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Abstract 

This paper describes a novel approach for nonlinear signal modeling and prediction. We propose a nonlinear extension 
of the conventional AR model by using several linear models, each covering a subset of the whole signal data. 
Considering that AR modeling is conducted by associating a delay vector with the future value to be predicted, we 
interpret the signal as a codebook of patterns having the desired predicted value as the associated output. The pattern 
groups associated with each AR model are obtained by competition among the linear models as they are trained: the 
competition gives us the AR models as well as a classification of the data patterns. The obtained data groups are the basis 
for estimating a segmentation model, i.e., a classifier that, given a new data pattern, indicates what linear model should be 
used. The combination of the classifier and the linear models constitutes the final system. Several practical applications 
show the advantages of our approach. 

Zusammenfassung 

Dieser Aufsatz beschreibt einen neuen Ansatz zur nichtlinearen Signalmodellierung und Prldiktion. Wir schlagen eine 
nichtlineare Erweiterung des konventionellen AR Modells vor, bei dem mehrere lineare Modelle verwendet werden, urn 
jeweils eine Teilmenge der gesamten Signaldaten abzudecken. Betrachtet man die AR Modellierung als die Verbindung 
eines Verzogerungsvektors mit dem zukiinftigen, vorherzusagenden Signalwert, so konnen wir das Signal als ein 
Codebuch von Mustern interpretieren, die den gewiinschten Vorhersagewert als zugehorigen Ausgang besitzen. Die 
Mustergruppen, die zu jedem AR Model1 gehoren, werden aus dem Wettbewerb der linearen Modelle wlhrend ihres 
Trainings gewonnen: dieser Wettbewerb liefert uns sowohl die AR Modelle als such eine Klassifikation der Datenmuster. 
Die so erhaltenen Datengruppen sind die Grundlage fur die Schatzung eines Segmentierungsmodells, d.h. eines 
Klassifikators. der fur ein neu eingegebenes Datenmuster angibt, welches lineare Model1 benutzt werden ~011. Die 
Kombination des Klassifikators und der linearen Modelle stellt das endgiiltige System dar. Mehrere praktische 
Anwendungen zeigen die Vorteile unseres Ansatzes. 

Resume 

Cet article d&it une approche nouvelle pour la modelisation et la prediction non lineaires des signaux. Nous 
proposons une extension non lineaire du modele AR conventionnel en utilisant plusieurs modeles lineaires, chacun 
couvrant un sous-ensemble de l’ensemble des donnees. La mise en oeuvre de cette modelisation AR consiste a associer un 
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vecteur d’Ctat $ la valeur future g prCdire, et nous interprCtons le signal comme dictionnaire de formes ayant la valeur 
prkdite d&sir&e comme sortie associ&e. Les groupes de formes associCs g chaque modtYe AR sont obtenus par compCtition 
entre les modkles AR lors de leur apprentissage: cette comp6tition nous donne les modkles AR ainsi qu’une classification 
des formes de don&es. Les groupes de donnkes obtenus forment la base pour l’estimation d’un mod&le de segmentation, 
C.&d. un classifieur qui, en prtsence d’une nouvelle forme de donnCes, indique quel modble linkaire devrait Ctre utilii. La 
combinaison du classifieur et des modkles lirkaires constitue le systkme final. Plusieurs applications pratiques montrent 
les avantages de notre approche. 

Keywords: Nonlinear modeling; Piecewise linear; Competitive training; Nonlinear classifiers 

1. Introduction 

Signal modeling is a very common problem in 
many areas of science and engineering, usually sol- 
ved by means of a linear model excited by a Gaus- 

sian distributed white noise process. In many prac- 
tical cases the assumptions made by the linear 

model are violated, and a potential benefit may be 
obtained by generalizing it. If we deal with linear 
systems with non-Gaussian inputs, cumulant-based 
approaches can be used, allowing us to model sig- 
nals that may be generated by nonminimum phase 
systems or which may have added colored noise. 
On the other side, nonlinear models offer a much 
wider framework and an undoubtedly much more 
realistic approximation of the real word [17,24]. 

