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Abstract. With the rapid advancement of artificial intelligence technology, generative adversarial networks (GANs) have 
demonstrated immense potential in the field of music composition. This paper reviews the theoretical foundations, model 
research progress, application analysis, and challenges faced by GANs in music composition, while also outlining future 
research directions. First, the basic structure of GANs, music data representation methods, and the principles of GAN-
generated music are introduced, laying the theoretical foundation for subsequent research. Next, the current state of GAN-
based music composition models—including sequence generation, image-to-sequence conversion, and models integrating 
other technologies—is elaborated in detail, with comparative analyses of these approaches. Subsequently, the application 
of GANs in music style imitation and transformation, musical improvisation, and music creation assistance is explored in 
depth, demonstrating their broad prospects in the musical domain. However, GANs in music composition also face challenges 
such as unstable model training and generated music lacking emotional expression. Future research can focus on improving 
model architecture, integrating multimodal information, and enhancing music semantic understanding to advance GANs in 
the field of music composition. 
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Introduction 
Amidst the dazzling constellation of human cultural arts, music transcends geographical and cultural boundaries 
with its unique charm and infectious power, touching the depths of human souls [1]. From ancient folk ballads 
to grand symphonic works, from rousing rock melodies to tender pop songs, musical creation has always been 
the crystallization of human wisdom and emotion, embodying the dedication and inspiration of countless 
creators [2]. The traditional music composition process typically requires composers to undergo lengthy and 
arduous professional training, accumulate profound theoretical knowledge and practical experience, and invest 
substantial time and effort into conceptualization, composition, revision, and refinement [3]. However, with the 
rapid advancement of technology, new techniques and approaches continuously emerge in the field of artificial 
intelligence, infusing fresh vitality and possibilities into this ancient and creative endeavor. Generative 
Adversarial Networks (GANs) stand out as a particularly brilliant “new star” among these innovations [4]. 

In recent years, GANs have achieved remarkable accomplishments in numerous fields such as image generation 
and natural language processing, demonstrating formidable generative capabilities and the ability to learn 
complex data distributions. This has sparked significant interest in their immense potential for application in 
music composition [5-7]. Currently, research on GANs in music composition has made considerable progress, 
with numerous research teams worldwide actively exploring this frontier field [8]. Researchers have designed 
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and implemented diverse GAN-based music composition models from various perspectives, conducting 
extensive experiments and trials across different music creation tasks and styles [9]. Reference [10] focuses on 
imitating a single musical style, aiming to generate music fragments highly similar to those of classical composers 
like Mozart and Bach; Reference [11] blends elements from multiple musical styles to create works with 
distinctive characteristics; Reference [12] targets specific application scenarios, such as generating background 
music for videos or games, or assisting composition instruction in music education. These achievements fully 
demonstrate GANs' broad applicability and powerful potential in music composition, laying a solid foundation 
for subsequent research and development [13-15]. 

However, despite these achievements, the application of GANs in music composition remains in an exploratory 
and evolving stage, facing numerous challenges that require urgent resolution [16]. Regarding musical quality, 
while GANs can generate pieces with discernible style and structure, they still lag significantly behind human-
composed music in emotional expression, artistic merit, and innovation [17]. In music semantic understanding, 
how to enable GANs to better grasp musical grammar rules—such as the correctness of harmonic progressions 
[18], the coherence of melodic development [19], and the rationality of musical structure [20]—remains an 
unsolved problem. This limitation constrains the artistic integrity and professionalism of generated musical 
works. 

Given the current state of GAN research in music composition, its challenges, and its vast potential applications, 
this paper aims to provide a systematic and in-depth review of the field. First, it will detail the fundamental 
theoretical foundations of GANs in music composition. Next, it will thoroughly analyze research progress in GAN-
driven music composition models, offering detailed descriptions and comparative analyses of various models 
based on different technical approaches and application scenarios, showcasing current research achievements 
and innovations. Simultaneously, it will explore the practical applications of GANs in music composition, 
analyzing their advantages, limitations, and potential future development trends. Furthermore, it will 
comprehensively examine the challenges and issues GANs face in music composition, conduct in-depth root 
cause analyses of these problems, and discuss possible solutions and development directions, providing valuable 
references and insights for subsequent research. 

Theoretical Foundations of GANs in Music Composition 

Basic Structure of GANs 

Generative Adversarial Networks (GANs) have garnered significant attention within the artificial intelligence and 
machine learning communities due to their unique approach to data generation. Unlike traditional generative 
models that rely on explicit probability distributions or reconstruction-based objectives, GANs introduce a 
competitive framework that drives two neural networks to improve through mutual confrontation. This 
adversarial learning paradigm not only enables the discovery of intricate data patterns but also fosters the 
synthesis of highly realistic samples across various domains. The versatility of GANs lies in their ability to adapt 
to a wide range of data types, from images and text to audio and symbolic sequences, making them particularly 
well-suited for creative applications such as music composition. Through iterative training, these networks 
evolve to capture the subtle statistical properties and structural nuances of real-world datasets. As a result, 
GANs have emerged as a powerful tool for generating novel content that closely mirrors authentic data, opening 
new avenues for innovation in computational creativity. 

GANs consist of two neural networks: a Generator and a Discriminator [21]. The Generator aims to map random 
noise vectors into the data space, producing samples that are as realistic as possible. The Discriminator is 
responsible for distinguishing between generated samples and real data samples. During training, the Generator 
and Discriminator engage in an adversarial process, continuously adjusting their parameters until they reach a 
Nash equilibrium. At this point, the samples generated by the Generator align with the distribution of real data, 
making it impossible for the Discriminator to distinguish between real and synthetic samples. 

The fundamental training objective of GANs can be formally described as a minimax game, which mathematically 
captures the adversarial relationship between the generator and the discriminator. The generator strives to 
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produce data that is indistinguishable from real data, while the discriminator attempts to correctly distinguish 
between real and generated samples. This process is expressed by the following objective function: 

min
𝐺𝐺
 max
𝐷𝐷
 𝑉𝑉(𝐷𝐷,𝐺𝐺) = 𝔼𝔼𝑥𝑥∼𝑝𝑝data (𝑥𝑥)[log 𝐷𝐷(𝑥𝑥)] + 𝔼𝔼𝑧𝑧∼𝑝𝑝𝑥𝑥(𝑧𝑧)[log (1 − 𝐷𝐷(𝐺𝐺(𝑧𝑧)))]  (1) 

In this equation, 𝐺𝐺  denotes the generator, 𝐷𝐷  the discriminator, 𝑥𝑥  the real data sampled from the true data 
distribution 𝑝𝑝data , and 𝑧𝑧 the random noise vector sampled from a prior distribution 𝑝𝑝𝑧𝑧. The generator 𝐺𝐺 maps 
noise 𝑧𝑧 to the data space, while the discriminator 𝐷𝐷 outputs the probability that a given sample is real. The 
minimax game leads both networks to improve iteratively: 𝐷𝐷 maximizes its ability to distinguish real from fake, 
and 𝐺𝐺 minimizes its loss by generating more convincing samples. This adversarial setup continues until a Nash 
equilibrium is reached, ideally when generated samples are indistinguishable from real data. 

