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ABSTRACT

This paper reports a preliminary attempt on data-driven
modeling of segmental (phoneme) duration for two Indian
languages Hindi and Telugu. Classification and Regression
Tree (CART) based data-driven duration modeling for seg-
mental duration prediction is presented. A number of fea-
tures are proposed and their usefulness and relative contri-
bution in segmental duration prediction is assessed. Objec-
tive evaluation of the duration models, by root mean squared
prediction error (RMSE) and correlation between actual and
predicted durations, is performed. The duration models de-
veloped have been implemented in an Indian language Text-
to-Speech synthesis system [1] being developed within Fes-
tival framework [2].

1. INTRODUCTION

Duration is one of the most important prosodic features that
contributes to the perceived naturalness of synthetic speech.
Variation in segmental duration serves as a cue to the iden-
tity of a speech sound and helps to segment a continuous
flow of sounds into words and phrases thereby increasing
the naturalness and intelligibility. In natural speech, seg-
mental durations are highly context dependent. For exam-
ple, in our study on DD news bulletins [3], we observed
instances of vowel /e/ that are as short as 35 ms in the word
“pehlA” and as long as 150 ms in the word “rahegA*“. So the
primary goal in duration modeling is to model the duration
pattern of natural speech, considering various features that
affect the pattern. An important restriction being that, due
to the nature of the Text-to-Speech synthesis problem, only
those features that can be automatically derived from text
can be considered.

The approaches to segmental duration modeling can be
divided into two categories: rule-based and corpus-based.
The most prevalent rule-based duration model is a sequen-
tial rule based system proposed by Klatt [4] which is im-
plemented in the MITalk system [5]. In this, starting from
some intrinsic rule, the duration of a segment is modified by
rules that are applied sequentially. Models of this type have
been developed for several languages [6, 7, 8, 9]. However,
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rule-based models often generalize too much and cannot
handle exceptions well without getting exceedingly compli-
cated. When large speech corpora and the computational
means for analysing these corpora became available, new
data-driven approaches based on Classification and Regres-
sion Trees (CART) [10, 11], linear statistical models [12]
and Artificial Neural Networks [13] are proposed.

In this paper, CART based data-driven duration mod-
eling for two Indian languages, Hindi and Telugu, is pre-
sented. Classification and Regression Trees are models based
on self learning procedures that sort the instances in the
learning data by binary questions about the attributes that
the instances have. It starts at the root node and continues
to ask questions about the attribute of the instance down the
tree until a leaf node is reached [14]. The decision tree al-
gorithm selects the best attribute and question to be asked
about that attribute at each node. The selection is based on
what attribute and question about it divide the learning data
so that it gives the best predictive value for the classifica-
tion. CART modeling is particularly useful in the case of
less researched languages like Indian languages, for which
the most relevant features that affect the duration pattern
and the way they are inter-related have not been studied in
detail.

This paper is organised as follows. Section 2 gives the
background for the work presented in this paper. In Section
3, details about the speech corpus that is used for the du-
ration analysis is presented. In Section 4, various features
considered to derive from the text, and generation of feature
vectors from which the CART is trained, is described. Sec-
tion 5 describes the stepwise construction of CART model
for the analysis on contribution and relative importance of
various features. In Section 6, objective evaluation of the
duration models, by root mean squared prediction error and
correlation between actual and predicted durations, is pre-
sented.

2. BACKGROUND

Research on Text-to-Speech conversion for Indian languages
is a much younger enterprise in comparison with the Text-
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to-Speech research for English and other European languages.
The major obstacle for speech synthesis research in Indian
languages is, we neither have the databases annotated with
prosodic and linguistic information nor the tools required to
generate the appropriate linguistic information (for exam-
ple, the syntactic, morphological and lexical information)
that is essential to predict various prosody events from the
text. Further, a Text-to-Speech system, in general, is tar-
geted for one particular language. In India, there are 18
officially recognised languages each with its own set of di-
alects. It is very difficult to have one speech synthesizer for
each language (and for each dialect!).