Most nonlinear models are based on a nonlinear 
functional of a finite number of past values of the 
signal under analysis y[n], leading to the so-called 

nonlinear autoregressive model (NLAR) [24] 

YC~ + 11 =fO)Cnl) + eCn1, (1) 

where ~[n] = {y[n],y[n - l] . . . y[n -p + l]} is 
the delayed sample vector with length p, and e[n] 
the error term. 

From the signal history we can build a collection 
of data patterns (the delayed data vectors) with 

associated desired outputs (samples to be pre- 
dicted). Under this approach, sometimes called the 
Codebook paradigm [21], the modeling problem is 
transformed into a functional approximation task 
from non uniformly spaced samples (the pairs {data 
patterns, sample to be predicted}). Most nonlinear 
models proposed in literature try to approximate 
the function f in different ways, following one of 
two lines: either they attempt to approximate all 

the data set with a unique (global) model, or several 
submodels are used (local models), each dealing 
with a subset of the whole data set. 

When considering global nonlinear models, the 
first reference is the Volterra theory of nonlinear 
modeling [19]. This approach offers a complete 
and exciting theoretical framework for the study of 
nonlinear systems at the expense of a great com- 

plexity in the final results and a very difficult ap- 
plication to practical problems. A general modeling 
methodology is also proposed with the state-de- 
pendent models of Priestley [17], where a linear 
state-varying model is presented. Again, the gener- 
ality of this method is opposed to its practical 
applicability. 

More simple global models have been proposed, 
looking for a compromise between complexity and 
applicability: NARMAX models [4] are based on 
a polynomial approximation of the functional f, 
while bilinear models [22] only consider cross 
input-output terms. Exponential autoregressive 
models (EAR) introduce nonlinearity by allowing 
the coefficients to depend exponentially on the data 
[14]. In [26] nonlinearity appears as a multiplica- 
tive state-dependent function of the noise input in 
an AR scheme. These last models, rather than 
searching for a general modeling capability, at- 
tempt to reproduce phenomena which are typically 
encountered in nonlinear time series, as limit cycles 
or sudden bursts, that cannot be generated by 
linear approaches. 

Global models exhibit several disadvantages: 
when dealing with complex systems the model be- 
comes complex as well and difficult to understand 
and analyze: issues such as stability or invertibility 
cannot, in general, be accounted for. This type of 
models may also give unpredictable behaviors for 
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those data groups poorly represented in the data 
used for estimation. 

Local models, on the other side, try to approxim- 
ate the functionalfwith several models rather than 
a unique one. Most general approaches for local 
linear modeling assume that the function f is 

smooth enough, so the value in one point can be 
estimated as an average of the values in its neigh- 

borhood. Differences arise from the way this local- 
ity is exploited. In nonparametric prediction [ll], 

an average of the closest values weighted with an 
exponential function of the distances is used for 
prediction. This approach is similar to a Gaussian 
Radial Basis Function approximation of L using 
a function for each data sample [13]. Codebook 
modeling, as well, uses several linear models cover- 

ing neighborhoods of data patterns [21]. The 
Multipredictor formulation, inherited from that 
of iterated functions systems (IFS) [7], attempts 
to define a general framework for this type of 
modeling. 

Of course, in many applications (such as coding, 
for example), a nonlinear representation with as few 
parameters as possible is needed: a solution is to 

improve one linear model by using two, three . , 
as few of them as possible for a given performance. 
Threshold models [24] normally include two or 
three linear models, and the selection of the model 
to use with a particular data pattern is accomp- 
lished by a threshold applied to a delayed sample of 
the time series. 

The problem of all local approaches is to find the 
optimum dimension of the local model (the ‘band- 

width selection’ problem in [l 11). If many models 
are estimated, the number of parameters becomes 
enormous and, because of the few patterns used to 
estimate each model, the confidence in the models 
decreases. while if very few models are used we 
loose quality in our predictions. In any case, defin- 
ing the size of the local model, as well as which data 
patterns are associated to it, remains an open 
problem. 

