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Abstract—The voice quality (identity) of singing voices is
usually fixed in each singer. To overcome this limitation and
enable singers to freely change their voice quality using signalprocessing technologies, we propose a singing voice conversion
method based on many-to-many eigenvoice conversion (EVC)
that can convert the voice quality of an arbitrary source singer
into that of another arbitrary target singer. Previous EVC-based
methods required parallel data consisting of song pairs of a single
reference singer and many prestored target singers for training
a voice conversion model, but it was difficult to record such
data. Our proposed method therefore uses a singing-to-singing
synthesis system called VocaListener to generate parallel data by
imitating singing voices of many prestored target singers with
the system’s singing voices. Experimental results show that our
method succeeded in enabling people to sing a song with the voice
quality of a different target singer even if only an extremely small
amount of the target singing voice is available.

I. I NTRODUCTION
Singing voices are different from sounds of musical instruments because singing voices can usually convey the linguistic
information of the lyrics as well as the pitch, dynamics,
and voice quality. Although a singer can expressively control
voice timbres to some degree, the singer usually has difficulty
changing his or her voice quality (identity) of singing into that
of another singer. This is due to physical constraints in speech
production that limit expressive freedom when singing a song.
When using singing synthesis systems, people do not face
such a limitation. Instead of using a physical body, people can
artificially generate humanlike singing voices having different
voice qualities by changing the singing synthesis parameters.
Since 2007, many end users have started to use singing
synthesis systems, such as Vocaloid2 [1] and Sinsy [2], to
produce music, and the number of listeners enjoying synthesized singing voices has been increasing. Particularly in
Japan, various compact discs that include synthesized vocal
tracks have often appeared in the popular music chart [3]. In
addition, several techniques that can change the timbre of a
user’s or synthesized singing voice have been proposed [4],
[5], [6], [7]. However, it is still difficult to generate singing
voices with arbitrary and desired voice qualities.

To make it possible for people to directly sing with a
different specific voice quality, and thus overcome physical
constraints, singing voice conversion has been proposed [8].
Statistical voice conversion techniques [9], [10], [11] are used
to convert the singing voice quality of a source singer into
that of a target singer. In this technique, a Gaussian mixture
model (GMM) of the joint probability density of an acoustic
feature between the source singer’s singing voice and the target
singer’s singing voice is trained in advance using a special data
set, called parallel data, that consists of song pairs of these
two singers. The trained model is capable of converting the
acoustic features of the source singer’s singing voice into those
of the target singer’s singing voice in any song while keeping
the linguistic information of the lyrics unchanged.
Towards realizing a more flexible singing-voice conversion
technique that enables singers to freely control the converted
singing voice quality and is capable of rapidly adapting the
conversion model to arbitrary singers, we propose a singingvoice conversion method based on two techniques: many-tomany eigenvoice conversion (EVC) [12] and training data
generation using a singing-to-singing synthesis system [13].
Many-to-many EVC is a technique of conversion from the
voice of an arbitrary source singer into the voice of an arbitrary
target singer. An eigenvoice GMM (EV-GMM) [14] is trained
in advance with multiple parallel data sets that consist of a
single predefined singer, called a reference singer in this paper,
and many prestored target singers. The EV-GMM is capable
of easily adapting the source/target voice quality to that of a
few of their given voice samples in a text-independent (lyricsindependent) manner. By using this flexible voice conversion
technique, the proposed method enables any singer or end
user to freely control their singing voice quality. Furthermore,
to easily develop multiple parallel data sets from nonparallel singing voice data sets of many singers, we propose a
technique for efficiently and effectively generating parallel
data sets using a singing-to-singing synthesis system called
VocaListener to artificially generate voices of the reference
singer. In this paper, we conduct objective and subjective

