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Abstract

This paper proposes a technique for controlling singing style
in the HMM-based singing voice synthesis. A style control
technique based on multiple regression HSMM (MRHSMM),
which was originally proposed for the HMM-based expressive
speech synthesis, is applied to the conventional technique. The
idea of pitch adaptive training is introduced into the MRHSMM
to improve the modeling accuracy of fundamental frequency
(F0) associated with notes. A robust vibrato modeling tech-
nique based on a moving average filter is also proposed to re-
produce a natural-sounding vibrato expression even when the
vibrato expression of the original singing voice is unclear. Sub-
jective evaluation results show that users can intuitively control
a singing style while keeping naturalness of the synthetic voice.
Index Terms: HMM-based singing voice synthesis, style con-
trol, multiple-regression HSMM, pitch adaptive training, vi-
brato modeling

1. Introduction
Singing voice synthesis is one of the applications of speech syn-
thesis and several products such as VOCALOID [1] are becom-
ing popular in the entertainment area. In the singing voice syn-
thesis, users can easily synthesize singing voices by inputting an
arbitrary musical notes and lyrics, which enables users to add
original singing voices to the songs that they composed. Re-
cently, singing voice synthesizers have been utilized not only in
the hobby use but also in the area of professional music produc-
tion and musical concerts, which shows the potential capability
for entertainment and amusement applications.

There are two major approaches to the singing voice syn-
thesis: concatenative synthesis and statistical parametric syn-
thesis. The VOCALOID is a representative system that adopted
the concatenative synthesis. In the VOCALOID, short speech
units based on the syllable are separately recorded, and the pitch
characteristics of the original voice are not used in the synthesis
process. On the other hand, in the HMM-based singing voice
synthesis [2], spectral and prosodic features are simultaneously
modeled using an HMM-based speech synthesis framework [3].
As a result, both spectral and prosodic characteristics depend-
ing on the speaker and the singing style of the original singing
voice can be reflected in the synthetic one.

Although the baseline quality of the HMM-based singing
voice synthesis has been steadily improved by introducing sev-
eral techniques such as time-lag modeling [2], vibrato model-
ing [4], and pitch adaptive training [5], studies for diversifying
singing voices are very limited [6]. By contrast, a variety of
techniques, e.g., speaker adaptation [7], style interpolation [8],

and style control [9], have been proposed in the HMM-based
speech synthesis research area for adding or controlling vari-
ous speaker and style characteristics [10, 11]. However, so far
applications of these techniques to the singing voice synthesis
have not been well studied.

In this study, we apply the style control technique of syn-
thetic speech [9] to the HMM-based singing voice synthesis,
which enables users to change the singing style expressivity in
an intuitive and continuous manner. In the proposed technique,
multiple singing styles and their expressivity are represented by
a low dimensional vector named style vector and are simultane-
ously modeled using multiple-regression hidden semi-Markov
model (MRHSMM) [12]. To precisely model F0 values that fol-
low the given notes using a limited amount of training data, the
idea of pitch adaptive training is introduced into theMRHSMM.
In addition, a vibrato modeling technique based on a moving av-
erage filter is proposed to reproduce a natural-sounding vibrato
expression of various voices.

2. MRHSMM-based singing style control
2.1. Modeling of singing styles based on MRHSMM

In the MRHSMM, mean parameters, μi and mi, of output and
state-duration probability density functions (pdfs) of the i-th
state are assumed to be given by a multiple regression of a low
dimensional style vector v as

μi =Hbiξ (1)

mi =Hpiξ (2)

ξ =[1, v1, v2, · · · , vL]� (3)

=[1,v�]� (4)

where L is the dimension of the style vector, and vn is the
intensity/expressivity of the n-th style. Hbi and Hpi are
M × (L + 1) and 1 × (L + 1) regression matrices, respec-
tively, andM is the dimension of the feature vector. The space
where the style vector is defined is called style space, and the
style space is determined by the style vectors associated with
training data. Figure 1 shows an example of one- and three-
dimensional style spaces.

