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Abstract
The first part of the work detailed in this paper, analyzes the
probability distribution of vowels in Malayalam, an Indian lan-
guage. Different probability distributions are fitted to the dura-
tion values of each vowel and the best fit is determined using
quantile-quantile plot. The probability distribution of duration
values, in accordance with the different factors affecting dura-
tions are also analyzed. In the second part, based on the results
of the distribution fitting, a duration model is developed. It pre-
dicts duration as that, which maximizes the conditional proba-
bility, for the given set of factors. The model has the advantage
that it can be expanded easily to include more factors, without
affecting the existing structure. The performance of the model
is evaluated using root mean square error (RMSE) and correla-
tion between predicted duration and actual duration. The objec-
tive evaluation of the model gave an RMSE of 13.2 ms and a
correlation of 0.80.

1. Introduction
Prosody is an important factor for a high quality text to speech
(TTS) system. Prosody refers to the supra segmental features of
natural language (such as rhythm and intonation) that are used
to convey linguistic and paralinguistic information (such as em-
phasis, intention, attitude and emotion). To synthesize intelli-
gible and natural sounding speech, it is essential to create good
prosodic characteristics.The main prosodic features include du-
ration of phonemes, intonation patterns and stress.The duration
of speech segments vary dynamically in continuous speech, giv-
ing the rhythm and naturalness to speech. To produce natural
sounding speech, text to speech synthesis system should capture
the durational characteristics properly. Since prosodic charac-
teristics are language specific, detailed analysis has to be carried
out to capture the durational knowledge for each language.

In continuous speech a large number of factors affect the
duration of basic units. These include phonological, positional
and contextual factors. The duration of speech segments are in-
fluenced by (i) position of speech segment in the word, (ii) po-
sition of word in the sentence, (iii) phrase and sentence bound-
aries, (iv) preceding and succeeding speech segments etc. To
predict the duration of speech segments, the effect of these fac-
tors have to be analyzed in detail.

Based on the analysis, duration models are developed to
predict the duration of speech segments. The duration model-
ing methods can be divided into two categories-rule based and
statistical. The most prevalent rule based duration model is a se-
quential rule based system proposed by Klatt [1]. In this model,
based on a set of rules, the duration of a segment is modified.
The statistical models include Sum of Product model [2], neural

network model [3], CART [4] and SVM [5] etc.
In this work a duration model is developed based on the

analysis of probability distribution of vowels in Malayalam, an
Indian language spoken by around 35 million speakers. The first
part of the work analyzes the probability distribution of vowels.
The different distribution functions such as normal, lognormal,
gamma and Weibull distributions are fitted on the duration val-
ues of vowels in the database and the best fit is determined using
quantile-quantile (qq plot). The probability distribution of vow-
els depending on different factors are investigated to observe the
effect of factors on duration values. In the second part, a prob-
abilistic duration model is developed based on the analysis.

2. Distribution fitting
The database consists of a total of 200 sentences (2030 words
and 19468 phonemes) from malayalam news bulletins.The sen-
tences are manually segmented into words and phonemes. From
the segmented database, the duration of phonemes are mea-
sured, which is used for the analysis of the factors that affect
the phoneme duration.

The Malayalam language has 5 short vowels ( /a/, /i/, /u/,
/e/, /o/), 5 long vowels (/aa/, /ii/, /uu/, /ee/, /oo/) and 2 diph-
thongs (/ai/, /au/) [6]. The duration values of each vowel are
separately tabulated and the data are fitted onto different prob-
ability distributions (Normal, Lognormal,Gamma and Weibull
distributions). The quantile-quantile plot (qq plot) is used to de-
termine the best fit for the duration of phonemes. The qq plot
shows the relationship between the quantiles of expected dis-
tribution and actual data. The straight line shows the quantiles
of expected distribution. The quantiles of data are shown on
the same plot. If the data have the same underlying distribution
as the expected distribution, quantiles of the data will be quite
close to the straight line. The duration data are further classified
according to positional and contextual factors. The distribution
of duration values according to different factors is further inves-
tigated. The standard deviation of the distribution for the whole
data are compared with the standard deviations, when the data
are grouped according to different factors.

