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Abstract

Music Information Retrieval (MIR) aims to develop automated systems to anal-
yse, categorise, and recommend music. Multimodal learning plays an important
but challenging role in MIR. Compared to more common multimodal settings
such as speech transcription or image captioning, aligning audio with textual
descriptions of music is particularly difficult because many musical concepts are
abstract, culturally grounded, and not directly observable in the signal.

Several approaches have explored incorporating textual information into
MIR systems, leveraging lyrics, editorial metadata, or specialised audio-text
corpora. However, these approaches exhibit a common trade-off between the
semantic richness of the textual source and its availability and reproducibility,
often due to coverage limitations or copyright restrictions.

In this thesis, we investigate artist biographies as an alternative source of
textual supervision. We show that artist biographies provide a scalable and re-
producible source of high-level semantic information. To this end, we construct
two corpora: one derived from web-scraped, community-authored content, and
one generated using a large language model. Both are made available for reuse,
with a documented reconstruction procedure for the web-scraped text, whose
licensing prevents direct redistribution. We further introduce a unified evalu-
ation framework that enables controlled comparisons of representations across
multiple semantic MIR tasks and allows us to assess the contributions of textual,
audio, and multimodal inputs, both in isolation and in combination.

Experimental results show that incorporating artist biographies improves
performance across most evaluated tasks. Relative to audio-only baselines,
multimodal representations yield improvements of up to +38% in genre clas-
sification, +28% in emotion recognition, and +14% in music tagging, although
one smaller dataset remains inconclusive due to limited training data. Addi-
tionally, we provide initial evidence that models can internalise the semantic
information in biographies through generative pretraining, leading to improved
performance even when textual inputs are unavailable at inference time.

These findings establish artist biographies as an effective, scalable, and re-
producible source of semantic supervision for multimodal MIR and highlight
the broader potential of structured textual knowledge for enhancing music rep-
resentation learning.



Chapter 1

Introduction

Music Information Retrieval (MIR) is the field concerned with extracting, organ-
ising, and analysing information from music data. It encompasses a wide range
of tasks that enable machines to understand and interact with music, including
genre classification, emotion recognition, music tagging, similarity estimation,
and music recommendation.

At its core, MIR seeks to bridge the gap between low-level audio signals and
high-level semantic concepts used to describe music. While audio encodes acous-
tic properties such as timbre, rhythm, and harmony, many MIR tasks involve
abstract and culturally grounded notions such as genre, mood, or style. These
concepts are often subjective and context-dependent, making them difficult to
infer directly from audio alone.

MIR systems play a central role in modern music applications, from stream-
ing platforms and search engines to recommendation systems. Automatic tag-
ging and classification enable large-scale organisation of music catalogues, sim-
ilarity modelling supports playlist generation, and emotion recognition drives
mood-based listening experiences. Figure 1.1 illustrates one such application:
MoodAgent, a music streaming platform that generates playlists based on emo-
tional dimensions such as sensual, tender, happy, or angry. As digital music
collections continue to grow, the ability to automatically extract meaningful
representations of music becomes increasingly important.

1.1 Background and motivation

In recent years, MIR has advanced substantially, driven by the availability of
larger datasets, improved neural audio encoders [39], and the adoption of self-
supervised pretraining approaches for music audio [29]. Alongside these develop-
ments, multimodal learning has emerged as a promising approach to modelling
high-level semantic attributes of music by integrating audio representations with
textual information [35]. Similar approaches have progressed rapidly in neigh-
bouring fields such as vision and natural language processing, where models
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Figure 1.1: Screenshots of the MoodAgent music streaming application, illus-
trating mood-based playlist generation. The left panel shows a selection of
mood categories (Sensual, Tender, Happy, Angry); the right panel shows a gen-
erated playlist with adjustable mood sliders. Such applications depend on MIR
systems that can reliably associate audio content with semantic attributes like
mood and emotion.

learn joint representations that link sensory signals to natural language descrip-
tions. These developments have motivated increasing interest in integrating
acoustic and textual information within MIR systems.

However, learning meaningful audio-text associations in music presents chal-
lenges that differ from those encountered in adjacent domains. In vision, text
often describes directly observable entities such as objects, scenes, or actions,
while in speech processing, text corresponds to transcribed linguistic content.
In contrast, many of the concepts used to describe music (such as genre, mood,
style, and descriptive tags) are culturally constructed and shaped by discourse
surrounding artists and musical communities. These concepts are therefore
not always deterministically recoverable from acoustic signals alone. As a re-
sult, audio-only models can struggle to capture high-level semantic attributes
of music, particularly when supervision is sparse, labels are noisy, or stylistic
categories overlap acoustically.

Existing approaches that incorporate textual information in MIR rely mainly
on lyrics and on curated metadata or platform-derived annotations. Lyrics pro-
vide track-level language but are frequently unavailable for instrumental record-
ings and difficult to redistribute due to copyright restrictions. Metadata and
platform annotations are often proprietary, task-specific, or not reproducible
at scale. The field therefore lacks high-coverage, publicly available textual re-
sources that can be systematically used for multimodal music representation
learning.

To address these limitations, this thesis investigates artist biographies as an
alternative source of semantic context for multimodal MIR. We first clarify the
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key terms used throughout. A track is a single recorded piece of music, rep-
resented by an audio waveform and optionally accompanied by metadata such
as title and artist name. An artist is the performing entity associated with
one or more tracks and constitutes the organisational level at which biogra-
phies are defined. An artist biography, in the context of this thesis, is a short
natural-language text that describes an artist’s background, typically encod-
ing information about musical style, genre, influences, geographic origin, career
trajectory, and cultural context. Figure 1.2 illustrates a concrete example.

We also use the term representation in a specific sense that is central to this
thesis. A music representation is not a learned embedding but the concrete in-
put constructed for a music item and presented to the model: the transformation
of the raw data (an audio waveform together with associated metadata) into the
signal the model consumes, such as a mel-spectrogram derived from the audio
or a textual description templated from metadata and artist biographies. A
single track can therefore be rendered into several different representations, and
the same music item can be encoded through different representation strate-
gies: audio alone, a metadata-derived text, or that text further augmented
with a biography. This raw-data-to-input transformation is the object of study
throughout. Because the downstream model and training protocol are held
fixed, differences in performance can be attributed to the representation itself
rather than to model capacity, which is what makes the representation, rather
than the encoder, the quantity worth naming and comparing. Chapter 3 for-
malises this notion and sets out the controlled protocol used to evaluate the
quality of a representation.

Throughout this work, we use the term textual knowledge to refer broadly
to any natural-language source that provides semantic information about a mu-
sic item or its associated artist, such as lyrics, editorial metadata, community-
authored descriptions, or biographies. Within this category we distinguish struc-
tured from unstructured textual knowledge. The distinction is not one of format,
since both are written in free-flowing natural language and neither follows a for-
mal schema or fixed field layout. It is one of predictability of content: whether
the text can be expected to encode a recurring set of semantic categories across
most items.

Text is structured in this sense when it consistently encodes recognisable
categories of information, such as genre, geographic origin, artistic influences,
and career history, so that for a given artist one can reasonably anticipate which
kinds of attributes will be present. Artist biographies are the primary example:
they vary in style and length, but reliably convey these recurring attributes,
which is what makes them usable as a systematic source of supervision. Un-
structured textual knowledge, such as social-media posts, forum discussions,
promotional taglines, or user comments, may mention an artist or track with-
out dependably encoding any of these categories, and its informativeness varies
unpredictably from one item to the next. The boundary is a matter of degree
rather than a hard line, and biographies sit firmly on the structured side of it.

Artist biographies encode relatively stable information about musical style,
influences, geography, and artistic identity, offering contextual signals that com-
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“Marshall Bruce Mathers III (born October 17, 1972), known pro-
fessionally as Eminem (often stylised as EMINHM ), is an American
rapper, songwriter, record producer, record executive, film producer,
and actor. He is consistently cited as one of the greatest and most
influential rappers of all time and has been labelled the “King of
Hip Hop. In addition to his solo career, Eminem was a member
of the hip hop group D12. He is also known for his collaborations
with fellow Detroit-based rapper Royce da 5°9”; the two are collec-
tively known as Bad Meets Evil. After his debut album “Infinite”
(1996) and the extended play “Slim Shady EP” (1997), Eminem
signed with Dr. Dre’s Aftermath Entertainment and subsequently
achieved mainstream popularity in 1999 with “The Slim Shady LP”,
which earned him his first Grammy Award for Best Rap Album.”

Figure 1.2: Example of an artist biography for Eminem, sourced from
Wikipedia via the KILT benchmark [38]. In a single paragraph, it encodes
geographic origin (American), genre (rapper, hip-hop), cultural impact (one of
the greatest and most influential rappers of all time), career history (signed with
Dr. Dre’s Aftermath Entertainment), and collaborative context (member of the
hip hop group D12). These are the kinds of structured semantic cues that this
thesis argues can complement acoustic representations.

plement acoustic representations. Importantly, such biographies can be collected
or generated in a reproducible manner, enabling systematic experimentation at
scale.

This thesis, therefore, explores whether artist-level textual knowledge can
improve music representation learning. It constructs and evaluates two col-
lections of artist biographies, analyses their reliability and coverage, and in-
vestigates their usefulness across several semantic MIR tasks, including genre
classification, emotion recognition, and music tagging. In addition, the the-
sis examines whether models can incorporate information from biographies in
two complementary ways: through explicit multimodal augmentation during
inference and through generative pretraining that encourages audio models to
internalise contextual textual knowledge.

1.2 Problem statement and research objectives

Multimodal learning in Music Information Retrieval (MIR) offers a promising
approach to modelling not only the acoustic characteristics of music but also
the semantic and contextual dimensions that shape how music is described,
categorised, and interpreted. Many MIR tasks, among them genre classification,
emotion recognition, and music tagging, reflect culturally grounded and stylistic
concepts that are not always recoverable from audio signals alone. Incorporating
textual information can therefore provide complementary semantic cues.
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However, the development of multimodal MIR systems is constrained by
the limited availability of high-coverage, reproducible textual resources. Exist-
ing approaches typically rely on lyrics, expert-curated metadata, or proprietary
platform annotations. Lyrics are frequently unavailable for instrumental tracks
and are subject to copyright restrictions. Expert-created corpora require sub-
stantial manual effort and are often task-specific or inaccessible for redistribu-
tion. What is missing, then, is scalable and publicly available textual supervision
whose impact on music representation learning can be systematically evaluated.

Furthermore, despite growing interest in multimodal architectures, there
remains a limited understanding of how structured textual knowledge influences
learned representations across different MIR tasks under controlled experimental
conditions. This gap motivates the need for both accessible textual resources
and rigorous evaluation protocols.

1.2.1 Thesis statement

This thesis demonstrates that structured artist-level biographies provide an ef-
fective and reproducible source of semantic supervision for music representation
learning. It shows that integrating biography-derived textual knowledge with
audio representations improves performance across genre classification, emotion
recognition, and music tagging, with relative gains of up to +38%, +28%, and
+14%, respectively, over audio-only baselines across six benchmark datasets.
While results on one smaller dataset remain inconclusive, the findings are oth-
erwise consistent. Separately, ablation experiments that mask explicit genre
mentions in the biographies show that the genre gains are not reducible to label
leakage. Furthermore, the thesis provides evidence that generative pretrain-
ing on artist biographies enables models to internalise contextual knowledge,
improving downstream performance even when textual input is unavailable at
inference time.

1.2.2 Research questions

Answering questions about the value of a representation requires controlled
experimental conditions: a framework in which representations can be compared
while the downstream model and training protocol are held fixed. Establishing
such a framework is itself a methodological contribution of this thesis rather
than an open empirical question: it is the instrument that makes the questions
below answerable, and it is developed in Chapter 3. The thesis is organised
around three research questions, each paired with an explicit hypothesis:

RQ1 (Resource). Can artist biographies be constructed at scale to yield high-
coverage, reliable, and reproducible textual knowledge for music cata-
logues? We hypothesise that, unlike lyrics or curated metadata, artist-
level information is abundant enough online to be aggregated through web
scraping and synthesised with large language models, producing corpora
that cover the majority of artists in standard MIR datasets.
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RQ2 (Multimodal effect). When artist biographies are fused with audio in
a multimodal model at inference time, do they improve performance on
semantic MIR tasks relative to audio-only baselines, and how does their
contribution compare with that of existing textual sources such as meta-
data and lyrics? We hypothesise that biographies provide complemen-
tary semantic context that improves performance, with the largest gains
on tasks that depend on stylistic and cultural attributes rather than on
purely acoustic ones.

RQ3 (Internalisation). Can the contextual knowledge contained in artist bi-
ographies be internalised by an audio model through generative pretrain-
ing, such that it improves downstream performance even when no text is
available at inference time? We hypothesise that biography-driven pre-
training yields improvements over direct fine-tuning, but that these gains
are smaller than those obtained through explicit multimodal augmenta-
tion, because internalisation requires the model to compress contextual
knowledge into its parameters rather than accessing it directly.

The three questions are distinct in kind. RQ1 concerns the resource itself:
whether reliable biography corpora can be built at all, independent of any down-
stream use. RQ2 concerns the utility of that resource when it is supplied to a
model at inference time. RQ3 concerns whether the same knowledge can instead
be internalised during training, so that no text is needed at inference. Together
they trace a single line of inquiry from constructing the resource, to using it
explicitly, to absorbing it implicitly.

1.3 Challenges in augmenting music representa-
tions with external text

Augmenting music representations with textual knowledge poses challenges in
aligning textual information with musical content. While text provides valu-
able semantic context that may complement acoustic representations, the re-
lationship between textual discourse and musical signals is indirect and often
uneven. In practice, integrating textual knowledge into Music Information Re-
trieval (MIR) systems requires addressing issues of coverage, reliability, and
representational granularity. These three challenges map directly onto the re-
search questions above: coverage and reliability determine whether a usable
resource can be built at all, and therefore frame RQ1, while the granularity mis-
match shapes how effectively that resource can be exploited once built, whether
through explicit fusion at inference (RQ2) or through internalisation during
pretraining (RQ3).

1.3.1 Coverage of textual knowledge

A first challenge concerns the availability of textual information associated with
music recordings. Many textual resources used in multimodal MIR, such as
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lyrics or curated metadata, suffer from incomplete coverage. Lyrics are unavail-
able for instrumental recordings and are often subject to copyright restrictions,
limiting their accessibility for reproducible research. Encyclopedic resources
such as Wikipedia provide detailed information on well-known artists but of-
ten underrepresent emerging or independent musicians. Similarly, community-
authored content may cover niche musical scenes while remaining sparse or
inconsistent across broader catalogues.

As a result, the presence of textual information varies significantly across
datasets and artists. When textual augmentation is used to enrich music rep-
resentations, this uneven availability introduces the risk that performance dif-
ferences reflect the presence or absence of text rather than the intrinsic useful-
ness of the representation itself. Coverage is thus a design consideration in its
own right when building and evaluating knowledge-augmented music represen-
tations. This challenge motivates RQ1 directly: a usable biography corpus must
not only exist but achieve demonstrably high coverage across the datasets on
which representations are evaluated.

1.3.2 Reliability and consistency of textual knowledge

Beyond coverage, textual resources vary widely in terms of reliability and consis-
tency. Artist descriptions may originate from heterogeneous sources, including
encyclopedic entries, promotional biographies, community-written profiles, or
automatically generated text. These sources differ substantially in style, struc-
ture, and factual accuracy. Some descriptions emphasise stylistic narratives
or marketing language rather than verifiable information, while automatically
generated content may introduce incorrect or hallucinated facts.

This variability makes it difficult to assume that textual resources consis-
tently provide reliable representations of musical context. When textual infor-
mation is used as an input to representation learning, inaccuracies or inconsis-
tencies in the underlying text may propagate into the learned representations.
Assessing the quality and reliability of textual knowledge is therefore integral to
constructing corpora intended to augment music representations. This concern
forms the second half of RQ1: a biography corpus must be judged not only on
how broadly it covers a catalogue but on how reliably its content reflects verifi-
able artist information, a property that Chapter 4 evaluates explicitly through
a Wikidata-grounded protocol.

1.3.3 Granularity mismatch between textual and musical
representations

A further challenge arises from differences in the level of abstraction at which
textual and musical information are described. Audio representations typically
operate at the level of individual recordings, capturing acoustic properties spe-
cific to a particular track. In contrast, many textual descriptions of music
operate at broader levels of abstraction. Artist biographies, for example, often
describe stylistic influences, career trajectories, and cultural context associated
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with a musician rather than the properties of a specific recording. Other ap-
proaches have explored textual resources, such as album reviews, which describe
music at the level of an album rather than individual tracks or artists [35].

This difference introduces a granularity mismatch between textual and acous-
tic representations. Artist-level descriptions may provide stable contextual in-
formation about stylistic tendencies or musical identity, but they may also over-
look variation between individual tracks. More broadly, textual discourse about
music frequently reflects cultural interpretation and categorisation rather than
direct descriptions of acoustic structure. Aligning such contextual information
with track-level audio representations, therefore, requires careful consideration
of how textual knowledge is incorporated into music representation learning.
This challenge underlies RQ2 and RQ3, which examine two contrasting ways
of bridging the granularity gap: supplying artist-level text alongside track-level
audio through explicit multimodal fusion at inference (RQ2), and encouraging
the model to internalise that contextual knowledge during pretraining so that
it informs track-level predictions without text at inference (RQ3).

1.4 Experimental approach

To investigate these challenges and evaluate the potential of artist biographies
as a source of semantic supervision, this thesis adopts a structured experimen-
tal methodology designed to isolate the impact of textual knowledge on music
representation learning.

First, a controlled evaluation framework is established to assess music rep-
resentations across multiple semantic MIR tasks. Within this framework, the
model architecture and evaluation protocol are held constant to isolate the con-
tribution of the representation itself. This design enables systematic comparison
of different representation strategies (audio, textual, and multimodal) while lim-
iting confounding factors introduced by architectural variation. The evaluation
pipeline spans three tasks commonly used to probe semantic understanding in
MIR: genre classification, emotion recognition, and music tagging, providing
complementary perspectives on the semantic information captured by a repre-
sentation.

Second, the thesis constructs two complementary corpora of artist biogra-
phies designed to provide broad coverage while remaining reproducible and,
within the limits of the underlying content licences, openly accessible. These cor-
pora are derived from community-authored sources and large language model-
generated text, allowing the study to balance coverage and stylistic consistency.
Their properties are analysed with respect to coverage and factual reliability to
assess their suitability as sources of textual supervision for music representation
learning.

Third, the impact of textual augmentation is evaluated by comparing audio-
only, textual, and multimodal representations within the proposed evaluation
framework. These experiments examine whether artist biographies provide se-
mantic information that complements acoustic representations and whether such
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information can be leveraged by multimodal models to improve performance on
downstream MIR tasks.

Finally, the thesis investigates whether contextual textual knowledge can
be internalised within an audio model through generative pretraining. Instead
of providing textual information at inference time, an audio-text model is pre-
trained to reconstruct textual representations from audio. This approach allows
the model to learn contextual associations between acoustic patterns and struc-
tured textual knowledge during training, enabling the study of whether such
knowledge can influence downstream performance even when textual input is
unavailable.

1.5 Contributions and key findings

This thesis investigates how structured textual knowledge can enhance music
representation learning for semantic Music Information Retrieval tasks. Through
a combination of controlled evaluation, corpus construction, multimodal exper-
imentation, and generative pretraining, the work examines both the practical
and methodological implications of incorporating artist-level textual informa-
tion into MIR systems. The main contributions of this thesis are as follows:

e A controlled evaluation framework for music representation learn
ing. The thesis establishes a unified evaluation pipeline designed to isolate
the effect of representation choice on downstream MIR tasks. By fixing
model architectures, dataset splits, and evaluation protocols across ex-
periments, the framework enables systematic comparison of audio-only,
textual, and multimodal representations across genre classification, emo-
tion recognition, and music tagging tasks.

e Two reproducible corpora of artist biographies for multimodal
MIR research. To address limitations in the availability of textual re-
sources, the thesis introduces two complementary collections of artist bi-
ographies derived from community-authored sources and large language
model-generated text. These corpora provide high coverage across multi-
ple MIR datasets while remaining fully reproducible. Their properties are
analysed with respect to coverage and factual reliability using a Wikidata-
grounded evaluation protocol.

e A systematic comparison of audio, textual, and multimodal mu-
sic representations. Using the proposed evaluation framework, the
thesis demonstrates that incorporating artist biographies improves per-
formance across several MIR tasks when combined with audio representa-
tions. The experiments show that artist-level textual information provides
complementary semantic cues that can enhance models’ ability to capture
stylistic and contextual attributes of music.

e Initial evidence that contextual textual knowledge can be inter-
nalised through generative pretraining. Beyond explicit multimodal
fusion, the thesis explores whether artist-level textual knowledge can shape
audio representations during training. By pretraining an audio-text model
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to reconstruct biography-based textual representations from audio, the
study provides initial evidence that contextual knowledge can be inter-
nalised and improve downstream performance even when textual inputs
are unavailable at inference time.

1.6 Thesis outline

The remainder of this thesis is organised as follows.

Chapter 2 reviews related work in Music Information Retrieval and mul-
timodal learning. It surveys approaches to audio-based music representation
learning and prior work that incorporates textual information, including lyrics,
metadata, and other forms of contextual knowledge. This chapter situates the
thesis within the broader landscape of multimodal MIR research and highlights
the limitations of existing textual resources.

Chapter 3 introduces the evaluation framework used throughout the the-
sis. It formalises the concept of music representations and presents a controlled
experimental pipeline for assessing the quality of representations across multi-
ple semantic MIR tasks. The chapter defines the selected tasks, datasets, and
evaluation metrics, establishing a unified benchmark for the experiments that
follow.

Chapter 4 presents the construction of two corpora of artist biographies
designed to provide high coverage while remaining reproducible. The chapter
describes the data collection and generation processes, analyses the properties
of the resulting corpora, and evaluates their factual reliability using a Wikidata-
grounded question answering framework. The presented corpora are designed to
be reproducible and are made available to support future research on multimodal
music representation learning, with a documented reconstruction procedure for
the web-scraped text, whose licensing prevents direct redistribution.

Chapter 5 investigates the impact of textual augmentation on music repre-
sentation learning. Audio, textual, and multimodal representations are system-
atically compared across the tasks of genre classification, emotion recognition,
and music tagging. The experiments analyse the complementary contributions
of acoustic and textual information and examine how different textual sources
influence model performance.

Chapter 6 explores whether contextual textual knowledge can be inter-
nalised through generative pretraining. An audio-text model is pretrained to
reconstruct artist-level textual representations from audio and subsequently fine-
tuned on downstream tasks. The chapter evaluates whether such biography-
driven supervision improves performance when textual input is unavailable at
inference time.

Chapter 7 concludes the thesis by discussing the implications of the find-
ings, outlining limitations of the current work, and identifying directions for
future research on knowledge-aware music representation learning.



Chapter 2

Related works

Chapter 1 argued that many of the concepts music information retrieval (MIR)
cares about, among them genre, mood, style, and the tags listeners use to
organise their libraries, are culturally constructed and only weakly recoverable
from the audio signal alone. The central claim of this thesis follows from that
observation: if such concepts live in the discourse around music rather than
solely in the waveform, then a textual source that captures that discourse should
improve how well a model represents music, provided the source is rich enough
to be informative and yet scalable and reproducible enough to be used and
shared. This thesis proposes artist biographies as such a source. The purpose of
this chapter is to substantiate that claim by tracing the line of work that leads
to it, and to show precisely where the existing literature stops short.

This thesis is concerned with three families of semantic MIR tasks that recur
throughout the chapter and the remainder of the document: genre classifica-
tion, emotion recognition, and music tagging. These are the tasks on which the
representations studied here are evaluated, and they are introduced informally
as they arise below; their datasets and metrics are consolidated in Section 2.3
and formalised in Chapter 3. Together they probe complementary facets of mu-
sical understanding: discrete stylistic categories, graded affective content, and
open-vocabulary descriptive labels.

Scope and approach of this review. This chapter is a focused rather than
exhaustive review. Rather than survey the whole of MIR, it follows the argument
of the thesis and reviews the work that bears directly on four questions, taken
up across the three sections below: how music is represented from audio, how
additional modalities have been combined with audio, what textual resources
and pretraining objectives the field has used to supply semantic knowledge,
and how such representations are evaluated. The literature was gathered pri-
marily from the core MIR venues (ISMIR and its associated journal TISMIR,
IEEE TASLP, and ICASSP) and, for cross-modal representation-learning meth-
ods that originate outside MIR, from the main machine-learning and language
venues (NeurIPS, ICML, and ACL). Works were selected by combining seminal

12
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references with representative and recent examples of each line of work, and
by expanding citations outward from the small number of papers that combine
audio with text for music. Throughout, the organising lens is representation-
centric: work is discussed in terms of the information source and learning signal
that shape a representation, rather than in terms of specific downstream archi-
tectures, consistent with the framing developed in Chapter 3. The experimental
work of this thesis was carried out in 2023, and the review is bounded accord-
ingly: it reflects the state of the field up to that point. Developments since
then are noted only where they bear on the interpretation of the contributions
(Section 2.3.2), rather than surveyed in full.

The chapter is organised as a single argument in three parts, closing with the
gaps it exposes. Section 2.1 reviews music representations learned from audio
alone and identifies their recurring blind spot: high-level, culturally grounded
context. Section 2.2 reviews multimodal MIR, which addresses that blind spot
by injecting non-audio modalities at inference time, and asks what such systems
have and have not established. Section 2.3 surveys the current landscape that
any new proposal must situate itself within: the available textual knowledge
sources, the pretraining objectives that internalise text during training, and the
frameworks used to evaluate representations. Finally, Section 2.4 consolidates
the three gaps that emerge, concerning the source of textual knowledge, the
control of comparisons across it, and the stage at which it is used, and maps
them onto the research questions of this thesis.

2.1 Music representations from audio, and their
blind spot

Audio is the primary modality in MIR, and for most of the field’s history the
question of how to represent music has been the question of how to turn a
waveform into features a model can use. The dominant practice is to convert
the signal into a time-frequency representation and then map it into a compact
embedding. Early systems relied on hand-engineered timbral descriptors, most
prominently Mel-frequency cepstral coefficients (MFCCs), a compact summary
of the short-term power spectrum on the perceptually motivated Mel scale,
originally developed for speech and adopted wholesale for music [31]. Paired
with shallow classifiers, MFCCs established the first widely used baselines for
tasks such as genre recognition [49]. Their limitation is instructive: because they
discard most temporal and harmonic structure, they capture how music sounds
locally but little of how it is organised, which set the agenda for representations
learned directly from data.

The deep-learning era replaced hand-crafted descriptors with representations
learned from the log-mel spectrogram, a time-frequency image that preserves
the harmonic and timbral structure MFCCs discard while remaining compact
enough to train on. This front-end has become the de facto standard input
to convolutional audio models in MIR, and it is the representation adopted
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throughout this thesis (Chapter 3). Large-scale supervised classification estab-
lished convolutional networks as general-purpose audio feature extractors: VG-
Gish, trained on the AudioSet corpus, is the canonical example and remains a
widely used off-the-shelf audio front-end [21, 19]. Within music specifically, early
work showed that convolutional representations learned end-to-end from tagging
objectives were a practical alternative to feature engineering for recommenda-
tion and auto-tagging [14, 39], that combining convolutional feature extraction
with temporal modelling suited music tagging and classification [10, 53], and
that aggregating pretrained features across receptive fields gave strong transfer
to downstream tasks [27, 11]. The common thread is that a supervised objec-
tive at scale yields an embedding that transfers, motivating the treatment of
a learned audio encoder as a reusable representation layer rather than a task-
specific component.

More recent work has shifted from supervised tagging toward self-supervised
learning (SSL), on the premise that the structure and invariances of music can be
learned from large unlabelled corpora without the cost and bias of annotation.
Transformer-based and contrastive SSL encoders now dominate general-purpose
music representation, from Swin-transformer pretraining for classification [55]
to contrastive learning of musical representations [46] and masked-prediction
encoders such as MERT and related models [29, 28], echoing the trajectory of
speech representation learning [3, 22]. These approaches matter to this thesis
as a point of reference: they represent how far audio-only pretraining can go
before external information is introduced, and syntheses of supervised and self-
supervised music understanding confirm that both routes yield strong, transfer-
able audio embeddings [33].

