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duration prediction which estimates the I/F duration of a
syllable when the duration of the syllable is specified. In this
paper, we employ several influential features with an effective
regression approach, support vector machine (SVM), to
construct the prediction model. In order to validate the
feasibility of the proposed method, several experiments are
conducted accordingly. The details will be explained in the
following sections.

Abstract
In this paper, we propose an effective method for predicting
initial/final duration for corpus-based singing voice synthesis
of Mandarin Chinese. The goal of the method is to improve
the naturalness and clarity of the synthesized singing voices.
To achieve this goal, we construct an individual initial/final
(I/F) duration prediction model for each category of
consonants. Support vector machine is used for duration
prediction in each model. In order to achieve better accuracy,
we use both linguistic/phonetic attributes and music-score
information as the input features for the I/F duration
prediction model. Experimental results demonstrate that the
proposed method is effective in predicting the I/F duration for
singing voice synthesis.
Index Terms: speech synthesis, singing voice synthesis,
initial/final duration prediction, regression model.

1.

Figure 1: left segment: the syllable ‘ԑԖ’ (sha) sung by a
singer; right segment: the length of the initial part of the
syllable ‘ ԑԖ ’ (sha) is shortened to 50% of its original
length and it sounds like the syllable ‘ԏԖ’(zha).

Introduction

Singing differs significantly from speech in terms of its
production and perception by human beings. In addition to
intelligibility which is the major focus in speech, sound
quality and musicality are also essential in singing. Due to
wide variations in pitch and loudness, the singing voice has
been difficult to be modeled and reproduced satisfactorily.
Most previous approaches for singing voice synthesis have
employed models that tried to characterize human speech
production mechanism. For instance, the SPASM system
developed by Cook [1] employed an articulator-based tube
representation of the vocal tract and a time-domain glottal
pulse input to approximate the articulatory system. Sinusoidal
models are more general representations that are capable of
high-quality modeling, modification, and synthesis of both
speech and music signals [2]. Recently, the corpus-based
approaches have been applied for singing voice synthesis
(SVS). For example, a unit selection based on sinusoidal
modeling, with a singing voice inventory of 500 nonsense
words sung in several pitch levels was proposed by [3]. We
also proposed a corpus-based singing voice synthesis system
for Mandarin Chinese in the prior study [4].
Based on our observations, a perceived delay (or
time-lag) may occur in the synthesized outputs, especially for
some specific syllables. The perceived delay exists even if the
onset of a syllable is aligned perfectly with the beginning of a
note. Besides, some syllables may sound like others if the
initial duration prediction is not satisfactory. For instance, the
syllable ‘ͱͶ’ (sha) (see the left plot of Figure 1) would
sound like the syllable ‘ԏͶ’ (zha) if we shorten the initial
duration while keeping the same length of the syllable. (see
the right plot of Figure 1). Due to the fact that the duration of
each syllable is determined by its corresponding music score,
there is no need to predict the duration of a syllable in SVS.
Therefore, the goal of this study is to develop a reliable I/F

This paper is organized as follows: Section 2 briefly
describes our prior study concerning corpus-based SVS.
Section 3 elaborates the framework of the initial/final duration
prediction model. Section 4 presents the experimental results.
Finally, Section 5 comes with the conclusions and future
work.

2.

Prior work review: a corpus-based
singing voice synthesis system of
Mandarin Chinese

In our prior work, three kinds of singing voice corpora are
collected. They are single-syllable-based corpus (SSC),
coarticulation-based corpus (CC), and song-based corpus
(SC), respectively. Detailed descriptions of these corpora are
given as follows.
x
SSC consists of six types of recordings which are the
combinations of three different pitch levels and two
different durations for each Mandarin syllable.
x
CC covers a total of 751 syllabic pairs which were
collected based on the commonly occurred coarticulation
in singing of Mandarin.
x
SC is composed of 1384 non-uniform length sentences
which are from 30 popular Mandarin songs.
A female professional dubber was requested to record
the three corpora, in which a total of 12 742 syllables are
collected. Subsequently, we carried out a series of
preprocessing tasks, including initial/final segmentation by
using a previously proposed automatic phonetic segmentation
algorithm [5], pitch estimation by using a robust pitch tracking
method [6], pitch marking based on a two-phase algorithm [7],
etc. Although these tasks are processed automatically, in order
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to ensure the reliability of the data for singing voice synthesis,
human inspection was called for to avoid any possible errors.
In the synthesis processing, we used two distance
functions based on dynamic programming to select the
optimum units from the three corpora. The two distance
functions are primarily designed to measure the differences of
pitch and duration between target units and source units. The
detailed descriptions can be found in our prior study [4].

