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Abstract

In this paper, we propose a neural network model for predicting the durations of syllables. A four layer feedforward
neural network trained with backpropagation algorithm is used for modeling the duration knowledge of syllables. Broad-
cast news data in three Indian languages Hindi, Telugu and Tamil is used for this study. The input to the neural network
consists of a set of features extracted from the text. These features correspond to phonological, positional and contextual
information. The relative importance of the positional and contextual features is examined separately. For improving the
accuracy of prediction, further processing is done on the predicted values of the durations. We also propose a two-stage
duration model for improving the accuracy of prediction. From the studies we find that 85% of the syllable durations could
be predicted from the models within 25% of the actual duration. The performance of the duration models is evaluated
using objective measures such as average prediction error (u), standard deviation (o) and correlation coefficient ().
© 2006 Elsevier Ltd. All rights reserved.

1. Introduction

During production of speech, human beings seem to impose automatically the required duration, intona-
tion and coarticulation patterns on the sequence of sound units. These patterns reflect the linguistic and pro-
duction constraints in the prosody (duration and intonation) and coarticulation in speech. The knowledge of
these constraints is implicit in the speech signal in the sense that it is difficult to articulate the rules governing
this knowledge. But lack of this knowledge can easily be perceived while attempting to communicate the
desired message through speech. Capturing this knowledge is essential, for example, for synthesizing natural
sounding speech from a text.

One of the most striking features of speech produced by humans is its variability, especially in the prosody
(Smith, 2002). Speech synthesizers will sound more natural, only if they reproduce some of this variability.
Caroline L. Smith conducted a study to investigate the durational variability in readings of an extended pas-
sage of text by an American English speaker. The focus of the study was to observe how the structure of the
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topics (topic shift, topic continuation and topic elaboration) in the spoken material can affect the variability in
the acoustic durations (Smith, 2002). The following observations were made in this study: (1) Speech rate
tends to be slower around a topic shift than at other transitions. (2) Sentence-final lengthening is similar in
topic shifts and continuations. However, at a topic continuation, speech rate increases significantly between
the end of the present sentence and the beginning of the following sentence. (3) Topic elaborations have sig-
nificantly less sentence-final lengthening than other transitions. Pauses are of similar durations for elabora-
tions and continuations. Speech rate is faster in elaborations, but does not change at the transition. This
study indicates the variability in durations due to the structure present in the spoken material, and the vari-
ability in turn reflects in the fluency.

The implicit knowledge of prosody is usually captured using modeling techniques. In this paper, we focus
on modeling the duration knowledge in speech. In speech signal the duration of each sound unit is dictated by
the linguistic context of the unit and the production constraints. Modeling duration may be rule-based or sta-
tistical. Rule-based methods involve analysis of segment durations manually to determine the duration con-
straints on the sequence of sound units. The derived rules get better in terms of accuracy, as the amount of
speech data for analysis is increased. But with large amount of data the process of manually deriving the rules
becomes tedious and time consuming. Hence, rule-based methods are limited to small amount of data. One of
the early attempts for developing rule-based duration models was in 1970s (Klatt, 1976). The model was based
on information present in linguistic and phonetic literature about different factors affecting segmental dura-
tions. The rules were derived by analyzing a set of phonetically balanced sentences. Following this model, sim-
ilar models were developed for other languages like German and French (Kohler, 1988; Bartkova and Sorin,
1987). More recently, a rule-based duration model was developed for a text-to-speech (TTS) system for the
Indian language Hindi (Yegnanarayana et al., 1990; Kumar, 2002). The model was developed using the broad-
cast news speech data in Hindi. In general, the rule-based methods are difficult to study, due to complex inter-
action among the linguistic features at various levels (Chen et al., 2003). Therefore the rule inference process is
restricted to controlled experiments, where only a limited number of contextual factors are involved.