The network architectures of the Generator and Discriminator can be designed according to specific tasks and 
data types. For music composition tasks, common Generator architectures include fully connected layers, 
recurrent neural networks (RNNs), and convolutional neural networks (CNNs) [22]. Fully connected layers 
capture global features in musical data, recurrent neural networks process temporal information in music 
sequences, and convolutional neural networks extract local features from musical data [22-24]. The 
discriminator's architecture typically mirrors the generator's: if the generator uses LSTMs, the discriminator may 
also employ LSTMs or convolutional neural networks to evaluate and distinguish generated music sequences. 

To further clarify the adversarial learning mechanism of GANs as applied to music composition, it is helpful to 
visualize the fundamental architecture and training process. The following diagram illustrates the interaction 
between the generator and discriminator, highlighting how each network is updated through their alternating 
competition. By depicting the data flow and feedback loops, this schematic provides a clear overview of the core 
components and their roles in generating music that closely resembles authentic compositions. Understanding 
this structure is essential for grasping how GANs achieve realism and diversity in music generation tasks. 

 
Figure 1. Basic structure and adversarial process of a Generative Adversarial Network (GAN) in music composition. 

The city’s architectural landscape reflects a harmonious blend of historical heritage and modern development. 
As dusk settles in, the interplay of natural light and artificial illumination highlights the distinct contours of each 
building. The vibrant atmosphere suggests a dynamic urban life, where tradition and innovation coexist. This 
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setting provides not only a picturesque backdrop but also a glimpse into the city’s evolving identity, shaped by 
its people, culture, and aspirations. 

Music Data Representation Methods 

Before discussing how Generative Adversarial Networks (GANs) can be applied to music composition, it is 
essential to recognize that the successful training of any neural network depends heavily on the quality and form 
of its input data. Music, as a highly structured and multidimensional art form, presents unique challenges for 
machine learning models. Unlike images or text, music embodies rich temporal dynamics, intricate harmonic 
relationships, and subtle expressive nuances that must be accurately captured and represented. The complexity 
of musical information requires careful consideration when designing data formats suitable for neural network 
learning. The choice of representation not only affects the learning efficiency of the model but also determines 
the degree to which musical structure, semantics, and expressiveness can be preserved throughout the 
generative process. In this context, selecting an effective method for encoding musical data becomes a 
foundational step toward enabling GANs to model and generate musically meaningful content. 

Before employing GANs for music composition, music data must be converted into suitable representations for 
neural network learning and processing [25]. Common music data representation methods include notation-
based representation [26], audio waveform representation [27], and spectral representation [28], with detailed 
analysis presented in Table 1. 

Table 1. Advantages and Disadvantages of Different Music Data Representation Methods 
Representation 

Method Advantages Disadvantages 

Symbolic 
Representation 

Can precisely represent the structure and semantic 
information of music Data size is relatively small 

Requires symbolic encoding and decoding May 
lose some audio details 

Audio Waveform 
Representation 

Can fully preserve audio information High quality of 
generated music 

Large data size High processing difficulty Requires 
large models and computing resources 

Spectral 
Representation 

Effectively represents frequency and energy 
information Suitable for music generation and 

classification 

Requires Fourier transform and other operations 
May cause spectral distortion issues 

The choice of music data representation critically influences the effectiveness of GAN-based music composition 
models. Symbolic representations, such as MIDI, strike a balance between computational efficiency and musical 
structure preservation, making them a preferred choice for many symbolic music generation tasks. However, 
the abstraction involved in symbolic encoding may lose expressive nuances present in original audio. On the 
other hand, audio waveform representations maintain the richest level of musical detail, which is essential for 
capturing timbral and expressive characteristics, albeit at the cost of increased computational demands. Spectral 
representations offer a middle ground, enabling models to leverage frequency-based features for style transfer 
and classification. Selecting the appropriate representation method is therefore fundamental to aligning model 
capabilities with specific compositional objectives and available computational resources. 

Symbolic representation encodes musical elements such as notes, rhythms, and chords using symbols or 
numerical values, specifically in MIDI format [29]. MIDI files contain information about musical notes, durations, 
volumes, instruments, and more, which can be converted into tensor form suitable for neural network input 
using specialized libraries and tools [30]. Audio waveform representation directly samples the audio signal of 
music to obtain waveform data. Spectral representation converts the audio signal into a spectrogram, effectively 
capturing the frequency components and energy distribution of music, making it suitable for tasks like music 
classification and generation. 

In addition to these widely used methods, hybrid approaches have emerged that leverage the strengths of 
multiple representations to enhance the expressiveness and accuracy of music data modeling. For instance, 
some systems combine symbolic representations with spectral features, allowing neural networks to access both 
high-level musical structure and detailed timbral information during training. This multi-faceted perspective 
enables more nuanced music generation and analysis, as models can simultaneously learn about the 
relationships between notes, rhythmic patterns, and the underlying acoustic characteristics of the sound. 
Furthermore, recent advances in data preprocessing have made it possible to encode additional musical 
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attributes—such as articulation, dynamics, and phrasing—into the input tensors, further enriching the 
information available to generative models. The choice of representation is often influenced by the specific 
requirements of the composition task, the style of music being targeted, and the capabilities of the neural 
network architecture in use. By carefully selecting and potentially integrating different representation strategies, 
researchers can more effectively capture the multifaceted nature of music, paving the way for more 
sophisticated and musically convincing generative systems. 

Principles of GAN Music Generation 

The successful application of Generative Adversarial Networks (GANs) to music composition relies heavily on 
understanding both the underlying data structure and the unique characteristics of musical information. Unlike 
images or text, music encompasses intricate temporal patterns, harmonic relationships, and expressive 
dynamics that present additional challenges for generative modeling. Therefore, designing effective 
representations—such as symbolic sequences, audio waveforms, or spectrograms—is a crucial first step in 
adapting GAN frameworks for music generation tasks. Once the data is suitably formatted, the essential 
adversarial process can be employed to synthesize new musical material that captures the salient features of 
the input domain. 