In this paper, we will consider a novel local 

(linear) model. This approach considers several lin- 
ear models, each of them associated to some data 
patterns. The classification of the data patterns 
in groups is done by a competition among the 
models as they are trained: starting from random 

coefficient linear models, we sequentially present 
each training pattern to every model; the one that 
better predicts the future value is adapted via an 
LMS algorithm; the rest of the models are left 
intact. When the training algorithm finishes, we 

have a group of linear models as well as a collection 
of data patterns associated with each model. For 
prediction purposes, however, we need to select 
what model to use when dealing with a new data 
pattern: the competition has classified the training 
data patterns, but we have to infer a segmentation 

law for the whole data space, to make prediction 
possible. The estimation of this segmentation 
model is quite dependent on the particular problem 
we are facing; in a general case, however, a classifier 
will do the task. 

Section 2 describes the competitive estimation of 
our model. In Section 3 we address the problem of 
estimating the segmentation model. Section 4 deals 
with the computation of the number of models, 

and, finally, Section 5 presents several practical 
applications of the proposed method. Some con- 
clusions close this paper. 

2. Competitive estimation of piecewise-linear 
models 

Competitive learning is a well-known neurocom- 
puting paradigm. It can be stated as follows: we 
have a collection of vector observations (x(t)> and 
a set of reference vectors {pi} initialized at ran- 

dom. We iteratively choose one of the {x(r)) 
and compare it with all the reference vectors using 
some metric. The winner of this competition reduc- 
es its distance (in the reference metric) to the train- 
ing vector. When stability is reached, every refer- 

ence vector represents a group of the training 
data [9]. 

Competitive learning makes the reference vectors 
concentrate on a particular group of patterns. It 
does not seem too risky, therefore, to think of 
extending this idea to models, and thinking that if 
several models compete for training patterns, each 
one will concentrate in some group of them that share 
some kind of similarity. So, we can expect that 
a competition among linear models will produce 
a meaningful classification of the data patterns. 
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Given a signal y[n], we construct vectors of the 
form Yk = b@l, _dk - l1, ... , yCk - 4 + lllT 

with desired response dk = y[k + 11, 4 being the 
length of the patterns. Our objective is to estimate 
a collection of N AR models that transform the 
data vectors into their desired response with min- 
imum squared error. 

If aj = (a(o,j), a(i,j), . . . ,a(,_i,j))T is the vector 
of coefficients of the AR model number 
j (j = 1, . . . , N); and we call a,,, the best performing 
model for pattern yk, we can define the error in 
pattern k as 

ek = dk - azyk 

and the following cost function: 

(2) 

E[(ek)‘], (3) 

E being the statistical expectation operator. A stan- 
dard minimization of this cost function is not pos- 
sible, so we have to rely on iterative approaches. 
Our proposal is that a model competition will give 
a collection of linear systems that solve this prob- 
lem adequately. 

Model competition is conducted as follows: we 
iteratively select at random a data pattern from our 
codebook and choose the best performing model a, 

for that data pattern, as the one that better matches 
the desired response. Only that model is trained, 
leaving the rest of the models intact. R, is updated 
with an LMS algorithm: this algorithm updates the 
coefficients at every iteration making a stochastic 
estimation of the gradient 

1+1 
a, = afn + cte’yk, 

the error in iteration I being defined as 

(4) 

e’ = d, - (afn)Tyk (5) 

and CI is a positive update parameter. If we denote 
by y(j) the patterns belonging to model j, conver- 
gence is assured if the update parameter for the 
adaptation of model j is made smaller than 
2 divided by the largest eigenvalue of matrix 
R = Eb”‘t~‘j’)~]. Since the data clusters are not 
available before the competitive estimation is car- 
ried out, this value cannot be calculated and we 
have to rely on a trial and error selection of a; 
a common solution in many related problems [9]. 
The competition is pursued till some termination 

