub-
costs distance of the speech units. Finally, the Bayes classifica-
tion determines if the concatenation between the speech units is
corrupt or proficient. In the following sections the components
of the proposed unit selection framework will be described in
more detail.

2.2. Speech corpus and database

We utilize the “TC-STAR” English speech database [9], which
was designed with high quality criterion. The quality speech
in the recordings was reached with 96 kHz sampling rate, 16
Bit precision, SNR > 40 dB and bandwidth of 40 Hz to 20
kHz. The speech database has a duration of over 10 hours. It is
composed for a corpus of about 90 000 words, which are con-
tained in 5558 sentences. This amount is distributed on the sub-
corpora of transcribed speech, written text, constructed phrases
and expressive speech. The 70% of the sentences were labeled
automatically and 30% were hand labeled, where 30% cover
all Diphonemes of the English language. Therefore, there is at
least one error free labeled Diphoneme in the speech database.
Also, the Diphoneme is established as the basic speech unit.

2.3. Parametric distance function

The Delta symbols in Fig. 1 show the distance function. They
compare two values of the same feature and produce a distance
value output. This function measures the degree of match be-
tween the features of two adjacent speech unit candidates. The
distance is calculated with 20 ms frames, 9 MCAs, 26 LSFs
and 24 MFCCs coefficients features vector in the correspond-
ing boundary at the point of concatenation. We utilize the Ma-
halanobis distance measure, because it has shown a high corre-

lation with human perception of discontinuity at concatenation
boundaries [10].

d(7,§) = /(T — ) TEH(T ~ ) 6)

Where 7 and ¥ are the features vectors of the predecessor

and candidate speech units and K ~'is the inverse covariance

matrix. That is how the distance between the speech units for
the MCA, LSF and MFCC features is calculated.

2.4. Mapping Analysis

The mapping consists of an off-line calculation of the concate-
nation sub-costs between speech units in the database, which do
and do not present displeasing distortions when they are con-
catenated. It is estimated by the distance calculation between
the speech unit features like MCAs, LSFs and MFCCs at the
right and left boundaries [11]. The mapping of concatenation
sub-costs that do not present any distortion is done by the con-
catenation sub-cost distance calculation between speech units,
which are continuous in the words or sentences in the speech
database. Although, the concatenation sub-costs of continuous
speech units are set up to zero by definition [1][2], we utilize the
calculated concatenation sub-cost distances to map the real val-
ues of continuous speech units off-line. In this way, we obtain
a real reference of concatenation sub-costs without distortion.
The mapping of those concatenation sub-costs that present un-
pleasant distortions is done by using a determined set of speech
units. These speech units come from different words or sen-
tences contained in the speech database and were previously
selected to not concatenate properly by a listening test on syn-
thetic utterances. Therewith, the second reference is also ob-
tained with the same number of concatenation samples like the
properly concatenation samples. We were able to differentiate
between two mapped references, which represent the proficient
and corrupt areas of concatenation as it is shown in the Fig. 2. It
illustrates the mapping of the concatenation sub-cost distances
between continuous and not continuous speech units at the point
of concatenation. For this instance the concatenation type at the
middle of a short vowel /U/ is shown, because the concatenation
between short vowels has proved to be the most inclined case to
concatenate not properly [5][11]. Finally, a mapping for every
phoneme concatenation should be done. Consequently, the next
task is to determine the concatenation sub-cost area, which can
determine if the join between two not continuous speech units is
a proficient or corrupt concatenation based on the correspond-
ing previously mapping pro phoneme by a classification method
like BOC.

3. Bayes Optimal Classification

Bayes optimal classification establishes that the class probabil-
ity k given the feature vector & is equal to multiplication be-
tween the a priori likelihood the class P(k) and the density
probability function P(Z/k) divided by the probability of the
sample, according to equation (3).

P(Z/k) - P(k)
P(Z)

Where £ is the proficient or corrupt concatenation class and
Z is the concatenation sub-cost distance vector between two
speech units. The denominator is not considered, because it
is common to both concatenation classes. A priori probabilities
of continuous and not continuous concatenation sub-costs have
been assumed equal 0.5. Also, we assumed the independence

P(k/Z) = 3)
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Figure 2: Concatenation sub-costs mapping.

between feature vectors, so that the BOC combines the impact
and probability of feature vector on the class label. BOC was
modeled with a multivariate density Gaussian distribution [12]
considering that the feature vectors have a normal distribution
as is shown in the following equation (4).

1

O e

“

1. 1,5
-exp —Q(w—uk)TKkl(ﬂ?—Mk)

Where Z is Mahalanobis distance by concatenating speech
units, the covariance matrix K and mean p are calculated ac-
cording to the class feature vectors of Mahalanobis distance.
Afterwards we would like to find those speech units that have
the maximum probability. It is achieved by a discriminant func-
tion as it is described in the following equation (5) and (6) .

e= arg mazx di(Z) 5)
i=1, . K
di(Z) = P(k) - P(Z/k) (6)

Where e is the maximum argument of the discriminant
function d;(Z) in the equation (6), which contains the maxi-
mum probability. K is the number of classes (corrupt or profi-
cient concatenation type).

3.1. Bayes discriminant function

By the substitution of the multivariate density Gaussian distri-
bution (4)in the discriminant function (5) we obtain the corre-
sponding distance Bayes discriminant function (7) as it is shown
in the Fig. 3. The discriminant function allows to classify a con-
catenation between two not continuous speech units into corrupt
and proficient concatenation type, which is based on its proba-
bility estimation.

(%) = In {dk (f)(zw)N/ﬂ %)

N N
—» 1 mn
dk(m:lnP(k)—flnm —3 2 2 K ki

n=1m=1

N N
1:N’m‘:1 — N
m=1m>m

l\)
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Figure 3: Bayes discriminant function.

Equation (7) describes a Bayes discriminant function [12],
which can be used to calculate the corresponding discriminant
function for every concatenation of phonemes of not continuous
speech units in the speech database. The Bayes discriminant
function at the point of concatenation of the nasal phoneme /N/
is shown in Fig. 3. It illustrates 2-Dimensional mapping anal-
ysis, where the both concatenation areas are delimited by the
Bayes discriminant function. It is easy to recognize that some
concatenation sub-costs of not continuous speech units fall in-
side the proficient concatenation area, which is known as clas-
sification error [12].

3.2. Unit selection process

Firstly, the speech units that had been found for the desired syn-
thesized speech signal by the BOM are processed by the Bayes
Classifier. The BOC classifies the speech units in corrupt and
proficient concatenation types by using the corresponding dis-
criminant function, as it is shown in Fig. 3. Then, the speech
units, which were found to concatenate corrupt and whose con-
catenation sub-costs do not fall into the proficient concatena-
tion delimited area by the discriminant function, are removed
from the unit selection process. Afterwards, the left over speech
units are computed by the corresponding previously obtained
distribution of the proficient concatenation type by using max-
imum likelihood method. Finally, the concatenation of speech
units that shows the highest likelihood is selected. In this way,
these speech units are selected that match best with the searched
phoneme sequence to obtain the desired speech signal without
distortions by the concatenative-based speech synthesis.