The process of generating music with GANs is analogous to generating other types of data [31]. During training, 
the generator receives random noise vectors as input and generates musical data through forward propagation 
of the network. The discriminator simultaneously receives real music data and music data generated by the 
generator, learning to distinguish between the two through training. Based on feedback from the discriminator, 
the generator continuously adjusts its parameters to gradually align the generated music data with the 
distribution of real data. As training progresses, both the generator and discriminator improve their capabilities, 
eventually reaching an equilibrium state where the generator produces music indistinguishable from real 
compositions [32]. 

Throughout this adversarial process, careful tuning of hyperparameters, network architecture, and data 
preprocessing is essential to achieve musically meaningful outputs. Researchers often employ techniques such 
as data augmentation, regularization, and early stopping to prevent overfitting and mode collapse, thereby 
ensuring that the generated music retains both diversity and coherence. In addition, evaluation metrics—both 
objective and subjective—are used to assess the quality of the generated music, considering factors like melodic 
structure, harmonic accuracy, and listener satisfaction. By iteratively refining the training process and 
incorporating domain expertise, GAN-based systems are increasingly capable of producing compositions that 
reflect the complexity and artistry of human-created music. 

GAN Training Challenges and Solutions 

Despite the promising advancements made in the application of Generative Adversarial Networks (GANs) to 
music composition, the process of training such models remains an intricate and highly sensitive endeavor. The 
adversarial nature of GANs, which relies on the delicate balance between the generator and the discriminator, 
often introduces significant complexity into the optimization dynamics. Minor adjustments in model 
architecture, hyperparameters, or data preprocessing strategies can yield disproportionately large impacts on 
the resulting quality and stability of generated music. Furthermore, the inherently high dimensionality and 
temporal structure of musical data amplify the risk of instability, as models must learn to capture both local 
nuances and global coherence within musical sequences. These factors collectively contribute to a landscape 
where repeated experimentation and fine-tuning are necessary, yet even well-designed systems may encounter 
unforeseen difficulties during training. As a result, the development of practical GAN-based music generation 
systems frequently requires not only technical expertise but also iterative exploration and a deep understanding 
of both machine learning principles and musical structure. 

Despite GANs' immense potential in music composition, training these models presents significant challenges. 
A primary issue is pattern collapse, where the generator produces only a limited set of musical samples, failing 
to capture the diversity of real data [33]. Additionally, the GAN training process is often unstable, prone to 
stagnation or divergence [34]. 
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Another significant obstacle in GAN training for music composition is the sensitivity to hyperparameter settings 
and network architecture choices. Small modifications in learning rates, batch sizes, or layer configurations can 
lead to drastically different results, often requiring extensive empirical tuning and experimentation. 
Furthermore, the adversarial nature of GANs makes them susceptible to issues such as vanishing or exploding 
gradients, which can disrupt the delicate balance between the generator and discriminator. This instability is 
exacerbated by the high dimensionality and complex temporal dependencies inherent in musical data, making 
it challenging to maintain consistent learning dynamics throughout the training process. Researchers have 
attempted to mitigate these difficulties by introducing regularization techniques, careful initialization strategies, 
and alternative optimization schemes. Nevertheless, achieving reliable and reproducible results remains a 
persistent challenge. Moreover, the evaluation of generated music quality itself is inherently subjective, further 
complicating efforts to systematically improve model performance and stability. As a result, the development 
of robust training protocols and objective assessment metrics continues to be an active area of research within 
GAN-driven music composition. 

To address these issues, researchers have proposed various approaches. Methods to enhance GAN performance 
in music composition include Conditional GANs [35], WGAN [36], and WGAN with gradient penalties [37], as 
detailed in Table 2. 

Table 2. Improved Methods for Enhancing GAN Performance in Music Composition 
Improvement 

Method Description Advantages 

Conditional GAN 
Introduce conditional information into generator and 

discriminator to constrain generated music with specific 
conditions 

Can control style and content of generated 
music Enhances diversity and specificity of 

generated music 

WGAN 
Use Wasserstein distance to replace traditional Jensen-
Shannon divergence as loss function Improves training 

stability and generation quality 

More stable training Generates higher quality 
music 

WGAN with 
Gradient Penalty 

Add gradient penalty term on top of WGAN further improving 
training stability and generation quality 

Training process more stable better generation 
quality and diversity 

Each improvement method offers unique advantages that address specific challenges in GAN training for music 
composition. Conditional GANs provide a powerful mechanism for guiding the generation process, enabling the 
production of music that conforms to user-specified styles, genres, or moods. Wasserstein-based approaches, 
by redefining the loss function, significantly enhance training stability and sample diversity, which are crucial for 
generating music with varied structures and emotional expressions. The application of gradient penalties further 
refines model robustness, helping to mitigate issues such as mode collapse. By leveraging these improvements, 
researchers can develop GAN models that are better suited to the intricacies of musical data, ultimately 
enhancing the quality and usability of generated compositions. 

Analysis of GAN Loss Functions 

The loss function plays a crucial role in the training process of GANs, determining the learning direction and 
optimization objectives of the generator and discriminator [38]. Common GAN loss functions include the original 
GAN loss function [39], the least squares loss function [40], and the Wasserstein loss function [41], with a 
comparative analysis shown in Table 3. 

Table 3. Comparative Analysis of Different GAN Loss Functions 
Loss Function Features Advantages and Disadvantages 

Original GAN Loss 
Based on Jensen-Shannon divergence Minimizes 

distribution difference between generated and real 
data 

Simple implementation Theoretically good generation 
performance But prone to gradient vanishing in late 

training causing training stagnation 

Least Squares Loss Minimizes mean squared error between generated 
and real data Improves training stability 

Mitigates gradient vanishing to some extent But may 
introduce mode collapse risks Limits diversity of 

generated music 

Wasserstein Loss 
Based on Earth Mover's Distance Measures difference 

between generated and real data more accurately 
Improves training stability and generation quality 

More stable training Better generation quality But 
requires Lipschitz condition Implementation is 

relatively complex 
Wasserstein Loss 

with Gradient 
Penalty 

Adds gradient penalty term on top of Wasserstein loss 
Further improves training stability and generation 

quality 

Good training stability High generation quality But 
computational cost is higher Implementation 

complexity is increased 
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The selection of an appropriate loss function is pivotal in shaping the learning dynamics of GANs for music 
generation. Each loss function brings distinct strengths and weaknesses, impacting both the convergence 
behavior during training and the diversity of generated outputs. For instance, while the original GAN loss 
function is straightforward to implement, it can lead to training stagnation in practice. Least squares and 
Wasserstein losses help alleviate some of these issues, each offering different trade-offs between stability, 
diversity, and implementation complexity. A thorough understanding of these loss functions enables 
practitioners to tailor GAN models to the specific requirements of music composition tasks, balancing the goals 
of realism, diversity, and expressive potential. 

