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Abstract

Recently, there have been significant advancements in mu-
sic generation. However, existing models primarily focus on
creating modern pop songs, making it challenging to pro-
duce ancient music with distinct rhythms and styles, such as
ancient Chinese SongCi. In this paper, we introduce Song-
Song, the first music generation model capable of restor-
ing Chinese SongCi to our knowledge. Our model first pre-
dicts the melody from the input SongCi, then separately gen-
erates the singing voice and accompaniment based on that
melody, and finally combines all elements to create the fi-
nal piece of music. Additionally, to address the lack of an-
cient music datasets, we create OpenSongSong, a compre-
hensive dataset of ancient Chinese SongCi music, featuring
29.9 hours of compositions by various renowned SongCi mu-
sic masters. To assess SongSong’s proficiency in performing
SongCi, we randomly select 85 SongCi sentences that were
not part of the training set for evaluation against SongSong
and music generation platforms such as Suno and SkyMu-
sic. The subjective and objective outcomes indicate that our
proposed model achieves leading performance in generating
high-quality SongCi music.

Project — https://zcli-charlie.github.io/songsong/

Introduction

SongCi, as a brilliant pearl in the history of Chinese poetry,
is an important carrier of excellent Chinese culture and car-
ries the spiritual pursuit of the Chinese nation for thousands
of years. As shown in Figure 1, these ancient poems that
have been passed down to today can not only be recited, but
also sung as lyrics. Unfortunately, due to historical changes
and the loss of ancient music scores, the original musical
forms of SongCi have largely disappeared and buried in the
torrent of history.

In recent years, music understanding (Li et al. 2024;
Tian et al. 2024) and generation have seen considerable ad-
vancements. In terms of music generation, numerous stud-
ies have focused on generating singing voices (Liu et al.
2022a; Chen et al. 2020) and melodies (Yu, Srivastava, and
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Figure 1: A piece of ancient Chinese SongCi music recorded
using Chinese Gongche notation, which is vertically ar-
ranged and uses special Chinese symbols as musical notes.
The blue box indicates the SongCi, and the red box indicates
the notes.

Canales 2021; Zhang et al. 2022a; Lv et al. 2022). Deep
learning techniques can potentially restore SongCi music,
but there is presently no open-source dataset available for
ancient Chinese SongCi. Existing Chinese music datasets,
like M4Singer (Zhang et al. 2022b) and OpenCPOP (Wang
et al. 2022), are limited to pop songs. Currently, most mod-
els capable of generating complete music with singing and
accompaniment are commercial products, such as Suno and
SkyMusic. These models leverage the powerful generative
abilities of large language models (LLMs) (Zhao et al. 2023)
to create full audio based on user-provided text prompts and
lyrics. Additionally, users can input audio as a style refer-
ence for the model to generate music accordingly. However,
the generation process in these models is often poorly con-
trollable and highly random. Furthermore, the training data
for these models primarily consists of contemporary popu-
lar songs, resulting in generated music that predominantly
reflects mainstream styles instead of ancient music styles.
Although Shan et al. (2023) previously proposed an ancient
Chinese poem-to-song system, due to the insufficiency of
structure superiority and the lack of ancient music corpus,
the music generated by this system is still closer to modern
music.

In this study, we introduce SongSong, a music genera-
tion model that can perform Chinese SongCi. The model
utilizes the auto-regressive Transformer and the diffusion



technology. It takes a SongCi poem as input, first creating
a melody that corresponds to the poem. Next, it synthesizes
the singing voice and generates accompaniment based on the
music score derived from the melody. Finally, the singing
voice, melody, and accompaniment are combined to create
the final piece of music. To tackle the scarcity of ancient
music datasets and aid in the restoration of ancient music,
we present OpenSongSong, a comprehensive dataset of an-
cient Chinese SongCi music, totaling 29.9 hours of SongCi
music. We conduct experiments comparing SongSong with
Suno and SkyMusic, evaluating the results from both sub-
jective and objective viewpoints. The findings indicate that
our proposed model can generate high-quality SongCi mu-
sic that aligns with the traditional style of SongCi. The key
contributions of this work can be summarized as follows:

(1) We propose SongSong, the first music generation model
that can perform SongCi music to our knowledge.