experimental evaluations to demonstrate the effectiveness of
the proposed methods.
This paper is organized as follows. In Section II, we describe
the many-to-many EVC algorithm. In Section III, the singingto-singing synthesis system used in this paper is explained.
In Section IV, the proposed method of singing voice conversion is described. In Section V, experimental evaluations are
described. Finally, we summarize this paper in Section VI.
II. M ANY- TO - MANY EVC [12]
In this section, we describe many-to-many EVC as a
technique for flexibly developing a conversion model for an
arbitrary speaker pair. This technique consists of a training
process, an adaptation process, and a conversion process.
A. Training process
As acoustic features of the reference speaker and the 𝑠𝑡ℎ
target speaker, we employ two 𝐷-dimensional joint features,
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where 𝒘(𝑠) = [𝑤(𝑠) (1), ⋅ ⋅ ⋅ , 𝑤(𝑠) (𝐽)]⊤ is the target-speakerdependent weight vector for controlling target voice quality.
𝝀(𝐸𝑉 ) is a canonical EV-GMM parameter set consisting
(𝑋)
of the weight 𝛼𝑚 , the mean vector 𝝁𝑚 , the covariance
(𝑋,𝑌 )
, the bias vector 𝒃𝑚 , and the basis vectors
matrix Σ𝑚
𝑨𝑚 = [𝒂𝑚 (1), ⋅ ⋅ ⋅ , 𝒂𝑚 (𝐽)] for the 𝑚𝑡ℎ mixture component,
where the number of basis vectors is 𝐽. Acoustic features of an
arbitrary target speaker are modeled by setting only 𝒘(𝑠) to the
speaker’s specific values. The other parameters are the same
for all target speakers. The EV-GMM is trained by adaptive
training using multiple parallel data sets consisting of utterance
pairs of a reference and many prestored target speakers [15].
B. Adaptation and conversion process
In the adaptation process, the EV-GMM is adapted to an
arbitrary source speaker and an arbitrary target speaker by
independently estimating the speaker-dependent weight vector
using a few speech samples. The weight vector for source
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In the conversion process, the converted static feature sequence
vector is estimated using the adapted EV-GMM. Maximum
likelihood estimation considering dynamic features and a
global variance [11] is adopted.
III. S INGING - TO -S INGING SYNTHESIS
As the singing synthesis system, a text-to-singing approach,
which synthesizes a singing voice from note-level score information of the melody with its lyrics, such as Vocaloid2 [1],
and a speech-to-singing approach, which synthesizes a singing
voice from speech samples of read lyrics by controlling
acoustic features [16], have been proposed. Moreover, singingto-singing synthesis, which automatically synthesizes a more
naturally sounding singing voice by estimating the parameters
of the text-to-singing system from a target singing voice,
has been proposed [13]. VocaListener [13] is the system
used for the estimation part of singing-to-singing synthesis.
VocaListener estimates parameters of pitch and dynamics for
the singing synthesis system so that the synthesized singing
voice becomes more similar to the target singing voice. If a
user’s singing voice and the corresponding lyrics without any
score information are available, VocaListener can synchronize
them automatically to determine the musical note corresponding to each phoneme of the lyrics. Thus, the singing-tosinging synthesis system allows users to easily, speedily, and
effectively synthesize the singing voice.
IV. P ROPOSED SINGING VOICE CONVERSION METHOD
Figures 1 and 2 show the training process of a conventional
method using a standard GMM that converts the source
singer’s voice into the target singer’s voice and the training
and adaptation process of the proposed method using the EVGMM that converts an arbitrary source singer’s voice into an
arbitrary target singer’s voice, respectively.
A. Singing voice conversion based on many-to-many EVC
As shown in Fig. 1, in the conventional method, the source
and target singers need to sing the same songs for several
minutes to generate parallel data for training the standard
GMM. On the other hand, as shown in the right part in Fig. 2,
in the proposed method, the GMM for the arbitrary source
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Fig. 1. Training process of conventional singing voice conversion.
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Fig. 2. Training and adaptation process of proposed singing voice conversion.

and target singers is easily built by adapting the EV-GMM to
each of these singers using weight vectors that are separately
estimated with only a small amount of their singing voices,
e.g., for only several seconds. Moreover, since the adaptation
of the EV-GMM is performed in a text-independent manner,
the singing voices of any song are usable as adaptation data;
i.e., the source and target singers need not sing the same
song. Therefore, the proposed method effectively reduces the
amount of effort required to prepare singing voices of the
source and target singers. Note that real-time singing voice
conversion is also achieved by using the low-delay conversion
algorithm [17].
B. Training data generation with singing-to-singing synthesis
Although the proposed singing voice conversion method
based on many-to-many EVC effectively and rapidly develops
the voice conversion model for the arbitrary source and target
singers, it needs to train the EV-GMM in advance using
multiple parallel data sets consisting of singing voice pairs of
the single reference singer and many prestored target singers.
The development of these parallel data sets is laborious work.
To address this issue, we artificially generate singing voices of
the reference singer by applying a singing-to-singing synthesis

