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Abstract

Music generation using broadly understood Al is an evolving field with many challenges and opportunities. This thesis
explores the use of generative adversarial networks for this endeavour, focusing on and comparing variety of different
solutions that are already developed. Various architectures were tested and evaluated, in order to find the most effective
approach to generating music. The results demonstrate that, although there are many solutions that can generate music
that is both coherent and creative, there is still place for improvement in terms of model stability and created music quality.
This work contributes to the understanding of generative adversarial networks in music generation and provides a foun-
dation for future research in this area.
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1. Introduction However, the task of generating music in similar
ways is much more demanding and challenging. Music is
usually composed of multiple instruments and vocals
closely interacting with each other, making it much more
demanding to recreate by Al [2]. Attempts were made to
create GAN models tailored to such tasks with various
effects. This work aims to investigate and compare a few
of the most promising of them.

Music is one of the most elusive and complex forms of
art. It is a universal language that transcends cultural and
linguistic barriers while also being deeply personal and
subjective. Generating music that can be considered on
par with its human-made counterparts is a task that has
driven many programmers and musicians alike to create
their unique solutions to said problem. This study aims to
compare a few of the most notable ones based on gener- 2.1. What is GAN?
ative adversarial networks (GANSs) [1], how they man-
aged such tasks, and what issues they encountered. In do-
ing so, our aim is to create a background for future tests
and breakthroughs in this field. Firstly, a closer look was
taken at GANSs in general, their inner workings, many dif-
ferent versions, and applications. It is mandatory to un-
derstand how they operate and how GANSs evolved after
their introduction in 2014 to be able to compare specific
models in specific fields like music generation. The next
topics addressed in this paper are more music centered.
Matters like differences between specific file formats
used in the music industry or approaches to music gener-
ation itself. After that, having established the technical
properties of the environments where the tests were run,
said tests were conducted. Then, the tests’ results were
evaluated using a plethora of metrics in an attempt to ob-
jectively assess and rate each of the models that partici-
pated in the testing.

Generative Adversarial Network (GAN) is a framework

for estimating generative models proposed by Ian Good-

fellow in his 2014 paper [1] Said framework consists of
two separate parts:

e generative model (later as generator) — model that
uses labeled training dataset to learn differences be-
tween provided data, used for supervised classifica-
tion,

e discriminative model (later as discriminator) —
model that is often used with unlabeled training da-
taset to generate new data that is similar to one pro-
vided,

They are competing with each other in the form of a
zero-sum game; the generator generates new data, while
the discriminator assesses whether the sample is taken
from the dataset or made by the generator. The sole train-
ing criterion is competition between those two models,
where the generator tries to create a sample that the dis-
2. Literature review criminator determines to be coming from the dataset. If
both the generator and discriminator are multilayer per-
ceptrons (MLPs), GAN can be trained with backpropa-
gation.

Consequently, after GANs’ introduction, there were
many new versions developed with alternative architec-
tures, such as Conditional GAN [3], Deep Convolutional
GAN [4], Laplacian Pyramid GAN [5], Cycle-Consistent

Nowadays, the rapid development of Al provides us with
not only new ways of solving various problems but also
new, interesting approaches to creating art. GANs are
neural networks made with the aim of generating realistic
data. They have found widespread usage in producing
both pictures and videos, with tools such as Midjourney,
DeepAl or Sora becoming extremely popular in recent
years.
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GAN [6], Self-attention GAN [7] or Deep Regret Ana-
lytic GAN [8].

There are many ways to create a GAN model, but sev-
eral frameworks provide tools and libraries that greatly
enhance and simplify the process. As described in [9], the
most popular are TensorFlow, PyTorch and Keras.

2.2. Applications of GANs

Being a versatile and powerful tool, that GAN is, it has
found many applications in various fields; first and fore-
most, the obvious application of GANSs is generating im-
ages, videos and 3D objects [10] [11] [12], as this is what
the majority of research is focused on. It is, though not
the only application of this technology, as it can also be
used to generate datasets [13] [14], reconstruct photos
and enhance their resolution [15] [16] [17] or help im-
prove healthcare by creating automatic disease detection
systems [18].

Raising the subject of GANSs applications, we cannot
in good conscience omit the fact of their potential mali-
cious use. It can be used to create fake identities or, for
example, fabricate false medical records [19].

