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ABSTRACT

This research addresses the challenge of converting spoken voice into singing voice in a language-independent
manner. Traditional speech-to-singing systems often rely on language-specific phoneme alignment or require
parallel singing datasets, which limits their applicability across languages and speakers. To overcome these
constraints, the authors propose a novel framework that utilizes voiced/unvoiced (V/UV) classification and
music state modeling to align speech with musical scores without relying on linguistic content. The approach
begins by extracting a V/UV state sequence from input speech using a convolutional layer built on top of a
pretrained HuBERT model. Simultaneously, a music state sequence is generated from a monophonic musical
score using a decay function that models note intensity over time. These two sequences are then aligned using
Dynamic Time Warping (DTW), allowing the system to synchronize speech features with musical timing and
pitch. After alignment, the World vocoder is employed to analyze and synthesize the singing voice. The spectral
and aperiodic components of speech are aligned to the music sequence, while pitch is replaced with musical
pitch to produce the final singing output. Experimental results demonstrate the effectiveness of the proposed
V/UV classification using the ATR speech database. The system could generate singing voices from spoken
input without requiring phoneme-level annotations or parallel singing data, but still there is a room for quality
improvement.
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1. INTRODUCTION

There are thousands of languages in the world, but more than 3,000 languages are reportedly at risk of extinc-
tion.1 People have made a significant effort to avoid language extinction. Language revitalization2,3 is an effort
to increase the number of speakers of minority languages. There are several steps in the language revitalization.
Development of educational material4,5 is an important step to reproduce the speakers of that language. Ad-
ditionally, it is crucial to draw the public’s attention to the target language through festivals or entertainment
content.6

Music plays a crucial role in the education and cultural promotion of those languages.7–9 Not only folk music,
but also pop music is an important source of promoting Indigenous language,10 especially among young people
and children. However, it is not always easy to find instrumental players and singers for that language. To
develop such musical content for minority languages, Sleeper developed a singing synthesizer of Cherokee using
UTAU singing synthesizer system.11

When developing music content using singing synthesizers for a new language, we first need to develop a model
of singing voice synthesis for that language. It requires a deep understanding of language and speech technology,
as well as effort to collect language and singing voice data. Therefore, if we have a system that generates a
singing voice without developing complicated language-dependent synthesis models, it would be beneficial for
the activity of language revitalization.

In this paper, we propose a language-independent speech-to-singing conversion system. If we provide any
speech and musical score to the system, it converts the speech into the singing voice associated with the given
score. Therefore, this system can be used for generating any musical content, including both folk songs and pop
music.
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2. RELATED STUDIES

Saitou et al. proposed a system named SingBySpeaking, the first system to convert a talking speech into a
singing voice.12,13 This system assumes that the user speaks the lyrics of the song to be generated, and the
score of the target song is given. The system first converts the lyrics into a phoneme sequence and calculates
the phoneme-speech alignment using the Viterbi algorithm. At this time, the system knows which phoneme
is associated with which note using the score. Then the system changes the duration and pitch of phonemes
according to the duration and pitch of the corresponding note. The STRAIGHT14 is used to manipulate the
speech. Additionally, the system converts the speech spectrum to make it sound more like a singing voice by
adding the singing formant and vibrato.

Vijayan et al.15 proposed another method, the template-based speech-to-singing conversion, which assumes
that the user has a singing voice of the target song. By aligning the input speech with the template singing
voice, we can determine how the input speech should be converted, including its duration and pitch. As a result,
we can generate a singing voice of the source speaker mimicking the song of the template singer.

Recently, deep-learning-based models have been used for the speech-to-singing task. Perach et al. refor-
mulated the speech-to-singing task as a style transfer problem.16 Their system receives the source speech and
melody contour (piano roll image) using separate encoders. It generates the converted spectrogram that sounds
like a singing voice using a U-net-like network. They incorporated multi-task learning to recognize the phoneme
sequence of the input speech, thereby enhancing the linguistic clarity of the generated singing voice. Li et al.17

proposed a speech-to-singing conversion method based on a self-supervised pre-trained model. They utilized the
acoustic token, which is commonly employed in speech synthesis or translation models. When generating the
token sequence, they use the pitch information to create the singing voice of the designated pitch.