Statistical methods are attractive when large phonetically labeled databases are available. The statistical
methods can be based on parametric or nonparametric regression models (Mixdorff et al., 2001). Examples
of parametric regression models are Sums-of-Products (SOP) model, generalized linear model and multiplica-
tive model (Mixdorff, 2002). In the SOP model the duration of a segment is represented as a sum of factors
that affect the duration, and their interactions (product terms) (Santen, 1994). The generalized linear model is
a variant of the SOP model. The advantage of the SOP model is that the model can be developed using small
amount of data. But in the SOP model the number of different sums-of-products grows exponentially with the
number of factors. Thus it is difficult to find an SOP model that best describes the data. In addition, the SOP
model requires significant preprocessing of data to correct the interaction among factors and data imbalance
(Goubanova et al., 2000; Sayli, 2002). The model was developed using two sets of data corresponding to two
types of speaking styles, read speech and news commentary. The SOP duration models were used in Bell labs
multi-lingual text-to-speech system (Sproat, 1998). Van Santen used SOP models for predicting the segment
durations, and reported a correlation coefficient of 0.93 between predicted and observed segment durations
for English, and 0.90 for German (Mixdorff et al., 2001; Santen, 1994). Hyunsong Chung used SOP models
for predicting the durations of vowels and consonants in Korean language. For vowels, the root mean square
error (RMSE) and the correlation coefficient values were observed to be 32.13 ms and 0.68, respectively, and
for consonants they were 28.86 ms and 0.54, respectively (Chung, 2002a,b). On TIMIT database, RMSE of
9 ms and correlation coefficient of 0.94 were observed using SOP models (Goubanova et al., 2000).

Nonlinear regression models are either Classification and Regression Tree (CART) models or neural net-
work models (Mixdorff, 2002; Riley, 1992). In the CART model a binary branching tree is constructed by
feeding the attributes of the feature vectors from top node and passing through the arcs representing the con-
straints (Riley, 1992). The feature vector of a segment represents the positional, contextual and phonological
information. The segment duration is predicted by passing the feature vector through the tree so as to min-
imize the variance at each terminal node. The tree construction algorithm usually guarantees that the tree fits
the training data well. But there is no guarantee that the new and unseen data will be predicted properly. The
prediction performance of the CART model depends on the coverage of the training data. Riley used CART
model to predict the phoneme durations using their context (Riley, 1992). The training data comprised of 1500
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short sentences spoken by a single speaker. The performance of the model was shown to be better compared to
previous rule-based methods. Recently, CART models were used for predicting the phoneme durations and Fj
(pitch) values in the Festival framework for developing TTS systems in different languages (Black et al., 2000).
On TIMIT database the performance of CART model was observed to be RMSE of 20 ms and correlation
coefficient of 0.82 (Goubanova et al., 2000). For predicting the durations of vowels and consonants in Korean
language, the CART model gave the RMSE of 27.51 ms for vowels and 24.2 ms for consonants, and correla-
tion coefficient of 0.78 for vowels and 0.71 for consonants (Chung, 2002a,b). Sridhar Krishna et al. used
CART models for predicting the segment durations in two Indian languages namely, Hindi and Telugu
(Krishna and Murthy, 2004). The RMSE and correlation coefficient values were observed to be 22.86 ms,
and 0.80 for Telugu, and 27.14 ms and 0.75 for Hindi, respectively.

Neural network models are known for their ability to capture the functional relation between input-output
pattern pairs (Haykin, 1999; Yegnanarayana, 1999). Several models based on neural network principles are
described in the literature for predicting the durations of syllables in continuous speech (Campbell, 1990,
1992, 1993; Campbell and Isard, 1991; Barbosa and Bailly, 1994; Barbosa and Bailly, 1992; Cordoba et al.,
1999; Hifny and Rashwan, 2002; Sonntag et al., 1997; Teixeira and Freitas, 2003). Campbell used a feedfor-
ward neural network trained with feature vectors, each representing six features of a syllable (Campbell, 1992).
The six features are: Number of phonemes in a syllable, the nature of syllable, position in the tone group, type
of foot, stress, and word class. Syllable durations are predicted with these feature vectors as input to the neural
network. The durations of the phonemes are estimated from the predicted durations of the syllables using the
elasticity principle (Campbell and Isard, 1991). Neural network models were developed using two different dat-
abases. (1) Spoken English Corpus (SEC) from broadcast news was used for examples of fluent speech with
natural prosody, and (2) Spoken Corpus Readings in British English (SCRIBE) database of phonetically rich
sentence readings was used for balanced segmental information. Barbosa and Bailly used a neural network
model to capture the perception of rhythm in speech (Barbosa and Bailly, 1994). The model predicts the dura-
tion of a unit, known as Inter-Perceptual Center Group (IPCG). The IPCG is delimited by the onset of a
nuclear vowel and the onset of the following vowel. The model was trained with the following information:
Boundary marker at phrase level, sentence mode, accent marker, number of consonants in IPCG, number
of consonants in coda and nature of the vowel. Campbell reported a correlation coefficient of 0.89 between
observed and predicted syllable durations (Campbell, 1993). Teixeira et al. used neural network for predicting
the segment durations, and they reported the RMSE of 19.5 ms and correlation coefficient of 0.839 (Teixeira
and Freitas, 2003).