4. Listening Test

The DreSS TTS system [13] was used to synthesize three blocks
of 10 utterances with three different unit selection methods.
Furthermore, the previously mentioned speech database “TC-
STAR” was utilized for the three unit selection methods in the
DreSS TTS system. The first block (Conventional US) was syn-
thesized by the unit selection method proposed in [1], which
represents the basic principles of the sum of target and con-
catenation costs for unit selection and requires an exhaustive
training to set up the weighted coefficients for target and con-
catenation sub-costs. By the second block (Masking US) the
unit selection proposed in [14] was used, which bases its unit
selection method on previously defined transparency and qual-
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ity functions and determines if a determined concatenation will
or will not present distortions. The last block (BOC US) is our
proposed unit selection method.

4.1. Experiment

The synthesized utterances were evaluated by 10 listeners and
finally a mean opinion score (MOS) of their absolute category
decisions has been calculated. All listeners were students or
researchers at Dresden University of Technology with good En-
glish proficiency, experience on speech recognition and synthe-
sis. Their age varied from 20 to 30 years. The listening test con-
sisted of the evaluation of intelligibility, naturalness and con-
catenation quality of the synthesized utterances. The probands
listened to the test stimuli in random order. We asked them to
rate the quality of the synthesized utterances on a scale of 1
(Bad) to 5 (Excellent). The MOS values obtained for the three
unit selection methods are summarized in Table 1.

Table 1: Mean opinion score listening test.

[ Conventional US [ Masking US [ BOC US |
| 276 [ 225 | 267 |

4.2. Results

The mean opinion scores in Table 1 turned out to be significant
at the one percent-level by paired t-test. Masking US based on
the masking quality function has obtained the worst results in
the listening test. This is due to the quality concatenation mask-
ing function that can not be determined by a linear function for
every type of concatenation as it was proposed by [14]. Conven-
tional US based on the sum of target and concatenations costs,
performed slightly better than BOC. This reflects the potential
improvements that can be obtained by taken into account the
target sub-costs in the speech synthesis. Nevertheless, the task
of setting up the weight coefficients on the total cost C' function
in the equation (1) was a very difficult subjective work, which
required many hours of listening training for the specific corpus
database. Summarized, the proposed BOC unit selection ob-
tained better results than the proposed masking method of unit
selection and it was slightly worse than the conventional unit se-
lection method manifesting only a small perceptive difference
between them. BOC unit selection performance is functional
since it has shown an acceptable quality and avoided many
hours of training to determine an appropriate search for the best
speech unit sequence by mapping the concatenation sub-costs,
which is mainly considered as a subjective task.

5. Conclusion

This paper presented another perspective on unit selection
methods for corpus-based speech synthesis by proposing a
Bayes optimal classifier. BOC unit selection is based on con-
catenation and sub-costs mapping of speech units representing
distortions in the concatenated unit sequence. In this method,
the mapping provides two references of proficient and corrupt
concatenation areas. Furthermore, a discriminant function as
shown in the equation (7) was developed, which calculates the
probability estimation of proficient and corrupt concatenation
type between two speech units by this discriminant function.
BOC has one principle advantage because it does not require an
exhaustive training to set up the weighted coefficients for target

and concatenation sub-costs. Its operation is based on an objec-
tive mapping of the concatenation sub-costs. Therefore, BOC
unit selection supports the integration of new speech databases
in a TTS system avoiding exhaustive training for each newly
integrated speech database. In future, it will be important to im-
prove the BOC unit selection performance by the integration of
a target cost mapping because the target cost has a great influ-
ence on the naturalness of the synthesized speech signal.
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Abstract

In this paper the preliminary results, of a new approach on speech
modeling for statistical parametric HMM-based speech synthe-
sis are presented. The proposed system is based on a flexible
pitch-asynchronous harmonic/stochastic model (HSM) [1]. The
speech is modeled as the superposition of two components: a
harmonic component and a stochastic or aperiodic component.
The fact that the synthesis model is pitch-asynchronous allows
the direct integration to a HMM-based synthesis system. HTS
[2], an open source software toolkit that provides HMM-based
speech synthesis was used. The proposed HSM method was
compared to the HTS baseline system with the same configu-
rations and database. A number of different experiments were
conducted. Results show that high quality of synthesized utte-
rances is reached. A small perceptual test was carried out com-
paring the two systems on quality of the synthetic voice and
similarity to the original voice. HSM outperforms the HTS ba-
seline system in the quality test: HSM 53 %, HTS 35,3 %, and
undecided 11,7 %. Concerning similarity to the original voice,
HSM-performed slightly better than HTS: HSM 35,3 %, HTS
29,4 %, and undecided 35,3 %.

1. INTRODUCTION

Unit-selection is the dominant method in speech synthesis
[3] due to performance advantages such as high quality, and na-
turalness of synthetic speech. However unit-selection systems
are highly dependent on the database and the quality of the re-
corded database. Due to this quality dependency, voice modifi-
cation at the selected units cannot be carried out, and voice con-
version/adaptation is a difficult task by the time being, for unit
selection systems. Furthermore, databases where perfect recor-
ding conditions are not possible to achieve cannot be used. Ad-
ditionally big storage memory is necessary, which is prohibitory
in specific applications. Because of these limitations much re-
search has moved to statistical parametric speech synthesis and
mainly to Hidden Markov Models (HMM)-based systems.

Statistical parametric speech synthesis (from now on we re-
fer to HMM method only), cannot offer yet a high speech quality
comparing to unit-selection, but definitely overcomes most of
the problems listed above offering a very wide area for further
research (i.e.polyglot systems). In addition, HMM theory and
mathematics are well established in many areas of speech tech-
nology. The benefits of applying HMM to speech synthesis are
numerous: (i) it is possible to take advantage from techniques
tested in different fields and adapt them to a different application
(i.e. speech recognition to speech synthesis); (ii) the limitations
of HMMs are known; (iii) as the basic concept of HMMs is the
same for all applications, high-level implemented systems can
be used for different research fields and applications[4].

Moreover, continuous improvement has been observed at
HMM-based-text-to-speech systems. To be more specific, ac-

cording to the Blizzard challenge 2005 [5], 2006 [6], and 2007
[7], HTS system show a significant improvement every year.
Although on [8] the organizers of the Blizzard evaluation, provi-
de the results without pointing to each system by name, someone
can have information about the evaluation methods. On [9] HTS
researchers presented an evaluation of their own system for the
three year Blizzard challenge. On 2005, HTS participated with
a number of changes on the basic system [10]: a STRAIGHT-
based high quality vocoding algorithm used for the FO extrac-
tion, and spectral and aperiodic analysis, resulted to reduce the
“buzzy” sound that was produced with the basic vocoding te-
chnique. Hidden-semi-Markov models(HSMMs) were used for
improvements on duration modeling. Parameter generation from
HMMs considering global variance (GV) was applied to reduce
the oversmoothing of the generated parameters.

For Blizzard challenge 2006, a semi-tied covariance matrix
was used for full-covariance modeling in the HSMMs, and the
structure of the covariance matrices for the GV pdfs changed
from diagonal to full covariance. The system that was used for
the first two Blizzard challenge was a speaker-dependent sys-
tem.

On 2007, a new speaker-independent system was introduced
[7]. The system was guided from speaker adaptation approaches.
The general results were satisfactory every year and on some
occasions over expectations.