In the model training, different style vectors are set to the
training singing voices in accordance with the style expressivity
appearing in each voice. The optimum model parameter set λ∗

including regression matrices is estimated using the maximum
likelihood criterion as follows:

λ∗ = argmax
λ

KY
k=1

P (O(k)|λ,v(k)) (5)
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Figure 1: Example of style spaces. Style vectors for respective
styles of training utterances are shown in the figure.

where O(k) and v(k) are the k-th singing voice and the corre-
sponding style vector. It is noted that style-independent vari-
ance parameters estimated using all training data are used for
MRHSMMs, which is the same condition as our previous study
[9].

2.2. Singing style control in synthesis phase

In the synthesis phase of a singing voice, users give a style
vector that corresponds to their intended style expressivity in
the style space. Mean parameters of output and state-duration
pdfs are calculated from the given style vector and regression
matrices of trained MRHSMMs using Eq. (2). As a result, an
ordinary sentence HSMM is obtained, and speech parameters
are then generated from the HSMM using the speech parameter
generation algorithm [13]. Users can continuously control the
style and its expressivity of the synthesized singing voice by
changing the input style vector since the style vector can have
continuous values.

2.3. Pitch adaptive training for MRHSMM

Since the HMM-based singing voice synthesis is a corpus-based
approach, the reproducibility of each acoustic feature strongly
depends on the training data. As for the pitch feature, which is
one of the most important features in singing voice synthesis, it
is difficult to generate a desirable F0 contour that well follows
the notes when the pitch contexts of the training data have poor
coverage. This problem is crucial also in the singing voice style
control. To alleviate the problem, we introduce feature-space
pitch adaptive training [5] into the F0 modeling of MRHSMM.

In the pitch adaptive training, the mean parameter μi of
the log F0 pdf in the i-th state is given by a shift from an F0-
normalized mean parameter μ̂i as

μi = μ̂i + bi (6)

where bi is the log F0 value of the note corresponding to the i-th
state. Eq. (6) is a model-space transformation and is equivalent
to the following transformation in a feature space.

ôt = ot − bi (7)

where ot and ôt are log F0 observations of voiced frames at
time t before and after the F0 normalization. It is noted that
the variance parameters do not vary since the transformation is
only the shifting. Given notes b(k) of the k-th singing voice, the
optimum model parameter set λ∗ after the F0 normalization is

estimated as follows:

λ∗ = argmax
λ

KY
k=1

P (O(k)|λ, v(k), b(k)). (8)

The estimation formula of regression matrices Hfi at the i-th
state for the static feature of the normalized log F0 is obtained
using Eq. (7) as follows:

Hfi =

0
@ KX

k=1

T (k)X
t=1

tX
d=1

γd
t (i)

"
tX

τ=t−d+1

(o(k)τ − bi)

#
ξ(k)�

1
A ·

0
@ KX

k=1

T (k)X
t=1

tX
d=1

γd
t (i) · d · ξ(k)ξ(k)�

1
A

−1

(9)

where o(k)τ is the log F0 value of the k-th observation sequence
O(k) at time t. v(k) is the style vector corresponding to O(k),
and ξ(k) = [1, v(k)�]�.

In the parameter generation, first the normalized mean pa-
rameter of each state is calculated using Eq. (2). Then, the nor-
malized mean parameter is transformed to the mean parameter
of each state using the input note and Eq. (6). Finally, a log
F0 contour is generated from the pdf sequence in an ordinary
manner of the HMM-based speech synthesis.

3. Robust vibrato modeling
3.1. Unclear vibrato expression problem

Vibrato is a kind of singing expression mainly consisting of a
regular and pulsating change of pitch and is typically repre-
sented by a periodic F0 variation in singing voice synthesis.
When the vibrato is not explicitly modeled in the HMM-based
singing voice synthesis, the resultant F0 contour is highly flat-
tened in long tone parts, and vibrato expression in the original
singing voice is not reproduced. To overcome this problem, a
frame-level vibrato modeling technique was proposed [4]. In
this technique, vibrato parameters are calculated from the am-
plitude and the interval between two peaks of the sinusoidal F0
contour. The parameters are extended to frame-level features
using interpolation. These features are added to the observation
vectors and are modeled simultaneously by context-dependent
HMMs.