Yet strong audio embeddings share a blind spot that no amount of audio-
only pretraining removes. A representation learned from the signal can encode
what a piece sounds like, but not the contextual knowledge that determines
how listeners categorise it: the lineage of a genre, an artist’s influences and
trajectory, the scene or era a record belongs to, or the cultural associations a
style carries. This applies across the semantic tasks considered in this thesis.
Genre categories encode lineage and scene as much as timbre, and the descriptive
tags used in auto-tagging mix acoustic attributes with contextual and evaluative
ones, so both rest partly on conventions about how music is described rather
than on the signal alone. Affective MIR illustrates the point with particular
clarity, since a substantial body of work models emotion not as a categorical
label but as position in a continuous valence—arousal space [44, 51], sometimes
as a temporally evolving trajectory [52], and the resulting targets depend on
interpretive and cultural cues only partially present in the acoustics. Genre,
mood, and descriptive tags are, in this sense, judgements about music as much
as properties of the signal. It is precisely this gap between acoustic content
and contextual meaning that motivates supplementing audio with an external,
textual source of semantics, which is the subject of the rest of the chapter.
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2.2 Multimodal MIR: injecting semantics at in-
ference time

The natural response to the blind spot of audio-only models is to give the model
access to another modality that carries the missing semantics. Multimodal MIR
does exactly this, pairing audio with text, images, or metadata so that represen-
tations are shaped by contextual signals as well as acoustic ones. A consistent
finding across this literature is that adding a non-audio modality improves per-
formance on semantically loaded tasks relative to audio-only baselines, and that
the gains are largest precisely where audio is weakest.

The clearest evidence comes from genre classification, where combining au-
dio with text and cover-art imagery yields representations that outperform any
single modality [35, 36]. The improvement is generally attributed to comple-
mentarity: the non-audio modalities supply discriminative information, such as
editorial descriptions, reviews, and visual style cues, that the audio branch does
not recover on its own. These signals are also frequently available at the artist
or album level rather than per track, so multimodal systems must integrate
information across granularities. Both properties recur throughout this thesis,
the second in particular foreshadowing the artist-level supervision it relies on. A
parallel line of work reaches the same conclusion for emotion: models that fuse
audio with lyrics outperform unimodal baselines on mood and emotion recog-
nition, because lyrical content carries affective cues that the signal expresses
only weakly [13], and cross-modal attention architectures have been developed
to model the interaction between the modalities explicitly [56]. Beyond curated
pairings, the broader multimodal-learning literature has shown that pretrained
cross-modal spaces can be repurposed for music with little or no task-specific
supervision [8].

In all of these systems, text (or another modality) is used in the same way:
as an additional input available at inference time. The model receives audio and
text together and fuses them to make a prediction; remove the text at test time
and the benefit disappears. This inference-time use, which the thesis later terms
the injection of textual knowledge, is one of two complementary ways text can
enter a music model, and it is the mode studied directly in Chapter 5.

What this literature establishes is that multimodality helps. What it leaves
unresolved is why, and under what conditions. Reported gains are obtained
with different text sources (reviews, lyrics, metadata, tags), different fusion
architectures, and different datasets and splits, so it is rarely possible to tell
whether an improvement comes from the information in the text, the capacity
added by a second encoder, or the particular benchmark used. In particular,
the field seldom isolates the effect of which text is used while holding everything
else fixed, leaving open whether richer, more contextual text yields measurably
larger gains than short, label-like text, or whether adding any text at all is what
matters. Answering that question requires both a controlled way of comparing
text sources and a clear view of what sources are available, which brings the
review to the current landscape.
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2.3 The current landscape: sources, pretrain-
ing, and evaluation

Situating a new textual source within multimodal MIR requires an account of
three things: what textual resources the field already has and what they lack,
how text has been used not only at inference but as a pretraining signal, and
how representations built from these ingredients are evaluated. This section
reviews each in turn, and each exposes one of the gaps the thesis addresses.

2.3.1 Textual knowledge sources for music

Textual sources for music vary enormously in how much they say and how easily
they can be obtained, and the range is worth seeing concretely before consider-
ing the trade-off they collectively impose. At one extreme sit social tags, short
keyword-like annotations such as chill, 90s, or female vocalist, which are
abundant and cheap but encode only sparse, categorical hints. Editorial meta-
data is similarly compact: a typical track record amounts to little more than
structured fields such as Author: The Trammps and Title: Disco Inferno.
A promotional blurb or scraped web description adds a sentence or two of free
text but is often noisy and inconsistent; a real community-authored entry may
read only “A Way Of Life, A Collective of Hip-Hop from NJ”. At the far ex-
treme, a full artist biography narrates influences, geography, career, and style:
“The Trammps were an American disco and soul group from Philadelphia, Penn-
sylvania. Formed in the early 1970s . .. known for their energetic and danceable
music ...”. These examples make concrete a distinction the thesis relies on:
sources differ not only in length but in the predictability of what they encode,
with biographies reliably conveying recurring stylistic and contextual categories
that tags and metadata do not.

Each source has been studied as a supervision signal, and each carries a
characteristic limitation. Lyrics are the most direct track-level textual sig-
nal and are effective for mood and emotion [13], but coverage is incomplete
(instrumental music has none, and transcriptions are missing or noisy) and
licensing constraints complicate redistribution and thus reproducibility. Edito-
rial and community-curated metadata is exemplified by representation learning
from Discogs (a large community-maintained database of music releases and
their editorial genre, style, and credit annotations), which encodes semantic
structure that is not recoverable from audio and generalises across an artist’s
catalogue [2]; but it is platform-specific, biased toward particular markets, and
rich in categorical labels while poor in narrative context. Free-form web text
(reviews, biographies, descriptions) is semantically richer and remains available
when lyrics are not, but it is noisy, heterogeneous, hard to curate at scale, and
legally fraught to redistribute. A common way to exploit such text despite
its noise is to treat it as weak supervision, pairing audio with rough natural-
language descriptions [32]; tellingly, even here the large audio-text corpora that
make the approach work are often not publicly redistributable, which limits
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Figure 2.1: Qualitative positioning of textual knowledge sources used in MIR
along two axes: semantic information density and scalability of data acqui-
sition. Track-aligned descriptions [32, 1] and lyrics [13] offer high semantic
richness but are constrained in scalability by production cost and licensing, re-
spectively. Audio captions [17] are scalable but not music-specific, limiting their
semantic density for MIR tasks. Editorial metadata [2] is highly scalable but
encodes sparse, categorical information. Artist biographies (this thesis) occupy
a distinctive position: combining high semantic density with broad scalability,
enabled by community-authored and LLM-generated sources.

reproducibility and controlled comparison.

Artist-level text specifically has been used before, which is important to
acknowledge so that the contribution of this thesis is stated precisely. Artist
biographies have been used to learn artist embeddings for cold-start music rec-
ommendation, combining biographical text with audio and usage data [34];
and Wikipedia is the canonical large-scale repository of entity-level biograph-
ical knowledge, standardised for retrieval by benchmarks such as KILT [38].
These resources demonstrate that artist-level knowledge is useful and avail-
able, but they also reveal what is missing: existing artist-text resources are
either tied to a specific application and proprietary usage data [34], or general-
purpose encyclopaedic corpora not curated for music and skewed toward well-
documented artists [38]. None provides a music-focused, high-coverage, openly
redistributable corpus of artist biographies suited to controlled MIR, experi-
ments.
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Taken together, these sources trace out a single trade-off, summarised in
Figure 2.1: semantic richness tends to come at the cost of scalability and re-
producibility, and vice versa. Lyrics and track-aligned descriptions are rich but
hard to obtain at scale or to redistribute; tags and editorial metadata are scal-
able but sparse; general audio captions are scalable but not music-specific. The
upper-right region, combining high semantic density with broad, redistributable
scale, has remained largely unoccupied. This is the first gap the thesis exploits:
artist biographies are argued to sit in that region, being narratively rich like
web text yet, when deliberately constructed, coverable across a catalogue and
distributable under clear terms. Constructing and validating such a corpus is
not a matter of prior work but a contribution of this thesis, and is the subject
of Chapter 4.

2.3.2 Learning from text: pretraining in single and mul-
timodal setups

The multimodal systems of Section 2.2 use text at inference. A second, comple-
mentary way to use text is during pretraining, where language shapes the audio
representation itself and need not be present downstream. Understanding this
distinction is essential, because it is the axis along which the two experimental
parts of this thesis divide.

The most influential pretraining recipe aligns modalities contrastively. CLIP
established the template in vision, training paired image and text encoders so
that matching pairs are close in a shared space [40]; the idea transferred to au-
dio through AudioCLIP [20] and, at scale, CLAP [17], and to music specifically
through MuLan, which aligns music audio with unconstrained natural-language
descriptions to support retrieval and zero-shot classification [23]. Across these
systems, text acts as a semantic anchor that reshapes the audio representation
through cross-modal alignment. A complementary strand uses generative objec-
tives inspired by language modelling: codified audio language modelling learns
transferable representations by predicting audio token sequences [7], while text-
conditioned generation systems such as MusicLM show that language can serve
as a high-level control and supervision signal for music [1]. Weak language
supervision [32] can be seen as an early, less structured member of this family.

Two observations about this literature motivate the thesis. Whether con-
trastive or generative, the textual supervision is almost always short and surface-
level, consisting of tags, captions, prompts, or brief descriptions rather than rich,
entity-centric knowledge about artists, so the richer target of artist biographies
remains largely unexplored as a pretraining signal. More fundamentally, the
field treats the two uses of text, injection at inference and internalisation during
pretraining, largely in isolation. It studies one or the other rather than asking
whether knowledge supplied as an explicit modality can instead be absorbed
into the audio encoder so that its benefit survives when text is removed. This
matters in practice: text is often unavailable or undesirable at inference, and a
benefit realised only when text is present is a benefit that many deployments
cannot use. Whether artist knowledge can be internalised through a generative
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pretraining objective, by pretraining an audio-to-text model to produce artist
biographies from audio and then fine-tuning on audio-only tasks, is the ques-
tion taken up in Chapter 6, and it complements rather than replaces strong
audio-only pretraining such as CLMR and MERT [46, 29].

Since this work was carried out, the audio-language direction has advanced
considerably. Large language models have been used to synthesise music-caption
corpora at scale [15], and instruction-tuned music-language models now perform
open-ended music understanding, captioning, and question answering [18, 30].
These systems postdate the experiments reported here and are therefore not
part of the comparison; they are noted because they reinforce rather than su-
persede the premise of this thesis. Each still depends on rich natural-language
descriptions of music, and each inherits the same open questions about where
such text is sourced, whether it can be shared and reproduced, and how the con-
tribution of a given source can be isolated, so the gaps identified below apply
to them as directly as to the earlier work reviewed above.

2.3.3 Evaluating music representations

Whatever the source of a representation, a claim that it is better than another
is only as credible as the protocol used to compare them. MIR has a long
tradition of evaluation, beginning with shared-task campaigns such as MIREX
and the broader IMIRSEL effort, which established common task formulations,
metrics, and reporting practices [16]. This tradition was a genuine advance over
ad hoc dataset construction, but it is insufficient for the questions this thesis
asks, for concrete reasons. Its evaluation-by-submission model reported system
rankings without releasing the underlying data or, in many cases, the systems,
so results could be compared but not independently reproduced or re-analysed;
task definitions and datasets evolved between editions, undermining longitudinal
comparison; and the emphasis fell on end-to-end systems for a task rather than
on the reusable representations that are the object of study here.

A second, methodological literature explains why these constraints are not
merely inconvenient. Analyses of MIR evaluation show that apparent rank-
ings of methods are highly sensitive to design choices such as dataset sampling,
annotation noise, evaluation splits, and statistical testing, and, critically for rep-
resentation learning, to confounds such as artist overlap between training and
test sets, production-era cues, and recording conditions that let a model exploit
spurious correlations instead of the intended semantics [50]. The risk is height-
ened for multimodal systems, where a non-audio signal may encode identity
or catalogue information that leaks across splits. Robust conclusions therefore
demand careful split design, transparent reporting, and, when comparing text
sources, explicit control for what each source might inadvertently reveal.

In response, representation learning has motivated benchmarks that evaluate
embeddings directly as reusable features. HEAR (the Holistic Evaluation of Au-
dio Representations) is the clearest example beyond MIR: rather than a single
dataset, it is a standardised pipeline that freezes a candidate representation and
probes it with lightweight classifiers across a diverse battery of downstream au-
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Dataset Task Availability Principal limitations

GTZAN [49] Genre Public audio Small; documented faults:  dupli-
cate clips, mislabellings, and artist
replication that leaks identity across

splits [26]
FMA-Small [12] Genre Public, Creative Coarse genre boundaries; skewed to-
Commons ward long-tail independent artists
EmoMusic [45] Emotion Public audio Very small and low-resource; contin-

uous valence—arousal annotations are
noisy and costly
Deezer [13] Emotion Annotations public, Audio not redistributable, undercut-
audio proprietary ting reproducibility; affective targets
derived automatically

MagnaTagATune [25] Tagging Public audio Tag vocabulary noisy, redundant/syn-
onymous, and long-tailed
Jamendo-MoodTheme [6] Tagging Public, Creative Subjective mood/theme labels; strong
Commons class imbalance

Table 2.1: Survey of the MIR benchmark datasets relevant to this
thesis, emphasising availability and limitations. The datasets span the
three task families and a range of annotation regimes, but differ sharply in
redistributability and in the confounds they introduce. Chapter 3 adopts this
set and details the scales, metrics, and splits used for each.

dio tasks, including music, so that comparison reflects the representation rather
than a bespoke downstream model [48]. Within MIR, MARBLE pursues the
same goal, offering a unified protocol for benchmarking music representations
across a taxonomy of tasks with baseline implementations, while foregrounding
the practical obstacles of dataset access and copyright that determine whether
such evaluation can be reproduced at all [54]. These frameworks are conceptu-
ally aligned with this thesis: they evaluate transferability across many tasks and
reduce the chance that a conclusion is an artefact of one downstream model.

Because this thesis compares representations empirically, it inherits both the
tasks and the datasets on which the field conducts these evaluations. Table 2.1
surveys the six benchmarks that recur across genre classification, emotion recog-
nition, and music tagging, asking of each what it can and cannot support: how
freely it can be redistributed, and which confounds it introduces. Public audio
exists for all but Deezer, whose reliance on proprietary audio directly undercuts
reproducibility, while the smaller sets (GTZAN, EmoMusic) and the noisier tag
vocabularies (MagnaTagATune) bound what can be concluded from any single
benchmark. This is a survey of the available resources and their limits, and it
motivates the reproducibility concerns that run through this thesis. Chapter 3
takes the same six datasets and asks a different question of them, namely what a
controlled evaluation protocol built on them looks like, and tabulates the tasks,
label spaces, and metrics accordingly.

The unifying lesson of this evaluation literature is a gap rather than a solu-
tion. Across multimodal MIR, comparisons in the literature are frequently con-
founded by differences in model architecture, datasets, and evaluation protocol,
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so the field has relatively few studies that isolate the effect of which represen-
tation, and for this thesis which text source, is used while holding downstream
capacity, fusion strategy, and splits constant. Establishing such a controlled
comparison is a prerequisite for the empirical claims of this thesis and is the
purpose of the framework developed in Chapter 3.

2.4 Research gaps

The three sections of this chapter converge on three gaps, which together define
the research programme of the thesis. Each has been raised as an observation
about the literature above; here they are stated as the openings the thesis sets
out to fill, and mapped to its research questions and contribution chapters.

The first gap concerns the source of textual knowledge. Text has repeatedly
been shown to complement audio for semantic MIR tasks, through weak lan-
guage supervision [32], editorial metadata [2], multimodal genre systems [35, 36],
and audio-lyrics models for emotion [13], yet the sources commonly used sit at
the extremes of the richness-scalability trade-off of Figure 2.1. Lyrics are track-
aligned but sparse and licence-encumbered; tags and metadata are scalable but
shallow; large web and platform corpora are rich but proprietary, unstable, and
hard to redistribute, a structural feature of the field rather than an accident of
any one resource. Existing artist-level resources are either tied to proprietary
usage data [34] or not curated for music [38]. This leaves open whether artist
biographies, deliberately constructed to be high-coverage, reliable, and openly
distributable, can occupy the underexplored high-density, high-scalability re-
gion. This motivates the first research question and the corpora contributed in
Chapter 4.

The second gap concerns the control of comparisons. Multimodal MIR
demonstrates that adding text helps, but reported gains are confounded by dif-
ferences in architecture, datasets, and protocol [50], and the field rarely isolates
the effect of which text is used under a common pipeline. Whether the benefit of
multimodality comes from adding any text at all, or specifically from richer con-
textual text, cannot be answered without holding the downstream model, fusion
strategy, and splits fixed and varying only the representation. Addressing this
requires the controlled, representation-centric evaluation framework of Chap-
ter 3 and the systematic comparison of audio, metadata, lyric, and biography
representations in Chapter 5.

The third gap concerns the stage at which text is used. Prior work lever-
ages text either as an inference-time modality [35, 36, 13] or as a pretraining
signal [32, 17, 23, 7], but rarely asks whether knowledge injected explicitly at
inference can instead be internalised during training so that its benefit persists
when text is unavailable downstream. Because many settings must operate
on audio alone, this distinction is of practical as well as scientific importance.
Whether artist-level knowledge can be internalised by pretraining an audio-to-
text model to generate biographies, and thereby improve audio-only fine-tuning,
is the subject of Chapter 6.
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In summary, the literature establishes that textual signals can align music
representations with higher-level semantics, but leaves unresolved which source
can be used at scale and shared openly, how to compare sources under con-
trolled conditions, and whether their benefit can be internalised rather than
supplied at inference. These three gaps, of source, control, and stage, structure
the remainder of this thesis: Chapter 3 builds the controlled evaluation frame-
work, Chapter 4 constructs and validates the biography corpora, Chapter 5
compares representations to isolate the effect of textual source, and Chapter 6
tests whether artist knowledge can be internalised through generative pretrain-
ing.



Chapter 3

Evaluating music
representations

Music representation learning lies at the core of modern Music Information
Retrieval (MIR) systems. Representations determine which musical properties
can be captured, how efficiently models can be trained, and ultimately, which
downstream tasks can be solved. As a result, evaluating music representations is
a critical methodological challenge: conclusions about a representation’s quality
are inseparable from the tasks, datasets, and metrics used to assess it.

This chapter introduces the evaluation framework that underpins the em-
pirical contributions of this thesis. The central methodological claim of this
chapter is that meaningful comparison of music representations requires a con-
trolled protocol in which the downstream architecture, training procedure, and
evaluation settings are held constant, so that observed differences can be at-
tributed primarily to the choice of representation. The evaluation strategy is
designed to probe increasingly abstract musical concepts, ranging from categor-
ical descriptors such as genre, to continuous affective dimensions such as valence
and arousal, and finally to heterogeneous semantic annotations in music tagging.

Chapter 2 traced the field from hand-crafted descriptors through supervised
and self-supervised audio encoders to text-augmented multimodal systems, and
identified two obstacles that this chapter responds to directly. The first is that
comparisons across the literature are confounded by differences in model ar-
chitecture, datasets, and evaluation protocol, so a reported gain cannot be
attributed to the representation that supposedly produced it. The second is
that the benchmarks themselves vary in availability and in the confounds they
carry, which limits what any single result can establish. This chapter responds
by fixing the architecture, datasets, splits, and metrics, so that the representa-
tion becomes the only variable. It begins by formalising the notion of a music
representation, distinguishing between raw multimodal inputs and derived rep-
resentations used by downstream models. It then motivates the use of specific
semantic tasks as proxies for musical understanding and discusses the impli-
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Figure 3.1: Overview of the evaluation pipeline used throughout this
thesis. Raw audio and textual metadata are transformed into music represen-
tations, which constitute the primary object of study. All representations are
evaluated using a fixed model architecture across three downstream semantic
tasks: genre classification, emotion recognition, and music tagging. Each is as-
sociated with standard datasets and evaluation metrics. This design controls
for the effect of model architecture, so that differences in performance can be
attributed primarily to the choice of representation.

cations of fixing the model architecture in order to control for architectural
variation and focus evaluation on the representation itself.

Three evaluation tasks are considered: genre classification, emotion recog-
nition, and music tagging. For each task, the chapter details the corresponding
datasets, annotation characteristics, and evaluation metrics, with particular at-
tention paid to dataset balance, annotation quality, and comparability with prior
work. Together, these tasks define a unified benchmark for evaluating whether a
representation captures transferable semantic information across multiple MIR
problem formulations. This evaluation pipeline is used consistently throughout
the subsequent experimental chapters. By fixing the tasks, datasets, metrics,
and model architecture, the chapter enables a controlled comparison of the rep-
resentation strategies introduced in Chapter 5.

Figure 3.1 summarises the evaluation pipeline defined in this chapter. Con-
cretely, the framework comprises four components:

e Input data: raw audio waveforms and associated textual metadata (e.g.,
title, artist name), which constitute the available information for each
music item;

¢ Representations (object of study): transformations that convert raw
inputs into concrete signals suitable for model consumption, such as mel-
spectrograms from audio, or templated textual descriptions from metadata
and artist biographies (Section 3.1). These are not learned embeddings,
but rather the structured inputs presented to the model.

e Architecture (fixed): a shared model comprising modality-specific en-
coders and a multimodal fusion module, held constant across all experi-
ments so that performance differences reflect the choice of representation
rather than model capacity;

e Evaluation: genre classification (accuracy), emotion recognition (R?),
and music tagging (mAP/AUC), spanning six benchmark datasets of vary-
ing scale, annotation type, and artist population.
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Dataset Task Tracks Labels Metric

GTZAN Genre 1,000 10 genres (single-label) Accuracy
FMA-Small Genre 8,000 8 genres (single-label) Accuracy
EmoMusic Emotion 744  valence, arousal (continuous) Avg. R?

Deezer Emotion 18,644 valence, arousal (continuous) Avg. R?
MagnaTagATune Tagging 25,860 top 50 tags (multi-label) mAP / ROC-AUC

Jamendo-MoodTheme Tagging 17,982 56 mood/theme tags (multi-label) mAP / ROC-AUC

Table 3.1: Summary of the six benchmark datasets used in the eval-
uation framework. The datasets span three tasks, a wide range of scales,
and heterogeneous annotation regimes. Annotation sources range from expert-
curated (GTZAN, FMA, Jamendo) to crowdsourced (EmoMusic, MagnaTa-
gATune) and automatically derived from tags (Deezer). Public audio is available
for all datasets except Deezer, whose experiments rely on proprietary audio.

This framework provides the methodological basis for the empirical studies pre-
sented in the remainder of the thesis. By fixing the downstream conditions
of evaluation, the subsequent chapters can attribute performance differences
primarily to the representations themselves, enabling controlled comparison of
audio, textual, and multimodal approaches.

Table 3.1 summarises the six benchmark datasets that instantiate this eval-
uation across the three tasks; each is described in detail in the correspond-
ing task section below. These are the same datasets surveyed in Chapter 2,
where Table 2.1 assessed them as resources, in terms of availability and the
confounds they carry. Here they are set out as an evaluation protocol: what
each one asks a model to predict, over which label space, and under which
metric. The set spans a range of scales (from 1,000 to over 25,000 tracks),
annotation regimes (expert-curated, crowdsourced, and automatically derived
labels), and label types (single-label genres, continuous affective dimensions,
and multi-label tags), so that conclusions about a representation do not rest on
the idiosyncrasies of any single benchmark.

3.1 Music representation framework

In this section, we define what is meant by a music representation, distinguish-
ing between raw inputs, derived representations, and their use by downstream
predictors. We begin by describing the raw input space. A music item is repre-
sented by an audio waveform together with associated textual metadata.

Formally, let w € R*"*7 denote the waveform of a song, where s,. is the sam-
pling rate and 7 its duration in seconds. Let z; € V™ denote the track title as a
sequence of n tokens drawn from a vocabulary V', and let x, € V™ denote the
artist name as a sequence of m tokens from the same vocabulary. The minimal
multimodal input considered in this thesis is therefore the tuple (w, x4, z,). This
formulation provides the basis for defining representation functions that trans-
form raw multimodal inputs into features suitable for downstream prediction
tasks.
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Figure 3.2: FExample waveform-derived time-frequency representations of
jazz.00000.wav from the GTZAN dataset [49], generated using the Librosa
library. The Mel spectrogram provides a compact, perceptually motivated rep-
resentation commonly used in MIR systems.

A music representation is then defined as a transformation function:
g:R*T XV x V™ = R, (3.1)

where R,, denotes the multimodal representation space. This definition is inten-
tionally general: depending on the representation method, R, may consist of an
audio representation alone, a textual representation alone, or a joint multimodal
representation combining both.

In this thesis, a music representation is understood as the set of information
provided to a model for a given music item, before any model-specific encoding.
This includes the raw audio signal, associated metadata, and any additional
information used to augment the input. The goal of such representations is to
capture both low-level acoustic structure and higher-level properties that can
be associated with the music item, in order to support downstream semantic
tasks.

This formulation makes the representation function itself the primary object
of evaluation, which is essential for comparing audio-only, textual, and multi-
modal inputs within a common framework.

In practice, MIR systems rarely operate directly on the raw waveform. In-
stead, they typically rely on derived audio representations that transform the
waveform into a more compact and structured form. A common example is the
Mel spectrogram [9], a time-frequency representation obtained by applying a
short-time Fourier transform over successive temporal windows and projecting
the frequency axis onto the Mel scale; Figure 3.2 shows an example for a track
from GTZAN. We adopt the Mel spectrogram as the default audio represen-
tation for several reasons. First, the Mel scale is logarithmic in frequency and
therefore approximates the frequency resolution of human hearing, allocating
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more resolution to the lower frequencies where pitch and timbral information
are perceptually concentrated. Second, projecting the linear frequency axis onto
a small number of Mel bands substantially reduces dimensionality relative to the
raw STFT while preserving the harmonic and timbral structure most relevant to
the semantic tasks considered here. Third, the Mel spectrogram is the de facto
standard input to convolutional audio models in MIR, as surveyed in Chapter 2;
adopting it therefore keeps our audio representation comparable with prior work
rather than introducing an idiosyncratic front-end. More generally, any derived
audio representation can be written as a transformation:

Gw  R*T = Ry, (3.2)

where R,, is the audio representation space. For Mel spectrograms, for example,
R, = R"** where b is the number of Mel bins and ¢ the number of temporal
frames.
A downstream model then maps the chosen representation to a task-specific
output. Let
f: Ry — RO (3.3)

where o denotes the output dimensionality required by the task. The full pre-
diction pipeline can therefore be expressed as the composition:

Fog R x V' x V™ 5 R, — R°. (3.4)

This distinction is central to the methodology of this thesis. The object of
study is the representation function g, while the downstream predictor f is held
fixed across experiments. This allows the evaluation to focus on how different
representation choices affect downstream performance, rather than conflating
representation quality with architectural variation. In Chapter 5, this frame-
work is instantiated using the specific audio, textual, and multimodal represen-
tations that are compared throughout the thesis.

3.1.1 What are we evaluating?

In music information retrieval, the quality of a representation is typically as-
sessed through its performance on downstream tasks. Because many musical
properties of interest are semantic and context-dependent, no single task can
fully characterise representation quality. Instead, this thesis evaluates represen-
tations across several complementary semantic prediction problems.

We consider three tasks: genre classification, emotion recognition, and mu-
sic tagging. Genre classification evaluates whether a representation captures
stylistic categories associated with musical identity. Emotion recognition probes
affective interpretation by mapping songs onto continuous valence—arousal di-
mensions. Music tagging provides a broader multi-label setting in which tracks
are associated with heterogeneous descriptors, including genres, moods, instru-
mentation, and other semantic attributes.
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Together, these tasks probe different aspects of musical meaning. Genre
classification focuses on categorical stylistic identity, emotion recognition cap-
tures subjective affective responses, and music tagging evaluates the ability to
model heterogeneous semantic annotations under strong label imbalance. This
combination provides a diverse yet complementary evaluation suite for testing
music representations.

The chosen tasks also span different prediction settings: single-label classi-
fication (genre), regression (emotion), and multi-label classification (tagging).
This diversity requires the evaluation pipeline to support multiple task formu-
lations while maintaining a consistent representation interface.

Finally, all datasets used in this chapter include metadata fields such as track
title and artist name. These attributes are required for the multimodal repre-
sentations explored in later chapters and ensure that the evaluation pipeline
remains compatible with both audio-only and multimodal representation learn-
ing approaches.

3.1.2 Music representations vs model architecture

The framework introduced in Section 3.1 separates the representation function
g from the downstream predictor f. In practice, a prediction is obtained by
first transforming the raw multimodal inputs into a representation and then
applying a task-specific model. This pipeline can therefore be expressed as the
composition:

fog:R*Tx V" x V™ — R, — R°. (3.5)

This formulation exposes a central methodological problem in MIR evalua-
tion: representation quality cannot be meaningfully compared when the down-
stream model changes simultaneously. In such cases, improvements may reflect
architectural advantages rather than the semantic quality of the representation.
To address this, the evaluation framework proposed in this chapter fixes the
downstream predictor across all experiments. It treats the representation func-
tion g as the primary object of study, while f serves as a controlled predictor
that maps representations to task outputs.