Two main areas of research in HMM-based synthesis are (i)
improving the quality of the synthesized speech in terms of na-
turality and similarity to the original training voice, and (ii) trai-
ning with a small amount of data. This paper focuses on the first
one, which is closely related to the speech parametrization used
by the system and its associated reconstruction method. In this
paper, a high quality asynchronous (harmonic/stochastic model
(HSM) [1]), is applied. The main problem of HSM modeling
to be solved can be centralized on the voiced/unvoiced transi-
tions where the separation of the harmonic part and stochastic
part is not very precise. Vector generation takes advantage of
multi-space distribution HMMs to separate as more precise as
possible the Harmonic generation part from the stochastic gene-
ration part. Preliminary test show that the synthesized voice has
a natural tinge, maintaining the main characteristics of the spea-
ker voice, and outperforms HTS system using the same database
and same configurations.

The remaining part of this paper is organized as follows: At
Section 2 a technical description of the asynchronous HSM mo-
del is given. At Section 3 the integration of the HSM model to
HMM system is discussed. Further, at Section 4 a general des-
cription of an HMM-based synthesis system is given. At Section
5 the main experiments are presented, and the results of a small
perceptual test are discussed. Finally, concluding remarks fo-
llowed by our future intentions and work plans to improve our
model, are presented.
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Table 1. General HSM analysis scheme.
2. DESCRIPTION OF THE HSM IMPLEMENTATION

The harmonic plus stochastic model (HSM) assumes that
the speech signal can be represented as a sum of a number of har-
monically related sinusoids with time-varying parameters and a
noise-like component. The harmonic component is present only
in the voiced speech segments, and it can be characterized at
each analysis frame by the fundamental frequency and the am-
plitudes and phases of the harmonics. The stochastic component
models all the non-sinusoidal signal components, caused by the
frication, breathing noise, etc. It can be represented at each fra-
me by the coefficients of an all-pole filter. A particular imple-
mentation of the HSM was developed at UPC in order to pro-
vide a flexible framework for all kind of signal transformations
[1], especially speech synthesis and voice conversion. During
the next sub-sections, we describe the speech analysis and re-
construction procedures and we discuss some questions related
to the integration of the model into a HMM-based system.

2.1. Analysis

The speech signals are analyzed at a constant frame rate
of 100 or 125 frames per second. Given a speech frame to be
analyzed, frame number k, the fundamental frequency F0(k) is
estimated and a binary voicing decision is taken. If the frame is
considered to be voiced, the amplitudes A, (k) and phases ¢, (k)
of all the harmonics below 5K H z are calculated by least squa-
res optimization. The cut-off frequency is given a fixed value
because spectral envelopes are to be extracted from the harmo-
nic component, as it will be explained later. Once the harmonic
component is characterized at every analysis instant, it is inter-
polated and regenerated from the measured values, using 1st or-
der polynomials for the amplitudes and 3rd order polynomials
for the frequencies and phases. Then, the regenerated harmonic
component is subtracted from the original signal, and the remai-
ning part of the signal, which is considered to be the stochastic
component, is LPC-analyzed at each frame. Table 1 shows the
analysis structure of the harmonic plus stochastic model.

2.2. Reconstruction

The signal is reconstructed by overlapping and adding 2N -
length frames, where N is the distance between the analysis
frame centres, measured in samples. Each synthetic frame con-
tains a harmonic part, built by summing sinusoids with harmonic
frequencies and constant amplitudes and phases, and a stochas-
tic part, generated by filtering white Gaussian noise through the
measured LPC-filters. A triangular window is used to overlap-
add the frames in order to obtain the time-varying synthetic sig-
nal. Being k£ and [ the frame number and the harmonic number,
respectively, the following expressions are used to reconstruct
the signal s[n]:

s(k)[n] = ;A% cos(27rlf§k) flJrqb(k))Jra[n]*h(Lk}),c [n] (1)

s

, and

S[kN 4+ m] = (N%

)M m] 4 (5)s " m — N @)
where m is in the range [0, N — 1]. The speech signals recons-
tructed from the parameters measured during analysis are almost
indistinguishable from the original ones.

Harmonic Stochastic
component component
Voiced O, LSF+Gain
frames vector LSF+Gain
Unvoiced vector
frames )

Table 2. HMM adopted HSM analysis scheme.
3. TRAINING HMMS ON THE HSM PARAMETERS

The problem of integrating HSM into a HMM-based speech
synthesis system can be faced in two different ways:

1. Training the HMMs directly from the HSM parameters,
and generating speech directly from the synthetic para-
meters. This strategy is problematic for several reasons
concerning mainly the harmonic parameters:

= There is a variable number of harmonics, whereas
HMMs require constant length training vectors.

= The number of harmonics is in general high, which
makes the learning process more complicated.

= The variability of the amplitudes and phases with
respect to F'0 is extremely high.

2. Training the HMMs from spectral envelopes calculated
by any method, and using the HSM for reconstructing the
speech signals from the synthetic envelopes. The main
problem of this approach is the loss of spectral resolu-
tion caused by the spectral envelope extraction process.
Nevertheless, according to our experience in voice con-
version, when both the harmonic component and the sto-
chastic component are represented by all-pole filters, the
quality of the resulting synthetic speech is reasonably
high.

The strategy followed in the system presented in this paper is
the second one. The harmonic all-pole filters are calculated by
applying the Levinson-Durbin recursion to the autocorrelation
sequence given by

Ru[n] = Y A cos(2nl fofﬁ) 3)
l S

Note that in this case the phase information is discarded. Before
training the HMM:s, the all-pole filters are transformed into their
associated line spectral frequencies (LSF), which are reported
to have very good properties for this kind of mathematical mo-
deling. Table 2 shows the parameters from which the training
vectors of the HMMs are built. During the synthesis process,
when new parameter vectors are generated by the system, the
LSF vectors are converted back into all-pole filters and multi-
plied by the predicted gain. The amplitudes to be used in ex-
pression (1) are calculated by sampling the harmonic envelope
H(f) at multiples of the generated fundamental frequency.

AP = [HD 55 )

The minimum phase response of the harmonic all-pole filter
H (f) can be also used for estimating the phases of the harmo-
nics, but a linear phase term « has to be added in order to keep
them coherent with those of the previous frame. The recursive
expression proposed for the linear phase term « is based on the
assumption that the pitch varies linearly from frame k — 1 to
frame k.

" =1 +arg{H"™ (1£")} ®)

Do m = (fEY 4+ 159) 6)
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Figure 1. Overview of a typical HMM-based speech synthesis
system.

4. STATISTICAL PARAMETRIC SYNTHESIS

4.1. Overview of a typical system

Figure 1 illustrates the block diagram of a basic HMM-
based TTS system. It is composed of training and synthesis sta-
ges. In this system context dependent HMMs (phonetic,linguistic
and prosodic context are taken into account) are trained from
feature vectors. The feature vectors consists of spectrum (Mel-
cepstral) and excitation (Fp) parts, extracted from the speech
database. Each HMM has state duration probability density fun-
ctions(PDFs) to model the temporal structure of speech. Accor-
dingly, TTS models spectrum parameters excitation parameters
and durations in a unified framework of HMM [10].