In our work, a multilingual Text-to-Speech system [1]
for Indian languages is being built within the Festival frame-
work [2]. As a starting point, a common multilingual di-
phone database is prepared and linguistic/prosodic process-
ing modules are being developed for two Indian languages
Hindi and Telugu. The two languages are chosen so as to
represent one from each of the Aryan and Dravidian family
of languages. The languages Hindi and Telugu are also the
first and second largest spoken languages within the India
respectively.

This paper reports our work on duration modeling of
the two Indian languages Hindi and Telugu. The duration
models developed in this paper have been implemented in
the Text-to-Speech synthesis system described above.

3. SPEECH CORPUS

The work presented here concentrates on duration model-
ing within a news-reading style. For language Telugu, the
corpus used for study includes one single speaker Doordar-
shan news bulletin [3]. The corpus is of around 14 minute
duration and consists of 156 read sentences. The corpus is
segmented at phoneme level, thus yielding a total of 6846
segments. The corpus is divided into train data (5477 seg-
ments, 80% of the total segments) and test data (1369 seg-
ments, 20% of the total segments).

For language Hindi, the corpus used for study include
one single speaker Doordarshan news bulletin [3] of dura-
tion around 12 minute and consists of 121 read sentences.
The corpus is segmented at phoneme level, thus yielding
a total of 5014 segments. The corpus is divided into train
data (4083 segments, 80% of the total segments) and test
data (1021 segments, 20% of the total segments).

For segmentation, initially both the corpora are segmen-
ted automatically using the technique based on aligning the
pre-generated, labeled synthesized prompts [15]. For this
purpose, synthesized prompts are generated using the In-
dian language Text-to-Speech synthesis system [1] with a
basic duration model that uses average phoneme durations
written by hand. After automatic labeling, the segmentation
results are visually inspected and corrected using a labeling
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tool, Emulabeller [16]. Both the waveform and the spec-
trogram are used to determine the segment boundaries, and
the boundaries identified are confirmed by listening to the
speech. In Table 1, the segments(phonemes) in both the
corpora are listed, and the average and standard deviation
of the segment durations is given.

4. FEATURE VECTOR GENERATION

Based on the literature [10, 11, 12, 17], number of fea-
tures are proposed for segmental duration prediction. Only
those features that can be automatically derived from text
are considered. For example, information about the focus
or stress, accent assignment, word boundary strength etc.
are not considered even though they are known to affect the
duration pattern considerably. The reason for not consider-
ing features like *accent assignment’ is, the features in turn
need to be predicted from the text. The feature ’stress’ in
Indian languages is not as clearly defined (both acoustically
and perceptually) as in a stress language like English.

Each segment in both the corpora (Telugu and Hindi)
is annotated with the following features together with the
actual segment(phoneme) duration:

o ldentity of the current phoneme; This feature is cate-
gorical and it has 42 possible values.

e Identity of the preceding phoneme; This feature is
categorical and it has 42 possible values.

¢ Identity of the following phoneme; This feature is cat-
egorical and it has 42 possible values.

e Position in the parent syllable; Position of the seg-
ment in the syllable it is related to. The index counts
from 0.

o Parent syllable initial; Returns 1 if the segment is the
first segment in the syllable it is related to, otherwise
0.

e Parent syllable final; Returns 1 if the segment is the
last segment in the syllable it is related to, otherwise
0.

o Parent syllable position type; The type of syllable po-
sition in the word it is related to. This may be any of:
‘single” for single syllable words, ‘initial’ for word
initial syllables in a poly-syllabic word, ‘final’ for
word final syllables in poly-syllabic words, and ‘mid’
for syllables within poly-syllabic words.

