
The Musical Work as a Mutable
Interface:

Towards a Co-Creative Electroacoustic
Practice

Nádia Carvalho

Supervisor
Gilberto Bernardes de Almeida

Prof. Dr.
Faculty of Engineering of Porto-INESC-TEC



© Nádia Carvalho, 2026



The Musical Work as a Mutable Interface:
Towards a Co-Creative Electroacoustic Practice

Nádia Carvalho

Doctoral Program in Digital Media

Approved by:

President: Dr. António Coelho
Referee: Dr. Diemo Schwarz
Referee: Dr. Rui Penha
Referee: Dr. Sofia Cavaco
Referee: Dr. António Sá Pinto

July 6, 2026



Resumo

Esta dissertação investiga a transição ontológica e performativa da obra musical, propondo a sua
reconfiguração de um artefacto estático numa interface mutável através da mediação computa-
cional inteligente. Historicamente, a tradição musical erudita ocidental privilegia o conceito de
obra (werktreue). Este conceito cristaliza a composição como um objeto imutável, preservado
pela rigidez da partitura ou do suporte fonográfico. Contudo, as práticas digitais e eletroacústi-
cas contemporâneas reclamam novos paradigmas que respondam à porosidade das fronteiras entre
composição, performance e agência tecnológica. Este trabalho propõe, assim, a substituição da
partitura fixa pela variedade topológica navegável. Neste sentido, a obra redefine-se como um
território dinâmico cuja identidade assenta na fluidez estrutural e não na prescrição notacional.
Esta mudança de paradigma fundamenta-se num modelo de navegação contextual. Neste mod-
elo, os limites topológicos do sistema e a intuição gestual do intérprete convergem num diálogo
exploratório de descoberta estrutural em tempo real.

A metodologia adotada cruza a investigação experimental com a investigação baseada na
prática. Nesse sentido, propomos uma estrutura em um ciclo reflexivo-iterativo que articula o
desenvolvimento de software ao ato performativo. A investigação desenvolve-se em dois eixos
fundamentais: a representação tonal simbólica e a navegação tímbrica. No primeiro, recorre-se
a variational autoencoders (VAEs) para a compressão de polifonia simbólica, tendo-se observado
um alinhamento empírico significativo entre os espaços latentes desses modelos e os espaços de
fase da Transformada Discreta de Fourier (DFT). Este resultado demonstra que modelos consid-
erados de caixa negra podem revelar, de forma autónoma, princípios estruturais da teoria musical,
como o ciclo de quintas. No segundo eixo, utiliza-se a Síntese de Áudio Neural (RAVE) para
mapear o espetro tímbrico do saxofone tenor em espaços latentes de alta dimensão. De forma a
mediar a relação entre dados abstratos e o gesto musical. Para tal, introduz-se uma taxonomia de
movimentos (paralelos, oblíquos e contrários) que preserva a agência do intérprete na navegação
destes espaços.

A aplicabilidade prática desta investigação materializa-se nos sistemas BroadcastJSB e Aethra.
O primeiro constitui um instrumento topológico que explora a metáfora do rádio para a navegação
em tempo real no espaço latente dos corais de J.S. Bach. O segundo consiste numa interface
co-criativa para música mista que sintetiza a complexidade multidimensional num único eixo de
controlo performativo. As principais contribuições deste trabalho residem na formalização da obra
mutável como espaço de possibilidades, na demonstração da inteligibilidade musical em modelos
de aprendizagem profunda e na criação de ferramentas e repositórios de dados de acesso aberto
às comunidades que investigam performance contemporânea e computação sonora e musical. Em
suma, a dissertação sustenta que o futuro da prática musical reside na potencialização da intuição
humana através da mediação inteligente, posicionando a interface mutável como o lugar primor-
dial da exploração colaborativa na era digital.
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Abstract

This thesis investigates the ontological and performative shift of the musical work. In this sense,
we propose using intelligent computational mediation to reconfigure it from a static artefact into
a mutable interface. Historically, the Western musical tradition has been framed by the work-
concept (werktreue), which crystallizes the composition as an immutable object preserved by the
rigidity of the score or the phonographic medium. However, contemporary digital and electroa-
coustic practices demand new paradigms that account for the fluid boundaries between composi-
tion, performance, and technological agency. Acknowledging that, this research proposes a transi-
tion from the static score to the navigable topological manifold. Rather than utilizing fixed musical
notation, these spaces treat the musical work as a dynamic environment. In this environment, iden-
tity is preserved through structural fluidity, leading to a paradigm change to a contextual navigation
model. In a symbiotic dialogue of real-time structural discovery, the machine provides a restricted,
high-dimensional map of the work’s universe, which the performer navigates using their gestural
intuition.

The methodology follows a mixed approach between experimental and practice-based re-
search. This methodology operates over a reflective-iterative cycle, integrating software devel-
opment with musical performance. The study is divided into two main phases: symbolic (tonal)
and sub-symbolic (timbre) representation and navigation. In the first phase, variational autoen-
coders (VAEs) are used to compress symbolic polyphony. A critical milestone was the empirical
alignment found between unsupervised VAE latent spaces and theoretical Discrete Fourier Trans-
form (DFT) phase spaces. This alignment confirms that black box latent space models naturally
discover structural principles consistent with established music theory, such as the circle of fifths.
The second phase employs Neural Audio Synthesis (RAVE) to map the timbre landscape of the
tenor saxophone into high-dimensional latent spaces. To navigate these spaces, the research in-
troduces a taxonomy of musical motions (parallel, oblique, and contrary). These motions propose
to connect abstract data and musical intent, enabling gestural navigation that honours performer
agency.

The practical applicability of this research is materialized in BroadcastJSB and Aethra. The
former, a web-based topological instrument, uses a radio metaphor for real-time navigation within
J.S. Bach’s chorales’ latent space. The latter consists of a co-creative interface for mixed mu-
sic that synthesizes multidimensional complexity into a single axis of performative control. The
primary contribution of this work lies in the formalization of the mutable work as a space of
possibilities. We also demonstrate musical intelligibility within deep learning models and create
open-access tools and data repositories for the computer music research and contemporary per-
formance communities. In summary, the thesis argues that the future of musical practice lies in
improving human intuition through intelligent mediation. By doing this, we position the mutable
interface as a key place for collaboration and creative exploration in today’s digital world.
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Framing the Mutable Musical Work
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Chapter 1

Introduction

This thesis explores the transformation of musical works in the age of advanced computational

technology. Traditionally, Western art music has embraced the idea of the work-concept, which

views a musical composition as a stable, written entity that retains its identity through accurate

notation and faithful performances (Goehr, 1994). However, the rise of electroacoustic practice

and interactive digital systems has progressively challenged this hierarchy, demanding new frame-

works that account for the fluid boundaries between composition, performance, and technological

agency.

This introductory chapter establishes the conceptual foundation for the mutable musical work,

proposing a shift from the static score to the dynamic latent space.1 Rather than viewing machine

learning (ML)2 just as a manner of automating tasks, this research presents it as a site of compu-

tational openness, where the musical work’s identity is maintained not just via a fixed sequence

of notes, but through a navigable geometry of possibilities. By conceptualizing performance as an

exploration of high-dimensional state spaces, we move toward a model of contextual navigation,

where the machine’s encoded contextual knowledge and the performer’s gestural intent engage in

a closed-loop dialogue of structural discovery.

To establish the theoretical framework for the mutable musical work, this chapter traces the

evolution of the musical object from a static artifact to a dynamic process through several key

thematic moments. Section 1.1 begins by examining the historical tension between traditional

notation and machine learning, identifying the need for new ontological definitions that account for

the fluid boundaries of contemporary digital practice. Building on this need, Section 1.2 proposes

re-framing the musical work as a topological manifold, in which structural logic and performative

potential are unified within high-dimensional latent spaces.

1A latent space is a low-dimensional, continuous, and often curved structure that underlies high-dimensional data,
representing the essential, hidden, or latent features of that data (Kingma and Welling, 2014).

2Machine learning is a subfield of artificial intelligence characterized by the development of statistical algorithms
that enable computational systems to autonomously induce patterns, structures, or predictive models from large-scale
datasets without being explicitly programmed for every contingency. Unlike classical, rule-based programming, which
relies on a deterministic, if-then, logic, ML models utilize iterative optimization processes to minimize a loss function,
effectively transforming the computer into a learner that can generalize from observed data to novel, unseen scenarios
(Michalski et al., 1983).

2
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This shift in representation necessitates a new performative model, which Section 1.3 ad-

dresses by analyzing the redistribution of agency in co-creative music systems, ultimately defining

the performer’s role as a navigator within a contextually bounded environment.

Following this theoretical development, Section 1.4 outlines the thesis’s primary objectives

(i.e., the challenge of making black box AI intelligible) and details the practical contributions

this research offers to musicology and computational creativity. Finally, Section 1.5 provides a

roadmap for the subsequent parts of the thesis, tracing the progression from the symbolic tonal

explorations of Part II to the sub-symbolic timbre landscapes investigated in Part III.

1.1 The Problem of the Fixed Work in Digital Practice

In contemporary electroacoustic music, the adoption of recorded media fundamentally altered the

relationship between the composer’s intent and the performer’s interpretation. This is most ev-

ident in the tradition of mixed media (or musique mixte), where acoustic instruments are paired

with fixed electronic counterparts, typically stored as pre-recorded audio tape (Manning, 2013).

While this approach expands the available sonic resources, it creates a significant performative

challenge: the fixed nature of the electroacoustic part imposes strict metronomic constraints, re-

stricting the performer’s rhythmic flexibility and expressive timing to the pre-determined timeline

of the machine (Emmerson, 2007).

A central issue in contemporary digital practice is the established asymmetry of agency be-

tween human and machine. Within standard Computer-Assisted Composition (CAC) and tradi-

tional live-electronics environments, historically exemplified by the research models at centers

like IRCAM (Institute for Research and Coordination in Acoustics/Music), the computer is gener-

ally structured as a musical assistant or a computational processor that facilitates the translation of

musical concepts into scientific data (Zattra, 2018a; Boulez and Gerzso, 1988). In this paradigm,

limiting the computer’s autonomy is a deliberate design choice rooted in the Western classical tra-

dition of maintaining strict compositional control. Technologies such as advanced score followers

(e.g., Antescofo) are designed to consolidate the composer’s control, reinforcing the central role

of the written score and utilizing the machine as a direct executor of its instructions (Tiffon, 2018;

Cont, 2008). Consequently, unexpected generative outputs from the machine are typically classi-

fied as system errors rather than expressions of machine agency, as they represent a breach in the

expected control parameters (Nika, 2016; Fels, 2004).

To preserve this control hierarchy, traditional electronic systems are often designed for psy-

chophysiological transparency, prioritizing a direct, predictable mapping between physical control

gestures and acoustic output (Fels et al., 2002; Miranda, 2014). However, by emphasizing effort-

less and transparent one-to-one interactions, these architectures effectively relegate the system to

a passive tool rather than a collaborative partner (Fels et al., 2002; Ryan, 1991). As Ryan (1991)

observes, designing interfaces solely to minimize physical effort can inadvertently widen the cog-

nitive separation between the musician and the underlying generative processes. In contrast, for

a computational framework to function as a genuine performative agent, it necessitates a degree
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of designed unpredictability and material resistance (Ryan, 1991). Consequently, incorporating

an ungainly or nonlinear component deliberately fractures the direct continuity between physical

gesture and the resulting sound, compelling the performer to actively adapt to and negotiate with

the system in real time (Granzow, 2018).

Furthermore, the lack of a performative role for the computer results from agency being dis-

placed into the software’s architecture prior to the performance (Rowe, 1999). In many mixed-

media works, the generative capacity of the computer is fully specified during the composition

phase, reducing the machine to the execution of fixed operations during live performance (Gar-

nett, 2001; Blackwell et al., 2012). Consequently, the system lacks the capacity for reciprocal

interaction, or what George Lewis terms a “dialogic imagination” (Lewis, 2000). Lewis provides

a prominent counter-model with his system Voyager, asserting that a genuinely interactive system

should function as a “virtual improvising orchestra” capable of generating complex responses to

human input alongside independent behaviors driven by internal processes (Lewis, 2000; Born,

2005). Without the ability to produce autonomous, unscripted outputs that challenge the hu-

man musician, which Chadabe (1984) characterizes as responding in a “complex, not entirely

predictable way,” the computer functions merely as a precise timing device or signal processor,

lacking the autonomy necessary to serve as an adaptive, collaborative partner.

Consequently, when computational systems are restricted to predetermined execution, the mu-

sical work is reduced to a static artifact (Jones et al., 2012). This structural rigidity highlights a

fundamental conflict in digital music practice: balancing the autonomous variation afforded by

generative systems with the composer’s need for precise expressive control (Rowe, 1999; Jones

et al., 2012; Collins, 2008). As the musical work integrates high-dimensional machine learning

models, its ontology shifts significantly. Rather than functioning as a linear set of symbolic instruc-

tions to be interpreted, the composition becomes a multi-dimensional state space of possibilities

(Magnusson, 2019; McDermott, 2021).

Existing frameworks frequently struggle to accommodate this algorithmic flexibility without

compromising the structural intent of the human creator (Nika, 2016; Jones et al., 2012). Address-

ing this limitation requires a departure from both the fixed electronic track and the paradigm of the

computer as a passive assistant, moving instead toward the concept of the mutable interface (Em-

merson, 2007; Drummond, 2009). Within this framework, the musical work is no longer treated

as a finalized product, but rather as a navigable territory that facilitates an active, structural nego-

tiation of agency between the human and the computational system (Magnusson, 2019; Di Scipio,

2003; Lewis, 2000).

1.2 The Mutable Interface as a Research Framework

The transition from the open work to the mutable interface represents an ontological shift in the

conceptualization of musical structure. While Eco (1989) defines openness as a field of interpretive

possibilities structured by the composer, contemporary digital systems introduce a computational
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openness in which the structural field itself is dynamic (Magnusson, 2019). Framing the musi-

cal work as a topological manifold advances beyond the symbolic indeterminacy characteristic of

twentieth-century aleatoric music. Whereas aleatoric works rely on discrete structural permuta-

tions, the latent space of a deep generative model functions as a continuous, multi-dimensional

representational space (McDermott, 2021; Yee-King, 2022). In this context, mutability is not a

secondary byproduct of performance interpretation, but a fundamental property of the system’s

digital encoding. This paradigm transforms musical performance from the execution of a prede-

termined plan into the active navigation of a latent space (Yee-King, 2022; Magnusson, 2019).

Building upon this premise of shared discovery, the nature of musical interaction requires a

fundamental reconsideration. It is no longer sufficient to view the computer merely as a reactive

mirror. Instead, the relationship shifts toward an ecosystemic model. As Di Scipio (2003) argues,

the composer’s task in this paradigm is no longer to organize a linear sequence of sound objects,

but to creatively “compose the interactions” themselves. Within this audible ecosystem, the human

performer, the computational system, and the physical environment are coupled in continuous

feedback loops, constantly negotiating their roles and mutual limits (Waters, 2007; McCormack,

2012).

This structural coupling challenges the traditional boundary between the human subject and

the technological object. Drawing upon the philosophy of agential realism, recent research into

dynamic and agential scores suggests that these performative relationships are most accurately

understood through the concept of intra-action (Armitage and Magnusson, 2023; Armitage et al.,

2024a; Barad, 2007). Unlike standard interaction, which assumes that pre-existing, separate en-

tities exchange data, intra-action posits that the agencies of the performer and the algorithmic

system do not precede their encounter. Instead, they are mutually constituted through their ac-

tive entanglement during the performance (Barad, 2007; Armitage and Magnusson, 2023). The

performance emerges not from a human commanding a passive machine, but from a continuous

exchange of “mutual provocations” or “intra-active perturbations” (Armitage et al., 2024a).

To effectively sustain this intra-active engagement, the computational system must exhibit a

requisite degree of unpredictability and structural complexity. If the system’s responses remain

entirely deterministic and perfectly transparent, it inevitably reverts to the status of a passive

tool, failing to provide the material resistance necessary for a genuine musical dialogue (Chad-

abe, 1984; Ryan, 1991). Consequently, frameworks such as Live algorithms (Blackwell et al.,

2012) stipulate that an artificial musical partner must demonstrate not only participation and nov-

elty but also “leadership.” By generating encoded structural responses and occasionally providing

topographical pushback to guide the performer’s exploration, the system successfully establishes

a non-hierarchical, entangled performative network (Lewis, 2000; Born, 2005).

Ultimately, the mutable interface redefines the act of composition and the ontology of the

musical work. The composer designs the latent space of the system, establishing a boundary

object that facilitates the emergence of distributed agency (Armitage and Magnusson, 2023; Jones

et al., 2012). The musical work, therefore, ceases to be a static artifact and exists instead as a set of

dynamic potentials that are actualized only through the situated, real-time negotiation between the
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embodied human performer and the intelligent computational environment (Vear, 2019; Xambó

and Roma, 2024).

By shifting the focus from the interpretation of a static score to the navigation of a dynamic

state space, a process aligned with Magnusson (2019)’s concept of ergodynamics,3 this research

explores how computational technology facilitates a structural openness that redefines the tradi-

tional roles of composer and performer (Eco, 1989; Jones et al., 2012). The systems developed in

this thesis, BroadcastJSB and Aethra, are situated within this trajectory. Rather than functioning

as passive tools for sound production, they operate as mutable environments where authorship

is distributed through continuous, real-time interaction (Jones et al., 2012; Rutz, 2016). This

shift necessitates a framework of contextual navigation, wherein the machine’s encoded material

resistance establishes a continuous feedback loop (Ryan, 1991; Waters, 2007; Di Scipio, 2003).

Consequently, the performance emerges from the dynamic interplay between human intentionality

and the system’s defined topological constraints (Dahlstedt, 2009).

1.3 Contextual Navigation in Machine-Mediated Performance

Building on the concepts of distributed agency and technological actants, this research advances

a performative framework of contextual navigation (Latour, 2005; Stapleton and Davis, 2021). In

traditional musical performance, intentionality is typically viewed as a human-centric attribute,

wherein the performer directs the execution toward a specific musical goal (Ingarden et al., 1986;

Anscombe, 2020). However, in interactive digital systems, the interaction shifts from a unidirec-

tional command structure to what Vear (2019) conceptualizes as a dynamic computational envi-

ronment. Rather than attributing actual intentionality or an independent mind to the machine, the

system functions through simulated agency, operating as a highly context-aware framework that

the performer navigates (Winkler, 2001; Hatten, 2018).

The machine ceases to function merely as a passive tool. Instead, it leverages the statistical

structures and learned manifolds of its training data to establish a probabilistic mapping of the

musical domain (McDermott, 2021; Yee-King, 2022). When a performer interacts with a latent

space, such as the timbre manifold of the RAVE model (Caillon and Esling, 2021), the system

does not strictly mirror the input (Tatar et al., 2021; Blackwell et al., 2012). Rather than generat-

ing entirely autonomous outputs, the machine produces contextually bounded possibilities derived

from its internal probability topology (Briot et al., 2020; McDermott, 2021). This encoded struc-

tural knowledge actively restricts the generative space, providing the necessary material resistance

and unpredictability for interaction (Ryan, 1991; Chadabe, 1984). Consequently, the performer

is required to actively adapt and negotiate with the system in real time, establishing a continu-

ous feedback loop where the system’s topological boundaries influence the human’s subsequent

gestures, and vice versa (Di Scipio, 2003; Xambó and Roma, 2024).

3Magnusson (2019) defines ergodynamics (from the Greek ergon for work and dynamis for potential or power) as a
musical instrument’s inherent capacity for expression and discoverability. Distinct from simple physical affordances and
constraints, the concept functions as a comprehensive framework for evaluating the material, historical, and operational
qualities that determine how an instrument is actively explored, learned, and integrated into musical practice.
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Crucially, Vear (2019) observes that such systems can facilitate a state of flow, effectively blur-

ring the boundaries between musician, instrument, and score (Vear, 2019; Nijs et al., 2013). In this

state, the performance manifests as an emergent property of the coupled system, situated neither

exclusively in human cognition nor entirely within the machine’s code, but within the active inter-

action between the two (Kim and Seifert, 2007; DiBlasi, 2022). The necessity for navigation arises

directly from this encoded material resistance (Ryan, 1992). Because the system’s topology is em-

bedded in a high-dimensional state space that precludes linear, one-to-one control, the performer

must function as a navigator within a bounded representational space (McDermott, 2021; Wessel

and Wright, 2002; Jones et al., 2012). This approach aligns with what Paine (2002) describes as

“dynamic coupling,” wherein the identity of the musical work emerges from the ongoing interplay

between human intentionality and the system’s defined topological constraints (Blackwell et al.,

2012; Dahlstedt, 2009).

1.4 Research Objectives, Questions, and Contributions

To investigate the transition of the musical work from a fixed artifact to a mutable interface, this

thesis addresses two primary research questions. Each question is paired with specific objectives

and results in distinct peer-reviewed or technical contributions.

1.4.1 RQ1: On the Ontology of the Mutable Work

The first research question, RQ1, investigates the ontology of the mutable work by asking:

Can high-dimensional latent spaces be structured to reflect perceptual, mathematical,

and music-theoretical concepts, and what navigational paradigms allow these mani-

folds to function as intelligible, mutable musical works?

To address this question, this research pursues two primary objectives. The first one, objective

1.1, seeks to formalize a mutable musical work as a structured latent space where musical identity

is defined by geometric continuity and aligned with formal logic. Furthermore, objective 1.2 fo-

cuses on developing a navigation-based interaction model that replaces traditional score-following

with real-time latent space exploration.

These objectives are realized, at the tonal level, through the theoretical frameworks explored in

“Exploring Latent Spaces of Tonal Music using Variational Autoencoders” (Carvalho and Bernardes,

2023) and “Fourier (Common-Tone) Phase Spaces are in Tune with Variational Autoencoders’

Latent Space” (Carvalho and Bernardes, 2024b), and the navigation strategies proposed in “Ex-

ploring Sampling Strategies in Latent Spaces for Music Generation” (Carvalho and Bernardes,

2024a). At the timbre level, they are supported with the creation of the SaxTimbre (Carvalho

et al., 2024; Carvalho and Sousa, 2024) and Motiv (Carvalho et al., 2025a; Carvalho and Sousa,

2025b) datasets, and the study “Exploring Timbre Latent Spaces: Motion-Enhanced Sampling

for Musical Co-Improvisation” (Carvalho et al., 2025b). These datasets and navigation strategies

provide the empirical ground truth for timbre latent representation and gestural navigation.
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1.4.2 RQ2: On Practical Applications and Contextual Navigation

The second research question investigates the performative dynamics and the redistribution of

agency within the interface:

In what ways does the evolution of the epistemic tool (Magnusson, 2009) redistribute

authorship, and how can contextual navigation be fostered through the machine’s ma-

terial resistance?

To address this question, this research pursues two primary objectives. The first, objective 2.1,

suggests designing an interactive loop where the machine’s contextually bounded possibilities and

the high-dimensional entanglement of the manifold provide material resistance to the performer’s

gestural intent. The second, objective 2.2, evaluates this contextual navigation through perfor-

mative practice, shifting the performer’s role from controller to navigator. This investigation is

documented in “Exploring Timbre Latent Spaces: Motion-Enhanced Sampling for Musical Co-

Improvisation” (Carvalho et al., 2025b) and the development of the Aethra system (Carvalho,

2026b).

To address this question, objective 2.1 suggests designing an interactive loop where the ma-

chine’s contextually bounded possibilities and the high-dimensional entanglement of the manifold

provide the material resistance necessary to transform the system into a dynamic, mutable inter-

face. Objective 2.2 evaluates this contextual navigation through performative practice, shifting

the performer’s role from controller to navigator. These investigations are implemented and docu-

mented through the BroadcastJSB web-application (Carvalho, 2026a), and the Aethra performance

system (Carvalho, 2026b).

1.4.3 Research Artifacts

To provide a transparent view of the technical outputs, the practical contributions are categorized

into publications, software systems, and research datasets. Each repository represents a specific

implementation of the mutable interface framework, ranging from symbolic tonal navigation to

sub-symbolic timbre exploration. A complete and updated collection of these resources can be

accessed through a curated website.4

1.4.3.1 Publications

To deliver a clear overview of the research outputs, the following list summarizes the peer-reviewed

publications and conference proceedings that constitute the core of this thesis.

• Carvalho, N., & Bernardes, G. (2023). Exploring Latent Spaces of Tonal Music using Vari-

ational Autoencoders. The International Conference on AI and Musical Creativity (AIMC).

DOI: 2311.03621
4https://nadiacarvalho.github.io/MutableMusicalInterface, last accessed January 29, 2026.

http://arxiv.org/abs/2311.03621
https://nadiacarvalho.github.io/MutableMusicalInterface


1.4 Research Objectives, Questions, and Contributions 9

• Carvalho, N., & Bernardes, G. (2024). Exploring Sampling Strategies in Latent Spaces

for Music Generation. Proceedings of the 21st Sound and Music Computing Conference

(SMC), 74–81. DOI: 10.5281/zenodo.14336029

• Carvalho, N., & Bernardes, G. (2024). Fourier (Common-Tone) Phase Spaces are in Tune

with Variational Autoencoders’ Latent Space. In T. Noll, M. Montiel, F. Gómez, O. C.

Hamido, J. L. Besada, & J. O. Martins (Eds.), Mathematics and Computation in Music:

9th International Conference, MCM 2024, Coimbra, PT, June 18–21, Proceedings. Lec-

ture Notes in Computer Science (Vol. 14639, pp. 305–316). Springer, Cham. DOI:

10.1007/978-3-031-60638-0_24

• Carvalho, N., Sousa, J., Bernardes, G., & Portovedo, H. (2024). Unveiling the Timbre

Landscape: A Layered Analysis of Tenor Saxophone in RAVE Models. Proceedings of

the 21st Sound and Music Computing Conference (SMC), 523–530. DOI: 10.5281/zen-

odo.14362599

• Carvalho, N., Sousa, J., Portovedo, H., & Bernardes, G. (2025). Exploring Timbre Latent

Spaces: Motion-Enhanced Sampling for Musical Co-Improvisation. International Journal of

Performance Arts and Digital Media, 21(2), 335–361. DOI: 10.1080/14794713.2025.2536409

• Carvalho, N., Sousa, J., Bernardes, G., & Portovedo, H. (2025). Motiv: A Dataset of Latent

Space Representations of Musical Phrase Motions. Proceedings of Audio Mostly 2025

(AM.ICAD25), 82-93. DOI: 10.1145/3771594.3771602

We have also presented this research as a communication at:

• Carvalho, N., Sousa, J., Bernardes, G., & Portovedo, H. (2025). Echoes of the Unseen:

rethinking the performative role of tape through AI-mediated improvisation. Comunicação

em Digital and Technological Performativities: Book of Abstracts of the 1st International

Colloquium, Aveiro.

• Carvalho, N. & Sousa, J. (2025). Echoes of the Unseen: improvisation, latent timbres, and

Human-AI interaction in real time. Book of Abstracts of the XIV Encontro de Investigação

em Música (ENIM25). DOI: 10.5281/zenodo.17648883

1.4.3.2 Research Datasets

The following datasets provide the empirical grounding for the latent spaces utilized in the soft-

ware systems, focusing on the alignment of timbre and musical gesture.

• SaxTimbre: Tenor Saxophone Extended Techniques (Carvalho and Sousa, 2024): A

comprehensive dataset of saxophone timbres designed for training RAVE models and ana-

lyzing timbre landscapes. DOI: 10.7910/DVN/WSFBIJ

https://doi.org/10.5281/zenodo.14336029
https://doi.org/10.1007/978-3-031-60638-0_24
https://doi.org/10.5281/zenodo.14362599
https://doi.org/10.5281/zenodo.14362599
https://doi.org/10.1080/14794713.2025.2536409
https://doi.org/10.1145/3771594.3771602
https://doi.org/10.5281/zenodo.17648883
https://doi.org/10.7910/DVN/WSFBIJ
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• Motiv: Musical Phrase Motion Dataset (Carvalho and Sousa, 2025b): A collection of

latent space representations that capture the motion and trajectory of musical phrases, en-

abling motion-aware sampling strategies. DOI: 10.7910/DVN/RWCG4B

1.4.3.3 Software and Technical Repositories

The software developed for this thesis focuses on real-time interactivity and the navigation of

high-dimensional manifolds.

• BroadcastJSB (Carvalho, 2026a): A web-based application (Vue3 and Tone.js) that imple-

ments a radio receiver metaphor for navigating the latent space of J.S. Bach’s chorales. It

translates high-dimensional coordinates into audible harmonic structures.

Repository: github.com/NadiaCarvalho/BroadcastJSB

Interactive Tool: nadiacarvalho.github.io/BroadcastJSB/

Related Research: (Carvalho and Bernardes, 2023, 2024b,a).

• Aethra (Carvalho, 2026b): An autonomous musical agent built using Pure Data and Python.

It utilizes a co-creative loop to manage contextual navigation between a performer and a

generative timbre model.

Repository: github.com/NadiaCarvalho/Aethra

Related Research: (Carvalho et al., 2024, 2025b,a).

We also developed two auxiliary web-applications related to Chapters 5 and Chapter 7:

• Latent Tonal Music Encodings: An interactive web-platform that allows users to explore

the latent behavior and geometric properties of these encodings across a diverse range of

symbolic music compositions, providing a tangible bridge between the mathematical repre-

sentations and their musical outcomes.

Repository: github.com/NadiaCarvalho/Latent-Tonal-Music/tree/website-encodings

Interactive Tool: nadiacarvalho.github.io/BachLatentNavigator/

Related Research: (Carvalho and Bernardes, 2023).

• Bach Latent Navigator: An interactive evaluation platform developed to visualize and test

the sampling strategies discussed in Chapter 7. It provides a coordinate-based visualization

of the latent space, enabling the comparative analysis of linear interpolation versus k-nearest

neighbor sampling in preserving tonal logic.

Repository: github.com/NadiaCarvalho/BachLatentNavigator

Interactive Tool: nadiacarvalho.github.io/BachLatentNavigator/

Related Research: (Carvalho and Bernardes, 2024a).

https://doi.org/10.7910/DVN/RWCG4B
https://github.com/NadiaCarvalho/BroadcastJSB
https://nadiacarvalho.github.io/BroadcastJSB/
https://github.com/NadiaCarvalho/Aethra
https://github.com/NadiaCarvalho/Latent-Tonal-Music/tree/website-encodings
https://nadiacarvalho.github.io/Latent-Tonal-Music/
https://github.com/NadiaCarvalho/BachLatentNavigator
https://nadiacarvalho.github.io/BachLatentNavigator/
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The research is supported by a suite of Google Colab Notebooks that function as interactive,

code-first appendices to ensure scientific transparency and reproducibility. These executable doc-

uments allow researchers to reconstruct experiments, visualize the high-dimensional latent spaces

discussed in the text, and directly interact with pre-trained models without the need for local hard-

ware configuration. By providing these tools, the work bridges the gap between theoretical musi-

cal analysis and computational implementation, offering a verifiable methodology for the study of

mutable musical works.

• (Carvalho and Bernardes, 2023): Latent_Tonal_Music.ipynb

• (Carvalho and Bernardes, 2024b): MCM24_Latent_Spaces.ipynb

• (Carvalho and Bernardes, 2024a): Bach_Latent_Navigation.ipynb

• (Carvalho et al., 2024): Unveiling_Sax_Timbre.ipynb

• (Carvalho et al., 2025b): Sax_Timbre_Navigation.ipynb and Motions_Experiment.ipynb

• (Carvalho et al., 2025a): Motiv_Construction.ipynb and Motiv_Analysis.ipynb

1.5 Structure of the thesis

To address the research questions and objectives previously outlined, this thesis follows a trajec-

tory from the theoretical and symbolic to the sub-symbolic and performative. The subsequent

chapters are organized into three main parts, reflecting the progression of the research from its

ontological foundations to the development of dynamic, mutable co-creative interfaces.

