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Abstract

The project, WAME.AI, introduces an advanced AI-driven music editor that
enhances music editing capabilities through conversational AI interactions. By
leveraging a fine-tuned MusicGen model [1] and a multitrack dataset from the
"Mixing Secrets" Free Multitrack Download Library, this project uniquely utilizes
LLMs [2] to generate data-driven prompts and employs automatic tag matching
for more effective model training. These innovations facilitate deeper musical
comprehension and dynamic editing based on complex user prompts. Preliminary
results are promising, offering a solid foundation for future advancements in
AI-enabled creative music editing.

Code implementations: https://github.com/YudingWang/GenMusic

1 Introduction

Music is a form of art that integrates expression and carries the cultures of the human race. Musical
instruments are an important medium of turning thoughts into music.

In the last century, electronic music thrived, with the first introduction of analog musical instruments
like the theremin around 1920 and later came the first analog synthesizer in the 1950s. Soonly after,
efforts were made to develop digital systems that mimicked the sounds of the analog instruments. The
Yamaha DX7, for example, popularized the digital synthesizer and sparked a new era of electronic
music.

Because of the meticulous structure of music, the variety of musical instruments, and the nuanced
artistry involved, musical composition typically requires knowledge in Music Theory and an ample
amount of time. Early attempts to understand and recreate musical behaviors algorithmically was in
the 1950s [3]. Subsequently, more algorithmic systems that incorporated aspects of music theory were
developed [4, 5, 6]. As deep learning became the mainstream research of artificial intelligence (AI),
earlier music generation models like MelodyRNN [7], WaveNet [8] were developed and recently,
MusicLDM [9] and MusicGen [1] became the new state-of-the-art. At the same time, Large Language
Models (LLM) like ChatGPT [2] and Llama [10] changed how people interact with the computer, and
with the introduction of DALL · E [11], people are able to use everyday language to tell ChatGPT [2]
what images they want to draw and later how to edit the image.

We propose a model that leverages music generation models and LLMs to create a system that
understands language input and generates music according to the user’s needs. Like DALL · E [11],
our model can take into account the context of the previous text prompts and let the user input
additional information to edit the previously generated music. Our intention is to create an easy and
manipulable tool to make music. There is little previous work done on music LLM models as such,
and we would like to explore this particular direction.
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2 Literature Review

The music generation field has seen significant evolution over recent decades, moving from simple
probability models to the sophisticated use of deep learning techniques. Insights from surveys like
"A Comprehensive Survey on Deep Music Generation" [12] and "A Survey on Deep Learning for
Symbolic Music Generation" [13] provide a broad understanding of the various tasks involved in
music creation at different levels.

Previously, computer-based music creation was largely rule-based, attempting to replicate traditional
musical theory. However, the advent of deep learning has revolutionized this process, enabling
computers to analyze vast amounts of music and generate original compositions. Deep learning
models, such as RNNs [14, 15, 16], LSTMs [17], and Transformers [18], have propelled the field
forward. For instance, the Transformer model has been effectively used for music infilling tasks, as
seen in "Melody Infilling With User-Provided Structural Context." [19] Furthermore, the integration of
Variational Autoencoders (VAEs) and Generative Adversarial Networks (GANs) for music generation,
inspired by dance videos in "Dance-conditioned Artistic Music Generation by Creative-GAN," [20]
illustrates the creative synergy between data of multiple modalities.

The emergence of the Diffusion model, particularly when combined with the Transformer architecture,
marks the latest advancement, offering unprecedented creativity and output fidelity. Notable imple-
mentations include "Audiobox: Unified Audio Generation with Natural Language Prompts," [21]
showcasing sophisticated audio generation from textual prompts, "MusicGen: Simple and Control-
lable Music Generation" [1], and "MusicLDM: Enhancing Novelty in Text-to-Music Generation
Using Beat-Synchronous Mixup Strategies," [9] which demonstrate innovative text-to-music genera-
tion approaches. Additionally, "Noise2Music: Text-conditioned Music Generation with Diffusion
Models" [22] leverages a pre-trained language model to interpret prompts, further enhancing the
text-conditioned music generation landscape.