All of these systems assume that the language of the input speech (and thus the output singing voice) is
known. Additionally, the machine-learning-based model assumes a sufficient amount of linguistic resources,
such as speech and singing voice databases. However, in the case of low-resource languages, it is difficult, or
impossible, to gather such data or develop a system for phoneme alignment. Therefore, we need to establish a
language-independent framework for speech-to-singing conversion.

3. PROPOSED METHOD

3.1 Overview

Figure 1 shows the overview of the system. Since the system is language-independent, we only use voiced
and unvoiced speech classification, which determines three-class classification (voiced, unvoiced, and silence) for
each 20 ms frame. Then the sequence of voiced/unvoiced/silence states (“V/UV state sequence” in the figure)
is generated. Next, frame-by-frame pitch and velocity information (“Music state sequence” in the figure) is
generated from the given musical score. These two state sequences are aligned using the dynamic time warping
(DTW) technique. In this process, the musical state sequence is kept unchanged, and only the V/UV state
sequence is aligned. From the DTW block, the alignment information is generated.

The input speech is analyzed using the World vocoder system.18 Separately, the pitch information generated
from the score is combined with the aligned spectrum and aperiodicity, and then those features are used to
re-synthesize the speech.

3.2 Voiced/Unvoiced classification

Since the proposed system is language-independent, any specific linguistic knowledge, such as phoneme inventory,
cannot be utilized. Therefore, we decided to use only information of voiced, unvoiced, and silence. The voiced
part corresponds to the notes, and the unvoiced and silence parts are the release parts of notes or rests.

We used HuBERT,19 a pre-trained transformer model developed by self-supervised learning, as the feature
extractor. HuBERT is known to be efficient for extracting speech features of multiple languages.20 We attached
one 1-D convolutional layer with 256 hidden units to summarize the output of the transformers into three classes
(voiced, unvoiced, and silence).



Figure 1: Overview of the proposed speech-to-singing sys-
tem.

Figure 2: An example of V/UV state sequence. The
upper pane is the waveform, and the lower pane is
the corresponding V/UV state sequence.

Figure 3: The decay function D(x). Figure 4: An example of music state sequence.

Finally, the V/UV state sequence is generated. Figure 2 shows an example of V/UV state sequence. Here,
the sequence is s1, . . . , sT , where si ∈ {0, λuv, λv} is a state value of frame i. 0 < λuv < λv are the state values
corresponding to the silence, unvoiced, and voiced frames. In the experiment, we employed λuv = 2 and λv = 10.

3.3 Music state sequence generation

Next, we define the music state sequence. As we assume that the musical score is monophonic, the state of frame
t is either a particular time after the previous onset of a note, or within the duration of a rest.

Let N1, . . . , NK be a sequence of notes, where Ni = (hi, Li). Here, hi is the pitch or rest and Li is the
duration (number of frames) of the note. Then we define the music state sequence as follows. Let the duration
(in frames) until the note Ni be

M0 = 0, Mi = Mi−1 + Li =

i∑
j=1

Li. (1)

Then, the music state sequence q1, . . . , qN is defined as

qMi+j =

{
0 hi is a rest
D(j/Li) otherwise

(2)

Here, D(x) is a decay function, defined as

D(x) =

{
λv x < α

λv +
(λnv−λv)(x−α)

1−α x ≥ α
(3)

for 0 ≤ x ≤ 1. 0 < α < 1 is a parameter controlling the decay; α = 0.75 was employed in the experiment. Figure
3 shows the overview of the decay function, and Figure 4 shows an example of music state sequence.



3.4 Alignment using the Dynamic Time Warping

The V/UV state sequence s1, . . . , sT and the music state sequence q1, . . . , qN are aligned using the Dynamic
Time Warping (DTW) technique.

Let g(i, j) be the accumulated distance and b(i, j) be the backpointer. Then the values of g(i, j) are calculated
using the following recursive formula:

g(i, j) = ∞ (i ≤ 0 or j ≤ 0) (4)

g(1, 1) = |s1 − q1| (5)

g(1, j) = |s1 − qj |+ g(1, j − 1) + P (1, j − 1) (j > 1) (6)

g(i, j) = |si − qj |+min

 g(i, j − 1) + P (i, j − 1)
g(i− 1, j − 1)
g(i− 2.j − 1) + P (i− 2, j − 1)

(7)

g(i, j) = |si − qj |+ g(i− 1, j − 1) (8)

Eq. (7) is used when si is a voiced or silent frame, while Eq. (8) is used when si is an unvoiced frame. When
calculating the minimum operation in Eq. (7), the selection is recorded in b(i, j) for use in the backtrace. P (i, j)
is a penalty term to penalize uneven alignment.