4.2. Training

Context dependent HMMs are trained with feature vectors
which consists of spectrum and excitation.The spectrum part in-
cludes the spectral parameters and their delta and delta-delta
coefficients. Excitation part consists of fundamental frequency
(log Fy), its delta and delta-delta coefficients. If spectrum and
excitation are trained separately may occur inconsistency pro-
blems between them. The log Fp is composed of one -dimensional
continuous (voiced) and zero-dimensional discrete symbol (un-
voiced) values. To model such observation sequences Multi-
space probability distribution (MSD) HMMS are used. The ba-
sic concept of MSD-HMM, is that they can model the sequen-
ce of observation vectors with variable dimensionality including
zero-dimensional observations [11]. This special kind of HMMs
are extremely useful for our work with HSM, because as explai-
ned above the harmonic part is composed of continues and dis-
crete values, similar to logFy (e.g., multi-dimensional for voi-
ced, and zero-dimensional for unvoiced).

In common with most other continuous density HMM sys-
tems, HT'S represents output distributions {bj(o t)} by Gaussian
Mixture Densities. However, a further generalization is made.
Allows each observation vector at time ¢ to be split into a num-
ber of S independent data streams O;. The formula for compu-
ting b;(,,) is then

S My Vs

bj(ot) = H Z stmN(Ost; Hjsm, stm) @)

s=1 Lm=1

where M is the number of mixture components in stream s,
cjsm is the weight of the m’th component and N(; u, X)) is a
multivariate Gaussian with mean vector i and covariance matrix
Y, that is

1
——(o—n)' 2" (o=
N0, %) = ——m—e 2777 g
2m)" %

where n is the dimensionality of o. The exponent ~, is a stream
weight. It can be used to give a particular stream more emphasis,
however, it can only be set manually.

4.3. Synthesis

In the synthesis part an arbitrarily given text to be synthe-
sized is converted to a context-base label sequence. Then ac-
cording to the label sequence, a utterance HMM is constructed
by concatenating context dependent HMMs. State durations of
the sentence HMM are estimated maximizing the likelihood of
the state duration densities. According to the duration densities
that have been obtained the speech parameter generation algo-
rithm generates the sequence of spectral and excitation parame-
ters (voiced/unvoiced decisions) maximizing the output proba-
bilities [12]. Finally a speech waveform is synthesized using the
appropriate speech synthesis filter.

5. EXPERIMENTS AND RESULTS

The main objective of this work is to show the preliminary
results of the integration of Harmonic plus Stochastic model in
a HMM-based synthesis system.The different experiments de-
pend on the structure of the spectral observation vectors, which
can be splitinto S independent data streams weighted by a stream
weight factor (7). Multiple data streams are used to enable sepa-
rate modeling of multiple information.

The main goal of this specific research is to take advantage
of this excellent property in combination with multi-space distri-
bution HMMs to manage to separate as more precise as possible
the Harmonic part from the stochastic part. The main problem of
HSM modeling can be centralized on the voiced/unvoiced tran-
sitions where the separation of the harmonic part and stochastic
part is not very precise. Using different streams to model them,
in combination with MSD will resolve to a more independent
modeling of each one. But while MSD utility of HTS, supports
a multi-dimensional to zero dimensional variant vector, does not
support multi-dimensional to multi-dimensional vector variabi-
lity, which is necessary in this case.

To validate the performance of the proposed HSM method,
it is compared to the results of the HTS system [6] under the
same configurations and database[13]. Mel-cepstral and pitch
analysis were substituted by HSM analysis, and MLSA synthe-
sis filter was substituted by the HSM synthesis filter. As descri-
bed above, for each speech frame k, to be analyzed the funda-
mental frequency (Fp) was estimated and a voiced/unvoiced fra-
me decision was taken. LSF parameters were extracted for spec-
tral modeling, and logFy was used for excitation modeling. The
feature vectors were modeled from context dependent HMMs
as described for a general HMM system. At most of the expe-
riments 14 LSF parameters were extracted for harmonic or sto-
chastic spectral modeling plus one parameter for the Gain. Some
experiments were conducted with a higher number of LSF. Ex-
citation modeling is the same for all experiments and will not be
discussed further.

According to the above, the different experiments that were
held are:

1. One main vector of 93 features (HSM parameters with
their derivatives, log Fp with its derivatives) was used.
When a unvoiced frame is analyzed, a simple mean vec-
tor of all the harmonic parts of the voiced frames was
used for the Harmonic part. The mean vector showed to
perform better than a zero vector. Still some saturation
on the synthesized utterances was present mainly at the
voiced/unvoiced boundaries.
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Figure 2. Detailed results for the two parts of the perceptual
test. (a) Similarity and (b) Quality.

2. One main 30-dimensional feature vector containing sta-
tic parameters only.The results as expected showed not
smooth transitions at the phoneme boundaries, so high
lack of natural continuity of the voice observed.

3. Two different vectors for the harmonic and the stochastic
parts. The harmonic part was modeled with MSD (15 to
0 dimensions), and the stochastic part was modeled nor-
mally. The same experiment was conducted with a diffe-
rent Arctic database (CMU US KSP ARCTIC 0,95). An
Indian-English male experienced speaker, and again the
naturality of the synthetic voice of our model was signi-
ficantly good.

4. Few additional experiments have been held using more
poles to model spectrum envelope. These experiments
kept the same structure as No 1 but 22 features are ex-
tracted for spectral modeling. Similar results were taken
from this experiment so, the 14-vector size was kept to
reduce the computational load and run time.

As expected best results were given by the 3'rd method, due
to the best modeling. The performance of HSM due to different
modeling approaches strengthens our starting point idea: MSD
manage to better model Harmonic and stochastic parts and con-
sequently better results are achieved. An perceptual test was gi-
ven to 17 people where the same utterances were synthesized
from HTS and HSM methods. The listeners have a variety of
different backgrounds. Four of them are speech synthesis ex-
perts, ten listeners have speech processing background, and th-
ree listeners don’t have experience in speech processing at all.
Each listener evaluated 6 sentence pairs, which were presented
to them in a random order. The test checks the quality of the
synthesized sentences and the voice characteristics similarities
to the original training voice. The listeners had to choose bet-
ween five answers: “A clearly better than B”, ‘A a bit better than
B”, “i can’t decide”, “B clearly better than A”,“B a bit better
than A”. In the similarity test, listeners were asked to choose
which of the two sentences, A or B, was more similar to the
original one. Figure 2 shows the percentage of the number of
times each method was preferred. The results show that the pro-
posed method performed slightly better than the baseline HTS.
Figure 2 as well shows the percentage of “i can’t decide” choi-
ces, and actually at the ’similarity’ test we can see that although
the proposed system performs better, a high rate of the listeners
couldn’t distinguish the difference between the two systems.