• Part I: Framing the Mutable Musical Work establishes the theoretical grounding for the

mutable musical work. Building upon the concepts introduced in this chapter, it explores the

shift from the symbolic openness of the 20th century to the high-dimensional latent spaces

of current generative models. It situates the work within the context of the digital score as a

sentient environment, providing the philosophical justification for re-framing the performer

as a navigator.

• Part II: Latent Spaces of Tonal and Structural Dimensions focuses on the structural and

formal logic of the musical work. It addresses the technical transition from symbolic no-

tation to high-dimensional state spaces. This part explores the mathematical modeling of

musical form by aligning variational autoencoders (VAEs) with formal tonal logic, demon-

strating how computational openness is structured within a latent space. Finally, it details the

development of BroadcastJSB, a practical application that implements a navigation-based

interaction model for the real-time exploration of tonal manifolds, presenting an alternative

to traditional score-following with the exploration of latent musical landscapes.

https://github.com/NadiaCarvalho/Latent-Tonal-Music/blob/main/Latent_Tonal_Music.ipynb
https://github.com/NadiaCarvalho/MCM-Latent-Spaces/blob/main/MCM24_Latent_Spaces.ipynb
https://github.com/NadiaCarvalho/SMC-BachLatentNavigation/blob/main/BachLatentNavigation.ipynb
https://github.com/NadiaCarvalho/SMC-TimbreLandscape/blob/main/Code.ipynb
https://github.com/NadiaCarvalho/IJPA-LatentSpace/blob/main/Experiment1_Mechanisms.ipynb
https://github.com/NadiaCarvalho/IJPA-LatentSpace/blob/main/PhraseRecordingsAnalysis.ipynb
https://github.com/NadiaCarvalho/Motiv-Dataset/blob/main/Dataset_Construction_Visualization.ipynb
https://github.com/NadiaCarvalho/Motiv-Dataset/blob/main/Dataset_Analysis.ipynb
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• Part III: Timbre, Gesture, and Motion in Latent Spaces: Investigates the performative

dimensions of contextual navigation. Through the exploration of the RAVE architecture

and the development of the Aethra system, this part examines how sub-symbolic timbre

landscapes and motion-aware datasets transform the performer into a navigator of machine

agency.

• Part IV: Towards a Co-Creative Practice: Synthesizes the theoretical and practice-based

findings. It evaluates the success of the mutable interface in bridging the gap between the

machine’s contextually bounded possibilities and expressive control, situating the research

contributions, specifically the concept of contextual navigation, within broader musicologi-

cal and technological discourses on distributed authorship.

Through this narrative, the thesis demonstrates how emerging computational techniques can

extend compositional and performative possibilities, offering both practical tools and theoretical

frameworks for understanding the mutable musical work.

AI Disclosure Statement

The author acknowledges the use of generative artificial intelligence and AI-assisted tools in the

preparation of this thesis to support structural organization and linguistic clarity. The specific

applications were as follows:

• Structural Development and Synthesis: The thesis’s high-level organization was aided

by Gemini (Google, 2026). In order to create smooth transitions between chapters, this

involved synthesising the author’s own previously published papers and research notes. In

order to guarantee a logical flow of arguments, the tool was also used to compile and classify

preliminary research notes about reviewed literature.

• Linguistic and Stylistic Refinement: Grammarly (Grammarly, 2026) was utilized as a

technical editing tool to improve readability, correct grammatical errors, and keep a consis-

tent academic tone throughout the manuscript.

All primary research, data collection, and original analysis were conducted independently by

the author. Although AI tools helped with gathering information and organizing ideas, every-

thing produced was thoroughly checked, cross-referenced with original sources, and edited by the

author. Ultimately, all the conclusions and intellectual contributions in this work are their own

responsibility.



Chapter 2

Towards a Mutable Musical Work: A
Literature Review

The mutable nature of the musical work invites a reconsideration of how music is conceptualized,

created, and experienced in technologically mediated contexts. To frame this investigation, it is

necessary to trace the historical and theoretical foundations that inform current understandings of

composition, performance, and co-creation within the domains of electroacoustic and computer

music.

Rather than a chronological survey, this chapter synthesizes the evolution of musical practice

alongside shifting theories of artistic agency. The chapter follows two primary trajectories. First,

in Section 2.1, we examine the evolution of compositional practices within electroacoustic and

computer music, tracing the shift from material inscriptions (tape and rule-based algorithms) to

deep learning paradigms. Second, in Section 2.2, we analyze how these technologies redefine au-

thorship and agency, framing the musical work as a mutable, mediated interface. These perspec-

tives highlight the growing role of computational systems as mediators in the creative dialogue

between composers and performers, hoping to establish the conceptual foundation for viewing

musical works as mutable interfaces.

2.1 Evolution of Practice: From Inscription to Generative Systems

The evolution of electroacoustic and computer-assisted music over the 20th and 21st centuries

showcases an ongoing conversation between music-making and technology (Roads, 2015; Man-

ning, 2013). These developments have brought us from physical manipulation of sound media

to operating complex artificial intelligence systems (Magnusson, 2019; Armitage et al., 2024a).

Not only have these changes expanded the range of sounds available to composers, but they have

also transformed how musical structures are formalized, represented, and executed (Roads, 2004,

2015). This literature review explores this evolution through four main stages: the material and

signal inscriptions of the tape era, the rise of symbolic rule-based algorithms, the development of

interactive systems, and the current focus on deep learning technology.

13
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2.1.1 Material Inscriptions: From Tape to Studio-as-Instrument

Early electroacoustic practices, emerging in the mid-20th century, laid the foundation for integrat-

ing digital technology into compositional practice. The complementary traditions of Musique Con-

crète (Schaeffer, 1998), Elektronische Musik (Eimert, 1957; Stockhausen, 1957), and the United

States tape music movement (Manning, 2013; Solomos, 2020) articulated divergent philosophies

of sound organization. The first, grounded in the phenomenology of recorded sound, relied on re-

duced listening (écoute réduite) to isolate the objet sonore (sound object) from its physical cause

(Chion, 1983). The second focused on the abstract manipulation of synthesized sine tones, seek-

ing total serial control over every parameter of the acoustic material (Manning, 2013). The third,

initially developing without the major institutional support seen in Europe, fractured into two dis-

tinct camps: an avant-garde faction focused on radical tape manipulation and indeterminacy, and

a more conservative “Tape Music” movement that utilized the medium to extend traditional tonal-

ity and pioneered the integration of prepared tape with live instrumental performance (Manning,

2013).

Both European traditions moved beyond the physical constraints of the Western traditional

musical staff notation toward direct material engagement with signal inscriptions (e.g., the physi-

cal waveforms inscribed on magnetic tape) (Magnusson, 2019). This prompted a transition toward

alternative descriptive systems, such as sonograms and algorithmic scripts, relocating the per-

formative act into the fabric of the compositional process. Schaeffer (1966)’s Solfège de l’objet

sonore, described in his Traité des objets musicaux taxonomy, replaces the homogeneous pitch-

duration grid with descriptive, morphological parameters like grain, mass, and dynamics. In this

context, tape editing became a performance of composition, where the composer acted as a sculp-

tor of sounds. The physical manipulation of the medium (i.e., cutting, reversing, and looping tape)

represented a move from abstract symbolization to direct material engagement (Roads, 2015).

Conversely, the German school of Elektronische Musik approached the electronic medium

through the lens of integral serialism, seeking to extend strict mathematical control to elements of

musical creation that had previously been considered volatile or difficult to quantify, most notably

timbre and space (Manning, 2013; Solomos, 2020). Led by figures such as Herbert Eimert and

Karlheinz Stockhausen at the WDR studio in Cologne, composers utilized sine wave oscillators to

build sounds from basic frequencies, allowing them to systematically compose timbre via additive

synthesis rather than merely accepting the innate characteristics of acoustic instruments (Manning,

2013; Solomos, 2020). As Eimert asserted, the goal of this electronic serial music was to ensure

that “everything to the last element of the note is subjected to serial permutation” (Manning, 2013).

This parametric organization naturally extended to the spatial projection of sound, transforming

representational space into a fully composable vector (Solomos, 2020). In works such as Stock-

hausen’s Gesang der Jünglinge (1956) and Kontakte (1958–1960), the exact localization, rotation,

and movement of sound masses across multiple loudspeakers were meticulously serialized and

integrated into the formal structure of the composition (Schedel, 2007; Roads, 2015). Ultimately,

this paradigm demonstrated that the technological medium could elevate timbre and space from
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secondary acoustic byproducts to fully controllable, structural parameters (Roads, 2015).

Concurrently, the tape music movement in the United States initially emerged without the

major institutional backing enjoyed by its European counterparts (Manning, 2013), leading to a

bifurcation into two distinct aesthetic camps. On one hand, the avant-garde Music for Magnetic

Tape project, formed by John Cage in 1951 at the private studio of Louis and Bebe Barron, em-

braced radical tape manipulation, chance operations, and indeterminacy (Manning, 2013). Com-

positions such as Cage’s Williams Mix (1952–1953) were painstakingly assembled from over 500

tiny spliced fragments of recorded sound, illustrating a desire to explore complex sonic montages

rather than traditional musical forms (Solomos, 2020). Conversely, the official Tape Music move-

ment, led by Vladimir Ussachevsky and Otto Luening, adopted a more conservative philosophy,

treating the tape recorder primarily as a means to extend traditional concepts of tonality and in-

strumentation (Manning, 2013). This latter school pioneered the integration of prepared magnetic

tapes with live instrumental performance, securing commissions for major ensembles with hybrid

orchestral works such as Rhapsodic Variations (1954) (Manning, 2013). Their successes eventu-

ally attracted vital institutional support, culminating in the establishment of the highly influential

Columbia-Princeton Electronic Music Center (Manning, 2013; Solomos, 2020), where composers

like Milton Babbitt utilized the programmable RCA Mark II Synthesizer to achieve precise, math-

ematically sequenced control over electronic events (Manning, 2013; Roads, 2015).

As electroacoustic practices developed, the rigid boundary between composition and perfor-

mance began to blur. In the analogue studio, the physical actions of playing tape recorders, ma-

nipulating filters, and executing fader gestures on a mixing desk became central to the creative

act (Roads, 2015). Early pioneers like Pierre Schaeffer envisioned this comprehensive setup as an

enormous instrument, birthing the concept of the studio-as-instrument (Emmerson, 2007). Conse-

quently, the studio was no longer just a place to capture fixed artifacts, but a highly performative

site where the composer acted as a real-time performer of the equipment. This physical, inter-

pretative dimension of tape composition naturally sought a public outlet, prompting composers

to literally take the studio out on stage (Emmerson, 2007). By the 1960s, the very tools of the

studio were reinvented as live performance instruments, effectively bridging the gap between tape

music and live electronics (Schedel, 2007). For example, Pauline Oliveros removed magnetic tape

from its traditional recording context and utilized massive tape-delay systems as live performance

instruments to build complex, accumulating textures in real-time, as exemplified in works like

I of IV (Roads, 2015). Expanding upon this hands-on ethos, composers such as David Tudor

treated the electronic circuit itself as a performative site. Tudor, particularly in works like Rain-

forest, pioneered the concept of “composing inside electronics,” where custom-built circuits and

vibrating physical objects effectively became the score itself (Kuivila, 2004; Collins, 2007b). The

work emerged from the idiosyncratic, emergent behavior of the hardware, fully blurring the lines

between a fixed artifact and an unpredictable live event, setting the stage for the computational

mutability that followed (Sallis et al., 2018).
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2.1.2 Formalized Logic: Algorithmic Foundations and Meta-Composition

As electronic computers became available in the 1950s, compositional practice expanded to in-

clude algorithmic and generative systems, moving from physical tape to symbolic code. Hiller

and Isaacson (1979)’s Illiac Suite (1956) pioneered this approach, using rule-based heuristics to

generate material through Markov chains, the Monte Carlo method, and formal 16th-century coun-

terpoint logic (Roads, 1996).

During this era, composition was heavily conceptualized through formal logic and mathemat-

ical processes. Algorithms were generally divided into two categories: deterministic algorithms,

which executed fixed, rule-based tasks using specific seed data without random selection, and

stochastic procedures, which integrated random choices weighted by probability tables (Roads,

1996). Xenakis (1992) surpassed manual melodic intuition with his Stochastic Music Program

(SMP), used to compose his ST series. By employing stochastic processes, such as Poisson dis-

tributions and Maxwell-Boltzmann kinetic theory, Xenakis utilized the computer to synthesize the

internal behavior of sound masses, freeing himself from tedious bookkeeping to act instead as a

pilot guiding sonic galaxies (Manning, 2013; Essl, 2007).

Conversely, Koenig (1970) replaced strict serial permutations with aleatoric principles in his

Project 1 software. Rather than modeling physical phenomena like Xenakis, Koenig applied a

series of selection principles to a database of musical parameters (instrument, rhythm, harmony,

register, and dynamics). By encoding an algorithm that mapped various states between absolute

regularity and irregularity, Koenig automated the organization of dense structural elements, firmly

shifting the composer’s role toward algorithmic design and the curation of generated possibilities

(Essl, 2007).

While Koenig (1970) focused on procedural abstraction, Cope (1996) introduced stylistic re-

combinant logic with Experiments in Musical Intelligence (EMI). By utilizing augmented tran-

sition networks (ATNs) to analyze and deconstruct the stylistic DNA of classical works, Cope

shifted the focus toward the algorithmic modeling and simulation of specific musical identities

(Roads, 1996).

This computational transition led to the concept of meta-composition. Instead of writing in-

dividual notes, the composer’s focus shifted toward defining high-level attributes (e.g., density,

speed, and register) that drive the algorithmic procedures responsible for generating musical sur-

face events (Roads, 2015). A prime example of this is Truax (1978)’s Poisson Distribution (POD)

system, which utilized tendency masks to define global frequency-versus-time boundaries within

which thousands of micro-level sound events could be stochastically distributed (Roads, 1996).

A defining limitation of these early rule-based systems was their batch-processing mode of in-

teraction (Manning, 2013). The composer formulated software away from the machine, fed initial

seed data and rules into a mainframe computer using punched cards, and waited hours or even

weeks for the job to execute. The composer then manually transcribed the resulting alphanumeric

printouts into traditional musical scores (Manning, 2013; Roads, 1996). Because there was abso-

lutely no real-time interaction or auditory feedback, the algorithm served as a rigid, autonomous
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formal engine.

Furthermore, as these generative programs evolved into real-time interactive music systems,

they fostered a highly diluted notion of the instrument, the interface, and the score (Magnusson,

2019; Armitage and Magnusson, 2023). In these entangled digital environments, the distinction

between composing the work and designing the instrument essentially disappears (Magnusson,

2019). The score morphed from a static timeline of prescriptive events into the structural code

of the instrument itself, a dynamic collection of rules, constraints, and interactive mappings (Ar-

mitage and Magnusson, 2023). Consequently, these compositions assume a radically open nature.

Because the music is generated dynamically in real-time based on these underlying rules, the piece

renders differently every single time it is run (Essl, 2007). A prime example of this is Karlheinz

Essl’s Lexikon-Sonate (1992–2010), an infinite interactive composition environment that algorith-

mically generates piano music on the fly, guaranteeing a unique structural iteration during every

performance (Essl, 2007). This paradigm redefined composers as designers of fluid, emergent sys-

tems rather than creators of fixed pieces, definitively establishing the computer as a formalizing

agent capable of executing complex structures that far exceeded the manual capacity of human

composers.

In the context of musique mixte, this computational capacity facilitated real-time interactive

systems that fundamentally altered the role of the performer (Sallis et al., 2018). A prominent ex-

ample is Philippe Manoury’s Jupiter (1987) for solo flute and live electronics, the first piece in his

Sonus ex machina cycle (Rowe, 2003; Solomos, 2020). Rather than requiring the instrumentalist

to rigidly synchronize with a fixed, prerecorded tape, the piece utilizes a computer to continu-

ously analyze the live audio signal captured by the performer’s microphone (Sallis et al., 2018).

The system then uses this performance data to dynamically control digital signal processing al-

gorithms, generating real-time electronic transformations of the live acoustic input (Rowe, 2003).

Consequently, the role of the performer shifts from simply executing a predetermined sequence to

engaging in a responsive, mutual partnership with the machine (Sallis et al., 2018). Professional

instrumentalists frequently compare the experience of performing these interactive solo pieces to

playing traditional chamber music (Féron and Boutard, 2018). Because the electronic segment

reacts dynamically to the acoustic input, the performer must continuously listen to the system’s

output and adjust their physical gestures to influence the machine’s subsequent behavior (Féron

and Boutard, 2018). This paradigm effectively treats the technological system as an active ensem-

ble partner, requiring the interpreter to adapt to the electronics just as they would to another human

musician (Féron and Boutard, 2018).

By the late 20th century, the limitations of early batch-processing were superseded by pow-

erful Computer-Assisted Composition (CAC) tools and programming environments. The rise of

these interactive algorithmic systems fundamentally altered the way music and computation inter-

act (Nierhaus, 2009). As computational power extended, platforms like Common Music (Taube,

1991), Common Lisp Music (Schottstaedt, 1994), PatchWork (Laurson and Duthen, 1989), and

OpenMusic (Assayag et al., 1999) allowed composers to manipulate and refine their algorithms

directly. This change transformed composition into a highly interactive process, encouraging ex-
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ploration and negotiation that aligns with modern ideas of co-creation and adaptive systems (Mc-

Cormack and d’Inverno, 2012). In this paradigm, composers began employing algorithms not just

to generate notes, but to explicitly explain their creative choices, providing structural documen-

tation that facilitates replication, analysis, and iterative refinement (Roads, 2015). Consequently,

technology begins to operate as a co-creative agent, in which the composer defines the probabilis-

tic constraints, and the system enacts a unique iteration of the work, blurring the line between the

pre-determined score and real-time structural evolution.

The evolution of these computational environments prompted composers to explore new archi-

tectures of musical form, oscillating between top-down planning, where global macro-structures

dictate surface-level micro-events, and bottom-up emergence, where simple algorithmic rules gen-

erate complex, unpredictable mesostructures (Roads, 1996). A pivotal milestone in this transition

was Hiller and Baker’s MUSICOMP, widely considered the first algorithmic software environ-

ment, which provided composers with an abstracted toolkit for probability distributions and tone

row manipulations (Roads, 1996). However, as these algorithms expanded to include evolutionary

and genetic systems, they encountered severe human-computer interaction limits. Systems that

relied on human evaluation to select the best generative outputs suffered from the fitness bottle-

neck. The overwhelming amount of listening required to evaluate large populations of generated

melodies quickly caused user fatigue, effectively detuning the evolutionary effectiveness of the

system (Kaliakatsos-Papakostas, 2021).

2.1.3 Interactive and Agential Systems

The rigidity of batch-mode algorithmic composition eventually gave way to interactive paradigms.

Instead of viewing the artistic work as a static, finished product, the focus decisively shifted to see-

ing it as an emergent, continuous process (Shanken, 2002; Di Scipio, 2003). Early hybrid systems,

such as Max Mathews’s GROOVE at Bell Labs, embraced this philosophy by allowing composers

to modify parameters during playback, shifting the computer’s role from a delayed calculating

engine to a live, responsive performance instrument (Mathews and Moore, 1970; Roads, 1996).

Rowe (1993) formalized this shift with his definition of Interactive Music Systems (IMS) as

computer programs that participate in live performance by actively changing their algorithmic

behavior in response to incoming musical input (Rowe, 2009). To categorize the diverse archi-

tectures that emerged, Rowe proposed a foundational taxonomy organized along three operational

dimensions (Rowe, 1993). First, he distinguished between score-driven systems (which track a

predetermined musical timeline) and performance-driven systems (which react spontaneously to

unscripted input). Second, he classified their response methods as transformative (altering live or

existing musical material), generative (using algorithmic rules to produce new material from ele-

mentary seeds), or sequenced (triggering pre-recorded fragments). Finally, he delineated the in-

strument paradigm, where the system acts as an extended performance controller, from the player

paradigm, where the computer operates as an independent musical partner (Rowe, 1993).

A quintessential realization of Rowe’s score-driven category is found in the extensive machine

listening research conducted at the Institute for Research and Coordination in Acoustics/Music
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(IRCAM). Tools such as Antescofo (Cont, 2008) operate as highly advanced score followers,

continuously analyzing the live audio stream of human performers to dynamically synchronize

complex electronic actions with a predetermined musical score (Nika, 2016).

Conversely, the performance-driven approach facilitated the rise of Interactive Machine Learn-

ing (IML) and generative performance systems. Tools like the Wekinator (Fiebrink and Cook,

2010), for example, allow artists to bypass explicit programming and instead create complex,

transformative, and generative mappings between physical gestures and sound synthesis by pro-

viding the computer with small data sets of input-output examples, prioritizing a human-in-the-

loop exploratory practice (Fiebrink and Sonami, 2020; Vigliensoni et al., 2022). Extending this

exploratory control beyond physical gestures, frameworks like the “composition of processes”

(Bouche et al., 2016) apply dynamic mutability directly to the score, treating it as a continuously

evolving program rather than static data.

Building on this ecological approach to interaction are agential scores, which use artificial

life to create fluid, emergent, and self-organizing musical notations (Armitage and Magnusson,

2023). Utilizing software libraries like Tölvera alongside IML frameworks like Anguilla, com-

posers establish environments driven by what Armitage and Magnusson term “intra-active per-

turbations” (Armitage et al., 2024a). Drawing on Karen Barad’s philosophy of agential realism,

this framework suggests that human and non-human agencies do not pre-exist as separate enti-

ties. Rather, they are mutually constituted through their entanglement (Armitage and Magnusson,

2023; Armitage et al., 2024a). This marks a deliberate departure from the traditional learner-

teacher paradigm of machine learning, instead fostering a continuous, non-hierarchical dialogue

of mutual provocations between the performer, the instrument, and the score.

2.1.4 Deep Learning in Compositional Practice: The Democratization of Music

The most recent shift in compositional practice marks a transition from symbolic logic and ex-

pert systems to deep learning (DL) and machine listening paradigms (Magnusson, 2019). Unlike

rule-based algorithms, where programmers explicitly define compositional syntax, DL systems

(e.g., Google’s Magenta or DeepMind’s WaveNet) employ artificial neural networks that learn

autonomously from massive datasets (Briot and Pachet, 2020). This paradigm fundamentally al-

ters the composer’s relationship with the machine. Deep symbolic models, utilizing Recurrent

Neural Networks (RNNs), variational autoencoders (VAEs), and Transformers, process music as

discrete tokens, such as MIDI events, to predict subsequent structures (Ji et al., 2023; Briot and

Pachet, 2020). Conversely, systems like WaveNet (Oord et al., 2016) analyze and synthesize audio

at the micro-level of individual sample points. More recent models, such as NSynth (Ardaillon,

2017) and RAVE (Caillon and Esling, 2021), further push this boundary. By autonomously dis-

covering acoustic features rather than relying on hand-crafted parameters, these systems allow for

the interpolation of entirely novel timbres (Wyse, 2017). The advent of Large Language Models

(LLMs) and massive generative architectures (i.e., OpenAI’s Jukebox (Dhariwal et al., 2020) and

Google’s MusicLM (Agostinelli et al., 2023)) has facilitated a democratization of musical creation

(Park, 2025). These systems can learn complex stylistic markers, timbral nuances, and structural
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patterns from vast datasets, allowing users to generate high-fidelity audio from simple textual

prompts. This embodies a paradigm shift in user interaction that Campo (2014) describes as “lose

control, gain influence,” in which low-level, fine-grained actions are delegated to the machine’s

automation.

Despite this mainstream accessibility, these architectures face a fundamental hurdle in com-

putational creativity. Because DL relies on the statistical distribution of training data, it excels

at interpolation (blending and imitating existing styles). Still, it fundamentally struggles with

extrapolation (the creation of true outlier patterns and novel conceptual leaps) (Ji et al., 2023).

Furthermore, deep learning introduces a profound opacity into the creative process. Because a

system’s knowledge is distributed across multidimensional neural connections, scrutinizing the

source code alone can no longer explain the resulting output (Magnusson, 2019). This creates a

black box effect that distances the composer from the underlying structural logic. In electroacous-

tic music, this presents a specific tension: while these models offer powerful synthesis, they often

lack the precise, sculptural control inherited from the tape era.

To navigate this opacity, researchers must move toward a practice of interactive, human-

centered co-creation and navigable generative environments. For instance, Fiebrink and Cook

(2010) advocates for IML, using tools like Wekinator to allow artists to iteratively train expressive

models with a “small data mindset” (Vigliensoni et al., 2022). These systems allow bypassing

explicit programming and keeping the human firmly in the generative loop (Fiebrink and Carami-

aux, 2018). In the sub-symbolic audio domain, Tatar et al. (2021) does this by developing Latent

Timbre Synthesis (LTS), which utilizes VAEs to map audio corpora into continuous latent spaces.

Rather than generating fixed offline outputs, this system allows artists to continuously search,

sculpt, and interpolate entirely novel timbres in real time.

To bridge the gap between offline generation and live performance, Vear (2022a) proposes

Embodied AI, designing intelligent systems whose operational behavior interacts dynamically as

a co-creative partner inside the spontaneous “flow of musicking.” Finally, Armitage et al. (2024b)

addresses the interaction gap through agential scores. By commingling artificial life libraries (like

Tölvera) with IML, they foster a continuous, non-hierarchical dialogue of mutual provocations

between the human performer and the generative system (Armitage et al., 2024a).

Building upon these interactive paradigms, this thesis moves in the opposite direction of cur-

rent massive model trends. Rather than utilizing DL for automated generation, this research seeks

to open these models, leveraging their internal representations (i.e., the latent spaces) as sites for

precise, performative intervention. We view DL not as a black-box end-product generator, but as

a rich repository of sonic features that can be navigated and sculpted in real time.

2.2 Agency, Authorship, and the Theory of Mediation

The integration of technology into musical practice alters the traditional roles of the composer,

performer, and audience by introducing the computational system as an active participant (La-

tour, 2005; McCormack and d’Inverno, 2012). This section examines how these developments
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redistribute authorship and redefine musical agency among these interacting entities. First, the

composer’s role shifts from creating fixed musical artifacts to designing algorithmic processes,

thereby delegating real-time generative decisions to the computational system and the player

(Rowe, 1999; Féron and Boutard, 2018). Second, the traditional performer evolves into a “post-

performer,” moving beyond executing predetermined notation to function as a co-creator who en-

gages in bidirectional interaction with the machine (Leman, 2007; Magnusson, 2019). Third, the

technological system operates as an autonomous or semi-autonomous agent capable of analyzing

input and generating musical responses, rather than functioning merely as a passive tool (Rowe,

1993; Collins, 2007a). Finally, the listener transitions from a passive consumer to an active partic-

ipant, or “visitor-musicant,” who influences and co-authors the musical output within interactive

installations (Tiffon, 2012). Ultimately, these transformations shift musical creation from hier-

archical, human-centric models toward distributed, ecosystemic networks of agency (Di Scipio,

2003; Waters, 2007).

2.2.1 Authorship and Distributed Agency

Contemporary authorship is becoming fragmented across training data, system design, and real-

time interaction. This collective authorship mirrors mid-20th-century experimental art, where

composers like Cage, Brown, and Cardew reduced central control to allow for performer influence

through indeterminacy (Nyman, 1999).

However, with computational mediation, this redistribution extends beyond human perform-

ers, positioning algorithmic systems as active participants rather than passive tools. According to

the theory of mediation (or mediology), technical mediums are not neutral conduits, actively trans-

forming how music is conceived, conserved, and transmitted (Tiffon, 2018). Digital instruments

and algorithms function as “epistemic tools,” artefacts that engage with musical theory, design

biases, and historical knowledge, directly shaping the composer’s cognitive process (Magnusson,

2009).

Consequently, authorship emerges from a complex network of interactions among people,

computers, and context (McCormack, 2012). To understand this entanglement, researchers in-

creasingly draw upon Actor-Network Theory (ANT) and Barad (2003)’s concept of “intra-action.”

Unlike traditional interaction, which assumes independent entities that simply react to one another,

intra-action suggests that human and non-human agencies do not pre-exist as separate elements.

Rather, they are mutually constituted through their performative entanglement (Armitage and

Magnusson, 2023). In this light, the technological system acts as a true co-performer (Granzow,

2018), possessing its own material and computational agency.

As technological mediation fragments traditional authorship into a collective network, it re-

flects Braidotti (2013)’s posthumanist framework, which argues that our technologically mediated

societies displace the “traditional humanistic unity of the subject” in favor of flexible, hybridized

identities. This hybridized identity is practically realized in the role of the Computer Music De-

signer (or Réalisateur en Informatique Musicale, RIM) (Zattra, 2018a). The RIM acts as a crucial

co-author who translates abstract musical concepts into operative digital facts, meaning that the
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technological and aesthetic identity of the work is negotiated through hidden, oral collaborations

long before it reaches the stage (Zattra, 2018a). By delegating generative responsibility to these

algorithmic and technological processes, the composer shifts to a “meta-level of design” (Rowe,

1999). Each mediating layer, from the algorithm’s code to the performer’s physical movement,

adds a layer of authorship to the final result.

Ultimately, these practices challenge the traditional Western Art work-concept, the idea of a

fixed, authoritative score. Instead, music becomes an invention: a dynamic locus of behaviors,

rules, and relationships that render uniquely in every performance (Magnusson, 2019). The com-

poser acts as a meta-designer, creating frameworks where machine, technician, and performer

collaborate, aligning perfectly with post-structuralist views on the “author-function” (Foucault,

1977), where the author is no longer a fixed origin point, but a variable distributed across the

entire techno-social discourse.

2.2.2 From Artifact to Process: The Ecology of Digital Preservation

While the conceptual shift toward fluid, interactive, and autonomous systems radically expands

musical possibilities, it simultaneously introduces a severe material vulnerability. If the identity

of the mutable work resides not in a static paper score but within a complex, digitally mediated

performance ecosystem, its survival is entirely dependent on the stability of that technology. This

introduces a profound ontological challenge: if the software breaks, the operating system migrates,

or the hardware becomes obsolete, does the work die?

Unlike traditional acoustic instruments, which have benefited from centuries of standardized

lutherie and established notational practices, digital performance environments are highly unsta-

ble (Magnusson, 2019). As Rowe (2009) observes, compositions relying on specific commer-

cial hardware or bespoke software face rapid technical obsolescence. In exploring the long-term

preservation of these works, Pennycook (2008) highlights a severe vulnerability: when complex,

custom-built technological systems fail or become obsolete, the interactive dimension is often lost

entirely, leaving little more than the written scores and fixed audio recordings as the only surviv-

ing long-term artifacts. Because new instruments and interactive systems resemble fluid processes

rather than solid states, a piece composed for a specific digital configuration today may be en-

tirely unrealizable in a few years unless meticulous actions are taken to preserve the exact state

of the hardware, software, and protocols (Magnusson, 2019). Consequently, without comprehen-

sive preservation strategies or the direct intervention of the composer to “turn the knobs,” many

mixed and interactive works are performed only a handful of times before fading from the active

repertoire or becoming fundamentally unplayable (Pennycook, 2008; Féron and Boutard, 2018).