(2) We have developed a comprehensive SongCi music
dataset to address the shortage of publicly available an-
cient Chinese music datasets and to support the restora-
tion of SongCi music.

(3) Experimental results demonstrate that the proposed
model achieves state-of-the-art performance in generat-
ing SongCi music.

Related Work

Singing Voice Synthesis Singing Voice Synthesis (SVS)
is an attracting technique that uses musical score informa-
tion (such as lyrics, tempo, pitch, etc.) to generate natural
and expressive singing voices (Yamamoto, Song, and Kim
2020). In recent years, deep learning has brought revolution-
ary progress in the field of SVS, achieving significant im-
provements over traditional methods. Early deep learning-
based systems use Feedforward Neural Networks (FFNN)
(Nishimura et al. 2016), which outperforms HMM-based
(Rabiner 1989) systems by predicting acoustic features di-
rectly from musical scores. Further developments introduce
Long Short-Term Memory (LSTM) (Kim et al. 2018) and
Convolutional Neural Networks (CNNs) (Nakamura et al.
2019, 2020), which enhances the ability to model long-
term dependencies and acoustic features in singing voices.
Generative Adversarial Networks (GAN) (Hono et al. 2019;
Chandna et al. 2019) is also integrated into SVS systems to
mitigate the over-smoothing problem, leading to more natu-
ral and expressive singing voice synthesis. Moreover, state-
of-the-art deep learning architectures such as Transformer-
based models (Vaswani 2017) like XiaoiceSingv (Lu et al.
2020), GAN-based models like HifiSinger (Chen et al.
2020), and diffusion-based models (Ho, Jain, and Abbeel
2020) like DiffSinger (Liu et al. 2022a), have further im-
proved the quality of SVS.

Melody Generation Lyric-to-melody generation is a key
task in automatic composition, which involves generating a
melody that matches a given lyric. It usually uses an end-to-
end (E2E) model to generate melodies directly from lyrics.
Bao et al. (2019) and Yu, Srivastava, and Canales (2021)
use sequence-to-sequence models to generate melodies from
lyrics. However, these E2E models require a large amount
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of paired lyrics and melody data, and obtaining a sufficient
amount of paired data is both difficult and costly. To ad-
dress this problem, Sheng et al. (2021) avoid the reliance on
paired data by training lyric-to-lyric and melody-to-melody
models separately and interacting them in subsequent stages.
However, since unpaired data is not fully utilized in learning
the correlation between lyrics and melody, the consistency
of lyrics and melody features cannot be ensured. Ju et al.
(2022) propose TeleMelody, a generative model with two-
stage: lyrics-to-template and template-to-melody. The tem-
plate bridges the gap between lyrics and melody, promotes
better alignment of features, and improves the controllability
of generated melody.

Method

Figure 3 illustrates the structure of our model, SongSong,
which is composed of four modules. It takes SongCi po-
etry as input and produces SongCi music audio as output.
In the first stage, the lyric-to-thythm module predicts the
rhythm, which includes specific tonality and chord details,
for each word in the poetry. In the second stage, the rhythm
is processed by the rhythm-to-melody module to determine
the corresponding note for each word. Next, we transform
the sequence of notes into a melody MIDI file along with
a config file. This config file contains information about the
phonemes of the lyrics, the notes, and the fundamental fre-
quency (f0) for the audio to be created, which is used to
generate the singing voice audio. The melody audio is then
utilized by the accompaniment generation module to cre-
ate accompaniment played by other instruments, enhancing
the overall richness of the audio. Ultimately, the complete
SongCi music audio is produced by merging the singing
voice audio, melody audio, and accompaniment audio.

Lyric To Melody

Lyric: « [((i=1)™ Token ) (i Token ] [ (i + 1) Token ] -

Rhythm: [ Tonality ] ( ith[ Chord ][ Rhythm Pattern ][ Cadence ]) i+ 1)"'...

