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ABSTRACT

A comparative study of a scalar waveform modelling ap-
proaches based on linear, quadratic and neural predic-
tion techniques was performed. A linear spectral predictor
model was also studied on two spectral representations. For
this, we consider the task of discriminating the places of ar-
ticulation of stop consonants using their spectral transition

information. A modified error measure has been defined

and shown to be effective in reducing the pitch interference
effect that arise in directly modelling the waveform. The
importance of complete spectral information of the vocal
tract system dynamics and the significance of higher order
correlation in the recognition performance have been high-
lighted.

1. INTRODUCTION

Traditionally, the speech signal was analysed in short tem-
poral segments because of the highly time-varying nature of
signal properties [1]. Such analyses were mainly based on
linear prediction and generated a set of spectral parameters
to represent the signal. The spectral vector sequence gener-
ated by this process represents the dynamics of vocal tract
movement that occurs during production of the utterance.
Any signal characterization aimed at capturing the spec-
tral dynamics can be based on either directly modelling the
waveform or modelling the analysis frame vector sequence.

The stochastic structure in the signal is represented as
correlation in a prediction model. A linear model allows
only linear correlation or autocorrelation to be captured in
the model. On the other hand, a non-linear predictor model
is capable of modelling even the higher order statistical mo-
ments. The two factors that determine the maximum order
of moments that could be incorporated into the model are
the degree of non-linearity of the model and the length of
prediction lag.

Several authors have shown that prediction modelling can
effectively capture temporal structure in the speech signal
(2, 3, 4, 5]. A generalized linear prediction codebook based
model was studied for speech recognition in [2]. The ad-
vantage of non-linear modelling using a neural network was
shown in [3]. Neural prediction was independently studied
in a classifier framework in [4] and in a predictor framework,
on a large vocabulary recognition task in [5]. Also, predic-
tors have been incorporated into a Hidden Markov Model
(HMM) and studied in [6, 7). All these efforts were mainly
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directed towards either incorporating time-modelling capa-
bilities into a neural network architecture or building-up
more general (large vocabulary, continuous speech) recogni-
tion systems. More recently, waveform prediction was stud-
ied in a hidden filter modelling framework for the stop con-
sonant discrimination task [8]. A power normalization tech-
nique was used to take care of the large dynamic variation
in the signal amplitude. Their results show the advantage
of power normalization while directly modelling waveform.
They also report that the performance of this approach is
comparable with that of a Multivariate Gaussian HMM us-
ing a feature frame vector (instead of the waveform), for
the recognition task.

Our effort is to study (i) waveform modelling of a short
temporal segment, using both linear and non-linear models
and (ii) spectral vector modelling on two different paramet-
ric representations. For this, we consider the task of pre-
diction based classification of stop consonants by modelling
the structure in the spectral transition region.

We compare three waveform (scalar) modelling ap-
proaches - linear, quadratic and neural predictors - to study
twa aspects: (a) capability of the predictor to overcome the
pitch interference that is inherently present in the speech
signal and (b) the significance of higher order correlation in
discriminating the places of articulation of the stop conso-
nants. A modified distortion measure is defined and used
to study these aspects. The dynamic range of the signal is
handled by a simple linear scaling of the waveform segment
before modelling.

Next, a vector predictor is studied on two different spec-
tral representations of the transition region. This study
is to understand the relative importance of the correlation
structure present in the signal. For this, Line Spectral Fre-
quencies (LSF - an explicit frequency representation) and
cepstral veciors (a parametric representation) are consid-
ered.

2. PREDICTION MODEL
The predictor model can be expressed as a state-space func-
tion estimator (as in [3, 5]) by
u, = f(un~1;un——2y"'gun—p)+en (1)

where, f(-) is the p'" order predictor function used in the
modelling of a vector sequence {un}. The sequence {e.} is
the prediction error sequence and n is the time index. In
this section, we discuss three (scalar) waveform modelling
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approaches as well as the linear spectral (vector) modelling
approach, based on the selection of the predictor function

f() of (eq. 1).
2.1. Distortion Measure

A normalized measure of the mean-square prediction error

(MSE) for a vector model can be defined as,
Enor = tr{E[enen]}/tr{E[unurl},

where tr denotes the trace a matrix, T stands for the matrix
transpose and F, the expectation operator which is taken as
an average over the time indices of each pattern sequence. [t
is the mean-square error of the predictor model normalized
with respect to the signal (predicted sequence) variance.
This measure is used in spectral predictive recognition task
as MSE measure.