3. Results and Discussion
3.1. Probability distribution of vowels

The pdf fitting of duration values of vowel /a/ considering all
instances of the vowel, using normal, lognormal, gamma and
weibull distribution is depicted in figure 1. Figure 2 gives the
qqplots for the normal, lognormal,gamma and weibull distri-
bution of the vowel /a/. From the qqplot it can be seen that
the gamma distribution provides a best fit for the duration of
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phonemes. All other vowels gave the same result. The gamma

Figure 1: Normal,Lognormal,Gamma and Weibull distributions
of the duration of vowel /a/

distribution of the short vowels /a/,/i/, /u/, /e/, /o/ are given in
figure 3. The standard deviation is fairly large for all the vowels
which means that duration of vowels vary significantly during
continuous speech. Figure 4 shows the relationship between the
duration of short vowel /a/ and long vowel /aa/. The mean dura-
tion of /a/ is 53.05ms and that of /aa/ is 98.67ms. The mean of
duration of long vowels in all cases is around 1.6 to 1.85 times
the duration of corresponding short vowels. Figure 5 shows
the distribution of duration of vowel /a/ in different positions
(begin,middle, end) in a word. The mean duration of vow-
els in different positions are significantly different from each
other. Also when the position is fixed, the standard deviation
of the vowel duration reduces. Figure 6 depicts the distribu-

(a) Normal qqplot (b) Lognormal qqplot

(c) Weibull qqplot (d) Gamma qqplot

Figure 2: Normal,Lognormal,Weibull and Gamma qqplots for
the duration of vowel /a/

tion of duration of vowel /a/ (i) considering all instances, (ii)
when grouped according to position(fourth syllable), (iii) when
grouped according to position and succeeding consonant(fourth
syllable, voiced labials as succeeding phoneme) and (iv) when
grouped according to position,succeeding and preceding conso-
nant(fourth syllable,voiced labials as succeeding phoneme, un-
voiced velar as preceding phoneme). The standard deviation

Figure 3: Gamma distribution of vowels /a/, /i/, /u/, /e/, /o/.

Figure 4: Gamma distribution of short and long vowel.
µ/aa/ = 1.8µ/a/

of the above groups are plotted in figure 7. From the distribu-
tion plot and the standard deviation plot, it is evident that as the
factors are jointly fixed, the standard deviation considerably re-
duces (from 16.80ms to 5.67ms). This means that when more
factors are considered, the standard deviation of the distribution
for each particular set of factors or feature vector will reduce
further. Hence the mean value can be used to represent the
duration of phonemes corresponding to that particular feature
vector.

3.2. Probabilistic duration model

A duration model based on probability distribution is devel-
oped for predicting the duration of phonemes. The duration
values are grouped according to different factors(f1, f2..fn)
and the probability distribution function (pdf) is obtained cor-
responding to each feature vector, f=f1, f2..fn. The mean
of the distribution can be used to represent the duration of
phonemes for that particular feature vector. Predicted duration
dp=E(p(d/f=f1, ..fn)).

When the duration of phonemes are predicted for each fea-
ture vector in this manner, the standard deviation corresponds
to the root mean square error(RMSE), which is the objective
measure used for evaluating performance of duration model. If
sufficient number of factors are analysed, it is possible to predict
the duration with high accuracy. But as the number of factors in-
crease, the corresponding number of distributions which have to
be evaluated also increases exponentially( as many as the num-
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ber of different feature vectors). This problem can be solved
by finding the conditional probability p(d/f1, f2, f3...fn) from
the conditional probabilities of duration with respect to each
factor (p(d/f1), ...p(d/fn)) as given by equation (6).

p(fi/d) =
p(d/fi) p(fi)

p(d)
(1)

p(f1f2/d) =
p(d/f1) p(f1) p(d/f2) p(f2)

p(d)2
(2)

p(f1f2...fn/d) =

Qn
i=1 p(d/fi) p(fi)

p(d)n
(3)

p(d/f1, f2, ...fn) =
p(f1, f2, ...fn/d) p(d)

p(f1, f2...fn)
(4)

p(d/f1, f2, ...fn) =

Qn
i=1 p(d/fi) p(fi) p(d)

p(d)n p(f1, f2...fn)
(5)

p(d/(f1, f2, f3, ..., fn)) =

Qn
i=1 p(d/fi)

[p(d)]n−1 (6)

The occurrence of factors f1, f2, ..fn are assumed to be inde-
pendent of each other. The number of distributions to be eval-
uated, now reduces to number of factors times the number of
different values taken by each factor (for example, if fn takes 8
values, 8 distributions are to be evaluated for that factor). This
considerably reduces the complexity of the duration model.