Melody: | - ( ith [ Bar ] [ Position ] [ Pitch ] [ Duration ]) (i + 1)t

Figure 2: The relationship between lyric, rhythm, and
melody.

The differences between lyrics and melody are quite pro-
nounced. To create a model that can directly link lyrics to
melody, a substantial amount of training data is necessary.
However, since there is currently no extensive dataset for
Chinese SongCi music, we utilize a two-stage method in-
volving rhythm transitions to transform lyrics into melody.

Figure 2 illustrates the connections between lyrics,
rhythm, and melody. The format of rhythm sequence is in-
spired by Ju et al. (2022) and encompasses tonality, chords,
rhythm patterns, and cadences. Tonality consists of a scale
and a root note, with each piece having only one tonic,
meaning each rhythm also contains just one tonality. How-
ever, a rhythm can include multiple chords, rthythm patterns,



1 1}
! 1
B A JL Bt 7 [SEP] #E i E Text Prompt Audlio Prompt
. 1
l i Based on given E 1Te><t Embedding l Encodec Encoder
melody, generate an !
[ Tranformer Blocks X N ] i B AT, accon{pagnyp/aymg W i D D D - D D I:' ......
1 &, oy = 1
1 “‘ BB by guzheng. ,—’J [ Auto-Regressive Language Model ]
v e
MAJ Chord A:m7 NOT \ l Lyric Prompt =
BEAT 3Chord Am7NOT~ Ny v 4 e OoOooan

-

Accompany Audio

MAJ Chord A:m7 NOT
BEAT_3 Chord A:-m7 NOT -

‘text”: "B9 A JL AT B AP AP,

}

bh_seq” "'m ing y ve jish iry ou AP AP",
‘oh_dur': "0.25542 0499229 0.12771 -+,
‘note seq": "F4 D#4 F4 F#4 G4 rest rest’,

[ Tranformer Blocks X N ]

}

IConﬁg

‘note_aur: "0.750.750.75 0.75 1.2 -+,
‘note_slur "0000000",

sogl

Bar 0 Pos_14 Pitch._65 - Config W B L W

1

1

1

1

1

1

i ) )=

! Customize -0 .
Bar.0 Pos 12 Pitch 63 Dur 2 | ﬁ —

|

1

1

1

Sing Voice Audio
< Diffusion Denoiser

1
i
i
1 .
ﬂi Loop R Times l
H
i
1
1

Figure 3: The structure of our proposed model, SongSong. The English meaning of input SongCi is “How rare the moon,so

round and clear! With cup in hand,I ask of the blue sky.”

and cadences corresponding to the lyrics. Chords are col-
lections of sounds with specific interval relationships, de-
termined by a chosen chord progression. Cadences indicate
the conclusion of a melodic section and can be classified as
”no cadence,” "half cadence,” or “authentic cadence,” de-
pending on whether the associated lyric is a regular token,
a pause token, or a final pause token. The rhythm pattern
is derived from the lyric-to-rhythm module which is consist
of stacked Transformer blocks, essentially representing the
beat that aligns with the lyrics. Let X denote the lyric se-
quence, which has a length of n, and Y represent the beat
sequence, which is of the same length.

Y = Softmax (Transformer(X))

The rhythm-to-melody module has the same structure as
lyric-to-rhythm module. It takes the rhythm as input and pro-
duces a note sequence that corresponds to the lyrics. Each
note is represented as a quadruple that includes the bar, po-
sition, pitch, and duration. The bar and position are used
to determine the initial sound time of the note, pitch indi-
cates the note’s pitch, and duration specifies how long the
note sounds. Let Z represent the note sequence, which has a
length of n.

Z = Softmax(Transformer(Y))

The training goal of these two modules is to minimize the
negative log-likelihood on the lyric-to-rhythm data (X;Y7)
or the rhythm-to-melody data (Y;, Z;), which serves as the
loss function. For instance, the optimization goal for the
lyric-to-rhythm module is as follows.