2.3. Music generation approaches

Music generation may seem like a straightforward task
similar to image generation, but in reality, it is much
more complex. Music is a form of art that is based on
many factors, such as rhythm, melody, harmony, timbre,
dynamics, and lyrics. All of those elements have to be
taken into consideration when creating a model in order
to achieve satisfying results. In this subsection, a closer
look will be taken at some of the most interesting works
in the field of music generation using GANs.

2.4. Difference between music and sound file for-
mats

File formats are a crucial part of music generation, as they
determine the way the music is stored, processed, and
how many details are included. There are many different
formats, serving different purposes, but for this topic, 2
are the most important: MIDI and WAV.

MIDI, or Musical Instrument Digital Interface, is not a
standard file format but more of a data communication
protocol. As described in [20],” The difference between
audio information and MIDI data is similar to the differ-
ence between a tape recording of a pianist performing a
piano sonata and the sheer music for that same sonata.
The recording captures the musical information itself,
storing the actual sounds that came from the piano. Data,
on the other hand, represents information for the pur-
poses of storing or transmitting it in a more compact or
more easily transmitted form”.

Thus, MIDI is not used to store actual sounds, like
WAV, MP3 or FLAC, but rather raw information about
the sound. This approach provides both limitations and
advantages. MIDI is broadly used in the creation of digi-
tal or electronic music, as it allows for tremendous flexi-
bility in terms of editing and control over the track or
even single notes. Its main advantage in the field of music
generation is its richness in information about the music

piece, as it contains not only notes but also information
about pitch, rhythm, tempo, repetition of single notes,
and much more. This makes it a perfect choice for music
generation, as it provides a lot of data to work with. How-
ever, MIDI also has limitations. For example, MIDI does
not specify any particular sounds that an instrument must
make. Thus, it does not help in keeping the quality and
range of created pieces in any way. There are also tech-
nical shortcomings. The most prevalent one is that the
MIDI format contains only 16 channels of data. This
might not be enough for any music pieces containing
many instruments and vocal parts.

WAV, originally named WAVE for Waveform Au-
dio File Format, on the other hand, is a standard for audio
data. Presented by IBM and Microsoft back in 1991 [21],
WAV has become a staple in the music industry, as it is
uncompressed, hi-res, and LPCM (Linear Pulse-Code
Modulation) using audio format.

2.5. Music generation using GANs

The first GAN model prepared specifically for music
synthesis that is important to mention is multi-track se-
quential GAN (MuseGAN), proposed by Dong et al. [2],
as the authors tried to tackle the problem that most prior
studies chose to simplify. Previous attempts settled for
generating only single-track monophonic music or poly-
phonic music as a combination of several monophonic
melodies. MuseGAN, however, aims to avoid such sim-
plifications and create multi-track polyphonic music
with” harmonic and rhythmic structure, multi-track inter-
dependency and temporal structure”. Another interesting
work in the field of music generation is created by Lijun
Zheng and Chenglong Li, Learning Automata-based SA-
GAN (LA-SAGAN) [22]. They point out that using the
self-attention (SA) version of GAN architecture is quite
important for long-distance dependencies in produced
pieces. A further advantage of this solution is utilising
SA’s mechanism of providing emotional features to the
input, which was crucial in the synthesis of music with a
specific desired theme, or even genre.

In his work, Korneel van den Broek presented a con-
siderably different solution with his MP3net [23]. It is a
WGAN-based deep convolutional model with MP3/Vor-
bis-like audio compression and Modified Discrete Co-
sine Transform (MDCT) data representation.

The architecture of the model is a deep 2D convolu-
tional network, where each subsequent generator model
block increases resolution along the time axis, also add-
ing higher octave along the frequency axis. Deeper layers
are also connected to all the output parts, so the context
of the whole music piece is not lost along the way.

2.6. Challenges and limitations

As in any other field of research, there are also many
challenges and limitations to overcome when working
with music generation and GANs. Those issues can be
related to many topics, some of which are not even re-
lated to machine learning algorithms themselves.
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2.7. Finding dataset

Difficulties may even occur at the very beginning of the
process when it comes to data selection. This is a com-
mon problem, especially when working on a very spe-
cific theme which is not very popular among existing
works and datasets [24] [25] [26].

