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Suno has attracted wide attention due to its
impressive capabilities. It demonstrates technologi-
cal advancements and opens up new possibilities for
music composition, representing a milestone in the
development of artificial intelligence (AI) music gen-
eration. In this paper, we first introduce the back-
ground and summarize the general technical frame-
work of Al music generation, followed by an analysis
of Suno’s advantages and disadvantages. Finally, we
discuss the future trends in Music and Al.

1 Introduction

In March 2024, Suno AI (https://www.suno.ai)
released its latest AI music generation platform,
Suno v3 (Suno) (Freyberg, 2024). Endowed with out-
standing creative capabilities, Suno has quickly at-
tracted widespread attention from Music and Al en-
thusiasts. It can generate personalized music based
on text descriptions and make music composition
simple and efficient, allowing everyone to experience
the joy of creating music.
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Suno’s popularity is inseparable from the rapid
development of AI music generation technologies.
Currently, AI music generation contains two main
categories: symbolic music generation (Huang CZA
et al., 2019; Huang YS and Yang, 2020; Hsiao et al.,
2021) and audio music generation (Agostinelli et al.,
2023; Copet et al., 2023; Huang QQ et al., 2023).
Symbolic music generation usually represents mu-
sic as sequences of musical events and uses time-
series models to predict future musical events based
on preceding ones. It exhibits characteristics such
as efficient information encoding, understanding of
complex musical structures, and editability. Audio
music generation often uses deep learning models to
process music in the audio format, showcasing char-
acteristics such as richness of information, authen-
ticity of performance, and diversity of generation.

Exploring the general technical framework of
AT music generation reveals that it primarily com-
prises three modules: a lyric generation model,
a voice synthesis model, and a music generation
model. First, the lyric generation model generates
matching lyrics based on the text descriptions pro-
vided by users. Subsequently, the voice synthesis
model converts these lyrics into singing voices with
appropriate melodies. Finally, the music genera-
tion model generates corresponding accompaniments

from the text descriptions and the singing voices.
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Based on this general technical framework, Suno re-
alizes the entire creative process from text to song,
fully demonstrating its advantages such as integrated
lyric-melody—song creation, simplified and diverse
music composition, and cross-cultural communica-
tion and integration.

Suno’s success leads to a new trend in Al mu-
sic generation. A surge of emerging Al music gen-
eration platforms has sprung up, such as SkyMusic
(https://www.tiangong.cn) released by Kunlun Tech
and Stable Audio (https://www.stableaudio.com)
released by Stability AI. The emergence of such plat-
forms is likely to spark a revolution in Music and Al
and may have profound impacts. In the remainder
of this paper, we will introduce the background of
AT music generation, summarize the general tech-
nical framework, and then discuss Suno’s potential,
prospects, and future trends in Music and Al

2 Background of AI music generation

In recent years, the advancements in neural net-
works have significantly contributed to the progress
of Al music generation, which comprises two main
categories: symbolic music generation and audio mu-
sic generation. Fig. 1 shows the timeline of AI music
generation.

2.1 Symbolic music generation

Symbolic music generation considers music
pieces as sequences of text-like information, convert-
ing musical elements, such as pitch, position, dura-
tion, and velocity, into symbols for processing, mod-
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eling, and recreation. It primarily uses time-series
models (Hochreiter and Schmidhuber, 1997; Vaswani
et al., 2017) to effectively capture the temporal struc-
ture and handle long-distance dependencies between
musical elements, thus generating stable and long-
structured music pieces.

Symbolic music generation exhibits the follow-
ing characteristics:

1. Efficient information encoding: The model
can process and generate music more efficiently by
converting musical elements into symbols (Huang
CZA et al., 2019; Huang YS and Yang, 2020; Ren
et al., 2020; Hsiao et al., 2021; Zeng et al., 2021).

2.
tures: Using advanced time-series models, symbolic

Understanding of complex musical struc-

music generation can understand and generate music
pieces with complex musical structures (Wu J et al.,
2020; Zou et al., 2022; Wu XD et al., 2024).

3. Editability: A significant advantage of sym-
bolic music generation is that the generated music
pieces are easy to edit. Since musical elements are
converted into symbols, users can adjust them more
flexibly.

Symbolic music generation can achieve high-
quality music generation with low computing costs.
This unique advantage ensures that its contributions
to music generation will further be studied.