Lyt = —E(x y)logP(Y:| X;)

Melody To Singing Voice

Our singing voice generation model utilizes phonetic units,
meaning the input consists of a phonetic sequence P instead
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of a lyric sequence X. The length of P corresponds to the
total number of phonetic units m. However, having just P is
insufficient; we also need to determine the duration of each
phoneme, represented as (), which also has a length of m
and cannot be calculated using rule-based methods. Further-
more, the singing voice module requires melody information
to ensure the lyrics are sung at the correct pitch. In the pre-
vious section, we derived a sequence of note quadruplets Y,
which includes the note sequence U and the note duration
sequence V. These are matched one-to-one with each lyric,
resulting in both U and V' having a length of n. To produce
a complete song, we also need the fundamental frequency
information F'0, which has a length equal to the number of
frames 7" in the generated audio. £'0 must also be inferred
using a machine learning model. Figure 4 illustrates the de-
tailed design of the singing voice generation module. The
variance encoder is a speech acoustic encoder based on Fast-
Speech2 (Ren et al. 2020), consisting of Transformer layers.
It takes P as input and produces the phonetic acoustic fea-
ture H" ¥ from the last hidden layer.

HY'P = TransformerEncoder(P)

We utilize FastSpeech2’s duration predictor to estimate
the duration of each phoneme. This predictor’s core compo-
nent is a convolutional network (LeCun et al. 1998) made
up of two layers of one-dimensional convolutions. It takes
the note information U, V, and the phonetic acoustic feature
HVE as input.

Q = Convolution(U @V @& HYF)

During training, we optimize the predictor by calculating
the L2 norm of phoneme duration.

Lap = —E)(Qi — Qi)?

The F0 predictor is based on a diffusion model (Nichol
and Dhariwal 2021). It first determines the total number of



frames 7" for the generated audio by adding up the phoneme
durations @) and creates a mapping matrix that connects
phonemes to the mel spectrum. This mapping matrix is then
used to extend the length of the acoustic features from m
to T'. Finally, HYF is used as a condition and conduct R’
rounds of denoising from the original noise F'0 5 to recon-
struct the pitch sequence. The F'0 predictor is implemented
using Wavenet (Oord et al. 2016), which is a fully proba-
bilistic and auto-regressive model composed of causal con-
volutional layers. During training, the F'0 predictor employs
the L2 norm as its loss function.

FO0 = Diffusion(F0 ., HE R

After acquiring the phoneme duration () and F'0, we will
generate the Mel spectrum M for the singing voice, which
consists of 1" frames. Initially, we will use an acoustic en-
coder to derive the acoustic representation ¥ The inputs
for the acoustic encoder include the phoneme P, phoneme
duration @, and F0, indicating that H4¥ captures essential
information about the singing technique. The basic setup of
the acoustic encoder mirrors that of the variance encoder.

HAE = TransformerEncoder(P @ Q @ F0)

Subsequently, we will feed the vocal acoustic features
HAE as a condition into a diffusion model to reconstruct
the Mel spectrum of the singing voice. The standard infer-
ence process for the diffusion model is outlined, where Mg
represents the initial Gaussian noise and R denotes the num-
ber of denoising iterations.

M = Diffusion(Mg, HAF | R)

To enhance the quality of the generated audio and speed
up the inference of the diffusion model, we implement the
shallow diffusion mechanism introduced by DiffSinger. This
mechanism firstly employs a ConvNeXt-based auxiliary de-
coder (Liu et al. 2022b), which consists of depth-wise con-
volutional blocks, to infer the spectrum Mg at the K-th de-
noising step.

Mp = Convolution( HAE)

Then, instead of conducting R rounds of denoising from
the original noise, the denoiser performs K rounds starting
from My .

M = Diffusion(Mg, HA? | K)

The denoiser’s base model is identical to the F'0 predictor.
During the training phase, we enhance the auxiliary decoder
by computing the L1 norm of the Mel spectrum, while the
denoiser utilizes the L2 norm.