This technological fragility deeply destabilizes the traditional Western work-concept, a paradigm

historically predicated on the eternal reproducibility and untouchable permanence of the written

score (Born, 2005; Magnusson, 2019). When the underlying code, the interface, and the algorith-

mic logic collectively constitute the composition, functioning as what Magnusson (2019) refers to

as a fluid musical “invention” rather than a static artifact, the obsolescence of the digital medium

effectively signifies the death of the piece (Pennycook, 2008; Magnusson, 2019). To combat this
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vulnerability, the burden of preservation has shifted from the traditional publication of prescriptive

scores to the active, ongoing documentation of technological procedures. Ensuring the survival of

these interactive works requires composers and computer music designers to meticulously record

software patches, hardware configurations, and operative methodologies, creating a comprehen-

sive technological record that allows the performance ecosystem to be reconstructed as digital

platforms continue to migrate (Pestova, 2018; Zattra, 2018b).

This ontological fragility further cements the role of the RIM as a collaborator in the cre-

ative process. In the context of preservation, the RIM’s role extends to that of a digital archivist.

Because standard notation cannot capture the behavioral nuances of live electronics or machine

learning models, preservation relies heavily on documenting the technological setups, software

patches, and operative methodologies to ensure that the work can be migrated and reconstructed

as technologies inevitably age (Zattra, 2018a). Therefore, maintaining the “living score” (Vear,

2019) requires continuous human intervention, proving that the very technology that enables au-

tonomous musical agency is simultaneously the source of its greatest impermanence.

2.2.3 Technological Agency and the Mediated Work

Unlike early deterministic tools, modern ML systems can act in unpredictable ways, proposing

musical ideas that the human creator may not have explicitly programmed (McCormack, 2012).

Theories like Actor-Network Theory (Latour, 2005) and postphenomenology (Ihde, 1990) sug-

gest that agency does not pre-exist as an isolated property, but emerges dynamically from these

entangled relationships. Drawing on Karen Barad’s concept of intra-action, researchers increas-

ingly view agency not as something a machine possesses, but as a performative enactment dis-

tributed across the human, the machine, and the environment (Saunders and Gemeinboeck, 2022;

Armitage and Magnusson, 2023). We see these technological systems as actants or skillful par-

ticipants (Saunders and Gemeinboeck, 2022) that shape musical expression through three main

modes of mediation (Ihde, 1990; Magnusson, 2019):

1. Embodiment Relations: Technology becomes transparent to the performer, functioning as

a quasi-extension of their body. This occurs when the feedback loop is fast and intuitive

enough that the musician forgets the interface and focuses purely on the sound, as seen in

highly responsive digital instruments (Ihde, 1990; Nijs et al., 2013). In the context of AI,

this extends to embodied AI, where the machine attempts to seamlessly participate in the

shared, situated flow of live “musicking” (Small, 1998).

2. Hermeneutic Relations: Technology creates a connection to a digital landscape, such as a

complex latent space or a dynamic visual score. The performer observes and interprets the

machine’s state, treating the interface as a fluid text to be decoded and navigated (Magnus-

son, 2009; Verbeek, 2021). For example, agential scores driven by artificial life algorithms

exhibit emergent behaviors that prompt performers to constantly identify with, mirror, and

attune to the notation in real-time (Armitage and Magnusson, 2023).



Towards a Mutable Musical Work: A Literature Review 24

3. Alterity Relations: Uniquely amplified by AI, the technology is experienced as an indepen-

dent entity or playful other rather than a mere tool (Vear, 2022a; Ihde, 1990). The system

acts as a conversational partner or co-performer, engaging the human in a continuous cycle

of mutual provocations and responses without a strict hierarchy (Granzow, 2018).

The balance between embodiment, hermeneutics, and alterity provides a framework for Ex-

plainable AI (XAI) in creative systems (Abdul et al., 2018). While the underlying neural weights

of deep learning models remain structurally opaque (as established in Section 2.1.4), XAI ad-

dresses this limitation at the interface level. By designing visual and haptic representations that

are intuitive (embodied), intelligible (hermeneutic), and interactively robust (alterity), the com-

putational system is transformed from an abstract black box into a legible, symbiotic partner

(Fiebrink, 2011; Poltronieri, 2022). The performer and the machine enter a cybernetic feedback

loop where both cognitive systems continuously tune one another (DiBlasi, 2022). The performer

is thus empowered to negotiate with the system’s agency, resulting in a truly co-authored musical

experience.

2.2.4 Interfaces as Sites of Co-Creation

The integration of computation into musical practice necessitates a fundamental reevaluation of

the interface. As Magnusson (2019) observes, an acoustic instrument is an interface bound by

physical laws, whereas a digital instrument has an interface that requires the arbitrary and deliber-

ate mapping of human gestures to sound synthesis algorithms. Consequently, the digital interface

functions as an epistemic tool, a symbolic and theoretical construction where the designer’s com-

positional intent and embedded music theory dictate the parameters of interaction (Magnusson,

2009). It acts as a boundary object (Armitage and Magnusson, 2023) where performative gesture

and algorithmic behavior converge (Fiebrink, 2011). Within this framework, the interaction shifts

from purely physical dexterity to an epistemically mediated embodiment, where the performer

must dynamically navigate the conceptual and symbolic logic of the computational environment

(Magnusson, 2009; Vear, 2019). Understanding this interaction requires analyzing the system’s

ergodynamics, which translates into the comprehensive framework of the system’s material affor-

dances, encoded constraints, and the resulting potential for musical exploration, analogous to the

concept of gameplay in interactive media (Magnusson, 2019).

2.2.4.1 From Control Surfaces to Mediating Environments

Interaction has evolved from simple one-to-one mappings (e.g., a single fader controlling volume)

to digital mediating environments built in languages like Max/MSP, Pure Data, and SuperCol-

lider. These object-oriented platforms facilitate many-to-many mappings, where a single physical

gesture can influence dozens of synthesis parameters simultaneously (Hunt et al., 2000). To un-

derstand why this gestural complexity is necessary, we must look to Marc Leman’s theory of

Embodied Music Cognition (Leman, 2007). Leman argues that the human body acts as the natural
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mediator between the musical mind and physical sound energy. We process music through corpo-

real articulations and a continuous action-reaction cycle, engaging in a process of mirroring where

moving sonic forms are translated into a subjective, action-oriented ontology (Leman, 2007).

In acoustic instruments, this sensorimotor coupling is innate, driven by direct mechanical

causality and haptic feedback. However, because digital instruments physically decouple the ges-

tural control interface from the sound production mechanism, they risk severing this embodied

connection (Leman, 2007). By moving away from commercial interfaces designed to be per-

fectly effortless, designers deliberately introduce material resistance and non-linear unpredictabil-

ity (Collins, 2007a; Magnusson, 2009). This designed friction influences the performer to adapt

and physically negotiate with the system in real-time, effectively restoring the corporeal resonance

and motor-mirroring necessary for true musical flow.

In this context, the score shifts from a static set of prescriptive instructions into a dynamic

digital environment that performers actively inhabit (Drummond, 2009). A pioneering example

of this is Lewis (2000)’s Voyager, an interactive system that positioned the machine as a virtual

improviser. Operating under the player paradigm, Voyager analyzes incoming performance data to

condition its own generative responses without strict subservience, establishing a non-hierarchical

dialogue where neither the human nor the machine is entirely in charge (Rowe, 1993; Lewis,

2000).

Modern interfaces leverage machine learning and artificial life to prioritize this embodied di-

alogue over strict commands. For Vear (2019), this manifests as the living score, requiring an

embodied state of flow where the performer is constantly discovering the work as they play it

(Vear, 2022a). This interactivity is further radicalized by agential scores, such as those built with

the Tölvera library, which imbue points and lines with fluid material agency and autonomous, goal-

seeking behaviors, prompting performers to attune to the notation as a living entity (Armitage and

Magnusson, 2023). Similarly, tools like Wekinator use Interactive Machine Learning (IML) to

allow musicians to bypass explicit programming, instead training their own expressive, embod-

ied mappings through rapid input-output examples (Fiebrink and Sonami, 2020). Examples also

include corpus-based concatenative synthesis (CBCS) in CataRT (Schwarz et al., 2006), which

allows for the fluid, gestural navigation of massive, multi-dimensional sound libraries.

2.2.4.2 Epistemic and Performative Roles

These interfaces serve two leading roles in the co-creative process. First, they act as epistemic

tools for knowledge-building (Magnusson, 2009). Rather than acting as neutral conduits, digital

interfaces encapsulate specific musical theories, historical knowledge, and design biases. Through

visual, auditory, and haptic feedback, the interface reveals the system’s internal organization and

its ergodynamics (the comprehensive framework of its affordances, constraints, and expressive

potential) (Magnusson, 2019). As the performer navigates the interface, they actively internalize

the theoretical structure of the work, decoding its probabilistic tendencies and sonic boundaries to

construct a functional cognitive model of the machine’s underlying logic.
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On the other hand, interfaces play a performative role, in the sense that they facilitate an em-

bodied state of creative flow and live musicking (Vear, 2022a; Small, 1998), wherein the boundary

between human intentionality and systemic output becomes integrated. Within high-dimensional

generative spaces, the interface functions as a site for a “dance of agency” (Pickering, 1995). As

(Zappi and Tatar, 2025) observe, neural audio instruments amplify this dynamic by acting as em-

bodied cognitive extensions that fundamentally reshape the performer’s phenomenological and

epistemological relationship with the machine. In this context, the system acts as a skillful par-

ticipant rather than a passive instrument (Saunders and Gemeinboeck, 2022). It autonomously

generates contextually bounded sonic proposals, while the human actively selects, refines, or re-

acts to them, thereby establishing a continuous, non-hierarchical loop of intra-action (Armitage

and Magnusson, 2023).

Ultimately, this research conceptualizes the musical interface not merely as a control surface,

but as a meta-interface: an intelligent, ecosystemic environment (Di Scipio, 2003; Waters, 2007)

that coordinates the dynamic negotiation of agency across all human and non-human participants.

2.2.5 Autonomous Agents and the Topological Turn

The evolution of the digital score into a sentient environment (Vear, 2019) finds its technical re-

alization in autonomous creative agents. This represents a profound shift toward co-creativity,

wherein the machine transcends the role of a passive tool to become a collaborative partner with

its own stylistic preferences (Assayag, 2021). In this context, true autonomy is defined not merely

by generative capacity, but by the system’s ability to evaluate its environment and generate its own

internal goals (d’Inverno and Luck, 2004; Collins, 2007a). This is effectively formalized in the cri-

teria for the framework Live algorithms (Blackwell et al., 2012), which state that a machine acting

as a true improvisational partner must exhibit four core attributes: autonomy, novelty, participa-

tion, and leadership (Blackwell et al., 2012). The inclusion of leadership is a powerful theoretical

mechanism. It asserts that the machine does not merely react to human input but actively steers the

musical direction, forcing the human to adapt to its suggestions. As seen in frameworks like Arne

Eigenfeldt’s Musebots, these autonomous systems interact with human performers as independent

musical personalities, engaging in a non-hierarchical social negotiation (Eigenfeldt, 2022).

The navigation of these high-dimensional generative spaces has increasingly relied on topo-

logical models. The SomSwarm project (Mogensen, 2020), for example, improved topological

navigation by combining self-organizing maps (SOM) with swarm algorithms to build a dynamic

spatial memory of sound features. Similarly, the REACH project’s Somax (Borg, 2019; Borg

et al., 2022; Fiorini and Malt, 2023) architecture achieves a floating musical coordination with

human improvisers by translating live musical streams into activations across specific zones of

a pre-annotated corpus. Utilizing layered architectures, including Listening Modules to analyze

live input and Matching Modules to navigate the corpus, the machine continuously adjusts to its

surroundings while maintaining a consistent stylistic output.

However, while these advanced systems excel at real-time reactivity, they often face a pro-

found control gap (Assayag et al., 2022; Teixeira et al., 2024). Because interaction is primarily
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based on low-level acoustic features or step-by-step statistical matching, the connection between

human input and machine logic remains abstract rather than structurally directed. This exposes a

failure in what Roads (2015) terms “multiscale organization,” the ability to plan structures across

multiple timescales simultaneously, from micro-level grains to macro-level forms. Consequently,

these systems frequently lack the compositional foresight or anticipatory behavior required to in-

tentionally navigate idiomatic musical macro-structures, such as harmonic progressions (Nika,

2016).

This thesis seeks to bridge this gap by explicitly connecting the sub-symbolic domain of audio

corpora with the symbolic domain of musical structure (Rowe, 2009). To achieve this multi-

scale coherence, we draw upon Nika (2016)’s “scenario/memory model.” In this framework, the

machine’s improvisation is guided by a formal temporal structure (the scenario, such as a chord

progression) which acts as a macro-level plan, while drawing upon an indexed audio corpus (the

memory) for micro-level generative freedom. By linking system memory to formal tonal logic,

music-related taxonomies, and dynamic temporal scenarios, the system is imbued with anticipa-

tory behavior, allowing it to prepare for resolutions and cadence points just as a human musician

would (Nika, 2016). By intertwining Magnusson (2009)’s epistemic tools with Vear (2019)’s dig-

ital scores, this research aims to develop a model where performers negotiate with the machine’s

autonomous capabilities as intuitively and structurally as they would with a traditional acoustic

instrument.

2.3 Summary

By tracing the progression from fixed physical recording media to rule-based algorithmic systems

and deep learning, this chapter establishes the technical foundation for adaptable, computation-

ally mediated music. This trajectory demonstrates a shift away from the traditional concept of the

musical work as a static artifact toward a model of music as a dynamic, responsive process (Mag-

nusson, 2019; Vear, 2022a). Instead of a finalized product, the contemporary electroacoustic piece

is structured as an interactive network of interdependent human and technological components

that continuously adapt to environmental inputs. Within this framework, authorship is distributed

across the system, and creative output relies on real-time, bidirectional data exchanges between

the human performer and autonomous machines operating without a predefined control hierarchy

(Saunders and Gemeinboeck, 2022; Armitage and Magnusson, 2023).

However, this reliance on adaptable digital systems introduces significant technical vulnera-

bilities. Because the music depends entirely on specific hardware and software configurations,

it is highly susceptible to rapid obsolescence. Therefore, preservation efforts must shift from

archiving traditional paper scores to documenting technological setups, operating methodologies,

and functional code (Rowe, 2009; Zattra, 2018a). Instead of creating fully autonomous programs

that replace human involvement or quickly become outdated, this framework supports designing

understandable computer interfaces that act as collaborative, cognitive instruments, or epistemic

tools, to enhance human creativity (Magnusson, 2009; Poltronieri, 2022).
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This theoretical foundation necessitates a shift toward practical frameworks that prioritize both

expressive agency and ontological resilience. Consequently, the subsequent chapter of this thesis

introduces models that utilize latent space navigation and network-based representations to bridge

the identified control gap (Nika, 2016). By explicitly synthesizing sub-symbolic audio depth with

symbolic formal logic (Rowe, 2009), the research provides the composer with the structural fore-

sight required to navigate high-dimensional generative environments. This approach ensures that

the resulting musical work remains a navigable, sustainable entity, one that preserves the spon-

taneous, embodied flow of live musicking while grounding the machine’s autonomous agency

within a legible human dialogue (Small, 1998; Vear, 2022a).



Chapter 3

From Descriptor to Latent Spaces: A
Topographical Review of Musical
Models

With the shift from prescriptive composition to co-creative exploration, there is a critical need

for a robust framework capable of representing musical information, whether pitch and harmonic

qualities, rhythm, or timbre. While autonomous agents provide the agency for interaction, it is

the underlying descriptor spaces and musical models that supply the topography upon which this

interaction occurs. This chapter reviews the mathematical, psychoacoustic, and computational

models that organize musical data into these navigable structures.

To outline the transition from discrete data selection to the continuous topological morphing

that defines the mutable musical work, this chapter is divided into four main sections. Section 3.1

examines the foundational topologies of tonal pitch, rhythm, and timbre. By connecting com-

plex acoustic data with human perception, these multidimensional spaces transform musical en-

tities into organized, navigable maps. Moving on, Section 3.2 explores deep generative models

that uncover emergent topologies directly from musical data, moving beyond traditional feature

extraction. Section 3.3 investigates how corpus-based concatenative synthesis (CBCS) encap-

sulates these descriptor spaces (both traditional and latent) to enable fluid, gestural navigation

of sound corpora. Finally, Section 3.4 discusses methodologies for converting these complex,

high-dimensional spaces into explainable formats, ensuring the system remains interpretable and

collaborative rather than an opaque black box.

3.1 Descriptor Spaces: The Topography of the Navigable Manifold

Paramount to the co-creative paradigm is the capacity to represent musical information in ways

that are both computationally efficient and musically meaningful (Leman, 2007). To computa-

tionally model music, we must connect complex data with human sonic experience, ensuring the

resulting system reflects genuine human creativity (Ferguson and Brewster, 2018). By utilizing

29
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general descriptors for elements like tone, rhythm, and timbre, a musical piece is transformed into

an organized map that unifies structure and emotion into a coherent system (Clarke, 1987b).

This thesis adopts the concept of descriptor spaces as multidimensional representations that

capture the nuances of sound, structure, and gesture. These spaces allow us to compare, transform,

and recombine musical entities across various representational levels (Schwarz et al., 2006). Cru-

cially, descriptors act as the bridge between a system’s listening and matching modules, enabling

the machine to recognize and respond to a performer’s gestural intent within a shared coordinate

framework (Borg, 2019). This process acts as a crucial link between perception, analysis, and gen-

eration, enabling data-driven creative exploration (Schwarz, 2007) as the distance between points

represents how similar they are in terms of perception or style, rather than just a mathematical

concept (Berenzweig et al., 2003).

Furthermore, descriptor spaces help create what Vear (2019) calls the “musicianship of the

environment.” When a digital score is represented as a descriptor-based manifold, performing the

music becomes an act of moving through this space. The material resistance of the piece is defined

by the density and distribution of its descriptors. Some descriptors are very useful, while others

have limited options or mixed results. Descriptors are not just tools for analysis, helping shape a

flexible interface. This document will focus on three main areas of descriptor spaces: tonal pitch,

rhythm, and timbre. Ultimately, by organizing layouts that reflect human understanding of music

and its diverse styles, these spaces transform the interface into a site for intelligent musicianship,

where both performer and machine collaborate dynamically (Drummond, 2009).

3.1.1 Tonal Pitch Spaces: The Geometry of Harmony

In the symbolic domain of music, descriptor spaces frequently manifest as tonal pitch spaces,

which formalize the theoretical and cognitive relationships between pitches, chords, and keys (Ler-

dahl, 1988). Rather than viewing tonality as a linear sequence of events, these models treat har-

monic progression as movement through a multidimensional geometry, where the spatial distance

between points reflects their stylistic and perceptual similarity (Tymoczko, 2011). By representing

music topologically, we can treat the act of composing or performing as navigating a continuous

map of sound, enabling creators to explore new ideas while staying anchored to a coherent tonal

center.

The literature offers several distinct topologies of tonality, summarized in Table 3.1, which

vary based on their mathematical or perceptual focus and serve as the navigational foundation for

co-creative systems. The next sections will detail each topology.

3.1.1.1 Lattice-Based Pitch Spaces: The Tonnetz and its Computational Extensions

The Tonnetz, also called the tone network, is a well-known model in music theory for describing

musical tones. Euler (1739) introduced it in 1739, and Riemann (1880) made it popular in 1880.

This model organizes pitches into a hexagonal grid based on perfect fifths and major/minor thirds,
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Table 3.1: Typology of Tonal and Pitch Space Models in Music Theory and Computation.

Model Type & Key Authors Core Representation / Geometry

Interval Lattice Tonnetz: Hexagonal grid representing perfect fifths and thirds;
emphasizes triadic transformation.

Euler (1739); Riemann (1880)

Functional Hierarchy Algebraic/Metric: The Tonal Pitch Space calculates distances
based on the stability of intervals within a key.

Lerdahl (2001)

Spiral Array Helical: Maps pitches, chords, and keys onto a 3D spiral to
represent hierarchical pitch relations.

Chew (2002)

Geometric Orbifolds Möbius Strips/Toroidal: Mathematical manifolds where
voice-leading is represented as paths in non-Euclidean space.

Tymoczko (2006)

Fourier Phase Space DFT Coefficients: Complex-plane representations of clumpi-
ness or evenness in pitch collections.

Quinn (2006); Amiot (2016)

Tonal Interval Space 12D Vectors: High-dimensional interval vectors (TIVs) that
represent perceptual distances and tonal tension.

Bernardes et al. (2016a)

making it exceptionally effective for visualizing parsimonious voice-leading (i.e., chordal transi-

tions with minimal movement between notes) (Tymoczko, 2008), as illustrated in Figure 3.1. Mod-

ern Neo-Riemannian theory, using the Tonnetz, explains how late-Romantic composers moved

between distant musical keys without using traditional harmony rules. (Cohn, 1997, 1998).

Figure 3.1: Prototypical Tonnetz representation showing triadic configurations. The highlighted
triangle represents a C-minor chord triad, demonstrating how the vertical and horizontal axes
organize pitch classes into functional harmonic aggregates.
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Beyond historical chromaticism analysis, the Tonnetz also provides a strong mathematical ba-

sis for modern digital organology and generative systems. When extended into a three-dimensional

(3D) toroidal shape (i.e., when pitch classes wrap around both the octave and the cycle of fifths

(Tymoczko, 2012)), it allows generative algorithms to explore harmonic space endlessly without

encountering mathematical boundaries (Nguyen and Tsabary, 2022), useful for algorithmic path-

finding.

In co-creative interfaces, the Tonnetz evolves from a basic diagram into an effective navigation

tool. Interfaces like Isochords (Bergstrom et al., 2007) or HexaChord (Bigo and Andreatta, 2016)

show how this hexagonal geometry can display real-time performance data, giving the performer

a clear view of their harmonic position. By clearly showing these relationships, the interface helps

users understand complex harmonies and perform triadic transformations. These transformations

include the parallel (P), leading-tone (L), and relative (R) operations, which shift a triad to its par-

allel, leading-tone, or relative form by moving a single pitch. The distance moved on the interface

shows how much the harmony changes. Performers can use this method to understand how differ-

ent tonal areas relate to each other, turning harmonic sequences into a clear visual experience.

Recently, researchers have started using the Tonnetz as encodings in DL models. Chuan and

Herremans (2018) showed that the Tonnetz can be changed into a two-dimensional image that

is useful for training Convolutional Neural Networks (CNNs). Aminian et al. (2020) used the

Tonnetz geometry as encoding spaces for Long Short-Term Memory (LSTM) networks. Their

research shows that this setup helps networks learn long-term musical patterns and connections.

By using the Tonnetz as a guide, these models make the music more stable and improve its overall

structure. This suggests that the navigational logic of the Tonnetz serves as a critical bridge,

aligning the understanding of machine-learning systems with the intuitive practices of the human

musicians who work with them (Chuan and Herremans, 2018).

3.1.1.2 Functional Hierarchy: Tonal Pitch Space (TPS)

Moving beyond simple interval distance, Lerdahl (2001)’s Tonal Pitch Space (TPS) quantifies the

psychological dimensions of musical tension and stability across a five-level hierarchy. TPS uses

a simple math approach to measure the distance between two musical elements, based on their

place in a five-level system: the chromatic level, the diatonic level, the triadic level, the fifth level,

and the tonic level. In this space, a chord with the same root note but in a different key is further

away from the home tonic than a chord in the same key, even if they produce the same pitches.

This difference is essential for perceiving structural voice-leading movements in a musical work

(Lerdahl, 1988).

TPS enables measuring tonal tension and relaxation by clearly defining the relationships be-

tween musical notes. This system calculates the energy of harmonic progressions by looking at

the distances between chords, which shows how different they are from one another (Krumhansl,

1990). To calculate this distance, the number of steps moved along the cycle of fifths is added to

the number of different pitches that need to be changed to reach the target chord. This approach

helps create co-creative agents that work in a goal-oriented musical context (de Haas et al., 2011).
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While a simple model may only look for sound similarities, an agent using TPS can prioritize

meaningful resolutions. For example, the system can tell the difference between a stable return

to the main note (tonic) and a tense move toward a different note. This ability helps the machine

suggest musical ideas that match the emotional flow of a piece (Williams, 2007).

Furthermore, TPS introduces the concept of regional distance, which maps the relationship

between keys on a multidimensional grid, allowing a co-creative interface to offer the performer a

structured representation of tonal hierarchies, where specific paths of modulation represent greater

quantifiable distances and structural divergence than others (Randall and Khan, 2010). By embed-

ding these cognitive constraints into a representational space, the system is able to better distin-

guish the importance of specific parts of a musical sequence (Lerdahl and Krumhansl, 2007).

3.1.1.3 The Spiral Array: Hierarchical Proximity

While the Tonnetz is effective at representing local triadic relationships, and TPS offers the al-

gebraic logic for hierarchical distance, Chew (2002)’s Spiral Array provides a comprehensive

framework for global harmonic tracking, translating these relationships into a continuous 3D geo-

metric manifold. This model represents musical entities as points along nested 3D helices. In this

geometry, the spatial proximity between a pitch and a key is determined by their tonal function

rather than simple frequency. For instance, C and G chords are positioned close to one another

because of their interval of a perfect fifth, despite their linear distance in a standard chromatic

scale, as depicted in Figure 3.2.

Figure 3.2: Spiral Array representation of a minor key as a center of effect (CE). The key is
modeled as the CE of its primary triads (i, iv/IV , and V/v), which are themselves generated as the
CEs of their constituent pitches on the outermost helix.

This hierarchical arrangement is beneficial for co-creative systems because it facilitates the

real-time calculation of the center of effect. By treating musical passages as clusters of points

within the array, an agent can mathematically determine the spatial centroid of a performance to



From Descriptor to Latent Spaces: A Topographical Review of Musical Models 34

perform automated key-finding and harmonic tracking (Chew, 2014). A machine-learning partner

can thus respond to individual musical notes and understand the changes in tonal centers during a

human collaborator’s improvisations.

Likewise, the Spiral Array connects symbolic analysis with the vector-based needs of modern

AI. Because it maps discrete music theory concepts into a continuous, differentiable Euclidean

space, it provides a topological ground truth for generative models (Chew and Chen, 2005). By

working within this 3D space, a co-creative system helps keep its musical ideas understandable

and relatable, even when performing complex interpolations across distant musical keys.

3.1.1.4 Geometric Orbifolds: Non-Euclidean Manifolds

Tymoczko (2006) revolutionized musical geometrical spaces by using the notion of orbifolds.

These are mathematical spaces that loop back on themselves to account for musical symmetries.

He demonstrates that if we treat a chord as a single entity regardless of its octave displacement or

permutation, the resulting space of all possible chords is a non-Euclidean manifold. Depending

on the number of voices and the specific constraints applied, these spaces often take the shape of

high-dimensional tori or complex Möbius strips (Callender et al., 2008).

This model provides a clear proof of how Western harmony has evolved, showing that the most

useful chords, those that sound good together and can be smoothly connected, tend to be found

in specific regions of these mathematical shapes. However, as chords become more symmetrical,

allowing for better voice-leading, they often lose their strong tonal center (Tymoczko, 2011).

For building co-creative interfaces, orbifolds offer a continuous map of harmonic algorithmic

possibilities (Tymoczko, 2011). Unlike discrete symbolic grids, these spaces help find the shortest

path (geodesic) between two points in a curved space, leading to the most efficient voice-leading

transition between any two chords (Callender et al., 2008). By treating harmony as a path in a non-

Euclidean space, the system can handle complex musical changes and minimal pitch variations

with the same geometric precision that was once used for simple diatonic progressions (Pinto,

2012).

3.1.1.5 Fourier Phase Space: The DFT Perspective

A recent computational paradigm, led by Quinn (2006) and Amiot (2016), applies the Discrete

Fourier Transform (DFT) to pitch-class sets to quantify their structural properties. By treating a

set of notes as a periodic signal over the 12-tone chromatic circle, the DFT produces complex

components derived from the vector sum of its component pitch classes. These coefficients make

a chord’s harmonic content manifest by characterizing its resemblance to various equal divisions

of the octave, such as paradigmatic objects like the augmented triad (0,4,8) or diminished seventh

chord (0,3,6,9). For example, evenly spaced notes like those in a whole-tone scale create high

coefficients in specific components. On the other hand, uneven patterns, such as those found in

a major triad (0,4,7) or diatonic scale (0,2,4,5,7,9,11), have different coefficient profiles (Yust,

2017). In this framework, the coefficients act as vectors (with a magnitude and an angular position
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(phase)) that serve as coordinates within a Fourier Phase Space. Unlike the Tonnetz or TPS,

which lean on standard tonal functions, the Fourier perspective offers a mathematical method

to understand a chord’s tonal character by looking at its symmetry and interval structure (Yust,

2015b). Furthermore, recent theoretical work demonstrates a powerful convergence between these

Fourier phase spaces and geometric voice-leading spaces. By interpreting continuous “crossfade

paths” or glide paths through the Fourier space, this perspective can also represent contrapuntal

voice leadings, mapping the smooth transition of notes from one harmony to another within a

robust geometric context (Tymoczko and Yust, 2019).

This approach is particularly valuable in co-creative interfaces because it relates musical ideas

with sound processing, allowing the model to analyze and adjust features of a hidden representa-

tion, like how diatonic or chromatic a musical piece is, without needing a detailed set of music

theory rules (Lenssen and Needell, 2014). The DFT space also allows for a smooth transition be-

tween musical sets. Crucially, interpolating within the Fourier domain allows for smooth, contin-

uous morphing between distinct musical sets, making it an invaluable tool for generative models

to explore unconventional or microtonal pitch regions while maintaining structural consistency

(Amiot, 2016).

3.1.1.6 The Tonal Interval Space (TIS)

The Tonal Interval Space (TIS), developed by Bernardes et al. (2016a), builds on the concept of

Fourier Phase Space but takes a different approach by using high-dimensional vector spaces in-

stead of traditional geometric shapes. In TIS, musical pitch collections are represented through

twelve-dimensional (12D) Tonal Interval Vectors (TIVs) within a single continuous space. These

vectors are calculated using the weighted DFT of 12-element, L1-normalized chroma vectors.

This mathematical formulation makes it uniquely suited to analyze both audio and symbolic rep-

resentations in real-time, facilitating the application of ML techniques.

TIS accommodates inputs from both symbolic data (e.g., MIDI) and complex audio signals by

first converting them into chroma vectors, which distribute energy across chromatic pitch classes.

In the resulting 12D Euclidean space, the spatial relationships between TIVs carry profound mu-

sical meaning. The Euclidean distance between two points indicates their perceptual relatedness,

with shorter distances reflecting higher similarity, voice-leading parsimony, and common-tone

logic (Bernardes et al., 2022). Additionally, TIS introduces a novel capability to measure musical

consonance directly: the norm of a TIV (its Euclidean distance from the center of the space) acts

as a consonance indicator, with points closer to the center representing dissonant configurations

and points further out representing consonant ones (Bernardes et al., 2016a).

In this context, the direct application to audio signals bypasses the notoriously difficult prob-

lem of robust polyphonic note transcription, enabling systems to derive harmonic meaning with-

out strictly relying on symbolic formats. This resilience to transcription errors makes the model

exceptionally effective for real-time AI interactions and generative music systems. It creates a co-

operative interface that can immediately respond to a performer’s musical intensity while offering

a unified operation chain to bridge different areas of creativity (Bernardes et al., 2016b)
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Furthermore, TIS provides a stable framework for cross-domain mapping. Because the 12D

vectors are continuous, they can be easily aligned with the latent spaces of neural networks or the

parameter spaces of sound synthesizers. This continuity allows a co-creative interface to act as a

topological mixer, where the user can navigate complex harmonic landscapes by moving through

a simplified two or three-dimensional projection of the 12D space (Bernardes et al., 2018). By

simplifying these complex relationships into an intuitive geometric interface, TIS helps perform-

ers adjust the tonal weight and harmonic brightness of a composition through physical, spatial

interaction.