The above frame-level vibrato modeling technique is effec-
tive when the singer is professional and the vibrato expression
is very clear. However, the vibrato expression highly depends
on the singer or the singing style, and the vibrato expression is
not always very clear as shown in Figure 2. In the figure, (a)
and (b) are F0 contours extracted from a song used in [4] and
from an ADULT style song used in the experiments of Sect 4,
respectively. It is noted that (a) and (b) were sung in different
singing manners: classical and pops styles, respectively. For
comparison, an F0 contour generated using the training data of
the ADULT style without vibrato modeling is also shown as (c).
In the F0 contour of (a), we can see a clear vibrato expression in
the long tone parts. By contrast, the amplitude of the vibrations
of (b) is much smaller than those of (a), and the vibrato peri-
odicity is not always clear. When comparing (b) and (c), the
F0 contour of the long tone parts is highly flattened in the syn-
thetic voice and the fluctuation appearing in the original voice
has disappeared, which degrades the naturalness of the synthetic
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Figure 2: Difference of vibrato expressions on singers and
singing styles.

singing voice. Therefore, a vibrato modeling technique applica-
ble to such an unclear vibrato expression is important for syn-
thesizing songs with various speakers and styles.

3.2. Vibrato modeling based on a moving average filter

We propose a vibrato modeling technique that can be used even
when the vibrato expression is unclear. From a preliminary
analysis, we defined the long tone part as a segment that has
a single vowel and its duration is more than 600 msec. In each
long tone part, the vibrato is modeled by a sine wave in which
the fundamental period and the amplitude were assumed to be
constant. The vibrato parameter vector consists of a vibrato rate
parameter r and a vibrato amplitude parameter a of a vibrato
function g(t) for log F0. g(t) is given by

g(t) = a sin(c t). (10)

In the actual log F0 contour f(t) of a long tone, the vibrato ap-
pears around an underlying gradual F0movement. To obtain the
vibrato pattern f̂(t) where the gradual movement is removed,
we apply a moving average filter to f(t) and subtract the output
from f(t). Then, the vibrato rate parameter is calculated from
the zero-crossing rate nz of f̂(t) as

c = π nz (11)

where the zero-crossing rates of f̂(t) and g(t) were assumed to
be equal. In this study, we restrict the range of vibrato frequency
from 5 to 8 Hz on the basis of the previous study [4]. Using a
similar manner, the vibrato amplitude parameter a is given by

a =

s PT−1
t=0 [f(Ts t)]2PT−1

t=0 sin2(π nzTst)
(12)

where the energies of f̂(t) and g(t) were assumed to be equal.
T and Ts [sec] are the length of the long tone and the frame pe-
riod, respectively. Although a vibrato amplitude was restricted
from 15 to 75 cent in [4], we set the lower limit to zero to taken
into account a smaller vibrato expression.

In the model training, vibrato parameter vectors are mod-
eled using N context-dependent single Gaussian pdfs, where
N depends on the number of long tone segments in the training
data. In the synthesis stage, first a log F0 contour is generated
from HSMMs and long tone parts are determined in accordance
with phone durations. For the long tone parts, vibrato is added
by calculating a superposition of the generated log F0 contour
and the vibrato function g(t) determined by the vibrato param-
eters. We use interpolation so that the resultant log F0 sequence
smoothly changes in the first and the last 50 msec.