Furthermore, we will also draw upon models such as those described in “Symbolic Music Gener-
ation with Diffusion Models” [23], which utilize diffusion model for music-to-music generation
functionalities, serving as a foundation for our implementation. Although these models often do not
incorporate the ability to accept and process prompts based on Large Language Models (LLMs), their
methodologies provide crucial insights into the capabilities of diffusion models in music generation
contexts.

Despite these advancements, the concept of music-to-music generation guided by human prompts
remains an uncharted and challenging area. This innovative approach aims to create a system that
takes existing musical pieces as inputs, rather than generating music based on human’s orders from
scratch, and uses human prompts to guide the re-composition or modification of the music according
to specific themes or instructions. Drawing inspiration from seminal works such as "Denoising
Diffusion Probabilistic Models," [24] which introduces the diffusion model for generation, and
"Attention Is All You Need," [18] which thoroughly elucidates the Transformer model, our project
seeks to build upon these pivotal contributions. In particular, we have recently been exploring the
capability of AudioSep [25] as a potential addition to our final model for stronger editorial ability,
specifically when the model is prompted to adjust the volume or delete specific voices. We will also
reference papers on the most relevant and recent applications in this field that align closely with our
ideas, including the previously mentioned music generation models [21, 1, 22].

By adopting the principles outlined in these landmark studies and incorporating insights from these
cutting-edge applications, we aim to explore the untapped potential of prompt-driven music-to-music
generation. This method promises not only to open up a new avenue for interactive musical creativity
but also allows users to have a direct impact on the generation process, enabling them to customize
the output to reflect their personal tastes or creative intentions.

3 Model

3.1 Baseline Model

As described in our proposal idea, our model intends to have the capability of both generating new
music and editing existing music. Thus, our baseline model attempts to combine two primary parts.
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The first part uses MusicGen [1], as described in the referenced paper, as the baseline model for our
music generation task. MusicGen [1] is a state-of-the-art single-stage language model that generates
music based on compressed discrete music representations. It introduces a novel token interleaving
pattern that enables the efficient generation of high-quality mono and stereo music samples from
textual descriptions or melodic prompts. This approach streamlines the music generation process by
eliminating the need for multiple cascading models.

Input: Text or Melody

EnCodec Tokenizer (Quan-
tized Audio Tokens)

Codebook Interleaving Patterns

Transformer Decoder (Self-
Attention & Cross-Attention)

Output: Generated Music

Figure 1: MusicGen Architecture Diagram [1]

The second part of the baseline model features AudioSep [25], a state-of-the-art model that takes in
text user query and extracts the specified source from a mixed audio signal, to improve the editing
capability of our model when prompted changing or deleting specific voices. We will likely remove
the language query in our final model and stick to separating every possible voice in the mixed
signal. This model separates existing music by applying a Short Term Fourier Transform (STFT)
to convert the input waveform into complex spectrogram in the frequency domain and feed it into
an encoder-decoder network. Loss is calculated by comparing the ground truth waveform and the
generated separated waveform, both in the time domain.

Ultimately, our final product attempts to combine the two parts mentioned above into a model that
contains the best of both worlds.
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Figure 2: AudioSep Architecture Diagram [25]. "AudioSep contains two key components: a
QueryNet and a SeparationNet. The QueryNet is the text encoder of CLIP [26] or CLAP [27] model.
The SeparationNet is a frequency-domain ResUNet [28, 29] model." [25]

3.2 Training Objectives

Our proposed generative model [1] seeks to synthesize music by directly approximating the con-
ditional probability distribution of musical data, X , given a context c, such as textual descriptions
or melodic prompts. The training objective is formulated as the minimization of the negative
log-likelihood:

− log p(X|c) = −
N∑
i=1

log p(xi|xi−1, . . . , x1, c), (1)

where xi denotes the tokens in the sequence of the music output. This objective encourages the model
to learn a representation that is faithful to the structure of the music while being able to generate
novel compositions when conditioned on new prompts.

