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ABSTRACT

Up until recently, most approaches to music generation were based on deductive logic:
generative rules were devised on the basis of musicians’ preferences, subjective appre-
ciation and dominant music theories. Machine learning (ML) introduced a paradigm
shift: vast datasets of existing music are used to train neural networks capable of gen-
erating new compositions supposedly without embedding predefined musical rules.
We first outline how rule-based systems depend on a series of reductionist processes
and assumptions about music that affect what can be generated. We then examine
ML-based generative music systems and show that they are still unable to generate
the full theoretical space of musical possibilities, they are still grounded on reduction-
ist processes and their soundness is still affected by unquestioned assumptions. We
also identify the limitations of semantic bridges used to form musical meaning and
the epistemic framework of cascading modules. Finally, we propose that the artistic
potential of ML systems might lie beyond attempts to replicate human music-making
methods.
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1 INTRODUCTION

Since the 1950s, computers have been used for a
variety of music-generation tasks, employing different
approaches - namely rule-based, stochastic and evo-
lutionary systems (Griffith and Todd, 1999). Indepen-
dent of the specific implementations, these approaches
employ a deductive top-down logic of music genera-
tion, in which the musician/developer identifies the musi-
cal parameters to automate, formulates the generative
rules and procedural logic and delegates their execution
to the computer to generate music. While this approach
has produced significant musical works, it inherently and
unavoidably involves reductionist processes. These pro-
cesses i) embed the generated music with the epistemo-
logical and ontological assumptions of the musician and
the (scientific) episteme, ii) constrain the scope of music
and its potentialities to a narrowly defined scope and ii)
force music ontology (what is music) to be defined by the
epistemic tools that are used to create it. Consequently,
this approach yields only a partial and highly constrained
account of music.

In recent years, several machine learning (ML)-
powered generative music systems (GenAl) have been
released, which are based on an inductive, bottom-up
logic of generation (Pasquinelli, 2023). Unlike rule-based
systems, GenAl systems’ are not taught compositional
rules that are grounded in arbitrarily defined grammar
and do not encode specific (and inherently partial) under-
standings of music. Instead, they automatically capture
musical features from massive quantities of music data,
supposedly without directly referencing specific musical
elements. As they do not require being taught explicit
musical rules, GenAl might thus overcome the reductions
and assumptions that affect the deductive logic of music
generation.

While GenAI might depart from the specific sacrificial
epistemic processes of rule-based systems, it remains an
open question whether other forms of such processes
persist. Are GenAl systems still imbued with implicit
assumptions about music? Do they require human guid-
ance and constraints to function effectively? Are they still
subject to reductionist logic? Do they move beyond the
effect of epistemology on music ontology, or do they
still foreclose musical possibilities? While departing from
the explicit rule-based logic of earlier systems, GenAl
might remain structured by mechanisms that function
as forms of implicit reductions. Whether these reductions
constrain musical possibilities differently or more subtly
than their deductive counterparts is a central concern of
this paper.

While reduction has always played a crucial role in
the formalisation and transmission of music, from nota-
tion systems to analytical frameworks, we argue that
its effects in computational systems acquire a different
weight. In these contexts, reductionist assumptions are

often invisibly embedded in models, treated as neutral
abstractions and rarely subjected to epistemic scrutiny.
It is precisely this lack of scrutiny that warrants the
critical investigation we undertake in this paper. This
work must be read alongside more technical contribu-
tions to music generation in music information retrieval
(MIR). While often excelling in empirical capabilities, such
technical work rarely offers sustained reflection on the
epistemic and ontological assumptions they embed. By
foregrounding these assumptions, our analysis comple-
ments technical perspectives and aims to broaden the
discourse on generative systems in MIR.

Notably, in this article, we focus on end-to-end gen-
erative music systems: models capable of producing
complete musical outputs directly from input data with-
out intermediate human intervention, other than tex-
tual prompting. We acknowledge that other generative
paradigms exist, including systems designed for contin-
uation, inpainting or interactive co-creation. However,
the scope of this paper is kept intentionally narrow for
two reasons. First, end-to-end systems represent the
most commercially relevant and publicly visible branch
of current GenAl in music and therefore have the great-
est impact on industry narratives and user expectations.
Second, their design foregrounds the epistemic and onto-
logical issues we investigate, since their training and
inference processes encompass the full chain from rep-
resentation to generation.

The remainder of the paper is structured as follows.
Section 2 examines rule-based (deductive) approaches
to music generation, while Section 3 focusses on repre-
sentative ML (inductive) approaches. Section 3 is deliber-
ately more detailed than Section 2, as recent ML-based
systems have received less scholarly attention. A fuller
account of their architectures and training processes is
needed to support the later epistemic and ontological
analysis. Section 4 builds directly on the observations
from both paradigms to trace how reductionist processes
persist and to propose ways of ‘unleashing’ GenAl, and
Section 5 offers concluding reflections.

2 DEDUCTIVE LOGIC OF MUSIC
GENERATION

Automatic music composition dates back to mediaeval
times, as seen in the Messe de Nostre Dame (1365) by
Guillaume de Machaut. In the digital age, automatic
music-generation systems typically operate within
well-defined objectives and/or parameter spaces
(e.g. algorithmic counterpoint, automatic accompani-
ment, exploration of possible variations). While many
approaches have been proposed, we focus on those
that define musical rules following classical symbolic Al
methods, or ‘good old-fashioned AI. In this approach,
algorithms solve problems in a manner that resembles
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human reasoning by representing problems as states
and applying explicit logical rules to transition between
these states. The approach is based on deductive logic:
‘intelligence’ is seen as a representation of the world
that can be ‘formalised into propositions’ (Pasquinelli,
2023) and requires explicit symbolic representations and
logical rules (Bajohr, 2024).

