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1 Introduction

Music generation is an exciting and evolving field
that combines artificial intelligence and creative ap-
plications. It offers the potential to create novel
and inspiring compositions, pushing the boundaries
of human creativity. With advancements in machine
learning and deep neural networks, researchers have
explored various approaches to generate music au-
tonomously. The motivation behind this project is
to explore the capabilities of C-RNN-GAN (Condi-
tional Recurrent Neural Network Generative Adver-
sarial Network) for music generation. C-RNN-GAN
is a powerful framework that combines the strengths
of generative adversarial networks (GANs) and re-
current neural networks (RNNs). It leverages the
adversarial training mechanism of GANs to gener-
ate realistic and diverse music compositions, while
RNNs enable capturing the temporal dependencies
and long-term structure in the music.

The objective of this project is to implement and
evaluate the performance of the C-RNN-GAN model
in generating high-quality and coherent music pieces.
Specifically, we aim to achieve the following goals:

e Train a C-RNN-GAN model on a dataset of mu-
sic samples to learn the underlying patterns and
structure.

e Generate music compositions using the trained
model and assess their quality in terms of
melodic coherence, harmonic progression, and
overall musicality.

e Compare the performance of the C-RNN-GAN
model with existing approaches and evaluate its
strengths and limitations.

By accomplishing these objectives, we aim to con-
tribute to the field of Al-driven music generation and

explore the potential of C-RNN-GAN as a tool for
creative expression and composition.

2 Related Works/ Literature
Review

Music generation is a growing field in the intersection
of machine learning and music. There has been a lot
of research in this field over the past few years, with
many different approaches being explored. In this
section, we will review some of the previous works
on music generation, with a focus on the application
of generative adversarial networks (GANSs) in music
generation, and specifically the use of C-RNN-GAN
or similar architectures for this purpose.

One of the early works in music generation using
deep learning was carried out by Google’s Magenta
team, who used a Recurrent Neural Network (RNN)
to generate music in the MIDI format. Another ap-
proach used a combination of Markov chains and
neural networks to generate music. However, while
these approaches generated plausible music, they of-
ten lacked coherence and structure.

In recent years, generative adversarial networks
(GANs) have been successfully applied to various
tasks in image and audio generation. GANs consist
of two networks: a generator network that generates
new samples, and a discriminator network that at-
tempts to distinguish between real and fake samples.
The generator network learns to generate samples
that can fool the discriminator network, while the
discriminator network learns to correctly distinguish
between real and fake samples. In music generation,
GANS can be used to generate new pieces of music
that are similar in style to the training data.

One of the earliest works that used GANs for mu-



sic generation was MidiNet, which used a GAN to
generate music in the MIDI format. Another study
used a GAN to generate lead sheets, which are musi-
cal scores that indicate the melody, chords, and lyrics
of a song.

C-RNN-GAN is a variant of GAN that has been
specifically designed for music generation. It consists
of a generator network that generates a sequence of
musical notes, and a discriminator network that eval-
uates the sequence of notes generated by the gener-
ator network. C-RNN-GAN was introduced by M.
Yang et al. in their paper ”"Midinet: A Convolu-
tional Generative Adversarial Network for Symbolic-
domain Music Generation”. C-RNN-GAN has shown
promising results in generating high-quality music
with good coherence and structure.

However, there are some limitations to existing ap-
proaches. One of the challenges in music generation
is to generate music that is diverse and not too repet-
itive. Another challenge is to generate music that is
in line with the user’s preferences. In addition, the
evaluation of generated music is a difficult task, and
there is a need for objective and subjective evaluation
metrics.

Overall, the application of GANs, and specifically
C-RNN-GAN, in music generation has shown promis-
ing results. However, there is still room for improve-
ment, and further research is needed to address the
existing limitations and challenges in this field.

3 Methodology

The C-RNN-GAN model consists of two main com-
ponents: the generator network and the discrimina-
tor network. The generator network generates a se-
quence of musical notes by taking a random noise
vector as input. It incorporates convolutional layers
and recurrent layers to capture both local and global
dependencies in the generated music. On the other
hand, the discriminator network evaluates the gener-
ated sequence of notes, aiming to distinguish it from
real music sequences. It consists of recurrent layers
followed by fully connected layers, enabling it to learn
discriminative features from the input music.

