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Abstract

The development and commercial exploitation of AI systems for generatingmu-
sic is impacting how music is created, distributed, and used. This thesis ad-
dresses three pressing technical challenges posed by these impacts: (1) how
to develop systematic methods for evaluating and representing AI-generated
music, including statistical tests and melodic analysis; (2) how to define and
buildmusic AI detection systems, revealing vulnerabilities to platform bias and
audio manipulation; and (3) how to reframe Explainable AI (XAI) as a com-
munication problem, identifying misalignment risks between AI explanations
and human interpretation. The results contribute practical methods for mu-
sic analysis and detection using AI, and highlight key limitations in current
approaches. Overall, this thesis lays a foundation for future work on robust
evaluation frameworks and improved explanation methods tailored for music
AI systems.

Keywords
Symbolic music representation, AI music detection, AI music, Generative AI,
Explainable AI
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Sammanfattning

Utvecklingen och det kommersiella utnyttjandet av AI-system för att generera
musik påverkar hur musik skapas, distribueras och används. Denna avhand-
ling tar upp tre angelägna tekniska utmaningar som dessa effekter medför: (1)
hur man utvecklar systematiska metoder för att utvärdera och representera AI-
genererad musik, inklusive statistiska tester och melodisk analys; (2) hur man
definierar och bygger AI-detekteringssystem för musik, vilket avslöjar sårbar-
heter för plattformsbias och ljudmanipulation; och (3) hur man omformulerar
Förklarbar AI (XAI) som ett kommunikationsproblem, vilket identifierar risker
för feljusteringar mellan AI-förklaringar och mänsklig tolkning. Resultaten bi-
drar med praktiska metoder för musikanalys och detektering med hjälp av AI,
och belyser viktiga begränsningar i nuvarande tillvägagångssätt. Sammantaget
lägger denna avhandling en grund för framtida arbete med robusta utvärde-
ringsramverk och förbättrade förklaringsmetoder skräddarsydda för AI-system
för musik.

Nyckelord
Symbolisk musikrepresentation, AI-musikdetektering, AI-musik, generativ AI,
förklarbar AI
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1 Introduction

This chapter situates the thesis within the rapidly evolving landscape of Artifi-
cial Intelligence (AI) applied to music generation, examining both the techni-
cal capabilities and cultural implications of current systems. It is structured
in three parts: Section 1.1 analyzes why AI and music have converged at this
particular moment, exploring the rise of commercial platforms like Suno1 and
Udio2 alongside the challenges they present; Section 1.2 provides a reflexive
account of how this thesis developed through iteration, rejection, and refram-
ing; and Section 1.3 presents the four core research questions that address the
evaluation, detection, and explanation of AI-generated music.

1.1 Why AI and Music Now?

The launch of ChatGPT in November 2022 [7] marked a turning point for gen-
erative AI. Reporting from UBS Group AG [8] noted that ChatGPT reached an
estimated 100 million monthly active users within two months of launch, mak-
ing it the fastest-growing consumer application in history. Its rapid popular-
ity reflected a technological advance designed for mainstream users, enabling
complex creative tasks through simple text prompts and setting a new standard
for adoption speed in AI applications. However, this rapid adoption has also
revealed significant challenges. Large language models often produce “halluci-
nations” — false or inaccurate information presented as fact [9] — raising se-
rious concerns about reliability in scientific research and healthcare [10–12].
Additionally, these systems can perpetuate and amplify existing biases, rein-
forcing racial and social inequities in healthcare and employment decisions [13,
14].

1https://www.suno.com, last accessed Aug. 19, 2025
2https://www.udio.com, last accessed Aug. 19, 2025
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There now exist numerous companies applying AI to music generation, includ-
ingAimi3, AivaTechnologies4, AmadeusCode5, Beatoven.ai6, Boomy7, brain.fm8,
Cassette9, DatabassAI10, Loudly11, Riffusion12, Soundful13, soundraw.io14, Soundry
AI15, Splash16, ElevenLabs Music17, Owl Duet18, Sonauto19, Suno and Udio —
alongsidemajor corporations exploring similar directions, such asGoogle,Meta,
Microsoft, Open AI, Stability AI and Spotify. These systems are increasingly ca-
pable of producingmusic competitive with that made by humans, as illustrated
by an AI-generated track reaching the German singles chart in August 2024
[15], becoming the first AI-generated song to chart in Germany. Music can now
also be generated at scales never seen before: Deezer reported in April 2025
[16] that 18% of daily uploads to their platform are fully AI-generated tracks —
more than 20,000AI tracks daily. This number has now, as of September 2025,
increased to 28% of daily uploads [17].

The growth of AI-generated music brings important cultural, legal, and ethical
challenges [5, 18–21]. While some see these tools as making music creation
more accessible, critics warn they could lead to more generic and less diverse
music [22, 23]. Many systems are trained on Western classical or mainstream
pop music, often ignoring less common genres and non-Western traditions
[24–26]. Commercial platforms like Boomy produce millions of tracks, which
could overwhelm streaming services andmake it even harder for human artists
to be heard [5, 27]. Yet most research still focuses on technical improvements
rather than these broader effects [28].

There are also important legal questions aroundownership and copyright. Some
platforms let users own their generated songs, while others keep the rights [18,
29]. The development of commercial AImusic systems raises fundamental con-
cerns about exploitation of existing musical works and creators’ rights, as high-

3https://aimi.fm , last accessed Aug. 21, 2025
4https://www.aiva.ai , last accessed Aug. 21, 2025
5https://amadeuscode.com/en/ , last accessed Aug. 21, 2025
6https://www.beatoven.ai , last accessed Aug. 21, 2025
7https://boomy.com , last accessed Aug. 21, 2025
8https://www.brain.fm , last accessed Aug. 21, 2025
9https://cassetteai.com , last accessed Aug. 21, 2025
10https://databass.ai , last accessed Aug. 21, 2025
11https://www.loudly.com , last accessed Aug. 21, 2025
12https://classic.riffusion.com/ , last accessed Aug. 21, 2025
13https://soundful.com , last accessed Aug. 21, 2025
14https://soundraw.io , last accessed Aug. 21, 2025
15Recently renamed as Sample Planet. https://www.sampleplanet.fm/ , last accessed

Aug. 21, 2025
16https://www.splashmusic.com , last accessed Aug. 21, 2025
17https://elevenlabs.io/music , last accessed Aug. 21, 2025
18https://www.owlduet.com , last accessed Aug. 21, 2025
19https://sonauto.ai , last accessed Aug. 21, 2025
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lighted in ethical analyses of the field [30]. Models like MusicLM [31] and Mu-
sicGen [32] have faced criticism for producing outputs that are too close to their
training data [31, 33], raising copyright concerns. Terms of Service of platforms
like Suno and Udio often ban automated scraping of their music, but court rul-
ings such as X Corp. v. Bright Data [34] suggest that collecting public data
may still be legal in some cases. In Europe, academic researchers are allowed
to use publicly available data under EU Directive 2019/790 [35], and similar
protections exist under U.S. fair use for non-commercial research [36].

Training datasets of commercial music are another grey area. Sometimes data
is collected without clear consent or documentation, which has led to growing
criticism. Initiatives such as Fairly Trained20 and the AI OK21 campaigns seek
to promote the use of datasets with proper permissions and clearer provenance,
yet significant legal uncertainties remain. Calls for strongermeasures have also
come from outside academia and industry, such as the March 2023 open letter
[37] urging a pause on training AI systems more powerful than GPT-4. Con-
troversies around large-scale datasets illustrate the problem: the Books3 col-
lection [38], which contained over 190,000 books scraped from the web, was
taken down in 2023 after widespread complaints from authors [39]. Mean-
while, companies like OpenAI, Microsoft, and Meta continue to face lawsuits
[40] over the ways they collect and use copyrighted material in training.

The advertising of commercial AI music systems often promote a narrative of
“democratization.” As Mikey Shulman, Suno’s CEO, put it, the company’s goal
is to “democratize music creation and unlock the musical creativity within ev-
eryone” [41]. These systems position themselves as tools that remove barriers
to creative expression by eliminating the need for training or expertise [42].
However, this framing tends to obscure what some scholars describe as tech-
nologically mediated deskilling [43] — a restructuring of creative labour where
users shift from active creators to passive selectors or curators. Such trans-
formations also resonate with broader social concerns: recent research shows
that anxieties about AI are closely linked to fears of technological unemploy-
ment, particularly among younger populations such as university students [44].
Shulman exposes amisalignment between the values embedded in AI tools and
those held by artists and creators when he further claims that making music
“takes a lot of time, it takes a lot of practice, you have to get really good at an
instrument or really good at a piece of production software. I think the major-
ity of people don’t enjoy the majority of time they spend making music” [45].
At the same time, recent research [22] shows that generative systems like Chat-
GPT can lead to a homogenization of ideas: users produce a higher quantity
of ideas, but these ideas are less semantically diverse and more influenced by
the system’s stylistic defaults. In music, where aesthetic variation is central,
such tendencies raise concerns about the long-term impact of generative AI on

20https://www.fairlytrained.org/, last accessed Aug. 19, 2025
21https://www.ai-ok.org/ , last accessed Aug. 19, 2025
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creative diversity.

Meanwhile, the commercial acceptance of AI music has rapidly accelerated.
Services like Spotify have relaxed restrictions on AI-generated content [46],
while music rights organizations raise alarms about its impact. A 2024 survey
bymusic rights groupsGEMAandSACEM[47] found that 89%of creatorswant
AI-generated music clearly labelled, and 71% fear it will push human-made art
to the sidelines. This concern is not only economic but also cultural: in a fu-
ture where AI can be used to generate music at massive scales, distinguishing
between human and AI-made content becomes increasingly important [3, 16,
48]. This raises practical and epistemic questions about how we evaluate, de-
tect, and explain AI-generated music — questions that are central to this the-
sis.

1.2 Reflections on the Development of This Thesis

This thesis addresses three interconnected challenges. First, it develops system-
atic approaches for evaluating AI-generated music, including statistical analy-
sis and melodic pattern modelling [1, 2]. Second, it defines the AI music detec-
tion problem and proposesmethods for identifying AI-generatedmusic, reveal-
ing key vulnerabilities such as platform bias and audiomanipulation [3]. Third,
it reframes explainability in AI as a communication problem, emphasizing mis-
alignments between AI-generated explanations and human interpretation [4].
This research contributes technical methods and conceptual insights at the in-
tersection of music informatics, human-computer interaction, and critical per-
spectives on AI. It explores how AI-generated music can be represented and
evaluated, how AI-generated content can be detected, and how explanations
frommusic AI systems can be improved through a communication lens.

This thesis evolved not only through research and experimentation, but also
through iteration, rejection, and re-framing. A particularly transformative ex-
ample was the trajectory of the paper that eventually became [4]. It began as a
technical paper intended for ISMIR 2023, analysing the behaviour of the XAI
method LIME [49] when applied to a pitch recognition model. Our prelimi-
nary experiments revealed that small changes in LIME’s configuration could
dramatically alter the resulting explanation — effectively letting us “tune” the
explanations produced by LIME. Although the paperwas not completed in time
for submission, this line of inquiry prompted me to reconsider the focus of the
work: why are we taking these explanations at face value? Why aren’t we ques-
tioning the assumptions built into XAI tools themselves?

This led me to consider communication theory [50–54] and to the idea that ex-
plainability in XAI systems is often treated as a one-way transmission, when in
fact it should be analysed as a complex human-agent interaction, such as done
by Miller et al. [55, 56]. I reframed the paper as a survey and theoretical anal-
ysis, emphasizing interpretability as a form of communication, and submitted
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it to ACM FAccT 2024. It was rejected, though the reviews pointed out both its
promise and its need for greater focus.

I rewrote the paper as a more concise, targeted argument and submitted it to
CHI 2024, where it was accepted [3]. In the process of writing and revising this
work, I shifted from treating explainability as a technical endpoint to treating it
as an ongoing, situated exchange between system and user — one that is prone
to miscommunication and confirmation bias.

This trajectory reflects how my scholarly identity has evolved throughout the
PhD: from being primarily concerned with technical systems and evaluation
metrics to engaging more with interpretability, epistemology, and critical per-
spectives on AI. It also reflects a broader shift in this thesis — from addressing
isolated technical problems to interrogating the underlying assumptions and
values embedded in music AI systems.

The origin of paper [1] was to find a way to compare music corpora as well
as items in corpora, with the focus on symbolic music. This is somewhat ad-
dressed by Cross-Domain Analytic EvaluationMethodology for Style Imitation
(CAEMSI) [57], a domain-independent framework for comparing corpora via
“typicality”-based statistical tests for difference and equivalence. However, while
this method enables high-level comparison of music corpora, it does not allow
tracing significance back to individual pieces, as its use of permutation test-
ing to estimate statistical significance prevents assessing items separately. Our
paper [1] provides an alternative: by estimating the distributions of distances
between pairs of melodies, we represent both entire music corpora and individ-
ual pieces relative to a reference set. In the context of Irish Traditional Music
(ITM), we then evaluate which pairwise distance metric and distribution differ-
ence metric yield statistically significant results. Our approach provides more
nuanced and interpretable results than CAEMSI, allowing us to find interesting
items in corpora, such as outliers or typical elements.