The creator of an algorithmic music-composition tool
based on symbolic intelligence must manually code the
compositional rules and logic that are typically derived
from music theories and specific styles. For instance,
Schottstaedt (1984) created a system to automatically
compose music in the polyphonic style of Palestring,
using rules from a 1722 composition manual (Fux et al.,
1971), while Ebcioglu (1990) imitated Bach’s chorales
by defining around 350 rules. Perhaps one of the most
sophisticated of these systems was developed by Cope
(1992), who combined defined rules with Markov chains
to imitate the styles of different classical tonal com-
posers. In other cases, composers defined their own rules
based on original artistic ideas. For instance, Cage, in
HPSCHD, defined rules to recombine music ideas based
on existing works using random values (Austin et al,,
1992). A key aspect of this process was identifying the
fundamental musical structures and processes signifi-
cant to the composer.

In all cases, rule-based music generation encounters
a necessary process of progressive ontological reduction
of ‘what is music’ or ‘what counts in music’ - what Born
(2010) called analytical ontology. This reduction starts
from what we might refer to as the ‘music potential’
- the theoretical and infinitely large set of all possible
sound combinations that can be deemed as music, or, in
other words, the music that underlies and makes possible
all musics —and progressively reduces it by adding con-
straints.

These progressive reductions can also be seen as sac-
rificial decisions that act as exclusionary filters. In the fol-
lowing sections, we identify three sequential exclusionary
processes.

2.1 CHOICES OF MUSICAL PARAMETERS

The first reduction entails identifying the specific set
of musical parameters or processes that the composer
aims to automate. Western composition has tradition-
ally focused on manipulating certain parameters. These
parameters have historically been centred on pitch and
time, but, in the last century, other parameters have
gained prominence, such as timbre and dynamics (e.g.
Luigi Nono), or rhythmic and harmonic textures (e.qg.
Gyorgy Ligeti). These parameters, generally speaking,
depend on the objective of the musician. For instance,
Cope (1992) sought to develop computer models that
could replicate specific Western composers’ styles. The
initial stage involved identifying the specific musical
parameters that characterise a particular composer’s

style by analysing existing scores and identifying salient
features, which can then be translated into computa-
tional rules. For instance, one algorithm examined an
artist’s repertoire for similarities at the level of metre, tac-
tus and mode (ibid.) - parameters central to Classic music
(broadly, the period from Bach and Brahms) but less cru-
cial in other periods.

Although the musician’s objectives described above
are deliberate and intentional, other less intentional fac-
tors also contribute to filtering the music potential, i.e.
the musician’s subjectivity and the cultural context. The
musician’s subjectivity encompasses their musical pref-
erences, experiences and perceptual and cognitive skills
that define their musical predisposition and apprecia-
tion. The cultural context includes the dominant cultural,
political and social paradigms and episteme. In partic-
ular, algorithmic imitations of Western tonal music pri-
oritise specific parameters and compositional strategies
over others. Notable examples are the counterpoints in
Hiller and Isaacson (1979) and Schottstaedt (1984) and
the focus on harmony in Ebcioglu (1990).

2.2 MUSICAL GRAMMATISATION

The musical parameters that survived the previous selec-
tion need to undergo a process of grammatisation, which
Stiegler (1998) describes as the process of transforming
continuities into discrete elements - like writing, which
breaks ‘into discrete elements the flux of speech’. This
concept relates to that of commensuration: the process
of transforming qualities into quantities (Espeland and
Sauder, 2007) so that qualities can be numerically rep-
resented and then replaced (Husain, 2021). This logic,
which is typical in machinic automation and in the cap-
italistic mode of production (Pasquinelli, 2023), entails
a sacrificial process insofar as there is space only for a
finite number of ‘possibilities of operation and usages’
(Simondon, 2011).

We term musical grammatisation the process of sim-
plification and fragmentation required to break down
music into a discrete and lower-dimensional space
of manageable properties, as well as the reductionist
process caused by the specific epistemic tools used to
compose music. Notably, grammatisation predates algo-
rithmic composition. In traditional (non-digital) music,
performers control parameters like pitch, timbre and tim-
ing as continuous elements. However, when inscribed
into scores, these parameters are imposed over a grid of
allowed note pitches and values, becoming discredited,
uniformised or simply not accounted for (for instance,
variations on timing were largely present in the Classic
period but were not always represented on paper). Thus,
notation systems and music theory are forms of music
grammatisation.

In the digital domain, extra layers of grammatisation
are added. Digital music representations - whether raw
audio or symbolic - are reductionist processes. Raw audio
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directly encodes physical information about recorded
sound and is influenced, albeit marginally, by the record-
ing technology and processes. Symbolic representation
encodes only a subset of structural parameters (e.g.
pitch, modes, rhythm) or performance features (e.g. tim-
ing, dynamics, techniques). The Musical Instrument Dig-
ital Interface, the most commonly used representation
(and communication) protocol, often praised for musi-
cal universality, in fact undergoes a process of reduction-
ism and simplification as it reduces the infinitely complex
space of music to a few discrete parameters (Morrison
and McPherson, 2024).