A practical application of this spatial interaction is demonstrated in the earGram 2.0 software,

which utilizes the Tonal Interval Space to facilitate the creative re-purposing of musical audio.

At the sound object level, earGram 2.0 provides navigable 2D spatial corpus visualizations where

functional harmonic categories and key relations, such as those found in the circle of fifths, are

expressed as geometric distances. To achieve this, the continuous 12D Tonal Interval Vectors are

partitioned using QT-clustering and reduced to a simplified 2D visual representation based on the

space’s largest weighted coefficients, allowing users to visually guide the categorization process.

By moving through this visualized harmonic space using an interface device like a mouse or joy-

stick, a user can dynamically construct unit sequences at various density rates. Because reduced

spatial distance within this model correlates with higher perceptual similarity, continuous multi-

dimensional navigation provides the user with precise control over harmonic sequencing. This

capability enables the generation of high-density textures of concurrent audio units, or discrete

sound events, organized strictly by their calculated acoustic relatedness (Bernardes, 2020).

3.1.2 Rhythm and Metric Spaces: Temporal Topology

Rhythm and metric descriptor spaces reveal how musical events can be periodic and use timing

expressively. Unlike traditional rhythmic notation, these spaces, shown in Table 3.2, depict rhythm

as a smooth range of onset probabilities and timing relationships. This approach lets creative

systems adjust the rhythm, shifting between a steady beat and the expressive timing of a live

performer (Desain and Honing, 2003).

The literature maps this transition from discrete symbolic hierarchies to continuous generative

spaces through several key models, which will be detailed in the next sections.

3.1.2.1 Metric Grids

Rooted in Lerdahl and Jackendoff (1982)’s Generative Theory of Tonal Music (GTTM), the metric

grid acts as a psychological guide for how rhythms are perceived by organizing time into vertical

layers of beats. Research by Desain and Honing (1994) shows that we do not hear rhythmic

intervals by themselves. Instead, we compare them to an internal rhythm pattern. This process,

known as categorical perception, allows us to recognize a note that comes slightly late as a delayed

downbeat instead of hearing it as a new rhythmic value (Schulze, 1989).
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Table 3.2: Typology of Rhythm and Metric Space Models: From Symbolic Hierarchies to Contin-
uous Landscapes.

Model Category Core Representation / Geometry & Key Authors

Symbolic & Hierarchical Models (Discrete)

Metric Grids Hierarchical Dots: Vertical, layered representation of metric
weight, distinguishing between structural beats and subdivi-
sional pulses.

Lerdahl and Jackendoff (1982)

Circular Geometry Cyclic Polygons: Rhythmic cycles mapped as polygons on a
circle to analyze mathematical symmetry and evenness.

Toussaint (2019)

Statistical & Signal-Based Models (Descriptive)

IOI Distribution Statistical Histograms: Aggregated Inter-Onset Intervals
(IOI) used to define a probabilistic profile of groove and pulse.

Desain and Honing (2003)

Periodicity Representations Spectral Fluctuation: Signal-based representations (e.g.,
DTW) capturing modulation magnitude across frequency
bands (e.g., Rhythm Patterns).

Peeters (2004)

Continuous & Generative Spaces (Latent/Morphable)

Metric Orbifolds Manifolds: High-dimensional geometric spaces where all
rhythmic partitions of a measure are treated as continuous
points.

Tymoczko (2011)

Probabilistic Distributions Onset Density Functions: A continuous topography of on-
set probabilities; represents rhythm as a smooth landscape en-
abling micro-timing analysis.

Kaplan et al. (2023)

Each vertical layer of the metric grid shows a different level of regularity in the beats: 1) the

tactus is the basic beat that people often tap their foot to (level 0); 2) the subdivisions are quicker

beats that break the tactus into smaller parts, like eighth or sixteenth notes (levels −1, −2); and 3)

macro-beats are slower beats that group tactus beats into measures and phrases (levels +1, +2).

For co-creative systems, embedding this hierarchy is vital because it enables the machine

to calculate pulse salience, differentiating between structurally essential musical elements and

fleeting ornamental notes (Parncutt, 1994), making it vital in real-time collaboration settings.

3.1.2.2 Circular Geometry

A significant shift in rhythmic representation occurs when the temporal sequence is mapped onto

a circular topology. This approach, researched extensively by Toussaint (2019), treats a rhythmic
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cycle (e.g., a single measure of 4/4 or a 12/8 African bell pattern) as a closed loop where the

circumference represents the total duration of the period. By regarding onsets as points placed

around a circle, we change rhythm from a straight line of events into a cycle of shapes (Toussaint,

2010). This approach helps researchers use methods from geometry and math to study musical

time, uncovering important features that traditional Western notation often hides.

The power of circular geometry lies in its ability to quantify the shape of a rhythm through

measures of symmetry, evenness, and balance (Toussaint, 2019). Maximal evenness patterns,

where onsets are distributed as evenly as possible within a cyclic structure, often represented using

circular diagrams and Euclidean algorithms (Gomez-Martin et al., 2008), help explain why specific

rhythmic patterns, like Tresillo or Cinquillo, are common in many musical traditions around the

world.

In a co-creative context, these geometric properties allow for computational evaluation of the

stability of a rhythm. By calculating the centroid of the rhythmic polygon, a system can determine

the balance of a pattern, providing a descriptor space where groove is defined not by subjective

feeling, but by the mathematical displacement of vertices from a perfectly symmetrical state (Tou-

ssaint, 2019).

Furthermore, the circular model facilitates a unique form of rhythmic comparison through

rotational equivalence and necklace theory (Toussaint, 2019). Because the representation is cyclic,

a rhythm and all its possible rotations (or modes) are treated as a single family of patterns. This

is particularly relevant for co-creative agents performing metric morphing, as it allows the system

to smoothly interpolate between different phase-shifts of the same rhythm (Barton, 2020). Rather

than seeing a shift in the one as a total rhythmic change, the system perceives it as a rotation in the

circular space.

3.1.2.3 Inter-Onset Interval (IOI) Distribution

While geometric models dictate the nominal duration of notes, Inter-Onset Intervals (IOIs) capture

the physical time between consecutive note onsets in an actual performance. By collecting these

continuous intervals into statistical distributions, computational musicologists can map expressive

timing variations onto discrete rhythmic notations (Cocharro et al., 2021).

Foundational theoretical models of quantization helped to establish how systems might bridge

this gap (Longuet-Higgins, 1976). These foundational theoretical models often derive a discrete

rhythmic interpretation by recursively subdividing a time interval (Longuet-Higgins, 1976). Fur-

thermore, early studies on categorical rhythm perception demonstrated that listeners intrinsically

group continuous temporal sequences into distinct categories, with boundaries that can shift de-

pending on metrical context (Clarke, 1987a) and are open to perceptual learning (Schulze, 1989).

Together, these probabilistic and categorical frameworks allow systems to generate a temporal

fingerprint of a performance, identifying the underlying pulse even amidst complex variations.

The distribution of IOIs also highlights a complex relationship between global tempo and lo-

cal expressive nuances. Earlier theories, such as the relational-invariance hypothesis explored by

(Repp, 1994), argued that expressive timing scales approximately proportionally with the overall
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tempo of a piece. However, subsequent analyses challenged this view, providing evidence that

expressive timing variations do not simply scale proportionally with global tempo, but are instead

inextricably linked to local musical structure (Desain and Honing, 1994). In human perception,

while musicians produce these continuous timing deviations on a millisecond scale, listeners group

them into discrete rhythmic categories, which then function as a reference point for appreciating

the expressive deviations (Desain and Honing, 2003). For co-creative systems, analyzing these

structural and expressive distributions allows machines to capture human nuances. It helps distin-

guish the relaxed, structural timing of a live performer from the rigid quantization of an electronic

beat (Mor et al., 2020).

Furthermore, in the context of score-following systems, IOI sequences provide the founda-

tional data for temporal alignment. Coupled with dynamic programming algorithms (Dannen-

berg, 1984) or more powerful methods, like Hidden Markov Models (HMMs) and hybrid graphi-

cal models (Orio and Schwarz, 2001; Raphael, 2006), IOI sequences can align polyphonic audio

with musical scores. A common and highly effective continuous alignment method is Dynamic

Time Warping (DTW), which finds the optimal match between a performer’s IOIs and the ideal

score by non-linearly stretching the time axis to minimize the alignment cost (Müller, 2007). Be-

cause traditional DTW requires complete offline knowledge of both sequences, modern interactive

systems utilize incremental online time-warping algorithms to align live performances in real time

(Cancino-Chacón et al., 2018). By extracting these expressive parameters dynamically, co-creative

systems can align precisely with the performer’s specific timing patterns, bridging the gap between

a rigid timing grid and the fluidity of human rhythm (Echeveste et al., 2013).

3.1.2.4 Periodicity Representations

While IOI distributions effectively measure the discrete time between symbolic events, they of-

ten fail to capture the full polyphonic and continuous complexity of a musical arrangement. To

address this issue, research in Music Information Retrieval (MIR) and speech prosody utilizes

Periodicity Representations or modulation-theoretic approaches. Instead of counting the time be-

tween discrete notes, these models extract a continuous-valued onset-energy function (or ampli-

tude envelope) from the audio and apply signal processing techniques such as the DFT or the

Auto-Correlation Function (ACF). This yields a modulation spectrum (or beat spectrum) (Foote

and Uchihashi, 2001), essentially treating rhythm as a form of low-frequency pitch defined by

rhythm formants (i.e., frequency zones of high magnitude that correspond to regular rhythmic

oscillations) (Gibbon, 2023).

The primary advantage of these periodicity descriptors in a latent space is their ability to

represent hierarchical metric density across multiple frequency bands simultaneously. Just as low-

frequency rhythm formants in speech correspond to slower word rates while higher frequencies

align with rapid syllable rates, musical rhythm spectra distinctly encode different structural levels

of a groove (Gibbon, 2023). A computational system can distinguish the low-frequency energy

corresponding to the primary structural pulse from the high-frequency energy associated with

rapid rhythmic subdivisions. By analyzing these multiband spectral fluctuations, a co-creative
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agent can accurately extract and model the hierarchical metric density and rhythmic structure of a

live performance (Peeters, 2011). If a performer plays with more intensity in their subdivisions,

the high-frequency rhythmic energy increases, signaling the agent to make its own rhythmic ac-

companiment denser in response.

These descriptors enable the navigation of latent rhythmic spaces by providing high-dimensional,

tempo-independent features that machine learning models can readily process (Peeters, 2011).

Periodicity descriptors are exceptionally stable against small micro-timing noise, capturing the

global feel of a groove far better than raw audio or discrete MIDI. Furthermore, by calculating a

sequence of these spectra over short, overlapping windows to form a rhythm spectrogram, systems

can extract rhythm formant trajectories. Building on foundational rhythmogram models (Todd and

Brown, 1994), these trajectories can track the long-term, dynamic variations of rhythm over time

(Gibbon, 2023).

3.1.2.5 Metric Orbifolds

While circular representations effectively model a single repeating rhythmic pattern, Metric Orb-

ifolds conceptualize the universe of all possible rhythms of a given length within a unified geo-

metric framework. Adapted from the continuous geometric spaces developed for harmony and

voice-leading by Tymoczko (2006), Tymoczko (2011), and formally mathematically defined by

Callender et al. (2008), this approach represents a rhythm of n events as a single coordinate point

in an n-dimensional space. By mathematically abstracting away specific starting points, treating

rhythms that are cyclic rotations of one another as equivalent, the fundamental multidimensional

space is folded into a topologically complex quotient space, or orbifold. This geometric structure

elegantly captures the symmetries and permutations inherent in cyclical musical rhythms, mapping

equivalent patterns to the same location.

A critical advantage of the orbifold for computational musicology is its underlying continu-

ity. In a traditional discrete metrical grid, transitioning from a duple subdivision to a triplet feel

necessitates a categorical jump. In a Metric Orbifold, however, these two rhythmic feels exist as

distinct coordinates on the same continuous surface, populated with every conceivable intermedi-

ate micro-timing between them. Such continuous transformations provide a rigorous mathematical

definition of rhythmic distance, analogous to voice-leading size in pitch space (Callender, 2004):

two points closer together on the orbifold are highly similar, requiring less aggregate movement of

their temporal onsets to transform into one another. Consequently, complex structures like cross-

rhythms (e.g., 3-against-2 or 5-against-4) are not treated as anomalous deviations from a grid, but

rather as mathematically precise, symmetrically arranged coordinates within the space.

3.1.2.6 Probabilistic Distributions

The shift from rigid metrical grids to continuous models of temporal expectation gives rise to the

concept of the probabilistic distributions of time. Foundational frameworks like Dynamic Attend-

ing Theory first modeled temporal expectations as continuous attentional pulses rather than static
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points (Large and Jones, 1999). Building on this, recent cognitive frameworks grounded in Predic-

tive Processing (Vuust et al., 2022), such as the Phase Inference from Point Process Event Timing

(PIPPET) model (Cannon, 2021), demonstrate that human rhythm perception can be simulated as

a process of continuous Bayesian inference (Kaplan et al., 2023). In this probabilistic map, rhythm

is represented by an expectation template formed by a summation of Gaussian distributions. The

peaks (Gaussian means) indicate the anticipated phase of a musical event, corresponding to the

underlying metrical grid. Meanwhile, the variance or width of these distributions captures the un-

certainty of the expectation, effectively modeling expressive micro-timing, swing, and the specific

probabilistic distributions that characterize laid-back or pushed live performances (Hosken, 2021).

This probabilistic view of rhythm is highly advantageous for co-creative systems because it

treats metrical structure as a flexible, dynamic space rather than a sequence of static bins. By

navigating rhythm as a probabilistic distribution, interactive agents can effectively manage real-

time temporal uncertainty. If a performer introduces complex micro-timing deviations, the agent

can dynamically adjust its internal confidence by updating the variance of its internal Gaussian

phase estimates (Kaplan et al., 2023). Furthermore, translating discrete rhythmic patterns into

continuous geometric spaces allows systems to interpolate smoothly between drastically different

grooves. By weighting the features of surrounding patterns in a latent space (e.g., syncopation,

frequency class, and density), algorithms can dynamically generate novel, hybrid rhythms that act

as transitional states (Gómez-Marín et al., 2020). This represents a paradigm shift in rhythmic

modeling: metrical structure is no longer conceptualized as a sequence of rigid, discrete events,

but rather as a continuous, probabilistic distribution of temporal expectations. Within this frame-

work, the computational distance between human and machine is quantified through the statistical

divergence of their respective temporal distributions. This methodological approach facilitates

continuous mathematical interpolation, enabling the system to dynamically synchronize and align

its metric expectations with the human performer’s micro-timing variations.

3.1.3 Timbre Spaces: The Multidimensionality of Sound

While tonal and rhythmic elements often rely on clear mathematical or symbolic frameworks, tim-

bre needs a different approach because it is more complex to computationally represent (Morrison,

2024). Timbre does not have a single physical measurement, so we describe it using different

features that connect sound characteristics (e.g., sound spreading, change over time, and noise

quality) with how people hear and experience sound (McAdams and Giordano, 2016).

These models, summarized in Table 3.3, have evolved from early Psychoacoustic Multidi-

mensional Scaling (MDS) studies that identified the primary dimensions of instrument perception

(Grey, 1977; Wessel, 1979), to MFCC-based spectral vectors that allow for the organization of vast

sound corpora (Logan, 2000) and high-dimensional descriptor maps (Schwarz, 2007). Recently,

new types of neural networks, like Self-Organizing Maps (SOMs), have learned to understand the

layout of sound libraries. This helps create easier ways to explore different sounds (Cella, 2022).

In the context of co-creative systems, these spaces act as a semantic mediator, allowing the human
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Table 3.3: Typology of Timbre Space and Audio Descriptor Models.

Model Type & Key Authors Core Representation / Geometry

Psychoacoustic MDS Euclidean Distance: Low-dimensional (2D or 3D) spaces
derived from Multidimensional Scaling, where axes corre-
spond to perceptual features such as brightness and attack.

Grey (1977); Wessel (1979)

MFCC Spaces Log-Spectral Space: Maps timbre texture using Mel-
Frequency Cepstral Coefficients, providing a robust repre-
sentation of spectral envelopes and speech-like qualities.

Logan (2000)

Descriptor Maps High-Dimensional CBCS: Utilizes standardized audio de-
scriptors (e.g., MPEG-7) to organize large corpora into navi-
gable clusters based on spectral and temporal features.

Schwarz (2007)

Self-Organizing Maps (SOM) Neural Topographies: Employs unsupervised competitive
learning to project high-dimensional audio features onto a
2D topological grid for intuitive spatial exploration.

Kohonen (1990); Cella (2022)

and the machine to share a standard map of sonic textures and intensities (Schwarz et al., 2016).

The next sections will detail each timbre space model.

3.1.3.1 Psychoacoustic Multidimensional Scaling (MDS)

The foundational work in timbre spatialization derives from non-metric MDS, popularized by

Wessel (1979) and Grey (1977). From listeners’ ratings of how similar pairs of instrument sounds

were, researchers found that they could mathematically project those ratings into a two or three-

dimensional Euclidean space (Krumhansl, 1989). In these spaces, the axes often correspond to

specific psychoacoustic properties (i.e., x-axis to perceived brightness, y-axis to attack time, and

other dimensions to roughness or spectral flux) (McAdams and Giordano, 2016).

A recurrent challenge in timbre modeling is linking the abstract dimensions of a perceptual

space to quantifiable acoustic descriptors. Recent research has shown clear links between cer-

tain sound features and how we interpret music. These studies have improved our understand-

ing of these relationships, highlighting that they can be complex and not always straightforward.

The most important of these mappings are outlined in Table 3.4. While features like sharpness

and spectral flux offer enough discriminative power to distinguish subtle instrument variations

(McAdams et al., 1999) or support human echolocation (just-noticeable-difference near 0.04acum,

as noted in (Schenkman and Gidla, 2020)), other features like the spectral centroid are highly

context-dependent and vary with harmonic density (Hermes et al., 2016). Consequently, percep-

tual qualities like roughness or fullness come from complex interactions across different areas.
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This means that co-creative AI systems need to look beyond individual sound features. They

should consider the many dimensions of how we perceive sound (Grey, 1977).

Table 3.4: Correlation between acoustic descriptors and timbre interpretation.

Perceptual
Dimension

Acoustic Descriptors Musical Interpretation

Spectral
Envelope

Spectral centroid, spectral flux, spectral
roll-off

“Brightness,” harmonic richness,
spectral evolution over time.

Temporal
Envelope

Log-attack time, temporal centroid,
decrease

“Impulsiveness,” articulation, onset
dynamics (e.g., plucked vs. bowed).

Harmonic
Structure

Odd-to-even harmonic ratio, spectral
kurtosis, inharmonicity

“Nasality,” “hollowness,” “brilliance,”
or metallic textures.

Modulation Spectral variation, FM parameters,
roughness

Synthesis parameterization,
tremolo/vibrato, timbre instability.

In a co-creative interface, this strategy offers a map of instrument timbre features, from which

a performer can continuously navigate. Performers can uncover hybrid sounds, like a mixture be-

tween a “plucked string” and a “blown pipe”, by interpolating between known coordinates (Cae-

tano and Rodet, 2011). Instead of just picking a sound from a set list, performers can explore a

flexible sound space. This method sees timbre as a smooth shape, allowing the interface to adjust

directly to specific sound details (Poirier-Quinot et al., 2017). As a result, the machine can create

new sounds that don’t fit into traditional categories but remain perceptually coherent to the user

(Hourdin et al., 1997).

Furthermore, MDS-based spaces facilitate a unique form of gestural mimicry in co-creative

interfaces. Because the coordinates are grounded in human perception, an AI agent can analyze a

performer’s input and respond by moving to an opposing or complementary region of the timbre

space (Arfib et al., 2002). For example, if a musician makes their sound brighter, the system might

automatically adjust to a darker sound to keep a balanced mix.

3.1.3.2 Mel-Frequency Cepstral Coefficients (MFCCs) Spaces

In music information retrieval and speech processing, Mel-Frequency Cepstral Coefficients (MFCCs)

represent sound in a way that mimics how we hear. They were first developed for voice recogni-

tion. To create MFCCs, we analyze a sound signal using the Discrete Fourier Transform (DFT),

which converts the sound’s power to the Mel scale, helping fit it to our pitch perception. Then, we

apply a discrete cosine transform to the logarithm of the power values (Logan, 2000). This method

produces a set of coefficients that represent the overall shape of the spectrum while mainly remain-

ing unaffected by the fundamental frequency ( f0).

In co-creative settings, MFCC spaces work well for blending textures and vocals (Borsky et al.,

2017). MFCCs give a clear and straightforward way to represent the identity of sounds, helping

a system categorize sounds based on their general spectral features (Rawat et al., 2023). This

ability enables different types of interactions, like connecting sounds across different forms. For
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example, the timbre of a human performer’s voice could manipulate the formant characteristics

of a digital synthesizer by simply changing their vocal vowel shape. Thus, the MFCC space acts

as the topological lookup table that translates these vocal gestures into synthesis control signals

(Tzanetakis and Cook, 2002).

Furthermore, MFCC-based representations allow co-creative agents to perform automated seg-

mentation and classification of a live performance. By tracking the trajectory of a performer

through an MFCC space, an AI can identify shifts in playing technique, such as moving from sul

ponticello to ordinario on a violin, and adapt its accompaniment logic accordingly (McKinney and

Breebaart, 2003), making the MFCC space an essential tool for systems that require a high-level

situational awareness of the sonic texture being produced by their human collaborators.

3.1.3.3 Descriptor Maps

As digital libraries expanded, the need for timbre mapping changed from categorizing a small

number of instruments to organizing many thousands of individual sound grains. Schwarz (2003)

tackled this issue by creating the descriptor map model. In this framework, every sound in a

massive corpus is analyzed for a suite of standard audio descriptors, frequently using the MPEG-7

standard, including spectral flatness, roll-off, harmonicity, and temporal energy (Peeters, 2004).

These sounds are then plotted as discrete points in a high-dimensional feature space. To make this

space navigable for a human performer, dimensionality reduction techniques like MDS (Kruskal,

1964), Principal Component Analysis (PCA) (Jolliffe, 2002), T-distributed Stochastic Neighbor

Embedding (t-SNE) (van der Maaten and Hinton, 2008), or Uniform Manifold Approximation

and Projection (UMAP) (McInnes et al., 2018) are often used to project the cloud into a 2D or 3D

visual interface.

For co-creative agents, descriptor maps enable high-speed real-time timbre matching. If a

performer produces a loud, scratchy bowing gesture on a cello, the system can instantly calculate

the descriptor coordinates of that input and trigger a granular sample with the nearest matching

values (Caetano and Rodet, 2010). This allows the machine to follow the performer’s sound

changes, creating a shared audio experience that feels natural and responsive, rather than pre-

planned.

Furthermore, these maps connect different sound environments (i.e., a live flute performance

and a collection of industrial field recordings). By navigating the spectral brightness or noisiness

of the flute, the performer effectively plays the industrial sounds, using the descriptor map as a

relational map that preserves the gestural intent across disparate sonic domains (Schwarz et al.,

2006).

3.1.3.4 Self-Organizing Maps (SOM)

A more advanced computational approach to timbre organization utilizes Self-Organizing Maps

(SOM), an unsupervised neural network technique developed by Kohonen (1990). Unlike MDS,

PCA, or t-SNE, which are linear dimensionality reduction techniques, a SOM is trained to learn
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the underlying topology of a high-dimensional dataset, such as a library of several thousand or-

chestral samples, and project it onto a lower-dimensional grid (typically 2D). This process keeps

the neighborhood relationships of the original data intact. It makes sure that sounds that are similar

to each other are placed next to one another on the map.

In the context of modern computer-aided orchestration, frameworks such as Orchidea (Cella,

2022) utilize these neural topographies to manage the vast search space of orchestral combina-

tions. For a co-creative interface, SOMs provide an intuitive navigational surface where a user can

explore a sound world through spatial gestures. Instead of using complex controls like brightness

or attack, the performer interacts with a learned topography of sound. By moving a cursor or

hand across the grid, the performer can create smooth transitions between different sounds, such

as metallic tones and wooden percussion, in a continuous way (Cella, 2022).

This paradigm is extended from static timbre mapping to dynamic musical behavior in the

MASOM (Musical Agent based on Self-Organizing Maps) framework (Tatar and Pasquier, 2017).

MASOM utilizes SOMs to organize musical units into a latent space that represents both acoustic

features and temporal contexts. By using this learned layout, the agent can improvise in real-time

based on style. It can choose musical elements that sound good together and match the style

of the ongoing performance. In this sense, the SOM acts as a bridge between low-level signal

processing and high-level creative agency, allowing the system to respond to a human performer

with stylistically coherent gestures derived from its trained corpus (Tatar and Pasquier, 2017).

Furthermore, SOMs allow for interpolation between highly disparate sounds. Because the

space is organized based on statistical similarity, the empty cells between two learned sound clus-

ters represent mathematical interpolations of those timbres (Toiviainen, 1997). This enables a

co-creative agent to propose new sounds that exist in the gaps of the training data, facilitating a

form of collaborative sound design where the human navigates the map and the machine synthe-

sizes the intermediate results (Thelle and Pasquier, 2021; Thelle, 2022).

3.2 The Shift to Latent Representations

The way we understand and use descriptor spaces has changed with the rise of deep generative

modeling. Traditionally, audio features like spectral centroid or zero-crossing rate were defined by

humans in systems like CBCS. Currently, more people are using latent spaces in their work. These

are compressed representations of high-dimensional data learned directly by neural networks dur-

ing the process of dimensionality reduction and reconstruction. In this context, the machine does

not follow a predefined musical taxonomy. Instead, it discovers an internal, statistical organization

of sound (Roberts et al., 2018).

3.2.1 From Prescriptive Features to Emergent Topologies

A neural latent space uses connected axes to intrinsically represent sound qualities. Unlike tra-

ditional descriptor spaces, which are derived either from mathematical formulations or cognitive

models, this system learns a continuous shape that captures the main aspects of a group of sounds.
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This change affects how artists create music. Instead of picking sounds from a list of labels, they

explore a space of possibilities (Vigliensoni et al., 2020).

The main benefit of the latent space is its ability to connect different sounds smoothly. Because

the space is continuous and shaped by the training data, moving between two points results in a

gradual, clear change in the audio. This process, called interpolation or timbre morphing, lets one

change sounds in creative ways. It goes beyond traditional sound synthesis and blurs the lines

between composing and performing (Akten et al., 2020).

3.2.2 Latent Space Deep Models

In the landscape of generative deep learning, several architectures are designed to compress com-

plex musical data into lower-dimensional latent spaces. Variational autoencoders (VAEs) (Kingma

and Welling, 2014) are the primary models used for real-time interaction, as they provide a smooth,

bi-directional mapping between raw data and a navigable manifold. This system learns to convert

complex audio signals into a simpler format, known as a bottleneck, where important sound fea-

tures are kept as latent vectors (Roberts et al., 2018). A VAE, different from a regular Autoen-

coder, organizes its encoded information in a way that follows a specific shape, usually resembling

a Gaussian distribution. This setup helps ensure that the space is filled and continuous, meaning

every point in the space represents a possible sound, even if that sound was not part of the original

training data. For the co-creative artist, the VAE provides the connective tissue between known

musical states.

Generative Adversarial Networks (GANs) can also produce latent spaces, though they often

require additional inversion steps to map existing sounds into the space (Dong et al., 2018), while

Transformers typically utilize a discrete latent space through Vector Quantization (VQ-VAE) to

handle long-term structural sequences (Huang et al., 2019b). More recently, Diffusion Models

have emerged as a high-fidelity alternative for timbre latent spaces, though their iterative denois-

ing process often imposes significant computational latency compared to the instant, single-pass

inference of autoencoders (Mariani et al., 2024). Thus, we will not expand on Diffusion Models

in this thesis.

3.2.2.1 Tonal and Harmonic Latent Spaces

Tonal latent spaces must consider the complex relationships between pitches. Proximity is deter-

mined not only by frequency, but also by harmonic function. Models like MusicVAE (Roberts

et al., 2018) and DeepBach (Huang et al., 2019a) see tonal space as a network of connected paths.

The most significant advancement in this area is the creation of disentangled tonal spaces for sepa-

rating melody from harmony, allowing for the independent adjustment of each (Bryan-Kinns et al.,

2024).

In polyphonic models, such as the PIANOTREE VAE (Wang et al., 2020b), the latent space is

organized into a hierarchy where the higher levels represent the harmonic progression (the chords)

and the lower levels represent the melodic ornamentation. By exploring specific latent dimensions,
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a creative agent can keep the basic identity of a song while changing the melody. This way,

blending two songs leads to a smooth musical change that stays true to the main key, rather than

creating a messy group of notes. (Dieguez and Soo, 2020).

While not a VAE in the traditional sense, Coconet (the model behind the Bach Doodle) utilizes

a latent representation of counterpoint. It treats tonal space as a completion problem, where the

machine understands the latent relationships between four-part voices. This allows a performer to

provide a single melodic trajectory, while the system infills the harmonic landscape based on the

learned logic of common-practice tonality (Huang et al., 2019a).

Modern research into VAEs informed by music theory attempts to force the latent space to

adhere to known geometric structures like the Tonnetz. In these models, the distance between two

latent vectors z1 and z2 is mathematically mapped to the harmonic distance between keys (Bryan-

Kinns et al., 2021). For a co-creative agent, this means that a morph from C Major to G Major

follows a shorter path in the latent space than a morph to F# Major. This alignment of neural

statistical logic with human musical logic creates a more intuitive interface for live performers,

as the latent space effectively understands the emotional and structural gravity of different keys

(Wang et al., 2020a).

Beyond VAE-based manifolds, other architectures like MuseGAN and Music Transformer

explore structural logic through different computational lenses. MuseGAN utilizes a GAN frame-

work to model multi-track polyphony, emphasizing the relational logic between different instru-

ments. Its latent space is often organized around the simultaneous interaction of tracks, though it

lacks the smooth, bi-directional encoding found in VAEs, making it more suited for autonomous

generation than for real-time gestural tuning (Dong et al., 2018).

In contrast, the Music Transformer leverages self-attention mechanisms to handle long-range

dependencies and complex formal structures. While its primary strength lies in maintaining struc-

tural coherence over minutes rather than seconds, it operates within a discrete latent space. This

makes it highly effective for thematic development and structural logic, as the model can remem-

ber a motive from the beginning of a piece and transform it later (Huang et al., 2019b).

3.2.2.2 Rhythmic Latent Spaces

In the domain of rhythm, the challenge for a VAE is to maintain long-term structural coherence

across a measure. MusicVAE addresses this by using a hierarchical decoder (Roberts et al., 2018).

Instead of generating a sequence of notes all at once, it generates conductor embeddings that then

dictate the patterns for smaller sub-segments.

The Groove Variational Autoencoder (GrooVAE) architecture provides a technical solution to

the problem of separating musical structure from human expression. GrooVAE represents drum

patterns in a different way than traditional models. Instead of using a simple yes or no for whether

a note plays, it breaks down each step into three parts: the onset (if a note plays), the velocity

(how hard it is hit), and the micro-timing offset (how much it varies from the expected timing

in milliseconds). This architectural design enables the latent space to function as a structured

multidimensional manifold where two-dimensional coordinate axes (i.e., x and y) explicitly encode
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the fundamental metric framework of the rhythm. In contrast, additional latent dimensions encode

the expressiveness of the performance (Gillick et al., 2019).