However, none of the distance measures we tested are necessarily musically
informed. This is what let us to explore alternative representations for sym-
bolic music, and eventually to cosine contours [58]. Our paper [2] explores
the use of cosine contours (or Discrete Cosine Transform (DCT)) to analyse
ITM. We find some shortcomings of the method, notably that it fails to be “effi-
cient” as the length and complexity of the analysed melodies increase. Yet, the
premise of the method still sounded promising. Using basis functions to repre-
sent melodies in symbolic music could not only make for good compression of
information to use in downstream tasks, but could also reveal patterns in cor-
pora. This is also suggested in [58], as the first DCT component describes the
“ascendingness/descendingness” of a song.

Finally, our journal article [3] began with our observation of the rise in popu-
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larity of AI music generation systems Suno and Udio,22 and realising that there
is a need for detecting AI-generated music [5, 20, 31, 47, 48]. The first system
we analysed was Boomy, which is featured in [5]. Subsequently, with the rapid
rise and widespread adoption of text-prompt-based systems, we expanded the
research by collecting a large dataset of song metadata and audio from these
platforms. From May 2024 to September 2025, the dataset has grown to in-
clude over 460,000 audio recordings and more than 1.8 TB of data (including
mp3 and JSON files). Our ongoing data collection effort — aiming for one mil-
lion AI songs to match the Million Song Dataset (MSD) [60] — supports com-
putational analysis of AI-generated music and aims to document the current
state of AI music generation as it unfolds.

Using the collected data from Boomy, Suno and Udio, we first wrote the paper
“AI Music: A New Frontier for Music Information Retrieval” and submitted it
to ISMIR 2024. Our submission presented two case studies. The first explored
whether K-means clustering could recover Boomy’s proprietary style taxonomy
using MusiCNN embeddings, achieving 64% accuracy and comparing this to
human listening test results. The second case study trained Support VectorMa-
chine and Random Forest classifiers to distinguish between AI-generated mu-
sic from Boomy and Suno, and human-made music, achieving F1-scores above
0.90. However, the reviewers rejected the submission because they felt that
even if it was a “relevant topic that needs to be present at ISMIR, that would
clearly trigger interesting discussions”, “its scientific quality is not sufficient for
ISMIR”. They noted limitations such as reliance on relatively basic Machine
Learning (ML) (no deep learning), potential dataset biases, unclear motivation
for some analyses, and lack of rigorous evaluation, particularly in the listening
tests.

This rejection led us to expand the work into a comprehensive journal article
that examined three case studies: composer identification (distinguishing AI-
generated from human music), structural analysis (comparing musical struc-
tures of AI and humanmusic creations), and prompt analysis (investigating the
textual prompts used to generate AI music). We then decided to focus on Suno
and Udio, as those systems were more similar in the way they were used, and
by then had gained a lot more popularity and hadmore engagement from users
(something that Boomy did not really have anymore). However, as we devel-
oped this expanded version, we realized that each case study deserved deeper
treatment than a single journal article could provide. The scope had grown too
broad again, and we faced the same problem that had affected our ISMIR sub-
mission — trying to cover too much ground without sufficient depth.

We thus made the decision to split our work into three separate journal arti-
cles, each focusing on one aspect with the thoroughness it warranted. The de-
tection aspect became the foundation for [3]. The two other articles arising

22The lawsuit filed by the RIAA et al. against Suno on June 24, 2024, states that the platform
has “over 10,000,000” users [59].
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from this line of research are currently under review for the Transactions of
the International Society for Music Information Retrieval (TISMIR): the first
presents the first systematic analysis of the users of AI music generation plat-
forms through their prompts and lyrics, while the second examines musical
form and harmonic structure in human- and AI-generated music.

During the review process of [3], another important dimension of our research
surfaced: the legal and ethical implications of collecting and using large-scale
datasets fromcommercial AImusic platforms. One reviewer expressed concern
that systematically scraping music and metadata from Suno and Udio might
violate their Terms of Service, and questioned whether the release of embed-
ding features and anonymizedmetadata would constitute a breach. There were
also broader concerns about whether such AI-generated content might contain
copyrighted material, and whether its redistribution in any form could have
legal consequences.

To address these concerns, we consulted legal and research data experts at
KTH. The core issue revolves around whether scraping publicly available, user-
shared content constitutes a violation of platform terms, and whether releasing
abstracted, non-invertible representations of that content — such as audio em-
beddings andmetadata stripped of anyuser-identifiable information—wasper-
missible under current EU law. Some of the guidance we received was that, as
both services explicitly prohibit scraping in their Terms of Service (withUdio ex-
tending this restriction even to manual collection), we had to stop our research
and seekwritten permission fromSuno andUdio to use the datasetwe collected,
and to possibly start collecting the dataset from scratch once the permission
was obtained. Other guidance was that our work is protected under several le-
gal provisions. The EU Directive 2019/790 on copyright in the Digital Single
Market [35] allows exceptions for text and datamining (TDM) for research pur-
poses, even when copyrighted content is involved. Our non-commercial, trans-
formative use of the data falls under recognized research exceptions, similar to
the U.S. fair use doctrine [36]. Furthermore, the anonymization andminimiza-
tion of personal data ensures compliancewith data protection regulations, such
as GDPR.

We believe that seeking such permission can risk undermining our indepen-
dence as public researchers. We are not building products or services that com-
pete with these companies, and we are not interested in partnering with them
in ways that could compromise our ability to critique their systems. Moreover,
the dataset we collected does not include personal or sensitive user information,
and the data representations we intend to release cannot be reverse-engineered
to recover the original audio. We believe that this work falls squarely within
the public interest, and that the potential effect of corporate control over re-
search access must be resisted. Even so, we sent letters to both Suno and Udio
asking for permission, explaining our non-commercial intent, commitment to
anonymization, and the transformative nature of our research focused on AI
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creativity, bias, and detection challenges. At the time of submission, we have
not received any responses and thus only release IDs one can use to find the
tunes on their websites rather than the extracted embeddings.

The legal and ethical uncertainties surrounding this project are not peripheral
but central to the questions this thesis raises. As generative systems become
more embedded in cultural production, artists, as well as researchers, will in-
creasingly face conflicts betweenpublic inquiry and corporate gatekeeping. Our
work provides a concrete example of how such tensions can play out in practice
— and highlights the urgent need for clearer legal frameworks and institutional
support for independent research on generative AI.

1.3 Research Questions and Overview

This thesis explores howAI-generatedmusic can be evaluated,detected, and
explained, through four interrelated studies. The work developed in response
to four core challenges encountered during the research:

1. How can we compare music collections, both across corpora
and within them, while maintaining item-level traceability?

[1] critiques and extends the CAEMSI method [57] for evaluating sym-
bolic music corpora. By estimating distributions of pairwise distances
between pieces, our method supports both corpora-level comparison
and item-level analysis.

2. How can we represent melodic structure in symbolic music
using transparent and efficient methods that support both
analysis and interpretability?

[2] investigates the use of theDCT for encodingmelodic contour. Using
ITM as a case study, the method is evaluated for its interpretability, ef-
ficiency, and suitability for capturing structural features such as phrase
direction and overall contour.

3. How can we reliably detect AI-generated music across plat-
forms, and what are the limits of current detection models?

[3] introduces a dataset of 20, 000 tracks from Suno and Udio and eval-
uates detection models based on audio embeddings (e.g., Contrastive
Language-Audio Pretraining (CLAP)[61]), comparing theAI-generated
audio recordings to 10, 000human-made recordings from theMSD[60].
The study reveals significant limitations in generalization across plat-
forms and highlights vulnerabilities to audio transformations such as
resampling and filtering. It also examines ethical concerns, including
the risk of false positives, aswell as legal considerationswhen collecting
the dataset we created.
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4. How do current explainability methods for AImusic systems
misalign with human expectations, and how can we recon-
ceptualize explainability as communication?

[4] reframes explainability as a communication process betweenmodel
and user, drawing from communication theory to analyze failures in un-
derstanding. Presenting case studies inmusic andhealthcare, it empha-
sizes the need for common ground, iterative feedback, and attention to
user assumptions and possible biases.

Together, these works address core technical challenges in music AI: how to
represent and evaluate musical structure, how to detect AI-generated music re-
liably, and how to analyse the behaviour of explainability methods. While each
paper focuses on a different aspect, they collectively contribute methods and
analyses that support more systematic, interpretable, and robust approaches
to working with AI in music.

1.4 Disclosure of AI use for writing this thesis

In the writing of this thesis, I occasionally used AI writing tools (mostly Claude)
to help improve clarity and concision of the text. The process of using such tools
was to draft the text myself, and when sections felt overly wordy or awkwardly
phrased, I sometimes used such tools to suggest alternative wording. I then
revised, rewrote, and integrated those suggestions into my own writing. All the
narrative, arguments, and the final phrasing are my own. Extensive feedback
and suggestions were also provided by my supervisor Bob Sturm, with whom
we had back and forth editing sessions through many versions of this thesis.
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2 Background

This chapter surveys the current landscape of AI-generated music, highlight-
ing key computational approaches, evaluation challenges, detection issues, and
challenges in Explainable Artificial Intelligence (XAI). It also outlines broader
cultural, legal, and ethical considerations relevant to this thesis.

2.1 Computational Systems for AI Music

The use of electronic computers to generate music dates back to the mid-20th
century, with early algorithmic compositions such as the Illiac Suite [62] for
string quartet. Its four movements explore different generative methods, rang-
ing from random number sequences filtered by music compositional rules to
Markov chains. Rule-based systems like CHORAL [63] model specific styles,
such as Bach chorales, through handcrafted rules. These foundational efforts
evolved into statistical models, including Recursive Neural Networks, e.g. [64],
and Markov models, e.g. [65], which provide probabilistic frameworks for mu-
sic generation.

More recently, deep learning has been applied to music generation [66]. Sym-
bolic music generation models such as MusicVAE [67] and MuseGAN [68] fo-
cus on latent space representations and multi-track generation. In the audio
domain, convolutional approaches started to be explored around 2016 [69].
Transformer-based architectures, exemplified by Jukebox [70] and MusicLM
[31], leverage large-scale pretraining and text conditioning for more versatile
music synthesis. Recent diffusion-basedmodels includingMusicGen [32], Diff-
Sound [71], Moûsai [72], and SDMuse [73] further improve audio quality and
structure, while alternative approaches such as Musika! [74] demonstrate the
potential of GAN-basedmethods for fast, real-timemusic generation. Music au-
dio generation is nowof sufficient quality that it is being commercialized.
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Commercial platforms such as Boomy, Suno andUdio package generativemod-
els into end-user services that combine editing, distribution and sometimes
evenmonetization,making it easy for non-experts to create anddistribute tracks
[5]. The inner-workings of such systems are not publicly available, although
it has been speculated that Boomy uses a template-based approach with sam-
ple/VST rendering [5], while Suno is likely based on transformer text-to-audio
models, like its open-source predecessor Bark1. Udio possibly follows a similar
approach.

There are multiple ways to taxonomize the commercial AI-music landscape.
Moore andAcharya [75], for example, identify three target audiences (consumer,
prosumer andprofessional) and six core use cases (streaming, AI covers, royalty-
free generation,music-generation tools, stem splitters and editing tools). Other
companies are categorised as providing foundation models, and they also high-
light that many products overlap these axes. The commercial landscape itself
reveals a diversity of platforms, which can be loosely grouped by their primary
function and targeted user-base. For instance, platforms like Suno, Udio, and
Boomy prioritize accessibility for casual creators, offering simple text-to-music
interfaces, social sharing features, and one-click generation for personal or so-
cialmedia use. In contrast, tools such as AIVA, Amadeus Code, andBeatoven.ai
are geared more towards professional content creation, providing advanced
controls, commercial licensing, and high-quality export options. Another seg-
ment of the market focuses on enterprise and B2B integration, with companies
like Soundful and Loudly offering API access and customizable workflows for
use in streaming services, wellness apps, or retail. Finally, a distinct category of
interactive systems, including Splash and Aimi, enables real-time, responsive
music generation for live performances, interactive installations, and adaptive
game environments. Complementing such taxonomies, Wilson et al. [29] pro-
vide a systematic survey of 27 contemporary GenAImusic tools andmodels, ex-
amining not only their creative inputs and outputs but also their transparency,
fairness, and ethical implications within the broader context of responsible AI
music generation.