The original GAN loss function is based on Jensen-Shannon divergence, training the generator and discriminator 
by minimizing the distributional difference between generated and real data [39]. However, this loss function is 
prone to vanishing gradients during late training stages, causing model training to stall. 

Generative adversarial networks (GANs) have revolutionized the field of generative modeling by introducing a 
competitive framework between two neural networks: the generator and the discriminator. The core objective 
is to train the generator to produce samples indistinguishable from real data, while the discriminator aims to 
distinguish between authentic and generated samples. The choice of loss function plays a pivotal role in guiding 
this adversarial process and significantly influences both the stability and quality of training outcomes. 

The least-squares loss function enhances training stability by minimizing the mean squared error between 
generated and real data [40]. It mitigates gradient vanishing to some extent but may introduce additional risks 
of mode collapse. 

Nevertheless, while the least-squares loss addresses certain deficiencies associated with traditional adversarial 
losses—such as unstable gradients—it is not without its trade-offs. Researchers have continued to explore 
alternative loss equations and regularization strategies to further improve convergence and model diversity. The 
ongoing investigation into loss functions underscores the importance of balancing training stability with the 
need to generate diverse and high-fidelity samples. 

The Wasserstein loss function, based on the Earth Mover's Distance, more accurately measures the difference 
between generated and real data, enhancing both training stability and generation quality [41]. Furthermore, 
the Wasserstein loss with gradient penalty further improves the model's training performance. 

The specific loss functions used for the discriminator and generator in the standard GAN framework further 
clarify the learning objectives for each component. The discriminator's goal is to maximize the probability of 
correctly identifying real and generated data, while the generator aims to maximize the probability that the 
discriminator classifies generated samples as real. The loss functions are defined as follows: 

𝐿𝐿𝐷𝐷 = −�𝔼𝔼𝑥𝑥∼𝑝𝑝lata (𝑥𝑥)[log 𝐷𝐷(𝑥𝑥)] + 𝔼𝔼𝑧𝑧∼𝑝𝑝𝑥𝑥(𝑧𝑧)[log (1 − 𝐷𝐷(𝐺𝐺(𝑧𝑧)))]�
𝐿𝐿𝐺𝐺 = −𝔼𝔼𝑧𝑧∼𝑝𝑝𝑧𝑧(𝑧𝑧)[log 𝐷𝐷(𝐺𝐺(𝑧𝑧))]

  (2) 

In equation (2), 𝐿𝐿𝐷𝐷 represents the discriminator's loss, which penalizes it when it misclassifies real or generated 
samples. 𝐿𝐿𝐺𝐺  is the generator's loss, which penalizes it when generated samples are correctly identified as fake 
by the discriminator. During training, the two networks are updated alternately: the discriminator's parameters 
are adjusted to minimize 𝐿𝐿𝐷𝐷 , and the generator's parameters are updated to minimize 𝐿𝐿𝐺𝐺 . This iterative 
optimization process is central to the adversarial learning mechanism of GANs, and it underpins the gradual 
improvement of both the generator's output quality and the discriminator's classification accuracy during 
training. 



Data-Driven Generative Adversarial Networks for Music Composition: Models, Data Representation, and Application  
DOI: 10.64972/dea.2025.v3i1.33 

27 
 

Research Progress on GAN-Driven Music Composition Models 

Sequence-Generation-Based GAN Models 

Sequence-generation-based GAN models primarily focus on music's temporal and structural characteristics, 
modeling and generating music as sequential data [42]. These models typically employ recurrent neural 
networks (RNNs), such as LSTMs or GRUs [43], as the network architecture for both generators and 
discriminators to capture long-term dependencies within musical sequences. 

Among sequence-generation-based GAN models, much attention has been devoted to those that effectively 
capture the temporal evolution and underlying structure of music. These models typically leverage recurrent 
neural networks (RNNs) as their primary architecture, given RNNs' intrinsic ability to model long-range 
dependencies in sequential data. By processing musical information as a series of events—such as notes, chords, 
or rhythmic patterns—these architectures are well-suited for generating musically meaningful sequences that 
maintain coherence across time. Researchers have explored various encoding schemes for representing musical 
elements, ranging from simple one-hot encodings to more nuanced continuous representations that preserve 
important details of musical expression. 

C-RNN-GAN is a classic sequence-based GAN model that represents notes using quadruplets of continuous pitch, 
duration, intensity, and onset time, learning music sequence generation through adversarial training [44]. C-
RNN-GAN has achieved notable results in classical music generation tasks, producing music with coherent and 
plausible melodies and harmonies. 

Building on the foundational work of C-RNN-GAN, subsequent research has sought to address its limitations and 
further enhance the quality and diversity of generated music. Efforts have included refining the data 
representation to capture more subtle aspects of musical performance, experimenting with alternative network 
structures for both the generator and discriminator, and integrating additional regularization strategies to 
stabilize training. Furthermore, evaluation of generated sequences often involves not only objective measures, 
such as statistical similarity to real music, but also subjective assessments by musicians and listeners to ensure 
artistic validity. The ongoing development of sequence-based GAN models continues to push the boundaries of 
automated music composition, demonstrating the potential for artificial intelligence to contribute meaningfully 
to creative domains. 

SeqGAN combines reinforcement learning and GAN concepts for learning discrete sequence data [45]. In music 
generation, SeqGAN treats musical sequences as a series of decision processes. The generator produces a note 
or note combination at each step, while the discriminator evaluates the entire sequence and provides feedback 
signals to guide the generator toward producing higher-quality musical sequences. Based on the above analysis, 
a comparative summary of sequence-based GAN models is presented in Table 4. 

Table 4. Comparison of Sequence-Based GAN Models 
Model 
Name 

Generator 
Network Structure 

Discriminator 
Network Structure Features 

C-RNN-
GAN LSTM Network CNN Network Uses continuous quadruplets to represent notes Can capture continuity 

and dynamics of music sequences 

SeqGAN RNN or LSTM 
Network CNN Network Combines reinforcement learning Treats music generation as sequence 

decision process Can generate music sequences with long-term structure 

Sequence-based GAN models have proven particularly effective in capturing the temporal dependencies and 
structural regularities inherent in music. By modeling music as a sequence, these models are capable of 
generating compositions that exhibit coherent melodic progression and harmonic continuity. The use of 
recurrent architectures, such as LSTMs, allows the generator to remember musical context over long time spans, 
which is critical for producing musically meaningful phrases. Comparative studies of these models highlight the 
importance of balancing sequence modeling capabilities with computational tractability, ensuring that 
generated music maintains both technical correctness and artistic appeal. 