Furthermore, the algorithms and models that are typi-
cally used to process digital music - the MIR toolbox - are
exclusionary. While undeniably useful, rich and sophis-
ticated, the MIR toolbox can indeed only account for
aspects that can be extracted, analysed, quantified and
synthesised using epistemic processes of Western Empiri-
cism. For instance, aspects such as micro-timing devi-
ations (e.g. rubato) or timbre adjustments introduced
in performance are often unaccounted for, as they are
more difficult to measure and quantify. Similarly, qual-
ities imbued with culturally specific meanings may lack
formal descriptors or even vocabulary, making them
invisible to MIR tools and, thus, epistemically excluded.

Once a composer has defined the set of musi-
cal parameters and processes they want to control,
lower-dimensioned their complexity and translated them
into a computer-intelligible representation, they need
to develop models to manipulate symbols (input) and
then elaborate a solution (output) in a using a symbolic
formalism. This process inherently involves a curatorial
dimension, as decisions regarding the generative process
must be made regardless of the generation strategies
employed. Notably, these decisions are shaped not only
by the composer’s expertise but also by the available
technological resources.

2.3 LESSENED ONTOLOGY

At the end of the chain of reductionist processes, the
music potential is narrowed down to a highly constrained
set of possibilities, and this is a necessary condition for
deductive approaches to music generation. The resultis a
lessened music ontology that relies on the methods and
technologies that are available and endorsed at a cer-
tain time by a certain culture. Thus, the top-down under-
standing of what music should be, along with the tools
and theories chosen to reach this understanding, defines
what music is. Effectively, epistemology (our knowledge
about music) determines ontology (what music is).

Also, since epistemic tools are entangled with their
object, carrying epistemological and ontological con-
sequences (Barad, 2007; Giraud, 2019), the materials
used for grammatisation influence what music is and
what music can be represented. This influence is shaped

by political forces as the space of possible musics is
confined by Western canons and ‘protected by bound-
aries that reflect Western aesthetics’ (James, 2019).
Even in traditional music, the epistemic influence of
written scores led to overlooking performance nuances,
favouring harmony-melody-based music. Meanwhile,
timbre, which was difficult to reduce to numbers without
computational analysis, was less explored by Western
COmMposers.

From a Simondonian perspective, musical gramma-
tisation is about analysing or representing the musical
phenomenon dfter it has been conceptually fragmented
or constituted into discrete parts. Thus, arbitrarily estab-
lishing a priori specific elements and quantities might
fail to grasp the dynamic and potential-rich process of
becoming, which Simondon (2020) termed individuation.
Individuation emerges from a metastable, pre-individual
state rich with potentials. Musical grammatisation sta-
bilises certain musical structures by resolving tensions
within a metastable continuum of musical possibilities.
Yet, in doing so, it sacrifices alternative configurations.
Musical grammatisation thus determines the expressive
vocabulary available to composers and, by consequence,
determines the musical possibilities that can be auto-
mated using rule-based approaches to generation and
those that are excluded and thus unexplored. As a result,
the richness of music’s pre-individual continuum can only
partially actualised.

The deductive logic of music generation is thus a cura-
torial one, as it unavoidably includes reductionist pro-
cesses and assumptions about music that significantly
limit and bias the space of possible musical outcomes.
In the next section, we explore the extent to which ML-
based music generation overcomes this limitation.

3 INDUCTIVE LOGIC OF MUSIC
GENERATION

Data-based Al paradigm, also called ML, connection-
ism or indexical AI (Weatherby and Justie, 2022), stems
from neuroscientists’ efforts to mimic brain functions in
computational terms (McCulloch and Pitts, 1943). This
paradigm holds that intelligence comes from the empir-
ical experience of the world, which operates through
approximation and optimisation and learns from exam-
ples (Pasquinelli, 2023). The underlying logic is inductive:
patterns and structures found in data are projected into
new contexts.

Below, we present a representative set of paradigms
selected for their prominence in contemporary music-
generation research and commercial systems, and
because they, as we shall see, exemplify reduction-
ist mechanisms, sacrificial processes and assumptions
about music. We mostly focus on self-supervised (unsu-
pervised) models, where patterns are learnt without
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human input, as these might theoretically reduce arbi-
trary choices and biases. This section is organised to
follow the generative pipeline: from training-stage levers
to inference-stage paradigms and conditioning.

3.1 TRAINING

A GenAl system normally entails two stages: training
and inference. During training, the model is optimised to
abstract musical representations by encoding input data
into a structured latent space. In the inference stage, the
model decodes or samples from this latent space to gen-
erate new outputs, usually in response to user inputs.

3.1.1 Data Accumulation

GenAl requires the accumulation of data - not just musi-
cal data but also text, videos, captions and lyrics. Only
a limited portion of music is accumulated in training
datasets, resulting in limited and biased? datasets (Born,
2020; Holzapfel et al., 2018; Huang et al., 2021). Since
the generated output is directly linked, although not
linearly, towhat goes in (recorded music), the space of pos-
sible outcomes is highly constrained, which has important
implications in the context of our study. First, the possi-
bility of being recorded applies only to musical works per-
formed within the past 150 years and, even within this
period, many works were never recorded. Second, training
data are biased towards Western content and aesthet-
ics (Tao et al., 2024). Third, recording technologies are not
neutral, as they are affected by the same ontological and
epistemological issues explained in Section 2.3.

Training data used in GenAl thus represents a partial
and biased catalogue of music. Given the inherent impos-
sibility of compiling domain-exhaustive training data and
the direct dependence of GenAl outputs on training data,
the model’s ‘understanding’ is necessarily limited and
partial. While this limitation is virtually inconsequential
for many MIR tasks, we argue that a partial, selective and
biased generation poses significant ethical and episte-
mological challenges.