e Number of syllables in the parent word

e Position of parent syllable in the word; The position
of the syllable in the word it is related to. The index
counts from 0.
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Phoneme Telugu Hindi
name Mean Std.Dev Mean Std.Dev
(in ms) (in ms) (in ms) (in ms)
a 51.0 20.1 52.2 14.3
A 97.4 28.0 89.1 335
@ 79.3 14.6 - -
i 56.5 29.0 54.3 21.9
| 88.8 26.6 66.4 25.1
u 504 36.3 63.0 19.9
U 79.4 21.3 60.8 21.8
e 58.1 19.7 72.2 24.9
E 90.6 23.6 - -
ai 111.0 24.5 108.7 27.8
0 58.0 16.7 73.8 31.3
O 90.4 26.3 - -
au 117.9 28.1 87.2 25.6
k 64.0 18.8 70.6 24.9
kh 87.2 26.2 92.1 39.5
g 46.1 18.9 53.3 18.1
gh 48.0 11.4 42.2 12.6
ch 69.5 17.9 72.0 194
j 63.1 26.0 65.1 27.7
T 55.5 15.6 58.8 26.0
td 55.8 5.8 60.1 13.2
D 40.7 22.7 42.1 15.0
N 41.6 12.7 57.7 18.7
th 66.4 17.2 66.8 29.4
tth 65.3 24.1 66.7 28.2
dh 43.9 18.8 58.3 22.9
ddh 62.4 25.1 76.8 31.8
51.0 17.9 54.2 20.0
p 65.8 20.3 70.6 21.7
f 72.7 24.6 79.9 20.2
b 51.3 16.8 70.7 26.5
bh 78.6 29.4 132.1 34.8
m 57.8 18.0 60.6 24.7
y 32.8 18.0 39.6 15.7
r 27.9 11.7 40.6 33.7
\ 37.5 15.2 52.6 26.3
| 45.0 14.7 46.3 23.7
L 42.2 12.8 - -
S 77.2 21.2 79.1 25.2
sh 84.9 24.9 87.0 28.5
h 51.3 21.3 55.8 21.4

Table 1. Mean and standard deviation of segment(phoneme) durations in the corpora.
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e Parent syllables break information; Break level after
the parent syllable. This feature is categorical and it
has 4 possible values: 0 for word internal syllables,
1 for syllables occuring in word boundary, 3 for syl-
lables occurring in phrase boundary, 4 for syllables
occurring in sentence boundary.

e Phrase length (in number of words).

e Position of phrase in the utterance.

5. GENERATION OF CART DURATION MODELS

Two classification and regression trees, one for language
Hindi and one for language Telugu, are generated using the
feature data described in the Section 4. Since there is no
previous knowledge about the usefulness of the features and
their relative importance, classification and regression trees
are built in a step-wise fashion to establish the usefulness
and relative importance of the features. In this approach
each single feature is taken in turn and a tree consisting of
nodes containing only the conditions imposed by that fea-
ture is built. The single best tree is then kept and each re-
maining feature is taken in turn and added to the tree to find
the best tree possible with just two features. The procedure
is then repeated for a third, fourth, fifth feature and so on.
This process continues until no significant gain in accuracy
is obtained by adding more features. For running the CART
tree building process, "Wagon’ classification and regression
tree tool [18] is used. Detailed analysis on the usefulness of
the proposed features and their relative importance is given
in Section 6.

5.1. Segmental duration prediction

The segmental durations are predicted by traversing the de-
cision tree (CART) starting from the root node, taking vari-
ous paths satisfying the conditions at intermediate nodes, till
the leaf node is reached. The path taken depends on various
features like, the segment identity, preceding and following
segment identities, position of the segment in parent sylla-
ble, position of the syllable in parent word etc. The leaf
node contains the value of segmental duration prediction.
An example partial decision tree (CART) for segmental
duration prediction is shown in Figure 1. The tree assigns
different durations for segment /u/ when it occurs in differ-
ent contexts. A duration value of 110 ms is assigned when
it satisfies the following criteria: the preceding segment is
fth/, parent syllable is the final syllable in the parent word,
and there is a break (or pause) after the parent syllable. A
duration value of 70 ms is assigned when it satisfies the fol-
lowing criteria: the preceding segment is /th/, parent sylla-
ble is the final syllable in the parent word, and the parent
syllable is not at the end of a phrase break. A duration value
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of 85 ms is assigned when the preceding segment is /th/ and
the following segment is /n/. A duration value of 65 ms is
assigned when the preceding segment is /p/ and the follow-

ing segment is /d/.