2.8. GANS’ common issues

In some use cases, GANSs or their modifications may have
some limitations due to their distinctive features. It’s
worth taking a look at some of the most common issues
that may occur when working with GANs. Basic RNNs
may encounter” vanishing gradient”, a problem where
weights become too small and result in difficulty in train-
ing the network. [27] The generator stops learning be-
cause discriminator becomes too effective and labels real

and generated data too well, pushing loss function to 0

which results in producing gradients very close to 0 as

well [28]. But that’s not the only issue with GANs. Korn
and Yilmas in their work [29] say that GANs that were
introduced in existing works also suffer from issues like:

1. Unstable convergence / Nonconvergence - situation
where parameters become unstable, and it’s impossi-
ble to achieve convergence between generator and
discriminator parameters,

2. Mode collapse - generator output is limited to a small
subset of samples. It’s a common and very challeng-
ing GAN problem also known as” the Helvetica sce-
nario” [1]. It happens when the generator learns to
trick the discriminator by producing a small variety
of outputs. That leads to failure in model training,

3. Opverfitting - occurs when the model learns to memo-
rize training data instead of generalizing it. It’s a com-
mon problem in machine learning and deep learning
in general when output is too close to training data
(301,

4. Hyperparameters - hyperparameters are not an issue
by themselves, but GANs are very sensitive to their
selections, which means that even slight changes
made to them can result in significant changes in out-
put quality and overall performance.

2.9. Challenges in music generation

Music generation is a very specific field of research, and
it has its own challenges that are not present in other
fields of research. In Motsai [26], Schneider et al. pro-
pose their diffusion model which should deal with at least
some of the challenges they mention in their work includ-
ing:

e length of the generated music - most of text-to-audio
systems were able to generate only short pieces, about
few seconds long,

e model efficiency - authors say that many models need
to run on several GPUs for hours just to generate one
minute of audio,

e lack of output diversity - many models are limited to
only single genre of music,

e casy controllability by text prompts - other models are
controlled either by latent states, starting snippet of
music or text but the lyrics (not the description of
piece).

2.10. Evaluation

Another hard topic in the GAN world is their perfor-
mance and quality evaluation, Korn and Yilmas [29]
mention” lack of comprehensive evaluation metric” as
one of the biggest problems happening to this type of
neural network. Typical measures like model likelihood
are not applicable for GANs, moreover there is lack of
robust and consistent evaluation metrics and also not
many comparisons of models to objectively assess which
one has better performance. That’s why this is still an ac-
tive field of research. Trieu and Keller [27] also mention
that evaluation of models is a challenge.

2.11. Conclusion

It’s visible that peoples’ urge to create virtual assistants
and generative tools that will boost their daily perfor-
mance by simplifying certain tasks results in rapid
growth in Al field, great development in generative net-
works and very big interest in every new discovery, every
new model which will outperform the others. This results
in many new neural network architectures, one of which
is the base of this thesis, GAN. GANs popularity and its
abundance of usages made an impact on development of
many new versions of this neural network like CGAN,
DCGAN, WGAN or SAGAN and many more which
were trying to improve both the original and GANs’ an-
cestors' architecture. It was also mentioned that music
generation using GANs can be achieved in different ways
- generating sound waves using sound files, or by com-
posing the music piece in” computer-friendly musical no-
tation” - MIDI, this works main interest. There are many
different approaches to music generation, not only the
GAN way, but for symbolic music generation it came out
to be most effective while maintaining satisfactory per-
formance on consumer-grade devices.

No field of research mentioned related to GANSs is
fully covered, and there are many possibilities for further
studies. That’s why it’s crucial to compare, evaluate and
benchmark existing models - to properly assess their
value in possible applications and find the best suiting
one for the task, but also to see where further research
could be conducted in order to move on forward, make
progress and maintain the pace of the remarkable Al
growth.

3. Objective

This research’s primary objective is investigation of the
impact of various GAN models selection on the quality
of generated sounds and melodies. It will focus on anal-
ysis if GAN can generate melodies that are similar qual-
ity to those composed by real musicians and, most im-
portantly, it’ll try to answer the question if complexity
and architecture of selected models have any impact on
the quality of generated pieces and if it does — how
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significant it is and what’s the best approach for generat-
ing high quality melodies.

3.1. Thesis

GAN models are capable of generating high-quality mu-
sical pieces that are comparable to those composed by
humans.

3.2. Hypotheses

For thesis above, the following hypotheses are formu-

lated:

e HI: Can the GAN model generate high quality music
that is comparable in quality to human composed
melodies?

e H2: Does the complexity of GAN model architecture
affect the quality of generated melodies?