For this purpose, we adopt a fixed multimodal architecture that is held
constant across experiments. The architecture comprises modality-specific en-
coders, a shared fusion module, and task-specific prediction heads, so that the
primary source of variation lies in the representation rather than the down-
stream model. In the instantiation used in Chapter 5, VGGish [21] serves as
the audio encoder. The choice of VGGish follows directly from the method-
ological aim of this framework. Because the encoder is deliberately not the
object of study, the priority is a stable, well-understood, and widely adopted
audio encoder rather than the most recent state-of-the-art model: a moving
encoder would reintroduce exactly the architectural confound the framework is
designed to remove. VGGish satisfies this requirement well. It is pretrained on
the large-scale AudioSet corpus, producing compact, general-purpose audio em-
beddings that have been used extensively as a baseline audio front-end in MIR
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(Chapter 2), which makes our results comparable with prior work and cheap
to reproduce. Holding this encoder fixed across all tasks and datasets ensures
that differences in downstream performance can be attributed primarily to the
representation being evaluated rather than to encoder capacity. Figure 3.1 il-
lustrates the resulting evaluation pipeline, highlighting the separation between
the fixed downstream architecture and the variable representation component.

3.2 Genre classification

This task is a single-label classification problem in which a model classifies a
song into a genre label. This task assumes a known, finite set of labels. The
datasets we selected are balanced across all classes.

Genre classification evaluates whether a representation captures high-level
stylistic structure associated with musical identity. Although it is a standard
MIR benchmark, it is particularly relevant here because genre depends on multi-
ple factors, including instrumentation, era, style, and the artist’s cultural back-
ground. It therefore provides a test of semantics that are partly acoustic and
partly culturally mediated.

3.2.1 Evaluation

We evaluate model performance using classification accuracy, defined as the
proportion of correctly classified samples over the total number of samples in
the dataset. Let y; € Y denote the ground-truth label for sample ¢, and let §;
be the corresponding predicted label. We define accuracy as:

N
1
Accuracy = N Z]I(g)i =Yi), (3.6)
i=1

where N is the total number of samples and I(-) is the indicator function.

Accuracy is intuitive because it corresponds directly to the question one
would naturally ask of a genre classifier, “what fraction of songs did it label cor-
rectly?”, and reports it on a single 0—1 scale that requires no threshold tuning,
class weighting, or familiarity with information-retrieval metrics to interpret.
Equivalently, it estimates the probability that a randomly chosen song is as-
signed its correct genre. This interpretability is, however, only trustworthy
when the classes are balanced. Under class imbalance, a model can achieve high
accuracy simply by favouring the majority class while performing poorly on un-
derrepresented genres, so the headline number no longer reflects performance
across the full label space. In other words, accuracy is intuitive by construc-
tion but only valid as a summary of performance when no class dominates. We
therefore restrict accuracy-based evaluation to datasets with balanced genre
distributions, where its intuitive reading and its validity coincide.

To mitigate these limitations and ensure fair comparison with prior work,
we rely on datasets with balanced genre labels and use the publicly available



CHAPTER 3. EVALUATING MUSIC REPRESENTATIONS 30

training and test splits provided by the dataset creators. These splits ensure
consistency in the evaluation protocol and comparability with previously re-
ported results.

3.2.2 Datasets
GTZAN

The GTZAN dataset is a well-established collection that has been extensively
analysed and re-annotated over the years. It is made of 1,000 songs across the
following genres:

Blues Country Hip-Hop Metal Reggae
Classical Disco Jazz Pop Rock

Each genre has 100 samples, and each sample is a 22, 050 Hz, mono-channel,
16-bit audio file. The dataset does not include any metadata (title, artist,
album), but Sturm [47] provides approximately 90% of them.

A notable characteristic of this dataset is the impact of the choice of train-
dev-test split. The initially provided train-test split was random. The main
information “leak” was that most artists appeared in both the training and test
splits, providing the model with a few examples for each. To create a more
challenging scenario, [26] provides an “adversarial split” in which each artist
appears only in either the training or the testing set. We use this split for our
evaluation to test our model in a more challenging environment.

Another element worth highlighting in this dataset is the choice of genres.
The primary driver of these choices was the coverage of music genres in 2002.
However, some of these genres present a bigger challenge than others. In this
setup, most models do not struggle to classify classical music, but there are
many more nuances in hip-hop, pop, and rock.

This dataset was originally hosted here!, but its hosting has been discontin-
ued. The audio data can now be found here?. As part of the evaluation pipeline,
we have released the metadata and split used3.

Free Music Archive - Small

The Free Music Archive is a collection of 106,574 tracks across 161 unbalanced
genres. From this dataset, three subsets are derived.

e Small: 8 000 samples across eight balanced genres

e Medium: 25,000 samples across 16 unbalanced genres

e Large: 106,574 samples across 161 unbalanced genres

Given our need for balanced genres, we choose to use the Small subset. The
genres are:

Ihttp://marsyas.info/downloads/datasets.html

%https://huggingface.co/datasets/yangwang825/gtzan

Shttps://github.com/fedingo/music_multimodal_augmentations/blob/main/tasks/
data/GTZAN_official. json
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Hip-Hop Folk Rock Electronic
Pop Experimental International Instrumental

Each of the 8,000 samples is provided at a sampling rate of 44,100 Hz and
in stereo. The dataset includes detailed metadata for each song, such as the
title, artist, album, and other attributes. This information will be required for
the development of our textual representations described in Chapter 5.

This dataset presents a significantly greater challenge than GTZAN due to
its being eight times larger and having much closer genre overlap.

The audio data is available for all subsets at this link* We release, as part
of our evaluation pipeline, the metadata and splits we have used.’

3.3 Emotion recognition

Emotion recognition is a regression problem that maps each song onto two
axes: valence and arousal. Valence describes whether an emotion is pleasant
(positive) or unpleasant (negative), while arousal measures its intensity, from
calm (low arousal) to excited (high arousal). These two axes are the coordinates
of Russell’s circumplex model of affect [44], shown in Figure 3.3, which we adopt
as the emotional representation throughout this thesis.

We adopt the circumplex model for two reasons. First, and most impor-
tantly, it is the de facto standard for representing emotion in affective MIR: the
datasets used here are annotated in valence—arousal space, and reporting results
along these axes keeps our evaluation consistent with their ground-truth anno-
tations and comparable with the body of prior work reviewed in Chapter 2.
Second, its continuous formulation deliberately introduces a non-categorical
task into the benchmark. Whereas genre classification and tagging are cate-
gorical, the circumplex casts emotion as a regression problem, allowing us to
probe whether a representation captures graded, continuous affective informa-
tion rather than only discrete class membership. This broadens the range of
prediction settings against which representations are tested.

This problem is relevant because it evaluates the ability of music representa-
tions to capture the mood and emotions evoked by a song. One crucial challenge
with this task is its high subjectivity.

Emotion recognition provides a complementary test of representation quality
because it probes affective semantics, which are more subjective and often less
directly inferable from acoustics alone.

3.3.1 Evaluation

Emotion recognition typically uses the coefficient of determination (R?) to eval-
uate model performance. It measures how well predictions reproduce ground-

4nttps://github.com/mdeff/fma
Shttps://github.com/fedingo/music_multimodal_augmentations/blob/main/tasks/
data/fma_genre_filtered .json
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Figure 3.3: Valence—arousal space commonly used to represent music emo-
tion [44].

truth labels by using the proportion of variation explained by the predictions.
Let y; denote the ground-truth value for sample ¢, and let f; € f(X) denote the
corresponding model prediction. The coefficient of determination is defined as:

2 1 Ei(fi _yi)2
=l

This can be interpreted as 1 minus the ratio of the average residual (model
errors) to the data variance. Using this score, we will obtain a value for each
predicted field (valence and arousal). To obtain a single comparable value, we
take the arithmetic mean of the two per-dimension scores, weighting valence
and arousal equally, since neither axis is considered more important than the
other:

(3.7)

R2

valence

+ R(erousal
. . (3.8)

Avg.R* =

3.3.2 Datasets
EmoMusic

This dataset was created in 2013 as part of the MediaEval competition. The au-
dio tracks were selected from the Free Music Archive through a subset selection
from Soleymani et al. [45]. They selected the top 300 songs from the following
genres: blues, electronic, rock, classical, folk, jazz, country, and pop. They then
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filtered the collection by audio file length (more than 1 minute or less than 10
minutes) and selected the top 125 songs for each genre.

Using this 1,000-song collection, they run a crowdsourced campaign collect-
ing annotations from 100 selected Mechanical Turk workers. The annotations
were collected as continuous annotations, in which the worker moved a slider
while listening to the song and produced annotations over time. In the final
dataset, redundancy was detected, reducing the corpus to 744 songs. The au-
thors provide a train-test split comprising 619 and 125 samples, respectively.

The authors report a high level of noise caused by 2 factors. One was techno-
logical, with their annotation interface sometimes failing to capture the workers’
slider movements. The second was due to workers’ lack of understanding or en-
gagement during the annotation process.

For our task, we convert the continuous, time-varying annotations into a
single static target per song: we take the arithmetic mean of the valence tra-
jectory and of the arousal trajectory over the annotated duration, and predict
these two mean values. We use the mean, rather than the median, as it is the
standard aggregation in prior static emotion-regression work, which preserves
comparability with previously reported results. This transformation reduces the
original temporal modelling problem to a static regression task.

The audio data is available upon request at this link®. As part of our eval-
uation pipeline, we release the split and metadata used.”

Deezer

This dataset is derived from the Million Song Dataset [4], composed of 18,644
songs. They annotate these songs on the valence/arousal scale using the follow-
ing automated process. They use a subset of the provided tags for each song
that are related to mood, and then use Warriner et al. [51] to map each tag to
the valence—arousal score. If more than 1 tag is assigned to a song, they average
the score of all the tags. This process allows the creation of a large-scale dataset
for emotion recognition, at the expense of lower-quality annotations.

The authors create a train-dev-test split via random sampling, with the only
constraint that songs from the same artist will not appear in different sets. The
resulting dataset consists of 18,644 samples, split into 11,267 for the training
set, 3,863 for the validation set, and 3,514 for the test set.

This dataset has properties opposite to EmoMusic: we have more than 20
times as much data, but at the expense of annotation quality. This difference
is reflected in reported performance levels, with substantially higher R? scores
on EmoMusic than on Deezer. EmoMusic’s best model has 0.669, while Deezer
has 0.207. These numbers are not directly comparable, but they do indicate a
difference in the quality of the annotations provided.

The audio data for this dataset is not publicly available. The authors of

Shttps://cvml.unige.ch/databases/emoMusic/
"https://github.com/fedingo/music_multimodal_augmentations/blob/main/tasks/
data/emoMusic.json
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this dataset have released the splits used.® However, it relies on having access
to the Million Song Dataset. This dataset has been publicly released http:
//millionsongdataset.com/. However, this release uses an encoded version
of the audio files in a feature format called EchoNest, which encodes the audio
into “pitch segments” and “timbre segments”. For our experiments, we have
used a proprietary dataset provided by the company that sponsored this work
(MoodAgent). As part of the pipeline, we release the metadata and splits we
used”.

3.4 Music tagging

Music Tagging is a multi-label classification problem that assigns a set of tags
to each song. Most datasets have a broad range of possible tags, spanning emo-
tional categories (e.g., happy or energetic), genres (e.g., electronic or pop), and
instruments (e.g., violin or guitar). This problem blends emotion recognition
and genre classification in a very complex setup.

Music tagging completes the benchmark by testing whether a representation
supports heterogeneous and highly imbalanced semantic annotations, thereby
approximating the broader descriptive vocabulary used in real-world MIR set-
tings.

3.4.1 Evaluation

To evaluate music tagging performance, we use two metrics: mean average pre-
cision (mAP) and the Area Under the Receiver Operating Characteristic Curve
(ROC-AUC). While all models are optimised using mAP during validation, we
report both mAP and ROC-AUC for completeness and comparability with prior
work.

Mean Average Precision

Mean average precision (mAP) is a commonly used evaluation metric for multi-
label classification tasks, particularly in scenarios with strong class imbalance,
such as music tagging. Unlike accuracy-based metrics, mAP evaluates the qual-
ity of the predicted confidence scores across all possible decision thresholds.

Let y; . € {0,1} denote the ground-truth label indicating the presence or
absence of tag t for sample 4, and let s;; € R be the corresponding confidence
score predicted by the model. For each tag t, a precision-recall (PR) curve is
obtained by varying the decision threshold applied to s; ;.

The average precision (AP) for tag ¢ is defined as the Area under the corre-
sponding precision—recall curve:

8https ://github.com/deezer/deezer_mood_detection_dataset
9https://github.com/fedingo/music_multimodal_augmentations/blob/main/tasks/
data/deezer. json
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1
APt:/O pi(r)dr, (3.9)

where p;(r) denotes the precision as a function of recall for tag ¢. In practice,
this integral is approximated by a finite sum over the recall values at which
precision changes:

AP, =Y (Ri(k) — Ry(k — 1)) Pi(k), (3.10)
k

where P;(k) and R;(k) denote the precision and recall at the k-th threshold.
The mean average precision is then computed by averaging the AP values
across all tags:

T
1
mAP = T;AP“ (3.11)

where T is the total number of tags. This formulation treats each tag inde-
pendently and provides a threshold-independent measure of classification per-
formance that is robust to label imbalance.

Receiver Operating Characteristic — Area Under the Curve

The Receiver Operating Characteristic (ROC) curve evaluates the trade-off be-
tween true positive rate (TPR) and false positive rate (FPR) across all possible
classification thresholds. The Area Under the ROC Curve (ROC-AUC) provides
a threshold-independent measure of a model’s discriminative ability.

For a given tag t, the TPR and FPR are defined as:

TP FP

TPR=gpn TPR=Fpi7N

(3.12)
where TP, FP, TN, and FN denote the number of true positives, false pos-
itives, true negatives, and false negatives, respectively. The ROC curve is ob-
tained by varying the decision threshold applied to s; ;.

Similar to the average precision, ROC-AUC for a single tag is computed as:

1
ROC-AUC, = / TPR(FPR)AFPR. (3.13)
0

This definition is equivalent to computing the probability that if we choose
two samples (s;¢,s;¢) where y; =1 and y; = 0, then s;; > s;;. In other words,
the ROC-AUC} score for a tag t is equivalent to the probability that the score of
a random positive sample is higher than the score of a random negative sample.

The overall ROC-AUC is then obtained by computing the average across all
tags:

T
1
ROC-AUC = > ROC-AUC,. (3.14)

t=1
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3.4.2 Datasets
MagnaTagATune

The MagnaTagATune dataset is a widely used benchmark for music tagging and
annotation tasks. It was originally introduced as part of an online game designed
to collect semantic annotations for music through crowdsourcing. The dataset
consists of approximately 25,860 audio clips, each 29 seconds long, sampled at
44,100 kHz and in mono.

FEach audio clip is annotated with a set of tags drawn from a vocabulary
of 188 tags, covering a broad range of musical attributes, including genre, in-
strumentation, vocal presence, and mood-related descriptors. The annotations
were collected from multiple users, and each tag assignment reflects consensus
among annotators rather than individual judgments.

Due to the heterogeneous nature of the tag vocabulary, prior work restricts
evaluation to a subset of frequently occurring tags. Following standard practice,
we focus on the top 50 tags to reduce sparsity and improve evaluation reliability.
As MagnaTagATune is a multi-label dataset with highly imbalanced tag distri-
butions, the chosen evaluation metrics, mean average precision and ROC-AUC,
are best suited to these problems.

We use the train-dev-test splits used by Law et al. [25]. This split keeps
each sample without tags rather than filtering them out, and removes only
three samples with corrupted audio data from the original release. The audio
data can be found here . As part of our evaluation pipeline, we release our
metadata and splits used!!.

Jamendo-MoodTheme

The Jamendo dataset is a large-scale music tagging corpus derived from the
Jamendo music platform and released as part of the MediaEval benchmarking
initiative. It comprises 56,639 full-length tracks annotated with semantic tags
covering genres, instruments, and mood-related concepts. The dataset is no-
table for its scale and diversity, as well as for the use of professionally curated
annotations.

From this collection, we use the Jamendo-MoodTheme subset, which focuses
specifically on mood and theme annotations. This subset contains 17,982 tracks
annotated with a reduced vocabulary of 56 mood- and theme-related tags. The
annotations are provided in a multi-label format, where each track can be asso-
ciated with multiple mood or theme descriptors.

Compared to MagnaTagATune, Jamendo-MoodTheme uses a more abstract,
semantically overlapping vocabulary, which increases task difficulty. Addition-
ally, while annotations are curated, they are not derived from continuous affec-
tive judgments, but rather from categorical mood descriptors.

Ohttps://mirg.city.ac.uk/codeapps/the-magnatagatune-dataset
https://github.com/fedingo/music_multimodal_augmentations/blob/main/tasks/
data/mtat_unfiltered.json
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We use the split-0 training-test split to maintain consistency with prior
evaluations. As with MagnaTagATune, we treat music tagging as a multi-label
classification problem and report performance using mean average precision and
ROC-AUC.

The audio data can be found here.'? As part of our evaluation pipeline, we
release our metadata and splits used.!?

3.5 Contributions

This chapter makes a methodological contribution to music representation learn-
ing by defining a controlled and reusable evaluation framework for comparing
representations across semantic MIR tasks. Rather than varying model architec-
tures across datasets, the proposed framework holds the downstream predictor,
training protocol, and evaluation settings fixed, allowing performance differences
to be attributed primarily to the choice of representation.

The implementation of the evaluation pipeline is publicly available!?, includ-
ing the dataset splits and metadata used in our experiments'®. Due to copyright
restrictions on some datasets, only the experiments on GTZAN, FMA-Small,
EmoMusic, MagnaTagATune, and Jamendo-MoodTheme can be fully repro-
duced without access to proprietary audio data.

The main contributions of this chapter are:

e A controlled evaluation framework for music representation learn-
ing. We formalise music representation evaluation as the comparison of
representation functions under a fixed downstream predictor and shared
training protocol. This design controls for architectural variation, so that
observed differences in performance can be attributed primarily to the
choice of representation.

e A unified cross-task benchmark for semantic MIR evaluation.
We define a benchmark spanning genre classification, emotion recogni-
tion, and music tagging, covering single-label classification, regression,
and multi-label classification settings. This enables representation quality
to be assessed across complementary forms of musical semantics rather
than on a single task alone.

e A reproducible experimental protocol and released benchmark
resources. We consolidate six widely used MIR datasets into a single
evaluation pipeline and release the metadata, splits, and implementation
required to reproduce the benchmark wherever licensing permits.

2https://mtg.github. io/mtg- jamendo-dataset/#downloading-the-data

13https://github.com/fedingo/music_multimodal_augmentations/blob/main/tasks/
data/jamendo-mt_low_crop. json

4https://github.com/fedingo/music_multimodal_augmentations

5https://github.com/fedingo/music_multimodal_augmentations/tree/main/tasks/
data
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3.6 Summary

This chapter defines the evaluation framework used throughout this thesis to as-
sess the quality of music representations. It formalises music representations as
transformations from raw multimodal inputs (audio waveforms and associated
textual metadata) into representation spaces that support downstream predic-
tion tasks. The chapter also clarifies the distinction between representation
learning and model architecture, emphasising that the downstream predictor is
held fixed in order to control for architectural variation and focus evaluation on
the representation itself.

To evaluate representation quality, the chapter introduces a task-driven eval-
uation pipeline based on three complementary MIR problems: genre classifi-
cation, emotion recognition, and music tagging. These tasks probe different
aspects of musical semantics, ranging from categorical stylistic labels to affec-
tive interpretation and heterogeneous multi-label annotations. Together, they
provide a diverse yet coherent benchmark for assessing music representations.

The resulting framework consolidates multiple widely used MIR datasets and
evaluation metrics into a single controlled experimental pipeline. By defining
music representation evaluation as a controlled comparison under fixed down-
stream conditions, this chapter provides the methodological basis for the thesis’s
later empirical claims. It positions the benchmark itself as a contribution: a
reusable protocol for assessing whether different information sources improve
semantic music representations across tasks.



Chapter 4
Artist biography corpora

Chapter 3 established the evaluation framework used throughout this thesis,
enabling controlled comparison of music representations across multiple down-
stream music information retrieval (MIR) tasks. Building on that framework,
this chapter introduces augmented representations, in which the raw music in-
puts are complemented with external knowledge sources. In this thesis, external
knowledge refers to information that is not contained in the original music item
itself, but can provide additional task-agnostic semantic context.

In MIR, textual information has been shown to complement audio for tasks
such as genre classification, emotion recognition, and music tagging, particularly
when supervision is weak or labels are noisy. In practice, however, the use
of external text is constrained by two recurring challenges: limited coverage
across datasets and uncertainty about the reliability of the information being
introduced.

This chapter addresses these challenges by focusing on artist biographies
as a source of external knowledge for music representation learning. Artist bi-
ographies offer a practical trade-off between coverage and information provided.
Compared with song-level textual resources, which are often sparse and con-
strained by copyright, artist-level descriptions are more widely available and
can encode stylistic, geographical, and historical contexts relevant to multiple
MIR tasks.

The goal of this chapter is therefore twofold: first, to construct reproducible
corpora of artist biographies suitable for representation augmentation; and sec-
ond, to characterise their properties and limitations. To this end, we intro-
duce two complementary biography corpora: one derived from web-scraped,
community-authored sources and one generated using a large language model
to produce concise, stylistically homogeneous descriptions. We then evalu-
ate their factual reliability through an extractive question-answering protocol
grounded in Wikidata, allowing us to compare how community-authored and
LLM-generated biographies encode verifiable artist information.

Together, these analyses establish the resources used in the remainder of
the thesis and clarify the trade-offs between coverage, homogeneity, and factual

39



CHAPTER 4. ARTIST BIOGRAPHY CORPORA 40

reliability that must be considered when augmenting music representations with
artist-level text.

4.1 Augmenting music representations with ex-
ternal knowledge

In Section 3.1, we define a music representation as a function g that maps
(w, z¢, 24) to a representation space R,,. There, we clarify that a music repre-
sentation corresponds to the set of information provided to a model for a given
music item. This formulation assumes that all information used to construct
the representation is contained within the initial input triplet, without access
to any other sources.

We extend this definition by allowing representations to incorporate infor-
mation retrieved from external sources during their construction. In this view,
augmentation can be understood as expanding the set of information available
to the model beyond what is contained in the original music item.

We define an augmented music representation as an extension of g that
incorporates external knowledge retrieved from an auxiliary source. We model
this augmentation through a function k that maps the available inputs to an
associated textual representation:

kR XV x V™ o VL (4.1)

Depending on the source, k may correspond to:

e Retrieval from an external corpus (e.g., artist biographies)

e Transformation of the input signal (e.g., speech-to-text transcription)

The augmented representation function § can then be defined as an extension
of g that incorporates the additional textual input produced by k:

GRTXT X VT x V™ x Ve R (4.2)

where R% represents the augmented multimodal representation space.

An important factor in retrieval-based augmentation is coverage. In our
case, we define coverage as the proportion of samples for which the source
provides non-empty information:

coverage(K) = %Zﬂ[k(wﬂxi,xfl) # 0]. (4.3)

In practice, coverage reflects whether a knowledge source contributes addi-
tional information to the representation. For example, missing lyrics correspond
to zero coverage, whereas available text can enrich the representation. This
definition, therefore, provides a unified way to compare heterogeneous textual
sources.

In this thesis, we consider three different types of external knowledge sources:
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e Curated encyclopedic knowledge: These sources provide high-quality
information, but suffer from coverage gaps and copyright constraints.

e Community-created annotations: These sources provide a much wider
coverage, but suffer from quality issues and stylistic heterogeneity.

e LLM-generated knowledge: These sources rely on the knowledge em-
bedded within an LLM. They have a standardised style but run the risk
of hallucinating information, which can lead to augmentation with false
information.

4.1.1 Why artist biographies

For augmentation to have a measurable impact, the underlying knowledge source
must provide sufficient coverage across the evaluation datasets. Song-level tex-
tual resources are often sparse, unevenly distributed, and frequently constrained
by copyright (e.g., lyrics).

Artist-level descriptions provide a more stable and widely available source
of contextual information, capturing stylistic, geographical, and historical at-
tributes that are relevant across multiple tracks.

Existing artist-level resources, such as Wikipedia pages or metadata col-
lections derived from the Million Song Dataset (e.g., MSD-Artist [34]), provide
useful contextual information, but each falls short of our requirements in specific
ways. Wikipedia’s notability criteria mean that the independent and long-tail
artists who dominate research datasets such as the Free Music Archive and Ja-
mendo are simply absent: when Wikipedia passages are retrieved for the artists
in our evaluation datasets, only 41.0% of samples obtain a usable biography over-
all, dropping to 7.2% on Jamendo-MoodTheme (we quantify this in Chapter 5,
Table 5.1). MSD-Artist inherits a related bias: it is anchored to the mainstream-
oriented Million Song Dataset, covers 36.5% of our evaluation samples overall
(0.8% on Jamendo-MoodTheme), and its descriptions are short (26 tokens on
average), limiting the semantic context they can provide. Both resources are
also fixed snapshots that cannot be extended to new artists appearing in a given
dataset. To address these issues, we construct two new artist biography corpora
designed to provide both high coverage across the artist populations actually
present in MIR benchmarks and controlled textual representations.

4.2 Proposed corpora

4.2.1 Web-scraped biographies
Corpus construction

To create this corpus, we collect artist biographies from platforms directly as-
sociated with the datasets used in our evaluation pipeline:

e https://jamendo.com

e https://freemusicarchive.org

e https://magnatune.com/
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These sources are selected for two reasons. First, they are the original sources
of the audio datasets used in this thesis, thereby maximising coverage and en-
suring direct alignment. Second, they provide publicly accessible, user-authored
artist pages, enabling the construction of a reproducible corpus.

An additional advantage of these sources is that they contain community-
authored biographies written for self-promotion. While this introduces vari-
ability and noise, it reflects realistic textual descriptions encountered in music
platforms and provides a complementary perspective to more structured or cu-
rated knowledge sources.

We leverage the exports provided by the services (Tarballs or SQLite DBs) to
extract the artists’ data. Our initial extraction collects 16,916 biographies from
the Free Music Archive [12], 754 from a DB export by MagnaTune!, and 1,508
from Jamendo [6]. This initial extraction retains all available fields, including
multilingual biographies, images, external links, and associated tags.

After extraction, we filter out biographies that are shorter than a full sen-
tence or consist only of non-informative content (e.g., emojis). We then dedupli-
cate entries by artist stage name, yielding a corpus of 18,912 artist entries with
an average length of 136.1 tokens and a standard deviation of 408.5 tokens.? As
Section 4.2.1 details, that average is taken over all entries, a majority of which
carry no biography text at all; conditioned on the entries that do carry text,
the mean is substantially higher.

The dataset metadata, including artist names, source identifiers, tags, and
external links, has been publicly released with the publication [43]2. The raw bi-
ography texts are not redistributed, as the underlying platforms provide content
under a mix of Creative Commons and platform-specific licences that do not
uniformly permit redistribution of textual content. The corpus can be repro-
duced by parsing the FMA metadata from [12], the Magnatune SQLite export?,
and the Jamendo API®. The extracted data can then be mapped back to the
provided corpus, and the statistics reported in this section are computed over
the collection recovered in this way.

Initial analysis

A key design choice in constructing this corpus is using the artist’s stage name
as the primary identifier for linking biographies to audio samples. This choice
is motivated by the need to maximise overlap across datasets, as each source
(e.g., Million Song Dataset, Jamendo, Free Music Archive) uses different internal

Thttp://magnatune.com/info/sqlite-normalized

2All token counts reported for both corpora in this chapter are computed with the
c1100k_base byte-pair encoding, the tokeniser of the gpt-3.5-turbo model used to build
the LLM corpus, applied to the raw stored text (including any HTML markup). We state the
tokeniser explicitly because subword tokenisers differ by 10-20% on this kind of text, and the
figures are therefore not comparable across tokenisers.

Shttps://github.com/fedingo/music_multimodal_augmentations/blob/main/models/
text_representation/data/author_corpus. json

4http://magnatune.com/info/sqlite-normalized

Shttps://api.jamendo.com
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identifiers.

However, this approach introduces two sources of ambiguity: (i) variation
in name spelling or formatting (e.g., acronyms, capitalisation), and (ii) the
presence of multiple artists sharing the same name.