Given that the paper has an onto-epistemological
focus, ethical discussion is purposely limited. However,
we proposed such discussions in depth elsewhere.?

3.1.2 Data representation and pre-processing

Music training data can be represented as waveforms
or as symbolic notation. Symbolic notation is already
encoded, and thus normally requires little to no pre-
processing. By contrast, while some models like WaveNet
(Oord et al.,, 2016) operate solely in the time domain,
waveforms are generally converted into a representa-
tion that captures spectral characteristics. A widely used
representation is the log Mel spectrogram, which nor-
malises the frequency scale to align with human percep-
tion, making it particularly relevant for music-generation
tasks prioritising perceptual quality (Ma et al., 2024).

From a reductionist perspective, this phenomenologi-
cal representation may initially appear neutral. However,
working in the frequency domain privileges harmonic
features, often at the expense of non-harmonic ele-
ments that might be better captured in the time-domain
(ibid.). This prioritisation significantly impacts music gen-
eration, shaping what the model emphasises and over-
looks. Consequently, neural codecs, log Mel spectrograms
and Short-time Fourier transform (STFT) should be recog-
nised as epistemic constructs rather than neutral tools, as
their representational assumptions condition the ways in
which music can be perceived, analysed and understood.

Other forms of raw data processing exist, which
are based on common MIR feature extractors. These
forms target specific musical elements, such as melody,
dynamics and rhythm (Wu et al., 2023), thereby enact-
ing a form of sacrificial reduction. Chroma features, for
instance, divide the octave into the 12 pitch classes of
Western equal temperament, thus privileging its tonal
framework. Their alignment with the equal-tempered
scale makes them effective for identifying musical ele-
ments such as chords, key signatures and modulations
and is used by models like MusicGen (Copet et al., 2024)
to guide the generation process.

Many GenAls employ tokenisation as a pre-processing
step. In order to be processed by an ML model, music
data —whether raw audio or symbolic —must be
segmented into sequences, or tokens. The choice of
tokenisation method, particularly the distinction between
discrete and continuous tokenisation, significantly shapes
the latent representation, directly impacting the model’s
capacity to analyse, interpret and generate music.

Discrete tokenisation is often preferred for auto-
regressive models (Section 3.1.3) and symbolic music
(Liao et al., 2024). This method represents short seg-
ments of music as individual tokens, converting music
data into a sequence of distinct symbols to form a finite
vocabulary. Discrete tokenisation thus imposes a level of
abstraction and simplification onto music data and can
be incentivised to focus on higher-level distinct musical
elements. These elements may be explicitly defined (for
instance, by specifying aspects such as melody, harmony
and rhythm) or left to be determined by the datasets
and loss functions. Either way, the process entails a
reductionist approach akin to the grammatisation pro-
cess described above. Continuous tokenization is nor-
mally used in diffusion (Section 3.1.3) for tasks requiring
detailed acoustic representation (e.g. audio generation
and speech recognition). This method maps music data
into a continuous vector space and seems less affected
by reductionist processes.

3.1.3 Model training
Tokens are used to train the model, enabling it to learn
abstract representations of the data. GenAls typically rely
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on two main paradigms for training: diffusion and autore-
gressive models.

Diffusion models simulate a forward and reverse dif-
fusion process. In the forward step, Gaussian noise is
incrementally added to the music data until it becomes
random noise, effectively removing all musical informa-
tion. The model simultaneously learns to reverse this
process by predicting and removing the added noise step-
by-step, effectively reconstructing the original data (see
Section 3.2.1).

Autoregressive models learn a probability distribu-
tion over possible next events based on the preced-
ing sequence. Models like Museformer (Yu et al., 2022)
use fine- and coarse-grained attention mechanisms to
handle both long music sequences and local struc-
tural details. Bar-level fine-grained attention captures
local structural information (e.g. detailed note sequences
and short-term patterns), while coarse-grained atten-
tion gathers broader contextual information (e.g. analy-
ses other bars and considers the global structure).

Both paradigms embed various other models at dif-
ferent stages for different tasks. In the remainder of this
section, we review some of the most common ones,
focusing on their relevance to our research question.

Autoencoders and variational autoencoders are often
employed to learn lower-dimensional representations
of data in an unsupervised manner. The architecture
includes an encoder that compresses input into a lower-
dimensional latent space and a decoder that attempts
to reconstruct it. The latent representation, learnt at
the bottleneck of the autoencoder, encodes a com-
pressed representation that contains less but more high-
level information than the input audio. The encoder and
decoder are jointly trained to extract meaningful fea-
tures in order to minimise a loss function, which typically
combines reconstruction error with additional constraints
(e.g. a regularisation term in variational autoencoders).
The learnt features depend on the loss function and the
encoder-decoder architecture. For example, a loss func-
tion that focusses on timing and pitch may lead the (vari-
ational) autoencoder to capture micro-timing nuances
and precise pitch intervals. Conversely, a function tar-
geting higher-level structures, such as harmonic progres-
sions and melodic contours, would guide the encoder to
represent chord changes.