However, the above defined quantity is not a good mea-
sure in the direct modelling of the waveform because it can-
not deal with the effect of periodic pitch pulses (or any im-
pulsive noise) in the signal. To account for the pitch pulse
interference problem, we use a modified measure called the
mean normalized square error (MNSE), which is the pre-
diction error variance at each point of prediction of the se-
quence normalized with respect to the signal variance at
that point; the average is computed over the entire length
of this sequence. For the scalar waveform sequence {zn},
this measure can be expressed as ,

Enor = E[é?/52).

This measure is used in waveform based (linear and non-
linear) predictive classification models (as MNSE measure).

2.2. Waveform Modelling Approaches

The three scalar prediction approaches used for mod-
elling the speech waveform are (a.) Linear Predictor, (b.)
Quadratic Predictor and (c.) Neural Predictor. The lin-
ear and quadratic models were realized using a single layer
perceptron type of structure to compute the parameters
by gradient descent with respect to the modified distortion
measure. For the quadratic model, the perceptron was fed
with a second order Volterra series input; then its parame-
ters are fully linear with respect to the input.

2.2.1. Secalar Linear Predictor

A p*™ order linear predictor of a vector sequence {zn} can
be expressed as, z, = &, + e, where the estimated vector
#n, of the n*® instant vector zn given by, £, = :;1 AiTrn_i.
Here, the function f(-) of (eq. 1) is the linear operator (the
set a; of ‘p’ linear predictor coefficients).

2.2.2. Scalar Quadratic Predictor

The scalar time waveform is directly modelled by using
both a linear and a quadratic function. The p** order model
is given by &, = Z‘::l AiTne;i + Ef___l Z;.=l bi;TrnaiTn—j.
Here, the function f(-) of (eq. 1) is the quadratic operator
(the set (ai+bi;) of p(p-+3)/2 linear and quadratic predictor
coefficients).
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2.2.8. Scalar Neural Predictor

A neural model with a sigmoidal non-linearity is used as
the approximation function f(-) of {eq. 1). It can be ex-
pressed as f(z)=1/(1+ e""")) where a is the slope of the
sigmoidal non-linearity. This has been widely studied be-
cause of its ability to generalize any arbitrary function with
a sufficient number of such non-linearities [9]. A three layer
neural network model was used with ten hidden node non-
linearities. The network was fed with the delayed samples of
the signal waveform as an input vector of dimension seven.
The non-linearities were used only in the hidden layer and
only the input layer had explicit delays. The parameters
were estimated by the conventional backpropagation algo-
rithm [10].

2.3. Linear Spectral Predictor

A p'™ order linear predicor of a vector sequence {un} can
be expressed as un = (1, + e, where the estimated vector
@i, of the n*" instant vector u, given by the relation G, ="
> Aiun_i. The set of ‘p’ coefficient matrices, A;s are
the predictor coefficients obtained by minimizing the mean
square of the prediction residual error e, [11]. In this case,
the function f(-) of (eq. 1) becomes a matrix operator (the
set of ‘p’ linear coefficients matrices, A

2.4. Recognition

Recognition was performed by using labelled test sequences.
These patterns were fed to each of the trained class models.
A sequence was classified into that particular class whose
model gives rise to the minimum distortion measure. A
match between the outcome of this rule and the label of
the test sequence is counted as a correct classification. The
classification accuracy or the score is the correct classifica-
tion count expressed as a percentage of the total number of
test patterns.

3. EXPERIMENTS

The four voiced stop consonants (/b/, /dh/, /d/ and /g/)
were used for the recognition task in the context of a sin-
gle vowel (/a/) as suffix. They differ mainly in their places
of articulation. Only transition region information (and no
other cues of stop consonants such as burst spectra, voice
onset time, etc.) is used. All the four places of articu-
lation (typical of any Indian language) of the stop conso-
nants including the spectrally close /dh/ (dental) and /d/
(retroflex) consonants were considered.

The models were trained separately for each of the four
speakers (speaker dependent training). Experiments were
performed on the utterances recorded from four speakers
(two male and two female) using 600 (150 x 4 classes) each
of training and test tokens comprising manually segmented
Consonant-Vowel (CV) transition data for isolated utter-
ances. .

The waveforms were digitized at 8 kiloHertz sampling
frequency with appropriate low-pass filtering. Hamming
window analysis was performed with a pre-emphasis of 95
% over a frame size of 30 milliseconds at a frame shift
of 10 milliseconds, to obtain a set of ten Linear Predic-
tion Coefficients (LPCs). The cepstral parameters and the
line-spectral frequencies (LSFs) were computed using these
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LPCs. These parameters were used as the spectral feature
vector sequence that characterizes the transition region.