To assess the first issue, we perform an edit-distance analysis to identify
potentially duplicated or closely matching artist names. We observe that for
names longer than five characters, no pairs exhibit small edit distances indica-
tive of likely duplication. Short names (fewer than six characters) produce a
higher number of false positives (e.g., “MAKO” vs “PAKQ”), and are therefore
excluded from this analysis. Overall, this suggests that spelling variation is not
a major source of duplication in the corpus.

The second issue, name ambiguity across distinct artists, cannot be fully re-
solved without access to external entity identifiers. In this work, we accept this
limitation and treat artist names as dataset-specific identifiers. This assumption
is justified by the fact that all datasets used in this thesis are point-in-time snap-
shots, in which artist names are consistently associated with the corresponding
audio. As a result, any ambiguity is likely to be systematic rather than random,
meaning that a given artist will either consistently match or consistently fail to
match across the pipeline.

This design prioritises coverage and simplicity over strict entity resolution,
which is consistent with constructing large-scale, reproducible corpora.

We report in Figure 4.1 examples of the resulting data objects.

As we can see from the 2 samples, the data contains the following fields:

e author_name: contains the artist name, used as a unique identifier to

link it to our dataset samples.

e biographies: contains a list of biographies from the different sources for
the artist.

e images: contains a list of URLs of images that were part of the data in
the original extraction.

e tags: contains a set of tags that were attached to the artist.

e unique_id: contains a list of string IDs coming from the different sources.
120 samples have 2 distinct IDs, and 4 samples have 3 distinct IDs (from
the three different sources).

e website: contains a list of URLs to personal websites of the artist.

A property worth discussing in this dataset is the heterogeneous distribution
of biographies. As we can see from Figure 4.1, some biographies are very in-
depth, while others contain only a few vague words. This is because they come
from a community effort, with no specific requirements or guidelines for what the
content must include. We quantify this heterogeneity in the following section.

Descriptive statistics

Because this heterogeneity is the defining property of the corpus, summary
means describe it poorly. This section characterises the collection in more detail,
since its sparsity and skew condition how the results in Chapters 5 and 6 should
be read.
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‘author_name’: ¢AWOL?’,

‘biographies’: [‘<p>A Way O0f Life, A Collective of Hip-
Hop from NJ................... </p>’71,

‘image’: [‘https://freemusicarchive.org/file/images/
artists/AWOL_-_2009113014453413.jpg’],

‘tags’: [‘awol’],

‘unique_id’: [‘1°],

‘website’: [‘http://www.AzillionRecords.blogspot.com’]

}

{‘author_name’: ‘Chandeliers’,

‘biographies’: [‘<p><span style="font-family:Verdana,
Geneva, Arial;font-size:xx-small;">Chandeliers drink the
same Chicagoland water that hydrates fellow
hyperrhythmic abstract electronic pop groups 1like
Mahjongg and Lazer Crystal. This water turns the
vibraphone of late-90s Chicago post-rock into a synth,
and adds a phat trigger to every drum. Chandeliers’
debut album <em>The Thrush</em> was recently released on
Pickled Egg (UK), and on the group’s own Obey Your
Brain imprint (co-run by Griffin of Icy Demons, also
home to Man Man and Need New Body). - Jason Sigal 2008</
span></p>\n<p><span style="font-family:arial, sans-serif
;font-size:13px;border-collapse:collapse;"><em>"A cut
from the lost Zapp album that was produced by Chris
Carter, ’Whip the Gift’ is ethereal, mournful robo-soul
at its ghost-in-the-shell finest... it is surely a
beauteous thing indeed. But it is not all machine-
grievance, the Chandeliers part of the EP also contains
the guaranteed boogie-splice euphoria of ’Sugarscoop’ -
which is not leaving 20 JFG’s bone encrusted DJ box for
the foreseeable future." <strong>20jazzfunkgreats music
blog</strong>. </em></span></p>’],

‘image’: [‘https://freemusicarchive.org/file/images/artists
/Chandeliers_-_2009113014608987 .png’],

‘tags’: [‘chandeliers’],

‘unique_id’: [€100°],

‘website’: [‘thechandeliers.com’]

}

Figure 4.1: Examples from the web-scraped artist biography corpus, illustrat-
ing the heterogeneity of content, structure, and metadata across sources. The
first example shows a short, minimally informative biography dominated by self-
identification and links. In contrast, the second example contains a long, multi-
paragraph description with embedded HTML formatting, stylistic markup, and
quoted external reviews. These examples highlight key properties of the corpus:
highly variable length and depth, mixed narrative and promotional content,
and inconsistent formatting. While this diversity reflects authentic community-
authored descriptions, it also introduces noise and sparsity of explicit biograph-
ical facts when used for representation learning.
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Length and sparsity. The most consequential property of the corpus is that
a majority of its artist entries carry no biography at all. Of the 18,912 dedupli-
cated entries, only 8,484 (44.9%) contain biography text. The remaining 10,428
(55.1%) are artists present in the platform exports, and therefore matchable
by name, for whom no usable description survived the filtering step described
above. We return to this distinction in Chapter 5, since the coverage figures
reported there record whether an artist is present in the corpus rather than
whether the corresponding entry carries text.

Figure 4.2 shows the length distribution across the 8,484 entries that do
carry text. On a logarithmic axis the distribution is approximately log-normal
with a pronounced right tail. Its mean is 303.3 tokens with a standard devia-
tion of 566.8, but the median of 166 tokens describes the typical entry better,
with quartiles at 77 and 349 tokens. The tail extends far beyond the bulk: the
90th percentile is 649 tokens, the 99th is 1,983, and the longest entry runs to
21,082. Text is correspondingly concentrated, with the longest 10% of biogra-
phies accounting for 44.0% of all text in the corpus. At the other end, 6.1% of
text-bearing entries fall under 20 tokens and 16.2% under 50, lengths at which
a biography states little more than a name and a city. Taken together with the
empty entries, only about 37.6% of artists in the corpus have a biography of at
least 50 tokens.

Web-scraped corpus (8,484 artists with biography text)

1
-==- median = 166

----- mean = 303

600 -

500 A

400 A

300 A

Number of artists

200 A

100 A

10° 10! 102 103 104
Biography length (tokens, log scale)

Figure 4.2: Length distribution of the web-scraped biography corpus, restricted
to the 8,484 artist entries that carry text; the remaining 10,428 empty entries
are excluded from the plot. The horizontal axis is logarithmic. The distribution
is heavy-tailed and right-skewed, with the mean (303 tokens) well above the
median (166 tokens). Compare with Figure 4.4, whose horizontal axis is linear
because the LLM-generated corpus is concentrated almost entirely at a single
length.
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Variation across sources. Table 4.1 summarises how the three platforms
differ. Source attribution is recovered from the platform-specific identifiers and
asset URLs retained during extraction; 82 entries (0.4%) could not be attributed
and are reported separately.

The Free Music Archive supplies most of the entries (16,881 after dedupli-
cation) but is also the sparsest, with fewer than two in five of its artists (39.6%)
having a biography, reflecting an open upload platform where writing an artist
page is optional. MagnaTune contributes only 730 artists, but every one has
a biography and these are the longest on average (443.6 tokens, median 348),
as expected of a curated label roster where an editorial description forms part
of the catalogue entry. Jamendo sits between the two, describing 84.9% of
its 1,219 artists with the widest dispersion of the three sources. Corpus com-
position and text availability are therefore coupled to the source: the platform
contributing 89% of the artist names supplies a much smaller share of the actual
text. Because the evaluation datasets draw on these same platforms in different
proportions, this coupling propagates into the per-dataset coverage differences
reported in Chapter 5.

Source Artists With text | Mean | Median | P90 Max
Free Music Archive | 16,881 [ 6,686 (39.6%) | 265.6 148 | 568 | 12,794
MagnaTune 730 [ 730 (100.0%) | 443.6 348 | 844 2876
Jamendo 1219 [ 1,035 (84.9%) | 4484 201 [ 1,015 | 21,082
Unattributed 82 33 (40.2%) | 2732 93 [ 722 2824

[ Al | 18,912 [ 8,484 (44.9%) | 303.3 | 166 [ 649 [ 21,082 |

Table 4.1: Composition of the web-scraped corpus by source platform. “With
text” counts artist entries carrying a non-empty biography after filtering; length
statistics, in tokens, are computed over those entries only. The platforms differ
substantially in how often a biography exists and how long it is when it does.

Formatting, multiplicity, and language. Formatting adds a further source
of noise: 7,703 entries (90.8% of those carrying text) contain embedded HTML
markup inherited from platform pages that store descriptions as rendered web
content, and the markup is stripped before the text is used as a representation.
A further 531 artists are associated with more than one biography, either be-
cause they appear on multiple platforms or because a platform stores several
descriptions; these are concatenated, with longer passages given priority.

Since the extraction applies no language filter, the corpus is also multilin-
gual. Automatic language identification over the text-bearing entries assigns
90.4% to English and 7.0% to another language across 26 languages, the largest
groups being French (3.1%), Spanish (0.9%), German (0.7%), Russian (0.6%),
and Ttalian (0.5%); the remaining 2.6% are too short or too noisy to identify
reliably. We retain the non-English entries rather than filtering them, since
discarding them would reduce coverage precisely for the independent and non-
anglophone artists the corpus is meant to reach. The trade-off is that a text
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encoder pretrained overwhelmingly on English will extract a weaker signal from
them than their length suggests. At 7% of text-bearing entries this is too small
a fraction to alter the conclusions of later chapters, but it contributes to the
noise in this representation and compounds the popularity and regional biases
discussed in Chapter 7.

4.2.2 LLM-based biographies

While the web-scraped biographies provide high-coverage, community-authored
descriptions, they exhibit substantial variability in length, structure, and seman-
tic content. This heterogeneity reflects the open-ended nature of self-authored
promotional text, but introduces uncontrolled noise when used as a component
of a music representation.

To complement this, we construct a second corpus of artist biographies gen-
erated using a large language model (LLM), with the explicit goal of producing
controlled textual representations. In contrast to web-scraped content, the ob-
jective is not to maximise diversity but to standardise style, length, and seman-
tic structure, yielding concise, homogeneous descriptions that encode high-level
musical and contextual information.

Corpus construction

We construct this corpus by collecting the set of unique artist names appearing
across all datasets in the evaluation pipeline (Chapter 3). Each artist’s name
is used as the sole input to the generation process, ensuring that the result-
ing biographies are independent of dataset-specific metadata and reflect only
information associated with the artist’s identity.

We employ a simple prompting strategy to generate concise, encyclopedic-
style biographies (Figure 4.3). We intentionally avoid complex prompt engi-
neering to maintain a consistent and reproducible generation process. All bi-
ographies are generated using gpt3.5-turbo [37], with a maximum generation
length of 128 tokens, a sampling temperature of 0.7, and all other decoding
parameters left at their API defaults.

This prompt is intentionally minimal and task-agnostic. It encourages the
model to produce general-purpose biographical descriptions without biasing the
output toward specific MIR tasks or attributes. Moreover, keeping the prompt
simple reduces variability introduced by prompt engineering and improves re-
producibility, ensuring that differences observed in downstream experiments can
be attributed to the text itself rather than to prompt design choices.

The generation process produces 8,614 biographies, with an average length
of 123.9 tokens and a standard deviation of 17.3 tokens. Compared to the web-
scraped corpus, whose text-bearing entries exhibit a standard deviation of 566.8
tokens (Section 4.2.1), this indicates a far more consistent length distribution.
All generated biographies are in plain text, without formatting or stylistic an-
notations, and every artist name submitted to the generator returns an entry,
so the corpus has no empty records.
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{
"system":
"T am a music expert specialising in music biographies.",
"user":
"Generate a 100-word biography of the music artist
##ARTIST NAME##:"
X

Figure 4.3: Prompt used to generate the LLM biographies

Length distribution. Figure 4.4 shows what this consistency actually con-
sists of, and the shape is not that of a naturally uniform corpus. The distribution
is not centred on a typical length but concentrated in a single spike at the gener-
ation limit: 7,942 of the 8,614 biographies (92.2%) reach exactly the 128-token
cap, and 86.4% end without terminal punctuation, that is, mid-sentence. The
homogeneity of this corpus is imposed by the decoding constraint rather than
discovered by the model, and the low standard deviation reflects a ceiling rather
than agreement about how much there is to say. The truncation visible in the
first example of Figure 4.5 is thus the modal case rather than an occasional
blemish.

The 672 biographies below the cap are those for which the model genuinely
had less to say. Around a third (213) are the refusal responses discussed below,
which are short by nature at a median of 51 tokens; the other 459 are brief but
genuine descriptions averaging 85.6 tokens, typically for artists the model could
identify only partially. The shortest entry runs to 20 tokens.

The length homogeneity of this corpus is therefore real but shallow: it de-
livers a predictable input size for the encoder, which is what the design was
aiming at, but it does not indicate that the biographies contain comparable
amounts of information. Because generation also stops at a fixed budget rather
than at a natural endpoint, what survives is whatever the model stated first.
Since the prompt requests an encyclopedic summary, this favours the opening
conventions of that genre, such as origin, formation date, and genre affiliation,
over later material such as influences or discography. That is convenient for
the Wikidata-grounded evaluation in Section 4.3, whose target properties are
drawn from precisely those conventions, and a further reason to read its results
as favourable to this corpus by construction.

Initial analysis

As in the web-scraped corpus, we use the artist’s stage name as the primary
identifier to link biographies to audio samples. The same set of artist names is
used across both corpora to maximise overlap. However, in the LLM setting,
this design introduces an additional source of ambiguity, as the model must
implicitly resolve the artist’s identity from the provided name alone.

Figure 4.5 illustrates typical examples from the generated corpus. These
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LLM-generated corpus (8,614 artists, 128-token generation cap)
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Figure 4.4: Length distribution of the LLM-generated biography corpus. The
vertical axis is logarithmic, without which the sub-cap tail would be invisible.
Unlike the broad, heavy-tailed web-scraped distribution in Figure 4.2, this cor-
pus is concentrated almost entirely at a single value: 92.2% of biographies reach
the 128-token generation cap and are truncated mid-generation. The dispersed
lower mass consists of refusal responses and short descriptions for artists the
model could only partially identify.

examples highlight three key properties of the LLM-generated biographies.

First, the generated text is highly homogeneous in structure and style. Most
biographies follow a concise, encyclopedic format, consistently encoding at-
tributes such as origin, genre, and career milestones. This reflects the intended
design of producing controlled textual representations.

Second, the generation process exhibits truncation effects. As quantified
above, the 128-token limit is reached by 92.2% of biographies, so ending abruptly
is the norm rather than the exception, and the model would clearly have pro-
duced longer outputs if unconstrained. This enforces a consistent upper bound
on text length, the property the design was aiming for, at the cost of leaving
most descriptions grammatically incomplete.

Third, the model occasionally produces refusal responses when the artist
name cannot be confidently resolved (e.g., “SMAQO”). These cases highlight a
useful property of LLM-based generation: instead of hallucinating arbitrary
content, the model may abstain when insufficient information is available. We
identify refusals by matching biographies containing phrases such as “not a
known”, “no information”, or “cannot generate”, yielding 216 refusal cases out
of 8,614 generated biographies (2.5%).

Despite these desirable properties, the approach introduces a significant risk
of entity ambiguity and hallucination. When multiple artists share the same
name, the model tends to default to the most prominent entity, potentially
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‘author_name’: ‘The Trammps’,

‘biography’: ‘The Trammps were an American disco and soul
group from Philadelphia, Pennsylvania. Formed in the
early 1970s, the group consisted of lead singer Jimmy
Ellis, Harold Doc Wade, Stanley Wade, Robert Upchurch,
and Earl Young. They were known for their energetic and

danceable music, featuring strong vocals and funky
beats. The Trammps achieved great success in the disco
era with their hit songs "Disco Inferno" and "That\’s
Where the Happy People Go." They also received a Grammy

Award for "Best R&B Vocal Performance by a Group" for
their hit single "Disco Inferno." The Tr’

‘author_name’: ‘Eminem’,

‘biography’: ‘Eminem, born Marshall Bruce Mathers III in 1
972, is an American rapper, songwriter, and record
producer. He rose to fame in the late 1990s with his
debut album, "The Slim Shady LP," which won him a
Grammy Award for Best Rap Album. Eminem’s music often
reflects on his troubled upbringing, struggles with
addiction, and relationships with women. He is also
known for his controversial lyrics, which have been
criticised for their violent and misogynistic content.
Despite this, Eminem has become one of the most
successful and influential hip hop artists of all time,

with over 150 million records’

‘author_name’: ‘SMAO’,

‘biography’: ‘Unfortunately, as an AI language model, I
cannot generate a biography for SMAO as I am not aware
of any music artist or band by that name. Could you
provide me with more information or context about SMAO?

Such as their genre, nationality, or any notable
achievements or events in their career? I’1ll be happy
to assist you in writing a compelling biography.’

Figure 4.5: Examples from the LLM-generated artist biography corpus, illus-
trating typical generation behaviours and failure modes. The first two examples
show concise, encyclopedic-style summaries that follow a consistent narrative
structure and explicitly encode biographical attributes such as origin, genre,
and career milestones. The third example illustrates a refusal case, where the
model declines to generate a biography due to insufficient information associated
with the provided artist name. Across examples, the biographies are homoge-
neous in style and length and free of formatting noise, but they remain sensitive
to name ambiguity and truncation effects due to token limits.
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generating incorrect but plausible biographies. This issue is inherent to name-
based conditioning and motivates the factual evaluation presented in Section 4.3.
A related concern is the relationship between this corpus and encyclopedic
sources such as Wikipedia. Since Wikipedia forms part of the training data
of most large language models, the generated biographies of well-documented
artists are likely to paraphrase Wikipedia-like content. For prominent artists,
then, this corpus is better regarded as a reformatted, uniformly styled projection
of encyclopedic knowledge than as an independent source; its distinctive value
lies in extending that projection to the long-tail artists for whom no Wikipedia
page exists. This overlap also has consequences for any evaluation grounded in
Wikipedia-derived resources, which we take up in Section 4.3.

4.3 Factual accuracy analysis

To assess the reliability of the two corpora we have described, we construct a
question-answering benchmark to evaluate the factual content encoded in the
biographies. To achieve our goal, we leverage WikiData as a source of facets of
our artists.

We start by selecting all 4,089 artists that appear in both datasets. From
this set, we filter out all artists with empty or non-English biographies, yielding
a list of 1,822 artists. We then use the Wikidata API to retrieve the associated
Wikidata entity. Based on these results, we filter out any results unrelated
to music groups or musical professions. We obtain a corpus with 384 artists’
entities. This collection has been publicly released.®

Using the retrieved entities, we construct the question-answering corpus us-
ing the following attributes of the Wikidata entities, if present in the objects:

e Inception: What year was this group created?

Start of work period: What year did this artist start to produce music?
Country of origin: From which country is this group from?

Place of birth: Where was this artist born?

Genre: What genre does this artist produce?

Instrument: What instrument does this artist use?

Members: Who are the members of this band?

This process produces a list of 1,164 questions to assess the content of the
proposed corpora. We then choose BLEU as our evaluation metric.

4.3.1 Question answering evaluation

To quantify how much factual information is encoded in each corpus, we compare
the answers extracted from biographies with ground-truth values obtained from
Wikidata. This evaluation is not intended to assess linguistic quality, but rather
to measure the extent to which biographies contain explicit, retrievable factual
content.

Shttps://github.com/fedingo/music_multimodal_augmentations/blob/main/wikidata_
artists. json
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For this purpose, we use BLEU as a token-level overlap metric between the
extracted answer § and the ground-truth answer y. Although BLEU was origi-
nally introduced for machine translation, it provides a simple and interpretable
proxy for measuring lexical agreement in short text spans:

BLEU,(j;y) := exp (Z Wy, lnpn(z);y)> : (4.4)

n=1

In our setting, answers are typically very short (often single tokens or short
phrases), making higher-order n-gram matching unreliable. Therefore, we use a
unigram configuration (w; = 1), effectively reducing BLEU to a precision-based
measure of token overlap. This choice reflects the nature of the task: we are
primarily interested in whether the correct factual tokens (e.g., country names,
years, genres) are present in the extracted answers. Unlike exact match, BLEU-
1 also assigns partial credit to approximately correct answers. For example, if
the ground-truth place of birth is a specific town in Scotland, but the extracted
answer is simply “Scotland”, the Exact Match would score this as zero, whereas
BLEU-1 captures the partial overlap.

Alternatives considered. Two alternatives were considered before settling
on BLEU-1, and the resulting choice has limits that we state alongside them.

The first was Exact Match, the conventional metric for short-answer ques-
tion answering. It was rejected for the reason illustrated above: the quantity
we are trying to measure is whether a biography contains a given fact, and the
granularity at which a biography states a fact rarely matches the granularity
at which Wikidata records it. Wikidata stores place of birth as a municipality,
whereas a biography typically states a country or region; Wikidata stores an
inception year, whereas a biography may say “the early 1970s”. Under Exact
Match, a biography that correctly locates an artist in Scotland scores identically
to one that says nothing at all, which would systematically understate the fac-
tual content of exactly the descriptive, narrative register that the web-scraped
corpus is written in. Since the comparison of interest is between corpora of
different registers, a metric that penalises one register categorically would con-
found the result. BLEU-1 assigns partial credit in these cases and therefore
separates “imprecise” from “absent”.

The second was human evaluation, which would have been the more infor-
mative option: a human judge can assess whether an answer is factually correct
rather than lexically overlapping, and could distinguish a genuine statement of
a fact from a plausible inference by the QA model, a distinction we can only flag
qualitatively below. It was rejected on cost. Judging 1,164 questions against
three corpora requires roughly 3,500 judgements per annotator, and a defensi-
ble protocol would require multiple annotators and an agreement analysis. This
was not feasible within the scope of this evaluation, which is one component of
a larger experimental programme rather than its main object.

We note that this was a pragmatic choice rather than the outcome of a
systematic metric study, and we did not empirically compare BLEU-1 against
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other automatic alternatives such as token-level F1, ROUGE, or embedding-
based similarity measures. BLEU-1 has known weaknesses in this setting: as a
precision-based measure it does not penalise verbose answers, and as a lexical
measure it cannot recognise a correct answer expressed in different words (e.g.
“UK” for “United Kingdom”). Its role here is therefore deliberately limited.
The absolute BLEU-1 values are not meaningful in isolation and we do not
interpret them as accuracy; what the evaluation supports is the relative com-
parison across corpora, since all three are scored by the same extractor against
the same questions with the same metric. Any residual bias from the metric
applies uniformly across the compared corpora, and the qualifications we raise
when interpreting the results in Section 4.3.2 are concerned with effects (en-
tity ambiguity, inference by the extractor, evaluation-set bias) that a different
automatic metric would not have removed.

Choice of answer extractor. To extract answers from the biographies, we
use the UnifiedQA-3B model [24] in an extractive setting. We required a strong,
well-established extractive QA model: one that reads a supplied passage and
returns a span or short phrase grounded in it, rather than composing an answer
from its own knowledge. UnifiedQA is trained across a range of QA formats and
was a widely used and reliable choice at the time, and its extractive framing
means that when the biography does not contain the requested fact, the model
has no supported answer to return.

We also considered using a general-purpose instruction-following LLM (specif-
ically ChatGPT) as the answer extractor, and rejected it. The risk is structural
rather than incidental: such a model has extensive parametric knowledge about
the very artists we are asking about, and that knowledge is precisely the quan-
tity the protocol is designed to measure in the text. Asked “From which coun-
try is this group from?” with a biography that never mentions a country, an
instruction-following model can answer correctly from memory, and the result-
ing score would report what the model knows rather than what the biography
encodes, collapsing the distinction the entire evaluation rests on. This concern
is sharpened by the fact that one of the corpora under evaluation was itself
generated by a model of that family. UnifiedQA-3B is smaller and extractively
framed, and is therefore substantially more likely to return only what the pro-
vided biography supports.

This mitigates, but does not eliminate, the risk of knowledge leakage: as we
show in Section 4.3.2, UnifiedQA still occasionally produces a plausible inference
(“Scotland” from “Scottish-American”, or a default of “guitar” for an unstated
instrument) rather than an extracted span. We treat this as a known upper-
bound bias affecting all three corpora rather than a resolved problem, and return
to it when interpreting the results.

In addition to the two corpora proposed in this chapter, we include MSD-
Artist as a reference baseline in the factual evaluation. MSD-Artist is an artist-
level metadata resource distributed with the Million Song Dataset, containing
short descriptive text associated with artists. Although it is not constructed as
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a biography corpus, it provides a useful point of comparison with an existing
artist-level textual source.

4.3.2 Experimental results

Web-scraped | LLM-based | MSD-Artist
Property Count BLEU1 BLEU1 BLEU1
Inception 158 24.2 56.3 26.4
Start of work 260 17.2 43.5 19.2
Country of origin 227 46.8 61.7 42.3
Place of birth 79 17.1 28.5 15.8
Genre 278 23.4 36.9 16.1
Instrument 79 33.7 38.1 19.3
Members 83 23.4 33.7 13.7
Overall 1164 27.0 45.1 23.3

Table 4.2: Evaluation of the factual correctness of the LLM-generated biogra-
phies, Web-scraped biographies and MSD-Artist. The MSD-Artist dataset is a
collection provided with the Million Song Dataset and is used as a baseline.

Table 4.2 reports the results of the factual evaluation across the web-scraped,
LLM-generated, and MSD-Artist corpora. Overall, the LLM-based corpus achieves
consistently higher BLEU-1 scores across all properties, with an average im-
provement of 18.1 BLEU points over the web-scraped corpus. This indicates that
LLM-generated biographies contain a higher proportion of Wikidata-aligned fac-
tual tokens. However, these results must be interpreted with care, as several
factors influence the observed performance.

First, the corpora differ fundamentally in their construction objectives. Web-
scraped biographies are user-generated and primarily serve self-promotional pur-
poses. As a result, they often omit canonical biographical facts (e.g., dates,
locations, formal career milestones), instead emphasising stylistic descriptions
and narrative context. This is reflected in low BLEU scores for properties such
as Inception, Start of work period, and Place of birth, where the relevant in-
formation is typically absent rather than incorrect. In this setting, low BLEU
scores primarily indicate limited factual coverage.

The MSD-Artist corpus provides an additional point of comparison. As a
curated metadata resource, it contains concise descriptions focused on high-
level stylistic attributes. While it performs comparably on coarse categories
such as genre, it lacks detailed factual information, resulting in lower scores
for temporal and locational properties. This highlights that curated metadata,
while informative, is not designed to provide comprehensive factual grounding.

In contrast, the LLM-generated biographies are explicitly prompted to pro-
duce concise, encyclopedic-style summaries. This encourages the inclusion of
standard biographical attributes (e.g., origin, genre, membership), which align
closely with Wikidata facets. Consequently, the LLM corpus achieves substan-
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Question 1: Where was David Byrne born?

Target 1: Dumbarton

Question 2: In what year did David Byrne start to produce music?
Target 2: 1973

Question 3: What instrument does David Byrne use?

Target 3: [Guitar, Voice]

Web Biography:

David Byrne (born May 14, 1952) is a Scottish-American
musician and artist perhaps best known as a founding
member and principal songwriter of the new wave band
Talking Heads, which was active between 1974 and 1991...
Answer 1: Scotland

Answer 2: 1972

Answer 3: Guitar

ChatGPT Biography:

David Byrne is a Scottish-American singer, songwriter,
and musician, best known as the frontman of the iconic
new wave band Talking Heads. Born in 1952 in Dum-
barton, Scotland... In 1975, he formed Talking Heads...
Byrne’s distinctive vocals, quirky lyrics, and...

Answer 1: Dumbarton, Scotland

Answer 2: 1975

Answer 3: Vocals

Figure 4.6: Question-answering examples for the artist David Byrne, illus-
trating different sources of error and inference in the factual analysis. The
web-scraped biography does not explicitly state the artist’s place of birth, yet
the QA model infers a country-level answer (“Scotland”) from the descriptor
“Scottish-American”. For the Start of the work period, all sources provide
slightly different years, highlighting inconsistencies across knowledge sources,
even for well-documented artists. Finally, when the instrument is not explicitly
mentioned, the QA model defaults to a stereotypical inference (“guitar”). In
contrast, the LLM-generated biography explicitly mentions “vocals”, leading to
a different but still plausible answer.
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Question: Where was John Williams born?
Target: The Bronx

‘Web Bios:

I'm a guitar player, mostly electric, steel string acous-
tic too. I do session work, songwriting, and production
projects. I have a well-outfitted home studio for songwrit-
ing and some production, and I also work with a nationally

acclaimed pro studio here in Seattle...
UnifiedQA Response: Texas

ChatGPT Bio:

John Williams is a legendary American composer, con-
ductor, and pianist who was born in New York City in
1932. He is widely regarded as one of the greatest film
composers of all time, having written scores for over 100

films, including iconic works such as Jaws, Star Wars...
UnifiedQA Response: New York City

MSD-A:

There are at least five artists with this name: (1) John
Towner Williams (film score composer), (2) John Christo-
pher Williams (classical guitarist), (3) John Williams
(Irish musician), (4)...