Research shows these tools often shift users toward the curation and edition
of tracks proposed by the system rather than developing every idea themselves.
Suh et al. [76] found that AI serves as “social glue” in collaborative music com-
position — a neutral intermediary that binds collaborators together by provid-
ing shared creative material they can collectively build upon. The AI acts as
a mediator that helps mitigate interpersonal stalling and friction while pro-
viding a psychological safety net in creative risk-taking. Drott [19] examines
the economic implications of AI music tools, analyzing how they disrupt tradi-
tional copyright, compensation, and commons structures in themusic industry.
Morreale [21] raises broader ethical and political concerns about responsibility

1See the Bark model on GitHub: https://github.com/suno-ai/bark, last accessed
Aug. 19, 2025.
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and accountability in AI-assisted music creation. Together, these studies high-
light concrete concerns about attribution, remuneration anddeskilling inmusic
labour. The broad study of AI music is advocated in [18] under the name of “AI
music studies”.

2.2 Evaluation and Representation Challenges

This subsectiondiscusses two important aspects related to analyzingAI-generated
music: first, how to evaluate the output of Style Imitation (SI) systems, and
second, how to represent melodic data effectively for analysis. Both are central
to understanding and improving the outputs of SI systems and to supporting
tasks in Music Information Retrieval (MIR). I use the term SI systems here as
it reflects the terminological conventions found in the relevant literature in [1],
which focuses on the comparison and evaluation ofmusical style across corpora
and individual items.

2.2.1 Evaluation of SI Systems

Evaluating music generated by SI systems involves determining how well the
output reflects the stylistic features of a target corpus. Quantitative approaches
compare distributions of low-levelmusical features usingmetrics such asKullback-
Leibler divergence applied to pitch distributions, as demonstrated by Yang and
Lerch [77] for generative models inmusic, or the Normalized Compression Dis-
tance (NCD), as implemented by Ens and Pasquier [57], which offers another
quantitative measure of similarity. These approaches are particularly useful
for analyzing pitch and rhythm statistics, though their relevance for comparing
higher-level musical structures is not clear.

Beyond statistical comparisons, analytical methods grounded in music theory
and practice offer deeper stylistic assessment. Some approaches focus on de-
tecting excessive replication of sourcematerial to evaluate originality [78], while
others develop cross-domain frameworks for ranking stylistic similarity [79].
Other work emphasizes the importance of evaluation methodologies that con-
nect directly to musical practice [80, 81], examining how well generated out-
puts adhere to stylistic conventions.

Listening tests can offer perceptually grounded assessments and are widely
used to validate stylistic fidelity [82, 83]. Despite their value, they are costly
in terms of time and effort and are difficult to scale for evaluating the extensive
output typical of modern SI systems. The ‘AI Music Generation Challenges’
(2020–2023) [84–87] provide a useful counterpoint to purely statistical tests.
For example, the 2020 challenge [84] focused on Irish double jigs, 2021 [85] on
Swedish slängpolskas, and 2022 [86] on Irish reels (with added sub-challenges
for automated judging and title generation). Submissions were rendered as
ABC/MIDI/score/audio, and were judged by expert practitioners for low-level
correctness and plagiarism as well as higher-level melody, structure, memora-
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bility and playability on traditional instruments [88]. Given the rich human ex-
pert evaluations from these challenges, we found Irish TraditionalMusic (ITM)
to be a compelling case study for analysing systems like folk-rnn [89], and using
the expert judges’ assessments as human evaluation.

2.2.2 Musical Representations for Melodic Analysis

Melodic representation has relied on symbolic encodings and geometric meth-
ods that model melodies as shapes in multidimensional spaces. Some algo-
rithms identify repeated patterns by comparing pitch–onset vectors [90, 91],
while others represent melodic structure as graphs or point sets [92, 93]. Re-
search on folkmusic variation shows that stylistic identity often hinges on short
melodic segments rather than global form [94–97], and listeners tend to recog-
nize melodies based on recurring motifs and phrases [98].

This focus on small musical units is particularly relevant in ITM. Doherty’s
manual analysis of double jigs in O’Neill’s collection [99] finds four standard
melodic structures and argues that nearly half of all musical motifs are repe-
titions or variations. These patterns of repetition suggest that such melodies
can be represented efficiently using compact mathematical forms that capture
shared features across tunes. David Huron’s work on melodic shape [100] em-
phasizes that the direction of melodies can matter more than exact pitches,
identifying nine common melodic patterns based on whether phrases go up,
down, stay flat, or form arch-like shapes. This focus on overall shape provides a
link between symbolicmusic notation andhowpeople percievemelodies.

Basis function representations of melodic contours offer a systematic way to
capture these shape patterns and repetitive structures. A melodic contour is a
sequence of pitches ordered in time [100]. By expressing melodic contours as
combinations of mathematical building blocks, basis functions move an analy-
sis from discrete musical notes to continuous mathematical spaces where pat-
terns and variations become easier to analyse. This approach can work par-
ticularly well for ITM, with its structured melodic patterns and well-defined
phrasing — particularly in forms like double jigs.

Cornelissen et al. [58] propose decomposing melodic contours over a cosine
basis for tasks such as visualization, classification and summarization. They ap-
ply this approach to melodies from four traditions (Gregorian chant, German,
Chinese and Sioux folk songs) and argue that they can be used for comparing
contours across traditions due to its data-independent, culturally neutral na-
ture. However, we find that melodies in ITM are less efficiently represented in
a cosine basis [2] due to their “undulating” shape.

2.3 Detecting AI-Generated Music

The detection of AI-generated music is an emerging challenge, with implica-
tions for copyright enforcement, contentmoderation, and recommendation sys-

18



CHAPTER 2. BACKGROUND

tems. Recent work explores deep learning models for AI music detection, pri-
marily using Convolutional Neural Networks (CNNs) or transformer-based ar-
chitectures. For instance, Rahman et al. [101] propose the Spectro-Temporal
Tokens Transformer (SpecTTTra), a transformer-based model that processes
spectrograms along time and frequency axes to capture long-range dependen-
cies. They show their method achieves a state-of-the-art 97% F1-score on a
structured dataset of 97k tracks they generate using Suno and Udio. Li et al.
[102] survey detection methods across audio deepfakes and AI music, noting
that current systems struggle with generalization across different generative
models. Similarly, Afchar et al. [48] investigate deepfake detection in music
by training classifiers to identify artifacts from neural vocoders (e.g., Encodec,
DAC). While their approach achieves high accuracy (>99%) on reconstructed
audio, performance degrades under common audio manipulations (e.g., pitch
shifting, re-encoding), highlighting vulnerabilities in the detectors. In subse-
quent work [103], they provide theoretical grounding for these observations
by analyzing spectral artifacts in generative CNNs. Their analysis shows that
deconvolution layers inherently produce peaking artifacts in output spectra, re-
gardless of training data or model weights. This fundamental limitation sug-
gests that certain detection cues may persist across architectures, though non-
linear activations and skip connections could potentiallymitigate these effects.

Commercial efforts to detect AI-generated music are rapidly emerging across
the industry. IRCAMAmplify [104] has deployed anAImusic detector claiming
97.6% accuracy, designed for integration into streaming platforms and distri-
bution chains to automatically tag AI-generated tracks. Deezer launched its
own detection tool in early 2025 [105], and now uses it to exclude such con-
tent from music recommendations. Music distributor Believe has developed
“AI Radar” [106], with CEO Denis Ladegaillerie positioning this as essential
protection against the flood of AI content. These initiatives reflect broader in-
dustry concerns about content authenticity and revenue protection, with plat-
forms increasingly adopting detection technologies similar to YouTube’s Con-
tent ID [107] system for managing copyrighted content. Established content
identification companies like AudibleMagic are also expanding their services to
address AI-generated music detection alongside traditional copyright enforce-
ment, and have secured partnerships with leading AImusic startups [108, 109].
However, this partnership seems to focus solely in copyright-protected audio
that users might input into the platforms rather than the fingerprinting of the
outputs.2

AImusic detection can be seen as a kind of “composer identification” task [110–
112], which aims to determine the creator of a musical piece. Another relevant
task is music auto-tagging [113–115], which demonstrate how learned embed-
dings (e.g., from CLAP [61]) can capture high-level musical attributes that may

2This was made clear by representatives of Udio attending ISMIR 2025 at Daejeon, South
Korea, when I directly questioned them about their partnership with Audible Magic. Further
discussions with Audible Magic representatives present at the conference confirmed it.

19



CHAPTER 2. BACKGROUND

differ between human and AI creators. However, as generative models become
better at mimicking human music, detectors must evolve to identify subtler ar-
tifacts [31, 32].

Ethical andpractical considerations of AImusic detection remainunderstudied.
Deployingdetection systems at scale risks false positives that candisproportion-
ately affect “legitimate” creators, echoing biases observed in AI-text detection
[116]. Moreover, the definition of “AI-generated music” itself can be contested
[3]—whether it encompasses human-AI collaborations, edited outputs, or fully
autonomous works.

2.4 Explainable Artificial Intelligence

The field ofXAI has gained substantial traction following the introduction of the
EuropeanUnion’s General Data ProtectionRegulation (GDPR) [117], which for-
malized the right of citizens to receive explanations for algorithmic decisions.
This was propelled not only by technological advances but also by ethical and
regulatory imperatives [118–122]. In principle, explainability can serve multi-
ple functions: it can facilitate debugging and development, expose algorithmic
biases, provide avenues for recourse when decisions negatively impact individ-
uals, support trust calibration in decision-making scenarios, and help vet sys-
tems prior to real-world deployment [118, 120].

Goal Definition

Trustworthiness Whether a user accepts a model’s predictions and be-
haviour enough to take some action based on it.

Causality The relationship between cause and effect among data
variables.

Transferability The ability of a user to use the knowledge gained while
solving one problem in another problem.

Informativeness Information given by the system on its internal func-
tioning.

Confidence How much the user has faith or relies on the model.

Fairness Relating to the impartiality of a model’s decisions with-
out favouritism or discrimination.

Accessibility The quality of being able to understand a system.

Interactivity The ability to influence the model.

Privacy awareness Gain insight into how much of the training data has
been captured and stored by the model, potentially
compromising the privacy of the data.

Table 2.4.1: Explainability goals and their definitions. This table is an adaptation from [118].
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Audience Description

Domain experts People who know and understand the essential
aspects of a specific field of inquiry.

Users People who use the model.

Regulatory entities Agencies that are responsible for enforcing the
laws, rules, or regulations.

Managers and executives Those with the power to control or administer
the project.

Developers Those who devise and create the models.

Table 2.4.2: Main target audience and their definitions. The content of this table is adapted
from [118].

Type Description

Simplification Building a new simplified model that is opti-
mized to function similarly to the model to ex-
plain.

Local explanation Partitioning the solution space and giving ex-
planations to less complex solution subspaces.

Text explanation Generating text explanations that help explain
the results from the model.

Visual explanation Generating human-understandable visualiza-
tions of the model’s behaviour.

Feature relevance Computing how much influence a variable has
upon the output of the model.

Explanation by example Extracting samples following the inner relation-
ships found by the model.

Transparent models Models that are understandable by themselves.

Table 2.4.3: Explanation types and their definitions. The content of this table is adapted from
[118].

21



CHAPTER 2. BACKGROUND

Category Approach

Application-grounded Real humans assessing the quality of the expla-
nation in the true context of the explanation’s
end task.

Human-grounded Real humans assessing the quality of the expla-
nation in simplified tasks rather than the real
end task.

Functionally-grounded No human subjects involved. Proxy tasks are
used to prove some formal definition of inter-
pretability. This includes complexity and fi-
delity. Complexity relates to how understand-
able the explanations are. Fidelity relates to
how informative the explanations are, whether
the original system’s behaviour can be repli-
cated with only the explanations.

Table 2.4.4: Evaluations of explanations and their definitions. The content of this table is
adapted from [120].

XAI can be analysed through a taxonomy of four key dimensions: explainabil-
ity goals, target audiences, explanation types, and evaluation strategies. Those
are explained in more detail in [118, 120], and are described in Tables 2.4.1
to 2.4.4. The primary goals of XAI, detailed in Table 2.4.1, vary widely de-
pending on stakeholder needs. For instance, causality aims to identify feature
relationships that drive model predictions, such as tracing musical emotion
recognition to specific spectral features [123]. Trustworthiness, critical for user
adoption, requires explanations that align with human intuitions [55]. The tar-
get audience for an explanation directly shapes its form and content, as each
group has distinct priorities and expertise [124]. The primary audiences and
their concerns are detailed in Table 2.4.2. A developer requires technical de-
tails for debugging, a regulator needs to verify compliance and fairness, and an
end-user needs a simple rationale to support trust. The types of explanations
generated, categorized in Table 2.4.3, fall into two broad categories: post-hoc
techniques for interpreting black-box models and transparent-by-design archi-
tectures. Post-hoc methods, such as LIME [125] or SHAP [126], approximate
model behavior locally or globally through simplification. Transparent models,
like decision trees or rule-based systems, expose their logic inherently but may
sacrifice predictive power. Both approaches struggle with miscommunication:
the misalignment between a system’s explanation and a user’s interpretation.
For instance, saliency maps may highlight irrelevant features due to dataset
biases, misleading users about a model’s true decision criteria [127]. This mis-
alignment underscores the need for domain-informed evaluation to ensure ex-
planations reflect true model behaviour rather than artifacts of flawed training
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data. Evaluating explanations remains contentious due to the lack of universal
standards. Table 2.4.4 categorizes evaluation strategies. Application-grounded
methods assess real-world user utility, while functionally-grounded (i.e., with-
out user studies) measure fidelity or complexity [120].