The objective in the present study is to determine whether the nonlinear neural network models can capture
the implicit knowledge of the syllable duration in a language. One way to infer this is to examine the error for
the training data. If the error is reducing for successive training cycles, then one may infer that the network
indeed captures the implicit relations in the input—output pairs. We propose to examine the ability of neural
network models to capture the duration knowledge for speech in different Indian languages. We consider three
Indian languages (Hindi, Telugu and Tamil) using syllable as the basic sound unit. The reason for choosing
the syllable as the basic unit is that, it is a natural and convenient unit for production and perception of speech
in Indian languages. In Indian scripts characters generally correspond to syllables. A character in an Indian
language script is typically in one of the following forms: V, CV, CCV, CCVC and CVCC, where C is a con-
sonant and V is a vowel.

The prediction performance of the neural network model depends on the nature of the training data used.
Distributions of the durations of syllables (Fig. 1) indicate that majority of the durations are concentrated
around mean of the distribution. The distribution of the syllable durations for the three languages is shown
in Fig. 1. This kind of training data forces the model to be biased towards mean of the distribution. To avoid
this problem, some postprocessing and preprocessing methods are proposed. Postprocessing methods modify
the predicted values further using some durational constraints. Preprocessing methods involve use of multiple
models, one for each limited range of duration. This requires a two-stage duration model, where the first stage
is used to segregate the input into groups according to the number of models, and the second stage is used for
prediction.

The paper is organized as follows: Section 2 discusses the factors that affect the syllable duration. The data-
base used for the proposed duration model is described in Section 3. Section 4 discusses the features used as
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Fig. 1. Distributions of durations of syllables in the languages Hindi, Telugu and Tamil.

input to the neural network for capturing the knowledge of the syllable duration. Section 5 gives the details of
the neural network model, and discusses its performance in predicting the durations of syllables. A two-stage
duration model is proposed in Section 6 to reduce the error in the predicted durations of the syllables. A sum-
mary of this work is given in the final section of the paper along with a discussion on some issues that need to
be addressed.

2. Factors affecting the syllable duration

The factors affecting the durations of the basic sound units in continuous speech can be broadly categorized
into phonological, positional and contextual (Huang et al., 2001). The vowel is considered as the nucleus of a
syllable, and consonants may be present on either side of the vowel. The duration of a syllable is influenced by
the position of the vowel, the category of the vowel and the type of the consonants associated with the vowel.
The positions that affect the durations of the syllables are: Word initial position, word final position, phrase
boundary and sentence ending position. The contextual factors include the preceding and following syllables.
The manner and place of articulation of the syllables in the preceding and following positions also affect the
duration of the present syllable. In addition, the gender of the speaker, psychological state of the speaker
(happy, anger, fear, etc.), age, relative novelty in the words and words with relatively large number of sylla-
bles, also affect the duration.

3. Speech database

The database for this study consists of 19 Hindi, 20 Telugu and 33 Tamil broadcast news bulletins. In each
language these news bulletins are read by male and female speakers. Total durations of speech in Hindi, Tel-
ugu and Tamil are 3.5 h, 4.5 h and 5 h, respectively. The speech signal was sampled at 16 kHz and coded as 16
bit numbers. The speech utterances are manually transcribed into text using common transliteration code
(ITRANS) for Indian languages (Chopde). The speech utterances are segmented and labeled manually into
syllable-like units. Each bulletin is organized in the form of syllables, words, and orthographic text represen-
tations of the utterances. Each syllable and word file contains the text transcriptions and timing information in
number of samples. The syllable durations vary from 30 to 450 ms. The details of the data with respect to
duration for the three languages are given in Table 1 (Khan et al., 2003).