3.

acoustic characteristics of the consonants in the aperiodic
group are usually too significant to ignore. Hence, a better
way is to construct a prediction model for each aperiodic
consonant. As a result, we have 17 kinds of I/F duration
prediction models finally. Since the classification of these
models is based on the categories of consonants, we thus
choose the initial durations as the desired output values for
these models.
In addition to the output values, we also have to prepare
corresponding input features for each prediction model. As in
most of TTS systems, it is quite common to use several
linguistic and phonetic attributes (see Table 2) with a
regression approach to predict the durations of initial and final.
It is noted that the features related with word length presented
in Table 2 are measured in syllables. Therefore, it is intuitive
to employ the same procedure to estimate the I/F duration of a
syllable in SVS. However, the I/F duration prediction of TTS
is still somewhat different from that of SVS. For instance, the
duration of a syllable is known for SVS, whereas it is
unknown for TTS. Moreover, the duration of a syllable for
SVS is determined by the music score instead of the speaker.
In view of this, employing linguistic and phonetic
attributes is likely to be insufficient or ineffective to predict
the I/F duration of a syllable for SVS. Fortunately, in addition
to linguistic and phonetic attributes, the prosody of a syllable
in SVS is also known due to the available music score.
Accordingly, we added another set of attributes (see Table 3)
induced from the music score. It is noted that each attribute
shown in Table 3 is further normalized to have zero sample
mean and unity sample variance in our implementation.
Eventually, we chose a set of linguistic and phonetic attributes
as well as the music-score based attributes as the input
features for each prediction model. For simplicity in later
discussions, linguistic and phonetic attributes are referred to
as TTS features and the music-score based attributes are
referred to as SVS features in the following sections. Figure 2
illustrates the schematic diagram of the I/F duration
prediction.

Initial/final duration prediction model

Since the overall duration of a syllable is given according to
the music score, all we need to do is scaling the duration of a
syllable to its target length. Three ways to specify the I/F
duration of a syllable are listed next.
x
Keep the original length of the initial part of a syllable
and only change the final part for the newly synthesized
syllable.
x
Use the ratio of the I/F durations of the original syllable
for the newly synthesized syllable.
x
Construct a prediction model to estimate the I/F
durations of the newly synthesize syllable.
Based on our observations, neither the first nor the
second method gave satisfactory performance in practice.
Hence we adopted the third method for our system. In fact,
such a prediction model is very common in TTS systems. It is
thus intuitive to adopt the same framework to construct the I/F
duration prediction model. In other words, a set of influential
input features with the corresponding output features needs to
be collected in advance as the training data set, then an
effective regression approach is employed to construct the
model. Details will be elaborated in the following sections.

3.1. The input features and output features for the
I/F duration prediction model
In Mandarin singing voice synthesis, if the initial of a syllable
is aperiodic (or unvoiced, ex. ‘ԑ’ (sh)), we need to perform
pitch-scale modification on its final at first, and then to
perform time-scale modification on both its initial and final,
respectively. Finally, we concatenate the two parts into a
synthesized syllable. On the other hand, if both the initial and
the final of a syllable are periodic, we perform pitch-scale and
time-scale modifications directly on the syllable. In other
words, there is no need to know the I/F durations during the
synthesis when the initial and the final of a syllable are both
periodic. For example, for syllable ‘ԃԖ’ (ma), we can alter
its pitch and duration as a whole regardless of the boundary
between the initial and final. In view of this, we classified all
Mandarin consonants into two sets, periodic and aperiodic
groups, according to the periodicity of their waveforms. The
contents of the two groups are listed in Table 1.