The practice of XAI often overlooks critical dimensions, such as the target audi-
ence for an explanation or its specific goal [128]. Most research and practice in
XAI seems to use the researchers’ intuitions of what constitutes a “good” expla-
nation rather basing the approach on the human explanation process [4, 55, 56].
More specifically, XAI lacks definitions, assumptions are implicit, and evalua-
tion is ill-defined [120]. These challenges are further complicated by what is
described as a “semantic gap”: the disconnect between high-level human con-
cepts and low-level machine representations [129]. For example, while text
prompting strategies have gained popularity in generative AI, linguistic inputs
may not align neatly with core musical properties like timbre, structure, or ex-
pression, limiting their reliability in steering model outputs [130].

In response, some researchers have proposed interaction-based approaches to
XAI, where users explore model behaviour through real-time feedback and em-
bodied input [131, 132]. Systems that link user gestures, sketches, ormovement
to model outputs can help establish intuitive mappings within a shared control
space [133–135]. These systems frame explainability not as a static output but
as an iterative process embedded in creative exploration.

However, such approaches introducenew technical anddesign challenges. Map-
ping high-dimensional sensor data onto generative model spaces remains dif-
ficult [136, 137], and the interpretability of these mappings varies across users
and contexts [138, 139]. Recent work in the XAIxArts community [140] under-
scores the need for explainability frameworks that address not just technical
transparency but also user agency, aesthetics, and situated interaction. These
approaches shift the emphasis from explanation as static output to explanation
as an exploratory process embedded in artistic practice.
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3 Comparisons andRepresentations ofMu-
sic

Figure 3.0.1: Visual representation of the core problems addressed in this chapter. (Left):
Comparing an item 𝑥 (green) to a corpus 𝒜 (blue). (Right): Comparing two corpora 𝒜 (blue)
and ℬ (red).

This chapter reviews the key findings in [1] and [2], defining the problems
they address, critiquing the work, and suggesting future developments. Con-
sider a corpus of music, denoted 𝒜 = {𝑎1, 𝑎2, … , 𝑎𝑛}, consisting of individual
musical items. Let 𝑥 denote a new item of interest, and ℬ = {𝑏1, 𝑏2, … , 𝑏𝑚}
another corpus. Two central problems then arise. Item-to-corpus compari-
son asks whether 𝑥 belongs to 𝒜, i.e., to evaluate the likelihood that 𝑥 ∈ 𝒜.
Corpus-to-corpus comparison asks whether two corpora 𝒜 and ℬ are stylisti-
cally similar. These tasks are visualized in Figure 3.0.1. In [1] we aim to provide
domain-independent (applicable beyond music to other sequential data), scal-
able (computationally efficient for large datasets), and statistical (data-driven
and probabilistic) methods to answer those questions.

Section 3.1 summarizes my framework for distance-based comparison of mu-
sical items and corpora, relating it to existing methods like CAESMI [57] and
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StyleRank [79]. Section 3.2 summarizes our work in [2] where we use the Dis-
crete Cosine Transform (DCT) for representing and analyzing melodic contour.
Throughout, I use case studies from ITM and AI-generated melodies [89] to
illustrate the methods and provide a critical discussion of their contributions,
limitations, and future potential.

3.1 Comparing Items and Corpora

Toaddress the problemof comparing items and corpora in adomain-independent,
scalable, and statistical manner, we develop a framework based on distance
matrices and distribution analysis. This approach allows us to move beyond
corpus-level comparisons and provide a method for assessing individual items
against a reference corpus, a capability not offered by revieweddomain-independent
techniques.

3.1.1 Problem Description

Domain Independent Domain Dependent

Corpus-to-corpus CAEMSI [57], and Yang & Lerch [77]

Our contribution [1]

Item-to-corpus Our contribution [1] StyleRank [79]

Table 3.1.1: Classification of methods for comparing items and corpora.

Table 3.1.1 relates fourmethods. We categorizemethods for comparingmelodies
along two dimensions: their reliance on domain knowledge and their scope of
comparison. Our work [1] addresses the gap in domain-independent methods
for comparing individual items to corpora, while maintaining the ability to do
corpus-to-corpus comparisons.
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Figure 3.1.2: The distance matrix constructed from pairwise comparisons, which forms the
basis for the statistical analysis. The colours align with the ones in Figure 3.0.1: distances
within corpus 𝒜 in blue and distances within corpus ℬ in red

CAEMSI [57] provides a domain-independent framework for corpus-to-corpus
comparison, using statistical tests based on “typicality” — the degree to which
generated artifacts represent their source corpus. It employs two complemen-
tary tests: a test for difference, for which the null hypothesis is 𝐻0 ∶ 𝒜 =
ℬ, and a test for equivalence, for which the null hypothesis is 𝐻0 ∶ 𝒜 ≠ ℬ.
To do this, it first constructs a distance matrix D, an (𝑛 × 𝑛) symmetric ma-
trix where 𝑛 = |𝒜| + |ℬ| and each element 𝑑𝑖𝑗 represents the computed dis-
tance between items 𝑖 and 𝑗. This matrix, shown in Figure 3.1.2, is then par-
titioned into three sub-matrices: d𝒜 = 𝑑(𝑖, 𝑗) ∣ ∀𝑖, 𝑗 ∈ 𝒜, 𝑖 ≠ 𝑗, representing
all within-corpus distances for 𝒜; dℬ, defined analogously for ℬ; and d𝒜ℬ =
𝑑(𝑖, 𝑗) ∣ ∀𝑖 ∈ 𝒜, ∀𝑗 ∈ ℬ, representing all between-corpus distances. The statis-
tical significance of an observed test statistic 𝑇𝑜𝑏𝑠, which we refer the reader to
the publication [57] for further details, is evaluated using permutation testing.
This non-parametric procedure repeatedly simulates the null hypothesis by ran-
domly shuffling the rows and columns of the distancematrix, and recalculating
the statistic 𝑇𝑝𝑒𝑟𝑚 for each permutation. This generates an empirical null distri-
bution against which 𝑇𝑜𝑏𝑠 is compared. This method’s principal strength is its
distribution-free nature, requiring no assumptions about the data. Its primary
limitation, however, is that it provides only a holistic assessment of significance,
offering no insight into which specific items or individual distances within the
matrix contribute to a rejection of 𝐻0. Consequently, CAEMSI is designed for
corpus-level comparison and offers limited utility for assessing individual items
against a corpus.

StyleRank [79] measures how well a symbolic music item 𝑥matches a style rep-
resented by a “background” corpus𝒜. They do so by first converting pieces into
many music theory informed feature representations, then training random-
forest classifiers to discriminate the items in the target corpus from the chosen
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background or rank set. Each forest maps an item to a sparse leaf-indicator
vector (an embedding), and StyleRank computes a similarity score for 𝑥 by av-
eraging cosine similarities between 𝑥’s embedding(s) and the embeddings of
corpus items across the feature forests. Because the output depends on which
symbolic features are chosen and which background corpus is used, it requires
domain-specific feature engineering and careful corpus curation. Its effective-
ness therefore depends on whether the chosen features capture the perceptual
cues that define the style and the representativeness of the background corpus
— limitations the authors note even as they report strong agreement with hu-
man judgments in their experiments.

Yang and Lerch [77] propose a corpus-level framework that extracts musically
informed features from symbolicmusic representations and computes pairwise
distances to form intra-set (within target) and inter-set (between target and
generated) distance distributions per feature. They estimate those distribu-
tions with kernel density estimation and summarize their difference using the
Kullback–Leibler divergence and the area of overlap to quantify how closely a
generated corpus matches the target. The approach yields interpretable, per-
feature diagnostics that are reproducible and useful for determining which mu-
sical dimensions a generator captures or fails to capture. However, it is strictly
corpus-level and its conclusions depend on the chosen features, distance met-
ric, KDE parameters, and dataset representativeness; it cannot assess individ-
ual items or features outside the ones encoded.

A

A
B

B

x

Figure 3.1.3: The distance matrix constructed from pairwise comparisons, with the addition
of the item 𝑥 compared to corpus 𝒜. The colours again align with the ones in Figure 3.0.1:
distances within corpus 𝒜 in blue, distances within corpus ℬ in red, and distances between
item 𝑥 (green) and corpus 𝒜 in green.
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Figure 3.1.4: Kernel density estimation (KDE) intersection for item-to-corpus comparison. The
x axis represents the normalized distances, while the y axis represents the density. The prob-
ability that item 𝑥 belongs to corpus 𝒜 is proportional to the overlapping area between the
distribution of pairwise distances within corpus 𝒜 (denoted d𝒜, shown in blue) and the dis-
tribution of distances between item 𝑥 and all items in 𝒜 (denoted d𝒜𝑥, shown in green). Left
panel shows a high similarity scenario where the intersection area is 0.888 and thus over 0.5,
indicating that item 𝑥 likely belongs to corpus 𝒜. Right panel demonstrates a low similarity
scenario where the intersection area is 0.215 and thus below 0.5, suggesting that item 𝑥 is
unlikely to belong to corpus 𝒜.

Our work [1] aims to contribute a domain-independent item-to-corpus com-
parison method, filling the void seen in Table 3.1.1, i.e. domain independent
item-to-corpus comparison, as well as domain independent corpus-to-corpus
comparison. As illustrated in Figure 3.0.1, our approach handles two distinct
scenarios. In the first scenario (left panel in Figure 3.0.1), in order to deter-
mine whether a specific item 𝑥 (shown in green) belongs to a corpus𝒜 (blue re-
gion), we use kernel density estimation (KDE) to model two distributions: the
distribution of pairwise distances within the corpus 𝒜 (denoted d𝒜), and the
distribution of distances between the item 𝑥 and all items in 𝒜 (denoted d𝒜𝑥).
As seen in Figure 3.1.3, this can be seen as adding a row to the distance matrix.
We compute the probability that 𝑥 belongs to 𝒜 by measuring the overlapping
area (intersection) between these two KDE curves, as illustrated in Figure 3.1.4.
In the second scenario (right panel in Figure 3.0.1), when comparing two cor-
pora 𝒜 and ℬ, we analyse three sets of pairwise distances: d𝒜, which contains
all distances between items within 𝒜; dℬ, containing distances within ℬ; and
d𝒜ℬ, which includes distances between every item in 𝒜 and ℬ. These distance
sets are treated as samples, and statistical tests like theMann-Whitney U (MW-
test) or Kolmogorov-Smirnov (KS-test) evaluate whether d𝒜 and dℬ share the
same underlying distribution, with the null hypothesis that the distribution un-
derlying d𝒜 is stochastically less than the distribution underlying d𝒜ℬ.
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3.1.2 Key Findings

Figure 3.1.5: Distribution comparison showing the overlap between “The Jolly Joker” (O’Neill’s
No. 229) and folk-rnn tune No. 8091 with the reference corpus of O’Neill’s using normalized
Levenshtein distance.

In [1]we evaluate howourmethodperformsusing IrishTraditionalMusic (ITM).
We test three distance measures — Normalized Compression Distance (NCD),
Levenshtein distance, and cosine distance fromneural embeddings—onO’Neill’s
365 double jigs [141] against 365 tunes generated by folk-rnn [89], which were
selected by an artificial critic [88]. We find that our approach can distinguish
between human-composed and AI-generated corpora at the corpus level, with
normalizedLevenshtein distance provingmost effective. Statistical tests (Kruskal-
Wallis andKolmogorov-Smirnov) consistently show smaller, more uniform dis-
tances within O’Neill’s corpus compared to cross-corpus distances, indicating
tighter stylistic cohesion. For the item to corpus analysis, our method correctly
shows that O’Neill’s tunes have a higher probability of belonging to their cor-
pus, as measured by a larger KDE intersection area, just as folk-rnn tunes do
for theirs.

Figure 3.1.6: “The Jolly Joker,” double jig No. 229 in O’Neill’s, transposed to Cmaj from Dmaj.
Expert evaluation deemed this tune musically deficient, though it is in a recognized collection,
a quality our statistical method failed to capture.
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Figure 3.1.7: Folk-rnn tune No. 8091, the winner of the 2020 AI Song Contest challenge [84].
This tune occupies a central position in both Figures 3.1.8 and 3.1.9, suggesting structural sim-
ilarity to many other tunes in the datasets.