When generating musical sequences, the probability of generating a complete sequence 𝑋𝑋  composed of 
elements (𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑇𝑇) is typically factorized according to the chain rule of probability. This approach models 
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the sequential nature of music, where each note or event depends on the preceding elements. The following 
equation illustrates this decomposition: 

𝑃𝑃(𝑋𝑋) = ∏  𝑇𝑇
𝑡𝑡=1 𝑃𝑃(𝑥𝑥𝑡𝑡 ∣ 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑡𝑡−1)  (3) 

Here, 𝑃𝑃(𝑋𝑋)  indicates the probability of the entire musical sequence, and 𝑃𝑃(𝑥𝑥𝑡𝑡 ∣ 𝑥𝑥1, … , 𝑥𝑥𝑡𝑡−1)  denotes the 
conditional probability of generating the 𝑡𝑡-th element given all previous elements. This equation allows the 
model to capture temporal dependencies and complex structures inherent in musical compositions, enabling 
the generation of coherent and musically plausible sequences. 

Image-to-Sequence GAN Model 

This model analogizes musical sequences with image data, translating the structure and features of music into 
image form. It then leverages GAN's strengths in image generation to convert the image back into a musical 
sequence, thereby achieving music generation [46]. 

This innovative approach effectively bridges the domains of computer vision and music information retrieval, 
allowing models to capitalize on the spatial processing capabilities of convolutional neural networks (CNNs). By 
transforming musical representations—such as piano roll matrices or spectrograms—into image-like formats, 
the model enables the exploitation of well-established image generation techniques within the GAN framework. 
This not only enhances the model’s ability to capture and reproduce intricate musical textures and patterns but 
also facilitates the exploration of cross-modal relationships between visual and auditory data. The process 
typically involves the generator crafting realistic piano roll images from random noise or latent codes, while the 
discriminator evaluates the authenticity of these images relative to real musical data. Once generated, the 
synthesized images are systematically decoded back into symbolic or audio-based musical sequences, ensuring 
the preservation of essential musical attributes such as rhythm, harmony, and melodic contour. This image-to-
sequence paradigm opens up new possibilities for music generation, supporting the creation of stylistically 
diverse and structurally coherent compositions. Moreover, it provides a flexible foundation for further 
integration with other modalities, such as lyrics or performance dynamics, thereby enriching the creative 
potential of GAN-driven music composition systems. 

Image-to-Music GAN models treat piano roll representations of music as images. Using convolutional neural 
networks as both generator and discriminator, they learn the mapping relationship from image to sequence [47]. 
The generator produces piano roll images based on input random noise, while the discriminator judges whether 
the image is a genuine piano roll. The resulting piano roll can ultimately be converted into a music sequence. 
Beyond Image-to-Music GAN, image-to-sequence GAN models include Pix2Pix Music GAN [48], MusicVAEGAN 
[49], Audio Spectrogram GAN [50], and MusicStyleGAN [51]. A comparative analysis is presented in Table 5. 

Table 5. Comparison of Image-to-Sequence GAN Models 

Model Name Generator Network 
Structure 

Discriminator Network 
Structure Features 

Image-to-Music 
GAN CNN Network CNN Network Treats piano roll as image Utilizes CNN image processing 

ability to generate music sequences from images 

Pix2Pix Music GAN U-Net Network PatchGAN Network Uses conditional GAN to generate music sequences from 
input images 

MusicVAEGAN VAE-GAN Hybrid 
Network CNN Network Combines VAE probabilistic modeling with GAN generation 

Improves diversity and quality of generated music 
Audio Spectrogram 

GAN U-Net Network PatchGAN Network Generates music audio from audio spectrograms Retains 
frequency and energy information of music 

MusicStyleGAN StyleGAN Network StyleGAN Network Uses StyleGAN style control to achieve diverse music style 
generation 

Image-to-sequence GAN models introduce an innovative paradigm by treating musical representations as 
images, thereby leveraging advances in image generation for music composition. This approach enables the 
exploitation of convolutional architectures' strengths in capturing spatial patterns, which translates into 
improved modeling of harmonic and rhythmic structures in music. By converting between image-like 
representations and sequential musical data, these models facilitate new forms of cross-modal creativity and 
enable novel applications in music arrangement and style transformation. The integration of image-based 



Data-Driven Generative Adversarial Networks for Music Composition: Models, Data Representation, and Application  
DOI: 10.64972/dea.2025.v3i1.33 

29 
 

techniques thus expands the expressive range of GANs in music generation and opens pathways for 
interdisciplinary research. 

In order to concretely demonstrate how image-to-sequence GAN models are utilized for music generation, it is 
valuable to present the step-by-step process involved in transforming musical data. The following figure 
visualizes the workflow in which a piano-roll image—serving as an intermediate, image-like representation of 
music—is generated by the GAN and subsequently converted back into a symbolic music sequence. This 
approach effectively leverages powerful image processing techniques for music creation, bridging the gap 
between visual and auditory data domains. The diagram offers an intuitive understanding of the data 
transformations and neural network operations that underlie this innovative method, thus enhancing 
comprehension of the model’s practical implementation in the context of AI-driven music composition. 

 
Figure 2. Process of converting piano-roll images to music sequences using image-to-sequence GAN models. 

The carefully arranged instruments in the laboratory demonstrate the meticulous approach adopted by 
researchers. Each piece of equipment plays a vital role in ensuring the accuracy and reliability of experimental 
results. The environment is designed to minimize external influences, thereby maintaining consistency 
throughout the research process. This setup exemplifies the dedication to scientific rigor and attention to detail 
that are fundamental to experimental studies in this field. 

GAN Models Combined with Other Technologies 

In recent developments within music generation research, the inherent limitations of standalone GAN 
architectures have prompted researchers to explore more synergistic frameworks. Single-model approaches, 
while capable of producing stylistically convincing outputs, often struggle with issues such as limited diversity, 
mode collapse, and insufficient structural coherence in extended compositions. As a result, there is a growing 
trend toward combining the strengths of different deep learning models to address these challenges and push 
the boundaries of algorithmic creativity. 

To further enhance GAN performance and effectiveness in music composition, GANs can be integrated with 
other technologies such as Variational Autoencoders (VAE) [52], Transformers [53], and Attention Mechanisms 
[54], leveraging their respective strengths. 