4. Features for developing duration models

In this study, we use 25 features (together called as feature vector) for representing the linguistic context
and production constraints of each syllable.
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Table 1

Details of the broadcast news data for the languages Hindi, Telugu and Tamil

Language # Speakers # Utterances # Words # Syllables Syllable duration (ms)
Male Female Mean SD

Hindi 06 13 4191 26,090 50,237 157.10 57.37

Telugu 11 09 6484 25,463 84,349 133.65 54.69

Tamil 10 23 7359 30,688 100,707 132.10 48.84

These features represent positional, contextual and phonological information of each syllable. Features rep-
resenting the positional information are further classified based on the position of the word in a phrase and the
position of the syllable in a word and phrase.

Syllable position in the phrase: A phrase is delimited by the orthographic punctuation. The syllable posi-
tion in a phrase is characterized by three features. The first one represents the distance of the syllable
from the starting position of the phrase. It is measured in number of syllables, i.e., the number of syllables
ahead of the present syllable in the phrase. The second feature indicates the distance of the syllable from
the terminating position of the phrase. The third feature represents the total number of syllables in the
phrase.

Syllable position in the word: In Indian languages words are identified by spacing between them. The syllable
position in a word is characterized by three features similar to the phrase. The first two features are the posi-
tions of the syllable with respect to the word boundaries. The third feature is the number of syllables in a word.

Position of the word: The duration of a syllable may depend on the position of the word in an utterance.
Therefore the word position is used for developing the duration model. The word position in an utterance
is represented by three features. They are the positions of the word with respect to the phrase boundaries,
and the number of words in the phrase.

Syllable identity: A syllable is a combination of segments of consonants (C) and vowels (V). In this study,
syllables with more than four segments (Cs or Vs) are ignored, since the number of such syllables present in the
database is very less (less than 1%). Each segment of a syllable is encoded separately, so that each syllable iden-
tity is represented by a four-dimensional feature vector.

Context of the syllable: Syllable duration may be influenced by its adjacent syllables. Hence, for modeling
the duration of a syllable, the contextual information is represented by the previous and following syllables.
Each of these syllables is represented by a four-dimensional feature vector, representing the identity of the
syllable.

Syllable nucleus: Another important feature is the vowel position in a syllable, and the number of segments
before and after the vowel in a syllable. This feature is represented with a three-dimensional feature vector
specifying the consonant-vowel structure present in the syllable.

Gender identity: The database contains speech from both male and female speakers. This gender informa-
tion is represented by a single feature.

The list of features and the number of input nodes in a neural network needed to represent the features are
given in Table 2.

5. Duration modeling with feedforward neural networks

A four layer feedforward neural network (FFNN) is used for modeling the durations of syllables. The gen-
eral structure of the FFNN is shown in Fig. 2. Here the FFNN model is expected to capture the functional
relationship between the input and output feature vectors of the given training data. The mapping function is
between the 25-dimensional input vector and the one-dimensional output. It is known that a neural network
with two hidden layers can realize any continuous vector-valued function (Sontag, 1992). The first layer is the
input layer with linear units. The second and third layers are hidden layers. The second layer (first hidden
layer) of the network has more units than the input layer, and it can be interpreted as capturing some local
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Table 2
List of the factors affecting the syllable duration, features representing the factors and the number of nodes needed for neural network to
represent the features

Factors Features # Nodes
Syllable position in the phrase Position of syllable from beginning of the phrase
Position of syllable from end of the phrase 3
Number of syllables in the phrase
Syllable position in the word Position of syllable from beginning of the word
Position of syllable from end of the word 3

Number of syllables

Word position in the phrase Position of word from beginning of the phrase
Position of word from end of the phrase 3
Number of words in a phrase

Syllable identity Segments of the syllable (consonants and vowels) 4
Context of the syllable Previous syllable 4
Following syllable 4
Syllable nucleus Position of the nucleus
Number of segments before the nucleus 3