6. CONCLUSIONS

In this work, a preliminary work to integrate an asynchro-
nous Harmonic/Stochastic method for speech modeling, in HT'S
synthesis system was presented. A perceptual test was perfor-
med to compare the proposed system to the HTS system. The
results show that the proposed model has good performance for
speech synthesis by HMMs. As a future work we will try to use
more specific configurations of the HMM-based system accor-
ding to our model. Furthermore the highest attention will be gi-
ven to extend the MSD property to manage to model Harmonic
and stochastic part more precise. That means to be able to use
MSD not only for variable feature vectors of multi-dimensional
to zerodimensional but as well to multi-dimensional. We expect
that by attempting this approach the performance of our model
will improve.
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ABSTRACT

The synthesis quality is influenced by many important factors,
among which the correctness of the grapheme-to-phoneme
conversion is one of the crucial ones. The globalization
phenomenon makes it impossible to have a dictionary with all
of the existing words for each language. Automatic letter-to-
sound systems have been in the center of attention for the last
decade. One of the most effective and promising methods
resulted to be the so-called “pronunciation by analogy”
method [8], based on the analogy in the grapheme context,
allowing derivation of the correct pronunciation for a new
word from the parts of similar words present in the dictionary.
This paper aims at the study of this method’s performance and
comparison to authors’ previous work, furthermore novel
scoring strategies for determining the best pronunciations were
proposed along with new ways of their combination. A word
error rate reduction of 1.5-2.5 percent was obtained.

1. INTRODUCTION

The derivation of the pronunciation in English language given
a letter string is a hard task for non-native speakers and it is
even truer for automatic systems that are usually based on
statistics.

The human brain handles statistics in a different way;
humans use analogy to memorize how to pronounce words or
word fragments in English and other languages with deep
orthography.

When trying to read something, it takes time and extra
effort to apply the pronunciation rules of the language, while
the analogy matching that our brain performs in thunder fast.
Either we say it or not correctly depend on the number of
words with similar pronunciation rules that we have learned
before. This is where the computer has a great advantage
compared to, for example, English learners. For the computer,
grasping all the examples from the dictionary and apply
statistics-based analogy to derive pronunciation for the new
words is a question of milliseconds. The pronunciation by
analogy is an interesting technique similar to language
learning that was successfully applied to derived pronunciation
of out-of-vocabulary words [4,8,11].

Another important aspect of language learning is
learning from errors. When a new word is pronounced
erroneously a new word and corrected by a native speaker or a
teacher, our brain learns not to commit the same error in a
similar situation. The more examples of similar errors, given a
similar error occurrence situation we have, the better we learn
not to commit the same error again.

Combining these two methods used by language learners
powered up by the computer CPU’s learning and computing
capacity we are able to improve the grapheme-to-phoneme
module. The objective of this work was to compare the
pronunciation-by-analogy system reported by Marchand and

Damper [8]. This paper presents an interesting contribution to
the research in speech synthesis due to the comparison of the
grapheme-to-phoneme methods using the same dictionaries for
training and testing of the systems. The possibilities of further
improvement of the system’s performance were explored from
different perspectives. New scoring strategies were proposed
and new ways to combine strategies by applying error-driven
learning were studied.

2. PRONUNCIATION BY ANALOGY SYSTEM
DESCRIPTION

For the first time, pronunciation-by-analogy (PbA) was
proposed for reading studies by Glushko in 1979 [6] and later
in 1986 Dedina and Nusbaum [4] introduced the use of this
method to TTS applications. The latest and most successful
implementation of the algorithm was published by Marchand
and Damper [8] which we have reimplemented for our
experiments. The system as well as the initial one, called
PRONOUNCE [4] consists of four major components.

- Aligned lexicon (in one-to-one manner)

- Word matcher

- Pronunciation lattice (a graph that represents all
possible pronunciations)

- Decision maker (chooses the best candidate among
all present in the lattice)

In order to search for analogy between words that share
similar substrings, in the first place it is necessary to make
sure that there is a one-to-one match between the orthographic
and phonetic strings, or, in other words, each letter has to be
aligned to its corresponding phonetic representation. Finding
the correct alignment is a challenge since the orthographic and
phonetic representations of a word in English do not always
have the same length. Due to its rather complex orthography,
in English words there are usually more letters than sounds. In
this case a null phone /_/ is inserted into the phoneme string,
ex. thing / T _1iN _/, otherwise, if the number of phonemes is
greater than that of letters, the phonemes corresponding to the
same letter are joint together in one, e.g. fox /f A k_s/. The
alignment is based on EM algorithm, and it is similar to that
described in [3]. The alignment given by the system is not
always the correct one and it can influence negatively on the
results,

After the dictionary has been aligned in the operational
phase the matcher, one of the most important components of
the system, starts to search for common substrings between the
input word and the rest of the dictionary entries. Before the
matching starts each word in the dictionary and its
pronunciation are added word beginning and end marks, for
example #thing# #T _ i N _ #/. Every input word is then
compared to all the words in the lexicon in order to find
common “arcs”. Let us call the substrings in the grapheme
context letter arcs and the corresponding substring in the
phoneme context phoneme arcs. All the possible letter arcs
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with the minimum length of 2 letters and the maximum length
equal to the input word length are generated and then searched
for in the dictionary. For every letter arc from the input word,
matching with the same letter arc from a dictionary word, the
corresponding pronunciation or the phoneme arc is extracted.
The frequency of appearance of each phoneme arc
corresponding to the same letter arc is stored along with the
start position is for each arc. As an example, we can assume
that the word top is absent from our dictionary; the list of all
possible letter arcs for this word can be given as “#, #to, #top,
to, top, top#, op, op#, p#”. Now let us suppose that in the
lexicon we have the word “#topping#” with the pronunciation
/H#tAp_1_N#/, here the matcher finds the letter arcs #,
#to, #top, and op, with their corresponding phoneme arcs /# t/,
/#t A/, [#tAp/,/Ap/l. Each time that for the same letter arc
we find the same phoneme arc; the frequency of the phoneme
arc is incremented. The matching phoneme arcs are entered
into the pronunciation lattice that can be represented by nodes
and connecting arcs. If an arc starts at a position 7 and ends at a
position j, and if there is yet no arc starting or ending at
position i , the nodes ; and L; are added to the graph. An arc is
drawn between them. All the nodes are labeled with the
corresponding “juncture” phoneme and its position in the
word. The arcs are labeled with the remaining phonemes and
the frequency of their appearance. An example of the lattice
construction for the word top using the arcs found in the word
topping is illustrated in Figure 1. All the arc frequencies are
assumed to be equal to 1. Each complete path through the
lattice is called “pronunciation candidate”. We considered
only the shortest paths through the lattice [8]. If there was
unique shortest path, it was chosen as the best pronunciation
and the algorithm stopped. In the usual case when there are
several shortest paths through the lattice, it is necessary to
choose the best pronunciation candidate among them.
Therefore, the last but not least component of the algorithm is
the decision making function.

Figure 1. Lattice construction for the word top.

Each candidate can be represented as C={F,D;P;} ,
where F; = {F,...,F,} are the phoneme arc frequencies along
the jth path, D; = {d,,...,d,} are the arc lengths and P; =
{p1,-..pi} are the phonemes comprising the pronunciation
candidate, being 1 is the pronunciation length.

Marchand and Damper in 2000 [8] proposed to use 5
scoring strategies in order to choose the best pronunciation.
They will be explained with in more detail in the next section.
In the same work two ways of strategy combination were
introduced. Each strategy gives us a score for each candidate
and based on its score each candidate is assigned a rank.
According to the rank, each candidate is awarded points. If a
strategy gives the same score for several candidates, they are
given the same rank and the same number of points. There are
two manners of determining the winner candidate; the first one
is the sum rule, which chooses the candidate that has the
largest value of the sum of points for all of the included

strategies. The product rule chooses the candidate with the
largest value of product of the points awarded by each of the
included strategies. For NetTalk dictionary the best accuracy
obtained was equal to 65.5% for words and 92.4% for
phonemes, using all five strategies [8]. The sum and the
product rule seemed to give the similar results.