4. Tools and research methods

In this research, multiple programs, each using different
GAN models, will be used in order to test hypotheses
posed in the previous chapter. To ensure minimal impact
from external factors, every program will be trained and
tested on the same dataset and executed on local PCs with
identical hardware specifications.

4.1. Technologies and tools:
4.1.1.Hardware specification:

e CPU - AMD Ryzen 7 7800X3D,

e GPU - NVIDIA GeForce RTX 4070

¢ RAM memory — 32GB DDRS5 6000MHz
Operating system: Ubuntu 24.04.1 LTS

4.1.2.Software specification:

IDEs:

IntelliJ IDEA 2025.2

Visual Studio Code 1.104

Python 3.10.13 - programming language broadly used
in the machine learning world. It is known for its pop-
ularity which results in a large number of libraries,
also those helpful in creating Al models,

e TensorFlow 2.15.0 - an open-source library for ma-
chine learning developed by Google Brain team.
Broadly used for neural network and ML applications
development.

4.2. Subject and scope of research:

The main subject of this work is the comparison of pop-
ular GAN models used for generation of symbolic music
based on MIDI files in terms of their quality and perfor-
mance in preparing synthetic musical pieces that will be

as similar to human-composed ones as possible. MIDI

was picked as the default music representation file, be-

cause it represents music at a symbolic level, making it
far closer to how humans conceptualize musical compo-
sition. Chosen GAN models are:

e MuseGAN - Created by Dong et al [2]. Goal of this
work was to avoid as much of simplifications of pre-
vious works as possible in terms of reducing com-
plexity of music pieces by generating only singletrack

music, using chronological ordering of notes or gen-
erating polyphonic music by combining multiple
monophonic tracks,

e MidiNet - created by Yang and his team [31] it is
GAN which uses CNN approach rather than RNN.
Authors inspired by WaveNet [32], which used the
second option and audio files as input rather than
symbolic music, wanted to investigate the usage of
CNNs for generating melodies. This resulted in
model able to create polyphonic pieces with compa-
rable or even better quality than MelodyRNN,

¢ SeqGAN - introduced by Yu et al. [33] is developed
as a response to the challenge that GANs are facing
which is generating sequences of discrete tokens.
This challenge arose because the discrete outputs of
the generator make it very difficult to backpropagate
the gradient update from the discriminator. To over-
come this problem, the authors proposed their own
framework for generating sequential discrete data.

4.3. Dataset:

Lakh MIDI Dataset (LMD) is the dataset chosen for this
study. LMD consists of 176 581 MIDI files with music
from various genres, from which only 2697 rock pieces
were filtered out, which is very similar approach to
MuseGAN paper, where authors used Lakh Pianoroll Da-
taset which is LMD but in the form of pianorolls saved
as numpy arrays.

4.4. Evaluation metrics:

Experimental parameters used in this research have to
clearly signal which GAN architecture is best for the
quality of generated melodies.

Mode collapse metrics - quality of generated music in

general:

e Qualified Rhythm frequency (QR) - measure of how
often lengths of notes are within valid beat ratios,
which are {1, 1/2, 1/4, 1/8, 1/16}. Also, their dotted
and triplet counterparts are included, and any combi-
nation of two of those ratios,

e Consecutive Pitch Repetitions (CPR) - measure of
how often the same pitch is repeated | times in a row,
where | is a specified number of repetitions that
should be taken into account. We’ve chosen 1 = 8 be-
cause in rock music there could be more repetitions
because of simplicity of some of the rock subgenres,

e Durations of Pitch Repetitions (DPR) - measure of
how frequently the same pitch is repeated for a certain
minimum duration of time. In this case, the threshold
value was 24 timesteps, which is equivalent to 2 mel-
ody bars.

e Off-beat Recovery frequency (OR) — measure of how
often a generated note, after a time, offset of d, falls
back on beat-aligned positions (e.g., every 6 steps for
eighth notes in 48-timestep bars).

Creativity Metrics:

e Tone Spans (TS) —how many neighbouring notes had
tonal difference of single octave,

e Pitch Variations (PV) - measure of how many differ-
ent pitches are used in generated sequence,
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e Rhythm Variations (RV) - measure of how many dif-
ferent durations of a note are played within a gener-
ated sequence.

