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ABSTRACT

A spectral prediction model is studied in the context of
discriminating between the stop consonants by place of ar-
ticulation. We study the predictor in both scalar and vector
modes and show the sensitivity of both these models to se-
quence direction. The paper highlights the role of coherence
in regulating the directionality dependence of performance.
The predictor model is discussed from the multivariate au-
toregressive process point of view to throw some light on
the observed interesting behaviour of the model.

1. INTRODUCTION

In the recent past, efforts in modelling and recognition of
the speech signal have been focussed on handling the dy-
namic features in the signal. One particular technique that
has received some attention in this regard is spectral pre-
diction modelling. It was studied in a neural prediction
framework in [1] and in a hidden Markov modelling (HMM)
framework in [2]. In all these studies, the effectiveness of
the spectral prediction model was amply demonstrated by
its performance on a large vocabulary or in a speaker inde-
pendent recognition task.

A modified model which takes advantage of incorporat-
ing the structure in both temporal directions of the se-
quence was studied in [3]. This study reports that the
forward-backward model performs better than a unidirec-
tional model. The importance of directed modelling was
also brought-out by a study on the specific task of con-
sonant recognition using a set of three models — forward,
backward and an interpolator in a general, predictor code-
book based quantization framework [4].

Along the same lines, we consider a stop consonant recog-
nition task to demonstrate some interesting properties re-
lated to the predictor model. A spectral predictor is used to
model the vector sequence representation of the stop conso-
nant transition region. The vector model is studied in both
scalar and vector modes. In the scalar mode, the individ-
ual component sequences are taken to be uncorrelated with
each other. In the vector mode, cross-channel correlation
is also incorporated into the model. This cross-correlation
information pertaining to the vector sequence is termed co-
herence. Our aim is to bring out the relationship that exists
between sequence directionality and coherence with respect
to model performance. We examine this in the context of
discriminating the classes of stop consonants which differ in
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their places of articulation (POA).

2. MODELLING SPECTRAL TRANSITIONS

The spectral transition manifests as a short length mul-
tivariate temporal sequence. To model such a sequence
well, a predictor requires reliable estimates of the model
parameters from the finite amount of data. Hence, a non-
windowing approach (or the so-called covariance method)
is used. This leads to temporal asymmetry in the model;
model performance in the forward and the reverse direc-
tions of the sequence will no longer be the same [5]. This
difference stems from the fact that the model parameters
(coefficients) for the forward and the reverse models are es-
timated, by minimization of the different mean square errors
of the respective models. In a general spectral estimation
problem, this difference would not matter. Hence, Burg’s
estimation method is based on a joint optimization crite-
rion using the geometric mean of the forward and reverse
prediction error variances. However, it would be quite in-
formative to study these two models separately in the stop
consonant recognition task using the short length spectral
transition sequence. .
The stop consonants which differ in their places of ar-
ticulation are characterized by several well known features
(such as formant onset, ‘locus’ frequency values, burst spec-
tra, etc.) at the stop end of the spectral transition region
[6]. Structure at this end is more dispersive in nature than

‘at the steady vowel end [7]. A model built to predict the

sequence values towards the stop end, thus looks for struc-
ture in a region which is strongly influenced by the identity
of the stop consonant using a relatively stable set of past
values (pertaining to the steady vowel end). This aspect
could also be appreciated from the locus frequency point
of view. The locus concept is based on the existence of
a hidden locus point in the spectral plane, characterizing
the POA of stop consonants. This unobserved (or hidden)
point is defined as the fixed point from (to) which the un-
connected ends of the observed trajectories going towards
{coming from) the steady-state vowel region, irrespective of
the vowel involved diverge (converge). When approaching
the stop consonant from the steady vowel end, the locus
(for any given formant) is the meeting point of the extrap-
olated formant trajectories of the transition region for all
vowels [8]. Also, backward processes are widely used in tra-
jectory tracking algorithms [9] for locating the unobserved
starting point (which notionally occurs earlier than the first
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observed value) . A prediction mode] leading into the stop
consonant end of the sequence may thus be expected to
yield better estimates of the model parameters.