4. Experiments
4.1. Experimental conditions

We recorded thirty Japanese traditional songs of a female voice
actress. These songs were sung in two different singing styles:
child-like (CHILD) and adult-like (ADULT) styles. Phoneme
segmentation was conducted manually. In the experiments,
twenty-five songs and two songs were chosen as training data
and test data, respectively. Singing voice signals were sampled
at a rate of 16 kHz and the frame shift was 5 ms. We used
STRAIGHT analysis [14] for acoustic feature extraction, and
extracted spectral envelope, F0, and aperiodicity features. The
feature vector consisted of 39 mel-cepstral coefficients includ-
ing the zeroth coefficient, log F0, five-band aperiodicity values,
and their delta and delta-delta coefficients. The total dimen-
sionality was 138. We used five-state left-to-right MRHSMMs
with no skip topology. The output distribution in each state was
modeled with a single Gaussian pdf, and covariance matrices
were assumed to be diagonal. In the vibrato modeling, N was
set to unity since the vibrato observations were limited.

We used one-dimensional style space of Fig. 1(a). Style
vectors, −1.0 and 1.0, were given for the training songs of
CHILD and ADULT styles, respectively. Context-dependent
labels were created automatically from MusicXML data. The
window length of the moving average filter was set to 20 frames
on the basis of a preliminary experimental result. To improve
the perceptual quality of the synthetic voice, the parameter gen-
eration algorithm considering global variance [15, 16] was ap-
plied to the acoustic features except for the F0. In the subjec-
tive evaluations, each song was split into short phrases, each of
which consists of four measures. Consequently, eleven different
phrases were used. Participants are eight graduate students, and
six phrases were randomly chosen for each participant.

4.2. Controllability of singing style expressivity

We examined whether users can intuitively control the expres-
sivity of singing styles. We synthesized singing voice samples
by changing the input style vector from 0.0 to −1.5 and from
0.0 to 1.5 in CHILD and ADULT styles, respectively, with an
increment/decrement of 0.5. Participants listened to all possible
pairs from the four types of synthetic samples in each singing
style and judged which sample has stronger expressivity of the
style. Figure 3 shows the average scores of all participants with
confidence intervals of 95%. From the results, it is seen that
participants could perceive the difference of the style expres-
sivity appearing in the synthetic singing voices when the given
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Figure 4: Naturalness of synthetic singing voices for different
input style vectors.

style vector was changed. It is noted that the score for the style
vector of 0.0 in the CHILD style was zero. When comparing
two styles, the difference of the expressivity in the CHILD style
was clearer than that in the ADULT style, which indicates that
the perceived difference depends on the singing styles.

4.3. Naturalness of synthetic singing voices

We evaluated the naturalness of the synthetic singing voices
when changing the input style vector. We conducted a MOS
test on voice naturalness for the synthetic singing phrases given
style vector from −1.5 to 1.5 with an increment of 0.5. Par-
ticipants listened to the samples and rated the naturalness on a
five-point scale: “1” for bad, “2” for poor, “3” for fair, “4” for
good, and “5” for excellent. Figure 4 shows the result with con-
fidence intervals of 95%. From the result, although there was
a slight degradation of the naturalness when the style expres-
sivity was emphasized, we concluded that the style expressivity
of synthetic singing voices was well controlled with acceptable
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Figure 5: Example of generated log F0 contours given different
style vectors.

quality. Figure 5 shows an example of F0 contours given differ-
ent style vectors. We see that the F0 contour varies depending
on the value of the input style vector.

5. Conclusions
In this paper, we proposed a novel MRHSMM-based singing
voice synthesis technique that enables users to control singing
styles intuitively and continuously. Pitch adaptive training was
introduced into the MRHSMM to precisely model the F0 in the
style control. We also proposed a robust vibrato modeling tech-
nique that can be used even for singing voices with unclear
vibrato expressions. Subjective evaluation results have shown
that users can control the style expressivity of synthetic singing
voices with acceptable quality by changing the input style vec-
tor. Future work will focus on modeling and controlling local
style variations that often appear in singing voices of profes-
sional singers. It is also important to evaluate the proposed tech-
nique with a larger amount of singing voice data including more
style variations.
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