Love = _E(M)|Mi - Ml|

The config file created in this section defines the singing
style for the voice generation model and can also be used to
alter the melody MIDI produced by the rhythm-to-melody
module. Since the music generated by the model may not ap-
peal to everyone, we believe that a music generation model
allowing for flexible control over the output content is more
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universally applicable. Consequently, the config file gener-
ated by SongSong is accessible to users. If users are dissat-
isfied with the melody produced, they can modify the config
file independently to adjust both the generated melody audio
and voiceover audio at the same time.

Phoneme:DDDDDDDD
e OO D0 OO

uv

P

VarianceEncoder
HVE
FO
FOPredictor

AcousticEncoder ]

HAE

[ AuxDecoder ]

Mg 17
DurPredictor Q [ Denoiser ] >
M Loop Ror K
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Figure 4: The design of the singing voice generation module.

Melody To Accompany

After completing the previous two sections, we have ac-
quired the vocal audio and melody audio, which can be
merged to produce a full music track. To enrich the final
music output, we can utilize an additional generative model
to create accompaniments played by other instruments.

Based on given
melody, generate an
accompany playing
by guzheng.

l

[ Text Embedding Encodec Encoder ]

| !
Ooo0-000

Auto-Regressive Language Model

Melody Audio

T
|

Accompany Audio

W

Encodec Decoder

[ DDDD]

Figure 5: The specific architecture of adopted accompany
generation module.

Following the approach outlined by Copet et al. (2024),
we implement an architecture that discretizes acoustic fea-
tures and generates discrete acoustic tokens through an
autor-egressive language model for accompaniment gener-
ation. Figure 5 illustrates the specific structure of the ac-
companiment generation module. The input for this mod-
ule consists of a text prompt and an audio prompt, with the
audio prompt being the melody audio. The continuous au-
dio features are quantized using the encoder from Encodec



Annotation

Dataset Style Hours  Singers Phoneme Pitch MIDI
Text Phoneme Pitch  Alignment
Opencpop pop 5.25 1 miss “van”,“ve”,“vn”  D#3-D#5 v v v v v
M4Singer pop 29.77 20 no miss G1-G5 v v v X v
OpenSongSong  SongCi  29.90 89 no miss G1-C6 v v v v v

Table 1: The comparison results for OpenSongSong, Opencpop, and M4Singer. The “Phenome” indicates if certain phonemes
are absent from the dataset, while the “Pitch” reflects the distribution of pitches within the dataset. Phonemes or pitches that
occur fewer than 20 times are deemed excluded from the dataset. The “MIDI” indicates whether the dataset includes music score
information. The “Annotation” specifies the number of annotations present in the dataset. Lastly, the “Alignment” indicates
whether each annotation is synchronized with the corresponding singing voice recording, allowing for the start and end times

of each element to be extracted from the annotation type.

(Défossez et al. 2022). During inference, the text tokens and
audio tokens are combined and fed into an auto-regressive
Transformer to produce the accompaniment audio tokens.
This tokens are then transformed into a continuous Mel
spectrogram using the decoder from Encodec.

Experiment
Dataset

OpenSongSong is an extensive collection of Chinese
SongCi music that includes recordings of singing voices
about 29.9 hours along with their associated annotations
and musical score details. The annotations are stored in a
textgrid file, which contains text, phoneme sequences, and
pitch sequences. Each annotation is synchronized with the
singing voice audio, allowing for easy access to the start and
end times of each element directly from the textgrid file. The
musical score information is converted into MIDI format,
which represents a musical composition in written form, typ-
ically detailing note pitch, duration, and tempo.

We compare the richness of Opencpop and M4Singer with
OpenSongSong in Table 1. The size of OpenSongSong is
comparable to that of M4Singer, and both datasets encom-
pass all Chinese phonemes. However, OpenSongSong fea-
tures a greater number of singers and a broader pitch range.
Additionally, both OpenSongSong and Opencpop include
pitch information in the textgrid file, eliminating the need
to extract pitch from the audio again, thus facilitating its use
in SVS tasks. OpenSongSong stands as the first large-scale,
high-quality dataset of SongCi music, offering diverse an-
notations, covering all Chinese phonemes, and supporting
a wide pitch distribution. It is suitable for various music-
related applications, including singing voice generation, ac-
companiment generation, and lyrics-melody alignment.