system to singing voices of many prestored target singers.
In this approach, we need to prepare only singing voices of
multiple prestored target singers who need not sing the same
song; these are available in existing databases, such as the
RWC Music Database [18]. As shown in the left part in Fig. 2,
for the singing voices of each prestored target singer, corresponding singing voices of the reference singer are artificially
generated by using the singing-to-singing synthesis system.
Then, a parallel data set is developed between singing voices
of each prestored target singer and the artificially generated
singing voices of the system’s singer as the reference singer.
Finally the EV-GMM is trained using many of the developed
multiple parallel data sets. Thus, this training data generation
approach can efficiently and effectively develop parallel data
sets without recording singing voices of the reference singer.
In the singing-to-singing synthesis, some acoustic parameters, such as phoneme duration and vibrato, of the synthesized
singing voice are automatically tuned so that they are similar
to those of the given target singing voice. Therefore, the
synthesized reference singing voice more closely corresponds
to the target singing voice than a singing voice sung by a
real singer. Moreover, the voice quality of the singing voices

V. E XPERIMENTAL EVALUATIONS
To demonstrate the effectiveness of the proposed singing
voice conversion system, we conducted experimental evaluations.
A. Experimental conditions
We used solo singing voices of 30 Japanese songs in the
RWC Music Database [18] as the prestored target singing
voices. As the reference singing voices, we used singing
voices synthesized using the singing-to-singing synthesis system VocaListener with a singer database called Hatsune
Miku [19] based on Vocaloid2. As adaptation and test data
of source/target singing voices, we used the original female
solo singing voices of two Japanese songs in the RWC Music
Database (RWC-MDB-P-2001 No.35 and No.71), which were
not included in the above 30 songs, and also recorded singing
voices of another female singer for the same two songs.
The 1st through 24th mel-cepstral coefficients were used as
a spectral parameter. STRAIGHT analysis [20] was employed
to extract these coefficients from singing voices. The shift
length was 5 ms and the sampling frequency was 16000 Hz.
The EV-GMM for spectral conversion was trained from
30 parallel data sets consisting of the synthesized reference
singing voices and the prestored target singing voices. The
number of basis vectors of the EV-GMM was set to 29. The
number of mixture components of the EV-GMM was set to
128. As a conventional approach for reference (i.e., singing
voice conversion [8]), we also trained a standard GMM for
spectral conversion using a parallel data set consisting of
the source and target singing voices. The number of mixture
components of the GMM was preliminarily optimized so that
spectral conversion accuracy was maximized in the test data.
As the training data for the conventional method and the
adaptation data for the proposed method, 2, 4, 8, 16, 32, or
64% of the singing parts of a song (RWC-MDB-P2001 No.35)
sung by the source and target singers were used, and then, the
remaining 36% of data were used for the test. The total length
of this song was 193 s including 116 s of singing parts. We
evaluated two conditions of the song setting; 1) the same-song
condition, where the same song (RWC-MDB-P2001 No.35)
is used in both the training/adaptation process and the test
process, and 2) the different-song condition, where different
songs are used in the training/adaptation process (RWC-MDBP2001 No.35) and the test process (RWC-MDB-P2001 No.71).
B. Objective evaluation
We evaluated the spectral conversion accuracy of the conventional singing voice conversion and the proposed singing
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generated by the singing-to-singing synthesis system is more
consistent, regardless of the song, genre of music, or the
singer’s physical condition than that of the singing voice of a
real singer. These are favorable properties for training the EVGMM since, in the EV-GMM training algorithm, the reference
singing voices are assumed to basically have consistent voice
quality over all multiple parallel data sets.
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Fig. 3. Mel-cepstral distortion as a function of amount of target singing
voice data (i.e., singing voice pairs in conventional method or singing voice
adaptation data in proposed method).