UnifiedQA Response: England

Figure 4.7: Question-answering examples for the artist name John Williams,
illustrating the impact of entity ambiguity on factual evaluation.
scraped biography corresponds to a local musician unrelated to the film com-
poser, leading the QA model to produce an incorrect answer.
generated biography collapses the ambiguous name to the globally prominent
film composer, yielding a plausible but mismatched entity. The MSD-Artist
metadata explicitly lists multiple artists sharing the same name, producing yet
another conflicting answer. The MSD-Artist result is reported as a reference

with an existing dataset from Oramas et al. [34].
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tially higher scores for these properties, particularly for Inception (+32.1), Start
of work period (+26.3), and Country of origin (+14.9). These gains suggest that,
for well-identified artists, the model reproduces widely documented facts with
reasonable accuracy.

Second, the evaluation set is biased toward well-documented artists. Of
the 384 evaluated entities, 312 have corresponding Wikipedia pages. Since
Wikipedia content overlaps with LLM training data, this creates favourable con-
ditions for the LLM-based corpus, the leakage effect anticipated in Section 4.2.2.
As a result, the observed improvements are partly attributable to alignment be-
tween the evaluation source (Wikidata/Wikipedia) and the model’s training
distribution, limiting generalisability to less prominent artists.

Third, the extractive QA process introduces additional uncertainty. Al-
though UnifiedQA-3B is used to minimise knowledge leakage, it may still infer
plausible answers when the biography does not explicitly contain the required
information. Figure 4.6 illustrates both cases: the model infers a country of ori-
gin from the descriptor “Scottish-American”; and defaults to “guitar” where no
instrument is stated. In such cases, non-zero BLEU scores may reflect plausible
inference rather than explicit factual content.

Finally, name ambiguity remains a critical source of error. As illustrated
in Figure 4.7, ambiguous artist names (e.g., “John Williams”) can lead to mis-
matched entities across sources. LLM-generated biographies tend to default to
the most prominent entity, while web-scraped biographies may refer to local or
unrelated artists. This limitation is inherent to name-based conditioning and
highlights the need for caution when using artist names as identifiers.

Overall, this analysis shows that LLM-generated biographies encode denser
and more standardised factual content, but this advantage is driven in part by
alignment with encyclopedic knowledge sources and by dataset bias. Impor-
tantly, higher factual overlap does not necessarily imply greater usefulness for
downstream MIR tasks. These findings motivate the evaluation in Chapter 5,
where representations are assessed directly on music understanding tasks rather
than proxy factual metrics.

RQ1 (Resource) hypothesised that artist-level information is abundant enough
online to be aggregated through web scraping and synthesised with large lan-
guage models, producing corpora that cover the majority of artists in standard
MIR datasets (Chapter 1). These results confirm that artist biographies can be
scalably constructed using web scraping and large language model generation,
achieving consistently high coverage across all evaluation datasets. However,
the analysis also reveals that scalability comes with trade-offs the hypothesis
did not anticipate: LLM-generated biographies are more homogeneous and fac-
tually dense, but susceptible to entity ambiguity, while web-scraped biographies
offer greater diversity at the cost of sparsity and noise. The reliability com-
ponent of RQ1 is therefore only partially satisfied, a nuance we return to in
Chapter 7.
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4.4 Contributions

This chapter makes the following contributions to music representation augmen-
tation in music information retrieval.

Two reproducible artist biography corpora for MIR. We construct and
make available two large-scale, artist-level textual corpora:
e A high-coverage collection of web-scraped, community-authored biogra-
phies, and
e A corpus of concise, homogeneous biographies generated using a large
language model.
Both corpora are aligned with common MIR benchmarks and designed to en-
able reproducible multimodal research. As described in Section 4.2.1, the web-
scraped corpus is distributed as metadata together with the procedure needed
to reconstruct its text, since the source platforms’ licences do not uniformly
permit redistribution of the biographies themselves.

A factual evaluation framework for textual knowledge sources. We
propose a Wikidata-grounded evaluation protocol based on extractive question
answering to assess the factual content of artist-level text independently of
downstream task performance. This framework enables controlled, quantita-
tive comparison of heterogeneous knowledge sources along dimensions such as
coverage and factual alignment.

An empirical analysis of community-authored vs LLM-generated knowl-
edge. We show that LLM-generated biographies encode denser, more stan-
dardised factual information for well-documented artists, while web-scraped bi-
ographies provide broader stylistic diversity but sparser factual content. This
analysis highlights the trade-offs between realism, coverage, and factual consis-
tency, and motivates their complementary use in downstream MIR tasks.

4.5 Summary

This chapter introduces and analyses two textual corpora for artist-level knowl-
edge augmentation in music representation learning: a web-scraped corpus of
community-authored biographies and a corpus of biographies generated using a
large language model. Both are designed to address limitations of existing tex-
tual resources in MIR, particularly with respect to coverage, availability, and
reproducibility.

Our analysis highlights a fundamental trade-off between these sources. The
web-scraped corpus provides broad coverage and reflects the diversity of real-
world artist descriptions, but often lacks explicit factual information. In con-
trast, the LLM-generated corpus produces more homogeneous, encyclopedic-
style text that encodes a higher proportion of verifiable facts for well-documented
artists, while remaining susceptible to entity ambiguity and hallucinations.
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To characterise these differences, we introduce a Wikidata-grounded factual
evaluation framework based on extractive question answering. This analysis
shows that higher factual alignment does not necessarily imply greater suit-
ability for downstream MIR, tasks; rather, it reflects differences in the type of
information encoded by each corpus.

Overall, this chapter establishes both the potential and the limitations of
using artist-level textual knowledge for music representation learning. These
findings motivate the next chapter, where we evaluate how different textual
sources interact with audio representations in multimodal settings.



Chapter 5

Comparing music
representations

Chapter 3 introduced the evaluation framework for music representations, and
Chapter 4 described the construction of two corpora of artist biographies. Build-
ing on these foundations, this chapter presents a systematic comparison of audio
representations, augmented textual representations, and their multimodal inte-
gration. We show that combining audio with aggregated textual representations
yields consistent gains across five of the six evaluated tasks and datasets.

The central objective of this chapter is to assess whether incorporating ex-
ternal knowledge provides measurable and consistent benefits across music in-
formation retrieval (MIR) tasks. To this end, we evaluate multiple represen-
tation variants within a unified experimental framework, enabling controlled
comparison across the genre classification, emotion recognition, and music tag-
ging benchmarks.

Our analysis shows that augmented textual representations encode semantic
information that is complementary to audio features. Although textual repre-
sentations alone are often insufficient to match audio-only performance, aggre-
gating and integrating them within a multimodal model improves performance.
Through controlled ablation studies, we further examine the extent to which
these improvements can be attributed to architectural capacity, metadata us-
age, or explicit genre cues.

The remainder of this chapter is structured as follows. We first define the
evaluated representations and discuss their coverage across datasets. We then
present results for individual and aggregated representations, followed by multi-
modal experiments and comparison with representative models from the litera-
ture. Finally, we conduct a series of ablation studies to analyse the contribution
of each component of the proposed approach.

60
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5.1 Evaluated representations

In Chapters 3 and 4, we define music representations and their augmentation
with external knowledge. We now describe in detail the specific representations
evaluated in this chapter.

5.1.1 Audio and metadata music representations

These representations rely solely on the information contained in the multi-
modal triplet (w,z:,z,), and can therefore be expressed as instances of the
transformation g.

Audio - Mel spectrogram

As described in Section 3.1, Mel Spectrograms are a well-established method to
represent audio in MIR and speech recognition. In this case, the transformation
is defined as:

g(w, z¢, x,) = mel_spectrogram(w). (5.1)

Text - title and artist

A simple textual baseline is obtained by formatting the title and artist metadata
into a fixed template. This is another baseline that allows us to understand the
impact of biographies better. The transformation is defined as:

g(w, z¢, x,) = template(xy, k) = “Title: xy, Artist: x,”. (5.2)

Text - lyrics

This representation has been studied in prior work [13]. While lyrics are typi-
cally obtained from external corpora, we instead use a speech recognition system
to transcribe them directly from audio. This choice leads to noisier transcrip-
tion, but allows us to keep this approach reproducible. The system used for
these transcriptions is “whisper-large”. The transformation is defined as:

g(w, z¢, 24) = transcribe(w). (5.3)

This representation has some sparsity issues, as not all tracks contain vocal
content (e.g., instrumental music). We report the coverage for each dataset in
our evaluation pipeline in Section 5.1.3.

5.1.2 Artist-biography augmented music representations

These representations leverage an artist-mapping method to expand the repre-
sentation with a biography of the sample’s artist. Each corpus provides artist-
level biographical information associated with music samples via the artist-to-
biography mapping function ky(z,). We define our augmented transformation
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as:

J(w, x4, 0, kp(z,)) = template(kb(ma)) = “Biography: ky(z,)”, (5.4)
where ky(x,) returns the biography associated with artist z,.

Each of these corpora differs in terms of source, level of curation, and gen-
eration process, allowing us to assess the impact of different forms of external
knowledge on downstream MIR tasks.

o KILT. We use the Wikipedia corpus distributed within the KILT bench-
mark [38] as a source of biographical information. For each artist, a re-
trieval system is used to obtain a candidate passage. To mitigate noise
introduced by unrelated or ambiguous retrievals, we apply a simple heuris-
tic that checks whether the artist’s name appears in the retrieved passage.
If the artist is not explicitly mentioned, the passage is discarded, and the
representation is treated as missing. On average, biographies retrieved
using this approach contain 43 tokens.

e MSD-Artist. As a comparison point, we use the MSD-Artist corpus
released by Oramas et al. [34], which provides curated Wikipedia biogra-
phies aligned with artists in the Million Song Dataset. Artists in our
evaluation datasets are mapped to this corpus when possible. The MSD-
Artist collection contains biographies for 27,641 artists, and the resulting
representations average 26 tokens in length in our experimental setting.

e Web-scraped Biographies. We use the community-curated, web-scraped
biography corpus introduced in Section 4.2.1. This corpus is derived from
publicly available artist descriptions created by online music communi-
ties and fans. Unlike Wikipedia-based sources, these biographies often
emphasise stylistic traits, influences, and genre descriptors, providing a
complementary form of external knowledge.

e LLM-generated Biographies. Finally, we evaluate a corpus of artist
biographies generated using a large language model, as described in Sec-
tion 4.2.2. These biographies are generated by prompting the model to
produce concise, descriptive summaries of artists, capturing high-level se-
mantic information in a controlled and standardised format.

Together, these four corpora allow us to compare automatically retrieved,

community-generated, and model-generated external knowledge sources under
a unified representation framework.

5.1.3 Representation coverage

As discussed in Section 4.1, coverage is a key factor when evaluating augmented
representations. In this section, we define and report the representation coverage
of all proposed representations across the evaluated tasks.

We define representation coverage as the ratio of samples for which a
representation produces a non-empty output:

1 N
coverage(g) = — Z [g(z:) # 0], (5.5)
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GTZAN | FMA-S | EmoM | Deezer | MTAT | Jam-MT | Overall
Title-Artist 91.1% 99.8% 99.7% 99.9% 99.9% 99.9% 98.4%
Lyrics 66.0% 63.7% 45.8% 84.0% 43.4% 28.0% 55.2%
KILT 88.2% 20.3% 19.9% 82.2% 28.1% 7.2% 41.0%
MSD-Artist 82.4% 5.0% 7.7% 98.2% 25.0% 0.8% 36.5%
Web-Bio 13.9% 100.0% 93.0% 3.8% 76.8% 84.9% 62.1%
LLM-Bio 90.3% 96.9% 98.4% 99.7% 98.7% 94.5% 96.4%

Table 5.1: Representations coverage for each dataset in the evaluation pipeline.

where () is defined as the empty representation. In practice, this definition co-
incides with corpus coverage for augmented representations, while remaining
applicable to all representation types considered in this work. We omit au-
dio coverage, as audio is available for all samples by construction (i.e., 100%
coverage).

Table 5.1 shows substantial variability in coverage across both datasets and
representation types. While title-artist metadata and LLM-generated biogra-
phies achieve near-complete coverage by construction, other representations ex-
hibit patterns that depend strongly on dataset composition and the source of
external knowledge. These differences are critical for interpretation, as perfor-
mance must be considered in light of the proportion of samples for which each
representation is available.

Coverage for the lyrics representation reflects the presence of vocal content
in each dataset. Datasets such as Jamendo-MT and MTAT, which contain a
high proportion of instrumental tracks, exhibit particularly low coverage. This
highlights that lyrics capture specific properties related to vocal presence rather
than providing a general-purpose representation.

Wikipedia-based representations (KILT and MSD-Artist) exhibit similar
coverage patterns across datasets, reflecting their shared reliance on encyclo-
pedic sources that emphasise well-known artists. This effect is particularly pro-
nounced for the Deezer dataset, which is derived from the Million Song Dataset
and therefore aligns closely with MSD-Artist coverage. More broadly, these rep-
resentations achieve high coverage on datasets dominated by mainstream artists
but perform poorly on collections that emphasise independent or long-tail music.

In contrast, the Web-scraped biography corpus exhibits complementary cov-
erage behaviour relative to Wikipedia-based sources. Datasets such as FMA-
Small and EmoMusic, which emphasise independent artists and community-
curated collections, show high coverage under the Web-Bio representation while
exhibiting limited coverage under Wikipedia-based augmentations. This com-
plementarity highlights how different external knowledge sources reflect distinct
musical ecosystems and artist populations.

One qualification applies to the Web-Bio row. Coverage here records whether
the sample’s artist is present in the corpus, and as Section 4.2.1 shows, presence
in the web-scraped corpus does not guarantee that the entry carries text. Re-
quiring a non-empty biography lowers the overall figure from 62.1% to 56.5%,
and on FMA-Small, where every artist is matched, from 100% to 74.4%; the
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other corpora are unaffected, since they return text whenever they return a
match.

Finally, LLM-generated biographies provide consistently high coverage across
all datasets, independent of artist popularity or corpus overlap. This uniform
availability distinguishes them from all other external knowledge sources con-
sidered in this thesis and makes them particularly appealing from a scalability
perspective. The residual gaps below 100% coverage are not a property of the
generation process itself, but an artefact of the batch generation run: they cor-
respond to artists for which the API call repeatedly failed to complete (transient
service errors, timeouts, and rate-limit failures encountered while iterating over
the artist list). Because the generation procedure is conditioned only on the
artist name, and every evaluation sample carries one, these gaps could in prin-
ciple be closed simply by re-issuing the failed calls. We report the corpus as it
was generated and released, rather than retrospectively patching it, so that the
coverage figures correspond exactly to the publicly distributed resource.

It is worth being precise about what is counted as covered here. The refusal
responses characterised in Section 4.2.2 (216 of 8,614 biographies, 2.5%) are re-
tained in the corpus and therefore count towards coverage, since they produce
a non-empty representation. This is a deliberate choice: a refusal is an honest
signal that the model could not resolve the artist, and discarding or overwriting
it would either lower coverage artificially or replace an abstention with hallu-
cinated content. It does, however, mean that the LLM-Bio coverage figures
in Table 5.1 should be read as an upper bound on informative coverage, with
a small fraction of entries carrying no biographical content. Conversely, the
same generation procedure offers a natural gap-filling mechanism for the other
corpora: an LLM-generated biography can stand in wherever a web-scraped or
encyclopedic biography is missing. The combined representation introduced be-
low realises a simple version of this idea by aggregating all available sources per
sample. We discuss the limitations of LLM-generated biographies in Chapter 7.

Taken together, these results show that coverage limitations are not ran-
dom but reflect systematic biases in both dataset composition and external
knowledge sources. As a result, relying on any single augmented representation
introduces dataset-dependent coverage gaps. To mitigate this effect, we intro-
duce a combined representation that aggregates all available textual sources for
each sample, increasing effective coverage and reducing sensitivity to the choice
of external corpus. This combined representation is described in the following
section and evaluated alongside individual representations in subsequent exper-
iments.

5.1.4 Text-combined music representation

Finally, we define a combined textual representation that aggregates all previ-
ously introduced textual sources into a single input. Each component is prefixed
with a source identifier (e.g., “Title:” or “Lyrics:”), allowing the model to dis-
tinguish between different types of information while leveraging them jointly.
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To define this representation formally, let G denote the set of textual repre-
sentation functions considered in this chapter (title-artist, lyrics, and all biography-
based augmentations). We define the combined textual representation as:

ge(w, xy, T4) = concat ({tag(r, r(w,z,z4)) | 7 € G}), (5.6)

where tag(-) prepends a source identifier (e.g., ¢ ‘Wikipedia:’’) to each repre-
sentation, and concat(-) concatenates the resulting strings using a fixed deter-
ministic ordering.

A key consequence of this aggregation is that the resulting representation
can become substantially longer than individual inputs. As discussed in Sec-
tion 5.2.1, the text encoder operates with a maximum context length of 512
tokens. When this limit is exceeded, the input is truncated to the maximum
allowable length.

In practice, truncation affects approximately 4% of samples overall, increas-
ing to 8.5% for the FMA-Small dataset. This indicates that, while most samples
fit within the context window, aggressive aggregation can introduce information
loss in a non-negligible subset of cases.

This representation provides a simple yet effective mechanism to maximise
textual coverage while preserving source-specific signals, and serves as the pri-
mary textual input in the multimodal experiments presented in the following
sections.

5.2 Experimental setup

This section describes the experimental setup used to evaluate the represen-
tations introduced in Section 5.1. We detail the model architecture, training
objectives, and optimisation settings used across all experiments. All datasets,
splits, and evaluation metrics follow the protocol defined in Chapter 3.

Figure 5.1 illustrates the multimodal architecture used in all experiments.
Only the input representation varies across experiments, while the encoder and
fusion components remain fixed.

5.2.1 Model architecture

All experiments are conducted using a unified multimodal architecture com-
posed of modality-specific encoders followed by a lightweight multimodal fusion
module. This design allows us to isolate the impact of different input representa-
tions while keeping the downstream model architecture fixed across experiments.

The design intent constrains every choice that follows, so we state it first.
The goal of this chapter is not to propose a new multimodal architecture, but to
build an instrument for testing the representation hypothesis: a model that ac-
cepts any of the representations defined in Section 5.1, treats them all identically,
and is simple enough that observed differences can be attributed to the input
rather than to the model. The architecture is therefore deliberately minimal,
and each component is selected for stability and reproducibility rather than for
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Figure 5.1: Overview of the multimodal architecture used in all experiments.
Audio and textual inputs are encoded using modality-specific encoders, pro-
ducing variable-length sequences of hidden states. These representations are
concatenated and processed by a Transformer-based multimodal fusion module.
The fused representations are then aggregated into a fixed-dimensional multi-
modal embedding used by task-specific prediction heads.

peak performance. The one component that required non-trivial design effort
is the fusion step, for the reasons described below.

Audio encoder. As the audio encoder, we use VGGish [21], a convolutional
architecture operating on Mel Spectrogram inputs and pretrained on AudioSet [19],
a large-scale dataset annotated with a rich ontology of sound events.

Given an audio waveform, the encoder produces a variable-length sequence
of 128-dimensional embeddings. These embeddings are projected to 1024 di-
mensions via a linear layer to match the dimensionality of the textual represen-
tations. The audio encoder is fine-tuned end-to-end during training as part of
the model.

Text encoder. All textual inputs are encoded using the encoder component
of T5-Large [42], a Transformer-based model pretrained in a multi-task text-to-
text setting.
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The encoder produces a variable-length sequence of 1024-dimensional con-
textualised embeddings. The same text encoder is used across all textual repre-
sentations to ensure comparability. The text encoder is fine-tuned jointly with
the rest of the model.

VGGish and the T5-Large encoder were selected as strong, widely adopted
encoders for their respective modalities at the time these experiments were con-
ducted, and both are publicly available with released weights, which keeps the
pipeline reproducible. We note that neither encoder is the object of study: as
argued in Chapter 3, holding the encoder fixed is what allows the representation
to be isolated as the experimental variable. Section 5.5 returns to this point
empirically, showing that VGGish is competitive with stronger audio-only mod-
els from the literature and that the reported gains are therefore not an artefact
of a weak acoustic front-end.

Multimodal encoder. To combine audio and textual representations, we use
a randomly initialised Transformer-based fusion module composed of a single
self-attention layer. The purpose of this layer is not to add modelling capacity,
but to make each modality’s embeddings contextually aware of the other before
they are pooled: a single layer is sufficient for tokens of one modality to attend
to the other, while keeping the number of randomly initialised parameters small
relative to the two pretrained encoders.

Modal-specific hidden states are concatenated along the sequence dimension
and projected into a shared 1024-dimensional space. Representations are then
averaged within each modality before the two modality-level vectors are com-
bined into a single multimodal embedding, which is passed to the task-specific
prediction heads.

Balancing signal strength across two variable-length modalities. This
last detail is the one substantive design decision in the architecture, and it merits
explanation because the naive alternative fails in a specific and instructive way.
Both modalities produce variable-length sequences: the audio encoder emits one
frame embedding per short window of the waveform, so its sequence length is
a function of track duration, while the text encoder emits one embedding per
token, so its length is a function of how much biographical text happens to be
available for that artist. Crucially, the two lengths vary independently of each
other and independently of the task.

Our initial implementation pooled the concatenated sequence with a single
average over all positions, irrespective of modality. Under that scheme, the
contribution of a modality to the pooled embedding is proportional to its share
of the total sequence length. A track with a long biography and a short audio
excerpt is dominated by text; a long instrumental track with a missing biogra-
phy is dominated by audio. The effective mixing weight of the two modalities is
therefore not a property of the model or the task, but an accident of the input
lengths, and it changes from sample to sample within a single batch. In prac-
tice this made training unstable and caused the model to converge to solutions
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that relied almost entirely on whichever modality carried the stronger signal on
average for that dataset, rather than learning to use both.

We experimented with several normalisation strategies to correct this im-
balance, including rescaling the modality contributions by sequence length and
normalising the hidden states before pooling. The approach that proved most
stable, and the one used in all reported experiments, is the simplest: compute
a fixed-dimensional representation per modality first, by averaging within each
modality independently, and only then combine the two modality-level vectors.
This decouples a modality’s influence on the fused embedding from its sequence
length, so that a one-sentence biography and a five-paragraph biography enter
the fusion step on equal footing with the audio, and each modality is given
an equal opportunity to contribute. It also has a practical benefit specific to
this study. The textual representations under comparison differ substantially in
typical length, from 26 tokens on average for MSD-Artist to several hundred for
the web-scraped corpus (Section 5.1), so length-independent pooling removes a
confound that would otherwise vary systematically across the very conditions
we are comparing.

5.2.2 Training objectives

All models are trained end-to-end using task-specific loss functions. Genre clas-
sification is optimised using categorical cross-entropy. Emotion recognition is
formulated as a regression task and trained using mean squared error. Music
tagging is treated as a multi-label classification problem and optimised using
binary cross-entropy loss.

All representations are trained using identical task formulations and loss
functions to ensure fair comparison across representation types.

5.2.3 Training and inference settings

All models are trained using the Adam optimiser with default parameters and
a batch size of 8, due to GPU memory constraints. Models are trained for 10
epochs on all datasets, except GTZAN and EmoMusic, which are trained for 50
epochs due to their smaller sizes.

Early stopping is applied based on validation performance using the primary
evaluation metric for each task. For music tagging, mean Average Precision is
used as the early stopping criterion. All reported results are averaged over
three independent runs with different random seeds, with the best validation
checkpoint selected for test evaluation in each run. Mean and standard deviation
are reported for audio, text, and multimodal representations to indicate result
reliability.

Handling missing representations and input length constraints. In
multimodal experiments, modalities are never explicitly removed. When a tex-
tual representation is unavailable for a given sample, the model receives an
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empty string as input. This design ensures that all experiments evaluate the in-
trinsic properties of the representations rather than conditional model behaviour
based on input availability.

In unimodal experiments (audio-only or text-only), the same architecture is
used with only the corresponding encoder activated. This allows us to keep the
architecture fixed across all experiments while varying only the input represen-
tation.

Concatenating multiple textual representations can result in long input se-
quences. As discussed in Section 5.2.1, the maximum context length supported
by the text encoder is limited to 512 tokens. When this limit is exceeded, the
input representation is truncated to the maximum allowable length.

5.2.4 Evaluation protocol summary

We evaluate all representations on three MIR tasks: genre classification, emotion
recognition, and music tagging. Each task is assessed on two benchmark datasets
using the splits and metrics defined in Chapter 3. For clarity, we restate the
label spaces involved. Genre classification is a single-label problem over 10
balanced genres for GTZAN and 8 balanced genres for FMA-Small. Emotion
recognition is a regression problem over the two continuous valence—arousal
dimensions for both EmoMusic and Deezer. Music tagging is a multi-label
problem over the top 50 tags for MagnaTagATune and 56 mood/theme tags
for Jamendo-MoodTheme. Performance is reported using accuracy for genre
classification, R? for emotion recognition, and ROC-AUC and mean Average
Precision for music tagging.

5.3 Performance of representations

In this section, we evaluate each representation in isolation. We consider only
single-modality inputs, without multimodal fusion, to assess the relative strengths
and limitations of individual representations. This analysis also quantifies the
extent to which aggregating complementary textual sources improves perfor-
mance before introducing multimodal models.

Table 5.2 reports the performance of each representation in isolation, along-
side a popularity-based baseline (Popular). This baseline is input-agnostic: it
is fit on the training split of each dataset and produces the same prediction for
every test sample. For genre classification, it predicts the most frequent train-
ing label, so its accuracy corresponds to the prevalence of the majority class
(= 1/C for the balanced C-class datasets used here). For emotion recognition,
it predicts the mean valence and arousal values of the training split, which by
construction yields R? ~ 0 up to distribution shift between splits. For music
tagging, it assigns each tag a constant score equal to its training-set prevalence;
this produces a ROC-AUC of 50.0 (no ranking information) and a mAP equal
to the average tag prevalence. The baseline is evaluated on the same test splits
and with the same metrics as all other representations, and provides a lower



CHAPTER 5. COMPARING MUSIC REPRESENTATIONS

70

GTZAN FMA-S EmoM Deezer
Acc. Acc. R? R?
y Popular 10.7 12.5 -1.8 0.0
’ Audio and Metadata Music Representations ‘
Audio 772 +£04 | 52.74+05 | 51.4 +£ 1.9 | 19.0 + 0.1
Title-Artist 40.1 + 3.5 | 23.7+2.9 -9.1+£33 1.0 £ 0.5
Lyrics 29.7+ 0.7 | 29.0£ 1.1 6.1+ 15 34407
] Artist-Biography Augmented Music Representations
KILT 66.8 + 1.9 19.6 £ 0.8 -5.9 £ 0.7 3.0+ 0.2
MSD-Artist 441+ 1.5 14.6 £ 1.2 -4.0 £ 4.2 7.3+ 0.5
Web-Bio 131+ 05 | 405+ 1.9 -23£64 -0.3 £ 04
LLM-Bio 73.1+1.2 | 53.1+£0.9 -0.7 £ 5.1 11.8 £ 0.5

[ Text-Combined [ 77.2 £ 1.2 [ 67.6 £ 1.0 [ 28 +£3.5 [ 15.9 £ 0.6 |

MTAT Jam-MT
AUC mAP AUC mAP
’ Popular 50.0 6.5 50.0 3.2
’ Audio and Metadata Music Representations ‘
Audio 89.6 £ 0.0 | 36.8 £ 0.0 | 75.3 + 0.1 | 13.0 £ 0.0
Title-Artist 80.1 +£0.3 | 236 £0.2 | 65.6 0.6 9.0+ 0.3
Lyrics 72.5 £ 0.0 17.0 £ 0.1 55.1 £ 0.2 44 +04
’ Artist-Biography Augmented Music Representations ‘
KILT 62.1 + 0.1 129 +£ 0.2 | 50.5 + 0.6 3.44+0.0
MSD-Artist 60.6 = 0.3 124 + 0.1 49.8 + 0.5 35+£0.1
Web-Bio 77.5 + 0.1 21.7+0.2 | 579+ 0.7 5.7+ 0.0
LLM-Bio 788 £02 | 23.1+£0.2 | 56.3+0.5 4.7+ 0.2
[ Text-Combined | 844 £0.1 [ 27.5£0.3 [ 683 £07 [ 9.9+03 |

Table 5.2: Evaluation of the performance of each single proposed representation.
Bold indicates highest score. Multiple representations outperform the popular-
ity-based baseline, indicating that the representations contain useful information
for the model. Moreover, the combination of all representations text-combined
shows notable improvements in all evaluated datasets except for EmoMusic,
where the score is R? ~ 0. A higher score is better for all measures.
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bound for assessing whether a representation encodes meaningful information.
For instance, KILT and MSD-Artist achieve performance close to the baseline
on Jamendo-MoodTheme, which is consistent with their low coverage on this
dataset (Table 5.1).