Table 1 
Linear model competition 

(1) Form a codebook of pairs (jy[k], y[k - 11 
y[k - q + l]}; y[k + 11) from the signal history 

(2) Select the number of models you wish to consider and 
initialize them at a random value 

(3) Choose randomly a data vector and apply every model; the 
one that better matches the desired response is trained with 
that pattern with the LMS algorithm. The rest of the models 
are left intact 

(4) Go to (3) till stability is reached 

criterion is fulfilled: the mean squared error over 
the data set falling below a threshold or maintain- 
ing a constant value over several iterations of the 
algorithm. When stability is reached, we end with 
a group of data clusters and a model for each 
group. 

Table 1 resumes the proposed algorithm. 
The estimated model is not yet valid for predic- 

tion, however, because we still do not know how to 
assign a model to a new data pattern. This classi- 
fication problem will be addressed in the next 
section. 

3. Segmentation model 

As we said before, we need to build a classifier 
that divides the data space, so we can know which 
model to assign to any possible input pattern. We 
will call this classifier the segmentation model: we 
consider our model composed of a segmentation 
model, that classifies the data patterns in groups, 
and several linear prediction models, which, given 
a data pattern, predict the next signal sample. Sev- 
eral possible cases can be considered: 

3.1. We have a parametric segmentation model 

The classification which we have obtained can be 
used to confirm the validity of the segmentation 
model as well as to estimate its parameters. We can 
switch back and forth between the segmentation 
model and the prediction model until we obtain 
a reasonable solution; i.e., once we have adjusted 
the data to the segmentation model, we estimate 
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again the linear models in the obtained data 

clusters. 
An example of this situation is quasistationary 

signal modeling, This type of signals are composed 
of segments of stationary behavior combined with 
abrupt changes in their statistical properties in the 
transitions between segments. In this case, the sig- 
nal generation mechanism is a collection of linear 
models and the segmentation law is a time driven 
change of model. So, we have a parametric segmen- 

tation model: it is composed of the time instants 

where the transitions between models are placed 
and it can be estimated from the data clusters 

obtained in the model competition. In the section 
devoted to simulations we will extend this dis- 
cussion. 

3.2. We have several tentative segmentation models 

The data clusters obtained in the model competi- 
tion are used to decide which of these models is 

more adequate. Under this perspective, every pos- 
sible parametric segmentation function can be tried 
and the one that gives the best performance (min- 
imum error) is selected. At this step, everything 
considered in Section 3.1 can be applied. 

An example of this situation can be found in 
competitive modeling of speech, as presented in the 
simulations section. Basically, we attempt to code 
speech windows by establishing a two AR model 
competition, and transmitting both AR models, as 

well as the classification obtained in the competi- 
tion. To optimize the coding, we can have a code- 
book of sequences of model transitions, and trans- 
mit only the identifier of the one that gives the 
lowest error, as in the CELP coder, where a code- 
book of excitation vectors is used [S]. 

3.3. We do not have a segmentation model 

In this case, we are faced with a pattern classifica- 
tion problem, and several alternatives can be used 
to solve it. In this work, we will analyze two basic 
approaches: neural networks and nearest-neighbor 
classifiers; but other possibilities can be considered 

c91. 

A part of the literature on neural networks is 
devoted to solving the pattern classification prob- 
lem. Neural networks are composed of many non- 
linear computational elements (nodes) operating in 
parallel. These nodes are connected via weights 
that are adapted to improve performance. One of 
the most used neural architectures is the multilayer 
perceptron (MLP). 