In models based on contrastive learning, semantic
properties emerge as the model learns to maximise sim-
ilarity between similar samples and minimise similarity
between dissimilar ones. This training objective encour-
ages the model to capture high-level discriminative infor-
mation, leading to representations that should encode
meaningful features. Contrastive learning is often multi-
modal, in which case pairs of positive-negative samples
originate from different modalities. Text-music pairing
models like CLAP (Elizalde et al., 2022), MuSCALL (Manco
et al, 2022) and MulLan (Huang et al., 2022) integrate

audio and language description into a joint multimodal
latent space, extracting semantic features that bridge the
two modalities. This approach helps relieve the genera-
tive model from learning the connection between audio
and human semantics on its own. Beyond language,
other modalities like videos and images can also be used
to identify semantic tokens.

Context awareness involves developing latent repre-
sentations by analysing the context of processed tokens.
Masked modelling, for instance, trains models to predict
missing or masked segments within input data, suppos-
edly capturing higher-level, abstract and perceptually rel-
evant features (Ma et al., 2024). Contextual information
also plays a role in Generative pre-trained transformer
(GPT’s) self-attention mechanisms (Vaswani et al., 2017)
that are used in music-generation systems like MusicLM
(Agostinelliet al., 2023). These mechanisms enable mod-
els to weigh different parts of the input sequence, captur-
ing long-range dependencies and complex relationships.

Hierarchical models are trained to represent and gen-
erate music at multiple levels of abstraction, from fine-
grained details to high-level semantic concepts (Liao
et al.,, 2024). This approach supposedly enables mod-
els to capture both the acoustic nuances and the over-
all meaning of audio. For instance, AudioLM (Borsos
et al., 2023) employs a three-stage hierarchical frame-
work to learn audio representation. First, semantic tokens
are computed autoregressively using w2v-BERT (Chung
et al., 2021) to capture long-term temporal structure.
Next, coarse acoustic tokens, generated via SoundStream
(Zeghidour et al., 2022), encode broad acoustic properties
while remaining conditioned on semantic tokens. Finally,
fine acoustic tokens refine audio quality by encoding sub-
tle details.

Some models employ structured hierarchies to rep-
resent musical concepts and guide generation. For
instance, a symbolic music-generation model was
trained with a four-level hierarchy: ‘form’ (music key and
phrases), ‘reduced lead sheet’ (reduced melody and
simplified chords), ‘lead sheet’ (melody and chords)
and piano accompaniment (Wang et al., 2024). The
authors propose that abstract music concepts at higher
levels are enabled by stylistic specifications at lower lev-
els. For example, they describe that ‘a lead sheet is an
abstraction implying many possible ways to arrange the
accompaniment that shares the same melodic and har-
monic structure, while an instantiated accompaniment
is one of the possible realisations showing the accompa-
niment structure in more detail’. This reasoning appears
predicated on an unverified assumption concerning the
fundamental nature of musical structure.

3.2 INFERENCE

At the inference stage, pre-trained models use learnt
patterns and user prompts (e.g. text or audio) to gener-
ate music that should align with the prompts.
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3.2.1 Synthesis paradigms

The generation process depends on the specific
paradigm. In diffusion, the model iteratively denoises
the signal to reconstruct data that resemble the orig-
inal distribution by leveraging noise predictions. This
process generates new samples that fit the training
data distribution rather than simply reconstructing it.
Most* diffusion systems use U-Nets in these iterations
to predict progressively less-noisy versions of the input.
Being a convolutional neural network, the U-Nets first
identify salient features through convolutional filters
that respond to patterns and structures within the input
data. Then, in the downsampling (pooling) phase, domi-
nant features are emphasised from simple patterns (e.g.
short-term rhythms)® to more abstract features (e.g.
musical motifs) in deeper layers. During downsampling,
only the most prominent and recurring patterns - those
deemed ‘salient’ by the model —survive. Crucially, these
features are not necessarily akin to how humans might
perceive music.

In a process mirroring the learning phase, during infer-
ence, autoregressive models generate music sequen-
tially, one note or event at a time. Beginning with a
seed or empty sequence, the model iteratively predicts
the next note, conditioning on the previously generated
sequence.

The type of main paradigm and architecture has an
effect on the generated music. Autoregressive models
offer flexibility for real-time control and interactive gen-
eration due to their sequential approach, while diffusion
models better capture long-term dependencies and thus
overall music structure and coherence.

3.2.2 Conditioning

Conditioning modules guide generation towards spe-
cific characteristics or features during both training and
inference, making music more controllable by aligning
it with predefined parameters through text prompts for
genre, mood, instrumentation or other musical param-
eters. MIDINet (Yang et al., 2017) and MelodyDiffusion
(Li and Sung, 2023) condition generation on specific
chord sequences to influence the harmonic structure
of the output. Harmonising melodies is also used as a
conditioning approach that involves generating a chord
progression that complements a given melody, ensur-
ing both harmonic and rhythmic alignment (Zhao et al.,
2024). These features can include basic musical param-
eters such as rhythm, time signature, pitch and chords,
as well as more complex textual descriptions like ‘a sad
song with syncopated rhythm’ (ibid.). Thus, generation
modules can theoretically be conditioned on any explic-
itly definable musical elements.

Some form of conditioning is often essential in GenAl
models using diffusion. To generate a new sample (rather
than reconstructing originals), the reverse process typ-
ically requires conditioning on additional information.

Many models use text descriptions, encoding them into
text embeddings via text encoders. These embeddings
condition the U-Net during denoising, guiding music gen-
eration to align with the text. This conditioning often uses
cross-attention mechanisms within the U-Net, allowing
text embeddings to influence the denoising process at
multiple points in the network.