Number of segments after the nucleus

Gender identity Gender of the speaker 1

Input layer Hidden layers Output layer

Fig. 2. Four layer feedforward neural network.

features in the input space. The third layer (second hidden layer) has fewer units than the first layer, and can be
interpreted as capturing some global features (Haykin, 1999; Yegnanarayana, 1999). The fourth layer is the
output layer having one unit representing the duration of a syllable. The activation function for the units
at the input layer is linear, and for the units at the hidden layers, it is nonlinear. Generalization by the network
is influenced by three factors: The size of the training set, the architecture of the neural network, and the com-
plexity of the problem. We have no control over the first and last factors. Several network structures were
explored in this study. The (empirically arrived) final structure of the network is 25L 50N 12N 1N, where
L denotes a linear unit, and N denotes a nonlinear unit. The integer value indicates the number of units used
in that layer. The nonlinear units use tan i(s) as the activation function, where s is the activation value of that
unit. For studying the effect of the positional and contextual factors on syllable duration, the network struc-
tures 14L 28N 7N 1N and 13L 26N 7N 1N are used, respectively. The proportions of the number of units in
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each layer are similar as in the earlier network. The inputs to these networks represent the positional and con-
textual factors. All the input and output features are normalized to the range [—1, +1] before presenting them
to the neural network. The backpropagation learning algorithm is used for adjusting the weights of the net-
work to minimize the mean squared error for each syllable duration (Yegnanarayana, 1999).

A separate model is developed for each of the three languages. For Hindi 35,000 syllables are used for train-
ing the network, and 11,222 syllables are used for testing. For Telugu 64,000 syllables are used for training,
and 17,630 are used for testing. For Tamil 75,000 syllables are used for training, and 21,493 are used for test-
ing. For each syllable a 25-dimensional input vector is formed, representing the positional, contextual and
phonological features. The duration of each syllable is obtained from the timing information available in
the database. Syllable durations seem to follow a logarithmic distribution, and hence the logarithm of the
duration is used as the target value (Campbell, 1992). Since the number of training samples are significantly
larger than the number of weights, the possibility of over-fitting of the training data is rare. Also, the training
was stopped after about 500 epochs in each case, as there was no significant reduction in the error for further
increase in the number of epochs. The learning ability of the network from the training data can be observed
from training error. The training errors for neural network models for the three languages are shown in Fig. 3.
The decreasing trend in the training error indicates that the network is capturing the implicit relation between
the input and output.

The duration model is evaluated using syllables in the test set. For each syllable in the test set, the duration
is predicted using the FFNN by giving the feature vector of each syllable as input to the neural network. The
deviation of the predicted duration from the actual duration is obtained. The prediction performance of
the models for the three languages is shown in Fig. 4. Each plot represents the average predicted duration
vs. the average duration of a syllable. These duration values are derived as follows: The range of the available
syllable durations is uniformly divided into a finite number of bins. In this work, the range of duration for
each bin is 10 ms. The average duration corresponds to the mean of the syllable durations that fall into a par-
ticular bin. The average predicted duration corresponds to the mean of the predicted durations for the sylla-
bles whose actual durations fall into a particular bin. Fig. 4 gives the prediction performance only in the
average sense. For illustrating the actual prediction performance, a set of 1000 syllables were chosen randomly
from the test set of Tamil language. Fig. 5 shows the points corresponding to actual vs. predicted syllable dura-
tions. The plot shows that the prediction is better in the range of 80-170 ms. A similar performance can be
observed in Fig. 4.

For studying the effect of positional and contextual factors on syllable duration, the features associated
with the syllable position and syllable context were used separately. The features representing the positional
factors are: (a) Syllable position in the phrase (three-dimensional feature), (b) syllable position in the word

‘= —Telugul
— Tamil
- - Hindi ||

Training error

0 20 40 60 80 100
Number of epochs

Fig. 3. Training errors for the neural network models for three Indian languages (Hindi, Telugu and Tamil).
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Fig. 4. Prediction performance of the neural network models for the languages Hindi, Telugu and Tamil.
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Fig. 5. Actual vs. predicted duration values of the syllables in Tamil language.