The MLP is a feedforward net with one or more 

layers of nodes between the input and the output 
nodes. Each layer has several neurons, and each 

neuron in a layer is connected to the neurons in the 
adjacent layers with different weights. The weights 

in this architecture are trained by presenting every 
input pattern to the network: according to the 
difference between the produced and target out- 
puts, the weights are adjusted to reduce the overall 
error. The standard training algorithm is known as 

backpropagation [9]. 
The MLP architecture can be used to learn the 

classification resulting from our model competi- 

tion: we can present every data pattern in the signal 
history and seek as the target output the associated 
model number. Using classical train and test sets, 
we can dedicate a group of data patterns to train 
the network and the rest to test it, i.e., to evaluate if 
the network will behave correctly with data pat- 
terns not used for training. If the trained MLP 
shows good performance with the training and test 
sets, our model is finished. Signal prediction is 
accomplished by presenting a data pattern to the 

MLP, obtaining the AR model number and ap- 
plying it. Repeated predictions allow us to generate 

signals. 
A nearest-neighbor classifier can be applied as 

well to our problem [13]. This classifier assigns to 
every pattern the same category as its closest train- 
ing pattern. The notion of closeness is associated 
with some type of metric: in our case we will use the 
Euclidean distance, because of its simplicity and 
robustness. So, we build our codebook of training 
patterns and a new data pattern is assigned to the 

same class as its closest one in the codebook. 
The use of one approach or the other depends, in 

a general case, on the characteristics of the problem 
we are facing. However, the data length is to be 
taken into account. If our codebook is very large, 
the search for the nearest neighbor will be very time 
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Table 2 
Estimation of the segmentation model 

(1) Is there a segmentation model? 

;pT rain a classifier with the data patterns and the desired 
classes 

YES 
(2) Estimate the segmentation model parameters with the 

classes obtained in the model competition 

consuming, and this can be a serious drawback in 
some applications. On the other side, when very 
reduced data sets are used, the MLP has very 
serious training problems. Of course, a comparison 
of both approaches will always render the best 
decision. 

The estimation of the segmentation model can be 
resumed as in Table 2. 

4. Order selection 

In this section, we will address the problem of 
defining criteria to select our model order, i.e., the 
number of models to use, as well as the number of 
parameters of each model. Akaike’s AIC criterion 
[2] is widely accepted for model order selection; it 
has been shown, however, that the asymptotical 
distribution of the optimal AIC order is not consis- 
tent: a probability greater than 15% remains that 
an order will be selected that is higher than the true 
process order [20]. The minimum descriptive 
length (MDL) criterion [18], on the other side, 
achieves consistency, and several comparative 
simulations have shown its superior performance. 
The MDL is defined 

where 6: is the maximum likelihood estimation of 
the noise variance, N the length of the signal data, 
k the number of parameters of the model and P the 
maximum considered order. This criterion is com- 
posed of two terms. The first one will decrease 
monotonically as k increases, but the second term 
will grow with k to account for the increase in 

variance due to the estimation of extra parameters. 
The selected order will be the one that better bal- 
ances both factors. 

In our nonlinear model, we establish competition 
among a known number of linear models (in the 
next paragraph we will consider how is the number 
of models selected) with a given order. When the 
classifier is developed, and we have the final groups 
of data patterns (the classifier may modify the data 
groups given by the model competition), we may 
reestimate the order (and the parameters) of every 
AR model using the MDL criterion described 
above. With this approach we obtain a nonlinear 
model with a fixed number of linear blocks (Table 3). 

At this point, we are able to estimate our model 
with any number of linear components. The only 
question that remains open is how to choose the 
best performing architecture among the models 
with one, two, . . . , linear blocks. The problem 
closely resembles the AR order estimation one, and, 
similarly, our proposed approach is to define 
a maximum number of AR models, Q, and estimate 
the competitive model for every order. Again we 
have to establish a criterion to compare the perfor- 
mance of several piecewise-linear models. 

The problem of model selection among several 
nonlinear candidates is an open line of research [4], 
and very few guidelines are available. A common 
approach is cross-validation, where the available 
data is divided in two subsets: the first one is used 
to estimate the parameters of the model and the 
second one for checking the performance [9,23]. 