4 DISCUSSION

In Section 2, we showed that rule-based systems entail
assumptions about music and curatorial and sacrificial
reductionist processes caused by an interference of epis-
temology into ontology, ultimately disallowing certain
musics. We also showed that these processes are intrin-
sic to the deductive logic of music generation and thus
might only be solved with a shift to a different logic of
music generation. Section 3 investigated whether induc-
tive logic-based systems solved this limitation. We sur-
veyed the main processes and methods involved in these
models with the specific goal of identifying the presence
of reductionist processes and assumptions.

4.1 EPISTEMIC MEDIATION ON MUSIC ONTOLOGY
Section 3 revealed multiple procedures that simulta-
neously foreclose musical possibilities and introduce
semantic distortions.

The data-accumulation stage acts as an exclusion-
ary process through major curatorial decisions, with the
consequence that the latent representation is inevitably
learnt without exhausting the domain. The weights of
the neural network and the resulting correlations are
thus local and partial, rather than universal. Indeed, ML
abstractions have no connection to a universal, but rather
rely on ‘infinite particulars created anew for each particu-
lar place and time’ (Joque, 2022). Borrowing from Desai et
al. (2022), the ‘data ontology’ in which GenAl exists thus
necessarily affects the space of possibilities. This founda-
tional flaw inevitably affects all subsequent learning and
generation stages.

Tokenisation is an example of grammatisation in ML-
based systems. Discrete tokenisation, in particular, rep-
resents short segments as individual tokens, converting
the data into a finite vocabulary of distinct symbols.
This process imposes a level of abstraction and sim-
plification onto the music data, favouring the focus on
higher-level, distinct musical elements like melody or
harmony. Other curatorial and exclusionary processes
occur throughout training. Specific choices of represen-
tation, pre-processing and tokenisation methods, as well
as the adoption of one paradigm over another and fine-
tuning the loss-function on specific objectives, involve
sacrificial processes that restrict the space of possible
outcomes. Thus, the epistemic process by which a partial
latent space is pooled and recombined to generate new
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material has an effect on the music ontology, which ends
up being lessened. This specific outcome thus mirrors the
limitations found in deductive logic of generation.

Exclusionary processes are also operationalised
through the deliberate alignment of generative mod-
els that are designed to favour specific outcomes. This
operationalisation is largely enacted through condi-
tioning. While conditioning improves generated music
by aligning it with listeners’ expectations and desired
attributes (Huang et al., 2023; Schneider et al., 2023), it
simultaneously enacts control over the generated music.
Foucault’s work on disciplinary power (Foucault, 1995)
provides lenses and vocabulary to frame conditioning as
an apparatus of normalisation that steers music gener-
ation towards certain paths and away from others. The
process is orthopaedic in nature; it is an act of ‘correcting
deformities’ by setting constraints that define what is
deemed acceptable, correct or preferable and invalidat-
ing or disallowing deviations from these pre-set norms.

As with inductive logic, conditioning references musi-
cal theories and prioritises certain elements, hard-coding
preferred outputs through limited categories and param-
eters that define musical saliency (Born, 2021). This cura-
tion inevitably shapes the musical landscape, potentially
homogenising creative output and manipulating taste.
This risk is compounded by the dataset-level issues dis-
cussed in Section 3.1, where prior work (Ma et al., 2024;
Morreale et al., 2023) has shown how opaque, culturally
narrow collection practices can limit diversity in genera-
tive systems.

GenAl is also tainted by unexamined assumptions
embedded within it. For instance, the hierarchical mod-
els’ distinction between acoustic and semantic aspects of
audio positions these two modes in an orthogonal rela-
tionship, which appears to contrast with theories of holis-
tic music perception where acoustic features contribute
to our interpretation of meaning and emotion (Juslin
and Sloboda, 2010).° The separation between fine- and
coarse-grained attention to deal with musical aspects
seems to be equally affected by this issue. Further
assumptions emerge from uncritically adopting models
designed for other domains. Autoencoders, which reduce
the dimensionality of original data and enable the ‘emer-
gence’ of semantic meaning, have proven useful in the
textual domain but are questionable in music. Dimen-
sionality reduction inevitably leads to information loss
and distortion, as per (Shannon, 1948) rate-distortion
theory. The challenge with music generation is that we
cannot precisely quantify the implications of this infor-
mation loss on music potential.

4.2 THE LIMITS OF LANGUAGE AS A SEMANTIC
MEDIATOR

In deductive models, musical understanding and mean-
ing are explicitly encoded. By contrast, GenAI models
need to borrow semantics from extra-musical domains,

notably language. Models like MusCALL (Manco et al.,
2022) and Mulan (Huang et al., 2022) operate on the
assumption that text provides a suitable semantic bridge
for developing latent representations and, in turn, gen-
erating meaningful music. While widely adopted due to
these models’ apparent success, this assumption rarely
faces scrutiny. Language was not adopted for its theo-
retical alignment with the domain at hand (music) but
because these models had succeeded in text prediction
and were readily available.