(three-dimensional feature), (c) word position in the phrase (three-dimensional feature), (d) syllable identity
(four-dimensional feature) and (e) identity of gender. Features representing the contextual factors are the iden-
tities of the present syllable, its previous and following syllables and the identity of gender. The percentages of
syllables predicted within different deviations from their actual durations are given in Table 3. For each
syllable the deviation (D,) is computed as follows:

p, = Fi=2l 100
Xi

where x; and y; are the actual and predicted durations, respectively. The first column indicates the number of
syllables specific to the particular language used in testing, the second column shows the features used as input
to the neural network, and the other columns indicate the percentage of syllables having predicted durations
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Table 3

Percentages of syllables predicted within different deviations for different input features for the languages Hindi, Telugu and Tamil

Language (# Syllables) Features % Predicted syllables within deviation

10% 25% 50%

Hindi (11,222) All 29 68 84
Positional 26 63 81
Contextual 27 65 82

Telugu (17,630) All 29 66 86
Positional 25 60 82
Contextual 26 62 83

Tamil (21,493) All 34 75 96
Positional 29 70 91
Contextual 31 72 93

within the specified deviation with respect to their actual durations. Compared to the positional and contex-
tual factors separately, the features using all the factors seem to yield a good prediction of the duration.

In order to evaluate the prediction accuracy, the average prediction error (), the standard deviation (o),
and the correlation coefficient (yy, y) are computed using the actual and predicted duration values. These
results are given in Table 4. The definitions of average prediction error (u), standard deviation (o), and linear
correlation coefficient (yy,y) are given below

©= Zilxi — wil
N 3
Sd;

N

o= ,di=e —pu, and e; =x; — y;,

where x;, y; are the actual and predicted durations, respectively, and ¢; is the error between the actual and pre-
dicted durations. The deviation in error is d;, and N is the number of observed syllable durations. The corre-
lation coefficient is given by

Vxy . where Vyy = | —X)[ - |0 —)7)|_

Oy Oy N

The quantities gy, oy are the standard deviations of the actual and predicted durations, respectively, and Vy y
is the correlation between the actual and predicted durations.

The accuracy of prediction (Fig. 4) of the duration models is not uniform for the entire duration range.
Better prediction is observed around the mean of the distribution of the original training data. Syllables with
longer durations than the mean tend to be underestimated, while those with shorter durations than the mean
seem to be overestimated. For improving the accuracy of prediction, the predicted values are further modified
by imposing piecewise linear transformation (Bellegarda et al., 2001; Silverman and Bellegarda, 1999). The
prediction performance is observed to have improved slightly by using the transformation.

In speech signal, the duration and intonation patterns of the sequence of sound units are interrelated at
some higher level through emphasis (stress) and prominence of the words and phrases. But it is difficult to
represent the feature vector to capture these dependencies. In this study, the durations of the adjacent syllables
are considered as duration constraints, and the intonation patterns (average pitch values) of the present syl-
lable and its adjacent syllables are considered as intonation constraints, for estimating the duration of the

Yxy =

Table 4

Performance of neural network models using objective measures (u, ¢ and 7)

Language Average prediction error in ms () SD in ms () Correlation coefficient (y)
Hindi 32 26 0.75

Telugu 29 23 0.78

Tamil 26 22 0.82
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Table 5
Performance of the neural network models using different constraints
Features Language (# Syllables) % Predicted syllables Objective measures
within deviation
10% 25% 50% 4 (ms) o (ms) y
Linguistic Hindi (1084) 25 57 85 34 27 0.71
Telugu (1107) 24 56 83 35 28 0.74
Tamil (949) 26 60 88 30 25 0.73
Linguistic and duration Hindi (1084) 25 59 86 34 27 0.72
Telugu (1107) 24 58 85 34 27 0.75
Tamil (949) 27 62 88 30 25 0.74
Linguistic and intonation Hindi (1084) 27 60 88 33 27 0.73
Telugu (1107) 25 58 86 34 27 0.76
Tamil (949) 28 64 90 29 25 0.75
Linguistic, duration and intonation Hindi (1084) 29 63 90 32 26 0.73
Telugu (1107) 27 60 88 33 26 0.77
Tamil (949) 30 65 92 29 24 0.77