As shown in Figure 3.1.5, the tune “The Jolly Joker” (O’Neill’s No. 229) has
a high probability of belonging to the reference corpus, in this case O’Neill’s,
with an intersection of 0.804. This tune (Figure 3.1.6) serves as an interesting
case study, as it is considered by expert judges as not being very representative
of O’Neill’s. Conversely, the folk-rnn tune No. 8091 (Figure 3.1.7) has a low
intersection value of 0.255, correctly suggesting that it does not belong to the
reference corpus of O’Neill’s. However, this particular tune won The AI Music
Generation Challenge 2020 [84], representing what experts considered an AI-
generated tune that aligns with ITM. These two contrasting examples highlight
the complex relationship between our computational similarity measures and
musicological assessment, which we expand on in Section 3.1.3.

Figure 3.1.8: t-SNE visualization of the O’Neill’s (red) and folk-rnn (blue) corpora based on
pairwise Levenshtein distances between symbolic sequences. Several points of interest are
annotated: folk-rnn tune No. 8091 (winner of the 2020 challenge) appears near the center of
both datasets, suggesting broad similarity across corpora; “Morgan Rattler” and folk-rnn No.
1923 appear as isolated outliers, reflecting their unusual characteristics (exceptional length
and missing repeat signs, respectively); and O’Neill’s tunes No. 16 and No. 358, known dupli-
cates, cluster closely together.
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Figure 3.1.9: UMAP visualization of the O’Neill’s (red) and folk-rnn (blue) corpora. Compared
with the t-SNE projection, this representation places folk-rnn tune No. 8091 away from
O’Neill’s cluster, although it is still somewhat at the center of the folk-rnn cluster. “Morgan
Rattler” and folk-rnn No. 1923 again appear as isolated points within their respective corpora,
while the duplicate tunes No. 16 and No. 358 from O’Neill’s remain tightly clustered.
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Figure 3.1.10: “Morgan Rattler,” double jig No. 257 in O’Neill’s 1001, transposed to Cmaj from
Dmaj. Its unusual length causes it to appear as an outlier in both Figures 3.1.8 and 3.1.9, high-
lighting the sensitivity of the distance metric to sequence length.
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Figure 3.1.11: Folk-rnn tune No. 1923, which is missing repeat signs. This irregularity con-
tributes to its isolated position in both Figures 3.1.8 and 3.1.9, showing how sequence-level
structural anomalies are accentuated by the Levenshtein distance.

We visualize the relationships among all items in 𝒜 and ℬ by applying dimen-
sionality reduction via t-distributed Stochastic Neighbor Embedding (t-SNE)
[142] and UniformManifold Approximation and Projection (UMAP) [143]. Al-
though the scope of this analysis is preliminary, we can see some interesting
results. Firstly, O’Neill’s tunes No. 16, titled “When sick is tea you want?”, and
358, titled “Go to the Devil and shake yourself”, are known duplicates, which
both visualizations in Figures 3.1.8 and3.1.9 showby clustering closely together.
If we look at the t-SNE visualization of the corpora in Figure 3.1.8, we can see
how folk-rnn tuneNo. 8091— the 2020 challenge [84]winner (see Figure 3.1.7)
— is positioned of at the centre of both corpora. However, in the UMAP visu-
alization (Figure 3.1.9), No. 8091 is at the centre of the folk-rnn cluster, but
it is not overlapping with the O’Neills cluster. This divergence illustrates how
different dimensionality reductionmethods can greatly affect the relationships
one can infer from such visualizations, making this approach questionable to
say the least. Other examples provide additional insights into the behavior of
the specific distance metric used (in this case Levenshtein distance). The tune
“Morgan Rattler”, which is unusually long (see Figure 3.1.10), and folk-rnn No.
1923, which ismissing repeat signs (see Figure 3.1.11), appear as isolated points
in both Figures 3.1.8 and 3.1.9. This seems intuitive at first, as they are indeed
odd: one stands out because of its odd length, and the other because of its struc-
tural irregularity. However, it is unclear to what extent these characteristics
translate into genuine musical atypicality within their respective corpora. This
sensitivity is most likely due to the nature of the Levenshtein distance. This
distance captures the minimal sequence of edit operations (insertions, dele-
tions, substitutions) required to transform one symbolic token sequence into
another. After normalizing for length, it therefore becomes particularly sensi-
tive to sequence-level differences such as extra or missing measures, omitted
repeat signs and unusually long phrases.

3.1.3 Critical Limitations and the Musicological Gap

Despite promising statistical results, our approach suffers from a fundamen-
tal disconnect between computational and musicological evaluation. A telling
example is “The Jolly Joker” (see Figure 3.1.6), which expert judges at The AI
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Music Generation Challenge 2020 [84] identified as “not a good tune” from a
corpus that “has plenty of poor and dull tunes in it”. Despite being in the corpus,
the judges deemed it “neither memorable nor interesting,” which explains why
no one plays it today. In Figure 3.1.5 we see how our item to corpus comparison
approach finds this tune to most likely belong to the O’Neill’s corpus, suggest-
ing that whatever makes it musically deficient is not captured by surface-level
string similarity measures. Conversely, folk-rnn tune No. 8091 — the 2020
challenge [84] winner — shows to be most likely not from the reference corpus
of O’Neill’s. This result seems paradoxical: if the tune lacked the stylistic qual-
ities of ITM, it would hardly have impressed the challenge judges enough to
earn the first place.

This failure exposes a core limitation of domain-independent approaches: they
can detect patterns but miss the deeper structural and aesthetic qualities that
contribute tomusical style. The Levenshtein distance treats all symbol changes
equally, making no distinction between musically meaningful variations (such
as ornamentations) and structural deviations. Similarly, while NCD captures
shared compression patterns, it cannot differentiate between coincidental rep-
etition and intentional musical structure.

The visualization methods, while effective at clustering similar items, provide
little interpretive insight into why certain tunes cluster together or what musi-
cal features drive the observed groupings. Because of the domain-independent
nature of our approach, we have an interpretability gap that limits themethod’s
use for musicological analysis — we can identify outliers but cannot explain
their musical characteristics or significance. Moreover, different dimensional-
ity reduction techniques provide dramatically different representations, so the
usability of such is unclear.

3.1.4 Future work

The work here [1] suggests multiple directions. One immediate goal is to move
beyondgeneric, sequence-level comparisons towarddomain-sensitivemeasures
that respect the formal properties of tunes in ITM: parts, repeats, first/second
endings, and anacrusis all alter symbolic sequences inmusically irrelevantways
yet can distort distances computed bymetrics such as Levenshtein distance. Fu-
ture work should therefore investigate domain-dependent distance measures
that encode part structure and inter-part relationships, and should study how
different choices in distribution comparison (KDE, intersection areas, etc.) af-
fect conclusions.

Another promising direction lies in combining our statistical framework with
approaches likeDoherty’s work onmelodic contour analysis [99], which reveals
how melodic shape patterns function in ITM. Where our method identifies sta-
tistical outliers, Doherty’s contour-based analysis could explain what makes
them musically distinctive.
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For instance, cosine-based decomposition of melodic contours [58] — rather
than raw symbol sequences — could capture the phrase-level patterns that ap-
pear in ITM. This approach would maintain computational scalability while in-
corporating meaningful musical features like stepwise motion patterns, phrase
boundaries, and motivic development that our current string-based methods
overlook.

Future work should investigate multi-resolution approaches that integrate sev-
eral complementary methods. Surface-level statistical comparisons, as devel-
oped in this study, can provide efficient large-scale filtering. Contour-based
analysis can capture melodic shape characteristics, while structural analysis
can reveal patterns in phrases and overall part forms. Additionally, probabilis-
tic modelling can be applied to identify features that define stylistic tenden-
cies.

The integration of these approaches promises to address both the scalability re-
quirements of analysing thousands of AI-generated tunes and the interpretabil-
ity needs of musicological analysis — ultimately enabling an effective “artificial
critic” capable of identifying not just statistical outliers, but musically meaning-
ful patterns in traditional and generated repertoires [144].

3.2 Representing Melodies with Basis Functions

We now summarize the work in [2]. This work is motivated by a problem sim-
ilar to that of Cornelissen et al. [58]: finding an effective, interpretable repre-
sentation for melodic contour. Representing a melody in a new basis can help
to better learn its global shape versus local details and reveal patterns that are
obscured in the original representation. This section summarizes our work on
applying the Discrete Cosine Transform (DCT) to melodic contours in ITM, ex-
ploring its potential for providing an interpretable and efficient description of
melodic style.

3.2.1 Problem Description

Cornelissen et al. [58] present a domain-independent method for melody rep-
resentation and comparison based on cosine contours. Their work ismotivated
by the need for a robust, interpretable, and efficient representation of melodic
contour that is applicable across diverse musical traditions. However, while
they validated their cosine contour representation on a diverse set of corpora of
notated melodies, we wanted to investigate how well it specifically works ITM,
and whether it can reveal patterns distinct from those in other corpora. Their
method involves two main steps. First, a melodic contour is extracted from a
symbolic melody by converting it into a step function: they extract note onsets
(in quarter notes) and pitches (in MIDI semitones), interpolate a step function
through these points, and then sample N = 100 equally spaced points from this
function. The sequence is expressed as a vector 𝑥 = (𝑥0, 𝑥1, … , 𝑥𝑁−1), which

38



CHAPTER 3. COMPARISONS AND REPRESENTATIONS OF MUSIC

is the melodic contour. This representation makes several key assumptions: it
ignores rests, normalizes the total duration of all contours to 100 samples (re-
taining relative internal durations) and assumes an Euclidean distance space
for comparability. This contour vector is then transformed using the Discrete
Cosine Transform (DCT). The DCT coefficients serve as a new feature space for
the melody.

Figure 3.2.12: First 8-bar part of “When sick is tea you want?”, tune No. 16 in O’Neill’s 1001
[141]. Score (top) with its cosine representations (below), with the original melodic contour
(blue), as well as reconstructions using 3 (orange), 5 (green), 10 (red) or 20 (purple) cosine
coefficients.

The DCT represents melodic contours as sums of cosine functions with varying
frequencies. For a sequence of pitch values 𝑥 = (𝑥0, 𝑥1, … , 𝑥𝑁−1), the Type-II
DCT computes coefficients 𝑋𝑘 via:

𝑋𝑘 = √ 2
𝑁

𝑁−1
∑
𝑛=0

𝑥𝑛 cos [ 𝜋
𝑁 (𝑛 + 1

2) 𝑘] , 𝑘 = 0, 1, … , 𝑁 − 1.

Lower-order coefficients (𝑘 ≪ 𝑁) encode global trends, while higher-order
terms capture local fluctuations. Figure 3.2.12 illustrates this decomposition
for the firs 8-bar part of the double jig No. 16 in O’NeillsWhen sick is it tea you
want?. The original contour is shown in blue, while dashed reconstructions il-
lustrate the effect of including progressively more coefficients. With only three
coefficients (orange), the reconstruction captures little more than the overall
ascending trajectory of the melody, while five coefficients (green) starts sug-
gesting a two-part structure. Using ten coefficients (red) begins to reproduce
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the repeating two-bar motif structure that shapes the tune, and twenty coeffi-
cients (purple) add still finer detail, closely following the undulating contour of
the original melody. For this particular melody, the first 52 coefficients of the
DCT are required to explain 95% of the variance, which is relatively inefficient
compared to PCA for longer segments [58].

A central claim in [58] is that the fixed cosine basis of the DCT closely approx-
imates the optimal, data-driven basis found by Principal Component Analysis
(PCA). They provide empirical validation for this by comparing the reconstruc-
tion error and explained variance of both methods. Their results show that
the reconstruction error of DCT-based reconstructions closely approximates
that of PCA across different contour lengths (motifs, phrases, and tunes of a
Gregorian chant corpus). They report that the effective dimensionality — the
number of dimensions needed to explain 95% of the variance — is very low for
the cosine representation: just 1 dimension for motifs, 9 for phrases, and 61
for tunes. This demonstrates that low-dimensional DCT coefficients provide a
compact and highly effective summary of a melody’s global shape (e.g., its over-
all ascending or descending trend, or its archedness). Based on these findings,
they argue that the DCT offers the performance of PCA but with the significant
advantages of a fixed, interpretable, and computationally efficient basis.

Figure 3.2.13: “Shandon Bells” (O’Neill’s No. 1), as annotated by Seán Doherty [99], showing
its hierarchical structure with repeated bars labeled alphabetically (e.g., “a”, “b”) and variations
marked with superscripts (“a1”).