The primary innovation of GrooVAE is its capacity for style transfer within the rhythmic do-

main. Because the model disentangles the score from the performance, a co-creative agent can

take a quantized, metronomic MIDI pattern (the grid) and re-render it through a specific point in

the latent space that contains the micro-timing profile of a professional drummer (Gillick et al.,

2019). This is a practical example of metric morphing. The system does not just change the timing

randomly; it follows a learned pattern that makes it seem more human-like.

Furthermore, this model facilitates a human-in-the-loop interaction where the latent space acts

as a mediating descriptor space. A performer can use a single slider to move between a mechanical

16th-note hi-hat pattern and a laid-back swing feel (Gillick et al., 2019). Mathematically, this

is achieved by shifting the latent vector towards regions of the manifold characterized by high

variance in the offset dimension. By combining this with real-time synthesis like RAVE, a co-

creative system can change both the rhythmic landscape and the timbre texture. This creates a

musical work that responds directly and evolves alongside the human performer.

3.2.2.3 Timbre Latent Spaces

Most variations of VAEs focus on working with MIDI data, which represents music in a symbolic

format. However, when it comes to audio, things get more complex. We need to understand

and recreate the rich details of sound. In the past, early models used Conditional Variational

Autoencoders (CVAEs) to transform frames of audio data, analyzed using Short-Time Fourier

Transform (STFT), into simpler forms called latent vectors. A foundational example is the NSynth

(Neural Synthesizer) project (Engel et al., 2017), which used the WaveNet Autoencoder to learn

a latent representation of instrument sounds. While NSynth demonstrated the power of timbre

morphing (e.g., interpolating between the latent vectors of a flute and a bass to create a hybrid

instrument), the architecture was computationally expensive and lacked the real-time capabilities

required for improvisatory performance (Engel et al., 2017).

The search for more efficient ways to represent data led to the use of VQ-VAE. This method

breaks the latent space into a collection of acoustic atoms. Models like GANSynth tried VQ-VAEs

to accurately connect data modeling with sound music creation. GANSynth utilized GANs to

produce high-resolution audio from a latent space that explicitly separated pitch from other timbre

attributes. This was a critical step toward disentangled control, but the reliance on frequency-

domain processing often introduced phase smearing, which degraded the temporal resolution and

acoustic fidelity of the synthesized output (Engel et al., 2019).

A recent approach to this task was the introduction of Singing Voice Conversion (SVC) models

and the Differentiable Digital Signal Processing (DDSP) framework. DDSP combines the clear

understanding of traditional sound creation methods, like using oscillators and filters, with the

learning abilities of neural networks (Engel et al., 2020). This creates an efficient space where

different features relate to physical aspects such as loudness and pitch. However, while DDSP is
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effective, it is still limited by the specific sound creation model it uses. This limits its ability to

handle complex sounds that don’t follow simple patterns.

A significant milestone in the shift toward latent navigation is the RAVE (Realtime Audio Vari-

ational Autoencoder) architecture, which represents the synthesis of these various approaches. By

using raw waveforms instead of spectral representations and applying a multiband decomposition

strategy, RAVE achieves very low latency of less than a millisecond while maintaining rich sound

quality. (Caillon and Esling, 2021).

The primary technical innovation of RAVE lies in its departure from the Auto-regressive

(one sample at a time) and STFT-based (spectral frame) paradigms. Auto-regressive models like

WaveNet are naturally slow because each sample relies on the prior one (Oord et al., 2016). In con-

trast, spectral models often suffer from phasiness and latency due to the windowing requirements

of the Fourier transform (Engel et al., 2019).

RAVE bypasses these limitations through a multiband decomposition strategy. The model

breaks the input signal into several frequency bands using a filter bank. This lets the convolutional

layers work at a lower sampling rate while still capturing all frequency ranges. This “divide and

conquer” method reduces the amount of processing needed, allowing for responses in less than a

millisecond on normal consumer hardware. As a result, it creates a level of control that was not

possible with deep generative models before. (Fels et al., 2002).

Unlike earlier lookup table models, RAVE’s latent space is regularized as a continuous man-

ifold. Because the model is trained as a VAE, the space between two sound points is mathemat-

ically smooth (Kingma and Welling, 2014). This allows the performer to traverse the manifold

using gestural sensors (such as XY pads or accelerometers) to systematically navigate the multidi-

mensional space, facilitating continuous acoustic interpolations between distinct timbre textures.

It also allows the performer to manipulate the latent space. Since the decoder is streaming, any

change to the latent coordinate is reflected immediately in the output audio (Caillon and Esling,

2021), enabling the performer to use the latent space as a dynamic filter rather than a static sound

source.

In the context of digital organology, RAVE shifts the definition of the instrument. In traditional

synthesis or CBCS, the instrument’s body is the corpus or the oscillator bank (Schwarz, 2007). In

RAVE, the instrument’s body is the latent space. The performer does not interact with the sound

directly but with the representation of the sound (Magnusson, 2009).

This establishes a mediating environment where the computational model applies the structural

constraints of the learned corpus, such as maintaining the spectral density of the training data.

Concurrently, the human performer supplies the physical input and directional control (Bevilacqua

et al., 2017). This implementation of the mutable musical work enables the performer to generate

novel, interpolated sounds that were not present in the original recordings but are statistically

inferred from the continuous latent space.
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3.2.3 The Latent Space as a Performative Territory

This research focuses on the VAE architecture because it is designed for effective navigation and

structural interpolation. Unlike GANs, which can be messy and inconsistent, VAEs use a specific

method called the KL Divergence to keep the latent space smooth and continuous. This smooth-

ness prevents gaps in the space, allowing a performer to transition between different musical states,

like varying harmonic functions or saxophone sounds, without producing unwanted noise. Addi-

tionally, the VAE’s encoder accurately maps an existing collection of data into the space. This

combination of fast response, two-way mapping, and consistent structure makes the VAE the best

choice for a mutable interface that provides reliable, instrument-like feedback.

By using VAE latent representations instead of descriptions written by humans, the musical

work transforms into a space for performance. It becomes a complex area full of different pos-

sibilities, where changing structures is a key feature of the medium. As illustrated in Table 3.5,

this shift marks a change from strict database querying to a more flexible way of navigating using

interpolation and trajectory.

Table 3.5: Comparison Between Traditional Descriptor Spaces and Neural Latent Spaces.

Attribute Traditional Descriptor Spaces) Neural Latent Spaces (VAEs)

Feature Extraction Human-defined
(Spectral, Temporal)

Machine-learned
(Emergent, Entangled)

Logic Prescriptive / Symbolic Descriptive / Connectionist

Navigation Database Querying Topological Interpolation

Performative Role Selection and Triggering Trajectory and Morphing

The shift to connectionist logic and topological navigation means that performers are moving

from choosing specific units to navigating continuous spaces. This change forms the basis for

what this thesis introduces as a unified latent territory. Within this proposed framework, the iso-

lated successes of models like RAVE, GrooVAE, and MusicVAE are conceptually synthesized into

a singular, performative landscape. By breaking down the music signal into three parts, timbre,

rhythm, and pitch, this approach creates a flexible space where the fundamental elements of mu-

sic serve as dynamically manipulable variables within a continuous, bidirectional feedback loop

between the human performer and the computational system.

In this proposed framework, the mutable musical work emerges from the simultaneous and

selective navigation of these three dimensions. This synthesis helps us envision a context for

performance where the basic elements of music, which are usually seen as fixed instructions,

are understood as things that can change continuously. For example, a performer might keep a

steady rhythm while exploring different musical notes. This allows them to transition smoothly

between various harmonic areas. Similarly, real-time controllers could be used to manipulate

RAVE’s timbre space while maintaining the structural integrity and metric coherence provided

by the rhythmic and tonal models. Finally, because these spaces are probabilistic, the system
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can adapt to a performer’s energy level by blurring or sharpening the peaks within the rhythmic

or tonal landscapes, effectively mediating between the rigid ideal of the score and the embodied

reality of the performance.

Ultimately, this proposal presents the latent space as the best way to enhance spaces. It does

not just store audio data, but also creates a detailed map that supports and improves our understand-

ing of music. By transforming the discrete categories of Western music theory into a continuous,

differentiable topology, the unified latent territory represents a shift toward topological composi-

tion. In this paradigm, the musical work is not the audio output itself, but the design of the latent

space and the specific trajectories a performer takes through it. This collapses the distinction be-

tween composition and performance, providing a continuous map where algorithmic precision and

human micro-timing converge.

3.3 Corpus-Based Concatenative Synthesis (CBCS) as a Space En-
hancer

The move from timbre descriptor spaces, especially the self-organized topographies of MASOM

(Tatar and Pasquier, 2017) and latent spaces, to the audio output of CBCS marks a change from

modeling music structure to recreating sound. The SOM outlines different musical behaviors,

while CBCS is the tool that brings these behaviors to life by carefully choosing and assembling

audio grains (Schwarz et al., 2016). In this setup, the SOM acts as a behavioral filter for the audio

collection. Instead of working with raw sound descriptors, the system operates in a learned space

where each point helps in selecting audio units. In the field of digital instrument design, CBCS

effectively uses descriptor spaces, turning a static audio collection into an interactive, multidimen-

sional space (Schwarz, 2012).

3.3.1 The Topological Framework of CBCS

Based on Schwarz (2003)’s idea of descriptor maps, CBCS systems construct new sonic material

by selecting and concatenating small sound units (grains) from a pre-analyzed corpus, guided by

multidimensional descriptors that encode perceptual characteristics (Schwarz et al., 2006). These

descriptors include features encompassing spectral, temporal, and gestural information. Together,

they create a descriptor space that helps the system find sounds matching specific user-defined

qualities (Schwarz et al., 2016). This means CBCS enhances the representation of the musical

collection. It allows for detailed exploration and mixing of sounds while keeping them sounding

coherent (Schwarz et al., 2007).

CBCS permits users to explore sounds by showing them as points in a multidimensional space.

This setup makes it easy to understand different qualities of sounds, including their character and

structure. The closer the points are to each other, the more similar the sounds are. Additionally, the

layout helps reveal connections between different expressive qualities like brightness, roughness,

or articulation (Schwarz and Schnell, 2009). Because the space is continuous, composers and
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performers can traverse it interactively, mosaicing target audio by finding the k-nearest neighbors

in the corpus that match desired descriptor coordinates. This approach looks at instruments not as

physical objects but as the space where sound characteristics exist. The main job of the performer

is to explore these complex sound areas (Schwarz, 2012).

3.3.2 Navigational Strategies in Concatenative Sound Synthesis

The navigation of CBCS spaces has evolved through distinct paradigms, continually attempting to

bridge the gap between high-dimensional data and musical intent. Initially, manual and interactive

navigation allowed performers to engage directly with descriptor spaces via visual manipulators.

In systems such as CataRT (Schwarz et al., 2006), Nuvolet (Comajuncosas et al., 2011), and vr-

Grains (Zappi et al., 2012), this point-and-click approach enables the immediate triggering of

timbre neighborhoods, though it requires significant spatial memorization of the corpus layout.

The paradigm subsequently shifted toward target-based navigation, or mosaicing, where the sys-

tem automatically selects units matching the descriptor profile of an external target audio stream,

facilitating real-time timbre mimicry.

To facilitate more coherent structural discovery, several systems adopt clustering strategies to

organize the corpus into manageable, navigable topologies. For instance, the earGram framework

implements algorithms such as k-means, quality-threshold (QT) clustering (Heyer et al., 1999),

and density-based clustering (DBSCAN) (Ester et al., 1996) to group sound objects with shared

perceptual characteristics, thereby dividing the corpus into representative, interactive sub-spaces

(Bernardes et al., 2013). By exposing the higher-level organization of the audio sources, these

clustering algorithms allow performers to navigate massive databases intuitively based on struc-

tural similarity. A parallel approach to this clustering logic is utilized in Google’s The Infinite

Drum Machine,1 which applies machine learning (specifically t-SNE) to organize thousands of

everyday sounds into a navigable, clustered map based strictly on audio similarity, promoting

highly intuitive, exploration-based navigation without requiring manual tagging (Google Creative

Lab et al., 2016).

Building upon these clustered spaces, navigation can be further automated through generative

sequencing models. In earGram, computer-aided algorithmic composition (CAAC) strategies re-

place manual point-and-click traversal by automating the selection procedures. earGram utilizes

probabilistic models (i.e., Markov chains) to generate continuous, non-repeating sonic structures

that emulate the temporal morphologies of the original audio (Bernardes et al., 2013). This is par-

ticularly effective for macro-structural navigation, such as in its soundscapeMap and infiniteMode

environments, where the vertical and horizontal aggregation of units is driven by psychoacoustic

rules rather than direct gestural control.

Similarly, sequence-modeling algorithms such as the Factor Oracle (FO) and its advanced

extensions, namely the Audio Oracle (AO) and Variable Markov Oracle (VMO), automate the

recombination of audio fragments by rigorously parsing the temporal morphology of the audio

1The open-source repository for this project is available at https://github.com/googlecreativelab/
aiexperiments-drum-machine, last accessed January 29, 2026.

https://github.com/googlecreativelab/aiexperiments-drum-machine
https://github.com/googlecreativelab/aiexperiments-drum-machine
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source. In recent iterations of earGram (earGram 2.0), this automation is achieved by adopting

the FO automaton to translate audio units into a discrete and finite alphabet of symbols derived

from multiple perceptual viewpoints, ensuring that units with high perceptual affinity share the

same symbol (Bernardes, 2020). By mapping these symbols through a network of forward factor

links and backward suffix links, the FO identifies repeating sub-sequences and determines optimal

splice points (Bernardes, 2020). Ultimately, traversing this automaton allows earGram to generate

new unit sequences that guarantee the formal structural retention and sonic identity of the original

material without simply looping (Bernardes, 2020).

Building upon this finite-state foundation, the VMO elevates the architecture to process mul-

tivariate time series for both symbolic and audio representations, optimizing its symbolization

through an Information Rate (IR) metric (Wang et al., 2016). Crucially, this optimization em-

powers the VMO to perform guided improvisation, utilizing the live performer’s tonal chroma or

rhythmic beat phase as a continuous query to drive corpus navigation (Wang et al., 2016). This

query-matching functionality seamlessly addresses performative challenges like the “cadence” and

“queueing” problems, ensuring the machine’s generative output dynamically synchronizes with

human musical intent (Wang et al., 2016). To further elevate the musical output, the VMO im-

plements structured improvisation via a heuristic switching mechanism that compares the longest

repeated suffixes (lrs) of the generated phrases (Wang et al., 2016). By strategically oscillating

between tracking the human input and exploring its own internal generative history, the algo-

rithm successfully balances musical expectation with surprise, autonomously constructing robust

macro-structural forms without requiring manual descriptor-based navigation (Wang et al., 2016).

State-of-the-art architectures, such as Somax2 (Borg et al., 2022; Fiorini and Malt, 2023),

expand this automated sequencing into fully reactive co-improvisation environments (Assayag

et al., 2022; Brochec et al., 2025). Rather than navigating linearly, Somax2 reorganizes the corpus

into multidimensional structures based on textural and harmonic similarities, creating what Malt

and Sluchin (2025) terms “listening topologies.” To operationalize this, the framework employs a

dynamic cognitive memory architecture, specifically utilizing a shift/decay/merge mechanism, that

probabilistically matches the performer’s live input to the system’s learned latent space (Assayag

et al., 2022; Brochec et al., 2025). Ultimately, this mechanism transforms corpus navigation from

a rigid sequence of discrete selections into a continuous, fuzzy pattern recognition of the unfolding

musical context (Assayag et al., 2022)

Despite these advancements, as control systems grow in complexity, the challenge of map-

ping intimacy becomes more acute (Fels, 2004). While continuous gestural control provides a

highly embodied interface, it often introduces mapping opacity, overwhelming the performer with

configuration parameters and increasing cognitive load (Hunt et al., 2000; Best et al., 2018). To

resolve this barrier to control intimacy, recent developments in Somax2 replace low-level descrip-

tor mapping with real-time semantic classification, such as the recognition of Instrumental Playing

Techniques (IPTs) (Brochec et al., 2025). By navigating the corpus through high-level morpho-

logical gestures, such as specific flute extended techniques, rather than discrete audio descriptors,

the system dynamically aligns its generative output with the performer’s artistic intent (Brochec
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et al., 2025). This paradigm shift from manual parameter control to intent-aware latent navigation

significantly reduces cognitive load, allowing the performer to intuitively engage in what the liter-

ature defines as “playing with music,” fostering a genuine, unburdened co-creative dialogue (Malt

and Sluchin, 2025).

However, this transition toward latent space navigation introduces a new challenge: the inher-

ent opacity of deep neural networks. While delegating complex feature mapping to intent-aware

algorithms effectively reduces the performer’s cognitive load, it risks transforming the co-creative

system from a comprehensible tool into an unpredictable black box, fundamentally obscuring the

system’s structural logic (Bryan-Kinns et al., 2024). As recent literature emphasizes, if musicians

cannot clearly perceive how their gestural actions influence the model’s generative output, this

lack of clarity inevitably undermines trust and restricts their overall creative involvement (Abdul

et al., 2018). Consequently, to ensure these advanced navigational paradigms function as reliable

collaborative partners rather than obscure mechanisms, it is essential to establish transparency and

interpretability within these complex neural architectures.

3.4 Explainable AI in Creative Music Systems

As ML and DL become more important in creative practices, issues like transparency, understand-

ing, and control are becoming more urgent. The complex nature of deep neural networks makes

them powerful but also hard to understand. This lack of clarity can make it difficult for performers

to see how their actions influence the model, turning it from a helpful partner into an unpredictable

black box. In this situation, Explainable AI (XAI) is essential for making these complex systems

easier to understand (Abdul et al., 2018).

According to Bryan-Kinns et al. (2024), it’s important for generative music systems to be un-

derstandable to build trust and encourage user involvement. If users don’t grasp how the machine

works, they feel less in control and less connected to their creative expression. For effective col-

laboration in music creation, composers need to know how the system processes input and creates

sound. This clarity helps maintain a meaningful interaction rather than just random outcomes

(Fiebrink, 2011).

3.4.1 Levels of Explainability in Music

Recent studies Bryan-Kinns et al. (2024) on how humans interact with AI show that XAI in com-

plex music settings can be understood on three main levels:

1. Representational Level focuses on making the model’s internal bottleneck visible. Tech-

niques like t-SNE or UMAP create visual maps from machine-learned data, helping users

understand how sound and movement features are represented.
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2. Interactional Level concerns the real-time feedback loop. Interfaces that show how the

system makes decisions or how certain it is help users adjust their input. As noted by Bryan-

Kinns et al. (2024), this kind of transparency is important for creating a shared mental model

between humans and machines.

3. Conceptual Level integrates interpretability as an aesthetic property. Here, the model’s

structure, such as the hierarchical organization of MusicVAE, becomes an explicit part of

the dialogue. The performer engages with the machine as an intelligible partner whose style

is a navigable territory of learned probability rather than an accidental output.

3.4.2 Latent Disentanglement and Semantic Control

One major challenge in latent navigation is that machine axes often lack clear musical meaning.

A single dimension of a VAE can affect both pitch and brightness at the same time. This creates a

mapping opacity that makes it hard to perform intentionally. Recent research on latent disentangle-

ment works to solve this problem by separating different creative factors into distinct, independent

dimensions. (Higgins et al., 2017; Burgess et al., 2018).

Disentanglement bridges the gap between signal processing and musical concepts. In the tonal

domain, it allows for the manipulation of functional concepts (i.e., tonic vs. dominant) without

altering melodic contour (Prang and Esling, 2020; Pati and Lerch, 2021b; Bryan-Kinns et al.,

2024). In the timbre domain, some models, like those by Limberg and Zhang (2024) and Schwär

et al. (2022), map latent dimensions to perceptual timbre descriptors. Other models also attempt

to disentangle pitch from timbre (Yin-Jyun Luo et al., 2020; Tanaka et al., 2021).

This disentanglement is often achieved by regularizing the latent space via auxiliary losses to

force the manifold to inherit the topology of known audio descriptors (Pati and Lerch, 2021a).

For instance, Esling et al. (2018) uses targeted regularization to ensure specific axes control single

perceptual attributes. By decoupling these features, the space changes from a confusing black

box into a clear and understandable object. This allows for easier navigation, making it possible

to move through the space meaningfully. Complex sound changes are simplified into a single,

deliberate action (Bryan-Kinns, 2024).

3.4.3 Transparency as a Creative Catalyst

Bringing explainability into neural frameworks emphasizes the importance of understanding and

communication in human-machine relationships. Transparency does not mean oversimplifying

things. Instead, it creates a chance for an ongoing conversation. As Bryan-Kinns et al. (2024)

points out, “seeing inside” the model lets the creator interact with the hidden aspects not as a

barrier but as a helpful partner.

Shared ideas and feedback allow both human and machine agents to develop their musical

identities together. These ideas form the basis for the research that follows, focusing on exploring

hidden spaces, sound quality, and movement in cooperative electroacoustic practice.
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3.5 Summary: Conceptual and Theoretical Framework of the Mu-
table Musical Work

Chapter 2 introduces the idea of descriptor spaces, which organize musical information across

three key areas: 1) tonal spaces, which map notes, chords, and intervals’ relationships; 2) rhythm

and metric spaces, capturing timing and rhythm; and 3) timbre spaces, for classifying sounds based

on their texture and quality.

The final sections of this literature review focus on balancing the high-dimensional complexity

of modern musical models with the critical need for human interpretability. Current advancements,

specifically neural latent representations, facilitate the continuous and fluid manipulation of foun-

dational musical elements like pitch, rhythm, and timbre. However, to prevent these powerful

generative systems from operating as opaque black boxes, it is essential to employ XAI method-

ologies. By utilizing clear visualizations and structural explanations, these complex topological

spaces are rendered intelligible, ensuring the system functions as a transparent, collaborative part-

ner in the co-creative process.

Ultimately, Chapters 2 and 3 emphasize that the mutable musical work is an evolving process

rather than a fixed creation, shaped by the interactions between human performers and machine

systems. The vision is for a music-making process that highlights collaboration and adaptability,

with systems that enhance the performer’s experience.



Chapter 4

Research Methodology and Design

While the theoretical frameworks explored in Chapter 2 envision a future of seamless human-

machine collaboration, and Chapter 3 establishes the high-dimensional latent spaces required to

map this interaction, the practical realization of such systems is hindered by a lack of integrated

methodologies. Existing research often bifurcates into either purely technical evaluations of com-

putational models or subjective accounts of artistic practice. To bridge the gap between abstract

mathematical potential and real-world compositional and performative affordance, this chapter

outlines a mixed-methods research design. By combining experimental, hypothesis-driven re-

search assessed with quantitative methods and practice-based reflection, this methodology inves-

tigates the development of mutable interfaces that are both computationally robust and artistically

viable.

The remainder of this chapter is structured as follows. Section 4.1 defines the problem state-

ment, identifying the critical gaps between the mathematical potential of high-dimensional latent

spaces and their compositional and performative affordances. Section 4.2 outlines the research

questions and sub-questions that guide this investigation, specifically focusing on the ontology of

the mutable work and the performative dynamics of contextual navigation. Section 4.3 details the

operationalization of the research design, explaining the mixed-methods approach that integrates

rigorous experimental validation with practice-based performative prototyping in an iterative cy-

cle. Section 4.4 presents the implementation roadmap, organizing the study into a two-phase de-

sign covering symbolic tonal representation and expressive timbre navigation. Finally, Section 4.5

provides a summary of the research methodology.

4.1 Problem Statement: Bridging the Gap between Manifold and
Performance

The central challenge of this research lies in the transition from the mathematical potential of high-

dimensional manifolds to their compositional and performative affordance. This thesis identifies

three critical friction points:
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1. The Opacity of Latent Agency vs. Performative Intent: High-dimensional latent spaces

offer immense generative power but suffer from a lack of interpretability. This research

investigates how Explainable AI (XAI) can bridge the gap between model complexity and

artistic agency.

2. The Conflict Between Formal Logic and Sub-Symbolic Fluidity: There is a methodolog-

ical disconnect between symbolic music theory (rules/notation) and sub-symbolic neural

audio (raw signal). This work seeks to anchor fluid neural landscapes within the formal

constraints of musical logic.

3. The Complexity of Embodied Mapping: Mapping musical motion to high-dimensional

audio parameters remains a significant challenge. This thesis addresses the problem of

designing a contextually bounded environment where motion-informed data acts as a con-

tinuous bridge between the performer’s intent and the system’s topological boundaries.

4.2 Research Questions and Sub-Questions

To investigate the transition of the musical work from a fixed artifact to a mutable interface, the two

primary research questions, RQ1 (ontology) and RQ2 (practical applications and contextual navi-

gation), defined in Chapter 1, are extended into specific technical and performative sub-questions

(SQ). This refinement ensures that the abstract concepts of agency and topology are operational-

ized through the experimental and practice-based tracks of this study.

4.2.1 RQ1: On the Ontology of the Mutable Work

The first research question, RQ1, was presented in Section 1.4.1 and investigates the ontology of

the mutable work by asking:

Can high-dimensional latent spaces be structured to reflect perceptual, mathematical,

and music-theoretical concepts, and what navigational paradigms allow these mani-

folds to function as intelligible, mutable musical works?

To address RQ1, we propose two sub-questions focused on the representation and navigation

of latent spaces:

• SQ1.1 (Structural Logic and Representation): Are unsupervised latent spaces empirically

aligned with formal music theory and perceptual sound characteristics to ensure that the

mutable work maintains stylistic tonal coherence and timbre intelligibility?

• SQ1.2 (Navigational Paradigm): In what ways does the shift from discrete database query-

ing to intent-aware topological navigation redefine the identity of a composition as a con-

tinuous manifold rather than a collection of fixed points?
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4.2.2 RQ2: On Practical Applications and Contextual Navigation

The second research question, RQ2, was presented in Section 1.4.2. It investigates the performa-

tive dynamics and the redistribution of agency within the interface:

In what ways does the evolution of the epistemic tool (Magnusson, 2009) redistribute

authorship, and how can contextual navigation be fostered through the machine’s ma-

terial resistance?

To address RQ2, we propose two sub-questions centered around the epistemic role of the

interface and the performative negotiation of agency:

• SQ2.1 (The Epistemic Tool): How does the implementation of real-time exploration in-

terfaces transform the user’s interaction with musical logic from a task of execution to an

epistemic process of discovery and navigation?

• SQ2.2 (Contextual Navigation): To what extent can the material resistance provided by the

machine’s encoded contextual knowledge and high-dimensional latent space facilitate a state

of contextual navigation, where authorship is redistributed between human and machine?

4.3 Operationalizing the Research Design

To address these research questions, this thesis employs a mixed-methods research design. This

dual approach ensures that technical developments are subjected to rigorous experimental valida-

tion while simultaneously being refined through practice-based iteration. By adopting this frame-

work, the study acknowledges that while formalized metrics can quantify many phenomena within

a co-creative system, they do not capture the entire reality of the performative act. Therefore, the

methodology is structured to bridge the gap between objective system benchmarks and subjective

artistic experience.

4.3.1 The Experimental Track: Formalized Metrics and Validation

To satisfy the empirical requirements of RQ1, this research utilizes experimental methods to verify

the ground truth of the developed latent spaces.

While the state-of-the-art (Chapters 2 and 3) acknowledges the existence of rhythmic latent

spaces (e.g., GrooVAE), this research deliberately excludes the investigation of rhythmic and met-

ric dimensions. This scoping is based on the ontological distinction between temporal sequencing

and topological navigation. Rhythm, as a primarily horizontal and discrete temporal structure,

relies on long-term dependencies and recurrent architectures that often resist the structural fluidity

and continuous morphing explored in this study.

By focusing exclusively on tonal and timbre manifolds, the study prioritizes the investiga-

tion of vertical and qualitative dimensions, where the identity of the musical work is defined by

its geometric position rather than its temporal sequence. This allows for a deeper exploration of
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how formal musical logic (harmony) and sub-symbolic audio (timbre) can be unified into an in-

telligible, navigable interface, without the confounding variables of metric synchronization and

rhythmic periodicity.

The experimental research track focuses on quantifying the relationship between symbolic

(tonal) and sub-symbolic (timbre) representations and formal and perceptual musical logic, pro-

viding a baseline of technical stability and interpretability. This includes:

• Mathematical Alignment (Representation): Testing the correlation between unsupervised

latent spaces and Fourier-based pitch representations. This quantifies the degree to which

machine-learned abstractions mirror established music-theoretic and perceptual logics, ad-

dressing the structural requirements of the mutable work.

• Dataset Empirical Verification (Intelligibility): Using a prototypical corpus of J.S. Bach

chorales, JSB corpus, and the produced SaxTimbre and Motiv datasets to quantitatively

evaluate the system’s clustering performance. By measuring the distance between machine-

generated points and human-defined taxonomies, we verify the system’s tonal and timbre

intelligibility.

4.3.2 The Practice-Based Track: Iterative Development and Exploration

To satisfy the performative requirements of RQ2, the research employs a practice-based investi-

gation, founded on practice-based research (Candy, 2006; Vear, 2022b). The developed systems

(BroadcastJSB and Aethra) serve as primary research instruments in an iterative development cy-

cle. While the experimental track provides the skeleton of the system, this track provides the flesh

through:

• Performative Prototyping: Iterative refinement of navigation-based interaction through

live performance. Each iteration acts as a probe into the latent territory, testing how theoret-

ical constraints (such as latent regularizers) affect the tactile feel of the instrument.

• Reflective Analysis: Assessing the emergence of contextual navigation and the shifting

role of the performer. This qualitative approach captures the phenomenological nuances of

human-machine negotiation that metrics alone cannot reach.

4.3.3 The Iterative Research Cycle

The integration of these tracks is realized through a cyclic methodology where experimental results

inform performative design, and performative insights identify new technical requirements for

experimental validation. This approach ensures that the unified latent territory is not merely a

mathematical abstraction but a functional site for contemporary musical practice.

1. Phase One: Model Training and Latent Projection (Experimental): Initial training of

VAE (i.e., flat baseline recurrent VAE model and MusicVAE) architectures with curated
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symbolic corpora and the projection of curated audio corpora into the latent spaces of pre-

trained RAVE models. During this stage, the alignment with Fourier Phase Spaces and

gestural taxonomies is measured to establish the representational explainability of the latent

space.

2. Phase Two: Performative Implementation (Practice-Based): The validated models are

integrated into the BroadcastJSB and Aethra systems. Here, the focus shifts to the interac-

tional and conceptual levels of Explainable AI, testing the performer’s ability to navigate

the space in real-time.

3. Phase Three: Performance and Reflection (Practice-Based): Live realizations of the

mutable works provide qualitative data on contextual navigation, agency, and the material

resistance of the machine.

4. Phase Four: Optimization and Dataset Refinement (Experimental): Constraints and

failures identified in performance lead to the refinement of the training datasets (SaxTim-

bre and Motiv) and the adjustment of latent regularizers to improve the navigability of the

manifolds.

4.3.4 The Researcher-as-Navigator: Ethical and Methodological Positioning

By situating the researcher within this co-creative loop, the study adopts an auto-ethnographic

lens common in practice-led research. As the primary developer and performer of the systems,

my role is to act as the mediator between the machine’s statistical logic and the aesthetic require-

ments of the musical work. This positioning allows for a thick description of the transition from a

traditional composer-performer relationship to the navigator paradigm within a distributed agency

framework.