3.2. Support vector machine for the I/F duration
prediction model
Once both the input features and the output values are defined,
then we need to select an effective regression approach. Here
we compared three common regression approaches; they are
linear regression (LR), classification and regression tree
(CART) [9], and support vector machine (SVM) [10],
respectively. Brief introduction to our use of these approaches
is given below.
x
LR attempts to model the relationship between input and
output variables by fitting a linear equation to the
observed data using the least-squares error criterion.
x
CART is a tree-building technique. In our experiment,
we need to know when to stop the split. First, we create a
decision tree with each impure node containing ten or
more observations to be split. Second, we adopt ten-fold
cross validation to compute the cost for the whole data
and estimate the best level of pruning. Finally, we prune

Table 1. Periodic/aperiodic groups of consonants
Group
Consonants
periodic
m, n, l, r, ‘null’
aperiodic
h, x, sh, j, zh, z, b, d, g, p, t, k, q, ch, c, f, s
In theory, we can construct only one prediction model
for the aperiodic group. However, the variations among the
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Figure 2: Schematic diagram of the I/F duration prediction.
we chose Ȟ-SVR and adopted the radial basis function
(RBF) as its kernel function to map features into a higher
dimensional space. In Ȟ-SVR, two significant parameters,
(C, Ȗ) have to be determined. C denotes penalty
parameter (a larger C corresponds to assigning a higher
penalty to training errors) and Ȗ denotes a weighting

Table 2. Linguistic and phonetic attributes
Attributes
Descriptions
Vowelc
Category of vowel of the current syllable
Vowelp
Category of vowel of the preceding
syllable
Tonec
Tone of the current syllable
Tonep
Tone of the preceding syllable
Tones
Tone of the succeeding syllable
POSc
POS (part-of-speech) of the lexical word
that contains the current syllable
POSp
POS (part-of-speech) of the lexical word
that contains the preceding syllable
POSs
POS (part-of-speech) of the lexical word
that contains the succeeding syllable
WLc
Word length of the lexical word that
contains the current syllable
WLp
Word length of the lexical word that
contains the preceding syllable
WLs
Word length of the lexical word that
contains the succeeding syllable
LWpos
Position of this syllable located in a lexical
word
Spos
Position of this syllable located in a
sentence

J x i  x j

Since the initial duration of a syllable is calculated by the
regression model, its value could possibly be too large or too
small. In order to find a reasonable value, we limit the
predicted initial duration empirically with a lower bound and
an upper bound via equation (1):
Si
D
d Initialipredicted d min(3Si , s )
3
2

(1)

where S i denotes the standard deviation of the initial
durations whose consonants belonged to the ith category in the
aperiodic group. Ds means the duration of a syllable which
is determined by its corresponding music score. Once the
initial duration of a syllable is estimated via the proposed
method, we then employ waveform similarity overlap and add
(WSOLA) method [14] to modify the I/F duration of a
syllable.

Table 3. Music-score based attributes
Attributes
Descriptions
Durationc
The duration of the current syllable
Durationp
The duration of the preceding syllable
Durations
The duration of the succeeding syllable
Durationp-c
The duration difference between the
preceding syllable and the current syllable
Durations-c
The duration difference between the
succeeding syllable and the current syllable
Pitchc
The average pitch of the current syllable
Pitchp
The average pitch of the preceding syllable
Pitchs
The average pitch of the succeeding
syllable
Pitchp-c
The pitch difference between the preceding
syllable and the current syllable
Pitchs-c
The pitch difference between the
succeeding syllable and the current syllable

x

2

parameter used in the RBF kernel ( e
). Here, we
use a two-phase grid search with ten-fold cross
validation [13] based on the initial configurations (C =
{21, 22,…, 212} and Ȗ = {2-15, 2-9,…, 2-1}) to evaluate the
best (C, Ȗ) pair for each prediction model.

4.