Our work in [2] seeks to explore how this representation and its properties ap-
ply specifically to the structured patterns of ITM. In ITM, melodies like double
jigs exhibit hierarchical repetition of motifs across scales — from 2-note orna-
ments (∼2 bars) to full 8-bar parts [99]. Figure 3.2.13 illustrates this structure
in “Shandon Bells” (O’Neill’s No. 1), where Doherty [99] labels bars according
to recurring patterns. Such regularity suggests that a small set of basis func-
tions could capture shared contour features across the corpus.

3.2.2 Highlights and Key Findings

Our results show that the DCT is indeed useful for identifying patterns in ITM
melodies, but its effectiveness is highly dependent on the length of the contour
segment. Figure 3.2.14 shows that for 16-bar segments, 52 DCT coefficients are
required to explain 95% of variance, whereas PCA achieves the same thresh-
old with only 22 components. This reduced efficiency suggests that the fixed

40



CHAPTER 3. COMPARISONS AND REPRESENTATIONS OF MUSIC

Figure 3.2.14: Comparison of the reconstruction error (Mean Squared Error) and explained
variance (cumulative) of PCA and DCT for segments of different lengths from O’Neill’s tunes:
2-bar segments (blue), 4-bar segments (orange), 8-bar segments (green), and 16-bar seg-
ments (red). The key observation is that while the DCT approximates PCA well for short seg-
ments (2-4 bars), its efficiency decreases for longer segments; for 16-bar segments, the DCT
requires more than twice as many coefficients as PCA to explain 95% of the variance in the
data.

cosine basis struggles to model the longer-range dependencies, asymmetries,
and complex structural patterns in ITM. We find that for short segments (2-4
bars), the fixed cosine basis perform comparably to the data-driven PCA. This
was not surprising, as the covariance structure of these shorter parts results in
a Toeplitz-like matrix [2], for which the DCT is known to be a good approxi-
mation for the optimal Karhunen–Loève (KL) basis. However, this alignment
between DCT and PCA breaks down as the length of the contour segment in-
creases (8–16 bars).

Nevertheless, cosine contours have some advantages. Their fixed basis func-
tions provide intuitive visualizations and enable interpretable feature extrac-
tion (e.g., “archedness” or “undulatingness”). This is illustrated inFigure 3.2.15,
which shows melodic contours from German, Chinese, Sioux, and Irish tunes
represented in two dimensions. While the overall shape of Sioux tunes is clearly
descending (subplot D in Figure 3.2.15), other corpora lack a consistent pattern.
Cornelissen et al. [58] propose measuring the concavity or convexity of a con-
tour as its “archedness,” but for ITM (subplot E in Figure 3.2.15), there is no
typical archedness. By examining the magnitudes of cosine coefficients across
all double jigs in O’Neill’s corpus, we find that the fourth DCT coefficient (after
the mean) is consistently the largest. We define this coefficient as represent-
ing the “undulatingness” of a contour, capturing the characteristic rise-and-fall
phrasing of Irish double jigs and distinguishing them from other corpora (sub-
plot A.2 in Figure 3.2.15). Overall, this demonstrates that even when DCT is
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less efficient for long-range reconstruction, its coefficients remain a powerful
tool for interpretable analysis of melodic structure.

3.2.3 Critical Limitations and Scope

The core critique arising from our evaluation is the fundamental trade-off be-
tween the fixed cosine basis’s interpretability and its computational efficiency
for representing longermusical structures. TheDCT’s strength is its fixed,math-
ematically defined basis, which allows for intuitive labels like “undulatingness.”
However, this same fixed nature is its weakness when applied to longer seg-
ments of ITM tunes. The data-driven PCA basis, by contrast, adapts to the spe-
cific covariance structure of the dataset, achieving far greater efficiency (fewer
coefficients needed) for representing 16-bar segments. This indicates that the
fixed cosine basis is a sub-optimal, one-size-fits-all solution for this specificmu-
sical domain. While it can effectively describe global trends and somemid-level
features, it is not themost compact or efficient representation for capturing the
full complexity of ITM tunes.

3.2.4 Future work

Our exploration of melodic contour representation suggests moving beyond
single, global DCT decompositions toward multi-resolution, time-localized ap-
proaches. By applying windowed DCTs at different phrase lengths (4, 8, and 16
bars), we could revealmotif- andphrase-level patternswhile addressing the effi-
ciency limitations observed for longer segments. Investigating alternative basis
functionmethods such aswavelets, dictionary learning, orNon-negativeMatrix
Factorization would allow us to better explore which frameworks best offer in-
terpretability for music analysis with computational efficiency for ITM.

The development of style-specific basis functions could be another promising
direction. Rather than relying on fixed mathematical transforms, future work
could explore learning adaptive representations directly from symbolic music
data through neural network latent spaces or statistical models like hidden
Markovmodels. Such learned representations could capture the structural pat-
terns that characterize ITM more effectively than domain-independent meth-
ods.

Finally, Doherty’smusicological study on the same corpus [99] could be used as
benchmark to compare the melodic structures found in the corpus. We could
then evaluate how well different bases capture the hierarchical patterns and
phrase structures that define the tradition, as identified by Doherty.
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Figure 3.2.15: (A) Different corpora represented in the cosine contour space in terms of “de-
scendingness” and “archedness” and “undulatingness”. The average of all melodic contours in
a corpus (B-E) show the overall shape of melodic contours in that corpus.
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4 Detection of current AI music genera-
tion systems

This chapter discusses the key findings in [3], defining the problems it addresses,
critiquing the current limitations, and suggesting future developments. In our
article, we focus on detection techniques, using a dataset that combines human-
made tracks from the Million Song Dataset [60] with music generated by users
of Suno and Udio. We evaluate their robustness across different generative sys-
tems, and explore the ethical and practical implications of applying them at
scale.

Our work contributes to an emerging body of research addressing AI music de-
tection. Key studies in this area include the SONICS dataset [101], which pro-
vides over 97,000 songs fromSuno andUdio generatedwith systematic prompt
variations, as well as a detector model trained on such dataset. Other recent
work by [48] uses autoencoders to detect compression artifacts in AI-generated
audio, while follow-upwork [103] links such artifacts to inherent frequency pat-
terns in generativemodels, providing a theoretical basis for detection. Commer-
cial systems like IRCAM Amplify’s detector claim high accuracy (98.5%) [145]
but remain largely opaque in theirmethodology. Collectively, these efforts high-
light both the promise of AI music detection and the fundamental challenges
of building robust, transparent, and generalizable systems in the face of rapidly
advancing generation technologies.

4.1 Defining the Problem

AI-generated music is no longer a novelty. In April 2025, Deezer announced
that 18% of the songs uploaded to its platform each day were created entirely
by AI [16]. Just a few months earlier, that number was half as high, and as of
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September 2025 that number has raised to 28% [17]. AI platforms like Suno
and Udio are enabling the mass-scale creation of music without much human
effort. This rapid proliferation raises some urgent questions: How can we de-
tect AI music? Should we? And what do we mean by “AI music” in the first
place?

Current detection systems face a fundamental tension between surface-level
detection — which can be accurate but fragile — and content-based detection,
which ismore conceptually alignedwithmusic but technically harder to achieve.
Many systems rely heavily on artifacts introduced during rendering or encod-
ing [3, 48, 103]. For instance, Suno’s tracks exhibit high-frequency artifacts
detectable by simple classifiers — likely a technical artifact produced by an up-
sampling process [3, 103]. Moreover, the landscape of audio artifacts is rapidly
evolving as streaming services increasingly adopt neural compression meth-
ods like EnCodec and SoundStream, which introduce their own distinctive ar-
tifacts that may overlap with those produced by generative AI systems [146].1

This convergence further undermines the reliability of artifact-based detection
pipelines. If AI systems eventually remove such artifacts, thesemethodswill be-
come obsolete. Conversely, if detection systems rely too much on stylistic anal-
ysis, they risk misclassifying unconventional or low-fidelity human music, par-
ticularly from genres or regions underrepresented in training data [20].

4.2 Key Findings

To date, most academic detection systems for AI-generatedmusic rely either on
low- or mid-level audio descriptors (e.g. mel-spectrograms) or learned audio-
language embeddings, such as those produced bymodels like CLAP [61]. While
these methods have shown promising results in constrained settings, they of-
ten fall short in real-world scenarios involving post-processing or adversarial
intent.

Our work contributes to this landscape by evaluating how well different detec-
tion approaches perform when applied to music audio generated by popular
platforms such as Suno and Udio. In our study, low- and mid-level features
like spectral centroid (measuring brightness), MFCCs (capturing timbre), and
Beats Per Minute (BPM) (rhythm) reveal subtle differences between AI and hu-
manmusic. Tracks generated by Suno andUdio exhibitmeasurable differences
from human music. In particular, we find that AI-generated music tends to
have less high-frequency energy and more uniform rhythmic structures. Many
of the AI-generated tracks lack expressive timing variation, and their dynam-
ics are often compressed or flat. These patterns, while subtle, are consistent
enough to allowMachine Learning (ML)models to classify themwith over 90%
accuracy in test conditions. At least for now.

1Thanks toNicolas Jonason for his observation of neural compressionmethods— it’s a great
point about how streaming platforms are inadvertently making AI detection even harder!
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Models like CLAP create embeddings that map audio to semantic meanings
(e.g., “jazz” or “upbeat”). These embeddings can capture global patterns, such
as repetitive structures common in AI music. Our article [2] shows that CLAP-
based detectors achieve over 90% accuracy on held-out data. However, these
systems often rely on technical artifacts, introduced by the AI system’s pipeline,
rather than musical quality. For instance, we find that halving the sampling
rate of the AI-generated audiosmakes some content detectors flag them as non-
AI.

4.2.1 Our Dataset

Like most ML approaches, detecting AI-generated music reliably depends on
training on the right data. But building useful datasets is difficult. Some ex-
isting collections, like [101], are based on AI music created in controlled envi-
ronments, which doesn’t reflect how people actually use platforms like Suno or
Udio.

To address these problems, we built our own dataset using real music from
Suno and Udio. Since these platforms don’t offer public APIs, we used web
scraping techniques betweenMay and October 2024 to collect audio and meta-
data. While this scraping may go against the platforms’ terms of service, our
work is protected under EU law (Directive 2019/790) as non-commercial aca-
demic research [35].

From Suno, we collected songs from the “New Songs” playlist,2 which is up-
dated frequently. We ran a script every two hours to download the latest 50
tracks. For Udio, we automated the use of the platform’s search tool to find
the most popular songs each day, based on play counts. For both platforms, we
saved the audio, along with any prompts, genres, and lyrics we could extract.
We only kept songs longer than 60 seconds to ensure that we were collecting
complete tracks.

As of September 2025, we have collected 281, 674 tracks from Suno and 186, 067
tracks from Udio. However, in our paper [3] we only use 10, 000 of each source.
This was done to ensure we had a balanced dataset, as at the time we started
working on the article we had a bit less than 20, 000 audio recordings fromUdio.
To compare with human music, we downloaded 10, 000 audio recordings from
the MSD [60] using links to YouTube provided on Last.fm. However, it is im-
portant to note thatMSD focuses onpopularWesternmusic, whichmay already
appear in the training data of Suno and Udio [59, 147]. This could affect how
well we can measure originality or detect bias.

To visualize how the sources of music in our dataset differ, we project the CLAP
audio embeddings of the recordings into a two-dimensional space using UMAP

2https://suno.com/playlist/cc14084a-2622-4c4b-8258-1f6b4b4f54b3,
last accessed Aug. 13, 2025
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Figure 4.2.1: 2D UMAP projection of CLAP audio embeddings from our dataset, with colour
denoting source: Suno (blue), Udio (red), and MSD (green).

[143]. As shown in Figure 4.2.1, the Udio and MSD clusters appear closer to-
gether, while Suno samples tend to cluster farther away. We also provide inter-
active 2D and 3D plots for further exploration.3

4.2.2 The detection task

Based on the audio features of our dataset, we find measurable differences be-
tween the sources. Suno audio exhibits a lower spectral centroid and pitch
salience. This suggests that Suno’s audio recordings have reducedhigh-frequency
and harmonic content compared to Udio and MSD. Classifiers can distinguish
between the three sources using these features, with Suno being the most iden-
tifiable.

For the detection task itself, we implement a hierarchical classifier based on the
local classifier per node (LCN) approach [148]. This method first distinguishes
between AI and non-AI music at a parent level before further classifying the
AI music into its specific source (Suno or Udio) at a child level. We build three
versions of detectors, with SVM, RandomForest, and 5-NN at each nodewithin
a class tree, as is done inLCN.We train these onCLAPembeddings and evaluate

3https://is-this-ai.github.io/visualizations/umap_plots.html, last
accessed Aug. 13, 2025
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their performance using standard metrics, comparing them against the open-
source SpecTTTra model [101] and the commercial IRCAM Amplify AI Music
Detector.