Configuration

Both the lyric-to-rhythme and rhythm-to-melody modules
share the same Transformer architecture, consisting of 4 lay-
ers of encoder blocks and 4 layers of decoder blocks. Each
block features 4 attention heads with 256 linear units. In
the singing voice generation module, our acoustic encoder
and variance encoder are based on FastSpeech2, following
the same configuration as Ren et al. (2020), which includes
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4 feed-forward Transformers. The duration predictor com-
prises 5 layers of convolutional networks, each with a one-
dimensional convolution and a kernel size of 3, maintain-
ing an input and output size of 512. The auxiliary decoder
consists of 6 ConvNeXt decoder layers, each with a ker-
nel size of 7 and an input and output size of 512. The de-
noiser and FO predictor are both based on Wavenet, featur-
ing 20 convolutional layers with a kernel size of 3. The input
and output sizes for the denoiser in each layer are 512 and
1024, respectively, while the FO predictor has half the size.
For the accompaniment generation module, we utilize 1.5B-
Musicgen-melody as the initial parameters.

We utilize data from the speaker with the largest corpus
from OpenSongSong, which amounts to around 3.5 hours,
to train the lyrics-to-rhythm, rhythm-to-melody, and singing
voice generation components of SongSong. The rhythm and
melody corpora are prepared following the methodology
outlined by Ju et al. (2022). All training sessions consistently
use the Adam optimizer with a learning rate set at Se-4. The
training is performed on GeForce RTX-3090, with all mod-
ules trained for a maximum of 160,000 steps.

Currently, there are limited open-source systems capable
of generating audio that combines both singing and accom-
paniment. Therefore, we select Suno and SkyMusic, two
leading commercial music generation software, for compar-
ison. These systems leverage the advanced generation ca-
pabilities of LLMs to produce high-quality music that in-
cludes both singing and accompaniment based on simple
text prompts. Additionally, they allow users to input an au-
dio reference to generate music in a similar style.

We use objective and subjective metrics for evaluation.
The objective metric employed is the Frechet Audio Dis-
tance (Kilgour et al. 2018), which measures the Frechet dis-
tance between the embeddings from two audio groups, pro-
viding an evaluation of generated audio quality that aligns
more closely with human perception. We utilize the VG-
Gish and PANN (Kong et al. 2020) models to extract au-
dio embeddings. For subjective evaluation, we evaluate the
music structure, richness of instrumentation, continuity of
motivation, sound quality, pronunciation accuracy, natural-
ness of voice, adherence to the SongCi style and accompa-
niment conformity. The first four metrics are evaluated from
the perspective of ordinary music, while the last four metrics
evaluate the generated music from the perspective of SongCi



Objective Metrics

Common Subjective Metrics

SongCi Subjective Metrics

Test Model
FADyge () FADpann () MS(1) ER() MC() SQ() PA(M) VN() SCS() AC()
Suno 5.74 3.35e-4 65.48 68.85 63.19 62.96  62.59 65.37 35.30 19.28
Zero-shot  SkyMusic 7.88 3.42e-4 63.96 65.48 59.11 72.67  54.81 72.89 25.37 45.69
SongSong 541 3.87e-4 56.67 46.26 53.93 55.56  75.37 65.56 78.44 65.54
Suno 7.92 3.98¢e-4 64.44 62.30 64.41 75.15  48.85 71.04 42.19 28.90
Few-shot  SkyMusic 6.31 5.55e-5 60.26 58.30 60.63 76.41 59.04 72.74 46.67 52.60
SongSong 541 3.87e-4 50.52 49.48 50.04 63.74 7848 72.81 75.19 69.76

Table 2: The comparison results for SongSong, Suno, and SkyMusic. The terms zero-shot and few-shot indicate whether Songci
audio was provided as a reference for Suno and SkyMusic. For subjective metrics, MS stands for music structure, ER denotes
equipment richness, MC indicates motivation continuity, PA refers to pronunciation accuracy, VN signifies voice naturality,
SQ represents sound quality, SCS pertains to conformity with the SongCi style and AC is acompaniment conformity.

music.