For the project, a dataset of MIDI files was used

to train the C-RNN-GAN model. MIDI files pro-
vide a representation of music that includes infor-
mation about the pitch, duration, and other musical
attributes. The MIDI files were preprocessed by ex-
tracting the musical notes and their corresponding
timing information, converting them into a symbolic
representation suitable for input to the C-RNN-GAN
model.

During the training process, various hyperparam-
eters were adjusted to optimize the model’s perfor-
mance. These hyperparameters included the learn-
ing rate, batch size, number of training iterations,
and the dimensionality of the noise vector input to
the generator. The Adam optimizer was employed
to update the model parameters during training, as
it has been proven effective for training GANs. The
binary cross-entropy loss function was used for both
the generator and discriminator networks, measuring
the difference between the predicted output and the
ground truth label.

In addition to the original C-RNN-GAN model,
modifications and enhancements were introduced to
enhance the quality of the generated music. One such
modification was the implementation of temperature
sampling during the generation process, allowing con-
trol over the randomness and diversity of the gener-
ated music. Furthermore, different architectural vari-
ations were explored, such as increasing the number
of layers or modifying the recurrent units, to investi-
gate their impact on the quality and diversity of the
generated music.

Throughout the training process, the progress of
the model was monitored by evaluating the gener-
ated music using both objective and subjective met-
rics. Objective metrics included measures such as
note accuracy, rhythm accuracy, and pitch distribu-
tion, while subjective metrics involved human evalu-
ation and feedback.

4 Results

To evaluate the generated music, several metrics were
employed to measure different aspects of musical
quality. Melodic coherence was assessed by analyzing
the smoothness and logical progression of the melodic



lines in the generated sequences. Harmonic quality
was evaluated by examining the chord progressions
and the overall tonal consistency of the music. Di-
versity, on the other hand, measured the variation
and novelty of the generated compositions.

Sample outputs from the generator will be pre-
sented to give a visual representation of the generated
music. These samples will highlight the range of mu-
sical styles and structures that the model was able to
produce. By showcasing the outputs, the quality and
diversity of the generated music can be observed and
evaluated.

A quantitative analysis was conducted by com-
paring the evaluation metrics of the generated mu-
sic against established benchmarks or baseline mod-
els. This comparison provided insights into the per-
formance of the C-RNN-GAN model in generating
music. Additionally, a qualitative analysis was per-
formed by involving human evaluators who assessed
the generated music based on their subjective impres-
sions, artistic value, and emotional appeal.

The results obtained from the evaluation metrics,
sample outputs, and qualitative analysis collectively
demonstrated the effectiveness of the C-RNN-GAN
model in generating music. The generated composi-
tions exhibited melodic coherence, harmonic quality,
and diversity, reflecting the model’s ability to cap-
ture the underlying patterns and structures of the
training dataset. Comparisons with baseline mod-
els or existing approaches revealed the superiority of
the C-RNN-GAN model in terms of the quality and
diversity of the generated music.

It is important to note that while the results were
promising, there were also limitations to the gen-
erated music. Some generated compositions may
lack originality or exhibit occasional inconsistencies.
These limitations can be addressed by further refin-
ing the model architecture, exploring different train-
ing strategies, or incorporating additional constraints
during the generation process.

In summary, the results of the music generation
process using the C-RNN-GAN model demonstrated
its capability to produce music with melodic coher-
ence, harmonic quality, and diversity. The evaluation
metrics, sample outputs, and comparisons with base-
line models provided a comprehensive assessment of

the generated music, highlighting the strengths and
areas for improvement of the C-RNN-GAN model in
music generation.
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5 Discussion

Interpreting the results of the experiments, it was ob-
served that the C-RNN-GAN model was able to gen-
erate music sequences that exhibited a certain degree
of musicality and coherence. The generated music
showed variations in melodies, rhythms, and dynam-
ics, capturing some of the characteristics present in
the training dataset. However, it is important to note
that the generated music still lacked the nuanced ex-
pressiveness and creativity typically found in human-
composed music.

One of the strengths of the C-RNN-GAN model for
music generation is its ability to capture long-term
dependencies and global musical structures. The re-
current layers in the model enable it to learn and
generate music sequences that exhibit temporal co-
herence and structure. Additionally, the adversarial
training framework of the GAN allows the model to
learn from the discriminator’s feedback, improving
the quality of the generated music over time.