syllable. For studying the influence of duration and intonation constraints in predicting the durations of the
syllables, separate models are developed with respect to different constraints. They are: (a) model with linguis-
tic features, (b) model with linguistic features and duration constraints, (¢) model with linguistic features and
intonation constraints and (d) model with linguistic features, duration and intonation constraints. The perfor-
mance of these models is given in Table 5. The first column indicates the features used for developing the neu-
ral network models, the second column shows the number of syllables specific to the particular language used
in testing, the columns 3-5 indicate the percentage of syllables having predicted durations within the specified
deviation with respect to their actual durations, and the columns 6-8 indicate the objective measures. The
results indicate that the prediction performance has improved by imposing the constraints. From the table,
it is observed that the percentage of syllables predicted within 25% or 50% is increased by including the
features related to different constraints. A similar phenomenon is observed in objective measures also. Better
performance is observed when all the constraints are applied together (last three rows of Table 5).

6. Duration modeling using two-stage approach

Since a single feedforward neural network model is used for predicting the durations of syllables for the
entire range of 40-300 ms, the accuracy of prediction (Fig. 4) is biased towards the mean of the distribution
of the training data. This leads to poor prediction for long and short duration syllables which lie at the tail
portions of the distributions. This problem can be alleviated to some extent by using multiple models, one
for each limited range of duration. Here the number of models (number of intervals) is not crucial. The num-
ber of models and the range of each interval can be arrived at experimentally. But this requires preprocessing
of the data to categorize syllables into different groups based on duration.

For implementing this concept, a two-stage duration model is proposed. The first stage consists of a syllable
classifier which groups the syllables based on their duration. The second stage is a function approximator for
modeling the syllable duration, which consists of specific models for the given duration interval. The block dia-
gram of the proposed two-stage duration model is shown in Fig. 6. The performance of the proposed model
depends on the performance of the syllable classifier (1st stage), since the error at the 1st stage will route the syl-
lable features to the unintended model for prediction. The duration intervals are chosen based on the distribu-
tions of the durations data for different languages (see Fig. 1). From the figure, it is evident that the distributions
of durations of Telugu and Tamil are similar within central region approximately in the range 100-150 ms. The
prediction performance plots in Fig. 4 for Telugu and Tamil are also similar. Hence, the duration intervals for
Telugu and Tamil are chosen as 40-100 ms, 100-150 ms and 150-300 ms. For Hindi, the central region of the
distribution of durations is higher than for Telugu and Tamil, and it is approximately in the range 120-170 ms
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Fig. 6. Two-stage duration model.

(see Fig. 1). The prediction performance for Hindi is also different from that for Telugu and Tamil, and hence
the duration intervals for Hindi are chosen as 40—120 ms, 120-170 ms and 170-300 ms.

Support Vector Machine (SVM) models are used for classification of syllables into three intervals (Haykin,
1999; Burges, 1998). The SVM uses discriminative learning for classification tasks. In the training phase, the
SVM model finds a global minimum, and it tries to maintain the training error close to zero. The SVM can
provide good generalization on pattern classification problems, by implementing the concept of structural risk
minimization. The block diagram of the syllable classifier using SVM models is shown in stage 1 of Fig. 6. The
decision logic provides three outputs (corresponding to the number of duration intervals), which are con-
nected to the corresponding models in the following stage (function approximator). For each syllable the deci-
sion logic activates only the duration model corresponding to the maximum confidence. The selected duration
model now predicts the duration of the syllable in that limited interval. The performance of classification using
SVM models is shown in Table 6.