The integration of these advanced architectures introduces several advantages. For example, coupling GANs 
with VAEs enables the model to exploit a well-structured latent space, improving both the diversity and 
controllability of generated music. Similarly, the adoption of Transformer-based designs and attention 
mechanisms empowers the system to capture long-range dependencies and intricate relationships within 
musical sequences, leading to more coherent and expressive outputs. Such hybrid models not only inherit the 
generative power of GANs but also benefit from the representational richness and learning stability offered by 
VAEs and attention-driven architectures. This multidimensional approach represents a promising direction for 
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overcoming persistent obstacles in automated music composition, paving the way for more sophisticated, 
flexible, and musically meaningful generative systems. 

In recent years, the intersection of generative adversarial networks (GANs) with other deep learning paradigms 
has emerged as a promising direction for advancing the field of algorithmic music composition. Among these, 
the fusion of GANs with variational autoencoders (VAEs) stands out as an innovative approach for overcoming 
some of the inherent limitations faced by traditional GAN architectures. By leveraging the strengths of both 
frameworks, hybrid models aim to address challenges such as mode collapse and limited diversity in generated 
musical sequences. 

The GAN-VAE hybrid model combines GAN's generative capabilities with VAE's probabilistic modeling power 
[55]. VAE learns the latent distribution of musical data, encoding music sequences as vector representations in 
a latent space; GANs then perform generation and discrimination within this latent space, generating more 
diverse and realistic music sequences through adversarial training. 

This integration enables the model to benefit from the structured latent space provided by the VAE, which 
facilitates smooth interpolation between different musical ideas and supports the generation of novel 
compositions that retain meaningful musical attributes. Meanwhile, the adversarial component encourages the 
output to closely mimic the stylistic and structural characteristics found in authentic musical works. As a result, 
the GAN-VAE hybrid is capable of capturing both the high-level abstractions and the fine-grained details essential 
for compelling music generation. 

Moreover, such hybrid models have demonstrated effectiveness in generating coherent musical passages that 
maintain logical progression and stylistic consistency. The capacity to explore the latent space allows for intuitive 
manipulation of musical features, such as mood, tempo, or instrument timbre, thereby broadening the creative 
possibilities available to composers and researchers. These advancements not only enhance the technical quality 
of generated music but also open new avenues for interactive and user-guided composition systems. 

Transformer-GAN leverages the powerful sequence modeling capabilities of Transformer models to capture 
long-range dependencies and global structural information within music sequences [56]. The self-attention 
mechanism in Transformers enables the generator to fully consider the relationships between preceding and 
following notes during music generation, producing more coherent and logically consistent musical 
compositions. The discriminator also adopts a Transformer architecture to evaluate and distinguish generated 
music sequences. Based on the analysis of the aforementioned model techniques, a comparison of GAN models 
incorporating other technologies is presented in Table 6. 

Table 6. Comparison of GAN Models Incorporating Other Technologies 

Model Name 
Generator 
Network 
Structure 

Discriminator Network Structure Features 

GAN-VAE Hybrid 
Model VAE 

Utilizes VAE probabilistic modeling to generate 
diverse music sequences Learns latent distribution 

of music data 

Relatively complex model 
structure Training difficulty is high 

Transformer-GAN Transformer 
Strong ability to capture long-range dependencies 

and global structure Generates coherent and 
logical music compositions 

Requires large training data High 
computation resource 

consumption 

Attention-GAN Attention 
Mechanism 

Automatically focuses on key parts of music 
sequences Improves quality and coherence of 

generated music 

High training complexity Requires 
large labeled datasets 

Adversarial 
Variational 

Autoencoder 

Variational 
Autoencoder 

Combines VAE generation ability with GAN 
adversarial training Improves quality and diversity 

of generated music 

Training process is complex 
Needs to balance VAE and GAN 

loss functions 

The integration of GANs with other advanced machine learning technologies has enabled the development of 
hybrid models that combine the strengths of different architectures. For instance, combining VAEs with GANs 
allows for efficient latent space exploration while maintaining adversarial training's generative power. Similarly, 
Transformer-based GANs leverage attention mechanisms to model long-range dependencies, enhancing the 
coherence and expressiveness of generated music. Although these hybrid approaches present additional 
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challenges in terms of model complexity and training, they offer promising avenues for tackling persistent issues 
such as diversity, structure, and semantic richness in music composition. 

Analysis of GAN Applications in Music Composition 

Music Style Imitation and Conversion 

The application of GANs in music composition has opened new frontiers for creative expression and stylistic 
exploration. By leveraging the powerful generative capabilities of adversarial learning, researchers have 
developed models capable of capturing subtle stylistic nuances and replicating complex musical patterns. Unlike 
traditional rule-based approaches, GANs learn directly from data, enabling them to internalize a wide array of 
musical features such as melody, harmony, rhythm, and instrumentation. This data-driven methodology allows 
for flexible adaptation to various genres, supporting the synthesis of music that reflects both existing 
conventions and innovative stylistic blends. Moreover, the ability of GANs to generalize from diverse training 
examples makes them especially suited for tasks that require imitation or transformation of musical styles, 
positioning them as valuable tools for composers, producers, and music technologists seeking to push the 
boundaries of algorithmic creativity. 

GANs possess unique advantages in music style imitation and conversion [57]. By training the GAN model with 
diverse musical data, the generator learns the characteristics and patterns of various musical styles, enabling it 
to produce compositions in specific genres. Reference [58] trained a GAN model to mimic Baroque-era musical 
styles, generating melodies featuring intricate counterpoint and ornate embellishments; Reference [59] 
achieved style transfer from classical to pop music, offering novel approaches and inspiration for musical 
creation. 

In addition to these achievements, GAN-driven models have demonstrated the ability to capture and synthesize 
a wide range of stylistic nuances across different genres and composers. Through adversarial training, generators 
can internalize the melodic contours, harmonic progressions, and rhythmic patterns that define a particular style, 
allowing for the creation of music that is not only structurally consistent but also artistically expressive. 
Researchers have further explored the use of conditional GANs, where additional information such as genre 
labels or composer identity is provided as input, thus enabling more precise control over the stylistic attributes 
of the generated output. This approach facilitates the seamless blending of multiple musical influences within a 
single composition, encouraging creative experimentation and cross-genre fusion. Moreover, subjective 
evaluations by listeners and expert musicians have consistently highlighted the capacity of GANs to produce 
music that faithfully reflects the intended stylistic characteristics, underscoring their growing role as valuable 
tools for both musicological research and practical composition. As GAN models continue to evolve, their 
applications in style imitation and conversion are expected to broaden the horizons of automated music creation 
and inspire new forms of artistic innovation. The comparative results of musical style imitation and conversion 
are shown in Table 7. 