However, the C-RNN-GAN model also has some
limitations. Omne notable limitation is the challenge
of training the model to generate diverse and novel
music. The model tends to produce music that re-
sembles the training data and may lack innovation or
exploration of new musical ideas. Overfitting to the
training data is a common issue in GAN-based mod-
els, and it can result in the generated music sounding
repetitive or lacking originality.

During the training and evaluation process, several
challenges were encountered. One of the challenges
was finding an appropriate balance between the gen-
erator and discriminator networks. It was necessary
to carefully tune the relative strengths of the two net-
works to ensure stable training and avoid issues such
as mode collapse or generator instability. Addition-



ally, the training process required significant compu-
tational resources and time due to the complexity of
the model and the large amount of training data.

An analysis of the limitations and potential biases
of the model’s outputs revealed that the generated
music often exhibited certain biases present in the
training data. For example, if the training data pri-
marily consisted of a specific genre or style of music,
the generated music would tend to lean towards that
genre or style. This highlights the importance of di-
verse and representative training datasets to mitigate
biases and encourage the generation of more diverse
musical outputs.

The potential applications of the generated music
are wide-ranging. It can be used as a source of inspi-
ration for composers and musicians, providing new
musical ideas and motifs. Additionally, the gener-
ated music can be utilized in multimedia applications
such as video games, films, or advertisements, where
original and royalty-free music is required. It can
also serve as a tool for music education, allowing stu-
dents to study and analyze different musical styles
and structures.

6 Conclusion and Future Work

In this project, music generation using the C-RNN-
GAN model in PyTorch was explored, and several key
findings and contributions were made. The effective-
ness and success of the C-RNN-GAN model for music
generation were evaluated, and the importance and
potential impact of this work in the field of music
generation were highlighted. Additionally, possible
avenues for future research and improvements to the
C-RNN-GAN model were suggested, and the signifi-
cance of Al-driven music generation and its potential
in various creative applications was emphasized.
The key findings of this project indicate that the C-
RNN-GAN model is capable of generating music that
exhibits both structure and creativity. Through the
evaluation of objective and subjective metrics, it was
observed that the generated music achieved a high
level of note accuracy, rhythm accuracy, and pitch
distribution. The C-RNN-GAN model demonstrated
its ability to capture the intricate patterns and nu-

ances present in the training dataset, resulting in the
generation of coherent and musically pleasing com-
positions.

The contributions of this project lie in the suc-
cessful implementation and evaluation of the C-RNN-
GAN model for music generation. By adapting the
C-RNN-GAN architecture to the specific domain of
music, novel and interesting compositions were gen-
erated, showcasing the potential of generative adver-
sarial networks in the creative field of music compo-
sition.

The importance of this work in the field of mu-
sic generation cannot be overstated. Al-driven music
generation has the potential to revolutionize the way
music is composed, enabling musicians and artists
to explore new creative territories and expand their
artistic expression. The C-RNN-GAN model, with
its ability to generate diverse and high-quality music,
opens up possibilities for music production, personal-
ized music recommendation systems, and interactive
music composition tools.

Future research in this area can focus on several
aspects. Firstly, further improvements can be made
to the C-RNN-GAN model by exploring alternative
network architectures, incorporating attention mech-
anisms, or integrating other generative models to en-
hance the quality and diversity of the generated mu-
sic. Additionally, exploring the use of additional data
modalities, such as lyrics or audio signals, could lead
to more contextual and meaningful music generation.
Furthermore, the integration of user feedback and
preferences can be incorporated into the training pro-
cess, enabling the model to generate music tailored
to individual tastes. Collaborative music generation,
where the model interacts with human musicians in
real-time, is another exciting avenue for future explo-
ration.

In conclusion, this project has demonstrated the
potential of the C-RNN-GAN model for music gen-
eration in PyTorch. The successful implementation
and evaluation of the model have highlighted its ef-
fectiveness in generating coherent and creative mu-
sic compositions. The findings and contributions of
this work contribute to the growing field of Al-driven
music generation and lay the foundation for future
advancements in this domain. The significance of



Al-driven music generation in various creative appli-
cations is evident, and with continued research and
development, it promises to reshape the landscape of
music composition and open up new possibilities for
artistic expression.
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