3. LINEAR SPECTRAL PREDICTOR MODEL

3.1. Forward Predictor

(a) Scalar Predictor: It models the component processes
of the vector sequence using a set of independent p'* order
scalar models. Let {z,.} represent the scalar component
sequences of the vector sequence {u,}. A p'™ order scalar
linear predictor can be expressed as z, = %, + e,, where
£n = Ef=1 @iTn—;. This estimates the value =, at the n®
instant as Z, with an error, en. The a;s are the set of
‘p’ linear predictor coefficients obtained by minimizing the
mean square of the prediction residual error en [5].

(b) Vector Predictor: A general p'™* order linear pre-
dictor of a vector sequence {u,} can be expressed as u, =
@i, + e, where the estimated vector (i, of the n* instant
vector Un given by, fin = ) 7| Aiun—i. The set of ‘p’ coef-
ficient matrices, A ;s are the predictor coefficients obtained
by minimizing the mean square of the prediction residual
error en [10]. The scalar model is a special case of the vector
model when the coefficient matrices corresponding to each
of the p lags are diagonal. So, we consider the formulation
only in a vector framework.

3.2. Reverse Predictor

Denoting the time reversed input vector sequence by
{un_p+1,--~,un_1,un}, the backward error vector e%
at the n'* instant can be written as eﬁ = Un_p —
> Biun_p4i where B, is the i" lag reverse predictor
coefficient. Minimization of the mean-square value of the
reverse prediction error yields coefficients for the reverse
model.

3.3. Recognition

The error power Enor = tr{E[enel]}/tr{E[u,ul]}, nor-
malized with respect to signal (predicted sequence) power is
a measure of the linear assoiciation captured by the model.
Here, tr denotes the trace (sum of the diagonal entries) of
a matrix, T stands for the matrix transpose and F, the ex-
pectation operator which is taken as an average on the time
indices over each of the pattern sequences. This is used as
the distance measure in the recognition task.

Recognition was performed by using labelled test se-
quences. These patterns were fed to each of the trained
class models. A sequence was classified into a particular
class whose model gives rise to the minimum mean square
prediction error; i.e., For a k™ test pattern sequence (Y%
to be classified into the j™ class (c;), if the normalized er-
ror Enor (defined above) is say, Ef, then the minimum error
classification rule is Y* € ¢; if E¥ < EF V4,5 =1,2,.--,N
with j # i. A match between the outcome of this rule and
the label of the test sequence is counted as a correct clas-
sification. The classification accuracy or the score (say, )
is the correct classification count expressed as a percentage
of the total number of test patterns.

4. EXPERIMENTS

The four voiced stop consonants {/b/, /dh/, /d/ and /g/)
were used for the recognition task in the context of a sin-
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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. Experiments were
performed on utterences recorded from four speakers (two
male and two female) for various frame shifts and frame
sizes.

The waveforms was digitized at 8 kiloHertz sampling fre-
quency with appropriate low-pass filtering. Hamming win-
dow 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 Prediction Coef-
ficients (LPCs). The cepstral parameters (computed using
these LPCs) were used as the spectral feature vector se-
quence characterizing the transition region. The recognition
experiments were performed on the prediction model using
600 (150 x 4 classes) each of training and test tokens com-
prising manually segmented Consonant-Vowel (CV) transi-
tion data for isolated utterences. A set of Vowel-Consonant
(VC) segments was also used for one of the four speakers.

4.1. Results

The recognition scores (percentage correct recognition) of
the scalar and vector predictor models are reported for both
training and test data, in the context of forward and reverse
modelling of the stop transition vector sequence. As the -
residual error does not reduce to any appreciable extent for
vector prediction models.of higher orders, we show the re-
sults only for p = 1. The results show that the model is able
to discriminate quite well between the places of articulation
of the stop consonants.

Table 1. Recognition score (in %) of scalar and vector model
in forward and reverse configuration for both the CV and VC
cases )

I Spcaker 1 | Type | Scalar [ Vector ]|
I | | Train | Test ]| Train [ Test |

CV case Fwd. 84.3 68.6 95.6 84.1
Rev. 91.7 74.6 97.3 83.6
VC case Fwd. 81.1 76.6 88.3 | 86.6
Rev. 73.3 68.1 87.6 85.3

The directionality in recognition performance in both
cases — Stop Consonant to Vowel (CV) and Vowel to Stop
Consonant {VC) transitions - is shown in Figure 1 (also in
Table 1) for data from a single speaker. The reverse pre-
dictor performs better than the forward predictor in a CV
case and worse than it for the VC case. The difference in
performance is more pronounced for the scalar model than
for the vector model.