Ultimately, this mixed-methods design provides a rigorous path from the abstract mathematical

symmetries of tonal logic to the embodied, real-time improvisation of electroacoustic music. By

validating the system’s ground truth through experimental metrics and its artistic truth through

practice, the thesis frames the mutable work as a comprehensive synthesis of human intuition and

machine agency.

4.4 Implementation Roadmap: A Two-Phase Study Design

The mixed-methods approach is operationalized through two distinct phases of investigation, each

targeting a specific dimension of the mutable work and addressing the refined sub-questions

through a dedicated technical framework. In the following sections, we synthesize the experi-

mental and practice-based track tasks for each phase of the investigation.
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4.4.1 Phase One: Symbolic Tonal Representation (Part II)

Phase one addresses the structural and formal logic of the musical work. It investigates the transi-

tion from traditional symbolic notation to high-dimensional state spaces by focusing on the latent

representation of tonal harmony.

• Experimental Track: The study employs variational autoencoders (VAEs), specifically

MusicVAE (see Section 6.2.1), to model a corpus of J.S. Bach Chorales (JSB corpus, de-

scribed in Section 5.3.0.1). The formalized metrics in this phase focus on the mathemati-

cal and music theory alignment between the machine-learned latent space and established

music-theoretic models, such as the Tonnetz and Fourier Phase Spaces. We also focus on

navigation strategies that allow us to navigate and generate music from these theoretically

aligned spaces.

• Practice-Based Track: The findings are implemented in the BroadcastJSB system (see

Chapter 8). This web-based interface enables real-time navigation of the learned tonal man-

ifold, replacing prescriptive score-following with a model of topological discovery.

4.4.2 Phase Two: Expressive Timbre Navigation (Part III)

Phase two shifts the focus to the sub-symbolic and performative dimensions of the work. This

phase investigates how the proposed contextual navigation model is fostered through the explo-

ration of raw audio manifolds, where the interface acts as a sensory mediator between the per-

former’s musical intent and the machine’s contextually bounded possibilities.

• Experimental Track: Utilizing the RAVE (Realtime Audio Variational Autoencoder) ar-

chitecture (see Section 9.1), this phase involves the development of the SaxTimbre and Mo-

tiv datasets, serving as the epistemic foundation for the navigable manifolds. Experimental

setups focus on capturing extended saxophone techniques, providing a high-density tim-

bre landscape for sub-symbolic modeling (SaxTimbre, see Section 9.2.2) and the encoding

of musical gestures, defined here as intentional, musical phrase trajectories, into navigable

latent coordinates (Motiv, see Section 11.3).

• Practice-Based Track: These technical developments culminate in the Aethra system (see

Chapter 12), a co-creative environment for saxophonic performance. Through iterative live

realizations, the researcher evaluates how motion-aware datasets transform the performer

into a navigator of machine agency. In this context, the performative act is reframed as a

continuous negotiation with the system’s material resistance, effectively playing the latent

space as a dynamic, sonorous object.
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4.5 Summary of Research Methodology

This chapter outlined the mixed-methods research design of this thesis, aimed at bridging the gap

between the mathematical potential of high-dimensional AI manifolds and their practical compo-

sitional and performative affordances. The methodology addresses three primary frictions: the

opacity of AI’s latent agency, the conflict between formal symbolic music theory and fluid sub-

symbolic neural audio, and the complexity of mapping physical human motions to digital spaces.

To resolve these issues, the study is guided by two core research questions focusing on the ontology

and structure of the mutable work (RQ1) and the performative dynamics of contextual navigation

(RQ2). The research relies on an iterative cycle combining an Experimental Track, which uses

formalized metrics to objectively validate the tonal and timbre logic of latent spaces while deliber-

ately excluding rhythm, and a Practice-Based Track, where the researcher auto-ethnographically

acts as a navigator during the live prototyping of software systems.

The practical execution of this methodology is organized into a two-phase implementation

roadmap. Phase one investigates the structural logic of symbolic tonal representation, utilizing

VAEs (e.g., MusicVAE) trained on a corpus of J.S. Bach chorales to develop the BroadcastJSB

interactive web application. Phase two shifts to the performative, sub-symbolic domain, explor-

ing expressive timbre navigation through the RAVE architecture to build the Aethra co-creative

performance system. To provide the necessary empirical foundation for these neural models, the

study integrates the careful curation of specialized training data, specifically the SaxTimbre and

Motiv datasets. Ultimately, by intertwining objective system benchmarks with subjective artistic

exploration, this methodology provides a robust framework to transform the traditional performer

into a navigator of an intelligent, co-creative ecosystem.
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Introduction to Part II:
Latent Spaces of Tonal and Structural
Dimensions

In the first part of this thesis, Part I, we established the concept of the musical work as a muta-

ble interface. This second part focuses on how we can use tonal symbolic latent spaces as the

underlying topological space for navigating within this mutable musical work.

As we have explored in Chapter 3, particularly in Section 3.2, latent spaces are high-dimensional,

compressed mathematical representations of data learned directly by neural networks during the

process of dimensionality reduction and reconstruction. Because of their powerful capacity for

dimensionality reduction, they have shown great potential in generating meaningful and inter-

pretable music latent spaces (Roberts et al., 2018; Guo et al., 2023). By mapping symbolic tonal

music into these spaces, it becomes possible to explore variations and transformations that would

be difficult to perceive in traditional score-based representations and descriptor spaces (Prang and

Esling, 2020).

Thus, in Part II of this thesis, we focus on four interrelated objectives:

1. Representation of Tonal Structures:

Musical encoding has been proven essential to machine and deep-learning models’ per-

formance in symbolic music tasks, such as generation, transcription, and style recognition

(Sarmento et al., 2023). The encoding’s properties determine the amount and quality of

information that can be extracted from the data, directly influencing the accuracy and ex-

pressiveness of the generated output.

Therefore, our first objective is to determine whether the choice of musical encoding in-

fluences the perceptual alignment of a Variational Autoencoder’s (VAE) latent space with

cognitive tonal distance spaces. In Chapter 5, we will compare the latent spaces produced

by different VAE corpus encodings (e.g., piano roll, MIDI, ABC, Tonnetz, DFT of pitch,

and pitch class distributions) to see which best provides a tonal latent space aligned with

cognitive key relations. This preliminary experiment utilizes a prototypical corpus of 371

chorales by J.S. Bach.

2. Mathematical and Conceptual Alignment:
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Building upon the insight from Chapter 5 that representations based on the Discrete Fourier

Transform (DFT) of pitch and pitch class distributions yield the most perceptually aligned

latent spaces, we hypothesize that there is a fundamental correlation between VAEs’ latent

spaces and theoretical DFT phase spaces.

Chapter 6 presents an experiment surrounding the same corpus of Bach’s chorales to mathe-

matically quantify this geometric alignment. With this experiment, we attempt to determine

if the VAE’s unsupervised learning process naturally captures formal music theory princi-

ples, such as common-tone functional harmony and parsimonious voice-leading, that DFT

phase spaces are known to represent.

3. Sampling and Generative Exploration:

Having established that distances within the studied VAE latent space align with theoretical

DFT phase spaces, our third objective investigates whether different distance-based strate-

gies for navigating these spaces produce musically meaningful variations.

Chapter 7 experimentally compares three sampling strategies within the latent space trained

in Chapter 6 to generate chord progressions mirroring Bach’s original sequences. Departing

from an original Bach chorale phrase, we evaluate chord substitutions using: 1) discrete lin-

ear interpolation (LI), 2) k-nearest neighbors (k-NN), and 3) k-nearest neighbors combined

with angular displacement (k-NN+AD).

4. Design and develop a topological instrument:

Guided by the conclusion in Chapter 7 that k-NN sampling strategies (particularly k-NN+AD)

closely align with the tonal functions and voice-leading of the original chords, we are ready

to operationalize the mutable interface.

To this end, Chapter 8 presents the design and development of BroadcastJSB, a web-based

topological instrument. This system moves away from traditional “search-and-retrieve” gen-

erative tools toward a navigable territory where the performer can interact with the stylistic

nature of J.S. Bach’s chorales in real-time. It implements a radio metaphor, serving as an

intuitive cognitive bridge between the user and the underlying VAE latent space.

Through these explorations, we demonstrate how computational models can extend the cre-

ative agency of both composer and performer, allowing for interactive, flexible, and co-creative

engagement with tonal structures. The chapters that follow integrate these theoretical, analyti-

cal, and practical perspectives, grounding them in concrete studies that form the backbone of the

thesis’s investigation into mutable musical works.



Chapter 5

Latent Spaces of Tonal Music

This chapter looks at the challenge of effectively representing tonal music in compact, meaningful

spaces that reflect both harmonic and phrase-level relationships. By employing variational autoen-

coders (VAEs), the musical sequences are encoded into latent spaces, where nearby harmonic and

melodic structures can be found, fostering both analysis and generative exploration.

The goal of this chapter is twofold: the first goal is to show how these latent spaces expose

structural aspects that are often tacit in Western tonal musical analysis, and the second is to illus-

trate their potential for creative practice. Through this lens, we hope to gather a new perspective

on the material, enabling interactions that extend beyond traditional score-based constraints.

The remainder of this chapter is structured as follows. Section 5.1 introduces theoretical foun-

dations connecting VAE latent spaces and tonal pitch spaces. Section 5.2 describes the method-

ology of our paper, presents each encoding’s implementation and characteristics, and our imple-

mentation of the VAE model. Section 5.3 presents our two-folded approach for evaluating the

model performance, using typical reconstruction metrics, and the preliminary evaluation process

to determine the effectiveness of latent spaces in representing cognitive distances between musical

pitches. Section 5.4 presents and discusses the results of our two-folded evaluation approach, and,

finally, Section 5.5 makes a last summary of the chapter.

5.1 Theoretical Foundations: VAEs and Cognitive Tonal Pitch Space

5.1.1 The Geometry of Tonal Pitch Cognition

The non-linearity and multidimensionality of humans’ pitch perception have motivated the search

for a formal musical representation since the early days of musical computation. Early models by

Shepard (1982) and Krumhansl (1990) demonstrated that musical distance does not simply rely on

frequency intervals, but on cognitive proximity. This is particularly true in Shepard’s Tone Helix,

where vertical proximity designates octave equivalence and the circle of fifths is represented by

horizontal proximity.
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Two historical lineages can be distinguished among these models. The first group focuses

on the structural logic of musical composition and is based in music theory as well as the alge-

braic properties of the Tonnetz and harmonic voice-leading (e.g., Weber, 1817; Cohn, 1997, 1998;

Lewin, 2011; Tymoczko, 2011; Bernardes et al., 2016a; Chuan and Herremans, 2018). The second

group, related to cognitive psychology, maps the mental representation of tonal hierarchies using

empirical listener data, such as probe-tone experiments (e.g., Shepard, 1982; Longuet-Higgins,

1987; Krumhansl, 1990).

Both disciplines share a common goal: quantifying the closeness of pitch and key. For exam-

ple, a meaningful space must mathematically represent why a listener perceives G major as closer

to C major than to F# major.

5.1.2 VAEs as Manifold Learners

While these historical music theory and cognitive psychology-based models are derived either

from mathematical formulations or cognitive models, respectively, VAEs are able to directly in-

duce these tonal pitch spaces from raw data (Kingma and Welling, 2014).

According to Section 3.2 of the literature review on latent space models, we gathered that VAE

models operate by mapping high-dimensional musical input x (e.g., MIDI-like piano rolls, with

128 possible activations per vector, or text-based ABC notation) into a low-dimensional latent

bottleneck z through an encoder network qφ (z|x). The VAE model must be able to strike a balance

between producing a variety of unique, high-quality samples from a structured latent space and

accurately reconstructing the data in order to be deemed well-trained.

The two main parts of the VAE architecture consist of an encoder, qφ (z|x), which approximates

the posterior distribution of the latent variables given the input data x, and a decoder, pθ (x|z),
which reconstructs the data from the latent representation such that:

x̂ = pθ (qφ (z|x))≈ x (5.1)

Unlike a standard Autoencoder, which may produce an overfitted latent space, the VAE ar-

chitecture enforces a probabilistic prior, typically a standard Gaussian distribution, defined by

N (0, I). For the probabilistic prior enforcement, the VAE architecture minimizes the Evidence

Lower Bound (ELBO) (Kingma and Welling, 2014) objective function (Eq. 5.2). The first term

of Equation 5.2 ensures reconstruction fidelity, ensuring the output matches the input, while the

second term, the Kullback-Leibler Divergence (KL-Divergence), acts as a regularizer, by penal-

izing discrepancies between the learned distribution and a prior distribution (typically a standard

Gaussian, N (0, I)). This regularization is critical for musical applications because it forces the

latent space to be dense and continuous.

L (θ ,φ ;x) = Eqφ (z|x)[log pθ (x|z)]−DKL(qφ (z|x)||p(z)) (5.2)

By interpolating from this dense and continuous learned distribution, the model can generate

new intermediate musical data instances that maintain the statistical characteristics of the training
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corpus. In a well-trained musical VAE, empty regions between two encoded songs actually con-

tain meaningful intermediate musical states, allowing for smooth interpolation between styles or

melodies.

5.1.3 Bridging Latent Embeddings and Semantics

The VAE architecture constrains the sparse and discrete high-dimensional symbolic data into a

low-dimensional manifold z. According to recent research (Roberts et al., 2018; Guo et al., 2023),

the resulting manifold spontaneously reorganises itself in accordance with intrinsic musical hier-

archies, such as pitch-class proximity or rhythmic density, when these models are well-trained on

sufficiently large and representative corpora.

This convergence of the VAE’s manifold with musical cognition allows the latent space to

function as more than a simple storage mechanism. It becomes a generative grammar where spatial

proximity serves as a proxy for perceptual similarity (Turker et al., 2022; Mezza et al., 2023).

This enables three advanced types of semantic manipulations of the space: 1) attribute vector

arithmetic, where it is possible to apply linear transformations to specific isolated concept vector

sequences (e.g., major-to-minor mode change or diatonic-to-chromatic direction, while preserving

the underlying rhythmic or structural identity); 2) semantic interpolation, through a cognitively

plausible transition between two points in the latent space (i.e., two musical keys or textures);

and 3) topological mapping and two- or three-dimensional visualization through dimensionality

reduction techniques (i.e., UMAP, t-SNE, or PCA). When the resulting clusters mirror traditional

musicological structures (i.e., the circle of fifths, or the Tonnetz), it provides empirical validation

that the model has captured the fundamental cognitive distances described by Krumhansl (1990).

Despite retaining these capabilities, VAEs’ latent spaces are often treated as black boxes.

While Moss et al. (2023) and Buongiorno Nardelli et al. (2022) have successfully used data-

driven models to track the evolution of tonality across history, Prang and Esling (2020) emphasize

that this alignment with human cognition is highly sensitive to the initial data representation. The

choice of encoding acts as a perceptual filter. If the encoding does not explicitly or implicitly cap-

ture interval relationships, the resulting latent space may fail to reflect the cognitive pitch distances

central to human musical experience.

5.1.4 The Influence of Music Encoding on Latent Topology

The transition from theoretical cognitive models to a functional, generative system hinges on a fun-

damental design choice: the representation of data. As established, a critical factor in determining

the semantic content of a learned latent space is the initial input representation, or encoding, of the

musical data (Briot and Pachet, 2020). Because the VAE’s objective is to compress information

while maintaining reconstruction fidelity, it can only organize its manifold based on the features

made explicit, or easily extractable, within the input format (Plitsis et al., 2020).

Certain musical characteristics, like absolute pitch, rhythmic duration, or relative interval re-

lationships, are inherently highlighted by different encodings (Prang and Esling, 2020). The VAE
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projects these features onto the latent space, directly echoing the bias of the encoding in the topog-

raphy of the resulting manifold. When an encoding fails to capture the hierarchical nature of tonal

relationships, the latent space will lack the cognitive alignment (Briot and Pachet, 2020) discussed

in the previous section.

5.2 Experimental Design: Comparing Tonal Encodings

To determine the most effective encoding for capturing this tonal structure, our methodology in-

volves a systematic comparison of VAEs trained on a unified corpus using various input formats

(Carvalho and Bernardes, 2023). By holding the model architecture and the dataset (J.S. Bach’s

371 Four-Part Chorales, a canonic representation of the Western common practice period) con-

stant, we can isolate the impact of the encoding itself. This approach enables us to quantify which

representation best empowers the VAE to discover the latent geometric structures that mirror hu-

man musical cognition.

We compare typical VAE corpus encodings (piano roll, MIDI, ABC, and Tonnetz) against

two proposed encodings based on spectral attributes of pitch, aligned with recent music theory

practices using the Discrete Fourier Transform (DFT).

5.2.1 Methodology

The structural design of our comparative study is illustrated in Figure 5.1. To ensure a controlled

environment for comparing symbolic music encodings, we developed a unified Python 31 frame-

work designed to process disparate data formats under a single pipeline. This system leverages the

music212 library to parse source material from diverse formats, including MusicXML, MIDI, and

ABC, into a standardized internal representation.

To improve the model’s generalization and ensure a robust mapping of the tonal pitch space,

we implemented comprehensive data augmentation. Each piece in the corpus is transposed across

all 12 chromatic intervals for both major and minor modes. This process ensures that the VAE

is exposed to the full spectrum of the circle of fifths, preventing the latent space from becoming

biased toward specific, frequently occurring keys (e.g., C major). Detailed augmentation strategies

tailored to the unique constraints of each encoding, such as maintaining the geometric properties

of the Tonnetz or the periodic features of the DFT, are provided in Section 5.2.2.

The core of our methodology is the multi-encoding framework, which standardizes the training

lifecycle across all six formats. By utilizing a shared pipeline for encoding extraction, prediction

decoding, one-hot vectorization, and dataset storage, we isolate the encoding scheme as the sole

independent variable.

1https://www.python.org/, last accessed January 29, 2026.
2https://www.music21.org/, last accessed January 29, 2026.

https://www.python.org/
https://www.music21.org/
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Figure 5.1: Schematic of the modular training pipeline. The training pipeline operates over an
EncoderFactory pattern that handles representation-specific logic (e.g., one-hot encoding and de-
coding) while keeping a consistent ModelTrainer interface. This modularity enables the systematic
evaluation of different musical encodings while keeping model hyperparameters and data-handling
procedures constant.

To build our VAE implementation, including the definition of custom loss functions (incorpo-

rating both Reconstruction Loss and KL Divergence) and performance metrics, we use the Ten-

sorFlow (and Keras) framework.3 Section 5.2.3 presents the neural network architecture, hyper-

parameter selection, and optimization strategies specifics.

To make this research easier to reproduce and encourage more study of musical patterns, we

have made our VAE architecture and multi-encoding framework publicly available. You can find

the complete codebase,4 including preprocessing steps for six encoding methods and model train-

ing scripts. This repository acts as a guide for researchers, providing them with the tools they

need to apply this method to other music datasets or creative tasks, including a Google Colab

notebook.5

5.2.2 Symbolic Music Encodings

This section details the implementation and theoretical justification for each encoding scheme

(piano roll, MIDI, ABC, Tonnetz, DFT of pitch class distributions, and DFT of the piano roll). To

complement this analysis and facilitate further investigation, we provide an interactive platform.6

This tool allows users to explore the latent behavior and geometric properties of these encodings

across a diverse range of symbolic music compositions, in uncompressed MusicXML format,

providing a tangible bridge between the mathematical representations and their musical outcomes.

3https://www.tensorflow.org, last accessed January 29, 2026.
4https://github.com/NadiaCarvalho/Latent-Tonal-Music, last accessed January 29, 2026.
5https://github.com/NadiaCarvalho/Latent-Tonal-Music/blob/main/Latent_Tonal_

Music.ipynb, last accessed January 29, 2026.
6Latent Tonal Music is available at https://nadiacarvalho.github.io/Latent-Tonal-Music/, last

accessed January 29, 2026.

https://www.tensorflow.org
https://github.com/NadiaCarvalho/Latent-Tonal-Music
https://github.com/NadiaCarvalho/Latent-Tonal-Music/blob/main/Latent_Tonal_Music.ipynb
https://github.com/NadiaCarvalho/Latent-Tonal-Music/blob/main/Latent_Tonal_Music.ipynb
https://nadiacarvalho.github.io/Latent-Tonal-Music/
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5.2.2.1 Piano roll (P)

The piano roll (P) is a high-resolution representation that consists of a binary matrix. In this

matrix, each row corresponds to a MIDI pitch and each column to a discrete time step. For its

elemental format, a value of 1 denotes note activation, while 0 indicates silence, as illustrated in

Figure 5.2. Although this encoding technique is widely adopted for its simplicity and efficacy in

representing both melodic and polyphonic structures, it suffers from a significant limitation, visible

in the figure: the inability to distinguish between a single long sustained note and a sequence of

repeated short notes.

To address this ambiguity, we implement an extended piano roll encoding, illustrated in Fig-

ure 5.3. This extension doubles the vertical dimension of the matrix, splitting the pitch space into

two functional zones: 1) the first half of the encoding (128 dimensions for full MIDI) captures

note-on events (attacks), marked 1 on the note’s beginning timestep; 2) the second half represents

active notes held over from previous timesteps (continuations). With the complete vector (i.e.,

concatenation of the two functional zones’ vectors), the model can determine precisely the dura-

tion and articulation of each note. This ensures that the VAE reconstructs not only the correct pitch

classes but also the rhythmic phrasing essential for the stylistic integrity of the J.S. Bach chorales.

We perform data augmentation by transposing the extended piano roll into all twelve chro-

matic keys. To that end, we implement a circular shift on the encoding vectors, in which the

shift’s magnitude is determined by the number of semitones involved in the transposition interval.

This procedure is performed independently for the onset and continuation segments to preserve the

structural integrity of the encoding. For the vector representing the notes’ attacks, we rotate the en-

tire vector (e.g., transposition C to D Major (+2 semitones) means a circular shift of +2 positions,

with the activation bit moved from index 60 to 62, representing notes C4 and D4, respectively).

Then, the vector representing the previous notes’ continuations undergoes an identical rotation.

By applying these shifts separately but synchronously, we ensure that the temporal link between a

note’s onset and its sustain is maintained, effectively remapping the entire musical sequence to a

new tonal center without distorting the rhythmic or polyphonic relationships.

5.2.2.2 MIDI (M)

Our framework adopts an event-based MIDI protocol as the primary encoding method, following

the methodology first proposed by Oore et al. (2020). Unlike the grid-based piano roll, this ap-

proach represents musical sequences as a chronological stream of discrete control messages. This

MIDI-like encoding is particularly robust for handling complex polyphony and nuanced metrical

variations, as it is not strictly bound to a fixed temporal grid.

The representation relies on a specialized vocabulary of four fundamental event types; Fig-

ure 5.4 illustrates the extraction process of this MIDI-like encoding from the raw source data. The

vocabulary is partitioned into the following categories:

• NOTE_ON: Signals the start of a specific pitch (MIDI 0–127).
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Figure 5.2: Process of encoding and decoding the first measure of Freuet euch, ihr Christen alle
Bach (BWV 40/8) as a piano roll (Original encoding, 0-128).
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Figure 5.3: Process of encoding and decoding the first measure of Freuet euch, ihr Christen alle
Bach (BWV 40/8) as a piano roll. (Using our continuation-based encoding, 0-128 for attack notes
and 129-256 for continuation notes).

• NOTE_OFF: Signals the termination of a pitch.

• SET_VELOCITY: Defines the intensity or volume of the subsequent note.

• TIME_SHIFT: Advances the playhead by a discrete temporal increment, allowing for flexi-

ble rhythmic durations and micro-timings.

Because the MIDI-like encoding characterizes each timestep as a single categorical value

within a vocabulary, the augmentation process is highly efficient. To transpose a sequence, we
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Figure 5.4: Process of encoding and decoding the first measure of Freuet euch, ihr Christen alle
Bach (BWV 40/8) with MIDI-like encoding.

apply a numerical offset, corresponding to the number of semitones in the transposition interval,

directly to the index values of all NOTE_ON and NOTE_OFF events.

When the data is converted into its one-hot encoded form for VAE processing, this transpo-

sition is mathematically equivalent to a horizontal circular shift of the vector. By rotating the

activation bits by the same number of elements as the transposing interval, we maintain the struc-

tural relationships of the composition while shifting its tonal center.

5.2.2.3 ABC (A)

ABC notation is a shorthand textual system that uses alphanumeric characters and symbols to

represent musical elements, including pitch, duration, and ornamentation. While traditionally

valued for its human-readability and simplicity (Sturm et al., 2019), ABC notation offers a unique
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linguistic perspective for machine learning models, treating music as a structured string of tokens

rather than a numerical matrix.

Historically, ABC notation has been primarily applied to monophonic structures, such as folk

melodies (Briot and Pachet, 2020). In this study, however, we adapt it as a textual representation

for vertical harmonic aggregates (chords). To achieve this, we developed a custom parser based on

the music21 library, drawing inspiration from the JavaScript Midi2ABC converter by Marmoo.7

Figure 5.5: Process of encoding and decoding the first measure of Freuet euch, ihr Christen alle
Bach (BWV 40/8) with the ABC encoding.

The extraction process, illustrated in Figure 5.5, involves several distinct stages:

7Implementation is available at https://github.com/marmooo/midi2abc, last accessed January 29, 2026.
An online converter is available at https://marmooo.github.io/midi2abc/, last accessed January 29, 2026.

https://github.com/marmooo/midi2abc
https://marmooo.github.io/midi2abc/
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1. Structural Segmentation: The musical score is divided into instrument sections with cor-

responding headers.

2. Harmonic Slicing: Polyphonic textures are iterated through to convert chords and notes

into ABC strings.

3. Symbolic Translation: Each event is translated into its ABC equivalent, strictly accounting

for component pitches, note durations, tie marks, rests, and tuplets. This ensures the correct

timing and chordal order is preserved in the character stream.

We acknowledge specific limitations in standard ABC notation regarding the preservation of

passing notes within complex harmonic textures. To represent a polyphonic chorale in a single

textual stream, a chordification process is often required. As shown in Figure 5.5, this can result

in the loss of inner voice movement (e.g., an eighth-note passing tone in the tenor voice might be

simplified into a block chord).

However, since our study prioritizes the cognitive distance of musical pitch within a key, the

loss of minor rhythmic subdivisions is not considered a critical failure; it may, in fact, serve to

aggregate non-chord tones into their primary vertical functional slices. To mitigate information

loss, we implemented a strategy of splitting tied notes in chords where at least one voice moves.

By treating these as distinct rhythmic events, we retain significantly more harmonic detail from

the original Bach source while maintaining a valid ABC character sequence.

5.2.2.4 Tonnetz (T)

Building upon the theoretical geometry of the Tonnetz established in Section 3.1.1.1, this section

details its adaptation into a functional machine-readable encoding. While it effectively maps theo-

retical tonal proximity, applying it as an encoding for deep learning requires significant structural

modification. To capture the four-part polyphony of Bach’s chorales, we adopt the extended com-

putational version introduced by Chuan and Herremans (2018), expanding it into a 24×12 matrix

representation. Unlike the traditional pitch-class Tonnetz, this version maintains pitch register in-

formation (covering a range from C0 to C#8). The spatial arrangement is centered around a focal

pitch, with register determined by proximity to the central column. This expansion is crucial for

encoding the four-part polyphony of Bach’s chorales, as it enables the model to distinguish be-

tween different octaves of the same pitch class while still utilizing the horizontal circle-of-fifths

relationship.

Following the logic of our extended piano roll, we further modify the Tonnetz representation

by duplicating the matrix to capture both onsets (attacks) and sustains (continuations). Active

notes are encoded as binary values (1 for activation, 0 for silence). As shown in Figure 5.6,

a unique property of this encoding is that a single pitch may map to multiple nodes within the

matrix due to its periodic nature. Consequently, for any active note, all corresponding coordinate

positions in the Tonnetz must be activated simultaneously. This redundancy provides the VAE

with multiple geometric viewpoints of the same tonal event.
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Figure 5.6: Process of encoding and decoding the first measure of Freuet euch, ihr Christen alle
Bach (BWV 40/8) with the Tonnetz encoding. For legibility purposes, the continuations are below
the attacks.

Due to the non-linear, grid-based mapping of the Tonnetz, performing data augmentation via

simple vector rotation (as used in the Piano Roll) is not mathematically feasible. A shift in key

requires a complete re-calculation of the active coordinates within the 2D lattice. Therefore, to per-

form our 12-key augmentation, each transposed version of the symbolic music is re-processed and

encoded as a fresh Tonnetz matrix to ensure the geometric integrity of the harmonic relationships

is preserved.

5.2.2.5 DFTs of Pitch Class (DFT-PC) and Pitch (DFT-P) Distributions

Drawing from research that utilizes Fourier space to describe musical objects and their intrinsic

periodicities (Quinn, 2006; Yust, 2015a; Amiot, 2016; Bernardes et al., 2016a), we propose two

novel encodings based on the Discrete Fourier Transform (DFT) of pitch distributions. These
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encodings shift the representation from the time-pitch domain to a spectral domain, where musical

features are expressed as complex coefficients.

A significant advantage of this approach is the separation of musical features: magnitudes

(∥z∥) encode the interval content (the set-class of the pitches), while phases (∠z) encode the tonal

orientation or common-tone relationships between objects. We utilize the non-redundant output

of the DFT (m/2+1 complex numbers) to represent these features efficiently.

The first proposed encoding, DFT-PC, reduces the distribution to 12 pitch classes (m= 12). As

illustrated in Figure 5.7, we extract pitch class information into a 24-column array per timestep:

the first 12 columns represent note attacks, and the subsequent 12 represent continuations.

The DFT is applied independently to the attack and continuation vectors. The resulting rep-

resentation begins with a component reflecting the total number of activations, followed by the

complex coefficients that describe the harmonic weights of the pitch set.

The second encoding, DFT-P, displayed in Figure 5.8, applies the DFT to the full pitch range

(m = 128). We construct an extended piano roll of 256 elements (128 for attacks, 128 for con-

tinuations) and compute the DFT separately for each half. We retain only the non-symmetrical

components (the first 65 coefficients for each part of the piano roll) and concatenate them into a

singular vector. This preserves the register-specific information of the Bach chorales while expos-

ing the intervallic periodicities across the entire pitch range.

To augment these encodings, we leverage the circular shift property of the DFT. In the spec-

tral domain, transposing a musical sequence by an interval t does not alter the magnitudes, only

shifting the phases of the complex coefficients.

To compute a transposition, we first determine the phase a(z) of each component using the

four-quadrant inverse tangent:

a(z) = atan2(Im(z)/Re(z)) (5.3)

To transpose the encoding by t semitones, we rotate the angles of the original DFT components

by t semitones. The new real and imaginary parts are calculated as:

Re(z+ t) = Re(z)∗ cos(t ∗a(z))− Im(z)∗ sin(t ∗a(z)) (5.4)

Im(z+ t) = Re(z)∗ sin(t ∗a(z))+ Im(z)∗ cos(t ∗a(z)) (5.5)

This method allows for mathematically precise augmentation directly within the spectral rep-

resentation, ensuring that the latent space learns the rotational symmetry of the circle of fifths.

5.2.3 VAE Model

While specialized architectures, such as MusicVAE (Roberts et al., 2018), utilize hierarchical

conductor decoders to manage long-term dependencies, we opted for a flat baseline recurrent

VAE model. This choice enables a more controlled comparative study, ensuring that the observed
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Figure 5.7: Process of encoding and decoding the first measure of Freuet euch, ihr Christen alle
Bach (BWV 40/8) with the encoding based on DFT from pitch class distribution (DFT-PC).

differences in latent topology are attributable to the encoding schemes themselves, rather than to

architectural complexity.
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Figure 5.8: Process of encoding and decoding the first measure of Freuet euch, ihr Christen alle
Bach (BWV 40/8) with the encoding based on DFT from pitch (DFT-P). For legibility, we only
show the output of the first four timesteps.