3. MULTI-STRATEGY APPROACH

In our work we have extended the study of the scoring
strategies implemented 6 new scoring strategies. All of the
scoring strategies, the original ones and the proposed ones
involve phoneme arc frequencies f;, arc lengths d;, and p,, the
phonemes of which the candidate consists.

The original 5 strategies [8] are:
1. Maximum arc frequency product (PF)

For each arc the corresponding arc frequencies are multiplied
PF (Cj) =[IiL, fi, n is the candidate length, or the number of
arc of which the candidate consists. Rank 1 is given to the
candidate scoring the maximum PF().

2. Minimum standard deviation of arc lengths (SDPS)
spps(c;) = Ziy (-0

) n
Rank 1 is given to the candidate scoring the minimum SDPS().
3. Highest same pronunciation frequency (FSP)

, where d is the median arc length.

The privilege is given to the candidates that share the same
pronunciation with the others
FSP(C;) = cand{P;|P; = P}, j # k and ke [1,N] , rank 1
is given to the candidate scoring the maximum FSP().

4. Minimum number of different symbols (NDS)

This strategy gives preference to the candidates whose
phonemes appear in the majority of other candidates.
DS(C;) = Xio1 XR=1(P;;, Pr;) , where 1 is the number of
phonemes in a pronunciation, § is the Kroneker delta, which is
equal to 1 if P; # Py, and 0 otherwise, and N is the number of
candidates, rank 1 is given to the candidate scoring the
minimum NDS().

5. Weakest arc frequency (WL)

The candidate whose lowest arc frequency value is the highest
WL(C]-) = min;{f;} , rank 1 is given to the candidate scoring
the maximum WL().

The proposed strategies are:
6. Weighted arc product frequency (WPF)

Similar to Strategy 1, but for each phoneme arc, A4, the
frequency of its appearance is divided by k, the number of
different phoneme arcs found in the dictionary for the
corresponding letter arc, ;. For example if our word, for
which we are searching for the pronunciation is #infinity# and
if in the pronunciation lattice we have a path that starts with a
letter arc, L;- “# in” and a corresponding phoneme arc A4 ;=/#
@ N/, whose frequency is equal to 12, in order to obtain the
weighted arc frequency , we have to divide 12 by the number
of different phoneme arcs available in the dictionary for the
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letter arc “#in”. Let us say that besides 4; we also found the
following phoneme arcs: 4, = /# I N/ and 4;= /# _ n/. Then
the weighted frequency for 4; is WF(A4,)=12/3

7. Strongest first arc (SF)

The seventh strategy aims at capturing the analogy in prefixes.
The candidate with the highest frequency score for the first arc
is given rank 1.

8. Strongest last arc (SL)

This strategy is analogous to the previous one but for the
suffixes. The candidate with the highest frequency score for
the last arc is given rank 1.

9. Strongest longest arc (SLN)

The candidate who has at the same time the longest and the
most frequent arc is given rankl. First the longest arc is
chosen and if there is a tie the next step is to choose the most
frequent one. The candidate that have the longest and arcs
seem to be more reliable, and of course, the more frequent the
arc is the stronger is the analogy.

10. Same symbols multiplied by arc frequency (SSPF)

The tenth strategy is similar to the fourth one (NDS), but on
one hand when counting the common phonemes, we also take
into consideration the phoneme arc frequencies.

For every candidate the pronunciation is compared phoneme
by phoneme to other candidate pronunciations.

If a candidate has a common phoneme with other candidates,
we give it a higher score, depending also on the number of
times the phoneme arc containing that phoneme appears in the

dictionary SSPF(C;) = Xty BNy (1= 8(Pyi Pres) ) * fareqo-
11. Product frequency, same pronunciation (PFSP)

The combination of first and third strategy, here all the
candidates that share the same pronunciation obtain the same
score, which is equal to the combination of the scores assigned
to each one of the candidates by the first strategy

PFSP(C;) = %y kPicr, VPFE(Cp).
4. EXPERIMENTAL RESULTS

The experiments were performed on two dictionaries, NETtalk
and LC-STAR dictionary, used by the authors in previous
experiments.

The NETtalk has 20K of words, and it was manually
aligned by Sejnowski and Rosenberg publicly available at
[13]. The phonetic symbols used by Sejnowski and Rosenberg
are left unchanged.

The LC-STAR is a public dictionary of U.S. English,
created in the framework of LC-STAR project [7], we have
used only the common words (about 50 K). The phone set
used is SAMPA. [10]. No homonyms were considered for the
experiments. As usual, 90 percent of the lexicons were used
for training and 10 for test.

The first thing to do was to find out how each strategy
performed. The strategy mask is a binary string, where one
means the strategy is included in the final result and 0
otherwise.

The results for eleven strategies for both dictionaries are
given in Table 1.

Strategy mask/ NETtalk ; LC-STAR
Dict Ph.acc. W. acc. Ph.acc.  W.acc.
10000000000 89.70%  57.48% 94.76%  73.59%
01000000000 88.00%  50.59% 92.68%  65.31%
00100000000 89.95%  59.06% 95.60%  79.34%
00010000000 90.27%  57.43% 95.53%  76.73%
00010000000 88.56%  53.75% 94.07%  71.44%
00000100000 89.69%  57.02% 94.96%  75.05%
00000010000 89.15%  55.84% 92.95%  66.17%
00000001000 87.92%  50.28% 94.46%  72.26%
00000000100 88.68%  54.01% 92.82%  65.23%
00000000010 89.99%  58.30% 94.95%  74.61%
00000000001 91.14%  62.94% 96.01%  80.32%

Table 1. Results for each strategy for NETtalk and LC-STAR
dictionaries.

From the results above we can see that the strategies give
different performance of different dictionaries. The best
strategy is the proposed strategy 11 and the second best
strategy is the original strategy 3 for both dictionaries. For
NETtalk dictionary 2 proposed strategies and 3 original ones
made it to the top five strategy list while for LC-STAR
dictionary the top five strategies include 3 proposed and 2
original ones. As the next step we evaluated all possible
strategy combinations, in the strategy combination mask 1
means the strategy is included in the final decision and 0 the
strategy is left out.

For our implementation of the 5 original strategies the best
results obtained for NETtalk lexicon were 63.04% words and
91.02% phonemes correct, given the combination of first and
third strategies “10100” and 80.94% words and 96.07%
phonemes correct for LC-STAR lexicon and the same strategy
combination. These results are slightly different from those
reported in [8], as well as the scores obtained for each original
strategy with our system, but we believe that it is due to the
implementation nuances. The best word accuracy obtained in
[8] is 65.5% using all five strategies for NETtalk lexicon.The
top five combination results are given in Tables 2 and 3.

S. combination Ph. acc. W. acc.
11110010011 91.28% 63.50%
01110110011 91.24% 63.40%
01100010001 91.30% 63.40%
01100010011 91.29% 63.35%
00100010001 91.31% 63.35%

Table 2. Top five strategy combination results for NETtalk
dictionary.