voice conversion using mel-cepstral distortion between the
converted and target mel-cepstra as an evaluation metric. Figure 3 shows mel-cepstral distortion as a function of the amount
of singing voice adaptation data used in the proposed method
or the amount of parallel data of singing voice pairs used in the
conventional method. Under the same-song condition, we can
see that the proposed method yields better spectral conversion
accuracy than the conventional method when using a small
amount of available data of the source/target singers (i.e., 2,
4, and 8%). Note that the proposed method does not require the
use of parallel data in adaptation but the conventional method
needs to use them.
Under the different-song condition, the conventional method
shows much lower conversion accuracy than under the samesong condition. This is because the voice quality of the singing
voice significantly changes depending on the song even if
the same singer sings. On the other hand, it is observed that
the proposed method reduces this degradation. Since the EVGMM is trained with many singers’ voices, it is more robust
against variations of the singing voice quality.
C. Subjective evaluation
We conducted an opinion test of voice quality and a
preference test of singer individuality. The opinion score in the
opinion test was set to a 5-point scale (i.e., 1 (very poor) to 5
(excellent)). In this test, listeners heard each converted singing
voice sample, then they judged the voice quality of each
sample using the opinion score. In the preference test, listeners
heard a target singing voice sample and two converted singing
voice samples, then they chose the converted singing voice
sample that had more similar singer individuality to the target
singing voice sample. The preference test was independently
performed under the same- or different-song condition. In
these tests, 5 listeners evaluated 8 types of singing voices generated under various conditions consisting of all combinations
of the following: 2% or 64% of training/adaptation data, the
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Fig. 4. Result of opinion test of voice quality.
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Fig. 5. Result of preference test of singer individuality in a) same-song
condition and b) different-song condition.

conventional or proposed method, and the same- or differentsong condition.
Figure 4 shows the result of the opinion test of voice
quality. Under the same-song condition, the proposed method
using only 2% adaptation data yields better voice quality
than the conventional method using 2% parallel training data.
This is because the proposed method effectively uses the
prestored target singers’ data to develop the conversion model
for the new source and target singers. An increase in the
adaptation data from 2% to 64% yields further voice quality
improvements in the proposed method but it does not reach
that in the conventional method using 64% parallel training
data. Note that the proposed method does not use the parallel
data set of the source and target singers, but the conventional
method does.
Under the different-song condition, a decrease in the parallel
training data from 64% to 2% in the conventional method
causes much greater voice quality degradation than that under
the same-song condition. This is because the acoustic charac-

teristics of singing voices are considerably different between
different songs. On the other hand, the proposed method yields
almost the same voice quality as that under the same-song
condition even when using only 2% adaptation data. As also
observed in the objective evaluation, the proposed method
is robust against variations of the singing voice quality. An
increase in the adaptation data from 2% to 64% yields further
voice quality improvements, and the voice quality is almost
equal to that in the conventional method using 64% parallel
training data. It is again worth noting that the proposed method
does not use the parallel data but the conventional method
does.
Figure 5 shows the results of the preference test of singer
individuality. The preference score was calculated as the
ratio of the number of samples selected as having better
singer individuality to the number of samples presented to
the listeners. We can see basically the same tendency as that
observed in the results of the opinion test of voice quality.
The proposed method also yields a better result in conversion
accuracy for singer individuality when only 2% adaptation
data is available compared with the conventional method
using 2% parallel training data. This difference between the
proposed and conventional methods is much larger under the
different-song condition than under the same-song condition.
An increase in the adaptation data from 2% to 64% in the
proposed method also yields further improvements. Although
the result of the proposed method is still significantly worse
than the that of the conventional method when using 64%
parallel training data under the same-song condition, they are
almost equal under the different-song condition.
The above results suggest that 1) the proposed method
yields better voice quality and conversion accuracy for singer
individuality than the conventional method when a small
amount of singing voice data of the source and target singers
is available; 2) the proposed method is capable of effectively
using nonparallel data of the source and target singers to
rapidly develop the conversion model between these singers,
and 3) since the proposed method is robust against variations
of the singing voice quality often observed between different
songs, it works reasonably well even when using different
songs between the adaptation and conversion processes.
VI. C ONCLUSIONS
We have presented a singing voice conversion method based
on many-to-many EVC and training data generation using a
singing-to-singing synthesis system. Our proposed method is
capable of converting the singing voice quality of an arbitrary
source singer into that of an arbitrary target singer by adapting
a small number of adaptive parameters of a conversion model
using an extremely small amount of source and target singing
voice data. Moreover, our proposed method can alleviate the
burden of having to record singing voices to develop parallel
data sets, by using a singing-to-singing synthesis system. The
experimental result demonstrated that the proposed method
enables the effective conversion of a singing voice between an

arbitrary speaker pair even when using only several seconds
of their singing voices as adaptation data.
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