Within the “Audio and Metadata” group, both title-artist and lyrics repre-
sentations perform reasonably well on genre classification and music tagging, but
show limited effectiveness in emotion recognition, where performance remains
close to the baseline.

The lyrics representation outperforms title-artist on FMA-Small and Deezer,
but this advantage is largely driven by dataset characteristics rather than the
representation itself. FMA-Small contains more clearly separated classes (e.g.,
“instrumental”), where the presence or absence of lyrics becomes informative.
In contrast, GTZAN includes genres such as “classical” and “jazz”, where vocal
presence is less discriminative. Similarly, Deezer exhibits higher lyrics coverage
(Table 5.1) due to construction bias, increasing the utility of transcription-based
features.

In music tagging, none of the augmented representations matches the perfor-
mance of title-artist. This can be attributed to two factors. First, music tagging
is inherently challenging, as each track may be associated with a diverse and
heterogeneous set of labels. Second, all augmented representations operate at
the artist level, making different tracks from the same artist indistinguishable.
This limits the model’s ability to capture song-specific attributes required for
fine-grained tagging.

LLM-generated biographies consistently outperform other textual represen-
tations on GTZAN, FMA-Small, and Deezer, with particularly strong results in
genre classification, where performance approaches that of the audio baseline.
This reflects the strong correlation between artist identity and musical style.
Further analysis reveals that 45.7% of samples explicitly contain the genre la-
bel in the representation, increasing to 59.4% for GTZAN. This suggests that
explicit semantic cues drive part of the observed performance. We investigate
this effect in more detail in Section 5.5.

Overall, most representations outperform the popularity baseline, indicating
that they encode useful semantic information. The main exception is EmoMusic,
where all representations yield negative performance. This reflects the difficulty
of learning emotional cues in low-resource settings. With only 619 training
samples, EmoMusic provides insufficient signal to learn reliable valence—arousal
predictions. Consistent with this instability, EmoMusic also exhibits the high-
est variance across runs, particularly for biography-based representations (e.g.,
Web-Bio +6.4, LLM-Bio +5.1), further indicating that results on this dataset
should be interpreted with caution.

In contrast, the larger Deezer dataset (11,267 training samples) enables the
model to learn from textual representations, resulting in positive R? scores.
This suggests that textual emotion cues are present but statistically weak, and
their usefulness depends strongly on dataset scale. Additionally, Deezer annota-
tions are derived from tag-based metadata, which aligns naturally with textual
descriptors. This may further explain the improved performance compared to
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EmoMusic, which obtains labels from crowdsourced perceptual ratings.

The negative performance of the popularity baseline on EmoMusic is also
noteworthy. Under the definition of R?, predicting the mean yields R? = 0.
However, the baseline computes the mean on the training split and evaluates it
on the test split. The resulting negative score, therefore, reflects a distribution
shift between splits, which is plausible given the small dataset size.

The text-combined representation consistently improves performance across
tasks, outperforming all individual textual representations. This demonstrates
that aggregating complementary sources increases the amount of usable seman-
tic information and mitigates coverage limitations. We use this representation
in the multimodal experiments to assess its contribution when combined with
audio features.

These improvements show that textual representations capture meaningful
high-level semantic information. Next, we explore how these textual signals
can be integrated with acoustic features to evaluate whether their combination
yields stronger representations within a unified multimodal framework.

5.4 Multimodal fusion of audio and text repre-
sentations

The previous sections showed that audio and aggregated textual representations
exhibit positive performance across tasks and datasets. We now evaluate a
multimodal representation (MM-Combined) that jointly leverages audio and the
aggregated textual representation ( Text-Combined) introduced in Section 5.1.4.

GTZAN FMA-S EmoM Deezer
Acc. Acc. R? R?
Audio 772 +£04 52.7+0.5 | 51.4 +£1.9 | 19.0 £ 0.1

Text-Combined | 772+ 1.2 | 67.6 £ 1.0 2.8+ 3.5 159 £ 0.6
MM-Combined | 89.3 + 2.6 | 72.9 +£ 0.9 | 46.6 + 2.2 | 24.4 + 0.5

MTAT Jam-MT
AUC mAP AUC mAP
Audio 89.6 & 0.0 36.8+ 0.0 | 75.3 £ 0.1 | 13.0 £ 0.0
Text-Combined | 84.4 £+ 0.1 275+ 0.3 68.3 = 0.7 99 £ 0.3
MM-Combined | 90.5 & 0.1 | 38.3 £ 0.3 | 75.1 0.2 | 14.8 £ 0.7

Table 5.3: Experimental results comparing single-modality representations to a
multimodal combination of the results. We notice that the multimodal combi-
nation shows positive improvements.

Table 5.3 shows that multimodal fusion consistently improves performance
over both audio-only and text-only representations across nearly all evaluated
datasets. This consistent improvement indicates that audio and textual repre-
sentations capture complementary aspects of the music signal: audio encodes
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low-level acoustic structure. In contrast, textual representations provide high-
level semantic and contextual information that is not directly observable from
the waveform.

In the case of EmoMusic, textual representations exhibit near-zero predictive
power, resulting in a multimodal performance slightly lower than the audio-
only baseline (—4.8% relative difference). This behaviour is consistent with the
small-data regime discussed previously, where weak correlations between textual
descriptions and emotional annotations cannot be reliably learned.

Genre classification benefits substantially from multimodal fusion, as both
audio and textual representations are individually strong and encode comple-
mentary information. A similar pattern is observed in the Deezer emotion
dataset, where textual representations become informative at scale, and multi-
modal integration yields additional gains over each modality in isolation.

For music tagging, multimodal fusion consistently improves over the audio-
only baseline on both MagnaTagATune and Jamendo-MT. Since model selec-
tion and early stopping are performed using mean Average Precision (mAP),
improvements are more pronounced in mAP than in ROC-AUC.

Overall, these results demonstrate that integrating audio and textual rep-
resentations yields consistently stronger performance than single-modality ap-
proaches across tasks and datasets.

While the previous analysis establishes the effectiveness of our representation
framework, we now contextualise these results with respect to existing state-
of-the-art systems. We therefore compare our multimodal approach against
representative multimodal models from the literature for each task to assess its
competitiveness under standard benchmarking settings.

5.4.1 Comparison with models from the literature

In the previous section, we showed how our proposed textual representations
can be effectively combined with an audio representation to achieve improved
performance on downstream tasks. In this section, we contextualise the perfor-
mance of our multimodal approach with respect to representative multimodal
models from the literature.

Why prior systems are not re-run. The numbers reported for prior work
in Tables 5.4 and 5.5 are transcribed from the corresponding publications rather
than reproduced by us, and the tables are consequently sparse: each system is
reported only on the benchmarks its authors evaluated on. Obtaining each
system and running it on the full six-dataset suite under our protocol would
fill the empty cells and remove any residual protocol mismatch, but this was
not possible here. For most of these systems no public code or trained weights
were available at the time of writing, and reimplementing from a published de-
scription would introduce exactly the kind of uncontrolled variation this thesis
is designed to avoid, since a reimplementation cannot be distinguished from
a subtly incorrect one without the original artefact to compare against. Sev-
eral of the strongest systems additionally rely on pretraining corpora that are
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GTZAN | FMA-S | EmoM | Deezer
Acc. Acc. R? R?
MuLaP* [32] 61.1 58.5
Delbouys [13] 22.5
Discogs [2 60.9
MM-Combined 89.3 72.9 46.6 24.4
MTAT Jam-MT

AUC | mAP | AUC | mAP
MuLaP* [32] 89.3T [ 4027 [ 76.1
Delbouys [13]
Discogs [2] 90.8 | 38.6 | 76.3
MM-Combined | 90.5 38.3 75.1 | 14.8

Table 5.4: Comparison with representative multimodal models from the litera-
ture. Bold indicates the best-performing method for each dataset and metric.
denotes results that are not directly comparable due to evaluation on a cleaned
version of MTAT. * indicates models pretrained on external corpora. Reported
results for prior work are taken from the corresponding publications and may
follow slightly different experimental settings; they are included to contextualise
performance rather than to claim strict protocol equivalence. Higher values in-
dicate better performance for all metrics.

not publicly distributable, marked with * in both tables; in one case we con-
tacted the authors to ask whether their resource could be shared for a controlled
re-evaluation, and they were unable to do so because the corpus had been as-
sembled with a commercial partner and had since become proprietary.

We therefore retain the published numbers and treat both tables as contex-
tualisation rather than as controlled comparison. They establish that our results
sit in the same performance regime as the published state of the art, which is
the claim we draw from them, and small differences between rows should not
be read as meaningful. The controlled evidence for the effect of the represen-
tation itself, which is the object of this chapter, comes from the ablations in
Section 5.5, where every configuration is run by us under an identical protocol.

We report in Table 5.4 a comparison between our multimodal model and
representative systems from the literature. Overall, our approach achieves com-
petitive and, in several cases, state-of-the-art performance across the evaluated
benchmarks. In particular, our model matches or exceeds the best reported per-
formance among the compared methods on GTZAN, FMA-Small, and Deezer,
while obtaining results close to prior work on both music tagging datasets.
EmoMusic remains the main outlier, consistent with the analysis in the previ-
ous sections, which showed that textual representations provide a limited signal
in this small-data regime.

A common trend across the compared systems is the central role of knowl-
edge injection. Existing multimodal approaches incorporate external informa-
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tion either through large-scale pretraining on music-related corpora [2, 32] or by
augmenting inputs with additional contextual signals [13]. Our approach follows
a similar direction, but avoids the use of copyrighted tertual sources, making
the knowledge augmentation component more accessible and reproducible.

A limitation of this design is that the effectiveness of augmentation depends
on the availability and quality of artist-level information. In particular, cov-
erage and reliability may degrade for long-tail or emerging artists (e.g., sparse
community biographies or limited encyclopedic presence), thereby constraining
scalability in real-world settings.

Having established its competitiveness relative to prior systems, we next
analyse our model’s behaviour in more detail. We first contextualise our choice
of audio encoder relative to stronger audio-only alternatives to disentangle rep-
resentation gains from architectural capacity. We then investigate the con-
tribution of artist-biography augmentation through controlled comparisons of
different knowledge sources. Finally, we analyse the role of explicit semantic
cues in genre classification through targeted masking experiments.

5.5 Ablation studies

The previous sections established that combining audio and textual represen-
tations yields consistent performance improvements across multiple tasks and
datasets. However, these improvements alone do not explain the mechanisms
underlying the gains. In this section, we conduct a series of ablation and control
experiments to disentangle the contributions of model capacity, artist-biography
augmentation, and explicit semantic cues within the textual representations.

First, we analyse the impact of the audio encoder to determine whether the
observed improvements can be attributed to representation design rather than
architectural strength. Second, we evaluate the role of artist-biography augmen-
tations by comparing them with a more limited combination of our proposed
textual representations within the multimodal framework. Finally, we investi-
gate the extent to which explicit genre-related information drives performance
gains by introducing controlled masking experiments in the genre classification
task.

5.5.1 Impact of the audio encoder

In this first analysis, we contextualise our choice of VGGish as the audio encoder
by comparing it with representative audio-focused models from the literature.

We report in Table 5.5 the results of our evaluation. As in Table 5.4, re-
sults for prior work are taken from the corresponding publications rather than
reproduced here, for the reasons given in Section 5.4.1, and empty cells are
benchmarks the original authors did not report on. The comparison is used to
establish that VGGish is not anomalously weak, rather than to rank encoders
precisely, and the argument below rests only on the gap being small.
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GTZAN | FMA-S | EmoM | Deezer
Acc. Acc. R? R?

Musicset* [33] 83.5 64.6

Calm* [7] 79.7 66.9

Lee* [27] 72.0
Delbouys [13] 20.7

S3T" [55] 81.1 56.4
Weninger [52] 60.2

VGGish 77.2 52.7 51.4 19.0

MTAT Jam-MT

AUC | mAP | AUC | mAP
Musicset* [33] | 91.7 | 41.3 | 78.6 | 16.1
Calm® [7] 915 | 41.4
Lee* [27] 90.2
Delbouys [13]
S3T* [55] | 89.9 | 40.9
Weninger [52]
VGGish 89.6 | 36.8 | 75.3 | 13.0

Table 5.5: Evaluation of audio-focused models in literature compared with VG-
Gish. This table shows that VGGish is a valid choice as our baseline, demon-
strating its competitiveness. * indicates models pretrained on an external cor-
pus. Bold indicates best performance reported. A higher score is better for all
measures.

Across the evaluated benchmarks, VGGish performs competitively with rep-
resentative audio-focused models from the literature, typically within a few per-
centage points of reported results. The largest discrepancy is observed on Emo-
Music, where models trained with supervised pretraining achieve substantially
stronger results. This behaviour is expected in low-resource settings, where
large-scale pretraining provides a significant advantage.

Excluding EmoMusic, the performance gap narrows considerably, support-
ing VGGish as a strong baseline. These results indicate that the improvements
observed in our multimodal experiments cannot be attributed solely to an unusu-
ally weak audio encoder. Moreover, VGGish is widely used in prior work [5, 2],
further supporting its suitability as a reference model.

5.5.2 Impact of artist-biography augmentations

In this section, we evaluate the contribution of artist-biography augmentations
to the overall architecture. To this end, we evaluate them against a more con-
strained combination of our proposed representations that uses only the audio
and metadata representations (A&M).

We report the results of these experiments in Table 5.6. These results demon-
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GTZAN | FMA-S | EmoM | Deezer
Acc. Acc. R? R?
MM-Audio&Metadata 73.1 46.1 46.1 19.6
MM-Combined 89.3 72.9 46.6 24.4
MTAT Jam-MT

AUC | mAP | AUC | mAP
MM-Audio&Metadata | 90.5 | 37.7 74.7 13.4
MM-Combined 90.5 | 38.3 | 75.1 | 14.8

Table 5.6: Evaluation of the impact of artists’ biographies augmentations com-
pared to using audio and metadata representations, showing consistent improve-
ments across all evaluated datasets. MM-Audio&Metadata includes audio, title-
artist and lyrics representations. All experiments are multimodal experiments.

strate that the proposed augmentations yield consistent improvements across
all evaluated datasets. In particular, genre classification shows the largest im-
provement, with an average increase of 21.5%. The substantial gains in genre
classification are consistent with the fact that artist biographies frequently en-
code stylistic and genre-related descriptors, providing high-level semantic cues
aligned with the prediction target. We will investigate this in more depth in the
next section.

In music tagging and emotion recognition, the impact is more moderate.
The main exception is the Deezer dataset, where artist-biography augmenta-
tion yields a 4.8% improvement over the baseline. This behaviour is consistent
with the construction of the Deezer dataset, in which emotion annotations are
derived from tag-based metadata, thereby increasing the alignment between tex-
tual descriptors and target labels. We also observe a notable improvement in
mAP on the Jamendo-MoodTheme dataset, with an absolute gain of 1.4% (rel-
ative 10.4%). This suggests that textual representations encode weak emotional
signals that can be exploited when sufficient data is available.

5.5.3 Masking in genre classification

In this section, we investigate the effect of explicit genre mentions on genre
classification performance. As we reported in Section 5.3, we find that the
target genre is frequently mentioned explicitly in the artist’s biographies we use
for our augmentations. Specifically, we find that explicit mentions of the target
genre appear in 59.4% of samples in GTZAN and 45.7% in FMA-Small.

To assess the impact of these mentions, we mask occurrences of the ground-
truth genre label in the biography-augmented representations using a M ASK
token. We evaluate three setups: the LLM-generated biography in isolation
(which contains the most genre mentions), our text-combined representation,
and the multimodal setup that combines all our proposed representations.

We report in Table 5.7 the results of this experiment. What we find aligns
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GTZAN | FMA-Small
LLM-Bio 73.1 53.1
LLM-Bio + Mask 61.4 52.9
Text-Combined 77.2 67.6
Text-Combined + Mask 72.4 66.0
MM-Combined 89.3 72.9
MM-Combined + Mask 78.3 71.1

Table 5.7: Experimental results when masking mentions of the ground-truth
labels from the proposed biography-augmented representations. These results
show that masking has a greater impact on smaller-scale datasets (GTZAN -
1000 samples) than on larger-scale datasets (FMA-Small - 8000 samples).

with some of our previous findings. Masking explicit genre mentions produces
a substantial performance drop on GTZAN (—11.0 absolute points in the mul-
timodal setting, —9.2 on average across experiments), whereas the impact on
FMA-Small is comparatively modest (—1.2 absolute points).

These results indicate that explicit genre mentions contribute to perfor-
mance, particularly in smaller datasets, but do not fully account for the im-
provements introduced by biography augmentation. The model continues to
benefit from implicit stylistic and contextual information present in the biogra-
phies. Importantly, despite the performance decrease, the masked models re-
main competitive with strong baselines reported in the literature.

Taken together, these ablation studies demonstrate that the improvements
observed in Section 5.5.2 cannot be attributed solely to stronger audio encoders,
trivial metadata augmentation, or label leakage. Instead, they provide strong
evidence that artist-biography augmentation introduces complementary seman-
tic information, thereby enhancing multimodal representations.

These findings are consistent with the hypothesis that artist biographies pro-
vide complementary semantic cues that improve performance across MIR tasks.
As predicted, the gains are strongest for genre classification, where artist-level
identity aligns closely with stylistic categories, and less consistent for affective
tasks, where the connection between artist-level descriptions and track-level
emotional content is weaker. The ablation studies further clarify that biogra-
phies contribute through both explicit lexical cues and broader contextual in-
formation, with their relative contributions varying by dataset scale.

5.6 Contributions

This chapter introduces a multimodal framework for integrating music repre-
sentations with artist-level textual knowledge. The main contributions are as
follows:

e We formalise multiple music representations within a unified experimental
framework, enabling controlled comparison across three MIR tasks and six
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benchmark datasets.

o We show that aggregating artist-level textual augmentations provides com-
plementary semantic information that consistently improves multimodal
representations across genre classification, emotion recognition, and music
tagging.

e Through ablation studies, we demonstrate that these improvements can-
not be attributed solely to stronger audio encoders, generic metadata,
or explicit genre mentions within biographies. However, the magnitude of
the lexical contribution varies by dataset: on GTZAN, explicit genre terms
account for a substantial portion of the gain, whereas on FMA-Small the
effect of masking is minimal, suggesting that broader contextual semantics
play a larger role in higher-data settings.

The work presented in this chapter has been published in [43].

5.7 Summary

In this chapter, we present a systematic evaluation of music representations
augmented with textual artist biographies and their multimodal combination
across three MIR tasks and six benchmark datasets. By formalising each repre-
sentation within a unified experimental framework, we isolate the contribution
of biography sources and assess their interaction with acoustic features.

Our results show that aggregated artist-level textual augmentations pro-
vide complementary semantic information that consistently enhances multi-
modal representations across most evaluated settings. Improvements are partic-
ularly pronounced in genre classification and in larger-scale emotion recognition
datasets, while gains in music tagging are primarily reflected in ranking-based
metrics. These findings demonstrate that textual knowledge does not replace
audio representations, but instead augments them with high-level contextual
information.

Through targeted ablation studies, we further demonstrate that the observed
improvements cannot be attributed solely to stronger audio encoders, generic
metadata, or explicit genre mentions in biographies. Notably, the role of explicit
lexical cues is dataset-dependent: on GTZAN, masking genre terms reduces the
multimodal gain substantially, whereas on FMA-Small the drop is minimal. This
suggests that biographies contribute through a mixture of surface-level lexical
overlap and deeper contextual semantics, with the balance shifting toward the
latter in larger-scale settings.

Having established the effectiveness of combining audio and textual rep-
resentations, the following chapter investigates whether such knowledge can be
internalised through pretraining strategies, enabling improved performance even
in settings where textual augmentation is unavailable at inference time.



Chapter 6

Pretraining audio-text
models

In Chapter 5, we show that artist biographies improve performance when com-
bined with audio representations. While this multimodal fusion approach con-
firms the value of artist knowledge, it also requires access to biographies during
inference, limiting its applicability in settings where such metadata is unavail-
able, incomplete, or unreliable.

This chapter investigates whether artist-level textual knowledge can instead
be internalised through generative pretraining. Rather than supplying biogra-
phies as auxiliary inputs during inference, we ask whether an audio-text model
can learn semantically enriched internal representations by being pretrained to
reconstruct structured artist-level text from audio. To study this question, we
extend the Whisper architecture introduced by Radford et al. [41] and adapt it
to a music-specific pretraining regime in which acoustic inputs are paired with
artist-level textual representations.

This objective differs from conventional supervised pretraining based on cu-
rated categorical labels. Artist biographies are semantically dense and typ-
ically encode multiple dimensions of musical identity, including genre affilia-
tions, stylistic characteristics, historical context, and collaborations. Learning
to predict such structured textual descriptions from audio, therefore, requires
the model to capture higher-level semantic attributes beyond those needed for
narrow discriminative tasks.

We compare direct fine-tuning from a speech-pretrained baseline with fine-
tuning after an additional stage of biography-driven pretraining, on genre and
emotion classification benchmarks. This is an exploratory study rather than a
finished pretraining recipe: Chapter 5 established that biographical knowledge
helps when it is supplied to the model, and the question here is whether the
same knowledge can be absorbed instead, so that it still shapes the model’s
behaviour once the text is taken away. The two configurations differ in a single
controlled variable, the presence of the additional pretraining stage, but the
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evidence they can produce is directional rather than conclusive, for reasons we
set out alongside the results in Sections 6.4.1 and 6.4.3.

6.1 Task reformulation

The pretraining objective adopted in this chapter frames music understanding
as a conditional text generation problem, in which the model learns to recon-
struct structured textual representations (e.g., artist biographies and metadata)
from audio. To maintain methodological consistency between pretraining and
downstream evaluation, the tasks considered in this chapter are reformulated
within the same generative framework.

Rather than treating genre and emotion prediction as conventional classifi-
cation problems with task-specific output heads, we recast them as conditional
text generation tasks. Given an audio input and a task-specific textual prompt,
the model is trained to generate the corresponding label as text. This uni-
fied formulation ensures that both pretraining and fine-tuning operate under
the same autoregressive objective, avoiding architectural modifications between
stages and enabling performance differences to be attributed to the pretraining
regime.

This reformulation does not alter the semantic content of the prediction
tasks, but only their output representation. Discrete class labels are expressed as
textual tokens, and evaluation is performed by mapping generated outputs back
to their corresponding categories. Importantly, this design is not intended to
improve performance through prompt engineering, but to preserve consistency
between pretraining and fine-tuning.

The same datasets introduced in Chapter 3 for genre classification and emo-
tion recognition are used in this chapter, with the only modification being the
reformulation of outputs into textual form.

6.1.1 Evaluation protocol

For each task, the model receives an audio input paired with a short tex-
tual prompt specifying the prediction objective (e.g., “Predict the genre of this
track:”). During fine-tuning, the model is trained using teacher forcing to gener-
ate the ground-truth textual label. At inference time, generation is constrained
to a short sequence corresponding to the predefined label space.

To compute evaluation metrics, generated outputs are mapped to valid labels
within the task vocabulary, and standard classification metrics are computed on
the resulting predictions.

6.1.2 Genre classification

Genre classification is reformulated as a single-label text generation task. For
each audio input, the model is prompted to generate a single genre label from the
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dataset’s predefined set. The target output corresponds exactly to the textual
representation of the ground-truth class (e.g., “rock”, “jazz”, “hip-hop”).

Since genre labels are inherently categorical, this reformulation preserves
the underlying task structure while modifying only the output modality. Per-
formance is evaluated using accuracy over the discrete label set, as defined in
Chapter 3.

6.1.3 Emotion classification

As described in Section 3.3, emotion recognition datasets represent affect along
continuous valence and arousal dimensions. However, autoregressive text gen-
eration operates over discrete vocabularies, requiring categorical targets. To
ensure compatibility with the generative framework adopted in this chapter,
continuous emotion annotations are discretised into a finite set of categories.

Specifically, each point in the valence—arousal space is mapped to one of
four affective classes: sad, happy, tender, or angry. The mapping strategy is
illustrated in Figure 6.1. The quadrant boundaries are placed at the empirical
mean of each dimension within each dataset rather than at the nominal mid-
point of the annotation scale, for the reasons set out in Section 6.3.1, where
we also report the resulting class distributions. This transformation defines a
derived classification task that preserves the underlying affective structure while
enabling prediction through textual label generation.

arousal

afraid A aroused

annoyed excited

frustrated delighted

> valence

miserable m

bored

pleased

relaxted

tried  / sleepy

Figure 6.1: Valence—arousal plane annotated with the four discrete emotion
categories (angry, happy, sad, tender) used for the classification task. Adapted
from Russell [44].
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This reformulation allows emotion recognition to be treated analogously to
genre classification: the model is prompted to generate a textual label cor-
responding to the discretised emotion category. Although this introduces a
discretisation step, it preserves the core objective of predicting affective charac-
teristics from audio. Performance is evaluated using accuracy, since the task is
cast as single-label classification.

6.1.4 Scope relative to the benchmark suite

The reformulations above imply two deliberate deviations from the evaluation
protocol defined in Chapter 3, which we make explicit here.

Emotion recognition is evaluated using accuracy rather than R2. The
R? metric presupposes continuous-valued predictions, whereas an autoregressive
decoder emits discrete textual tokens; once valence—arousal annotations are dis-
cretised into the four circumplex quadrants, accuracy over those categories is
the natural metric. As a consequence, the emotion results in this chapter are
not directly comparable to the R? scores reported in Chapter 5, and we instead
report the VGGish baseline under the same discretised formulation to preserve
internal comparability.

Continuous-valued outputs can be coaxed from a generative model, for in-
stance by having it emit numerals and parsing them back to a scalar, or by
reading a scalar off the decoder’s token probabilities, and such a variant would
restore formal comparability with the R? figures in Chapter 5. We chose not to
pursue this for conceptual rather than practical reasons. Valence and arousal
are not scalar quantities that happen to be recorded on a bounded interval; they
are positions on a semantic scale, and the numeric annotation is an instrument
for eliciting a judgement rather than a measurement of a physical property.
A model emitting “0.62” for valence is not performing the same operation as
a regression head trained against a squared-error objective, but producing a
token whose numeric interpretation is imposed externally and whose ordering
relation to neighbouring tokens it has no reason to respect. Fitting such a pro-
cedure to R? would report a number that looks comparable to a regression score
while resting on a different underlying operation, which is the kind of confound
the framework in Chapter 3 was designed to avoid. Discretising into the four
circumplex quadrants is lossier but more honest: it asks the model for the cat-
egorical judgement that generative decoding can express, and makes the loss of
resolution explicit rather than concealing it inside a continuous-looking metric.
The cost is that the emotion columns cannot be read against Chapter 5, and
we quantify what the discretisation itself costs in Section 6.3.1.

Music tagging is not evaluated in this chapter. The reason the exper-
iments were not reported is empirical: we were unable to obtain acceptable
baseline performance on tagging under the generative reformulation. Before the
effect of biography pretraining could be assessed, the WhisperExt baseline had
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to reach a level at which the reformulated task was being performed at all, and
it did not. Results were very poor in absolute terms, falling far below the audio-
only baselines reported in Chapter 5 for the same datasets, and generation of
tag sets was unstable, with the model tending towards short, high-frequency
tag sequences that varied little across inputs. This is a plausible failure mode
for the formulation: predicting a variable-size set requires the decoder to learn
both which tags apply and how many, and with 50 and 56 tag vocabularies and
strong label imbalance the objective provides little pressure to do either well.

We report this as a negative result rather than omitting it, since a baseline
that does not work is itself evidence that the generative reformulation is a poor
fit for multi-label tagging at this scale and with this architecture. A comparison
built on a non-functional baseline would have been misleading whichever con-
figuration won. We therefore restrict the evaluation to the single-label tasks,
and return to the implications of this restricted scope in Section 6.4.3.

6.2 Experimental setup

6.2.1 Model architecture

All experiments in this chapter build upon a speech-pretrained Whisper encoder-
decoder architecture [41]. Initialising all models from the same pretrained check-
point ensures identical sequence modelling capacity and linguistic priors across
configurations. The only difference between models is whether an additional
stage of music-specific generative pretraining is applied before downstream fine-
tuning.

Due to computational constraints, we use the whisper-small variant of the
publicly available Whisper model as the base checkpoint for all experiments.