It remains to be seen whether these passages in
alien domains function neutrally, i.e. without interfering
with the mediation process, or instead distort or mis-
represent musical concepts. Deriving musical meaning
from language rests on a flawed methodology because
language is not an all-encompassing epistemic tool,
as highlighted by prominent scholars across disciplines.
Heidegger (1927) highlighted the inability of language
to disclose all aspects of existence, Derrida (1976) cri-
tiqued its capacity to fully encapsulate meaning and
Chomsky (1957) noted its insufficiency in expressing the
full breadth of human thought. Additionally, human per-
ception, experience and meaning involve pre-linguistic
and unconscious dimensions that escape linguistic
representation (Kristeva, 1993; Merleau-Ponty, 1945).
Consequently, forcing reality (in this case, music) into lan-
guage and linguistic structures inevitably filters it through
pre-existing criteria and epistemic frames, diminishing its
richness and complexity (Campagna, 2018, 2021). These
limitations are particularly evident since music, unlike
language, is predominantly non-propositional - it does
not necessarily convey specific statements or proposi-
tions. Music can engage pre-linguistic and unconscious
levels and preserve complexity without reducing it to rigid
concepts that fail to capture all facets of human experi-
ence and thought.

It is also problematic, and surprising, that, while these
semantic bridges are central in GenAl, there is little to
no engagement with the scholarship from their orig-
inal fields. As ML emerged from Cognitive and Data
Science rather than Semiotics, text and language are
treated as generic data, stripped of their inherent func-
tions and complexities (Joque, 2022), largely disregarding
established linguistic theories. This observation demon-
strates unsound methodology, potentially resulting in
a bias against non-‘hard sciences’, and also leads ML
researchers to inadvertently reinvent established Semi-
otics insights. For example, the principle of opposi-
tion theory from linguistic structuralism, which posits
that signs (words) derive meaning through differenti-
ation from other signs rather than intrinsic properties
(Saussure, 1916), closely mirrors the core principles of
contrastive learning, where meaning is generated dif-
ferentially (Bajohr, 2024). Similarly, the context compo-
nent of Jakobson (1960)’s language framework is akin to
the attention mechanism and masked modelling used
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in ML. These parallels raise critical questions about valu-
able insights that remain untapped in GenAl develop-
ment through a lack of engagement with semiotics and
related fields.

Ultimately, irrespective of their implementations, the
semantic bridges used in GenAl inevitably lead to infor-
mation distortion and loss. This limitation might be inher-
ent to the logic and thus insurmountable, as these
models rely on an idea of music that is partial, over-
simplified and flattened to fit the epistemic tools at hand,
not unlike the reductionist processes of deductive logic.
Thus, it is difficult to agree that audio-language learning
can provide the high-level abstraction needed to close
the semantic gap (van den Oord et al,, 2013) in MIR
(Manco et al., 2022). Notably, other semantic bridges
like videos and images are likely to carry similar criti-
calities as they still rely on language mediation. Large-
scale datasets, for instance, rely on YouTube titles and
descriptions (Gemmeke et al., 2017) and human captions
(Agostinelli et al., 2023).

4.3 A CHAIN OF SIGNIFICATION

Many GenAl systems repurpose existing material, includ-
ing both training data (Morreale et al., 2023) and neural
networks Morreale (2025) originally developed for differ-
ent applications, for uses beyond music generation. For
example, Noise2Music (Huang et al., 2023) uses a T5 text
encoder to transform prompts into embeddings for dif-
fusion models and relies on MuLan for pseudo-labelling
unlabelled music clips. Similarly, MusicLM obtains seman-
tics by cascading different models, such as ‘acoustic
tokens’ from SoundStream or ‘semantic tokens’ from a
speech-based mask modelling framework (w2v-BERT).

These modular pipelines belong to longer scholarly
lineages. The ‘cascading module’ strategy, typical in Engi-
neering and Mathematics, in particular, is a divide-and-
conquer approach that breaks complex problems into
smaller modules, each passing output to the next rather
than working directly toward the final product. As the
chain grows, each layer’s output moves one step fur-
ther away from the original goal, leading to a progres-
sive abstraction. In semiotic terms, this creates a chain of
signification where each abstraction functions as a signi-
fier that drifts further from the original signified (music).
Eventually, these abstractions resemble ‘floating signi-
fiers’ that are no longer firmly anchored to a specific
signifier works.

The ontological and epistemological effects of this
chain of signification are non-negligible. First, by rely-
ing on submodels to ‘solve’ specific music tasks (e.qg.
encoding and decoding, tokenisation, contrastive learn-
ing), GenAl systems inherit and transmit partial musical
understandings. Second, these epistemic processes frag-
ment the original task of automatic music creation into
non-musical modules. As discussed, whether this prac-
tice is lossless, from a musical perspective, remains to be

seen. What is certain is that the risk of misinterpretation
or semantic drift increases, as does the likelihood of com-
pounding errors. For instance, in autoregressive models,
minor inaccuracies introduced early can propagate and
intensify at later stages.

These limitations echo the exclusionary and reduc-
tionist mechanisms identified in Section 2. Whether aris-
ing from explicit compositional grammars in rule-based
systems or from architectural and training choices in ML-
based systems, they similarly constrain the space of pos-
sible musical outcomes. The next section builds on this
parallel to consider how such constraints might be loos-
ened by reframing the aims of GenAl.

4.4 UNLEASHING GENAI
In the previous sections, we explained how reductionist
processes and unexamined assumptions shape musical
possibilities in both rule-based systems (through explicitly
encoded grammars) and ML-based systems (through the
cumulative effects of data selection, representation and
modelling choices). Despite these issues, GenAl might
hold significant potential for musical innovation, which,
however, is currently curbed by efforts to constrain these
models to recreate predefined, biased and partial musi-
cal schemas using dubious semantic bridges.