For AI detection (a binary AI vs. non-AI task), we find that our hierarchical
classifiers using CLAP embeddings perform well. The SVM model achieves an
F1-score of 0.969 for AI music and 0.935 for non-AI music on our test set. How-
ever, we see that performance is highly asymmetric; the commercial IRCAM
Amplify detector, while achieving near-perfect scores (F1=0.988 for AI, 0.976
for non-AI), still misclassifies 4.7% of human-mademusic as AI — a significant
error rate with serious ethical implications if scaled. The open-source SpecTT-
Tra model performs poorly, especially on Udio music, which it misclassifies as
human 75.3% of the time.

Crucially, we find that all detectors fail to generalize. When tested on music
from an out-of-sample platform, Boomy, detection rates are very low (IRCAM:
6%, our best model: 24%). Cross-platform tests show that models trained on
Udio generalize well to Suno, but models trained on Suno perform poorly on
Udio, indicating that detection relies on platform-specific artifacts rather than
a general signature of “AI-ness.”

Finally, we find AI detection is highly sensitive to simple audio processing. Our
experiments show that simply downsampling AI-generated audio from 48 kHz
to 22.05 kHz can cause detectors tomisclassify it as human-made. This fragility
suggests that models may be exploiting spurious correlations or confounds, a
phenomenon well-documented in shortcut learning literature [149, 150]. We
provide audio examples illustrating the impact of such transformations, includ-
ing filtering and resampling, on both baseline detectors as well as the ones we
trained with our collected dataset.4

4.3 Critical Limitations

Training reliable detection systems requires diverse, balanced datasets. How-
ever, the most common human music datasets — such as the MSD — are dom-
inated by Western, commercially produced music. These datasets are not only
unrepresentative of globalmusical styles butmay also be present in the training
corpora of generative models, introducing subtle circularity. When a detector
identifies music as “AI” because it does not match the distribution of MSD, it
risks flagging human music from underrepresented genres as AI. Conversely,
AI-generated tracks trained on MSD-like corpora may appear more “human,”
reducing detection accuracy. This bias mirrors concerns from other domains
of generative detection, such as AI images misclassifying minority demograph-
ics due to underrepresentation in training data [151]. In music, such biases are

4https://is-this-ai.github.io/visualizations/audio_analysis_
results.html, last accessed Aug. 13, 2025
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harder to quantify because the criteria for “real”music are themselves culturally
and historically contingent [20, 152].

About a month after we submitted our article to TISMIR, IRCAM Amplify an-
nounced that their detector can now detect Boomy.5 A month after that they
announced that their detector can now detect Riffusion.6 And a few days af-
ter, they announced it could detect Sonauto.7 Moreover, platforms like Suno
and Udio release new, improved versions frequently — Suno is currently at ver-
sion v4.58 and Udio is at version Allegro v1.5.9 This rapid-fire updating is the
clearest sign of an escalating technological conflict: an “arms race” between
generative AI systems and the detectors built to catch them.

This arms race is fundamentally asymmetric. Generative model developers,
driven by market competition and user demand, are primarily incentivized to
improve the quality, diversity, and fidelity of their output. Removing the very
technical artifacts that current detectors rely upon is a natural consequence of
this quality improvement. A new version of Suno could remove the upsampling
artifact identified by [3, 48], and an entire class of detectors trained on that ar-
tifact would instantly become obsolete. Detectors are always playing catch-up.
They can only be trained on the outputs of past versions of these systems. Each
new model update from Suno, Udio, or a new competitor like Sonauto, forces
detection efforts to revise or start from scratch: new datamust be collected and
models retrained. This is a slow, reactive, and costly process.

This creates a fragile detection ecosystem. As our tests show [3], even simple
post-processing edits— like downsampling an audio recording— can easily fool
a detector that is looking for specific, dataset-dependent artifacts. A bad actor
needs only a basic digital audio workstation (DAW) to strip away the superfi-
cial identifiers that detection systems depend on, mirroring evasion techniques
seen in voice spoofing detectors [153] and video deepfake detection [154]. This
is especially worrying because humans are not good at detecting AI music ei-
ther. A study by [155] finds listeners only identify AI music 51% of the time —
about as good as guessing.

Efforts to detect AI music confront an immediate ambiguity: what exactly are
we trying to detect? A track might be generated entirely by an AI model, or it
might involve human composition alongside AImastering or arrangement. Hu-

5https://www.ircamamplify.io/blog/ai-music-detector-now-detects-
boomy, last accessed Aug. 25, 2025

6https://www.ircamamplify.io/blog/ai-music-detector-now-detects-
riffusion, last accessed Aug. 25, 2025

7https://www.ircamamplify.io/blog/ai-music-detector-now-detects-
sonauto, last accessed Aug. 25, 2025

8https://suno.com/blog/introducing-v4-5, launchedMay 1, 2025, last accessed
Sept. 2, 2025

9https://help.udio.com/en/articles/10748731-changelog-what-s-new-
with-udio, launched March 18, 2025, last accessed Sept. 2, 2025
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man music often includes AI tools (e.g., auto-tune), while AI music can some-
times feel very human. Overreliance on detection could unfairly suppress hu-
man artists, especially those in styles underrepresented in training data [20].
Finally, some artists use AI to generate stems, lyrics, or chord progressions,
which are later refined or reinterpreted. Others prompt systems like Suno or
Udio to create fully formed tracks with minimal input. Given this spectrum,
drawing a strict line between “AI” and “human” music is inherently reductive
and thus problematic.

4.4 Future Work

The commercial pressure to market AI detectors as a solved problem — illus-
trated by high but context-dependent accuracy claims — obscures these funda-
mental limitations and creates a false sense of security. This is made worse by
a lack of transparency. Proprietary detectors like IRCAM Amplify hinder inde-
pendent verification of them. Open benchmarks and shared datasets (e.g., the
FMA corpus [156]) could accelerate progress while ensuring fairness.

In essence, this reactive cycle is a losing battle. The relentless pace of gener-
ative AI development suggests that a sustainable solution will require moving
beyond technical detection alone, towards systems with built-in transparency,
such as robust watermarking or provenance standards, infused into generated
music audio from the start. The fieldmust prioritize interpretability (to explain
why a track is flagged) and fairness (to avoid penalizing human artists). Only
through collaboration between technologists, ethicists, and musicians can de-
tection serve its purpose: to inform, not control, the future of creativity.
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5 Explanation as Communication

This chapter highlights our findings in [4], defining the problems it addresses
and the framework it proposes, including some experimental examples that,
while informative, did not make it into the final published version. We also
provide a critique of our work, as well as future work.

5.1 Problem description

Within the domain of AI there is a growing need for understanding how AI
systems are operating and making particular decisions. The EU General Data
Protection Regulation (put into effect in 2018) [117] introduces the right of EU
citizens to receive an explanation for decisions made by such algorithmic sys-
tems. The discipline of XAI aims to address this demand by engineering a va-
riety of methods for interrogating such systems and their components. Specif-
ically, XAI aims to make AI systems provide justifications for their output or
procedures in a way that is intelligible to humans [157]. Arrieta et al. [118] and
Langer et al. [124] are two recent surveys of XAI, and give an overview of the
state of the art in the domain and the many challenges that remain.

Much work in XAI can overlook key aspects, such as who the explanation is
crafted for (target audience), and the goal of explanation [128]. What is ulti-
mately desired in an explanation of an AI system is a clear and interpretable
link between its input and output with reference to the environment in which
the system is applied or even built. What constitutes a “good” explanation in
XAI can seem defined more by the intuition of a researcher rather than consid-
erations relevant to evaluating an explanation crafted by a human [55, 56]. A
human might select a subset of the causes for an event as an explanation, but
this can be influenced by their own cognitive biases. Doshi-Velez andKim [120]
appeal to the social nature of explanations to categorize evaluation approaches
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for interpretability, taking into account the target audience as well as the goal
of explanation and how that changes the evaluation of the explanation.

Furthermore, there is a need to consider the social dimensions in which these
systems and such explanations exist, since they are interpreted bypeople. Miller
et al. [55, 56] propose looking at XAI as a whole from the perspective of so-
cial science. They show how, for humans, explanations are contrastive, se-
lected, and social/conversational. Moreover, Been [158] argues that finding
a language to communicate effectively with AI is crucial to bridge the gap be-
tween human understanding and AI capabilities. Dialogue and collaboration
are key to constructing machines aligned with our goals.

While the process of XAI is essentially one of communication – the act of ex-
plaining something is the exchange of knowledge between two people as a social
interaction or conversation –Miller et al. [55, 56] do not explicitly consider the
process of communication. Thus in [4] we ask: Howmight an explicit consider-
ation of communication models in XAI formalize and extend the conception of
the communication process in XAI, and thus motivate ways of identifying and
overcoming miscommunication?

5.2 Highlights of our contributions

In [4] we propose that the methods in XAI are fundamentally an act of com-
munication — a social process where a sender seeks to transfer knowledge or
explain its behaviour to a receiver to achieve a shared understanding. We build
from a taxonomy that combines concepts defined in detailed surveys of XAI
[118–122], which helps us identify the components of the XAI pipeline and
how they can be interpreted in the communication process. This motivates
a particular model of communication showing the importance of establishing
a set of shared knowledge, beliefs, and assumptions of the participants in a
conversation, which is called common ground [52]. When common ground is
absent, explanations may appear convincing while misrepresenting model rea-
soning. Saliency maps, for instance, may highlight spurious correlations [127],
and users may accept misleading explanations aligned with their biases (e.g.,
the “Kiki-Bouba classifier” misattributing musical structure to irrelevant statis-
tics [159]).
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Figure 5.2.1: Our simplified cyclic communicationmodel with the addition of common ground
[52] between sender and receiver. The sender encodes amessage and sends it to the receiver,
who then decodes it and interprets it. The receiver then provides feedback on their processing
of the message in order to update the common ground.

Thus, we cast XAI in the framework of a communication model. We propose
a simplified cyclical model, illustrated in Figure 5.2.1, which explicitly includes
feedback and common ground. The steps of our simplified cyclic communi-
cation process between an AI system (sender) and a human (receiver) are the
following:

1. The AI system encodes an explanation of its behaviour through XAI
methods: local approximations (e.g., LIME [125]), visualizations (e.g.,
saliency maps [160]), or others detailed in Section 2.4.

2. The receiver interprets (decodes) that explanation.

3. The receiver encodes their version of the explanation (based on their
interpretation) and then checks if the AI system’s behaviour fits that al-
ternative description, using positive evidence of understanding as feed-
back.

Building on the definition of XAI as a human-agent interaction problem by
Miller [56], we use this model to describe the XAI process. Through this, we
find that what is largely missing from XAI research is the need to formally con-
sidermiscommunication. Thismotivates developing amechanism for feedback
in order to detectmiscommunication and to establish a commonground.

Wenowdemonstrate our framework using several practical examples that high-
light the encoding, decoding, and feedback process.

Example I: Kiki-Bouba challenge

As away of demonstration of the processwe consider first the “Kiki-BoubaChal-
lenge” (KBC). Sturm et al. [159]make use of algorithmicmusic composition for
generating music audio belonging to either one of two categories, named Kiki
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tempo ocorr_mean ocorr_var F0_mean F0_var RMS_mean RMS_var noise_mean noise_var ZC_mean ZC_var
0.42 0.10 0.00 0.06 0.00 0.03 0.00 0.04 0.01 329.75 44101.20

Prediction
0.02

Figure 5.2.2: Explanation of an instance being predicted as Kiki. The most important feature
here is the onset autocorrelation mean across the frames of the instance (ocorr_mean). The
second most important feature is the spectral flatness mean (noise_mean).

and Bouba. These two categories are well-differentiated with respect to some
high- and low-level musical properties.

Our explainability goal for this classifier is confidence. Our initial hypothesis
is that the model uses high-level (content) criteria for classification. An expla-
nation that reinforces this hypothesis would boost our confidence in the model,
while one showing reliance on low-level features would decrease it. The target
audience is the model’s developers, so the explanation must be technically in-
terpretable. We incorporate a feedback loop to assess both the quality of the
encoding “does the explanation match the model’s behaviour?” and the decod-
ing “was our interpretation correct?”. Weuse theKBC’s “unacceptable solution”
[159] as our black-box model. This model was deemed unacceptable precisely
because it relies on low-level, musically irrelevant features, despite achieving a
perfect classification score.

Taking into account the target audience (developers) and the explainability goal
(confidence) we devise a way of encoding an explanation. We build a new sim-
plifiedmodel, a linear regression tree, and optimize it to replicate the black-box
model’s predictions. We compute a set of low-level (e.g., onset autocorrelation,
spectral flatness) and mid-level (e.g., tempo) audio features from the music
samples. The tree is optimized to approximate the black-box model’s contin-
uous output, which ranges from 0.00 (Kiki) to 1.00 (Bouba). We then visualize
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the tree and interpret it as a way of decoding the message. In Figure 5.2.2 we
can see how an explanation of an instance being predicted as Kiki looks like.
The decoding of the message is that the features at the highest nodes are the
most discriminative. For an instance predicted as Kiki, the explanation indi-
cates that the mean onset autocorrelation and mean spectral flatness are the
most important features influencing the decision.