As illustrated in Figure 5.9, the implementation consists of two Long Short-Term Memory

(LSTM) layers with 1024 units, serving as the encoder and decoder, respectively. We chose

LSTMs specifically for their ability to capture long-range temporal dependencies and sequen-

tial patterns inherent in Bach’s polyphonic structures. Unlike standard recurrent units, LSTMs

employ a gating mechanism, comprising input, forget, and output gates, that enables the model

to maintain a persistent cell state. This is critical for music, as it enables the VAE to remember

established harmonic contexts and rhythmic motifs across multiple measures.

The reconstruction loss term Eqφ (z|x)[log pθ (x|z)] must be carefully matched to the numeric

nature of the input representation:

• Categorical Cross-Entropy (CCE): Applied to the MIDI-like and ABC formats. These

encodings treat music as a sequence of mutually exclusive tokens from a finite vocabulary.
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Figure 5.9: Schematic of the Implemented Flat Recurrent VAE. The architecture utilizes a sym-
metric design consisting of a 1024-unit LSTM encoder and decoder to capture long-range tempo-
ral dependencies in musical sequences. The latent bottleneck implements the reparameterization
trick (z = µ +σ ⊙ ε) to enable gradient-based optimization. The reconstruction loss is dynami-
cally adapted to the input encoding: Mean Squared Error (MSE) for continuous DFT coefficients,
Categorical Cross-Entropy (CCE) for token-based MIDI/ABC formats, and Binary Cross-Entropy
(BCE) for polyphonic Piano Roll and Tonnetz representations. The model is optimized using the
Adam optimizer with a total loss comprising the reconstruction term and a standard KL-divergence
(β = 1).

CCE measures the performance of a model whose output is a probability distribution over K

categories, effectively penalizing the model for assigning low probability to the ground-truth

token at each timestep (Goodfellow et al., 2016).

• Binary Cross-Entropy (BCE): Employed for the Piano Roll and Tonnetz encodings. Be-

cause these representations allow for multiple active notes per timestep (polyphony), they

are modeled as a series of independent Bernoulli trials. BCE is the standard objective for

multi-label classification tasks where each pitch’s activation is treated as an independent

binary probability (Briot and Pachet, 2020).
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• Mean Squared Error (MSE): Utilized for the DFT-based encodings. Since the Fourier

coefficients consist of continuous-valued real and imaginary components (or magnitude and

phase), we treat the reconstruction as a regression problem. MSE minimizes the squared

Euclidean distance between the predicted and target spectral coefficients, which is essential

for preserving the precise interval weights encoded in the magnitude values (Prang and

Esling, 2020).

The total loss is the weighted sum of the reconstruction loss and the KL divergence, often

controlled by a β parameter to prevent posterior collapse, where the model ignores the latent

space in favor of the decoder’s own autoregressive power (Higgins et al., 2017). For this study, we

maintain a standard β = 1 to observe the natural formation of the latent topology without external

forcing.

As specified, the models were trained using the Adam optimizer (Kingma and Ba, 2014) with

an initial learning rate of 10−4 over a batch size of 256. This configuration ensures stable conver-

gence across the various loss landscapes produced by our six encoding schemes.

5.3 Evaluation of Latent Space Alignment

The success of the latent space representation is quantified not only by the VAE’s ability to re-

construct the input data, but by the degree to which its topology reflects established cognitive

musical principles. Consequently, our evaluation follows a twofold strategy designed to assess:

1) reconstructive integrity (primary evaluation), by measuring how effectively the VAE learns to

compress and retrieve the source data; and 2) cognitive alignment to music theory principles (pre-

liminary evaluation), by quantifying the degree to which the resulting latent space reflects the tonal

relationships (e.g., the circle of fifths) established in music cognition.

5.3.0.1 Dataset and Preprocessing

To ensure structural consistency and a clear focus on common-practice tonality, we utilize a cor-

pus of 371 J.S. Bach four-part harmonized chorales (JSB corpus). This dataset serves as a gold

standard for tonal music research due to being a canonical representation of the Western common

practice period.

The JSB corpus is obtained from the music21 library. It comprises 195 major-key (52.56%)

and 176 minor-key (47.44%) pieces, as illustrated in Figure 5.10a. A significant portion of the total

frequency is concentrated in just a few keys. The top three most frequent keys, G major (14.02%),

A minor (12.13%), and G minor (11.86%), account for over one-third of all observed frequencies

(38.01% combined), as seen in Figure 5.10b. Harmonic representation is dense, with an average

of 84 chords per chorale. We employ a 60/40 train-test split, with the training set subject to 12-key

chromatic augmentation to ensure tonal invariance in the learned representation.
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(b) JSB corpus’ key distribution.

Figure 5.10: Distribution of musical (a) modes and (b) keys across the JSB chorale corpus. Blue
color indicates minor keys and orange color indicates major keys.

5.3.0.2 Metrics of Model Performance

To evaluate the reconstructive fidelity of each encoding, we examined three core metrics: 1) accu-

racy, representing the percentage of reconstructed tokens that exactly match the ground truth (Briot

and Pachet, 2020); 2) MSE, denoting the average squared difference between original and recon-

structed sequences, crucial for continuous spectral data;8 and 3) KL-Divergence, which measures

the discrepancy between the learned latent distribution and the Gaussian prior. Lower values in-

dicate a reconstruction that adheres closely to the original data’s probability distribution (Kingma

and Welling, 2014).

5.3.0.3 Latent Space Topology and Cognitive Mapping

To make a preliminary evaluation of cognitive alignment of the latent space topology with music

theory principles, we project 12 key transpositions of specific chorales, such as Ich dank dir, lieber

Herre (BWV 347), into the latent space. We hypothesize that if the VAE has learned tonality, these

transpositions should form distinct clusters whose spatial arrangement mirrors the circle of fifths.

We employ Principal Component Analysis (PCA) to project the 256-dimensional latent space

into a 2D plane (Jolliffe, 2002). This metric enables maintaining the overall relationships and

distances between tonal centers, which might get lost with non-linear methods (e.g., UMAP or

t-SNE). To measure the musical intelligence of the clusters we create, we apply three different

metrics:
8We used MSE as the loss function for DFT-based encodings to treat the reconstruction of Fourier coefficients as a

regression problem. These coefficients include continuous real and imaginary parts (or magnitude and phase), so MSE
helps us minimize the squared distance between the predicted and actual spectral coefficients. This step is important for
keeping the correct intervallic weights in the magnitude values (Prang and Esling, 2020). Here, MSE serves as one of
the main measures of performance for all encodings. It calculates the average squared difference between the original
and reconstructed sequences, which is crucial for preserving the structure of continuous data in the latent space.
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• Davies-Bouldin Score: This index checks how similar clusters are to their closest neigh-

bors. For the JSB corpus, a lower score means the model has effectively grouped different

keys into separate areas, which helps minimize confusion (Davies and Bouldin, 1979).

• Dunn Index: Complementary to Davies-Bouldin, this metric looks at the extremes by com-

paring the smallest inter-cluster distance to the largest intra-cluster distance. A higher Dunn

index indicates that even similar tonal areas (e.g., relative majors and minors) are distinct

enough for a performer to navigate them individually (Dunn†, 1974).

• Kendall’s τ (τ): Kendall’s τ is a circular non-parametric correlation coefficient (Fisher and

Lee, 1982). In this case, we use this metric to measure the association between the ordinal

sequence of keys in the latent space and the theoretical circle of fifths. As the circle of fifths

is a closed loop, Kendall’s τ is able to determine whether the VAE can learn the cyclic nature

of Western tonality (i.e., |1| indicates a perfect structural mapping where the latent space is

in perfect cognitive alignment).

5.4 Results and Discussion

Our evaluation highlights a key challenge: balancing computational efficiency with how well the

models align with musical concepts. On one hand, our main assessment shows that the varia-

tional autoencoder (VAE) is great at retaining detailed data. On the other hand, our initial look at

cognitive alignment reveals that models that are technically accurate don’t always display a deep

understanding of music. In this section, we’ll explore how the six different encoding methods

deal with the trade-off between the need for precise reconstruction and the need for a clear and

meaningful latent space.

5.4.1 Model Performance and Computational Trade-offs

Table 5.1 presents quantitative results on the model’s reconstruction performance. The results

indicated that the ABC encoding yielded the highest reconstruction accuracy and lowest KL-

divergence, followed by MIDI-like encoding, suggesting that categorical one-hot formats are most

efficient for data retention and lossless re-encoding by the VAE architecture. Conversely, piano

roll and Tonnetz performed poorly in reconstruction, likely due to the sparsity of multi-hot vectors.

For both representations, most of their representational space is filled with zeros, which makes the

VAE allocate much of its bandwidth to recreating silence or inactive moments.

Interestingly, KL-divergence and MSE demonstrate consistent outcomes, reflecting a unified

measure of performance, while accuracy does not reflect the same encoding order, with DFT

encodings performing relatively well in accuracy but very poorly in the other two metrics. These

results seem to suggest that while the model is successfully identifying pitches, with categorical

accuracy metrics, it is not able to reconstruct the underlying continuous spectral coefficients with

precision (i.e., DFT encodings’ very high KL-divergence values indicate the latent space is not
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able to adjust into the smooth Gaussian distribution and is expanding to accomodate the high-

dimensional complexity of the Fourier phases). We hypothesize that this could be a reflection

of the reconstruction-regularization paradox (i.e., categorical encodings are easy for the model

to memorize, leading to a well-compressed, low KL-divergence space). On the other hand, this

dissonance in values for DFT spaces often signals a more informative and highly structured latent

space (Ucar, 2019), with the model sacrificing global smoothness to preserve the intricate, music-

theoretic relationships inherent in the DFT phase space. In terms of efficiency, the spectral (DFT)

encodings offer a balanced profile, training significantly faster than the textual ABC format while

maintaining competitive accuracy.

Table 5.1: Quantitative results on the VAE model’s reconstruction performance across the six
presented encoding schemes: piano roll (P), MIDI-like (M), ABC (A), Tonnetz (T), DFT of pitch
classes (DFT-PC), and pitch (DFT-P) distributions. ABC and MIDI-like encodings yielded the
highest reconstruction accuracy and lowest KL-divergence.

Encoding Acc. (%) KL MSE Train Time/Epocha Embed. Timea,b

P < 1 12.48 1.4×10−2 ∼50 min ∼2 min
M 77.4 0.80 8.0×10−4 ∼150 min ∼2 min
A 82.6 0.54 6.7×10−3 ∼330 min ∼3 min
T < 1 35.29 1.9×10−2 ∼55 min ∼3 min
DFT-PC 77.3 136.02 6.5×10−1 ∼70 min ∼5 min
DFT-P 75.6 472.79 9.1×10−1 ∼70 min ∼20 min

aAverage training time computed on a Macbook Pro M1 (8-core GPU).
bTime required for feature extraction from the original symbolic source.

5.4.2 Latent Space Topology and Cognitive Mapping

Table 5.2 presents the average and standard deviation values for the cluster and key-distance met-

rics. This helps us preliminarily assess how well the musical encodings align with the cognitive

high-level tonal abstraction of the circle of fifths.

Table 5.2: Average and standard deviation values for the cluster and key-distance metrics, assess-
ing alignment with cognitive pitch spaces for the six presented encoding schemes: piano roll (P),
MIDI-like (M), ABC (A), Tonnetz (T), DFT of pitch classes (DFT-PC), and pitch (DFT-P) distri-
butions. DFT-P outperforms other encodings in all metrics.

Encoding Davies-Bouldin Dunn Index Kendall’s τ (τ)

Piano roll 32.8±17.8 0.0005±0.0005 0.11±0.08
MIDI-like 55.9±35.3 0.0001±0.0001 0.15±0.14
ABC 66.9±55.0 0.00003±0.00003 0.11±0.09
Tonnetz 33.0±21.6 0.0006±0.0007 0.11±0.08
DFT-PC 37.3±59.1 0.0006±0.0006 0.11±0.08
DFT-P 8.1 ± 5.5 0.0008 ± 0.0009 0.44 ± 0.32
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The preliminary analysis revealed that the latent spaces derived from the DFT-P encoding

exhibited superior alignment with cognitive tonal space, outperforming all other methods by a

substantial margin. Its Kendall’s τ value is significantly higher, indicating that the VAE is suc-

cessfully organizing its latent space according to the circle of fifths.

Several notable patterns emerge from the DFT-P analysis. First, we identified a strong topolog-

ical alignment in a subset of the data, where 16% of the chorales achieved a Kendall’s τ absolute

value greater than 0.9. This indicates a near-perfect circular arrangement in the latent space that

mirrors the theoretical circle of fifths (see Figure 5.11).

Specifically, the DFT-based VAE was found to capture the hierarchical relationships of key

components most effectively, providing a common-tone space where keys with high similarity.

The chord slices sharing many common tones, such as parallel major/minor pairs or keys a fifth

apart, are positioned closest together using this encoding. This result is significant, suggesting that

spectral analysis of pitch content, rather than explicit note-event modeling, yields a latent structure

that most accurately mirrors the human perception of tonality.

Furthermore, the results reveal a distinct mode bias, where major-key chorales were over-

whelmingly more successful in generating highly organized latent spaces; 87% of the pieces

reached the |τ| > 0.9 threshold, and all of these were in a major key. This suggests that the

model finds the internal logic of the major scale more mathematically consistent. In contrast, the

minor mode’s inherent complexity, often involving variable sixth and seventh degrees (natural,

harmonic, and melodic minor), may introduce a degree of harmonic noise that makes the global

organization of minor keys in the latent space more challenging to discern.

Finally, we observed a correlation between composition length and structural clarity. Counter-

intuitively, longer chorales (i.e., exceeding 114 slices) demonstrated superior alignment compared

to shorter pieces. We speculate that these longer compositions provide a greater volume of tonal

evidence, which effectively assists the VAE in resolving key center ambiguities. While shorter

fragments might be tonally ambiguous, the extended duration allows the model to capture a more

complete spectral fingerprint of the key, helping it navigate modulations and establish a stable

position within the latent space.

Ultimately, while textual encodings like ABC are superior for verbatim reconstruction, spectral

encodings (DFT) are the most effective for inducing a musicologically intelligent latent space that

mirrors human perception.

5.5 Summary: Musicological and Creative Implications

The finding that a latent space derived from the DFT-P encoding aligns most closely with cog-

nitive models offers profound implications for both analytical and generative musicology. By

demonstrating that a VAE can discover the circle of fifths through spectral representation, this

work bridges the gap between deep learning architectures and centuries of music theory.



Latent Spaces of Tonal Music 88

(a) Kendall’s τ = 1. (b) Kendall’s τ =−1.

Figure 5.11: Latent space projections for two chorales using the DFT-P encoding across twelve
key augmentations. (a) Displays a perfect positive circular correlation (Kendall’s τ = 1). (b)
Shows a perfect negative correlation (τ =−1). In both cases, the latent space preserves the circle-
of-fifths topology, differing only in the clockwise versus counterclockwise orientation of the key
clusters. Cluster coloring and numbering follow the Camelot Wheel convention (keys B through
E represented by indices 1–12, with ’B’ denoting the major mode). Colored stars indicate the
calculated centroids for each key cluster.

5.5.1 Analytical Contributions

Analytically, the latent space provides a low-dimensional map where the trajectory of a musical

work can be visualized in relation to established key areas. This enables the quantification of

harmonic tension, modulation distance, and formal structure, features that are often subjectively

interpreted in conventional Schenkerian or Roman numeral analysis.

The emergence of a circular, continuous topology suggests that we can now use VAEs as com-

putational mirrors of human tonal perception. Researchers can move beyond simple classification

(e.g., “Is this in C major?”) to analyze the nuances of a piece’s position within the tonal manifold,

tracking how a composer navigates the fuzzy boundaries between related keys.

5.5.2 Generative and Creative Potential

Generatively, this semantically grounded space facilitates exploration through interpolation and

manipulation along meaningful linear directions. Traversing a path between the latent vector of

a piece in C major and one in G major provides a computationally informed method for creating

smooth, tonally coherent modulations.

This capability extends creative practice by offering composers an intuitive, geometric inter-

face for interacting with musical material. Rather than manipulating discrete notes, composers

can sculpt the harmonic and melodic flow of a sequence as if it were a physical manifold. This

shifts the role of the AI from a mere imitator of style to a cognitive partner that understands the

underlying tensions of the Western tonal system.
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5.5.3 Summary

While our study focused on the prototypical tonality of J.S. Bach, the success of the DFT-P en-

coding suggests that this framework could be applied to more complex or less studied harmonic

systems, such as modal jazz, non-Western microtonal scales, or contemporary atonal structures.

If the encoding can expose the relevant periodicities of a scale, the VAE can likely induce its

corresponding cognitive space.

This chapter’s findings highlight the importance of correctly choosing a VAE’s latent space

encoding and how it can reflect our theoretical views on what artificial intelligence can understand

about music. In our earlier findings about how generative models align with human thinking (Car-

valho and Bernardes, 2023), we discovered that by focusing on spectral information, we might be

able to develop systems that don’t just mimic a musical score but also honor the deeper emotional

aspects that shape the human experience of music.

Ultimately, the emergence of a common-tone space through the encoding based on the DFT-

P suggests that the mathematical periodicities of the Fourier transform provide a robust bridge

between signal processing and music cognition. This alignment opens new avenues for AI-assisted

musicology, in which we can exploit latent spaces as a navigable, geometrically intuitive map of

tonal relationships that can inform both rigorous analysis and creative practice.

By revealing the rotational symmetries and topological continuities inherent in pitch-class dis-

tributions, we have established a framework where musical meaning is encoded as spatial distance.

This provides the necessary foundation for the following chapter, which moves beyond repre-

sentational accuracy to examine the formal mathematical correspondences between these learned

models and Fourier-based phase spaces. We will explore how the geometry of these latent spaces

reveals deep-seated patterns of harmonic motion and symmetry, further reinforcing the concept of

the musical work as a flexible, interactive system.



Chapter 6

From Fourier Phase Spaces to Latent
Representations: Mathematical
Structures in VAEs

The previous chapter preliminarily established that the Discrete Fourier Transform (DFT) of pitch

content yields a VAE latent space that aligns strongly with cognitive models of tonal proximity

(Carvalho and Bernardes, 2023). This discovery suggests that we explore further into the math

behind this alignment. Specifically, we should look into how the way a variational autoencoder

(VAE) organizes its learned space connects to the structures we know from Fourier analysis in

theoretical phase spaces. While traditional neural networks have shown high correlations between

internal weights and DFT phases, our work extends this investigation to the interpretable latent

spaces of generative models.

In this chapter, we propose relying on a more advanced VAE model, the MusicVAE architec-

ture, to demonstrate how these latent spaces expose formal theoretical structural aspects of musical

harmony. To that end, we use the representative Western tonal music corpus of J.S. Bach’s four-

part harmonized chorales (JSB corpus). We train the MusicVAE model on this musical corpus,

represented as piano roll encodings.

The chapter’s outline starts by defining the adopted theoretical DFT phase spaces (Section 6.1).

Then, Section 6.2 delineates the methodological approach for our experiment, which intends to

prove whether there is a correlation between pitch and pitch distribution DFT phase spaces and

the trained latent space. Subsequently, in Section 6.3, we offer the results of the experiment,

discussing implications in the latent space’s ability to capture tonal function and voice-leading as-

pects, and stylistic signatures of the JSB corpus. We discuss a representative case study around the

BWV 307 chorale, which showcases the findings of our experiment. At last, Section 6.4 concludes

the chapter, offering a summary of our experiment and its principal conclusions, pointing towards

a structurally hybrid AI paradigm that allows for clearly explaining musical concepts.

90
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6.1 Defining Theoretical DFT Phase Spaces

In Section 5.2.2.5, we presented symbolic Fourier phase spaces as encodings to train VAE models.

We showed how they can be obtained from either pitch or pitch class distributions, with the last

one being the more conventional approach in the literature. Typically, each of these DFT phase

spaces intends to highlight different aspects of tonal function and voice leading. In this sense, to

establish a basis for comparison, we construct our experiment using both phase spaces, which we

will define in the following sections.

6.1.1 DFT Phase Space of Pitch Classes

In music theory and music information research, Fourier phase spaces are commonly derived by

applying the DFT on a pitch class set represented as a binary distribution over 12 elements. In

this representation (DFT {0,1}12), unit activation denotes the presence of a pitch class (i.e., a C

Major chord [60,64,67,72] would be represented as the vector [1,0,0,0,1,0,0,1]). This chroma

representation reduces chord inversions and octave displacements to an agnostic space, focusing

on functional harmonic clusters.

When inputting this vector into the DFT, we get 12 complex-valued DFT coefficients (ck). As

we saw in Section 5.2.2.5, the DFT components are symmetric, so we only need coefficients one to

six, from which we can encode magnitude and phase information (Quinn, 2006). The magnitude of

the coefficients is typically related to harmonic qualities. On the other hand, the phase reflects the

pitch organization within regional sets, resulting from common-tone pitch proximity arrangements

(Yust, 2015b). Coefficients k = 3 and k = 5 are important in the literature. The phase of these

coefficients is usually associated with spaces shaped like a torus (e.g., the Tonnetz) (Amiot, 2013;

Yust, 2018), capturing triadic voice-leading and tonal region relationships (e.g., the circle of fifths

and common-tone functional harmony).

Because of this geometrical capability, the space constructed from the phase information of

these coefficients is very relevant in the literature, as it is possible to effectively project a wide

range of harmonic objects (e.g., pitch, chords, and regions) within established theoretical hierar-

chies. Within this continuous geometrical space, functional harmonic clusters become highly vis-

ible, as chords sharing similar tonal functions are positioned in proximity to one another. Adopt-

ing L1 pitch class distributions normalization, we can compare and analyze different hierarchies

(Bernardes et al., 2016a), aligning with many music-theoretical and cognitive spaces of interest.

Practical applications of these Fourier phase spaces have been diverse across music theory and

creative practice:

• Analytical Study: Yust (2015b) utilizes the third and fifth coefficients to construct a two-

dimensional phase space, studying the Trio and Adagio from Schubert’s String Quintet

(D. 956), and refining neo-Riemannian concepts to analyze chromatic harmony and triadic

voice-leading.
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• Generative Strategies: Bernardes et al. (2016b) utilizes common-tone phase spaces to de-

sign generative tonal music navigation strategies. These strategies allow navigation through

clustered functional harmonic groups within regional spaces.

• Audio and Mashups: Bernardes et al. (2018); Bernardo and Bernardes (2023) expand these

spaces to the audio domain. In this domain, they facilitate querying large datasets for mu-

sical mashup creation, as compatible audio loops can be retrieved based on common-tone

content within the same regional space.

6.1.2 DFT Phase Space of Pitch Distributions

While there is a lot of research on DFT {0,1}12 spaces, the phase spaces that come from the

128-pitch range (DFT {0,1}128) have not been explored as thoroughly in the literature. Unlike

the former approach, this representation focuses on how pitches are set in a chord, paying special

attention to chord inversions and octave displacements.

Research indicates that DFT {0,1}128 spaces correspond closely to cognitive tonal hierarchies,

forming a common-tone space where overlapping objects within a key create fuzzy clusters. This

configuration establishes a stable tonal hierarchy that notably follows the circle of fifths. While

functional harmonic clusters are less distinct here than in the pitch class space, this geometry is

significantly more sensitive to parsimonious voice-leading and tone retention.

6.1.3 Comparative Geometry of Pitch and Pitch Class DFT Spaces

Figure 6.1: Two-dimensional visualization of major and minor tonalities within the DFT phase
spaces of pitch classes ({0,1}12) and pitch distributions ({0,1}128). Using Locally Linear Em-
bedding (LLE) for dimensionality reduction helps maintain the local symmetries within the space.
Importantly, these spaces completely align, reflecting the relationships found in music theory, like
the circle of fifths and the connections between major and minor regions.
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Figure 6.2: Two-dimensional LLE visualizations of DFT phase spaces for diatonic chords in C
major. The figure depicts DFT {0,1}12 (left), DFT {0,1}128 (center and right), showcasing sensi-
tivity to octave displacement (center figure, where identical chords are displayed across different
octaves) and chord inversions (right figure, where chords are shown in root position and first in-
version).

As shown in Figure 6.1, both the pitch class and pitch distribution spaces exhibit complete

alignment when representing major and minor regions. However, as illustrated in Figure 6.2,

while functional harmonic clusters (e.g., C major diatonic chords) are clearly observed in the DFT

{0,1}12 space, they are less represented in the pitch distribution space. For example, in the DFT

{0,1}128 space, C major and A minor chords do not align with any common tone as they do in

the pitch class space. Despite this, the pitch distribution space more effectively expresses parsi-

monious voice-leading. The relations between articulated chords in this space denote proximity

based on tone retention.

6.2 Methodology: Correlation between Latent and Phase Spaces

This chapter looks into how these theoretical phase spaces mathematically correlate with the latent

representations learned by VAE models. We hypothesize that VAEs, particularly MusicVAE, de-

spite being trained on raw musical data, naturally correlate with DFT phase spaces. Such a corre-

lation suggests that these generative models effectively capture common-tone principles, yielding

organized spaces where functional harmony and voice-leading can be interpreted.

While the previous chapter demonstrated the topological advantages of using an encoding

based on the DFT of pitch distributions, the current experimental framework utilizes a binary

128-element piano roll encoding for the VAE training. The objective is to determine if a model

trained on this standard, non-theoretical representation can internally derive a latent structure that

mirrors formal Fourier-based phase spaces. To make it easier for others to reproduce our results

and continue this investigation, we share the evaluation process code developed, including the

calculation of distance matrices and correlation analysis.1

1https://github.com/NadiaCarvalho/MCM-Latent-Spaces, last accessed January 29, 2026.

https://github.com/NadiaCarvalho/MCM-Latent-Spaces
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6.2.1 Model Architecture and Training

In this experiment, we used the MusicVAE model, designed to understand complex musical pat-

terns thanks to its unique hierarchical structure. Unlike the model used in Chapter 5, which treated

music as a simple flat representation, MusicVAE breaks down musical data into smaller sub-

embeddings, using a conductor-decoder architecture (Roberts et al., 2018). This layered approach

helps the model capture the various levels of musical structure. Therefore, the model performs bet-

ter at representing long-term structural relationships and common-tone transitions, which simpler

models might overlook.

MusicVAE’s architecture employs a recurrent encoder, featuring a two-layer bidirectional

LSTM with 1024 units. The decoder is structured hierarchically, employing a two-layer unidi-

rectional LSTM with a hidden size of 1024 for both the conductor and decoder components. A

latent size of 256 was chosen to significantly diminish input dimensionality while retaining suffi-

cient information for effective reconstruction (Prang and Esling, 2020). Training was conducted

using the Adam optimizer with an initial learning rate of 10−4 and a batch size of 16.

6.2.2 Dataset and Augmentation

Similar to the experiment detailed in Chapter 5, we employ the benchmark prototypical tonal cor-

pus of J.S. Bach’s four-part harmonized chorales (for more information on the JSB corpus, see

Section 5.3.0.1). In the previous chapter, we found that ABC encodings are better for recon-

struction, and DFT from pitch encodings are better for cognitive alignment. However, for this

experiment, we are using the traditional 128-element binary piano roll (without the continuation

extension proposed in Section 5.2.2.1). We chose this representation to inspect whether Music-

VAE can independently uncover the mathematical patterns of Fourier phase spaces. This encoding

helps us maintain important details like chord inversions and voice leading, which can be lost in

symbolic formats like ABC. By doing this, we can better connect with the theoretical DFT models.

In this experiment, we decided to create a custom training method instead of using pre-trained

MusicVAE models. This allows us to keep a close connection between the model’s input and

the theoretical DFT distributions. Most standard MusicVAE models used complex MIDI formats

and were trained on a mix of different music styles, like the Lakh MIDI dataset. By focusing

our training only on the JSB corpus and using simple binary piano-roll encodings, we can make

sure that the model reflects clear tonal principles without the extra complexity that comes from

different music genres or variations in rhythm.

Once more, to ensure MusicVAE develops a generalized understanding of tonal relationships

rather than memorizing specific key frequencies, the following preparation steps were taken. The

corpus was partitioned into a 60% training set and a 40% test set. To avoid the model favoring

predominant keys like G Major or A minor, we made sure to transpositionally augment the dataset

across all twelve keys. By doing this, we ensured that every key got fair representation and kept

training MusicVAE balanced. Similar to the corpus processing described in Section 5.3.0.1, we use
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“salami slice” segmentation, expecting to minimize the impact of rhythmic information, allowing

the VAE to focus primarily on the structural organization of pitch.

6.2.3 Evaluation Methodology

To construct the three distinct geometric representations (MusicVAE latent space, DFT {0,1}12,

and DFT {0,1}128 spaces), basis for our comparison, we follow an equivalent procedure. Each

slice of the musical data is transformed into its respective representation by passing through either

the MusicVAE encoder to obtain a latent vector (z) or the appropriate DFT process to generate a

theoretical phase vector (c). This methodology allows for a direct comparison between the model’s

learned geometry and theoretical constructs.

We establish the alignment between these spaces by calculating pairwise distance matrices for

every slice in the test fold. For the latent space, we employ both Euclidean and cosine distance

metrics. Cosine distance is utilized only for the DFT spaces to specifically capture phase differ-

entiations. The resulting distance matrices are then compared pairwisely using Pearson (r) and

Spearman (ρ) correlation coefficients.

The use of the Spearman rank correlation is particularly significant as it assesses the monotonic

relationship between the spaces. Rather than requiring a strict linear correspondence, this non-

parametric measure determines if the relative ordering of distances between musical segments is

preserved. When this happens, it indicates that MusicVAE has effectively captured the hierarchical

structural relationships inherent in the theoretical DFT space. Correlation values approaching one

signify a strong preservation of these theoretical harmonic relationships within the learned model.

Beyond global regional alignment, this methodology also assesses harmonic hierarchy at the

functional level. While the correlation of distance matrices provides a quantitative measure of

regional proximity, the specific case study of BWV 307 allows us to evaluate the micro-topology

of the latent space. In this case study, we examine whether MusicVAE is able to cluster chords

based on their harmonic roles (e.g., Tonic (T), Subdominant (SD), and Dominant (D) functions),

and how these ’functional clusters’ compare to the theoretical boundaries defined by the DFT

phase spaces.

6.3 Results and Discussion

The experimental results demonstrate a reasonable linear and rank association between the Music-

VAE latent space and the theoretical DFT phase spaces. Two primary observations can be drawn

from the data presented in Table 6.1, which displays the Pearson r and Spearman ρ correlation

values for the corpus’s latent spaces and DFT phase distances.

First, by performing consistently better using the cosine distance for latent space correlation,

our results seem to indicate that MusicVAE’s tonal logic is primarily encoded in the angular orien-

tation (phase) of its vectors rather than their magnitude (e.g., vector length or L2 norms). However,

based on preliminary informal evaluations, the latent space’s magnitude does not correlate with



From Fourier Phase Spaces to Latent Representations: Mathematical Structures in VAEs 96

Table 6.1: Pearson r and Spearman ρ correlation values for the corpus’s latent spaces and DFT
phase distances.

Latent Space DFT {0,1}12 DFT {0,1}128

Correlation Pearson (r) Spearman (ρ) Pearson (r) Spearman (ρ)

Cosine .65± .04 .65± .05 .64± .04 .61± .05
Euclidean .61± .06 .59± .06 .65± .05 .56± .07

either DFT space, meaning that it is probably being used for non-tonal information. To inspect

what information is captured, further research is required.

