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Introduction

This document has a dual purpose. First, it aims to provide a concise overview of how Artificial
Intelligence (Al) is recently evolving in the field of audio and music. Additionally, it intends
to explore potential research directions based on the current state of the domain and my own
perspectives and interests. My greatest interest in Al is generative Al as I find it theoretically
really fascinating and it is obviously mainly used in creative domains such as music. That’s
why I will focus mainly on generative Al in this document.

Generative models for music took a great stride in the last years. Starting from generating
short audio musical segments and symbolic music such as MIDI, models are now capable of
generating longer, high-quality, realistic audio signals. However we are still in the early stages,
especially when it comes to the use of these models by artists. There is much work ahead in
fostering effective human-AlI collaboration. I believe the most interesting, effective and ethical
approach is to focus on how Al models could best be integrated into artists” workflows. The
central question we should keep in mind is : As an artist, composer, producer, performer, how
can Al help me and improve my workflow and creativity ?

Context

To achieve audio and music generation, the state-of-the-art (SOTA) models are mostly driven
by autoregressive-based models, non-autoregressive models introducing masking strategies,
and diffusion-based models. Autoregressive models allow coherent and high-fidelity sounds
but have a high computational cost during training and inference [1]. Some models are thus
operating on quantized latent space in order to address this issue. For non-autoregressive
models, masked generative transformers are often used to diminish computational costs [2]
[3]. Diffusion-based generative models show controllable and high quality outputs [4]. For
computational efficiency, diffusion models often operate on latent spaces too [5] [6]. An ap-
proach to improve the output of these models is to introduce conditioning : it allows more
control over the generated outputs. The recent progress on generated audio is largely due
to the development of Large Language Models (LLMs) and the integration of LLMs in audio
generation (“text-to-music” models). I think large text-conditioned generative models (such as
MusicLM [7] or MusicGen [8]) are a great breakthrough in the domain and I find their contri-
bution crucial. Text-to-music generation is a fascinating tool for creators as it becomes easier
to control the generated output. We can also note relevant other methods using parametric
or audio conditioning. The most effective models often allow to combine several conditioning
methods [9] [10] [11] [12].

Ideas

Text-conditioned models face several limitations. First, music has specific rules : musicality
and musical coherence are really difficult challenges to address. This leads to an overall quality
of the output that can be improved (e.g.generic LLMs can have insufficient integration of music
theory or knowledge). Then, I believe the major issue of these models is that, as it stands, they
can’t be integrated into artists” creation process. Indeed the limited explicit controls over the
generated result, the inadequate features that fail to capture the artistic intent of musicians or
the significant computational and data needs are among the challenges worth exploring.
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Improving text conditioning: To face those challenges, we might initially consider improving
the text conditioning. For example, we could finetune the LLM on musical theory as in [13] or
[14] to allow artists to better describe what they want with high-level features (BPM, chords...).
Finetuned and improved LLM captions can also enable the model to interpret complex audio
signals more accurately for other Music Information Retrieval (MIR) related tasks.

DAW integration: To integrate such models more widely into artists” workflows, we could
create Digital Audio Workstation (DAW) plug-ins that would focus on simple actions : generate
a synthesizer sound, a sound FX, create a reverberation effect, etc... Composer’s Assistant 2
[15] is a good example of a tool integrated in a DAW. It allows to fill up MIDI patterns via an
interactive control.

Physical parameters and audio conditioning: As using only a textual input could be restrict-
ing, the models could also be conditioned with physical Digital Signal Processing parameters
or concepts. These would be chosen by producers either as real physical concepts, or assigned
to more abstract concepts (color, timber...) that the model could easily describe [16]. If the
model can also be audio-conditioned it could of course allow style transfer of a sound or sam-
ple [17]. This could be an interesting tool for producers and sound designers. We can also
think of having a control over the chords or the melody like [18]. Sticking with the same idea of
multi-conditioned models, earlier this year, I discussed with Gael Richard at Telecom Paris about
a model that could learn notions of acoustics and 3D rendering to guide a generative model
in the context of reverberation style transfer. This idea can be generalized for different audio
effects [19].

Music theory conditioning: Using real music theory (not only through a text model) to im-
prove the quality and the musicality of the generated audio could also be a good idea. In
[20], the notation software could help diminish computation needs and improve the learning
of symbolic music structure. Furthermore, investigating the similarity in music [21] [22] could
help guide the generative model into a person’s tastes and musical influences. That could serve
musicians (e.g. to influence plug-in and model outputs) or listeners (e.g. to improve music dis-
covery and classification).

Image Conditioning: Finally, an approach could also be to condition a model with images
(using efficient SOTA models) [23]. Given the high proportion of music for the image in the
world, it could be a useful tool for composers. Even if the composition isn’t intended to be
used for other media, the musicians, performers and composers often have mental images that
characterize the music they are playing or composing.

Further considerations

The ideas outlined above naturally involve re-using, merging and optimizing existing models
and techniques. There are too many different techniques to list them all here. For instance,
methods like quantization are crucial for reducing computational costs, making them highly
important to look over. Obviously, it is also interesting to try tackling other signal processing
and acoustic related subjects such as source separation. Besides, source separation investiga-
tion could also fit in well with the ideas mentioned above [24] since it can be useful to provide
more control to users. Please note also that the references provided are my selection of worthy
examples among many other really interesting SOTA papers and this document doesn’t aim to
contain an exhaustive literature review.
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