During training of the proposed separation model [25], separated voices, s1 and s2, from the training
set are mixed into input x while using the loudness augmentation method proposed in [29], where
we calculate the energy E1 and E2 for both voices using E = ∥s∥22 and apply a scaling factor
α =

√
D1/E2 to s2 such that x = s1 + αs2. We then minimize the L1 loss between the ground

truth waveform s and the separated waveform ŝ:

l = ∥s− ŝ∥1

3.3 Denoising Diffusion Process

In addition to the token sequence model, our approach incorporates a denoising diffusion process.
This process injects noise into the data and tasks the model with recovering the original signal, thereby
maximizing the evidence lower bound (ELBO):

ELBO = E[log p(X|c)]−DKL(q(X|X̃, c)||p(X|c)), (2)

where DKL represents the Kullback–Leibler divergence, X̃ is the noised data, and X is the clean
music data. Through iterative refinement, the model learns to generate high-fidelity music by
reversing the noise process.

3.4 Evaluation Metrics

For the evaluation of our final music generation model, we will employ both established and novel
metrics to ensure a comprehensive assessment. We intend to compare our model with MusicGen [1]
using the following metrics:

Objective Metrics:

• Fréchet Audio Distance (FAD): To measure the closeness of the distribution of generated
audio to that of real audio.

• Kullback-Leibler (KL) Divergence: To quantify the similarity in the distribution of audio
features between the generated and real audio.

• Chroma Cosine Similarity: To evaluate the harmonic structure and melody alignment in the
generated music.

Subjective Metrics:

• Human Evaluation for Overall Quality (OVL): Where listeners rate the audio quality on a
scale from 1 to 100.
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• Relevance to Text Input (REL): Where listeners rate how well the generated music aligns
with the given text description.

Innovative Metric - PAM[30]:

• Prompting Audio-Language Models (PAM): A no-reference metric for assessing audio
quality by leveraging audio-text paired data and contrasting positive and negative quality
descriptors.

Metric Implementation:

All metrics will be implemented as follows:

FAD = function(generated_audio, real_audio), (3)

KL = DKL(Preal||Pgenerated), (4)

PAM =
exp(similarity_scorehigh_quality)

exp(similarity_scorehigh_quality) + exp(similarity_scorelow_quality)
. (5)

The chosen metrics allow for a multi-faceted evaluation of the generated music, capturing both
technical and perceptual qualities. The inclusion of PAM, in particular, provides a modern approach
to audio quality assessment that does not rely on reference audio, thereby offering a fresh perspective
on the perceptual quality of generated music.

4 Baseline Model Evaluation and Dataset Collection

As we advanced our project, we implemented and analyzed our baseline model. Our analysis
has pinpointed several areas where the baseline model—despite its pioneering approach to music
generation—falls short in delivering the nuanced and stylistically faithful musical compositions that
users seek. Our project’s ambition is to navigate through these complexities and introduce substantial
improvements.

4.1 Addressing Inherited Challenges

1. Randomness and Rhythm Consistency: The baseline MusicGen [1] model occasionally
produces outputs that seem abruptly random or exhibit chaotic rhythms, detracting from the
user’s experience by making the AI-generated nature of the music overtly apparent. Our
modifications aim to introduce a more structured and consistent approach to randomness
and rhythm.

2. Enhanced Music Understanding: The original model’s capacity to interpret and generate
music based on abstract or nuanced stylistic instructions is limited. For instance, while
capable of generating music aligned with broad genre categories, it struggles with more
refined or specific stylistic imitations, such as accurately emulating the nuances of Michael
Jackson’s style. Our work seeks to deepen the model’s understanding of musical styles
beyond mere genre classifications.