Unleashing GenAl requires understanding and appreci-
ating its unique ways of abstracting musical knowledge.
Many modern ML models, particularly deep neural net-
works, are fundamentally based on the automated dis-
covery of abstraction. This capability to abstract does not
necessarily - and quite likely does not - overlap with how
humans abstract (Alvarado, 2023; Fazi, 2021). As Watson
(2023) notes, ‘abstraction algorithms may be sufficient to
identify some essential properties, but essential proper-
ties are not necessarily identifiable via abstraction algo-
rithms’. Applied to music, this comment suggests that
musical features humans deem essential might not hold
the same status for GenAl, and this is possibly the other
way around, too. These machine-derived representations
might not mirror human musical reality but instead indi-
cate a machinic musical reality or perhaps a Baudrillar-
dian hypperreality - a simulacrum detached from musical
referents.

Referring to Borges’ famous story about the fictional
1:1 scale map, Baudrillard (1994) commented:

Today, abstraction is no longer that of the map,
the double, the mirror or the concept. Simulation
is no longer that of a territory, a referential being
or a substance. It is the generation by models of a
real[ness] without origin or reality: a hyperreal. The
territory no longer precedes the map, nor does it
survive it.

Unlike rule-based systems, the music reality of GenAl
is not derived from human experience or grounded in
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human referents. Instead, it emerges from model-driven
networks whose inner models and outputs constitute a
form of machinic hyperreality. While trained on music
composed and performed by humans, these models
‘understand’ and generate music by defining a new, self-
referential musical space. Offenhuber (2024) argues that
once a dataset establishes its own reality, the specific
ways in which the data relate to the real world recede
into the background. While the logic of deductive gen-
eration presupposes a commensurable frame between
human intelligence and artificial processes (see Section
2.2), machinic hyperreality and human reality remain
fundamentally incommensurable: they cannot be mea-
sured against each other (Fazi, 2021). As machinic musi-
cal hyperreality might escape human-like understanding
of music and musical semantics, constraining genera-
tion tasks to human-accessible meanings might be short-
sighted.

5 CONCLUSION

In this paper, we investigated the extent to which GenAl
models still depend on exclusionary logic and ontologi-
cal assumptions about music. First, we showed that the
deductive approach’s reductionism is maintained in the
inductive one, albeit in a different way. Human interven-
tion and correction remain necessary at various stages,
as does the presence of theories of music. Second, while
GenAlI does not rely on empirical (in the phenomeno-
logical sense, i.e. the embodied, subjective and per-
ceptual grasp of musical properties that guides human
composers) and subjective understanding and appreci-
ation of musical properties, its current attempts to find
musical meaning by leveraging text is problematic as it
presupposes the flawed assumption that language can
act as a mediator. Third, like rule-based systems, the tools
used for music generation and the inability to exhaust
the domain during training constrain the possible musi-
cal output. While identifying excluded music is challeng-
ing, as GenAl can potentially create any music (but so can
any Turing-complete programming language (McPherson
and Lepri, 2020), they are in practice constrained by their
epistemic structure. In fact, this might not be a techni-
cal failure of GenAl but rather an ideological failure of
assuming that music is something that can be ‘solved’,
a notion increasingly implicit in MIR research agendas
that position musical understanding as a task solvable
through data-driven optimisation (Born, 2021; Holzapfel
et al., 2018).

We also showed that assumptions in ML-based
systems are no more or less constraining than those
in rule-based systems, although they differ in kind.
While rule-based systems impose explicit, top-down
constraints derived from compositional grammars, ML
systems embed assumptions through choices in training
data, pre-processing, architecture and conditioning

mechanisms. These assumptions often operate implic-
itly and are thus harder to detect or critique, but they
are no less impactful. Finally, we suggested steering
clear of coercion and unleashing GenAl This suggestion
has both ethical and artistic motivations. On the ethical
side, GenAl, in its current form, necessarily entezrs in
competition with human musicians (Morreale, 2021).
This is especially the case with GenAl models designed
(or allowed) to create music ‘in the style of’, as is the
case with mainstream systems. However, an unleashed
GenAlI would not act as a cheaper surrogate but can
instead open new spaces for genuine musical innova-
tion. Artistically, an unleashed GenAI would not aim to
replicate existing practices, nor would it be able to, due to
the incommensurability argument we presented above.
Thus, this very divergence in the human and machinic
musical realities holds the potential to foster genuine
innovation within the musical domain.
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NOTES

-

. With GenAlI systems, we refer to data-driven end-to-end ML systems
for music generation, including, but not limited to, text-to-music.

N

. Inthis article, we refer to bias as the exclusions that result from dataset
construction and modelling choices rather than the technical use in ML
of bias as stylistic regularities.

w

. Large-scale datasets are often compiled through opague and incon-
sistently documented processes Morreale et al. (2023), shaped by nar-
row socio-cultural backgrounds that prioritise Western popular music
and underrepresent other traditions. Such practices risk reinforcing cul-
tural homogeneity; marginalising less-documented musical ecosys-
tems; and embedding sectarian ontologies, epistemologies and values
into generative systems, further constraining their creative possibilities
(Ma et al., 2024, pp. 52-57).

. Some diffusion-based models like Evans et al. (2024) use DiT (Diffusion
Transformers) instead of U-Nets.

~

@]

. These are speculative examples of what these dominant features
might be. However, identifying these specific features requires a thor-
ough work on interpretability, which is currently virtually absent in the
music domain.

(o)}

. It can be correctly argued that acoustic vs semantic and coarse vs
fine might simply be unsophisticated ways to term machine repre-
sentations that do not correspond to our typical understanding of
these words. Thanks to the anonymous reviewer for this insightful
suggestion.
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