Seg.nameis"u"
Prev.segis"th"
n
Prev%gls p"' Prt.syl.posis "fina"
n n y
N@(tsegls "d" Nextsegls n' Prtwl break is"1"

68 %

Fig. 1. An example partial decision tree (CART) for seg-
mental duration prediction. The triangles depict omitted
parts.

6. OBJECTIVE EVALUATION AND DISCUSSION

Obijective evaluation of the duration models, by root mean
squared prediction error (RMSE) and correlation between
actual and predicted durations, is performed.

The following two subsections gives the evaluation re-
sults of the CART-based duration models for languages Tel-
ugu and Hindi.

6.1. Telugu

The duration model is trained with train data (5477 seg-
ments, 80% of the total segments) and evaluated with test
data (1369 segments, 20% of the total segments). Corre-
lation obtained between actual and predicted durations is
0.8014 and the root mean squared error(RMSE) of predic-
tion is 22.86 ms.

To assess the effectiveness of the features considered,
CART trees are built in a step-wise fashion as described
in Section 5. and the results are shown in Table 2. The
first column gives the feature names, and the second col-
umn gives the correlation obtained between actual and pre-
dicted durations by the addition of the successive features
in the CART modeling process. The most important fea-
ture that contributed to the segmental duration prediction is
the identity of the segment being predicted. The next two
most important features are the identity of preceding and
following segments. The other important features for the
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segmental duration prediction are, the parent syllable final
position and the parent syllable break information followed
by number of syllables in the parent word.

Feature Correlation between
used actual and predicted durations
(cumulative)
Segment.name 0.6417
Next.Segment 0.7163
Previous.Segment 0.7658
Syllable.final 0.7726
Syllable.break 0.7906
Word.numsyls 0.8011

Table 2. Analysis on usefulness of features in segmental
duration prediction, for language Telugu.

6.2. Hindi

The duration model is trained with train data (4083 seg-
ments, 80% of the total segments) and evaluated with test
data (1021 segments, 20% of the total segments). Corre-
lation obtained between actual and predicted durations is
0.7526 and the root mean squared error(RMSE) of predic-
tion is 27.14 ms.

To assess the effectiveness of the features considered
CART trees are built in a step-wise fashion as described
in Section 5. and the results are shown in Table 3. The
First column gives the feature names, and the second col-
umn gives the correlation obtained between actual and pre-
dicted durations by the addition of the successive features
in the CART modeling process. The most important fea-
ture that contributed to the segmental duration prediction is
the identity of the segment being predicted. The next most
important feature is the identity of preceding segment. The
other important features are the parent syllable position type
and parent syllable break information followed by parent
syllable position in the word. In contrast to Telugu, identity
of the following segment has not contributed to the segmen-
tal duration prediction in Hindi.

7. CONCLUSIONS

A preliminary attempt on data-driven duration modeling of
of two Indian languages Hindi and Telugu is described. Clas-
sification and Regression Tree (CART) based duration mod-
eling for segmental duration prediction is presented. A num-
ber of features are proposed and their usefulness and relative
contribution in segmental duration prediction is assessed.
An important observation being that, in contrast to Telugu,
identity of the following segment has not contributed to the
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Feature Correlation between
used actual and predicted durations
(cumulative)

Segment.name 0.5692
Previous.Segment 0.6981
Syllable.position.type 0.7116
Syllable.break 0.7406
Syllable.pos.in.word 0.7514
Syllable.final 0.7515

Table 3. Analysis on usefulness of features in segmental
duration prediction, for language Hindi.

segmental duration prediction in Hindi. Objective evalua-
tion on unseen data has given inferior but comparable results
with the duration models for much researched languages
like English.

8. CRITICISM

e The corpora used for modeling and analysis is hot op-
timal for duration modeling, as no attempt is made to
take care of data sparsity problem or to cover the fea-
ture space.

e Modeling and analysis is done on smaller data sets.
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