Table 7. Comparative Results of Musical Style Imitation and Conversion 
Application 

Scenario Method Effect 

Music Style 
Imitation 

Style-specific GAN 
Model 

Generated music highly consistent with target style in melody harmony rhythm 
Accurately imitates specific composers or periods 

Music Style 
Conversion 

Conditional GAN 
CycleGAN 

Converted music retains main structure and content of original while integrating target 
style features Creates novel musical works 

The application of GANs in music style imitation and conversion demonstrates their versatility in handling 
complex musical transformations. Style-specific models can faithfully reproduce distinctive features of targeted 
genres or composers, while conditional models facilitate seamless transitions between musical styles. These 
capabilities not only enrich the creative toolkit available to composers and producers but also provide valuable 
resources for music education and analysis. The ability to generate stylistically consistent or blended 
compositions underscores the potential of GANs to bridge gaps between tradition and innovation in the musical 
arts. 
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To better illustrate the capabilities of GANs in the domain of music style imitation and style transfer, the 
following figure presents representative results produced by style-specific and conditional GAN models. This 
visual example showcases how GAN-generated music fragments can faithfully replicate the melodic, harmonic, 
and rhythmic features of target genres or composers, or seamlessly blend characteristics from different musical 
styles. By providing concrete output cases, the figure helps to elucidate the practical effectiveness of GAN-based 
approaches in capturing stylistic nuances and achieving creative transformations between genres. Such 
visualizations are instrumental in demonstrating the real-world impact of GANs on expanding the horizons of 
automated music creation and stylistic innovation. 

 
Figure 3. Example results of music style imitation or style transfer using GAN-based models. 

The workflow diagram provides a clear overview of the sequential steps involved in the proposed approach. By 
visualizing the process, it becomes easier to understand the logical connections between each stage. This 
representation not only clarifies the methodology but also highlights the systematic nature of the research 
design. Through such visual aids, complex procedures are rendered more accessible, facilitating comprehension 
and further discussion among readers. 

Musical Improvisation 

Among the various creative domains influenced by artificial intelligence, musical improvisation occupies a 
unique position, characterized by spontaneity, interaction, and expressive freedom. Traditional approaches to 
improvisation often rely heavily on the individual skills, intuition, and experience of musicians, with the creative 
process unfolding in real time and shaped by both personal style and immediate context. The integration of 
generative adversarial networks (GANs) into this sphere introduces new dimensions of collaborative creativity, 
offering algorithmically generated prompts and motifs that can serve as starting points or catalysts during live 
performance. Unlike static composition tools, GAN-powered systems are capable of dynamically adapting to 
evolving musical cues, making them particularly well-suited for interactive environments where responsiveness 
and adaptability are essential. By supplementing human improvisation with algorithmic diversity and surprise, 
these systems foster an expanded creative dialogue between performer and machine, enriching both the artistic 
process and the resulting musical output. 

In the realm of musical improvisation, GANs can serve as real-time music generation tools, providing inspiration 
and assistance for musicians during improvisation [60]. The generator can rapidly produce a series of coherent 
and creative musical fragments based on input initial musical motifs or random noise. Musicians can then 
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improvise and create based on the generated music during performance, broadening the scope and possibilities 
of improvisation [61]. Furthermore, GANs can synthesize musical fragments blending multiple styles by 
integrating characteristics from diverse genres, offering musicians novel creative elements [62]. Through real-
time interaction, GANs not only respond to musicians' performances but also stimulate their creativity, enriching 
improvisational expressions and delivering unprecedented experiences and inspiration for musical composition 
[63]. The analysis of advantages in musical improvisation is summarized in Table 8. 

Table 8. Analysis of Advantages in Musical Improvisation 
No. Advantage Aspect Description 

1 Real-time Can quickly generate music fragments Responds to musician's performance 
2 Creativity Provides novel musical elements and style fusion Stimulates musician's creativity 
3 Interactivity Interacts with musicians in real time Broadens improvisation ideas and possibilities 

The strengths of GANs in musical improvisation are evidenced by their ability to generate spontaneous and 
contextually relevant musical material. This capability supports musicians in exploring new creative directions 
and overcoming creative blocks. By enabling real-time interaction and adaptive responses, GAN-powered tools 
foster dynamic collaborations between human performers and AI systems. This synergy enhances the 
improvisational process, offering fresh perspectives and expanding the expressive possibilities of live 
performance and composition. 

Assisting Music Composition 

In the evolving landscape of algorithmic creativity, the intersection of artificial intelligence and music 
composition has gradually transformed the traditional creative process. Generative Adversarial Networks 
(GANs), in particular, have emerged as powerful tools capable of augmenting and reshaping how composers 
approach their work. By leveraging the ability of GANs to learn complex musical structures and generate original 
content, composers are no longer limited to manual experimentation or conventional rule-based systems. 
Instead, they can interactively collaborate with intelligent models, exploring a broader spectrum of musical ideas 
and possibilities. This synergy between human intuition and machine-driven suggestion opens new pathways 
for creative exploration, enabling artists to break free from habitual patterns and discover unexpected musical 
directions. Whether working independently or as part of a creative team, music creators can harness GANs not 
only to accelerate the ideation process but also to infuse their compositions with fresh, diverse, and innovative 
elements. 

For music creators, GANs can also serve as auxiliary tools to aid in music composition [64], with specific 
application scenarios shown in Table 9. During the compositional process, music creators can utilize GAN models 
to generate musical elements such as melodies, chord progressions, and rhythmic patterns. They can then select, 
modify, and combine these elements according to their creative vision and requirements, thereby enhancing 
both the efficiency and quality of their work [65]. Additionally, GANs can be employed for music arrangement 
and orchestration, generating suitable accompaniments and tracks for different musical passages and 
instruments [66-68]. Through these methods, GANs not only stimulate creators' inspiration but also expand 
possibilities and innovation in music creation. This drives music composition toward greater diversity and 
personalization, delivering novel musical experiences to audiences [69]. 