2.2 Audio music generation

Audio music generation uses deep learning mod-
els to process, analyze, and generate music in the

audio format. With the rapid development of
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Fig. 1 Timeline of AI music generation, including symbolic music generation and audio music generation
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audio generation (Kreuk et al., 2023; Liu et al.,
2023), it evolves into more complex and creative
applications, particularly speech generation and au-
dio music generation. Speech generation converts
text into speech by simulating human speech from
the perspectives of tone, rhythm, and emotion, with
standard models including FastSpeech (Ren et al.,
2021) and SpeechT5 (Ao et al., 2022). Audio music
generation generates music based on text descrip-
tions, such as Jukebox (Dhariwal et al., 2020), Riffu-
sion (Coldewey, 2022), MusicLM (Agostinelli et al.,
2023), Noise2Music (Huang QQ et al., 2023), and
MusicGen (Copet et al., 2023).

Audio music generation exhibits the following
characteristics:

1. Richness of information: By directly process-
ing audio data, it can accurately capture the details
of music (Agostinelli et al., 2023; Copet et al., 2023),
such as timbre, pitch, and rhythm.

2. Authenticity of performance: It can under-
stand the complex musical information and achieve
more authentic performance (Ren et al., 2021; Ao
et al., 2022), such as the mixed sounds of different
instruments.

3. Diversity of generation: Audio music gener-
ation supports diverse music generation using text
descriptions that contain different styles and emo-
tions (Dhariwal et al., 2020; Agostinelli et al., 2023;
Copet et al., 2023).

3 General technical framework of Al
music generation

The general technical framework of AI mu-
sic generation primarily consists of three modules
(Fig. 2): a lyric generation model, a voice synthesis
model, and a music generation model. The three
modules are detailed below:

1. Lyric generation model: A lyric generation
model employs advanced natural language process-
ing technologies, enabling a deep understanding of
complex user instructions and emotional expressions.
This module is featured by its high flexibility and in-
novation, which allow the model to quickly generate
lyrics that match the text descriptions provided by
users.

2. Voice synthesis model: A voice synthesis
model transforms lyrics into natural singing voices.
It not only preserves the meaning and emotions
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of the lyrics but also produces singing voices that
Taking Bark
(https://github.com/suno-ai/bark) as an example,

closely match human performances.

it adopts a multi-stage encoding approach to process
user’s inputs by converting the original text into to-
kens, which are then used to generate corresponding
audio through a GPT (Brown et al., 2020) frame-
work. Bark effectively decouples the training pro-
cess, allowing each stage to be trained independently.

3. Music generation model: The overall archi-
tecture of audio music generation is shown in Fig. 3.
The model takes music references (such as singing
voices) as the input and generates corresponding mu-
sic as the output. It enhances robustness to multi-
batch, high-noise training data by continuously opti-
mizing and iterating between audio and latent space,
thereby improving the accuracy and reliability of mu-
sic generation. Additionally, conditions, such as text
descriptions and music references, can ensure that
the generated music conforms to specific preferences.

We believe that the general technical framework
of AT music generation described above lays the foun-
dation for Suno, which aims to convert text descrip-
tions into singing voices with specific emotions and
styles, and to create harmonious accompaniments
that match the descriptions and singing voices. It
enables a complete creative process from text to an
entire song.

4 Potential and prospects

As mentioned, Suno shows great potential in Al
music generation. Its main advantages include:

1. Integrated lyric-melody—song creation: Ex-
isting Al music generation technologies, such as
MusicLM (Agostinelli et al., 2023) and MusicGen
(Copet et al., 2023), typically focus on specific as-
pects of song creation, such as text-to-music, and do
not encompass the entire creative process. In con-
trast, Suno builds a multi-modal music composition
platform that integrates the latest advancements in
lyric generation, voice synthesis, and music genera-
tion. This fusion of innovative technologies creates
new possibilities for the interaction between texts
and songs, offering users a richer and more profound
experience.

2. Simplified and diverse music composition:
Suno makes simplified and diverse music cre-

ation possible. Unlike existing music generation
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technologies that require complex text inputs with
musical knowledge, Suno stands out by providing
music composition solutions based on simple text
descriptions. This unique way of creation provides a
new way for music lovers to express themselves.

3. Cross-cultural communication and integra-
tion: Suno effectively promotes cross-cultural music
communication and integration. As one of the most
widely used Al music generation platforms, it breaks
down geographical and cultural boundaries and facil-
itates the blending of musical elements from different
cultures, opening up new paths for the development
of global music culture.

Suno is changing the creative methods of ama-
teur and professional creators. It greatly broadens
the possibilities of musical expression, enabling more
people to participate. Similar to ChatGPT’s impact
on various fields (Zhou et al., 2023), Suno is becom-
ing a revolutionary force in the music industry, and
its influence may extend beyond creation, profoundly
impacting more fields such as music cognition, music
industry, and music aesthetics.