As before, the top five results include proposed strategies.
Eleventh strategy is present throughout Tables 2 and 3 and its
contribution to improvement of overall score is the greatest for
both lexicons.

The best strategy combination results obtained are
higher than those previously obtained combining only the
original strategies. The word error rate decreased from 36.96%
to 36.5% for NETtalk and for LC-STAR from 19.06% to
18.78%. That’s between 1.5 and 2.5 percent of error decrease.
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S. combination Ph. acc. W.acc.
00101000001 96.13% 81.22%
01100001001 96.08% 81.12%
01111100001 96.11% 81.04%
01101001001 96.04% 81.04%
00101001001 96.09% 81.04%

Table 3. Top five strategy combination results for LC-STAR
dictionary.

To further explore the possibilities of improvement for
grapheme-to.-phoneme scores the transformation based
learning was applied to strategy combination.

The transformation-based error-driven algorithm (TBL)
originally invented by Eric Brill [2] consists in learning the
transformation rules from the training data that is labeled with
some initial classes. Using the TBL algorithm to correct the
prediction previously obtained by another classifier allows us
to capture the imperfections of previous approximations to the
linguistic irregularities into a set of context-dependent
transformation rules, where the context serves as the
conditioning features.

In our case we took the best combination of original strategies
as the initial prediction for LC-STAR dictionary to correct.
The additional features were letters, phonemes and also each
original strategy prediction per experiment. In order to obtain
training predictions, we used n-fold evaluation, with n equal to
the number of words in the dictionary. Each nth word was
removed from the dictionary and input as the unknown word
to the “pronunciation by analogy” system.

The best additional feature was found to be the “00100” or the
third prediction standing alone, and it gave 81.46% words and
96.21% phonemes correct, using the 4-letter context and no
constraints for correction. Constraints would limit the
algorithm to correct the erroneous phonemes only by the ones
previously seen in the training data. Using fourth and fifth
predictions gave a slighter improvement up to 81.04% and
81.12% words correct correspondingly. These results should
be compared to 80.94%, best result using only the original
strategies. We have also used all five predictions as additional
features but the improvements were not significant.

The results show that pronunciation by analogy captures very
well all the regularities in English orthography, not leaving
much room for improvement for the TBL method.

Comparing these results to previously obtained in [9], shown
in Table 4 we can conclude that PbA is the best grapheme-to-
phoneme method up to now.

Classifiers  baseline
DT 67.47%
FST 79.38%
HMM 47.54%
PbA 80.94%

Table 4. Word accuracy for different grapheme-to-phoneme
methods.

The results above were obtained for the LC-STAR dictionary
using decision trees (DT) [1], finite state transducers (FST) [5]
and hidden Markov models (HMM) [10] and PbA classifiers.

5. CONCLUSIONS

This paper gives an overview of the pronunciation by analogy
method used for g2p. New scoring strategies were proposed
and the improvements were obtained based on these strategies.
The 1.5-2.5% of error reduction was reached in comparison
with the strategies used in [8]. The transformation-base
learning algorithm was applied and the results were analyzed.
New strategy combination methods were considered and slight
improvements attained. The fact that applying rule-based error
correction did not give important improvements allows
concluding that the PbA methods is capable of capturing quite
well the regularities in English orthography.
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RESUMEN

La sintesis de habla con disfluencias serd necesaria en aplica-
ciones futuras, como puede ser el doblaje automadtico o la tra-
duccién voz-voz. Esta comunicacién presenta un modelo para la
generacion de habla sintética con disfluencias, que se basa en la
insercion de disfluencias dentro de locuciones fluidas. Las fras-
es con disfluencias se generan empleando los modelos prosédi-
cos que se emplearian para generar las frases sin disfluencias,
pero afladiendo modificaciones locales que afectan sélo a las
unidades adyacentes a la posicién que ocupa la disfluencia. En
esta comunicacion se explica el modelo propuesto y su apli-
cacién para modelar las variaciones locales relativas a la du-
racién segmental en las fronteras de las disfluencias.

1. INTRODUCCION

Hoy en dfa, los sistemas de sintesis de voz han alcanzado
un alto nivel de naturalidad [1], principalmente debido al uso
de técnicas como la sintesis basada en seleccién de unidades
u otras tecnologias [2] que se basan en el andlisis de grandes
corpus de voz. Por ahora, la principal aplicacién de la sintesis
de voz estd centrada en el habla leida, dado que se trata de un
estilo muy generalista cuya extension a otras situaciones se con-
sidera realista. Pero hoy en dfa, e incluso mds aun en el futuro,
las aplicaciones de conversién texto-voz (CTV) como por ejem-
plo el doblaje automdtico de peliculas, la robdtica, los sistemas
de didlogo o los informativos multilingiies; demandan de una
riqueza en los estilos muy superior.

Para integrar la voz sintética en las tecnologias enumeradas
en el parrafo anterior, los sistemas CTV deben simular la manera
de hablar, en lugar de simular la manera de leer, de los humanos.
Ambos estilos difieren significativamente debido a la inclusién
de un buen nimero de factores prosédicos, uno de ellos la pre-
sencia de disfluencias. Las disfluencias se definen como una in-
terrupcién en el flujo del habla que no afiade ningtin contenido
proposicional a la frase [3]. A pesar de ello, las disfluencias ofre-
cen indicaciones sobre lo que se estéd diciendo [4] y son tremen-
damente frecuentes en el habla espontdnea [3]. Debido a esto, su
inclusion en el habla sintética parece una necesidad clara para el
futuro.

El estudio de las disfluencias ha sido realizado desde difer-
entes perspectivas, principalmente la fonética [5], la psicolingiiis-
tica [6] y el reconocimiento del habla [7]. Estas diferentes pers-
pectivas modelan las disfluencias teniendo en cuenta sus intere-
ses especificos. El uso de las disfluencias en sistemas CTV con-
lleva consideraciones adicionales que fuerzan la propuesta de un
modelo alternativo. El modelo que proponemos, a diferencia de
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otras aproximaciones ya empleadas en sistemas CTV como [§]
o [9], tiene en cuenta las frases fluidas asociadas a la frase disflu-
ente que va a ser sintetizada, teniendo en cuenta las modificacio-
nes locales que produce la insercién de dicha disfluencia. Estas
modificaciones locales pueden afectar a la prosodia o a la cual-
idad de la locucién original. En esta comunicacién mostramos
la importancia de estas modificaciones locales, comprobando el
impacto en la duracién de las silabas que rodean las disfluencias.

Primero hacemos una introduccién del modelo de generacién
de disfluencias. Después, se presenta el procedimiento a seguir
para aplicar el modelo, mostrando las alteraciones en la duracién
de las silabas que rodean la disfluencia. Por dltimo se plantea el
trabajo futuro a realizar para completar este trabajo y las con-
clusiones.