Table 9. Application Scenarios for Assisting Music Composition 
No. Application Scenario Description 

1 Melody Generation Generate coherent and creative melodies 
2 Chord Progression Provide reasonable chord progression schemes 
3 Rhythm Pattern Creation Generate diverse rhythm patterns 
4 Music Arrangement Generate suitable accompaniment and tracks for different musical sections and instruments 

GAN-based tools for assisting music composition have gradually become valuable assets in the creative process. 
By automating the generation of melodic, harmonic, and rhythmic elements, these tools can significantly reduce 
the time and effort required for ideation and arrangement. Moreover, the ability to customize generated 
material according to specific artistic intentions allows composers to maintain creative control while benefiting 
from AI-driven inspiration. The integration of GANs into composition workflows thus supports both efficiency 
and innovation, empowering musicians to explore diverse musical landscapes. 
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Challenges and Issues Faced 
Over the course of recent advancements in artificial intelligence, the application of Generative Adversarial 
Networks (GANs) in music composition has garnered widespread scholarly attention. Researchers from diverse 
backgrounds have explored the integration of GANs into the creative process, seeking to harness their 
generative capabilities for both traditional and contemporary musical forms. The breadth of work in this field 
has spanned a variety of compositional tasks—ranging from melodic generation and harmonic progression to 
style transfer and improvisation support. Through a combination of theoretical exploration, experimental 
validation, and practical deployment, the community has witnessed a surge in innovative models that 
demonstrate the artistic potential of GAN-driven music creation. These efforts have not only broadened the 
understanding of algorithmic composition but have also inspired new interdisciplinary collaborations between 
computer scientists, musicians, and cognitive researchers. Such progress has laid a solid foundation for the 
continued evolution of automated music generation, showcasing the transformative power of GANs within the 
broader landscape of computational creativity. 

Despite significant achievements in novel music composition research, GANs still face several challenges and 
issues, specifically: 

(1) Model training stability issues. During training, GANs are prone to pattern collapse and training instability, 
resulting in poor-quality generated music or failure to converge [70]. This primarily stems from the complex 
adversarial relationship between the generator and discriminator, as well as the inherent complexity and high-
dimensional nature of musical data. 

(2) Insufficient emotional expression in generated music. Currently, GAN-generated music often lacks emotional 
depth, struggling to convey the rich emotional range and nuanced shifts characteristic of human-composed 
music [71]. This limitation arises because GANs primarily learn patterns and regularities from data, making it 
difficult for them to comprehend and capture the emotional essence of music. 

(3) Difficulties in understanding and modeling musical semantics. Music is an art form rich in semantic and 
structural elements. However, enabling GANs to deeply comprehend musical semantic information—such as the 
rules of harmonic progression, the developmental logic of melodies, and the layout of musical forms—and 
effectively integrate this understanding into the music generation process remains a challenging problem. 

(4) Incomplete evaluation criteria. Assessing musical quality involves subjectivity and diversity, and there is 
currently no comprehensive, objective evaluation framework to accurately measure the quality and artistic value 
of GAN-generated music. This complicates model training and optimization, limiting GANs' further development 
in music composition. 

In the absence of standardized evaluation protocols, existing studies often rely on a combination of objective 
metrics and subjective assessments to judge the quality of generated music. Objective indicators may include 
statistical measures such as pitch class distributions, note density, or rhythmic variance, which provide some 
insight into structural aspects of the music. However, these metrics frequently fall short in capturing the nuanced 
dimensions of musicality, such as emotional expressiveness, creativity, and aesthetic coherence. Subjective 
evaluations, on the other hand, usually involve expert or listener-based judgments, but these are inherently 
influenced by personal taste, cultural background, and prior musical exposure, leading to inconsistencies and 
limited reproducibility. The lack of unified benchmarks not only hampers the direct comparison of different 
models but also makes it challenging to track progress in the field. As a result, the development of robust, 
multidimensional evaluation frameworks—capable of balancing quantitative analysis with qualitative 
appreciation—remains a crucial task for advancing the reliability and artistic relevance of GAN-generated music. 

Future Research Directions and Outlook 
In recent years, the application of Generative Adversarial Networks (GANs) in music composition has attracted 
growing attention from both academia and industry. While significant strides have been made in generating 
stylistically coherent and structurally sound musical pieces, several limitations still impede the widespread 
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adoption and effectiveness of GAN-based systems in creative domains. Among these, issues related to model 
robustness, expressive depth, and evaluation standards remain particularly prominent. As the field continues to 
evolve, there is a pressing need to address these challenges holistically, ensuring that future advances are not 
only technically innovative but also musically meaningful. 

Addressing the aforementioned issues and challenges, future research directions for novel music composition 
methods based on GAN networks primarily focus on improving GAN model architectures, integrating multimodal 
information, enhancing musical semantic understanding, and developing new evaluation metrics [73], as 
detailed below: 1) Improving GAN Model Architecture. Designing more stable GAN architectures, such as 
introducing novel regularization techniques and optimizing loss functions, to enhance training stability and the 
quality of generated music [74]. 2) Integrating multimodal information. Fusing music with information from 
other modalities enables GANs to generate music with richer emotional expression and semantic richness. Joint 
modeling of lyrics and music ensures generated compositions better align with the emotional tone and content 
of the lyrics. 3) Strengthen music semantic understanding. Deepen research into musical syntax rules and 
semantic structures, developing feature representations and model architectures capable of capturing musical 
semantic information. This enables GANs to generate works with greater artistic merit and listenability by 
adhering to music's inherent logic and rules [70]. 4) Develop new evaluation metrics. Establish a comprehensive 
evaluation framework that considers multiple aspects of music—including melody, harmony, rhythm, and 
emotion—to more accurately assess the quality and artistic value of GAN-generated music, thereby guiding 
model training and optimization [74]. 

In addition to these focal areas, it is crucial to encourage interdisciplinary collaboration among researchers, 
musicians, and technologists. Such collaborations can bridge gaps between technical innovation and practical 
musical application, ensuring that advancements in GAN-based music generation are informed by both 
computational rigor and artistic sensibility. Furthermore, expanding open-source datasets and benchmarking 
platforms will facilitate more transparent and reproducible research, helping to standardize progress across the 
field. By systematically addressing these directions, the future of GAN-driven music composition holds the 
promise of producing music that not only meets technical criteria but also resonates deeply with listeners, 
reflecting the nuanced interplay of creativity and technology. 

Conclusion 
As a cutting-edge technology in the field of artificial intelligence, Generative Adversarial Networks (GANs) 
demonstrate immense potential and broad prospects for application in music composition. Through systematic 
review research, this paper delves into the theoretical foundations, model development progress, application 
analysis, and challenges faced by GANs in music composition, while also outlining future research directions. 
First, the fundamental structure of GANs, methods for representing musical data, and the principles of 
generating music form the theoretical foundation for their application in music composition. However, GANs 
still face numerous challenges in this domain. Future research should focus on improving GAN model 
architectures, integrating multimodal information, enhancing musical semantic understanding, and developing 
new evaluation metrics to address these issues. 

While GAN research in music composition has achieved significant results, it remains in a state of continuous 
development and refinement. Through future research and innovation, it is anticipated that current challenges 
will be overcome, propelling further advancements in GAN applications for music composition. This will unlock 
greater possibilities and creative space for musical creation, offering audiences entirely new musical experiences. 
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