For modeling the syllable duration, the syllable features are presented to all the models of the syllable clas-
sifier. The decision logic in the syllable classifier routes the syllable features to one of the duration models pres-
ent in the second stage (function approximator) for predicting the duration of the syllable in a specific limited
duration interval. The performance of the proposed two-stage duration model is given in Table 7. The num-
bers within brackets indicate the performance of the single FFNN model. The first column indicates the
syllables from different languages used for testing the models, the columns 2-4 indicate the percentage of

Table 6

Classification performance using SVM models for the languages Hindi, Telugu and Tamil

Language % Syllables correctly classified
Hindi 81.92

Telugu 80.17

Tamil 83.26
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Table 7
Performance of the two-stage model (numbers outside the brackets)
Language % Predicted syllables within deviation Objective measures

10% 25% 50% u (ms) g (ms) y
Hindi 37(29) 80(68) 96(84) 25(32) 20(26) 0.82(0.75)
Telugu 39(29) 83(66) 96(86) 23(29) 23(23) 0.82(0.78)
Tamil 44(34) 86(75) 97(96) 20(26) 20(22) 0.85(0.82)

The numbers within brackets indicate the performance of the single FFNN model.

syllables having predicted durations within the specified deviation with respect to their actual durations, and
the columns 5-7 indicate the objective measures. The number of syllables used for testing the model in each
language is same as those used in Section 5 (Table 3).

The results show that the prediction accuracy has improved with the two-stage model compared to the sin-
gle model for the entire duration range. For comparing the performance of the two-stage model with the single
FFNN model, the Tamil broadcast news data was chosen. The prediction performance of the single FFNN
model and the two-stage model are shown in Fig. 7. The performance curves in the figure show that the syl-
lables having duration around the mean of the distribution are estimated better in both the models. On the
other hand the short and long duration syllables are poorly predicted in the case of the single FFNN model.
The prediction accuracy of these extreme (long and short) syllables has improved in the two-stage model,
because of the use of specific models for each of the duration interval, even though the performance of the
classification stage is only about 80% (shown in Table 6).

The prediction performance of the proposed models are compared with the results using the (Classification
and Regression Trees) CART models. The performance of the CART models is given in Table 8. The first
column indicates the syllables from different languages used for testing the models, the columns 2—4 indicate
the percentage of syllables having predicted durations within the specified deviation with respect to their actual
durations, and the columns 5-7 indicate the objective measures. The number of syllables used for testing the
model in each language is same as those used in Section 5 (Table 3). The performance of the FFNN models
(shown within brackets in Table 8) is comparable to CART models, whereas the two-stage models (Table 7)
seem to perform better than the CART models.

300 T T T T
—*— Single FFNN model
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Fig. 7. Prediction performance of single FFNN model and two-stage model.
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Table 8
Performance of the CART models (numbers outside the brackets)
Language % Predicted syllables within deviation Objective measures

10% 25% 50% u (ms) o (ms) b
Hindi 31(29) 67(68) 92(84) 32(32) 26(26) 0.76(0.75)
Telugu 30(29) 64(66) 88(86) 29(29) 24(23) 0.78(0.78)
Tamil 33(34) 71(75) 93(96) 25(26) 21(22) 0.81(0.82)

The numbers within brackets indicate the performance of FFNN models.

7. Summary and conclusions

Feedforward neural network (FFNN) models were proposed for predicting the durations of syllables. The
linguistic context and production constraints associated with the syllable are represented with positional, con-
textual and phonological features. Suitable neural network structures were arrived at empirically. The models
were evaluated by computing the average prediction error (i), standard deviation (o) and correlation coeffi-
cient (y) between the predicted and actual durations of the syllables. The accuracy in prediction was also ana-
lyzed in terms of percentages of syllables predicted within different deviations with respect to their actual
durations. The positional and contextual features were analyzed separately, and also in combination. The per-
formance of the model has improved by using the features from all the factors together. The effect of duration
and intonation constraints was examined by modeling the durations of the syllables with these constraints as
input to the FFNN models. A two-stage duration model was proposed to alleviate the problem of poor pre-
diction due to a single FFINN model. The performance of the two-stage model was improved by appropriate
syllable classification model and the selection criterion of duration intervals. The performance of the neural
network models was compared with the results obtained by CART models. The performance can be further
improved by including the accent and prominence of the syllable in the feature vector. Weighting the constit-
uents of the input feature vectors based on linguistic and phonetic importance may also improve the perfor-
mance. The accuracy of labeling, diversity of data in the database, and fine tuning of the neural network
parameters, all of these factors may also play a role in improving the prediction of the syllable duration.
The proposed duration models can be used in applications such as speech recognition, speaker recognition,
language identification and text-to-speech synthesis.
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