In our approach however, we have relied on 
a much simpler, and heuristic approach, similar to 
the one used for comparing different threshold 
models in [23]: the model selected will be the one 
that minimizes a combination of the MDLs of the 
AR blocks of each piecewise linear model. One 
possibility is adding the MDL values of the linear 
models that compose each piecewise-linear model. A 

Table 3 
Local linear model estimation for a fixed number of AR models 

(1) Model competition (Table 1) 
(2) Estimate segmentation model (Table 2) 
(3) Estimate an AR model for each resulting data group using 

an MDL order selection criterion 
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Table 4 

Estimation of the optimum number of AR models 

(1) Define a maximum number of linear models Q 

(2) For every model order k (k = 1 Q) 

models have to be produced sequentially in time. 
Our hypothesis is that, if a competition among AR 
models is established, each one will concentrate in 
a particular time segment of the signal. 

(a) Local linear model estimation for a fixed number of AR 
models (Table 3) 

(b) calculate the MDL of the local linear model 

(3) The model with the lowest MDL is selected. 

second one, slightly different, is to apply the MDL 
criterion to the whole nonlinear model: in this case 
6; is the mean square error of the predictions in all 
the data patterns, k the number of parameters in all 
the linear models, and N the number of data sam- 
ples. If a parametric classifier is used, its number of 

independent parameters can be added to k; if a non- 
parametric one is applied, some measure of com- 
plexity has to be inferred. Nonetheless, if we keep 

the number of models low, we can simplify the 
problem by supposing that the complexity of the 
classifier remains fixed and there is no need to 
consider it. Table 4 summarizes the model-order 
estimation in the general case. 

The simulations reported in [ 151 confirm these 

ideas: when competition is established among ran- 
domly initialized models, clustering takes place and 
each model concentrates in a particular time seg- 
ment. Some simulations have been conducted to 

evaluate the performance of model competition for 
the segmentation of quasistationary signals in com- 
parison with other approaches: the results suggest 
that model competition shows a reasonable com- 
promise between complexity and performance in 
this type of tasks. Other simulations compared the 
MSE in modeling a particular quasistationary 
signal of the proposed competitive model and 
a unique AR model. The competitive model clearly 
outperforms the AR model by reaching a close to 
optimum performance, in the sense that the MSE 

obtained in modeling is very close to the one we 
would have obtained if the transition instants were 
known and a linear model would have been estim- 
ated in each stationary segment. 

5. Simulation results 

The proposed algorithm has been applied to 
several signal modeling and prediction problems. 
We will consider here three practical applications: 
segmentation of quasistationary signals, speech 
modeling. and time-series prediction. 

The last comparison may seem unfair in the 
sense that is obvious that a model composed of 
several AR models will outperform a unique one: 
but this approach is normal in many signal process- 

ing tasks, as, for example, in speech processing, in 
which a signal window (where several models may 
be present) is coded with a unique AR model. In the 
next section we will further analyze this fact. 

5.2. Speech modeling 

5.1. Segmentation of quasistationary signals 

In [15] linear model competition is applied to 
the segmentation of quasistationary signals: these 
signals are composed of segments of stationary 
behavior combined with abrupt changes in their 
statistical properties in the transitions between dif- 
ferent segments. They appear frequently in fields 

like speech analysis, seismology, vibration analysis, 
and econometrics. 

Obtaining a good speech model is of great inter- 
est in applications like coding, synthesis, and recog- 
nition: it will allow the use of less data bandwidth 
to transmit a speech signal, to get a higher-quality 
synthetic speech, or to develop better recognition 
systems. In these fields, linear prediction schemes 
are the most used, with their nonlinear counter- 
parts showing little improvement at normally 
a higher computational cost [S]. 

Quasistationary signals fit very well with our A common approach in speech processing, 

modeling technique. We have several linear models due to the nonstationary nature of this signal, is 

and we have a segmentation model, i.e., the AR to work with windows of a few milliseconds, and 
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estimating an AR model for each of these data 
windows. As a preliminary study, we compare the 
performance of a unique and two competing AR 
models applied to this type of speech segments. 

For our simulations we use 20 voiced segments 
of speech, each 240 samples long. They were taken 
from real continuous speech recorded with a samp- 
ling rate of 8 kHz and l&bit resolution. Half of 
them are from a male speaker and the other half 
from a female one. The segments represent utteran- 
ces of the 5 Spanish vowels ‘a’, ‘e’, ‘i’, ‘o’, ‘u’. 