Why Whisper, and when. The experiments in this chapter were designed
and run in spring and summer 2023, and the choice of backbone should be
read against the model landscape available at that time rather than the present
one. This caveat is not incidental: audio and music representation learning
moved quickly in the period immediately after these experiments, and several
models that would now be obvious candidates either did not exist or had no
released weights when the work was carried out. We state the date explicitly so
that the choice can be assessed on the information available when it was made.

The research question narrows the field considerably. Because the pretrain-
ing objective is conditional text generation from audio (Section 6.1), it requires
a pretrained decoder as well as a pretrained audio encoder, not merely a pre-
trained representation.

The principal alternative available to us was wav2vec 2.0 [3], which we con-
sidered and rejected for two reasons. Architecturally, wav2vec 2.0 is an encoder-
only model, as are AudioSet-pretrained classification encoders such as the VG-
Gish model used in Chapter 5; adopting one would have required training a text
decoder from scratch, reintroducing a large randomly initialised component into
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an experiment whose design depends on the two configurations differing only
in the presence of the biography-pretraining stage. Empirically, we did not
find wav2vec 2.0 competitive with the Whisper encoder for our purposes, which
made the additional cost of building a decoder around it difficult to justify. Be-
yond wav2vec 2.0 the field was thin, as most of the pretrained audio and music
models that would now be natural candidates had not yet been released.

Whisper satisfied the remaining requirements. It is an encoder-decoder
trained end-to-end on a very large and deliberately heterogeneous audio collec-
tion, so both halves of the architecture arrive pretrained and mutually adapted.
Its front-end is a log-mel spectrogram, matching the acoustic representation
used throughout this thesis (Section 3.1) and keeping the input pipeline con-
sistent across chapters. Its training regime prioritised robustness to varied and
noisy audio over clean read speech, making it a more plausible starting point for
musical audio than models trained on curated speech corpora. Weights were also
publicly released at several sizes, which supports reproducibility and allowed us
to work within our compute budget using the small variant.

The obvious objection is that Whisper is a speech model and music is not
speech. We accept this. The acoustic prior it brings is imperfectly matched
to the domain, and a comparable encoder-decoder pretrained on music would
have been preferable, but no such model with released weights existed when this
work was carried out; music-specific representation models such as MERT [29]
appeared subsequently. Pretraining one ourselves was well outside the compute
available for an exploratory study. We mitigate the mismatch in two ways. The
lyrics representation is excluded from the pretraining targets, so the objective
does not simply reinforce the speech-transcription behaviour already present in
the checkpoint (Section 6.2.2), and both configurations start from the identical
checkpoint, so whatever the speech prior contributes it contributes equally to
both and cannot account for the difference between them. What the mismatch
does bound is the absolute performance in Table 6.1; whether these results
would transfer to a music-pretrained backbone remains open, and we return to
it in Section 6.4.3.

Figure 6.2 illustrates the model architecture used in this chapter. We now
describe each component in detail.

Audio encoder

The audio encoder corresponds to the Whisper encoder. Input audio is first
converted into log-mel spectrogram representations and processed by an initial
convolutional projection layer, followed by a stack of Transformer encoder blocks
with multi-head self-attention and feed-forward (MLP) layers. The encoder
outputs a sequence of contextualised audio embeddings.

Text encoder

To enable explicit conditioning on textual prompts, we introduce an additional
text encoder. This encoder is initialised from a pretrained mBART model,
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Figure 6.2: Extended Whisper architecture used to evaluate the impact of music-
specific pretraining on genre and emotion classification tasks.

providing strong sequence modelling priors for textual inputs. The text encoder
processes prompt text and produces contextualised textual embeddings, which
are aligned with the audio representations at the encoder level. This design
allows task prompts to influence the representation before decoding, rather than
relying solely on decoder-side conditioning.

Multimodal fusion and decoder

The outputs of the audio encoder and text encoder are concatenated along the
sequence dimension to form a unified multimodal representation. This com-
bined embedding sequence is provided to the shared Transformer decoder via
cross-attention. The decoder, inherited from Whisper, performs autoregressive
generation conditioned on the multimodal representation.

This design enables task conditioning through the encoder while preserving
a single shared generative decoder across both pretraining and fine-tuning. All
model parameters, including those inherited from Whisper and mBART, remain
trainable throughout both stages.

6.2.2 Pretraining procedure

We select the Million Song Dataset (MSD) [4] as the pretraining corpus. With
993, 175 samples, it provides a large and diverse collection of tracks for genera-
tive supervision. The dataset is annotated using the text-combined representa-
tions introduced in Chapter 5, pairing each audio track with a structured textual
representation that concatenates track-level metadata and artist biographies.
The lyrics representation is deliberately excluded from this pretraining stage.
Since Whisper is originally pretrained for speech recognition, incorporating
lyrics (which are linguistically aligned with speech transcription) could bias the
model toward reinforcing speech-to-text associations rather than encouraging
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the acquisition of higher-level musical knowledge. By restricting supervision to
metadata and biography text, the pretraining objective focuses on semantically
enriched, music-specific information rather than transcription-like signals.

While explicit artist identifiers are not provided to the model, this structure
may encourage the emergence of artist-discriminative acoustic representations.
Due to the corpus construction, there is partial overlap between the artists used
during pretraining and those appearing in downstream evaluation datasets. We
will discuss in-depth the impact of this overlap in Section 6.4.1. The objective
of this study is therefore not to assess strict cross-artist generalisation, but to
evaluate whether semantically enriched generative supervision improves fine-
tuning performance.

Pretraining was performed for 200, 000 optimisation steps, corresponding to
approximately 0.2 epochs over the MSD corpus.

Pretraining objective

Pretraining follows the span-masked conditional generation objective introduced
in [42]. In this formulation, contiguous spans of tokens in the target text are
replaced with sentinel mask tokens, and the model is trained to reconstruct the
masked spans.

In our setting, the target text corresponds to the structured artist-level rep-
resentation associated with each track (i.e., metadata and biography text). The
model receives the corrupted text and the audio representation as input and is
trained to predict the masked spans conditioned on both modalities.

This objective encourages the model to learn contextualised textual represen-
tations while leveraging acoustic information to guide reconstruction. Compared
to standard autoregressive generation, span-masked prediction reduces the risk
of trivial memorisation and promotes tighter alignment between audio-derived
features and high-level textual semantics. The model is trained end-to-end using
a cross-entropy loss over the masked spans.

Figure 6.3 illustrates an example of a masked pretraining instance. The
original text is corrupted by masking contiguous spans, and the model is trained
to reconstruct the missing content.

Since the pretraining targets include artist-level descriptions and metadata,
the model may learn to associate acoustic patterns with high-level semantic
attributes such as style, genre, or artist identity. Notably, masked spans may
include explicit artist identifiers, potentially providing a signal linking audio
characteristics to specific artists. We discuss the implications of this effect in
Section 6.4.1.

Unlike standard text-only span-masked pretraining, reconstruction in this
setting is conditioned on audio features, requiring the model to use acoustic
cues to resolve masked semantic content.
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Figure 6.3: Span-masked pretraining objective. The source text is corrupted by
masking spans to form the input sequence (Pretraining Input Text), and the
model is trained to reconstruct the masked spans (Pretraining Output Text).

6.2.3 Fine-tuning procedure

Following pretraining, the model is fine-tuned on downstream genre and emo-
tion classification tasks reformulated as conditional text-generation problems,
as described in Section 6.1.

Two configurations are compared:

e Direct Fine-Tuning: Speech-pretrained Whisper model fine-tuned di-
rectly on downstream tasks.

e Span-Mask-Pretrained Fine-Tuning: Speech-pretrained Whisper model
first pretrained on span-masked pretraining, then fine-tuned on down-
stream tasks.

Both configurations share identical architecture, optimisation settings, and
evaluation protocol. All parameters remain trainable during fine-tuning, ensur-
ing that any observed performance differences can be attributed to the addi-
tional pretraining stage rather than architectural changes.

6.3 Results

Table 6.1 summarises the performance of the evaluated configurations across
genre and emotion classification benchmarks. Results are reported for VGGish
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as a reference baseline, alongside Whisper-based models, to contextualise per-
formance relative to the representation-based approaches studied in previous
chapters.

GTZAN | FMA-Small | EmoMusic | Deezer

Accuracy Accuracy Accuracy Accuracy
VGGish 77.2 52.7 63.2 49.3
WhisperExt 79.0 52.7 62.4 52.1
WhisperExt + SMP 85.1 57.5 66.4 53.7

Table 6.1: Experimental results of the impact of music knowledge pretraining
on the performance of genre and emotion classification.

We first compare the baseline Whisper configuration (WhisperExt) with VG-
Gish. Overall, both models exhibit comparable performance, with WhisperExt
yielding a modest average relative improvement of +1.7% across datasets. This
suggests that the generative text-to-text formulation does not inherently de-
grade performance, despite introducing a more complex prediction mechanism.
However, differences emerge across tasks. On EmoMusic, WhisperExt performs
slightly worse than VGGish (—1.3% relative), indicating that the generative
formulation may be more sensitive in low-data regimes. In contrast, on Deezer,
which provides a substantially larger training set, WhisperExt achieves a relative
improvement of +5.7%, suggesting that the architecture benefits from increased
data availability.

We now analyse the impact of biography-driven pretraining. Incorporat-
ing this additional pretraining stage (WhisperExt + SMP) yields consistent
improvements across all evaluated datasets, with an average relative gain of
+6.6% over direct fine-tuning. The fact that gains are observed in all settings
indicates that the effect is robust and not tied to a specific dataset or task
configuration.

The most pronounced improvements are observed in genre classification,
particularly on GTZAN. This behaviour is consistent with the hypothesis that
artist-level textual supervision encodes high-level stylistic information (e.g.,
genre and musical identity) that transfers effectively to downstream tasks. It
also aligns with observations from Section 5.5, where models trained with large-
scale pretraining were seen to hold their largest advantage over VGGish in the
lowest-resource setting.

In contrast, Deezer exhibits the smallest relative gain from biography pre-
training (+3.1%). While still positive, several factors may explain this more
moderate improvement. First, the discretisation of emotion from continuous
valence—arousal annotations introduces an additional abstraction layer, poten-
tially weakening alignment with biography-derived semantic information. Sec-
ond, affective characteristics are less directly encoded at the artist level than
stylistic attributes such as genre, limiting the transferability of biography-based
supervision. More generally, the task-agnostic nature of the pretraining objec-
tive may favour the learning of stable, artist-level properties over track-specific
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emotional variation.

Overall, these results provide consistent evidence that biography-driven gen-
erative pretraining induces beneficial inductive biases for downstream music
classification. While the magnitude of improvements varies across tasks and
datasets, the uniform direction of the effect suggests that long-form, semanti-
cally rich textual supervision contributes meaningfully to representation learn-
ing.

Due to computational constraints, each configuration was trained only once;
therefore, the reported results do not account for variance across random ini-
tialisations and should be interpreted as indicative rather than definitive.

These results are broadly consistent with the hypothesis that biography-
driven pretraining yields improvements over direct fine-tuning, but that these
gains are smaller and less consistent than those obtained through explicit multi-
modal augmentation in Chapter 5. The average relative improvement from pre-
training (+6.6%) is modest compared to the multimodal fusion gains reported
earlier, consistent with the expectation that implicit internalisation requires the
model to compress contextual knowledge into its representations rather than
accessing it directly.

6.3.1 Distribution of music across the circumplex quad-
rants

The emotion results above depend on a discretisation step, and that step is not
neutral. How the tracks are distributed across the four quadrants determines
both what the accuracy figures mean and how much can be learned about each
class, so we examine that distribution here.

Where the decision boundaries lie. A point in the valence—arousal plane
must be assigned to a quadrant relative to some origin. Both datasets are an-
notated on scales whose nominal midpoint does not coincide with the empirical
centre of the data: Deezer’s annotations are approximately zero-centred but
skewed towards positive arousal (mean arousal 0.19), and EmoMusic’s nine-
point scale has an empirical mean of 5.01 for valence and 4.79 for arousal rather
than the nominal 5.0 for both. Using the nominal midpoint would therefore
introduce an artificial bias towards the high-arousal classes. We instead place
the origin at the empirical mean of each dimension within each dataset, so
that the quadrants partition the observed distribution rather than the nominal
scale. This is a defensible choice, but it also means the class boundaries are
dataset-specific and the resulting labels are not directly comparable across the
two datasets.

The resulting distribution. Table 6.2 reports the number of tracks in each
quadrant. Neither dataset is balanced, and the imbalance is structured rather
than incidental. In both, the dominant classes are the congruent ones, high
arousal with high valence (happy) and low arousal with low valence (sad), which



CHAPTER 6. PRETRAINING AUDIO-TEXT MODELS 91

together account for 64.3% of Deezer and 76.1% of EmoMusic. The incongruent
combinations, high-arousal/low-valence (angry) and low-arousal/high-valence
(tender), are correspondingly rare. This reflects a known property of affective
annotation: valence and arousal are not perceived independently, and their
empirical correlation is positive in both datasets (r = 0.25 for Deezer, r = 0.60
for EmoMusic). Music that is simultaneously calm and cheerful, or agitated
and bleak, is genuinely less common than the diagonal cases, and annotators
also tend to rate the two dimensions consistently. The circumplex model treats
valence and arousal as orthogonal axes, but the data populating it are not
distributed orthogonally.

The imbalance is far more severe for EmoMusic, which is also the smaller
dataset by an order of magnitude. Its two minority classes contain 96 and 82
tracks in total, 12.9% and 11.0% of the dataset, so of the 619 training samples
only around eighty are labelled “angry” and seventy “tender”. Any conclusion
about those classes rests on a thin basis, and the EmoMusic column of Table 6.1
is in practice dominated by the two diagonal classes.

Quadrant Label Deezer EmoMusic
Q3: low arousal, low valence sad 5,996 | 32.7% | 284 | 38.2%
Q1: high arousal, high valence | happy 5,793 | 31.6% | 282 | 37.9%
Q2: low arousal, high valence | tender 3,718 | 20.3% 82 | 11.0%
Q4: high arousal, low valence | angry 2,821 | 15.4% | 96 | 12.9%

| Total \ | 18,328 | | 744 | \

Table 6.2: Distribution of tracks across the four circumplex quadrants after
discretisation, using the empirical mean of each dimension as the origin. The
Deezer total covers the tracks available to this chapter’s experiments, and is
therefore slightly lower than the 18,644 listed in Chapter 3. Both datasets
are dominated by the congruent (happy/sad) diagonal, and EmoMusic is both
smaller and more skewed than Deezer.

Boundary effects. Discretisation also imposes hard categories on a contin-
uous space, and does so most arbitrarily where the data are densest. Because
both distributions are unimodal and centred near the origin, a substantial frac-
tion of tracks lie close to a decision boundary: 6.3% of Deezer tracks and 14.5%
of EmoMusic tracks fall within one tenth of a standard deviation of one of the
two axes, rising to 21.6% and 31.2% respectively within a quarter of a standard
deviation. For these tracks the assigned label is determined by annotation differ-
ences far smaller than the disagreement typically observed between annotators,
and two perceptually indistinguishable tracks can receive different targets. This
produces a floor of irreducible label noise that is concentrated in the centre of
the space and is larger for EmoMusic, whose annotations are averaged over the
full duration of each excerpt (Section 3.3) and are therefore already smoothed
towards the centre.
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Implications for the reported accuracies. These properties mean the ac-
curacy figures in Table 6.1 should not be read against a 25% chance level. The
appropriate reference points are the majority-class predictors, which achieve
32.7% on Deezer and 38.2% on EmoMusic. All configurations exceed them by
a clear margin, with the best model reaching 53.7% and 66.4% respectively, so
the models are learning genuine affective structure rather than exploiting the
class prior. The absolute values should nonetheless be treated with care. Accu-
racy under this imbalance is dominated by the two majority classes, so a model
could improve on the metric while remaining poor on the minority quadrants,
which the aggregate figure conceals. The centre-concentrated label noise places
a ceiling on attainable accuracy independent of the model. And because the
datasets have different class distributions and dataset-specific boundaries, their
accuracy columns are comparable across configurations within a column but not
with each other. None of this undermines the comparison the chapter makes,
which holds the discretisation fixed and varies only the pretraining stage.

6.3.2 The complexity of the reformulated tasks

The gains reported above are consistent in direction but moderate in size, which
reflects how much harder these tasks are than their counterparts in Chapter 5.

The central difficulty follows directly from the research question. In Chap-
ter 5 the biography is an input: the model is told who the artist is and what
has been written about them, and its task is to combine that description with
the acoustic signal. Here it is given neither. At inference time the model re-
ceives only the waveform and a task prompt, with no artist name, no artist
identifier, and no biography, so any biographical knowledge it brings to bear
must have been compressed into its parameters during pretraining and recov-
ered from acoustic evidence alone. To exploit the knowledge that a particular
artist works in a given stylistic tradition, the model must first recognise from
the audio that the track plausibly belongs to that artist, or at least to a region
of acoustic space populated by similar artists, and then apply what it absorbed
about that region. It must learn this audio-to-artist association as a by-product
of the reconstruction objective, without ever being supervised on artist identity
and without a textual channel to fall back on when the acoustics are ambigu-
ous. Chapter 5 required the model to use a description; this chapter requires it
to have internalised one and to know when it applies. The smaller effect sizes
are consistent with that additional difficulty, and the comparison against the
multimodal gains should be read with the asymmetry in mind.

The emotion benchmarks add a second difficulty, since their targets are less
well defined than a genre label. As Section 6.3.1 shows, discretising a contin-
uous, unimodally distributed affective space places class boundaries through
the densest part of the data, so a non-trivial fraction of examples carry labels
that could plausibly have been otherwise. On EmoMusic this compounds with
the temporal aggregation described in Section 3.3: the target is the mean of
a valence—arousal trajectory over the whole excerpt, so a track whose affect
changes over its duration is represented by an average that may correspond to
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no moment in the music. Part of the residual error on these tasks is therefore
attributable to the construction of the target rather than to the representation
being evaluated.

6.4 Limitations and future work

While the results presented in this chapter provide encouraging evidence for
biography-driven generative pretraining, several limitations constrain the scope
of the conclusions that can be drawn. These limitations primarily concern
dataset construction, the nature and structure of textual supervision, and the
modelling assumptions introduced by the generative reformulation. Addressing
these aspects constitutes a natural direction for future research.

6.4.1 Dataset overlap and artist supervision

Pretraining was conducted on the subset of the Million Song Dataset (MSD) for
which textual metadata and biography information were available. As a result,
varying degrees of artist-level overlap exist between the pretraining corpus and
downstream benchmarks. Table 6.3 reports the percentage of samples in each
downstream dataset that have an artist that also appears in the MSD-based
pretraining corpus.

GTZAN | FMA-Small | EmoMusic | Deezer
87.0% 6.5% 8.1% 100.0%

Table 6.3: Percentage of evaluation samples whose associated artist appears in
the MSD pretraining corpus.

The degree of overlap varies substantially across datasets, ranging from min-
imal overlap in FMA-Small and EmoMusic to complete overlap in Deezer. This
complete overlap in the case of Deezer is expected, as the dataset is derived from
the MSD dataset. This distribution enables a partial analysis of the relationship
between artist familiarity and downstream performance gains.

Interestingly, improvements from biography-driven pretraining are observed
both in high-overlap settings (e.g., GTZAN) and in low-overlap settings (e.g.,
FMA-Small and EmoMusic). While artist-level familiarity may contribute to
gains in highly overlapping datasets, the presence of improvements in low-
overlap regimes suggests that the observed benefits cannot be attributed solely
to memorisation effects. Nevertheless, the results should be interpreted as re-
flecting improved representation learning under partially shared distributions
rather than strict generalisation to entirely unseen artists.

Future work should enforce fully disjoint artist splits during pretraining and
evaluation to isolate cross-artist transfer effects more rigorously.
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6.4.2 Sources of artist biographies

The pretraining objective relies on the text-combined representation introduced
in Chapter 5, which aggregates multiple textual sources, including metadata
and artist biographies. Among these sources, LLM-generated biographies con-
stitute a significant component, providing structured, consistently formatted
descriptions for artists.

While this design enables scalable and uniform supervision, it introduces
some limitations. The use of a fixed aggregation strategy constrains the diversity
and structure of the textual supervision. Although the combined representation
integrates multiple sources, it imposes a specific formatting and concatenation
scheme that may influence how information is prioritised during pretraining.
This raises the question of whether the observed improvements stem from the
underlying knowledge content or from the representation’s particular structure.

Moreover, this work does not disentangle the contribution of individual tex-
tual sources within the combined representation. In Chapter 5, different biogra-
phy sources were shown to provide complementary information; however, their
respective roles in the pretraining setting remain unexplored.

Future work should investigate alternative and more diverse sources of su-
pervision, such as critical reviews, interviews, production notes, or multilingual
corpora. In addition, systematically varying the composition and structure of
textual representations would help determine whether performance gains stem
from specific knowledge sources or from broader semantic enrichment.

6.4.3 Generative reformulation limitations

Recasting downstream tasks as conditional text generation ensures architectural
consistency between pretraining and fine-tuning, allowing the effect of genera-
tive supervision to be isolated. However, this modelling assumption introduces
constraints, and it is the reason the evaluation in this chapter covers only part
of the benchmark suite established in Chapter 3 (Section 6.1.4). Continuous re-
gression targets must be discretised, replacing R? with accuracy for the emotion
task; and multi-label tagging is excluded because we could not obtain a working
baseline for tagging under this formulation at all.

The evidence presented here supports biography-driven pretraining for single-
label semantic tasks, but cannot draw any conclusion on multi-label tagging. We
cannot exclude that a different prompt design might be able to perform music
tagging, but this is not the focus of the chapter.

Future work should investigate hybrid architectures that retain biography-
driven pretraining while downstream prediction is performed via task-specific
classification heads. More broadly, it remains an open question where within
the model the injected musical knowledge exerts the greatest influence, and
whether explicit language modelling is necessary to preserve the inductive bias
introduced during biography pretraining.
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6.4.4 Scale of pretraining

All experiments in this chapter build on a Whisper backbone pretrained on
large-scale speech transcription data, followed by additional biography-driven
supervision. While this additional pretraining demonstrates consistent improve-
ments, its scale remains modest relative to contemporary large-scale multimodal
pretraining regimes.

Exploring the effects of scaling the quantity and diversity of external tex-
tual supervision may reveal stronger transfer effects or emergent behaviours. A
systematic investigation of scaling dynamics would clarify whether biography-
driven generative supervision follows the same scaling laws observed in other
multimodal foundation models.

6.5 Contributions

This chapter makes the following contributions:

e Span-masked multimodal generative pretraining: We introduce a
pretraining strategy that leverages structured textual representations to
internalise musical knowledge within an audio-text model, extending be-
yond the feature-level multimodal fusion explored in Chapter 5.

e Unified generative task formulation: We propose a consistent text-to-
text reformulation of genre and emotion classification, aligning pretraining
and fine-tuning under a shared conditional generation objective without
requiring task-specific architectural modifications.

e Empirical evidence of semantic transfer: We demonstrate that biography-
driven span-masked pretraining yields consistent performance improve-
ments across multiple datasets, indicating that long-form textual super-
vision induces beneficial inductive biases for downstream music classifica-
tion.

6.6 Summary

This chapter investigates whether musical knowledge, previously introduced
as augmented textual representations, can be internalised through generative
pretraining rather than provided explicitly at inference time. Building on a
speech-pretrained Whisper architecture, we extend the model with a text en-
coder and train it to reconstruct structured textual representations from audio
using a span-masked objective. This formulation allows us to assess whether
semantically enriched supervision induces transferable inductive biases in audio
representations.

Across genre and emotion classification benchmarks, span-masked pretrain-
ing yields consistent improvements over direct fine-tuning from a speech-pretrained
baseline, with an average relative gain of +6.6%. Gains are particularly pro-
nounced in genre classification, indicating that artist-level textual supervision
aligns well with stylistic attributes encoded in music. The consistency of the
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effect across four datasets, spanning both high and low artist overlap with the
pretraining corpus, suggests that long-form textual supervision provides a mean-
ingful signal for downstream learning rather than an artefact of any single bench-
mark.

These conclusions remain exploratory, and several constraints bound them:
a single run per configuration, artist overlap between pretraining and evaluation
data, a speech-pretrained rather than music-pretrained backbone, and coverage
of only the single-label tasks, since the generative reformulation did not yield a
workable baseline for tagging. What the chapter establishes is that biography-
driven supervision continues to influence a model after the text is removed,
that the internalisation route is therefore viable, and that its effect is smaller
than direct injection. This is a narrower claim than the multimodal results
of Chapter 5 support, and it also identifies the conditions a properly powered
study would need to control.

Taken together, these results nevertheless extend the thesis beyond multi-
modal fusion. Structured artist-level textual representations not only comple-
ment audio features when used as inputs, but also appear to shape the internal
structure of learned representations when used as supervision. This indicates
that external knowledge can be internalised within audio-text models, and iden-
tifies knowledge-guided pretraining as a direction worth pursuing at greater scale
for developing semantically grounded systems in music information retrieval.



Chapter 7

Discussion and conclusion

This thesis investigates whether structured artist-level textual knowledge, in the
form of biographies, can enhance music representations for semantic music infor-
mation retrieval (MIR) tasks. Across a unified evaluation framework spanning
genre classification, emotion recognition, and music tagging, we systematically
evaluate the impact of incorporating artist biographies derived from multiple
sources. To support this analysis, we introduce two reproducible corpora of
artist biographies and assess their coverage and reliability.

Across controlled experimental settings, we find that artist biographies im-
prove performance on most evaluated tasks when integrated with audio rep-
resentations, with the notable exception of low-resource emotion recognition,
where gains remain inconclusive. Furthermore, we provide evidence that such
knowledge can be internalised through generative pretraining, yielding improve-
ments even when textual information is unavailable at inference time.

More broadly, the results suggest that artist biographies encode structured
semantic information that can influence model behaviour in two distinct ways:
either through direct multimodal augmentation at inference time or by shaping
inductive biases during pretraining. While these findings should be interpreted
within the methodological and dataset constraints described in this thesis, the
consistent patterns observed across tasks indicate that structured textual su-
pervision constitutes a promising direction for knowledge-aware music represen-
tation learning.

The principal contribution. This thesis makes several contributions: two
resources, an evaluation framework, an empirical study, and a conceptual dis-
tinction. The principal contribution is the empirical demonstration that
artist-biography augmentation measurably improves multimodal mu-
sic representations, established in Chapter 5 across three tasks and six bench-
mark datasets, and supported by the leakage-controlled ablations that separate
genuine semantic contribution from surface-level lexical overlap.

The multimodal experimentation is the theme and the core of this work,
and the remaining contributions all feed into it. The evaluation framework of

97
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Chapter 3 exists to make the comparison interpretable, by holding the archi-
tecture and protocol fixed so that the representation is the only variable. The
corpora of Chapter 4 exist because the comparison could not otherwise be run
reproducibly: without an openly constructible source of artist-level text, the
experiment would have depended on resources that cannot be shared. The pre-
training study of Chapter 6 asks what happens to the same knowledge when it
is absorbed rather than supplied, extending the central finding along a second
axis.

The demonstration is evidence towards, not proof of, the relevance of con-
textual knowledge in MIR. The experiments show that a particular form of
contextual knowledge, supplied in a particular way, improves performance on a
particular set of semantic tasks under controlled conditions, and that through
the masking ablations this improvement is not reducible to the target label
appearing in the input text. They cannot show that contextual knowledge is
necessary, that biographies are the best vehicle for it, or that the effect would
survive on a substantially stronger acoustic encoder. Artist biographies are
best understood as one possible vehicle for embedding field knowledge into mu-
sic models, convenient because they are abundant, artist-level, and openly ob-
tainable rather than because there is anything privileged about biography as
a genre. The broader proposition the thesis supports, that musical attributes
such as genre, mood, and lineage are partly culturally constituted rather than
fully latent in the waveform, and that models therefore benefit from knowledge
the signal does not contain, is a direction this evidence motivates rather than a
result it establishes.

We will now summarise the contributions of this thesis.

7.1 Summary of contributions

7.1.1 Evaluation methodology

This thesis first establishes a controlled and task-driven evaluation framework
for assessing music representations in music information retrieval (MIR). Rather
than introducing new prediction tasks, it consolidates a diverse set of estab-
lished benchmarks across genre classification, emotion recognition, and music
tagging into a unified pipeline. By fixing the model architecture, dataset splits,
and evaluation metrics, the framework isolates the contribution of the repre-
sentation itself, reducing confounding effects from architectural variation. This
design enables systematic comparison of audio-only, textual, and multimodal
representations under consistent experimental conditions.