The predicted duration is the duration value that maxi-
mizes the probability p(d/(f1, f2, f3, ..., fn)). A small amount
of gaussian noise ( ε ) is added to this duration value to reflect
the high degree of variability in speech production [7]. Hence
the predicted duration can be written as

predicted duration=duration predicted by the model + ε.

Figure 5: Gamma distribution of duration in begin,middle,end
and all position for vowel /a/. /a/ all: (µ =51.75ms,
σ=16.80ms); /a/ begin: (µ=76.13ms, σ=9.53ms); /a/
middle:(µ=44.65ms, σ=10.34ms); /a/ end:(µ=53.25ms,
σ=13.45ms);

Figure 8 illustrates the probabilistic duration model as a tree
diagram. At level 1 only one factor is considered. The pre-
dicted duration corresponds to that factor alone. At each state,

Figure 6: Gamma distribution of vowel /a/ in fourth syllable
position and in different context

Figure 7: σ of vowel /a/ grouped according to positional and
contextual factors.1:Duration value of /a/ in all instances of po-
sition and context. 2:Duration value of /a/ in the fourth sylla-
ble position. 3:Duration value of /a/ in the fourth syllable with
succeeding fixed. 4: Duration value of vowel /a/ in the fourth
syllable position with preceding and succeeding fixed

the emitted probabilities are the conditional probabilities at that
level. The different states in a level corresponds to the different
values taken by the factor. As we proceed to the higher lev-
els more factors will be taken into account. The advantage of
the model is that, more factors can be added to the model eas-
ily without changing the existing structure by just adding more
levels.

3.3. Performance evaluation

The performance of probabilistic duration model is evaluated
using the root mean square error (RMSE) and the correlation

Table 1: Correlation between actual and predicted duration

factors correlation
position fixed 0.75

position and preceding fixed 0.77
position, preceding and succeeding fixed 0.80

between the predicted duration and actual duration. The dura-
tion model is trained with a training data of 12648 phonemes
and evaluated with test data of 6265 phonemes. Figure 8 shows
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Figure 8: Tree diagram representation of the probabilistic du-
ration model

Figure 9: RMSE of prediction with different factors fixed

the reduction in the RMSE when the factors are fixed. Table 1
shows the correlation values with different factors fixed. The
root mean squared error (RMSE) of prediction obtained is 13.2
ms and the correlation between the actual and predicted dura-
tion is 0.80.

4. Conclusion
The probability distributions of vowels in Malayalam speech are
investigated. Different probability distribution functions were
fitted onto the duration data and the best fit was determined us-
ing qq plot. It was found that the gamma distribution gives the
best fit for the duration of phonemes. The effect of the differ-
ent factors affecting the duration was investigated by grouping
the duration data according to each factor and finding the prob-
ability distribution for each group. It was observed that as we
consider more factors jointly the standard deviation of distri-
bution reduces considerably. Hence the expected value of the
distribution can be used to represent the duration of phonemes
in that group.

In the second part of the paper, a probabilistic duration
model is developed. The model predicts the duration of
phonemes corresponding to each feature vector, by finding the
duration that maximizes the conditional probability distribution
of duration given that feature vector. The performance of the
model is evaluated by the RMSE and the correlation between
actual and predicted duration. When the factors are fixed, the
RMSE of the model is reduced. The RMSE of the model can be
reduced further by considering more number of factors.

The advantage of the model is that it is easy to expand the

model, without affecting the structure to include more factors.
Additional factors can be included by finding the conditional
probability distribution of duration given that factor and adding
more levels to the model structure. Another advantage is that
the database required is not very large.
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