Results and Discussions

In this section, we conducted several experiments to validate
the feasibility of the proposed methods. First of all, we want
to justify the use of SVS features in conjunction of TTS
features. Two experiments using two feature sets of TTS
features and TTS + SVS features were conducted respectively.
Secondly, picking up a good regression approach is essential
to the performance of the prediction models. Therefore, we
adopted three regression approaches (LR, CART, and SVM)
to compare their performance.
In addition to the experimental setups mentioned above,
we selected the corpus SC (see Section 2) to carry out these
experiments. We split the corpus into equal-size training and
test sets. Root mean squared error (RMSE), and correlation
(Corr) are used in performance evaluation.

the results and get an optimal tree for each of the
prediction model.
The İ- support vector regression (İ-SVR) [11] and the Ȟsupport vector regression (Ȟ-SVR) [12] are the two
common SVM methods used for regression. In this study,
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Table 4. Performance comparison of three regression
methods using two feature sets in predicting initial duration.
(Top: closed test, bottom: open test).
Closed test (using training data)
Regression Method
LR
CART
RMSE
23.24
23.12
TTS features
Corr
0.888
0.889
TTS & SVS
RMSE
21.31
20.83
features
Corr
0.907
0.911
Mean
66.0115
Standard deviation (STD)
48.8784
Open test (using test data)
Regression Method
LR
CART
RMSE
23.94
24.34
TTS features
Corr
0.873
0.868
RMSE
22.84
24.18
TTS & SVS
features
Corr
0.885
0.871
Mean
65.1408
Standard deviation (STD)
50.5475

proposed method. It also indicates that using the proposed I/F
duration prediction model can actually improve the output
sound quality in SVS.

SVM
21.66
0.904
18.01
0.935

5.

In this paper, we have presented the I/F duration prediction
model for corpus-based singing voice synthesis of Mandarin
Chinese. Under the framework of the proposed model, both
TTS and SVS features are used as the input features for each
I/F duration prediction model and SVM is chosen as the
regression kernel of the model. In order to verify the
feasibility of the proposed model, we conducted several
experiments based on different regression approaches and
feature sets. Furthermore, we also conducted a listening test to
validate the effectiveness of the proposed method. The results
demonstrate satisfactory performance of the proposed model.
It is still possible to improve the efficiency and effectiveness
of the I/F duration prediction further. For example, we can use
the stepwise regression technique [15] to find out the most
influential attributes among TTS and SVS features to reduce
the unnecessary computation. Besides, we will try to simulate
the actual pitch contours sung by a singer to perform the pitch
prediction based on the similar ideas proposed in this study.

SVM
23.06
0.882
21.58
0.898

The unit of RMSE, Mean and STD is millisecond. It can
be seen from Table 4 that using both TTS and SVS features
based on SVM to construct the I/F duration prediction models
can achieve the optimum performance among all the other
combinations. Compared with the results by using TTS
features alone in the I/F duration prediction, using both TTS
and SVS features to predict the I/F durations indeed reduced
the RMSE in both the closed and open test on three regression
approaches mentioned above. The experimental results also
implied that SVS features are definitely helpful to improve
the prediction accuracies of the I/F durations. As a result, we
employed TTS and SVS features based on SVM to construct
the I/F duration prediction models in our SVS system finally.
In order to validate the practicality of the selected
features/model further, we conducted a listening test. As
noted in Section 3, we can use at least three methods to
modify the I/F duration of a syllable. However, the first
method poses a difficulty in implementation when the
duration of the synthesized syllable is less than that of the
initial part of the original syllable. Such situation hardly
occurs in TTS systems, whereas it is likely to happen in SVS
systems due to the fact that the variation of duration is large.
In view of this, we only compared the other two methods in
this study. For method 3, we adopted the proposed framework
with TTS and SVS features and SVM regression.
Table 5.
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In this study, eight test sentences were randomly selected
from the test data which was used in the previous open test
experiment. Each sentence has two synthesized outputs
generated by methods 2 and 3 (see Section 3), respectively. 15
subjects were invited to conduct the experiment. These
subjects are native speakers of Mandarin Chinese, with an
average age of 24. Each subject was asked to select for the
one with better synthetic quality between two synthesized
outputs for each test sentence according to his/her preference.
It is noted that we put the two kinds of synthesized outputs in
a random order. Since the listening test was conducted
through a web page, they can listen to the stimuli as many
times as they wanted before making a decision. Table 5
demonstrates the experimental results, where most of the
subjects preferred the synthesized outputs generated by the
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