2. INSERCI()N DE DISFLUENCIAS EN SISTEMAS DE
SINTESIS POR SELECCION DE UNIDADES

La sintesis de disfluencias en el marco de la sintesis por se-
leccién de unidades presenta una serie de dificultades a tener
en cuenta. Primero, la mayoria de los sistemas de seleccién de
unidades que existen tienen un inventario cerrado de unidades
que no contiene en absoluto disfluencias. Esto hace que los méto-
dos de aprendizaje automatico que se aplican para analizar la
prosodia, no sean capaces de modelar automdticamente este fend-
meno a partir de los datos. Ademds, no sélo los modelos prosédi-
cos sino también los modelos de andlisis del texto, como por
ejemplo el etiquetado de Part-of-Speech, dependen mucho de
que las frases de entrada tengan una estructura que se correspon-
da con una sintaxis correcta y un orden, en términos de acentos y
de grupos de entonacién, también correcto; lo cual no sucede en
una frase con disfluencias, ya que cuando la fluidez de una frase
se rompe, su estructura también se rompe. Por tltimo, el habla
sintética con disfluencias precisa del uso de nuevas unidades
segmentales que no estdn definidas en las bases de datos con-
vencionales, como pueden ser los fillers o los fonemas inter-
rumpidos.

Nuestro modelo distingue tres elementos de cara a gener-
ar una frase dada que incluya disfluencias (Disfluent Sentence
(DS)). Primero, la frase original que iba a ser pronunciada antes
de que apareciera la disfluencia (Original Sentence (OS)). Des-
pués la frase objetivo (Target Sentence (TS)) que hubiera sido
dicha si no hubiera habido ningtin motivo que provocara la dis-
fluencia. Tercero, el Editing Term (ET), que de acuerdo a la ter-
minologia defendida en [10] es la clave o indicador de la dis-
fluencia (por ejemplo, el relleno de la pausa). Podemos ilustrar
estos términos con un ejemplo tomado de [11]: Go from left to
mmm from pink again to blue donde los elementos de la disflu-
encia se identifican como:

P
Go RM{from left to} | ET{mmm}, RR{from pink again to} blue.
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siendo RM (Reparandum), RR (Repair), E'T (Editing Term)
e I P (Interruption Point) los términos empleados en [10]. La
frase del ejemplo (DS) estd relacionada con las frases: Go from
left to right y Go from pink again to blue que son las frases
OS y TS respectivamente; y el ET es mmm. Estas relaciones se
modelan como sigue:

DS = PrevRM|RM|ET|RR|PostRR

oS PrevRM|RM|PostRM
TS PrevRM|RR|PostRR

donde PrevRM es la parte de la frase que precede el RM;
PostRM es la parte que sigue al RM y PostRR es la parte
que sigue al RR. El PostRM existe s6lo en OS, porque no se
trata de una parte real de ninguna locucion, sino que en su lugar;
en la DS, se pronuncia RR. En el ejemplo presentado arriba,
PostRM seria right. Dado una DS, un sistema CTV de se-
leccién de unidades puede generar correctamente las correspon-
dientes OS y TS. Si el inventario de unidades del CTV incluye
un cierto nimero de frases con disfluencias, entonces el sistema
CTV podra elegir entre un conjunto de ETs. Ademds, existen
evidencias de que la inclusién de disfluencias provoca modifica-
ciones locales en las propiedades actsticas de los términos RM,
PostRM 'y PrevRM [12,9].

Nuestra propuesta de generacién de disfluencias opera en
tres etapas (Figura 1). Primero, utiliza OS para obtener los para-
metros prosddicos relativos a Prev RM y RM . También genera
TS para obtener los pardmetros prosédicos de RR 'y PostRR.
Estos parametros prosédicos se utilizan para guiar la bisqueda
en el inventario de sintesis. En una segunda etapa, se obtiene
el término ET desde el inventario. Finalmente, se aplican modi-
ficaciones locales a las silabas adyacentes al término E7'. Es-
tas modificaciones se corresponden con las desviaciones locales
que pueden aparecer en las fronteras de los elementos descritos
en esta seccion (PrevRM, RM, ...).

PrevRM RM PostRM PrevRM RR Po;

v T ET Inventory | \
Go /' from leftto ' rigth Go ',"from pink again to'blue
Go '," fom left to> mmm 2 from pink again to “: blue

Figura 1: Proceso de generacion de habla con disfluencias
aplicado a una frase de ejemplo

El ritmo es una de las variables prosddicas que puede ser
desviada con respecto a los valores predichos para las locu-
ciones sin disfluencias. En la siguiente seccién, vamos a mostrar
como el ritmo de las frases con disfluencias sigue una tendencia
general que es similar a la seguida por las frases sin disfluencias
y que sufre una desviacidn significativa en las unidades proxi-
mas al ET. En este trabajo se consideran tres tipos de disflu-
encias: alargamientos, repeticiones y pausas rellenas. La tabla 1
describe los elementos de modelado para estos tres casos de es-
tudio.

Tabla 1: Elementos del modelo para diferentes tipos de disflu-
encias. 1% y 2% indican cada una de las realizaciones en una
repeticion.

type RM ET RR
alargamientos 0 0 1}
pausas rellenas ] filler (e.g. mmm) 0
repeticiones 1° 0 2¢

3. MODIFICACIONES LOCALES DEL RITMO

En la literatura se encuentran dos categorias principales a
la hora de describir el ritmo de las distintas lenguas: Accent-
timed y syllable-timed. Ambas categorias estdn relacionadas con
el principio de isocronia por el cual, las unidades del lenguaje
tienden a estar equiespaciadas en el tiempo [13]. El espaiiol,
al igual que otras lenguas procedentes del latin, se considera
syllable-timed [14, 15]. Dado que en este trabajo vamos a cen-
trarnos en el caso del espafiol, parece apropiado medir el ritmo
de las unidades suprasegmentales (como por ejemplo las frases)
como la duracién media de las silabas en dichas unidades. Sirva
la tabla 2 como referencia de los valores de duracion media de
las silabas medidas para todo el corpus.

Tabla 2: Duracion media de las silabas y limites de los interva-

los de confianza al 99 %
mean lower bound upper bound
no-acentuadas | 105ms 102ms 108ms
acentuadas 136ms 132ms 140ms
pre-Pausal 222ms 210ms 236ms
todas 123ms 120ms 125ms

El corpus empleado en este trabajo es una seleccién de fras-
es del corpus desarrollado para el proyecto europeo LCSTAR.
Se grabd en un laboratorio y recoge didlogos de dos personas
a las que se pidié que completaran una determinada tarea por
teléfono. La comunicacién fue semi-duplex de manera que la
base de datos estd grabada en base a los turnos de interven-
cion [16]. Aunque es habla de laboratorio, es espontdnea porque
los locutores no tenfan ninguna gufa en sus intervenciones. Los
hablantes pronuncian las disfluencias de manera natural y ademas
las disfluencias son muy frecuentes porque necesitaban plani-
ficar los turnos de intervencién a la vez que realizaban sus tar-
eas. Se han utilizado 100 frases de cuatro hablantes diferentes (3
hombres y 1 mujer). En total las disfluencias que se han analiza-
do son: 133 pausas rellenas, 71 repeticiones y 65 alargamientos.
La segmentacion fonética se realizé automdticamente y fue cor-
regida manualmente.

Se computan una serie de medidas para cada elemento de-
scrito en la seccién 2 (Tabla 3). D;Jll es la dltima silaba de
PrevRM y Diyl es la primera silaba de Post RR. Esperamos
encontrar que el ritmo permanece constante a lo largo de las
frases y que los cambios se producen en las fronteras de E7" de
acuerdo al modelo propuesto.

Tabla 3: Lista de va