3. Broadening Functional Capabilities: Beyond addressing the constraint to melody and the
need for incorporating randomness, our focus extends to refining how the model interprets
musical genres and elements like instrument types. The challenge of maintaining the original
melody after multiple rounds of feedback and the model’s handling of negative prompts
(e.g., instructions on what not to add) are areas we aim to improve.

4.2 Leveraging AudioSep [25] for Instrumental Insight

A key strategy in our approach involves integrating the AudioSep [25] model to enhance the baseline
MusicGen’s [1] comprehension of music creation at a granular level. This model’s adeptness at
separating different instruments from a mixed track will inform and refine MusicGen’s [1] generative
process, aiming to rectify the issue of AI-signature sounds in the output and foster a more human-like
composition quality. We aim to enrich the model’s understanding of music by providing more detailed,
track-separated musical components combined with appropriate labeling of multi-track files. This
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labeling effort will be further enhanced through the implementation of a model-driven approach, and
utilizing ChatGPT’s [2] API to expand on synonyms for labels, thus achieving a model-training-model
effect. Rather than producing audio content mixed with abrupt random sounds, our ultimate goal for
this phase is to deepen the model’s comprehension of the various musical components, aiming to
generate more aesthetically pleasing music that aligns with human tastes.

4.3 Enhanced Dataset for Targeted Fine-tuning

Our project’s stride towards achieving a nuanced music generation capability is significantly bolstered
by incorporating the Cambridge Music Technology [31] dataset, a meticulously curated collection of
597 music projects specifically designed to support mixing practice and educational purposes.

The library offers an extensive array of multitrack projects available for free download, each project
presented as ZIP archives containing uncompressed WAV files. These files stand out for their high
fidelity, with resolutions spanning 24-bit or 16-bit and a standard sample rate of 44.1kHz. A hallmark
of this dataset is the contributors’ commitment to providing audio in its "raw" form—unprocessed
and devoid of additional effects beyond essential treatments applied during tracking or editing. This
practice ensures the maximum mixdown flexibility and authenticity for educational and practice
purposes, which ensures the simulation of human music creation.

Our project leverages this rich dataset, annotated for detailed musical characteristics such as genre,
instrument types, and style, to enable more precise fine-tuning of the MusicGen [1] model. By
immersing our model in the depth and diversity of the Cambridge Music Technology dataset, we
aim to refine its generative capabilities, ensuring the production of music that resonates with human
creativity and stylistic accuracy.

4.4 Labeling Engineering

Utilizing Large Language Models (LLMs) like ChatGPT [2] for data labeling has revolutionized
the efficiency and cost-effectiveness of processing tasks. This method eliminates the need for
extensive manual labeling and model training, offering a streamlined approach that can rival human
performance. In our project, we propose leveraging this advanced technique to create a dataset for
fine-tuning the model.

Accoding to Data Labeling using GPT APIs [32], the process of data labeling with LLMs typically
involves the following procedures: initially manually labeling a small dataset, then employing a
few-shot labeling prompt for preliminary labeling, and refining this prompt based on review outcomes
to enhance accuracy. This process is repeated as needed. Finally, using the final prompt to label the
rest of the dataset.

This innovative approach, integrated with models like AudioSep [25], enhances MusicGen’s [1]
music creation process by refining instrument separation and labeling, aiming for a more human-like
composition quality and aligning with our goal of generating music that resonates with public tastes.

4.5 Future Directions

Our project is committed to refining MusicGen [1] through targeted enhancements, addressing the
inherited limitations to produce music that not only meets the diverse stylistic expectations of users
but does so with a level of quality and creativity that blurs the line between AI-generated and human-
composed music. In the pursuit of these objectives, we aim to innovatively integrate the diffusion
model with Large Language Models (LLMs), to enhance the model’s understanding of music and
its ability to interpret human instructions more accurately. This integration seeks not only to enable
the generation of high-quality music but also to facilitate the editing of music based on prompts
provided by users. By tackling these challenges head-on, we aim to set a new standard for AI in
music generation.
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