We randomly select 50 songs that are not part of the train-
ing data from the SongCi collection used to develop Open-
SongSong for our test set. After performing basic segmen-
tation to eliminate long stretches of silence, we end up with
85 utterances totaling 1.8 hours. The singer features in this
test set is male. The testing process consists of two phases.
The first phase is a zero-shot test, where only text prompt
and SongCi lyric are provided to Suno and SkyMusic, with
the prompt specified as “Chinese classical style, Song Dy-
nasty, Guzheng, male voice.” The second phase is a few-
shot test, where Suno and SkyMusic receive an additional
SongCi piece as a reference. We invite 9 experts from music
academies to participate in the subjective evaluation.

Main Result

The experimental results are shown in Table 2. When
conducting subjective evaluations from the perspective of
SongCi music, we find that Suno and SkyMusic have poor
prompt acceptance ability and cannot understand Chinese
classical styles well. The generated music is almost all in the
style of pop music, and the musical characteristics are far
from that of SongCi music. Moreover, the musical accom-
paniment does not use the guzheng as we have defined, but
uses instruments such as guitars and keyboard instruments
that are typically used in pop music. This problem is difficult
to alleviate even when inputting SongCi music as a refer-
ence. Therefore, Suno and SkyMusic score much lower than
SongSong on SCS and AC. SongSong, after being trained
on the SongCi musical corpus in OpenSongSong, can fully
grasp the pitch and rhythm of SongCi music, and gener-
ate singing voice and accompaniment that are more in line
with SongCi music. In addition, due to the presence of many
rare characters in Song poetry, the two large music models
trained on popular music cannot clearly and accurately sing
every word, and sometimes even miss words and generate
random lyrics. This results in their PA being low. After few-
shot, the accuracy of SkyMusic’s pronunciation shows an
upward trend, while that of Suno shows a downward trend.
However, this issue has not significantly affected the VN of
Suno and SkyMusic. With the large scale pre-training and a
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large number of model parameters, Suno and SkyMusic can
still maintain the naturalness of the original performance to a
certain extent, so VN is not lower than SongSong. SongSong
has undergone strict alignment of lyrics and melody, and the
training corpus already includes rare words that may appear
in SongCi music, so it can not only sing strictly according to
the input lyrics, but also sing each word with correct pronun-
ciation. Therefore, it far exceeds the other two models in the
PA metric and is comparable to them in VN. However, when
evaluating subjectively from the perspective of ordinary mu-
sic, SongSong’s performance is not as good as Suno and
SkyMusic. In addition to the backwardness in model size
and training data capacity, there are several reasons for this
phenomenon. In a SongCi poem, the sentence structure and
length are relatively fixed, and the performance style is rela-
tively monotonous. But Suno and SkyMusic sing it as a pop-
ular song, using structural optimization methods such as rep-
etition, contrast, and modulation to generate more complex
and continuous pop music, thus having higher MS and MC;
The controllability of Suno and SkyMusic is poor. Although
we input a prompt requiring them to only use the guzheng
for accompaniment, they still use other instruments for ac-
companiment, resulting in a higher degree of orchestration,
so their ERs are high; After few-shot, MS and ER decrease
for Suno and SkyMusic, while MC remains unchanged. This
observation supports our analysis that the closer the gener-
ated music is to SongCi, the more monotonous and consis-
tent its style will be. In terms of sound quality, due to the lack
of high-quality Song Dynasty music, our trained model can
not generate muisc with very high sound quality. In terms
of objective evaluation metrics, SongSong has a relatively
high FADvy g, but it is comparable to Suno and SkyMusic
in terms of FADpags. The audio for comparison is SongCi
audio, so objectively speaking, SongSong can also generate
high-quality SongCi audio that conforms to human auditory
perception.

Case Study

To showcase SongSong’s capability to produce high-quality
audio that aligns more closely with the style of SongCi mu-
sic, we carry out a case study using a sample from a test set.