We test the encoding by verifying that the simple model’s accuracy matches
the black-box model’s (which it does). We then test the decoding by synthe-
sizing new audio samples that manipulate the top features identified by the
explanation (e.g., altering the onset autocorrelation via time-stretching). If
our interpretation is correct, these manipulations should change the black-box
model’s predictions. However, we find that while the simple model’s predic-
tions change, the black-box model’s output remains unchanged, it still clas-
sifies the time-stretched audio as Kiki. This feedback provides decisive evi-
dence that the explanation, while technically accurate in theway it was encoded,
does not correctly represent the black-box model’s true decision-making be-
haviour.

The experiment reveals several critical shortcomings in the explanation pro-
cess. The explanation derived from the simplified model incorrectly identi-
fies mid-level features as primary decision factors, while the black-box model’s
true decision logic relies heavily on low-level features such as zero crossings.
The feedback loop provides decisive evidence that naively trusting an expla-
nation’s surface-level features can lead to incorrect conclusions about model
behaviour.

Example II: Tempo estimation using LIME (naive approach)

We now “blindly” apply LIME [49] to librosa’s [161] tempo estimation algo-
rithm, treating it as a black-box model. To encode a message, we use the expla-
nation proposed in SLIME [162], a version of LIME used for audio signals. We
apply a STFT to an audio signal and then treat this time-frequency representa-
tion as an image to partition it into regions to be perturbed, otherwise called
super-pixels [49]. This partition is done using k-means clustering segmenta-
tion (naive approach). To perturb the signals, we either keep the super-pixels
the same (activated) or we replace them by the minimum value of the original
STFT (deactivated). We use a least squares linear regression model as the in-
terpretablemodel and take the top-4 coefficients of the linear regressionmodel
to generate the explanation, meaning that the four super-pixels associated to
those coefficients will be active while the rest will be attenuated. In Figure 5.2.3
we can see the STFT magnitude plot of the top-4 coefficients reconstructed sig-
nal, with its detected onsets. The original audio signal for this experiment is
a clip of the well-known “Dance of the Sugar Plum Fairy” from the ballet “The
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Figure 5.2.3: Comparison of the detected onsets of the original signal and the top signal with
the top 4 super-pixels active (and the rest attenuated). The original signal had a tempo of
107.67 BPM, while the top signal has a tempo of 123.05 BPM.
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Nutcracker” by Tchaikovsky, provided by librosa.1 The tempo is estimated
using the same library, by first calculating the signal’s onset strength and later
estimating the tempo in BPM. The interpretation of this explanation would be
that in order to estimate a tempo of 107.97 BPM, the model looks mostly at
frequencies above 2048𝐻𝑧.
Looking at the explanation it is clear that the encoding was not adequate. The
resulting explanation does not highlight any interpretable aspects of the spec-
trogram that gives us insight about anything related to tempo. The estimated
tempoof the synthetic signalwith only themost important super-pixels active is
123.05BPM, proving that themodel does not agreewith the explanation. Conse-
quently, this encoding error made an accurate decoding by the human receiver
impossible.

This experiment shows how a well-studied algorithm such as SLIME [162] can-
not be used naively. There are many aspects of it that have to be taken into ac-
count: the type of the proxymodel used (linearmodels, decision trees, or falling
rule lists), the number of segments (or super-pixels) to use, image segmenta-
tion technique (how to shape the super-pixels), the number of perturbations
to generate, the kernel width (to measure distances between perturbations and
original), number of top features to use for each explanation. It is also difficult
to extract general explanations of the model’s behaviour from local explana-
tions. These challenges have also been identified in later work by Mishra et al.
[163].

Example III: Health Diagnostics

This example illustrates XAI as a communication process in the context of AI-
driven treatment recommendations for diabetic patients. WhileAI holds promise
in healthcare, especially in diagnostics and decision support, recent studies
highlight significant challenges. Ullah et al. [164] point to issues such as model
opacity and limited clinical understanding, often due to a lack of shared con-
text. Goh et al. [165] emphasize that diagnostic performance is sensitive to
how clinicians interact with and interpret AI prompts, reinforcing the need for
clear communication and trust-building mechanisms.

Consider an AI system recommending a treatment plan based on factors like
blood glucose levels, BMI, and patient history. It reports that elevated blood
glucose is the primary reason for increasing insulin dosage. We map this inter-
action onto our communication model (Figure 5.2.1):

1. Encoding: The AI system explains, e.g., “Due to elevated blood glucose
levels, insulin dosage is increased by X units,” possibly supported by
feature relevance indicators.

1https://librosa.org/data/audio/Kevin_MacLeod_-_P_I_Tchaikovsky_
Dance_of_the_Sugar_Plum_Fairy.ogg, last accessed Aug. 13, 2025
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2. Decoding: The clinician interprets this as a causal link — high glucose
leads to a dosage increase — and expects changes in glucose to affect
the recommendation.

3. Feedback: The clinician tests this by modifying glucose values in the
system’s input. If the AI responds as expected, the explanation is vali-
dated; if not, it indicates miscommunication or a flawed explanation.

Feedback mechanisms like this can help clinicians verify their understanding
of AI outputs, directly addressing concerns raised by Ullah et al. [164] and
Goh et al. [165], and supporting clearer, more trustworthy AI-human collabo-
ration.

5.3 Critique of our contribution

Our work in [4] frames XAI through the lens of established communication
models, emphasizing the cyclical nature of explanation and the critical role
of common ground and feedback. This perspective helps to formalize and ex-
tend the conception of the communication process in XAI, moving beyond one-
way explanation and emphasizing the undesired outcome of miscommunica-
tion. However, applying human communication models to human-agent inter-
action presents inherent challenges. In the context of XAI, the sender (model
explaining its behaviour) has no intention of being understood. Therefore, the
interpretation of the explanation is highly influenced by the receiver’s expec-
tations on what the explanation should contain, as well as their knowledge on
the model’s mechanics. Furthermore, the ways a machine “conceptualises” a
problem fundamentally differs to how humans do [158]. Another aspect of
AI systems is that they are designed and optimized to solve a specific task,
which mostly does not involve explainability. Therefore the system lacks in-
tention towards being understood, which can result in the receiver projecting
their own intention into the conversation, influenced by their own cognitive
biases.

Our practical examples, while illustrative, also highlight the limitations and
difficulties in implementing this framework. As shown in the Kiki-Bouba and
LIME examples, XAI techniques can produce explanations that are misaligned
with the model’s true behaviour, and designing an effective feedback loop is
non-trivial. The health diagnostics example points towards a promising direc-
tion but remains a conceptual model that requires empirical validation in real-
world settings.

A problem with the aforementioned models of communication is the limited
analysis ofmiscommunication they provide [166]. ShannonandWeaver’smodel
[167], being one of themost referenced, only captures the communication prob-
lem ofmishearing due to factors like background noise. However, this does not
consider communication problems arising from differences in interpretation
during conversation. Our model attempts to address this through feedback,
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but fully capturing the nuances of miscommunication in XAI remains a com-
plex challenge.

5.4 Future work

If we want to provide explanations on how an AI system works to people, we
need to understand how people will unpack the explanation before attempting
to craft one. There are a lot of resources that we can employ from research in
social sciences on how explaining something works between humans, as done
by Miller [56]. One evident problem with current XAI approaches is how they
constrict what constitutes a “good” explanation to the researchers’ intuition,
without taking into account who is demanding an explanation and whether the
explanation was misunderstood.

By looking at communication models we identify that when humans want to
communicate they rely on grounding, constantly providing positive (or neg-
ative) evidence of understanding. This suggests XAI frameworks should im-
plement iterative feedback mechanisms where explanations can be validated
through controlled experiments, similar to the feedback loops demonstrated
in the practical examples. Without this, explanations risk becoming misinter-
preted by the receiver of the explanation. Future work should focus on devel-
oping and rigorously testing these feedback mechanisms. Researchers should
focus on formalizing methods for users to provide positive evidence of under-
standing [168] within XAI interfaces. Another key area is exploring how to
build and update a common ground between the AI system and the human user
over the course of an interaction. Furthermore, it is necessary to conduct user
studies to evaluate whether a cyclical communicationmodel leads tomore accu-
rate user understanding of AI systems compared to one-way explanation meth-
ods. Another important direction involves investigating how to tailor the com-
munication process and the form of feedback to different target audiences (e.g.,
developers vs. end-users) and different explainability goals (e.g., trust, causal-
ity, confidence). Ultimately, addressing the challenge of miscommunication is
essential for developing XAI methods that are truly effective, trustworthy, and
aligned with human understanding.

65





Concluding Remarks

67





6 Concluding Remarks

The rapid proliferation of AI-generated music — from Suno and Udio enabling
millions of users to create songs with a single prompt, to Deezer reporting that
28% of daily uploads are now AI-generated [17] — has arguably begun to trans-
form the creative landscape. Yet as this technology scales, it exposes profound
tensions: between accessibility anddeskilling, between innovation and exploita-
tion, between technical capability and ethical concerns. By focusing on the in-
terconnected problems of evaluation, detection, and explanation, this thesis
provides a multi-faceted foundation for critically engaging with music created
by AI.

The first research question of this thesis (Chapter 3) examines how to com-
pare music collections with item-level traceability. A distance-based statisti-
cal framework shows that domain-independent methods can distinguish col-
lections, identify outliers, and highlight typical items. Yet, cases like “The Jolly
Joker” and others reveal that statistical similarity does not equal musical simi-
larity, exposing the gap between computational metrics and musicological un-
derstanding. The second question (Chapter 3) exploresmelodic representation
with basis functions, focusing on the Discrete Cosine Transform. While co-
sine contours are an efficient representation for short melodic segments and
features like “undulatingness” in Irish traditional music, their effectiveness de-
clines with longer excerpts. This highlights unresolved trade-offs between effi-
ciency, interpretability, and fidelity. The third question (Chapter 4) addresses
detecting AI-generatedmusic across platforms. Detectionmodels performwell
on the surface but fail with cross-platform tests or simple audio transforma-
tions. These weaknesses are further exacerbated by an arms race dynamic,
where detection hinges on technical artifacts rather thanmusical content, mak-
ing currentmethods fragile and unsustainable. The fourth question (Chapter 5)
reframes explainability in AI as a communication problem. Current XAI meth-
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ods often mislead without shared context. A communication model emphasiz-
ing feedback loops and common ground offers a framework for more effective,
situated explanation systems.

The development of the work in this thesis, particularly the legal and ethical
challenges encountered in building a dataset for AI music detection research,
underscores a broader,more urgent crisis inAI research. We stand at a precipice
where the most popular AI systems are developed by a handful of private com-
panies behind closed doors. The “terms of service” of such platforms conflict
with the objectives of academic research, their rapid version updates make de-
tectors obsolete, and their narratives of “democratization” often obscure the re-
alities of deskilling, cultural homogenization, and the exploitation of training
data.

Academic research cannot compete with large technology companies on scale,
data, or computational resources. Nor should this be its primary objective. The
unique value and imperative of academia lie elsewhere: in serving as a criti-
cal counterweight. The role of public-interest scholarship is not necessarily to
build the most powerful model, but to develop the necessary checks and bal-
ances. This entails moving beyond mere performance metrics (e.g., higher ac-
curacy, better fidelity) towards rich, multi-faceted evaluation that assesses cul-
tural bias, stylistic diversity, economic impact, and ecological validity. It calls
for the development of “artificial critics” capable of meaningful musicological
analysis. Moreover, the struggle to collect and study data from commercial
platforms is not a peripheral issue; it is a central research challenge. There
is a pressing need to defend legal rights for text and data mining for academic
research within the EU and fair use elsewhere. Ceding control of research ac-
cess to corporate gatekeepers would be detrimental to open science and public-
interest scholarship. Therefore, technical research must be coupled with criti-
cal analysis. Music informatics and AI research would benefit from deeper en-
gagement with ethics, law, media studies, and musicology to fully understand
the societal impact of the systems we build and study [18].

The rise of AI-generated music is not merely a technical shift; it is a cultural
and economic event. This thesis shows how research practices can adapt ac-
cordingly. There is a fundamental responsibility for academia to foster research
that asks the uncomfortable questions, probes the failures, documents the bi-
ases, and builds frameworks for accountability. While academic institutions
may not be able to out-train the large models built by big tech companies, they
are uniquely positioned to critically assess them—to help ensure that the future
of music, and of AI, remains diverse, equitable, and profoundly human. This
is not a niche concern; it is a central challenge for scholarship in the 21st cen-
tury.
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