Figure 2 (also Table 2) shows the recognition score for all
the four speakers for a CV case. We find that the vector
model always performs better than the scalar model, for
both the training and test sequences. Both models were
also tried out after reversal of the time direction (of the
sequence as well as the model). In both the cases, perfor-
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Figure 1. Comparison of Forward, Reverse models in Scalar
and Vector modes for both CV and VC cases

mance improves as a result. In fact. on direction reversal,
the scalar model performs as well as the vector model. Vec-
tor model performance on the other hand is essentially the
same in both the directions. performance improvement on
direction reversal being quite small in this case.

Table 2. Recognition Score (in %). Performance of Scalar and
Vector in both Forward and Reverse Modeliling configuration
for the CV case

Speaker

Type | Scalar | Vector ]
| Train | Test || Train | Test
Speaker 1 | Fwd. | 843 | 68.6 95.6 | 84.1
Rev. 91.7 74.6 97.3 83.6
Speaker 2 | Fwd. 88.1 74.6 98.3 95.7
Rev. 95.6 90.1 98.6 96.1
Speaker 3 | Fwd. 74.5 69.3 90.1 78.2
Rev. 81.1 75.6 91.3 77.6
Speaker 4 | Fwd. 77.5 70.3 -86.3 79.5
Rev. 83.6 78.6 83.7 80.1

5. DISCUSSION

The above results bring out the following three main is-
sues which were of direct significance to the modelling and
recognition task.

1. The time-asymmetry in the model.

2. The importance of the structure at the stop-end of the
spectral transition region.

3. The role of coherence in regulating the directionality
of performance.

EUROSPEECH ’95, Madrid, Spain, September 1995

% Scors

% Score

% Score

%: Score

speaker | {fwd -rev)

100
7
95+ Eé
904 Eé
854 Eé
80+ E%
=
754 E%
% =
70- =/
=
Trein Test Train Test
Scolar Vectar
speaker2 (fwd ~rev)
100
95+ 7 z E?
904 / 7
85- E/ %
. % %
80 é %
754 7, Z
704 - =
,/ E )
Train Test Train Test
fe——— Scalar ——>e—— Vector —
speaker3 (fwd-rev)
100
95+
90+
854 /
80 7
754 ;
70+ %,
Tmin Test Train Test
Scaiar Vector —>4
speaker4 {fwd-rev)
10
95+
90
85+ E'//
=
80 =¢
=
75+ =/
=
704 :__.:%
Trclﬁ Test Train Test
Scaiar Vector

E quwurd

Reverse

Figure 2. Comparison of Forward, Reverse models in Scalar
and Vector modes for the CV transition on four speakers
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Though both scalar and vector models are quite sensi-
tive to sequence directionality, this aspect is far more pro-
nounced in the case of the scalar model. In this section, we
examine the role of coherence in influencing this behaviour.

To understand this, we examine the predictor model from
a multivariate autoregressive (AR) modelling point of view.
Although a multichannel process may be an autoregression,
it does not follow that each channel is individually an au-
toregressive process [11, 12]. In fact, a d-channel autore-
gression of order p with independent white noise excitation
driving each channel will not be a simple AR(p) process.
The autospectra for each channel as well as the crossspec-
tra will have d’p poles and (d? — 1)p zeros in the finite
z-plane (of which p zeros occur at the origin): in contrast,
a single channel autoregression process has only dp poles.
Hence, the autospectra of each channel could be considered
as spectra of a single isolated channel autoregressive moving
average (ARMA (d?p, (d* — 1)p)) process.

This highlights two important aspects of a vector model
in contrast with a scalar model. One is the introduction
of zeros into the autospectra due to cross-channel feeding
and the other is the increase in the autospectral degree of
freedom. When the information characterizing a sequence
class is itself concentrated towards one end of the sequence,
as in the case of the spectral transition of stop consonants,
then the extra degree of freedom arising from cross-channel
feeding helps the vector model to estimate the autospectra
of each channel equally well in both time-directions.

6. CONCLUSIONS

The time-directionality of the sequence is an important fac-
tor in the performance of the predictor model. Both the
scalar and the vector models are sensitive to sequence di-
rection. Coherence information influences the sensitivity of
model performance to prediction direction. In the absence
of coherence (as in a scalar model case), model performance
is highly sensitive to direction. On the other hand, when
coherence is present (as in a vector model case), this effect
is far less pronounced.
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