To compare both proposed approaches (a 
unique AR model and two competing AR models) 
we use the prediction gain, defined as 

(11) 

with 0,’ being the variance of the speech signal and 
a: the variance of the prediction error. 

We obtained the prediction gain over the data set 
comparing a unique AR model, of order ranging 
from 6 to 38, with two competing AR models. The 
results are shown in Fig. 1 where models of the 
same number of parameters are compared (we 
show the prediction gain of a model of order N and, 
in the same column, the one obtained with two 
competing models of order N/2). It can be seen how 
the competitive model increases the prediction 
gain, in some cases by more than 3 dB. 

Of course, if we are working in speech coding, 
this prediction improvement is obtained at the ad- 
ditional cost of a classification of the data patterns, 
a classification that has to be transmitted, increas- 
ing the necessary bandwidth. Nonetheless, as can 
be seen in Fig. 2, the model transitions follow 
a quite regular pattern, and it seems reasonable to 
expect that this information can be efficiently 
coded. 

Fig. 3 shows a preliminary draft of a modified 
version of the well-known CELP coder [8]. The 
CELP structure is maintained, but we substitute 
a competitive piecewise-linear model to the con- 
ventional short-delay AR filter. Another codebook 
it is necessary to include the time segments where 
each model is active. To develop this codebook is 
probably necessary to use pitch information, due to 
the periodic nature of the model transitions, as can 
be seen in Fig. 2. 

10 15 20 25 30 35 
number of parameters 

Fig. 1. Prediction gains with the same number of parameters 
(0) linear model and (*) competitive model. 

Fig. 2. Three examples of speech segments used in the simula- 
tions. Under every segment it can be seen a signal showing the 
time segments each model is active. 

The suggested approach may introduce some addi- 
tional improvements in the synthesized speech, noting 
that the change of model may serve as an adequate 
way of modeling phoneme transitions, usually prob- 
lematic to account for in traditional approaches. To 
evaluate this improvement, we applied the algorithm 
proposed in [15] to speech segmentation. 

We considered the Spanish sentence: “Diez dias 
cabalgando en bici de montafia por el profundo sur 
marroqui al borde de 10s arenales de1 Sahara”, 
sampled at 8 kHz and with 16-bit resolution. It is 
divided in 480 sample windows and, into each win- 
dow, two AR models of order 10 compete, search- 
ing for a model transition. We accepted that 
a transition has taken place if we can divide the 
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Fig. 3. Structure of (a) conventional CELP and (b) CELP with a piecewise linear short-delay filter 

time segments into two parts of a reasonable length 
(in our simulations more than 25 samples) and each 
part can be assigned to one of the models because it 
has won in, at least, 75% of the points that com- 
pose it [15]. 

The objective is not to evaluate the segmentation 

abilities of the proposed algorithm, but to know if 
the competitive distribution of models captures 
a model transition if it happens. We simulated 32 
speech windows, and in 25 cases the results were 
correct: either there was a transition and it was 
detected or there was no transition and the algo- 

rithm guessed that transitions were not present. In 
the other 7 cases the scheme failed. In Fig. 4 we can 
see some examples of detected transitions. The 
competitive estimation of models captures, to some 
extent, the quasistationary nature of speech, giving 

reasonable hope that this approach will offer 
a good-quality synthesized speech. 

As a conclusion, we can say that competitive 
modeling considerably improves the prediction 
gain of the conventional linear prediction schemes 
with the additional cost of transmitting the result- 
ing classification. Besides, the two linear model 
approach allows us to model phoneme transitions 
within a window, a fact that may improve the final 
quality of the decoded speech. 