This structured evaluation protocol underpins all subsequent experiments
and provides a reproducible foundation for studying representation-level impact
in MIR.
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7.1.2 Building the artist biography corpora

To enable structured textual augmentation of music representations, this thesis
introduces two reproducible corpora of artist-level biographies, constructed from
complementary sources: community-authored web content and large language
model-generated text. These corpora are designed to balance coverage, stylis-
tic consistency, and accessibility, addressing limitations of existing encyclopedic
resources that are either restricted by copyright or biased toward highly pop-
ular artists. The resulting datasets provide high coverage across multiple MIR,
benchmarks while remaining reproducible for research use.

Beyond corpus construction, the thesis proposes a factual reliability anal-
ysis grounded in Wikidata-based question answering. This evaluation quanti-
fies the extent to which different biography sources encode verifiable biographi-
cal attributes and highlights systematic trade-offs between community-authored
variability and LLM-generated consistency. Rather than assuming textual aug-
mentation to be inherently beneficial, this analysis characterises the properties,
biases, and limitations of each knowledge source, enabling informed interpreta-
tion of downstream experimental results.

7.1.3 Multimodal music representations

Building on the evaluation framework and textual corpora, the thesis system-
atically compares audio-only, metadata-based, biography-augmented, and ag-
gregated textual representations across six benchmark datasets. The results
demonstrate that artist-level biographies provide complementary semantic in-
formation to acoustic features, particularly in genre classification and large-scale
emotion recognition settings. When combined with audio in a controlled multi-
modal architecture, aggregated textual representations yield improvements on
five of six evaluated datasets, with gains on EmoMusic remaining inconclusive
due to its limited training data.

Importantly, ablation analyses clarify that these improvements cannot be
attributed solely to trivial metadata cues or architectural capacity. These find-
ings support the conclusion that artist biographies encode high-level stylistic
and contextual attributes that augment acoustic representations in a meaning-
ful and measurable way.

7.1.4 Pretraining on artist biographies

Extending beyond multimodal fusion at inference time, this thesis investigates
whether artist-level textual knowledge can be internalised through generative
pretraining. By reformulating downstream tasks within a conditional text gen-
eration framework and pretraining a speech-initialised audio-text model to re-
construct textual representations from audio, the work explores whether struc-
tured textual supervision induces beneficial inductive biases. Experimental re-
sults show consistent improvements over direct fine-tuning on genre and emotion
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benchmarks, suggesting that biography-driven pretraining influences learned
representations even when textual input is unavailable at inference.

While the scale and dataset overlap constraints limit the scope of definitive
conclusions, the observed pattern of improvements across tasks indicates that
long-form semantic supervision constitutes a viable alternative to feature-level
augmentation. Together with the multimodal experiments, these results high-
light two complementary mechanisms for incorporating structured knowledge
into MIR systems: explicit injection via multimodal integration and implicit
learning via generative pretraining.

Taken together, these contributions establish structured artist-level textual
knowledge as a practical and effective mechanism for enhancing music represen-
tation learning under controlled and reproducible conditions.

7.2 Discussion

7.2.1 Revisiting the research hypotheses

Chapter 1 introduced three research questions alongside explicit hypotheses
about expected outcomes. These questions were made answerable by the con-
trolled evaluation framework defined in Chapter 3, itself a methodological con-
tribution rather than an open question: it enabled comparison of representations
across genre classification, emotion recognition, and music tagging while hold-
ing the downstream architecture fixed, and it served that purpose throughout
the thesis. Fixing the architecture does not eliminate all confounds: differences
in coverage, alignment, and leakage risk across representations remain impor-
tant interpretive considerations, and they recur below. Having presented the
empirical findings in Chapters 4-6, we now revisit each hypothesis and assess
the extent to which it was supported, complicated, or left unresolved by the
evidence.

¢ RQ1: Scalability and reliability of artist biographies. The hy-
pothesis that biographies could be scalably constructed was confirmed:
the web-scraped corpus spans 18,912 artists, of which 8,484 carry biog-
raphy text, and the LLM-generated corpus achieves over 90% coverage
across all evaluation datasets. However, scalability comes with trade-offs
that the hypothesis did not fully anticipate. LLM-generated biographies
are factually denser and more consistent, but susceptible to entity ambigu-
ity and biased toward well-documented artists. Web-scraped biographies
offer greater diversity but are sparser and noisier. Neither corpus is uni-
formly reliable, and the factual evaluation in Chapter 4 highlighted that
high coverage does not guarantee high-quality supervision.

¢ RQ2: Multimodal improvements from biography augmentation.
The hypothesis that biographies would improve performance through com-
plementary semantic cues was broadly confirmed, with multimodal fusion
yielding gains across most tasks and datasets. As predicted, the improve-
ments were strongest for genre classification and less consistent for affec-
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tive tasks. However, the genre leakage analysis complicated the picture:
on GTZAN, where 59.4% of biographies contain explicit genre terms, a
substantial portion of the gain is attributable to direct lexical cues rather
than deeper contextual information. On FMA-Small, the drop from mask-
ing genre terms was much smaller, suggesting that broader contextual
semantics contribute more in larger-scale settings. The hypothesis was
therefore partially confirmed: biographies help, but through a mixture of
mechanisms whose relative contributions are dataset-dependent.

e RQ3: Internalisation through pretraining. The hypothesis that pre-
training gains would be real but smaller than inference-time augmentation
was directionally confirmed. Biography-driven pretraining produced con-
sistent improvements over direct fine-tuning (+6.6% average relative gain),
but these were indeed more modest than the multimodal fusion gains in
Chapter 5. However, this finding remains preliminary: the chapter relies
on a single training run with known artist overlap between pretraining and
evaluation data, and no statistical testing was performed. The evidence is
consistent with the hypothesis but not yet strong enough to be considered
definitive.

7.2.2 Positioning within multimodal MIR research

Multimodal learning has become an important direction within Music Infor-
mation Retrieval, with recent progress largely driven by large-scale audio-text
pretraining and contrastive alignment strategies. These approaches typically
leverage substantial quantities of weakly annotated or proprietary data to learn
joint representations across modalities.

Within this landscape, this thesis examines the use of structured artist-level
biographies as an additional source of semantic supervision. Rather than fo-
cusing primarily on scale, the work explores whether the semantic density and
contextual coherence of biographical texts can augment music representations
under controlled experimental settings. By incorporating artist-level informa-
tion, the proposed framework introduces a hierarchical perspective in which
relatively stable stylistic and contextual attributes inform track-level modelling.

The resulting approach provides a reproducible form of textual supervision
accessible within academic settings. In this sense, the thesis contributes an alter-
native design axis for multimodal MIR research, centred on structured semantic
knowledge rather than on dataset scale.

7.2.3 Artist biographies as textual representations

Mapping textual descriptions to music has long been a challenge in Music In-
formation Retrieval, where textual supervision has typically relied on either
lyrics or corpora curated by domain experts. Lyrics provide track-level, affec-
tive, and often noisy signals, whereas expert-crafted resources typically encode
structured but task-specific annotations. Both approaches require substantial
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effort to curate at scale, and large, high-quality corpora are frequently restricted
or proprietary.

Within this context, this thesis evaluates artist biographies as an alterna-
tive source of textual supervision. Compared with traditional textual resources,
biographies can be collected from community-authored sources or generated
by large language models, making them more accessible for academic research.
Empirically, they provide complementary semantic information, improving mul-
timodal models under controlled experimental conditions.

A distinctive characteristic of biographies is the level of supervision they re-
ceive. Unlike lyrics, which operate at the track level and reflect instance-specific
affective content, biographies describe artists at a broader scope. This intro-
duces a form of hierarchical supervision: relatively stable stylistic and contextual
attributes associated with an artist inform representations of individual tracks.
As a result, biography-based representations tend to encode more persistent
characteristics, such as genre affiliations, instrumentation, cultural influences,
and temporal or geographical context, rather than transient properties of spe-
cific songs.

In this sense, biographies can be understood as a form of structured cultural
discourse about music. They reflect how artists are situated within stylistic
traditions, social contexts, and historical trajectories. Rather than directly de-
scribing the acoustic content of a specific track, they provide contextual framing
that complements instance-level signals such as audio features or lyrics.

However, this representation paradigm also introduces limitations. Because
supervision is anchored at the artist level, biography-based representations are
less sensitive to intra-artist variability and may struggle to capture stylistic
shifts or atypical releases. Additionally, the quality and richness of biographies
are often correlated with an artist’s popularity, introducing a potential bias
against long-tail or emerging artists. These structural characteristics constrain
the scope within which biography-based supervision can be expected to provide
consistent benefits.

7.2.4 Injection vs learning of textual knowledge

A central distinction explored in this thesis concerns two mechanisms for in-
corporating artist-level textual knowledge into music representation learning:
explicit biography injection at inference time and implicit knowledge inter-
nalisation through generative pretraining. Although both approaches yield
performance improvements under controlled experimental settings, they oper-
ate through fundamentally different mechanisms and present distinct practical
trade-offs.

Biography injection augments each music sample with artist-level textual
information during inference. This approach requires maintaining a comprehen-
sive, up-to-date collection of artist biographies, and its effectiveness depends on
coverage. Consequently, unknown or newly emerging artists pose a challenge.
At the same time, this design offers transparency and modularity: the textual
input is explicit and controllable, and it can be updated independently of the
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model parameters. The behaviour of the system can therefore be influenced by
modifying or refining the textual resource itself.

In contrast, pretraining on biographies seeks to internalise structured contex-
tual information into the model parameters through a span-masking objective.
Rather than relying on textual input at inference time, this approach aims to
shape the audio-text model’s inductive biases during training. Empirically, the
results suggest that biography-driven pretraining can transfer beneficial con-
textual patterns across tasks. However, this strategy reduces transparency and
modularity: once knowledge is internalised, modifying model behaviour requires
additional training, and the influence of specific textual signals becomes less di-
rectly interpretable.

Taken together, these findings illustrate two complementary paradigms for
integrating structured knowledge into MIR systems. Explicit injection provides
controllable, interpretable conditioning, whereas generative pretraining offers a
pathway to embed contextual information into the representation itself. The
relative suitability of each approach depends on deployment constraints, data
availability, and the desired balance between controllability and representational
autonomy.

7.2.5 Interpretation of empirical findings

Across the experiments presented in this thesis, a broad pattern emerges: artist
biographies provide complementary semantic information that enhances per-
formance on most evaluated semantic MIR tasks. The benefits are most pro-
nounced for genre classification, where artist-level supervision aligns closely with
stable stylistic attributes, and more modest for music tagging. Emotion recog-
nition presents a mixed picture: gains are observed on the larger-scale Deezer
dataset, but remain inconclusive on EmoMusic, where limited training data pre-
vents reliable learning from textual signals. This distribution of gains reflects
the level at which biographies operate, namely as relatively stable descriptors
of artistic identity rather than track-specific signals.

Importantly, biographies do not replace acoustic information but comple-
ment it. Across tasks, multimodal combinations of audio and biography repre-
sentations perform consistently as well as or better than unimodal baselines.
This indicates that the textual and acoustic channels capture partially dis-
tinct aspects of musical semantics, with biographies contributing contextual
and stylistic framing that augments instance-level acoustic detail.

Ablation studies further clarify the nature of this contribution. Masking
explicit genre terms in biographies reduces but does not eliminate performance
gains, indicating that improvements cannot be attributed solely to direct label
leakage. Instead, the results suggest that biographies encode higher-level stylis-
tic patterns and contextual associations that extend beyond explicit categorical
cues.

Finally, the pretraining experiments reinforce this broader pattern. Al-
though exploratory in scope, they indicate that biography-based supervision
can influence learned representations even when textual input is unavailable
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at inference time. This supports the interpretation that contextual knowledge
derived from artist biographies can be internalised within multimodal models,
shaping their inductive biases for genre and emotion inference.

Taken together, these findings characterise artist biographies as a form of
structured contextual supervision that is particularly well aligned with stable,
high-level semantic attributes in music representation learning.

7.3 Limitations

While the findings presented in this thesis provide evidence that artist biogra-
phies can enhance music representation learning under controlled settings, they
should be interpreted within the scope and constraints of the experimental de-
sign. The proposed methods rely on specific dataset compositions, supervision
levels, and modelling choices that necessarily delimit the generality of the con-
clusions. This section outlines the principal limitations related to scalability,
genre leakage, evaluation design, and dataset bias, to clarify the conditions un-
der which the reported results are expected to hold.

7.3.1 Scalability

A primary limitation of the approaches presented in this thesis concerns scala-
bility across artists, datasets, and deployment settings. The biography corpora
were constructed either through web-based collection or LLM generation, both
of which are subject to long-tail effects. Popular artists tend to have richer and
more detailed biographical information, whereas emerging or less-documented
artists may be associated with sparse or low-quality descriptions. As a result,
representation quality may vary systematically with artist popularity.

Scalability also arises at the modelling level. The empirical results sug-
gest that the benefits of biography-based supervision are more pronounced in
higher-data regimes, where sufficient labelled examples enable the model to align
contextual artist-level information with task-specific targets. In lower-resource
settings, the model may struggle to effectively integrate this additional semantic
channel. Consequently, the observed improvements may not transfer uniformly
across tasks or domains with limited annotated data.

Together, these factors highlight that, while biography-based supervision is
effective under controlled conditions, its scalability depends on coverage and
data availability.

7.3.2 Genre leakage

A potential limitation of biography-based supervision is the presence of explicit
genre descriptors in artist biographies. Because genre labels frequently appear
in biographical texts, there exists a risk that improvements in genre classifica-
tion tasks may partially reflect direct label leakage rather than deeper semantic
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integration. This concern is particularly relevant when textual representations
are provided at inference time.

To assess this effect, we conducted ablation studies in which explicit genre
terms were masked from the biographies. While performance decreased relative
to the unmasked condition, improvements over audio-only baselines persisted.
This indicates that explicit categorical cues contribute to the observed gains but
do not fully account for them.

These findings suggest that biography-based representations operate at two
levels. At one level, they may provide direct task-relevant information through
explicit descriptors. At another level, they encode broader stylistic and contex-
tual attributes (influences, instrumentation, cultural associations) that correlate
with genre categories without explicitly naming them. Masking experiments re-
duce the most direct form of leakage, but they do not eliminate the possibility
of indirect correlations between contextual language and genre labels.

Accordingly, while the results support the usefulness of biography-based
augmentation, they should be interpreted with the understanding that genre
classification tasks are particularly sensitive to textual shortcuts. Fully disen-
tangling explicit label injection from contextual semantic enrichment remains a
challenging problem.

7.3.3 Evaluation constraints

The findings of this thesis are conditioned by the specific evaluation framework
adopted. To isolate the contribution of textual augmentation, experiments were
conducted using fixed model architectures and controlled training protocols.
While this design enables systematic comparison of representations, it also con-
strains conclusions to the selected backbone models and training regimes. The
interaction between biography-based supervision and alternative architectures
or large-scale pretrained encoders remains an open question.

Additionally, the pretraining experiments rely on a generative reformulation
of downstream tasks. Although this unified framework facilitates the study of
inductive bias transfer, it introduces dependencies on decoding strategies and
text generation performance. As a result, comparisons with standard discrimi-
native baselines should be interpreted in light of this modelling choice.

Finally, the evaluation focuses on supervised semantic tasks, namely genre
classification, emotion recognition, and music tagging. While these benchmarks
provide a meaningful framework for representation learning, they do not en-
compass other MIR settings such as retrieval, recommendation, or zero-shot
transfer. Consequently, the reported improvements should be understood as
specific to the evaluated tasks.

7.3.4 Dataset bias

Artist biographies are not uniformly distributed across the musical landscape.
As discussed previously, the richness of biographies is closely tied to artists’
visibility, introducing a popularity bias in which well-established artists receive
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more extensive and detailed coverage. Temporal and regional factors further
shape this imbalance, as publicly available documentation tends to privilege
contemporary, Western, and anglophone artists. Consequently, the textual rep-
resentations derived from these sources may disproportionately reflect dominant
cultural narratives within popular music.

Importantly, similar distributional biases are present in the downstream eval-
uation benchmarks. Genre classification datasets often emphasise canonical
Western genre taxonomies, and emotion recognition corpora frequently rely on
culturally specific interpretations of affect. As a result, both the textual super-
vision and the evaluation tasks may share overlapping cultural assumptions.

The alignment between these distributions raises the possibility that some
observed performance gains reflect compatibility within a shared cultural fram-
ing. In other words, improvements may be amplified when biography-derived
contextual signals and benchmark annotations encode similar genre conven-
tions or affective norms. While this does not invalidate the empirical findings,
it suggests that generalisation to underrepresented genres, regions, or cultural
contexts remains an open question.

7.4 Future work

Future work can be broadly divided into near-future methodological extensions
and longer-term conceptual directions for knowledge-aware MIR.

7.4.1 Short-term directions

A first direction for further exploration concerns the robustness of the observed
improvements across alternative audio encoding architectures. While the ex-
periments in this thesis demonstrate consistent gains when combining artist bi-
ographies with VGGish and Whisper-based representations, it remains unclear
how these effects interact with other model backbones or larger-scale pretrained
audio encoders. Systematic evaluation across architectures with varying capac-
ity and pretraining regimes would clarify whether biography-based supervision
provides complementary benefits independent of encoder choice. It remains an
open question whether the observed improvements would persist when employ-
ing state-of-the-art audio encoders such as MERT [29]. Still, we hypothesise
that the subjective nature of the contextual information provided by biogra-
phies would continue to yield complementary signals even in the presence of
more powerful acoustic representations. However, the relative magnitude of
gains may decrease as the audio encoder captures more of the relevant semantic
structure on its own.

A second line of investigation involves enforcing stricter separation between
pretraining and downstream evaluation. In particular, future work could con-
sider fully disjoint artist splits to assess whether biography-driven pretraining
induces transferable contextual representations beyond artist-specific memori-
sation. Such experiments would provide a more rigorous test of whether the
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observed gains reflect generalised inductive bias rather than overlap in artist
identity.

Finally, further study is warranted in low-resource and long-tail settings.
The empirical results suggest that biography-based augmentation is most effec-
tive in higher-data regimes, raising questions about its robustness under sparse
supervision. Evaluating performance in limited-data scenarios and across under-
represented artists would help determine the extent to which biography-derived
context can compensate for reduced acoustic or annotation signal.

7.4.2 Longer-term perspectives

More broadly, this thesis contributes to an emerging line of research concerned
with incorporating structured contextual knowledge into MIR systems. Mov-
ing beyond purely signal-driven inference, future models may increasingly inte-
grate cultural and stylistic information as complementary sources of supervision.
Rather than relying exclusively on large-scale pretraining, such approaches could
combine data-driven representation learning with explicit contextual grounding
derived from artist-level knowledge.

A further long-term direction concerns interpretability and controllability in
multimodal MIR systems. The distinction explored in this thesis between ex-
plicit biography injection and internalised pretraining highlights differences in
transparency and modularity. Explicit textual conditioning provides a control-
lable interface for influencing model behaviour, whereas internalised knowledge
operates implicitly within the representation space. Future research could ex-
plore how such controllable semantic axes might be leveraged to guide stylistic
inference, mitigate unwanted biases, or adapt systems to new musical contexts.

Since the completion of this work, the field has moved rapidly toward large-
scale music-language foundation models. Systems such as MusicLM, together
with the MusicCaps dataset released alongside it [1], as well as contrastive audio-
text models in the CLAP family [17], have demonstrated impressive capabilities
in text-conditioned generation and cross-modal retrieval. However, many of
the foundational questions raised in this thesis remain open in these larger-
scale settings: whether textual supervision contributes through shallow lexical
alignment or deeper semantic grounding, how models behave on long-tail artists
with limited web presence, and whether reported gains generalise beyond the
distributions seen during training. The controlled, representation-centric evalu-
ation approach explored here offers a complementary perspective to scale-driven
progress, and the core issues of semantic grounding and coverage are likely to
become more pressing as music-language models increase their requirement of
larger datasets.

Taken together, continued investigation of structured contextual supervi-
sion may contribute to more semantically grounded and culturally aware music
representations, while preserving the benefits of data-driven learning.
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7.5 Research impact

The primary impact of this thesis follows from its principal contribution, stated
at the opening of this chapter: the empirical demonstration that artist-biography
augmentation improves multimodal music representations, established under
controlled conditions and defended against the most obvious alternative expla-
nation through leakage-controlled ablation. The significance of this result is not
the size of the improvement on any one benchmark, but what it indicates about
where usable signal for these tasks resides. Genre, mood, and stylistic lineage
are in substantial part culturally constructed categories, conventions about how
music is described and grouped rather than properties that can be read off
the waveform in the way tempo or spectral centroid can. That biographical
text improves prediction of exactly these attributes, and continues to do so af-
ter explicit label terms are masked out, is evidence that high-level contextual
knowledge complements acoustic modelling rather than duplicating it.

The practical implication is a direction for system design that runs alongside,
rather than against, the prevailing one. The dominant response to difficulty in
this area has been to scale the signal: more audio, larger encoders, more pre-
training. This work suggests a complementary axis, building domain knowledge
into the pipeline explicitly, whether injected at inference time or internalised
through pretraining, and shows that it yields measurable returns at a scale
accessible to academic research. It is offered as a complementary design consid-
eration rather than a replacement for scale, and, as noted above, as a direction
the evidence motivates rather than a settled result: which knowledge matters
most, and how it is best introduced, remain open.

Beyond this central finding, the thesis contributes to Music Information
Retrieval research by systematically examining the role of structured textual
augmentation in music representation learning. Through a controlled and re-
producible evaluation framework, it isolates the effects of artist-level contextual
supervision and clarifies how such information interacts with acoustic represen-
tations. In doing so, the work provides methodological guidance for studying
representation-level interventions in multimodal MIR systems.

A central practical contribution of this thesis is making available two cor-
pora of artist biographies, constructed through web-based collection and LLM
generation. Both are accessible for reuse, the web-scraped corpus as metadata
together with a documented reconstruction procedure, since its source licences
do not permit the biography text itself to be redistributed. By lowering the bar-
rier to multimodal experimentation in academic settings, where access to propri-
etary large-scale datasets is often limited, this reproducible and high-coverage
textual supervision supports further investigation into contextual augmentation
strategies across tasks and architectures.

At a conceptual level, this thesis advances understanding of how contextual
knowledge can influence learned representations of music. By distinguishing
between explicit knowledge injection at inference time and inductive bias inter-
nalisation through pretraining, the work articulates two complementary mech-
anisms for integrating structured information into MIR systems. While the
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reported gains are constrained by the experimental setup, the findings demon-
strate measurable, consistent effects of contextual supervision, reinforcing the
relevance of knowledge-aware approaches in multimodal learning.

Taken together, these contributions provide both practical resources and
conceptual clarity for future research exploring semantically grounded music
representations.

7.6 Conclusion

This thesis investigated whether structured artist-level textual knowledge can
enhance music representation learning. To address this question, we developed
a controlled evaluation framework designed to isolate the effects of representa-
tion choice and constructed two complementary corpora of artist biographies to
enable systematic experimentation with contextual supervision.

Across semantic MIR tasks, the results demonstrate consistent improvements
when incorporating biography-based representations, with the strongest effects
observed in genre classification. The multimodal combined model reaches 89.3%
accuracy on GTZAN (vs. 77.2% audio-only) and 72.9% on FMA-Small (vs.
52.7% audio-only). After controlling for explicit genre mentions through mask-
ing, these figures reduce to 78.3% and 71.1%, respectively, indicating that gains
persist beyond surface-level lexical cues, particularly in larger-scale settings. For
emotion recognition, multimodal fusion improves R? from 19.0 to 24.4 on Deezer,
though EmoMusic remains inconclusive (R? 46.6 vs. 51.4 audio-only), consis-
tent with the challenges of low-resource affective prediction. For music tagging,
improvements are more modest but consistent, with mAP increasing from 36.8
to 38.3 on MagnaTagATune and from 13.0 to 14.8 on Jamendo-MoodTheme.
Together, these findings indicate that artist-level textual information provides
complementary context for acoustic features, with the magnitude and reliabil-
ity of gains varying across tasks and dataset conditions. Moreover, prelimi-
nary pretraining experiments suggest that such contextual knowledge can be
internalised, influencing learned representations even when textual input is not
available at inference time.

Taken together, these results support the conclusion that artist-level super-
vision constitutes a meaningful source of structured contextual information for
music representation learning. The central contribution of this thesis is that
demonstration itself: the controlled, ablation-defended evidence that biography
augmentation improves multimodal MIR. The corpora, the evaluation frame-
work, and the pretraining study are what made that demonstration possible,
comparable, and extensible respectively, and they retain independent value; but
the multimodal result is what the thesis is for. By additionally distinguishing
between explicit knowledge injection and inductive bias internalisation, the work
clarifies two complementary mechanisms through which external knowledge can
shape multimodal MIR systems.

The appropriate weight to place on this conclusion should be stated as care-
fully as the conclusion itself. These findings are evidence towards the relevance
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of contextual knowledge in music information retrieval, not proof of it, and
artist biographies are one possible vehicle for embedding field knowledge into
models rather than a uniquely suitable one. Bounded by the experimental scope
described throughout this work, what the thesis establishes is that this vehicle
carries real signal, that the signal is not an artefact of label leakage, and that it
can be obtained reproducibly and at scale. On that basis, contextual grounding
is a direction the evidence supports pursuing, and one whose value is likely to
grow, not diminish, as music-language models come to depend on ever larger
and less curated collections.

7.7 Reflections

At the outset of this thesis, my primary objective was to develop a multimodal
approach capable of combining audio and text for music understanding tasks.
Early in the project, however, I encountered a fundamental obstacle: the diffi-
culty of aligning music and text in a way that is both semantically meaningful
and practically reproducible. Unlike domains such as vision or speech, where
large-scale aligned datasets are widely available, multimodal Music Informa-
tion Retrieval is constrained by limited access to high-quality, redistributable
resources. Much of my early work focused on attempting to work around this
limitation, exploring different datasets and combinations of modalities in search
of a viable path forward.

Over time, I came to recognise that this challenge was not merely a prac-
tical inconvenience, but a central aspect of the research problem itself. The
issue was not only the lack of data, but the nature of the alignment between
audio and textual descriptions of music. Existing textual resources in MIR tend
to exhibit a trade-off between semantic richness and availability: lyrics are ex-
pressive but restricted, metadata is scalable but sparse, and large web-based
corpora are often difficult to redistribute or control. This realisation shifted
my perspective from attempting to assemble larger multimodal datasets toward
explicitly studying how different forms of textual knowledge contribute to music
representation learning under controlled conditions. The construction of artist
biography corpora emerged not simply as a data engineering step, but as a way
of making the problem itself more tractable and reproducible.

A second important lesson concerned experimental design. In the early
stages of this work, I explored increasingly complex models and expanded the
number of datasets and tasks under consideration, expecting that broader ex-
perimentation would yield clearer insights. In practice, the opposite was true:
as the system grew in complexity, it became harder to understand which com-
ponents were responsible for observed improvements. The decision to fix the
downstream architecture and evaluate representations within a unified frame-
work proved to be a turning point, enabling more interpretable comparisons and
more defensible conclusions.

The empirical results also led to a more nuanced understanding of what
multimodal improvements represent. While artist biographies improved perfor-
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mance across most tasks, particularly for genre classification, further analysis
revealed that these gains arise from a combination of mechanisms. Explicit
lexical cues, such as genre terms appearing in biographies, contribute meaning-
fully to performance, but do not fully account for the observed improvements.
Biographies also encode broader contextual information (stylistic influences, cul-
tural associations, geographic context), which shapes model behaviour in less
transparent ways. This led me to reconsider the interpretation of multimodal
gains: improvements should not be taken as direct evidence of deeper musical
understanding, but rather as the result of an interaction between surface-level
signals and richer contextual knowledge. Disentangling these effects remains an
important open challenge.

Perhaps the most significant conceptual development during this project was
the distinction between using textual knowledge as an auxiliary modality at in-
ference time and using it as a supervisory signal during training. Initially, I
approached textual augmentation primarily as an input feature to be combined
with audio representations. The exploration of generative pretraining reframed
this perspective: textual knowledge can also act as a target that shapes a model’s
inductive biases, influencing how audio representations are learned even when
text is absent at inference. This distinction became a central organising prin-
ciple of the thesis and clarified two complementary pathways for incorporating
contextual information into MIR systems.

More broadly, this work has led me to view multimodal MIR not simply
as a problem of combining modalities, but as a problem of semantic grounding
and evaluation. The central question is not only whether text improves perfor-
mance, but what kind of knowledge it introduces, how that knowledge aligns
with the target task, and under what conditions the resulting improvements can
be trusted.

Finally, I believe the direction explored in this thesis has implications be-
yond the specific experiments presented here. As machine learning increasingly
incorporates knowledge-rich supervision, the ability to integrate contextual in-
formation in a controlled and reproducible manner will become increasingly
important. In MIR, where access to proprietary datasets remains a significant
barrier, approaches that balance semantic richness with accessibility may play
a key role in enabling broader participation and more transparent research.
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