5 Limitations

Although Suno has demonstrated strong capa-
bilities in understanding and generation of music, it

still has several limitations (Fig. 4):

1. Long-term coherence: Suno may face issues
establishing coherence between different sections of
longer songs. This highlights the challenge of long-
term dependencies encountered by the Transformer
(Vaswani et al., 2017) architecture, which is still one
of the hot topics in academic research (Al-Rfou et al.,
2019; Dai et al., 2019).

2. Fine-grained creation: Suno excels in basic
song generation but still struggles to meet more de-
tailed creative demands. For instance, when users
attempt to mix multiple music styles or set tempos
(in beats per minute, or BPM), Suno often fails to do
so perfectly. To address this challenge, one potential
solution is to implement a conversational generation
platform that allows users to edit generated music
pieces through dialog.

3. Multilingual support: Suno exhibits varia-
tions in its creative capabilities when dealing with
different languages. For example, the model shows
inadequacies in understanding the semantics and cul-
tural context of Chinese lyrics. This challenge stems
from the complexity of the language and the culture,
requiring the model to parse literal meanings and
capture subtle cultural nuances, which are crucial
for song composition.

4. Content safety and legal risks: Suno may



Yu et al. / Front Inform Technol Electron Eng 2024 25(7):1025-1030

1029

P

Song description
A song describing day and night

Generation result

Ho - -

_J

s N

Song description
A passionate disco song expressing how | can't wait to see you again with 60 BPM
Generation result (125 BPM)

AR BB+
(b)

Song description
—ERATAREAYERE, BB LA MR
Generation result (lyrics and pronunciation in the song)

chéoyéngzhaoyso  qi wi de guang méng gén sui ta de guang yi i yuinhang

HERE BENX T REEHNX —BITM

J

N

(a)

()

Fig. 4 Examples of Suno’s limitations: (a) long-term coherence—Suno may face problems with continuity
between different parts of longer songs; (b) fine-grained creation—the tempo of the generated song is 125 BPM,
which does not match the description; (c) multilingual support—Suno is not good at dealing with Chinese
polyphonic characters; for example, “#fH” here is sung as “chéo yang” by Suno, but the correct pronunciation

is “zhao yang”

generate content involving sensitive issues or cul-
tural conflicts without clear content restrictions. To
reduce these potential risks, technologies such as re-
inforcement learning from human feedback (RLHF)
can train specific reward models (e.g., for content
safety) from human preference data and optimize
the generation model, which has been adopted by
existing studies (Ouyang et al., 2022; Touvron et al.,
2023) and is also applicable for Suno.

6 Discussions and conclusions

Suno’s emergence has already sparked discus-
sions about Music and AI. Here, we discuss several
future trends in Music and Al:

1. Music creation paradigms: With advance-
ments in tools like Suno, Music and Al is mov-
ing toward more interactive composition experiences.
This new paradigm enables music generation based
on user descriptions and refines the creation pro-
cess through dialog (Yuan et al., 2024). In the
future, users can express their musical preferences
through simple descriptions, making the creative
process more flexible.
back and dialog allow users to engage more deeply in

Meanwhile, real-time feed-

music generation, ensuring that the generated music
meets their emotional and aesthetic requirements.

2. Music cognition: The application of AT music
technologies will profoundly impact our cognition of
music. The involvement of Al expands our under-
standing of music. By analyzing a large number of
music pieces, Al can discover previously overlooked
patterns and trends in music creation, thereby ad-

vancing the development of music theories (Yu et al.,
2022; O’Boyle, 2023).

3. Music industry and ecosystem: The further
development of emerging Al technologies will revolu-
tionize the music industry and its ecosystem. Many
aspects of music, such as composition, distribution,
and consumption, will become more efficient, person-
alized, and diverse. It will also lower the threshold
for music generation, making it easier for creators
to enter the field, thereby increasing the diversity
of musical works. These changes not only foster new
ways of music distribution and consumption, but also
promote effective management of music copyrights.

4. Music aesthetic evaluation: Suno leads to
discussions on the aesthetic value of Al-generated
music. Formulating relevant evaluation standards
can help us better understand and appreciate them.
It may challenge traditional musical aesthetic theo-
ries, prompting us to think about how to improve
aesthetic value in technological progress and gain a
deeper understanding of music as a complex form of
cultural and emotional expression.

In summary, as a pioneer in the field of Mu-
sic and AI, Suno integrates numerous cutting-edge
technologies to promote the advancement of AT mu-
sic generation. We believe that Al music generation
platforms will revolutionize traditional ways of cre-
ating music and give rise to new applications, ulti-
mately forming a new trend in Music and Al
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