3.5 Analysis and synthesis using World vocoder

When analyzing the input speech using the World vocoder, it converts the input into three components: the
smoothed spectrum, aperiodicity, and pitch (f0). Then only the spectrum and aperiodicity are aligned to the
music state sequence according to the alignment information. Note that the frame shift of U/UV classification
is 20 ms, while that of the World vocoder is 5 ms. Therefore, the alignment sequence is stretched four times to
align the frame shift to 5 ms.

After aligning the spectrum and aperiodicity, the pitch sequence from the music state sequence is combined
to generate the singing voice waveform.

4. EXPERIMENT

4.1 V/UV classification

The V/UV classification model is based on hubert-base-ls960 downloaded from HuggingFace. ATR speech
database set B was used for training, validation, and evaluation of the model. Six speakers’ (four males and two
females) 1,800 utterances (300 utterances/speaker) were used for training the model. The database has phoneme
labels; we regarded the vowels, semivowels, and the moraic nasal as voiced, and all the other consonants as
unvoiced. Although there are voiced consonants (such as /m/ or /g/), we regard them as unvoiced because
these consonants are not stretched or shrunk according to the note duration. We used 200 utterances from two
speakers for verification and 200 utterances from the other two speakers for evaluation. No same speakers and
sentences are included in different sets.

For comparison, we employed two relatively simple V/UV classifiers:

1. Simple: WebRTC voice activity detector21 combined with librosa pitch tracker based on pYIN.22 First,
silence frames are determined using the VAD, and then we regarded the frames as voiced when pitch is
estimated in that frame.

2. World: WebRTC and the World’s aperiodicity. The World calculated the aperiodicity vector for each
frame, which has higher value for unvoiced frame. Therefore, we calculated the average of the aperiodicity
vector and compared with a threshold. If the average value is larger than the threshold, we regard that
frame as unvoiced. The threshold is optimized on the evaluation set.

Table 1 shows the frame-by-frame accuracy result. This result clearly shows that the proposed U/UV classifier
outperforms other conventional methods. Figure 5 shows a visualized example of V/UV classification. From this
example, it is clear that the proposed method gives almost exact classification result compared to the annotation.



Table 1: Frame-by-frame accuracy of U/UV
classification

Method Accuracy
Proposed 95.7
Simple 55.2
World 77.3

Figure 5: An example of V/UV classification

(a) Input voice (b) Generated singing voice
Figure 6: Examples of the original and generated voice signals

4.2 Generation of singing voice

Next, we examined generation of singing voice from speech. We used a male’s Japanese voice, “Oyayuzurino
muteppoōde kodomonokorokara sonbakari siteiru.” The voice is 3.8 s long. For the music, we used the score
shown in Figure 4. The length of the generated singing voice was set to be almost the same with the original
speech.

Figure 6 shows the pitch contour, spectrogram, and waveform of the original and processed signals. We can
see that the syllable intervals in (b) are more uniform than that in (a), and the pitch contour of (b) becomes the
melody line of Figure 4. Although we have not completed subjective evaluation of speech quality, the quality
of (b) is not high. Part of the reason of the degradation is the use of World vocoder, which makes the voice
degraded on the large manipulation. However, we can still perceive the original words in the speech and the
pitch sounds accurate.

5. CONCLUSIONS

This paper proposes a language-independent speech-to-singing conversion system. This system is based on three
fundamental techniques. First, highly accurate voiced/unvoiced classification is achived using a model based on
HuBERT pretrained model. Second, DTW-based alignment on the V/UV state sequence and the music state
sequence enables the language-free alignment of the input speech and the musical score. Third, analysis and
synthesis of the speech are based on the World vocoder system. The system could convert the input speech into
singing voice, but the quality of generated speech is not satisfactory.

As future work, the quality of the generated speech should be improved using neural vocoders. Nevertheless,
we need to add singing-specific expressions to the output voice, such as vibrato and singing formant.
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