For the waveform modelling approaches, a model order
of seven was used on a 30 msec segment near the stop con-
sonant end of the transition region. Two important issues
that arise in the direct handling of the waveform in a pre-
diction model are: (i} dynamic variation and (i) pitch pulse
intérference. While the former is handled by suitably scal-
ing the entire signal before the prediction modelling, the
effect of the latter is reduced by using the modified distor-
tion measure (NMSE).

3.1. Results and Discussion

The information (degree of correlation) captured by these
approaches is a measure of the order of interaction of the fre-
quency components of the transition region spectra. Such
a characterization would contribute towards better under-
standing of the production process for stop consonants.

The modified error measure reduces pitch pulse interfer-
ence in waveform prediction modelling and improves the
performances of the scalar models, (Table 1 and also Fig-
ure 1). However, for female voices (speaker 2 and speaker 4)
the improvement is much less due high pitch. In neural ap-
proach, the modified measure gives an average error rate
reduction of roughly 23 % each on training and test results,
across four speakers. The non-linear models perform better
than linear models and particularly, neural model performs
better than the quadratic model. This indicates the im-
portance of higher order correlation in improving the dis-
criminating capability of the model in the stop consonant
recognition task. While the quadratic approach captures
linear and quadratic correlation [12] the neural net being a
general nonlinear prediction model, is capable of incorpo-
rating the higher order correlation also [9].

The vector model performs better on the cepstral rep-
resentation than on a LSF representation (Table 2 and
also Figure 2) indicating the importance of using the com-
plete vocal tract spectral information for the discrimina-
tion task. The entire spectral information which reflects
the vocal tract dynamics is present in the vector sequence
when the signal representation is based on cepstra. On the
other hand, only the resonant band center frequency trajec-
tories are present when the feature representation is based

on LSFs [1].

Table 1. Recognition Performance (in %) of the three wave-
form prediction approaches for both MNSE/MSE distorticn
measure for four speakers (Spkr)

| | Data | Linear [ Quadratic | Neural |
Spkr 1 | Train | 91.5 / 886 | 953 /91.2 | 96.6 / 044
Test | 596/ 35.3 | 83.6 / 638 | %6.1/ 68.5
Spkr 2 | Train | 88.2 / 87.5 | 90.1/89.7 | 92.4 /897
Test | 80.3/80.1 | 83.2 /317 | 86.7 /853
Spkr 3 | Train | 84.3 /82.3 | 90.7 /853 | 913 / 88.1
Test 70.3/67.1]77.6 /7L1 17967763
Spkr 4 | Train | 743/ 73.1 | 78.3 / 76.2 | 80.1/ 76.6
Test | 62.5 /600 | 672/ 64.1 | 6767653
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Figure 1. Waveform Predicter Score {in %). A performance
compariscn of the linear. quadratic and non-linear models on
toth the modified and conventional (MNSE/MSE) distor-
ton measure for four speakers (Spkr 1 and Spkr 3 are male
and Spkr 2 and Spkr 4 are female)
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Figure 2. Spectral Predictor Recognition Score (in %). A per-
formance comparison on Cepstrum and LSF representation
for four speakers (Spkr).

Table 2. Recognition Performance (in %) of Spectral Predic-
tor on Cepstrum and LSF representation for four speakers
(Spkr)

i Data | Cepstrum | LSF ]|
Spkr 1 | Tram 956 92.4
Test 84.1 62.1
Spkr 2 | Train 98.3 88.4
Test 93.7 80.3
Spkr 3 | Train 90.1 84.1
Test 78.2 68.3
Spkr 4 | Train 86.3 787
Test 79.5 70.7

Although the complete spectral information of the sig-
nal is available in the waveform, the waveform based model
has to perform a deconvolution to separate out pitch pulse
information and then model the higher order spectral de-
pendencies of the vocal tract spectra. A spectral predictor
model, in contrast, has the separated vocal tract spectral in-
formation directly available from the input vector sequence.

While the waveform prediction model uses a short seg-
ment of the signal near the stop end of the transition re-
gion, the spectral prediction model uses the entire feature
vector sequence that was generated by analysing the transi-
tion region waveform. This brings to focus the hierarchical
nature of a vector prediction modelling approach. A vector
predictor may be looked upon as being essentially equiva-
lent to a cascade of two linear models functioning at two
time-scales — a first stage of linear modelling in a finer time
scale followed by a second stage coarse scale vector model.
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4. CONCLUSIONS

A modified error measure based on normalization at every
prediction point helps in reducing pitch interference effects
in the waveform modelling approach. In the stop consonant
discrimination task, performance improves when the com-
plete information regarding the spectral dynamics in the
transition region (as given by the cepstral representation)
is available. Higher order correlation information also plays
a significant role in the recognition performance.
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