5. Results

Each metric was calculated for a single track from sample
data and then average value for samples for training da-
taset, and both models were calculated as a final result
for each.

Unfortunately, results for SeqGAN are not present in
the table, because of problems with configuration of the
model. Among many trials there wasn’t a single one in
which model would remain stable and present healthy
competition between generator and discriminator neural
networks.

Table 1: Results of tests conducted for this article

METRIC Dataset MidiNet Muse-

GAN
QR 0.45521 0.02162 0.22442
CPR 0.02873 0.99611 0.00685
DPR 517.25139 128.00000 3.42188
OR 0.12447 0.12500 0.12099
TS 0.00038 0.00002 0.00897
PV 0.00472 0.03113 0.40853
RV 0.00155 0.00049 0.07210

6. Discussion

The dataset had ~46% of notes with lengths that were
valid for beat ratios from our list. MidiNet performed
very poorly with just 2% of such, meaning MuseGAN’s
definite advantage with a result of 22%.

CPR for training dataset was about 0.02873, meaning
that ~3% of the data included repetitions of single pitch
at least 8 times in a row. MuseGAN performed definitely
better than MidiNet, values of this metric for models
were 0.99611 and 0.00685 accordingly meaning that the
second one’s structure of generated track was more alike
with training data. The value for MidiNet suggests mode
collapse.

Input data’s DPR was ~517 which means high occur-
rence of repetitions of long-lasting notes. MidiNet value
was somewhat near with a result of 128. MuseGAN on
the other hand had a 3.42188 DPR value which means a
more varied nature of samples generated by this model.

OR for every set of data was nearly the same with
0.12447 for training data, 0.12500 for MidiNet and
0.12099 for MuseGAN meaning low Off-beat Recovery
frequency for each.

In terms of creativity metrics, MuseGAN performed
the best with the highest value for each. This model’s TS
value was about 0.00897 meaning most frequent

appearance of at least octave difference between two con-
secutive notes, significantly higher than input data and
MidiNet, for which those values were rather small —
0.00038 and 0.00002 accordingly.

MuseGAN has shown also the most varied pitches
among compared models wth PV value of 0.40853, sig-
nificantly higher than MidiNet and LMD with 0.03113
and 0.00472 accordingly.

The same situation happened with the Rhythm Vari-
ations metric. MuseGAN generated the most differenti-
ated samples in terms of note lengths.

Overall, the second model outperformed MidiNet in
terms of numerical results. The greater diversity of gen-
erated pieces and significantly higher resistance to mode
collapse were decisive factors that indicated its superior-

ity.
7. Conclusions

SeqGAN evaluation was not possible due to problems
with overall stability. The hyperparameters chosen in
every test suite didn’t allow for even a single positive
learning run which could be the fault of values chosen for
each.

Both models that were possible to compare performed
very differently for the dataset of choice, which confirms
the second hypothesis that complexity of model architec-
ture affects the quality of generated melodies.

MuseGAN has shown higher creativity in generated
tracks and was more resistant to mode collapse. MidiNet
on the other hand, showed a high probability of occur-
rence of such issues which was mostly visible in the CPR
metric. Overall MidiNet seemed to generate closer sam-
ples to input data but most probably due to low creativity
and mode collapse occurrence. That leads to the conclu-
sion that MuseGAN is a better model overall.

Results for this model show that GAN models can
produce differentiated and original melodies, however
that doesn’t mean they’re human-grade quality, because
of complexity of the musical pieces and their character-
istic parts among single song of certain genre, which
couldn’t be reflected by evaluated models because of the
way they’ve processed each track, what counterparts both
thesis and first hypothesis of this work.Future directions

Future work could include a broader selection of
models, including those based on other architectures such
as diffusion models. Featuring more models may be even
more impactful for the overall discussion about music
generation topic. These types of papers are invaluable
during research and development processes while work-
ing on new or improved solutions.

Evaluation of models could, just like some of the
works presented in the literature review section, also in-
corporate user study, that may allow for an evaluation of
the models from the human perspective, be it casual lis-
teners of even professional musicians. These types of
studies, featuring humans listening to created music, are
crucial for a real and grounded improvement in this sub-
ject as, in the end, music is supposed to be listened to and
enjoyed by humans.
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We hope that this paper, as a thorough comparison of
some of the most popular models, can serve as a founda-
tion for further expansion and advancement of presented
topics.
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