Ground Truth SongSong

f \Ww‘
il

Suno

Skymusic

Figure 6: The mel-spectrogram comparisons among ground truth, SongSong, Suno and Skymusic.

Figure 6 displays the mel-spectrogram of the sample along-
side the audio generated by SongSong, Suno, and SkyMusic
based on the sample’s lyrics. The original mel-spectrogram
is repetitive over time due to the consistent sentence struc-
ture of the SongCi and the fixed rhythm of the SongCi music.
In contrast, Suno’s generated mel-spectrogram exhibits sig-
nificant variation in frequency and loudness across different
time intervals, suggesting a high level of randomness which
shows Suno fails to capture the monotonous and repetitive
nature of Song poetry. Additionally, it lacks mid-frequency
and high-frequency bands. SkyMusic performs better than
Suno in generating Chinese SongCi music, with its mel-
spectrogram reflecting the overall style of Song poetry; how-
ever, it suffers from abrupt changes in the high-frequency
range. On the other hand, the mel-spectrogram produced by
SongSong shows clear temporal repetition, indicating that it
has effectively learned the principles of SongCi music and
can maintain a consistent rhythm for each SongCi line, per-
forming them in accordance with the SongCi style.

Ablation Study
Model Objective Metrics SongCi Subjective Metrics
FAD.gq (1) FADpann (1) PA (1) VN (1) SCS (1)
GSV 20.30 4.93e-4 4525 69.25  46.25
SongSong 7.22 5.05e-4  81.25 70.00 75.50

Table 3: The results of ablation study.

In essence, Suno adopts a structure similar to VALL-E
(Wang et al. 2023), discretizing acoustic features into to-
kens, and then leveraging LLM to sequentially decode the
acoustic tokens to generate a complete piece of music. Butin
fact, this method is not suitable for low-resource situations,
where the melody generation module plays a key role. To
prove this, we additionally introduce GPT-SoVITS (GSV),
a SOTA speech synthesis model, which is based on Brown
(2020) and Kim, Kong, and Son (2021), has the above ar-
chitecture. It can be trained using the same training data as
SongSong to obtain the ability to generate singing voice.
During the evaluation, we select 20 unused SongCi audio
clips and their corresponding lyrics, and ask GSV and Song-
Song to generate SongCi music based on the lyrics. GSV
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uses a piece of SongCi music for few-shot. We assess the
FAD based on the original SongCi audio clips, and we also
invite two music experts to evaluate the performance of the
generated audio on subjective metrics of SongCi music. The
experimental results are shown in Table 3. In terms of ob-
jective metrics, SongSong significantly outperforms GSV on
FADy,,,. For three subjective metrics of SongCi, GSV’s per-
formance is also far inferior to SongSong. During the sub-
jective evaluation, our music experts point out that although
GSYV can sing SongCi with a certain rhythm, it cannot com-
pletely sing the input SongCi, and there are serious phenom-
ena of missing words and repeated generation. Even though
GSYV has been trained on SongCi music data and uses few-
shot in inference, it is difficult to align lyrics and melody
due to limited training corpus, so it cannot strictly output
based on the input SongCi. SongSong uses a rhythm-based
lyric-melody alignment scheme to generate melody infor-
mation first, and then uses both the lyric information and
the melody information to generate singing voice, which is
a high-quality audio that can fully perform the input lyrics
and conform to the style of SongCi.

Conclusion

We present the first music generation model capable of per-
forming Chinese SongCi, SongSong, and the first compre-
hensive dataset of ancient Chinese SongCi music, Open-
SongSong, which supports the restoration of SongCi music.
SongSong first predicts the melody from the input SongCi,
then separately generates the singing voice and accompani-
ment based on that melody, and finally combines all audio
elements to create the final SongCi music. OpenSongSong
features 29.9 hours of SongCi music. We evaluate the per-
formance of SongSong, Suno and SkyMusic, and the results
indicate that our proposed model can produce high-quality
music that embodies the SongCi style.
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