5.3. Time-series prediction 

Several time series have been widely accepted as 
presenting nonlinear features [24]; among them, 
one of the most studied is the Canadian-lynx time 
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C) d) 

Fig. 4. Segmentation of speech. Cases (a), (b), (d) correct, (d) no 
transition detected, and (c) incorrect (no obvious transition). 

series. In [ 161 we compared the performance of our 
piecewise linear model with the best performing 
among threshold models applied to this time series. 
In the next paragraph we will summarize the most 
important results. Other nonlinear models of this 
signal can be reviewed in [22]. 

The proposed modeling methodology was applied 
to the whole 114 point data set, using two models, 
with fixed orders 8 and 3 (the order of the linear 
components of the optimal threshold model [23]). 
Ten simulations of our model competition were car- 
ried out, obtaining two very similar classifications of 
data patterns, each five times: this fact suggests the 
existence of minimum error classification, and that 
competition leads to it. This quite surprising result is 
complemented with an important increase in perfor- 
mance: the residual variance was around 0.0136, 
opposed to a 0.0360 variance of the best performing 
threshold model. The same process, applied this time 
to the first 100 points of the time series, produced 
only one data pattern classification, rendering a re- 
sidual variance of 0.0163 opposed to a 0.0405 vari- 
ance of the threshold model. 

If the competitive model is to be used for predic- 
tion purposes, the classifier that maps each data 
pattern into its associated prediction model needs 
to be estimated. Because no information is avail- 
able about the structure of the segmentation model, 
we have to rely on general purpose classifiers: in the 
114 point time series, after the model competition, 
we have 104 data patterns each with an associated- 
class (we predict from the 11th sample to com- 
pare adequately with known results concerning 

threshold models [23]). To build our classifier we 
took the first 88 patterns as the training set and the 
final 16 patterns as the test set. We trained MLP 
and nearest-neighbor arquitectures to classify the 
data patterns. We could not find an MLP arquitec- 
ture with a reasonable performance, probably due 
to the reduced data set. The nearest neighbor classi- 
fier (using patterns of length 3) offered the best 
results and was selected: the final system is com- 
posed of two linear models and a nearest-neighbor 
classifier that selects which model to use depending 
on the input pattern. Further simulations [16] 
evaluate the prediction capabilities and the long- 
term behavior of the estimated model, showing 
good comparative performance. 

6. Conclusions 

We have presented a new nonlinear time-series 
modeling methodology: considering that the predic- 
tion problem becomes the approximation of an un- 
known, nonlinear functional of the past samples of 
the data, we approximate this functional by a collec- 
tion of linear functions, each covering groups of data 
patterns. We make no a priori assumption about the 
classification of these data patterns, but we establish 
a competition among linear models to obtain this 
segmentation. For prediction purposes, however, we 
have to be able to select what model to use when 
dealing with a new data pattern. Although we can 
find different situations, in the most general case 
a classifier can be trained to learn the resulting 
classification: we have analyzed MLP and nearest- 
neighbor approaches. An order estimation proced- 
ure completes the description of our algorithm. 

The proposed method has been applied to several 
signal processing problems. In what concerns seg- 
mentation of piecewise stationary signals, we have 
shown how model competition is an efficient way of 
identifying the different data segments. When applied 
to speech modeling, our model achieves an important 
improvement over the conventional AR model, and 
its application to coding seems interesting. Finally, 
the proposed approach adequately models the Cana- 
dian-lynx time series, improving conventional tech- 
niques both in performance and computational cost. 

Future lines of research include the development 
of a theoretical framework that proves that model 
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competition can be interpreted as an optimization 

approach; the analysis of the stability of the pro- 
posed model by using the Markov chains theory as 
in [24]; the comparison between the proposed hard- 
switching among models and soft-switching ap- 
proaches (where more than one model can process 
the input pattern); and the application of this meth- 

odology to practical problems, with special interest 
in speech modeling and coding, where the proposed 
approach seems promising. In some applications 
where linear model competition will not work, it is 

interesting to further analyze other piecewise linear 
approaches, such as canonical piecewise linear mod- 
els [lo] or piecewise linear radial basis functions [6]. 

For more complex cases, approaches as modular 
neural networks [9] should be considered. 
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