Secondly, the results reveal that the correlation between MusicVAE’s latent space is only

residually higher with the DFT {0,1}12 space (ρ ≈ 0.65± 0.05) than the DFT {0,1}128 space

(ρ ≈ 0.61± 0.05). According to Section 6.1, this might suggest that MusicVAE primarily iden-

tifies the latent ’semantic’ meaning of harmony as the primary organizing principle, as harmonic

function is primarily captured in DFT {0,1}12 space.

Even though MusicVAE is trained on a 128-bin piano roll representation, including octave

and inversion information, the VAE’s bottleneck forces a prioritization of semantic invariants. In

tonal music, the most powerful invariant is harmonic function. Thus, MusicVAE seems to learn

underlying functional roles over specific register displacements, implying that it prioritizes abstract

pitch-class relationships over literal pitch retention.

Nonetheless, these close correlation values still support interpreting chord distances as parsi-

monious voice leading. A hierarchical tension defines the space: harmonic function organizes it

semantically, while the physical proximity of parsimonious voice leading influences it. In Bach’s

style, these forces mutually reinforce each other, as the most efficient physical voice movements

actively articulate the functional grammar of the chorales.

The nuanced distinction between these two spaces introduces the consideration of style, which

is heavily influenced by the curated corpus used for training. Bach’s chorales are key examples

of functional harmony, but they are also representative of parsimonious voice leading. In chorale

music, the pitch range of the voices often mixes, which creates parsimonious horizontal voice-

leading. Looking at a broader range of music (i.e., different instruments or a variety of composers)

would help us better understand the differences between these two aspects. This comparison could

shed light on how harmonic functions develop while also considering the unique challenges of

leading voices, which vary depending on the musical style and time period.

6.3.1 Case Study: Chorale BWV 307

To further illustrate whether the latent space functions primarily as a common-tone functional

space or a voice-leading space, we examine the opening phrase of J.S. Bach’s chorale BWV 307

(B♭ Major). This phrase provides an ideal case study because its functional harmony is typical of

non-modulating passages, where the model exhibits its highest correlation values. Moreover, the

chords in this passage are formed with concise voice leadings between individual voices.
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Figure 6.3: Comparative two-dimensional LLE visualizations of the latent space (left), the {0,1}12

pitch class DFT phase space (middle), and the {0,1}128 pitch distribution space (right) for the
opening phrase of J.S. Bach’s chorale BWV 307. Tonal functional clusters are distinguished by
color and marker type: Tonic (T) in ×, Dominant (D) in ◦, and Subdominant (SD) in ⋆. The
plots illustrate how the latent space effectively preserves, and in certain instances clarifies, the
functional organization found in theoretical common-tone phase spaces.

6.3.1.1 Geometric Visualization through LLE

Figure 6.3 showcases a two-dimensional visualization of the latent space alongside the DFT phase

spaces for pitch classes and pitch distributions. We utilize Locally Linear Embedding (LLE) for

dimensionality reduction. We chose this algorithm because it is known to preserve local structures

and capture the intricate, nonlinear relationships inherent in tonal manifolds (Roweis and Saul,

2000).

In these visualizations, the tonic (T), dominant (D), and subdominant (SD) functions are dis-

tinguished by color and shape (×, ◦, and ⋆, respectively). The latent space shows apparent differ-

ences in the harmonic function groupings. In fact, the way these functional groups are separated

is even more straightforward than in the DFT {0,1}128 space. In the latter, for example, the initial

subdominant chord blends into the tonic cluster. This indicates that the latent space might actu-

ally provide a more refined organization of functions compared to what we see in DFT theoretical

spaces.

We believe that the way MusicVAE improves its understanding of music is because it works

as a syntactic filter. While traditional DFT methods focus narrowly on the musical characteristics

of individual chords, our model, based on a recurrent architecture, can learn broader patterns from

the rich harmonic styles found in Bach’s music, like common progressions such as I− ii−V − I.

As voice-leading choices can be more diverse per chorale than harmonic function, the structural

learning process of MusicVAE seems to better generalize tonal functions. This implies that the

model does not just replicate theoretical music concepts. Rather, it reshapes them into a clearer

understanding of how tonal music works.
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6.3.1.2 Sequential Proximity and Stylistic Influence

Figure 6.4 illustrates the chords of BWV 307, ordered by their proximity to the initial chord (chord

0). Even though the excerpt follows a parsimonious style of voice-leading, keeping one note

stable from the previous chord while the others shift slightly, the bass note stylistically exhibits

more significant jumps.

Figure 6.4: Analysis of the initial phrase of J.S. Bach’s chorale BWV 307 (B♭ Major). The musical
sequences are organized as follows: (1) the original temporal sequence with functional harmonic
analysis; and the chords ordered by proximity to the initial chord (chord 0) within (2) the VAE
latent space, (3) the {0,1}12 pitch class DFT space, and (4) the {0,1}128 pitch distribution space.
Red annotations indicate the number of common tones shared with chord 0, while boxed groups
denote chords with equivalent distances to the reference.

In line with our corpus-wide findings, the sequential ordering indicates similar rankings through-

out all spaces. This confirms that the distances in the latent space correspond with DFT hierarchi-

cal representations. Specifically, MusicVAE’s latent space aligns with a transpositional rotational

space that preserves the circle of fifths and the relationships between relative major and minor

tonal regional spaces.

On analysing the figure, we can perceive two intriguing examples where the latent space devi-

ates from DFT theoretical expectation regarding voice-leading. The first example is the proximity

of chords seven and eleven, likely due to the training data, where the transition from chord 0 to

7 occurs more frequently than from 0 to 11. The second example happens between chords one

(ii7) and 13 (V ). While voice-leading logic might suggest chord 1 is closer due to interval size,

the latent space places chord 13 closer to the tonic. This aligns with the higher prevalence of I−V

transitions in the Bach corpus compared to I− ii7.
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6.3.1.3 Conclusion of the Case Study

The observations in this case study underscore a fundamental characteristic of MusicVAE: in the

context of Bach chorales, the latent space tends to prioritize harmonic function over voice leading.

Furthermore, because of the model’s recurrent learning capability, it incorporates the statistical

likelihood of harmonic progressions into its geometric distance. Consequently, the latent space

represents a synthesis of theoretical ground truth and the specific compositional grammar of the

training corpus.

6.4 Summary: Musicological and Creative Implications

The findings presented in this chapter demonstrate that the MusicVAE latent space transcends sim-

ple data compression, functioning instead as a geometrically meaningful representation of tonal

logic (Carvalho and Bernardes, 2024b). The robust correlation coefficients establish a formal link

between learned computational structures and established music theory.

The subtle discrepancy in correlation values, where the pitch class space (ρ ≈ .65) outperforms

the pitch distribution space (ρ ≈ .61), reveals a crucial hierarchical trade-off in how generative

models encode harmony. The VAE’s optimization process prioritizes high-level tonal regions and

functional clusters over granular voice-leading details. This suggests that the model is primarily

semantically driven, favoring the organization of harmonic roles (Tonic, Dominant, Subdominant)

as defined by pitch-class relationships.

These results provide a window into the stylistic characteristics embedded within the model.

The deviations observed between the latent space rank and the theoretical DFT phase space are not

necessarily computational errors. Rather, they highlight the specific harmonic and voice-leading

conventions of the J.S. Bach chorale corpus. The latent space captures the transition frequencies

and sequence of events unique to this style, prioritizing harmonic function in a manner that mirrors

the compositional logic of the training data.

The ability of a VAE to internally derive structures that align with Fourier-based phase spaces

opens new avenues for explainable AI in musicology. Future work involves exploring how these

DFT phase spaces can be explicitly incorporated into the VAE’s loss function as external regular-

ization terms. This would transform the VAE from a purely data-driven model into a structurally

hybrid system, guided by both statistical patterns and rigorous theoretical principles.

By exposing the rotational symmetries and topological continuities inherent in pitch-class dis-

tributions, we have established a framework where musical meaning is encoded as spatial distance.

This provides the necessary foundation for the following chapter, which investigates how these

high-dimensional maps, now proven to be in tune with theoretical phase spaces, can be navigated

as interactive landscapes for both rigorous musicological analysis and real-time creative practice.



Chapter 7

Sampling Strategies for Musical
Generation in Tonal Latent Spaces

The previous chapter presented empirical evidence of alignment between the MusicVAE’s latent

space and DFT phase spaces. In this sense, comprehending that this latent space representation

preserves the geometry of music theoretical hierarchies, our next question arises: “How can one

navigate and sample these spaces to produce musically coherent and expressive results?”

This chapter examines different strategies of sampling music that help explore new ideas while

still following traditional tonal musical rules. It focuses on finding a balance between creativity

and structure, showing how specific methods can maintain predictable harmony (i.e., grammar,

functional harmony, and parsimonious voice leading) while allowing for novel musical ideas. Tra-

ditionally, we can explore the smooth VAE latent space by using traditional linear interpolation.

However, this approach has a drawback. While it is effective for connecting two musical segments

(A and C), it can lead to paths that go through areas that produce musically incoherent or invalid

results. To tackle this issue, we look at different sampling methods, including a discrete approach

to linear interpolation, as well as discrete k-nearest neighbors and an angular-aligned version of

k-nearest neighbors. Ultimately, the chapter aims to reveal how computers can balance creative

diversity with musical coherence.

The chapter’s outline starts by defining navigation within latent spaces in Section 7.1. Then,

Section 7.2 delineates the proposed sampling strategies that will be the basis for our experiment.

Subsequently, in Section 7.3, we will describe the methodological approach for our experiment,

which intends to evaluate the efficacy of these sampling strategies within the JSB corpus, adhering

to stylistic and structural constraints of tonal harmony. Section 7.4 will present and examine the

results of the experiment. At last, Section 7.5 concludes the chapter, offering a summary of our

experiment and its principal implications to construct true interactive generative systems.

100
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7.1 The Interpolation Problem in Latent Space

Computer music generation using deep learning models usually requires interpolating between

two different existing musical ideas (Briot and Pachet, 2020). The process requires establishing a

connection between their respective vectors (i.e., A⃗ and C⃗), which represent musical elements in

latent space. Still, the learned manifold presents a challenge because it contains essential musical

information that exists in a highly complex, non-linear framework. Within this learned space, the

linear interpolation (LI) technique is the most usual approach, as it requires less computational

power. However, its implementation usually results in artifacts because it needs to follow the

musical rules that exist in the training material (Ji et al., 2023).

7.1.1 Sampling Strategies and Latent Space Topology

Outside of LI, the literature identifies several strategies for sampling VAE spaces to ensure gener-

ated materials remain musically coherent. For example, while LI works under the assumption of a

straightforward geometric Euclidean space, in reality, the high-dimensional Gaussian distributions

of VAE models often tend to gather their data points along the surface of a hypersphere (Jiménez

and Landgrebe, 1998). Consequently, Spherical LI is frequently applied to navigate the shell of

the distribution more effectively (White, 2016).

Furthermore, to fill up the space or generate variations, stochastic decoding (Yingzhen and

Mandt, 2018) and Attribute Vector manipulation (Roberts et al., 2018) allow for targeted sam-

pling, identifying specific directions in the underlying structure of music (e.g., rhythmic density

or melodic contour). Using this information, we can intentionally choose points that meet specific

musical or stylistic requirements, instead of just randomly moving from point A⃗ to point C⃗.

7.1.2 Continuous Space vs. Discrete Sampling

Departing from our experiments in Chapter 6, we employ a MusicVAE architecture, which utilizes

a hierarchical recurrent decoder composed of a conductor RNN that breaks the latent vector into

smaller, bar-level embeddings, which are then passed to a lower-level sub-decoder (Roberts et al.,

2018). This structure enforces a global temporal coherence that a standard VAE lacks, ensuring

that the interpolated middle chord (B′) remains contextually grounded between A and C.

While the MusicVAE latent space is mathematically continuous, musical language (particu-

larly the Bachian chorale) is fundamentally discrete. A raw coordinate sampled from the center

of the manifold might decode into a hallucinated chord that lacks a clear functional identity or

violates the strict voice-leading rules of the corpus. These regions are often referred to as latent

dead zones where the model’s generative confidence is low (Bryan-Kinns et al., 2021).

To address this, our experiment focuses on discrete sampling strategies. In this sense, instead

of randomly picking a point along the linear path between two musical elements, we treat the

latent space as a searchable dictionary of existing musical states. Employing this methodology

ensures that the sampled points are connected to the real musical elements that the model learned
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from, helping to balance the free-flowing nature of its creativity with the specific rules of music

harmony.

7.2 Comparative Sampling Strategies

Taking into account the requirement for sampling discrete points within MusicVAE’s continuous

manifold, we propose three primary strategies to navigate the latent space. Our main objective is

to evaluate how different navigation geometries affect the stylistic fidelity of generated transitions,

following the musical rules defined by Bach. We define this fidelity not as an abstract quality,

but as the ability of the system to select a bridge chord (we will call it B⃗′) that keeps functional

harmonic logic and parsimonious voice-leading consistent with the J.S. Bach corpus.

By testing these strategies on three-chord Bach sequences, we transition from theory to a prac-

tical challenge: figuring out which mathematical approach best navigates the musically incoherent

zones within the latent space. We seek to understand how the geometry of movement (linear vs.

directional) and the method of selection (distance-based vs. trajectory-based) affect the quality of

the generated chord sequences. We have selected the following three strategies to represent a pro-

gression of solutions to the topological challenges of VAEs, which we will detail in the following

sections:

1. Linear Interpolation with discrete re-quantization (LI): This serves as our experimental

baseline. It tests the naïve assumption that the latent space is Euclidean. By snapping a

continuous linear midpoint to the nearest existing chord in the corpus, we can determine if

simple geometric proximity is sufficient to preserve tonal function.

2. k-Nearest Neighbors (k-NN): This strategy is motivated by the density-based nature of

the learned manifold. Rather than following a geometric path, k-NN prioritizes the neigh-

borhood of valid data points. This allows us to test if staying anchored to the model’s

highest-confidence regions (the training data) outperforms the calculated paths of standard

interpolation.

3. k-Nearest Neighbors with Angular Displacement (k-NN+AD): This strategy is specifi-

cally designed to account for the hyperspherical topology of Gaussian latent spaces. Since

high-dimensional data often clusters on a shell where direction is more meaningful than

Euclidean distance, we use this method to see if preserving the “tonal momentum”1 yields

more stylistically natural substitutions. While Spherical LI is a standard navigation strat-

egy within Gaussian manifolds, our focus on discrete re-quantization renders the specific

curvature of the path secondary to the local density of the corpus. Therefore, we employ

k-NN+AD as our representative strategy for capturing the manifold’s non-linear orientation.
1Tonal momentum refers to the directional flow or angular trajectory between chords within a high-dimensional

latent musical space. Rather than just measuring the raw spatial distance between two isolated musical elements, tonal
momentum captures the concept that the geometric orientation of a vector in this space carries specific functional and
musical meaning, such as a phrase’s forward movement toward a dominant chord or a cadential resolution.
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7.2.1 Linear Interpolation (LI)

Conventional generative music methodologies using VAE latent spaces often entail sampling via

linearly interpolated coordinates between two designated musical elements (i.e., chords, measures,

or phrases), existing across different time scales (Pati et al., 2019; Prang and Esling, 2020; Ji et al.,

2023). As our baseline control, linear interpolation (LI) tests the most direct path between two

points in the n-dimensional space. For this method, we calculate a predetermined number of

points at equal intervals between the starting vector A⃗ and the ending vector C⃗ using the equation:

B⃗ = (1− t) · A⃗+ t ·C⃗ , (7.1)

where t ∈ [0,1] serves as the interpolation parameter. This parameter determines the weight of

the destination point, aiming to facilitate smooth transitions based on the assumption of a contin-

uous musical spectrum (Mi et al., 2021).

To bridge the gap between this continuous mathematical path and the discrete nature of Bachian

harmony, we apply discrete re-quantization. For every calculated midpoint B⃗, we search the la-

tent dictionary for the discrete chord point with the minimal Euclidean distance. This strategy is

specifically chosen to quantify the straight-line failure hypothesized in Section 7.1.1. By forcing

the interpolation to snap to real data points, we measure whether the shortest geometric path in

latent space corresponds to a stylistically valid path in musical space, or if it instead drifts through

functionally ambiguous latent dead zones (Bryan-Kinns et al., 2021).

Figure 7.1 illustrates this technique. Starting from points A⃗ and C⃗ within the latent space,

a midpoint is generated by setting t = 0.5. The blue circles represent discrete chords projected

into the latent space, while the dark-green hexagon represents the calculated linear midpoint. In

this specific scenario, the nearest discrete point happens to be the original chord B⃗. Therefore, to

explore novel variations, the sampled B⃗′ chord corresponds to the subsequent nearest neighbor in

the discrete latent dictionary.

7.2.2 k-Nearest Neighbors (k-NN)

Moving beyond the baseline, the k-nearest neighbors (k-NN) algorithm addresses the structural

reliability of the generation. Even though the MusicVAE latent space is mathematically con-

tinuous, music itself is made up of discrete elements. Instead of just taking the middle point

between two elements as a potentially valid option, we see the latent space as a rich map where

nearby elements show local musically-meaningful patterns that might be overlooked by global

linear sampling strategies (Huron, 2001).

The k-NN strategy helps us find musical elements that are similar to each other based on these

local patterns. The generated music maintains the existing styles of the dataset because the output

only includes actual chords from the corpus, which creates authentic musical compositions that

use real, functional, corpus-based chords. In the process, as shown in Figure 7.2, we calculate how

similar a target music chord B⃗ is to all other chords in a multidimensional space. By finding the

k closest chords, we can test if local data density is a better predictor of stylistic fidelity than raw
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Figure 7.1: Sampling procedure for a synthetic chord B⃗′ using traditional linear interpolation
between selected chords A and C. Discrete chords from the corpus are projected into the latent
space (blue circles). The geometric midpoint (dark-green hexagon) is calculated as z⃗ = 0.5A+
0.5C. Because this coordinate does not necessarily coincide with an existing musical element, the
system samples the nearest available data point (B⃗) or, to increase variation, the second nearest
neighbor (B⃗′).

geometric position. These neighbors serve as candidates for sampling, providing a diverse set of

potential chords that are functionally and stylistically related to the target (Dasarathy, 1991).

As displayed in Figure 7.2, we use the vector B⃗ to establish a base point, which it will use to

locate a replacement vector. The search process occurs within the area that extends from the center

to the k nearest neighboring points, which the system identifies through its red dotted line (here it

indicates a distance of three units, k = 3). The closest candidate according to the chosen distance

metric is notated as B⃗′′. With this strategy, we intend to preserve Bach chorale corpus styles by

using latent space movements that connect adjacent points through their established harmonic and

voice-leading boundaries.

7.2.3 k-NN with Angular Displacement (k-NN+AD)

The final strategy, k-NN+AD, is our most specialized approach, designed to preserve tonal mo-

mentum. This method is motivated by the topological nature of high-dimensional Gaussian man-

ifolds. As recently demonstrated by Ascarate et al. (2025), the generative capacity of VAEs is
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Figure 7.2: Sampling a substitute chord B⃗′′ using k-nearest neighbors (k-NN). Discrete chords
from the corpus are projected into the latent space (blue circles). For a given target vector B⃗, the k
nearest neighbors (here, k = 3) are identified within the local neighborhood defined by the dotted
red boundary. The sampled point B⃗′′ is selected from this verified subset, ensuring the output
remains anchored to valid data points while avoiding the low-density regions of the manifold.

significantly improved by utilizing hyperspherical coordinates, reinforcing the principle that in

these spaces, the orientation of a vector is often more musically significant than its magnitude

(Dong et al., 2019). By applying an angular filter to the sampling process, we test the hypothesis

that maintaining the relative trajectory of a musical progression ensures more coherent functional

resolutions.

To implement this strategy, we first select the k-nearest neighbors for our target vector B⃗ (usu-

ally, we select bigger k values than in the standard k-NN approach to broaden our selection pool).

From this group, we prioritize the points that follow the same direction from the starting vector

A⃗. Therefore, we create a reference vector, A⃗B, that represents the original musical transition

and calculate the angular difference to the other candidate vectors that go from A⃗ to the potential

neighbors. This similarity is measured using cosine similarity:

similarity = cos(θ) =
A⃗B · A⃗Bk

∥A⃗B∥∥A⃗Bk∥
(7.2)

As illustrated in Figure 7.3, k-NN+AD leverages the geometric flow of the latent path. A

candidate point is selected as the optimal substitute as the optimal substitute (B⃗′′′) if it exhibits the
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minimal angular deviation. This happens even if it is not the absolute closest neighbor in terms of

Euclidean distance. Thus, the mathematical direction of the latent path is translated into coherent

musical transitioning, hopefully mirroring the common-tone and functional flow prevalent in the

Bach chorale corpus.

Figure 7.3: Sampling procedure for substitute B⃗′′′ using k-NN+AD relative to the trajectory [⃗A, B⃗].
Discrete corpus chords are represented by blue circles, with the k nearest neighbors of B⃗ identified
within the red dotted boundary. The dark-green arrow denotes the original latent vector A⃗B. The
light-green arrows represent the vectors from A⃗ to each neighbor candidate. The selection of point
B⃗′′′ is attributed to the point whose vector exhibits the minimal angular deviation from the original
path, prioritizing directional continuity over raw proximity.

This strategy builds on the phase-based organization discussed in Chapter 6. By focusing on

the trajectory, we aim to keep the substitute chord in the same tonal direction as the original. This

way, we respect the strict voice-leading and functional constraints of tonal harmony while also

giving room for stylistic variation.

7.3 Evaluation Methodology

With the sampling strategies defined in Section 7.2, we are now able to detail the methodology of

our experiment. The experiment seeks to determine the effectiveness of each sampling strategy to

navigate the latent space, while respecting the stylistic and structural constraints of tonal harmony

imposed by the corpus of Bach’s chorales.
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The implementation code and supplementary data for the experiment have been made avail-

able online.2 Furthermore, we provide an interactive platform3 that allows users to explore the

high-dimensional space of the J.S. Bach chorale corpus in real-time. They can sample from the

space, using chorale sequences as references, and see how the different strategies change the chord

outcome. It connects complex math concepts with a more intuitive and hands-on experience.

The evaluation process is structured into two distinct phases. First, we use quantitative analysis

to evaluate how accurately the generated trajectories match up with musical expectations. This

means measuring how far the generated chords are from the original within a tonal phase space.

With this evaluation, we want to make sure that the created chord sequences stay in musically

coherent areas. The second phase of this evaluation consists of a qualitative musical analysis based

on two case studies: 1) an authentic cadence in D Major (BWV 184.5) and 2) a half cadence in B

Minor (BWV 311). The goal of this evaluation is to test, in critical musical contexts, whether these

strategies capture key principles such as functional chord substitution and parsimonious voice

leading. This dual approach allows us to verify if the latent space’s structural fluidity remains

anchored in the underlying grammar of the Bachian style.

7.3.1 Materials: Model and Dataset

The foundational materials used for this experiment are the same ones introduced in the previous

chapters: MusicVAE as the core VAE model and J.S. Bach chorales as the representative corpus

of tonal functional harmony. Here, we summarize the specific parameters used for this evaluation.

To construct the latent space, we utilize MusicVAE. This architecture features a bidirectional

LSTM encoder (two layers of 1024 units) and a hierarchical unidirectional LSTM decoder. A

latent size of 256 is selected to balance dimensionality reduction with information density (Prang

and Esling, 2020). The model is trained on binary 128-element salami slice piano roll encodings,

capturing intricate pitch changes as they occur on the musical surface.

The stylistic consistency of the 371 J.S. Bach chorales (i.e., stable textures, limited pitch reg-

isters, and precise harmonic rhythms) makes them an ideal benchmark for studying latent har-

monic organization. The corpus, obtained through the music21 library, features a nearly equal

distribution of major (53%) and minor (47%) keys. For training, we utilize 60% of the chorales,

augmented through twelve-tone transposition, while the remaining 40% are reserved for testing.

7.3.2 Experimental Hypothesis

The central research hypothesis of this study is that using density-based discrete methods to nav-

igate the latent space will achieve better stylistic accuracy with Bach’s musical corpus than using

continuous geometric methods. We established three specific testable predictions to define the

sampling strategies’ fidelity:

2https://github.com/NadiaCarvalho/SMC-BachLatentNavigation, last accessed January 29, 2026.
3BachLatentNavigator is available at https://nadiacarvalho.github.io/BachLatentNavigator/,

last accessed January 29, 2026.

https://github.com/NadiaCarvalho/SMC-BachLatentNavigation
https://nadiacarvalho.github.io/BachLatentNavigator/
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• H1: Mitigation of the Latent Dead Zone Effect: We hypothesize that LI, even with re-

quantization, will consistently produce the highest mean distance in the TIV-weighted pitch

space (Eq. 7.4). This would confirm that a straight-line path bypasses functional clusters,

resulting in chords that lack clear Bachian identity.

• H2: Functional Substitution via Proximity: We predict that k-NN will produce the lowest

mean distance to the original corpus. This assumes that the latent space’s local topology

accurately encodes harmonic functions, allowing for substitutions that maintain the same

vertical sonority and structural role as the training data.

• H3: Directional Preservation of Tonal Momentum: We anticipate that k-NN+AD will be

better at preserving the trajectory of a phrase. Specifically, while k-NN may optimize for raw

chord similarity, k-NN+AD’s created transitions will better reflect directional voice-leading

and functional resolutions (e.g., V-I cadential flows) of the original sequences.

7.3.3 Computational Method

To test these hypotheses, we conduct a large-scale comparative analysis across 28,600 test se-

quences (15,276 major and 13,324 minor). The experiment follows a three-step pipeline: 1) we

extract original latent trajectories [⃗A, B⃗,C⃗] from the test set; 2) for each sequence, we remove the

middle chord B⃗ and generate a replacement B⃗′ using our three strategies (LI, k-NN, k-NN+AD);

and 3) to quantify the musicality of the replacement, we project the resulting chords into a Tonal

Interval Vector (TIV) space.

In the TIV framework, chords are represented as chroma vectors cn and transformed into a

weighted pitch-class DFT space using the equation:

T (q) = wq

N−1

∑
n=0

c̄ne
− j2πqn

N , 1 < q < 6 (7.3)

where N = 12 and wq are weights derived from empirical dissonance ratings (Almeida et al.,

2022). This transformation is essential because it allows us to calculate the perceptual distance

between the model’s output and Bach’s original intent. The stylistic fidelity is calculated as the

Euclidean distance between the generated vector T⃗ (q)gen and the original vector T⃗ (q)orig:

d{T1(q),T2(q)}=

√√√√ M

∑
q=1
|T1(q)−T2(q)|2 (7.4)

7.3.4 Result Interpretation

By analyzing the mean d values across the corpus, we provide a quantitative indicator of which

sampling method most closely adheres to the underlying logic of J.S. Bach’s harmonic language.

To provide context for the distances reported in Table 7.1, as the space is not normalized, we

establish a set of reference distances within the TIV space for the key of C Major.
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Within this framework, a distance of ≈ 4.5 represents a high-similarity common-tone sub-

stitution, such as the relationship between C major (I) and A minor (vi). A standard functional

movement, such as the perfect fifth between C major (I) and G major (V ), yields a distance of

≈ 9.0, while a more dissonant diatonic relationship like C major (I) and B diminished (viio) results

in a distance of ≈ 14.5. Finally, a move to a tritone-distant key, such as C major (I) to F# major,

produces a distance ⪆ 22.0.

These baseline values were calculated by projecting the chroma vectors of standard triads into

the TIV space using the weighted DFT parameters wq. Thus, the resulting Euclidean distances

are a direct consequence of the common-tone overlap and the dissonance-based weights used to

calibrate the manifold.

7.4 Results and Discussion

The comparative analysis of sampling strategies reveals significant differences in their ability to

maintain the structural and stylistic integrity of the Bach chorale corpus. Table 7.1 summarizes

the mean distances between the sampled candidates (B⃗′) and the original chords (B⃗) across major,

minor, and combined datasets.

Table 7.1: Results of the comparative analysis regarding the perceptual relatedness of the chord
sampling strategies across major, minor, and combined datasets.

Metric Strategy Major Minor All

Euclidean
Linear Interp. 19.6±6.8 20.5±6.8 20.1±6.8
k-NN 9.6±4.3 10.2±4.5 9.5±4.3
k-NN+AD 10.0±4.6 10.7±4.8 9.9±4.5

Cosine
Linear Interp. 19.7±7.2 20.6±7.2 20.1±7.2
k-NN 9.5±4.2 10.2±4.4 9.4±4.2
k-NN+AD 10.0±4.6 10.8±4.8 9.8±4.5

7.4.1 Quantitative Performance Analysis

The results presented in Table 7.1 provide strong empirical support for our primary hypotheses.

Most notably, H1 is confirmed by the poor performance of LI. Across all datasets, LI yielded a

mean Euclidean distance of ≈ 20.1. When compared to our benchmarks in Section 7.3.4, this

value approaches the distance of a tritone-distant chromatic chord (d > 22.0). This confirms

that a straight-line path in the latent space often bypasses the functional clusters established in

the training data, landing instead in musically neutral zones that lack specific functional identity

within the Bachian style.

Similarly, the results strongly support our second hypothesis. The k-NN strategy consistently

achieved the highest degree of perceptual similarity, with mean distances (ρ ≈ 9.5) approximately



Sampling Strategies for Musical Generation in Tonal Latent Spaces 110

half those of the linear baseline. This value aligns almost perfectly with our benchmark for func-

tional proximity (I → V at d ≈ 9.0), indicating that k-NN successfully identifies candidates that

reside within the same diatonic and functional neighborhood as the original intent.

The k-NN+AD strategy followed closely (ρ ≈ 9.9). However, contrary to H3, the addition of

angular constraints did not yield a statistically significant quantitative improvement in perceptual

similarity over standard k-NN. While k-NN+AD respects the trajectory of the phrase, the raw

proximity of k-NN appears to be a more reliable indicator of vertical harmonic validity.

7.4.2 Qualitative Musical Analysis: Case Studies

To evaluate whether these strategies capture key principles such as functional chord substitution

and parsimonious voice leading, we examine two specific case studies.

7.4.2.1 Case Study 1: BWV 184.5 (D Major Cadence)

In Figure 7.4, we examine an authentic cadence in D Major derived from J.S. Bach’s BWV 184.5.

The figure displays the original sequence ([⃗A, B⃗,C⃗]) alongside the top five discrete chord candidates

generated by each strategy to replace the middle dominant chord (B⃗). These candidates are ordered

by their proximity to the target coordinate, providing a clear visualization of how each algorithm

perceives the functional space.

Both k-NN and k-NN+AD strategies successfully identify candidates within the Dominant

functional space, maintaining the original harmonic intent. While k-NN yielded a smoother bass

line interpolation, k-NN+AD provided intriguing options for the upper voices, with the third and

fourth candidates demonstrating resolution in opposing directions, a frequent attribute of Bach’s

contrapuntal style.

In contrast, LI failed to maintain the cadential function. Because the original dominant chord

is functionally distant from the surrounding tonic chords, the linear path pulled the sampled candi-

dates back toward the tonic center. This resulted in transitions that lacked the necessary harmonic

tension for a cadence, favoring common-tone retention at the expense of functional logic.

7.4.2.2 Case Study 2: BWV 311 (B Minor Half Cadence)

A similar pattern emerged in the minor domain (Figure 7.5). For this half cadence ending on

the dominant, LI again prioritized voice leading relative to the starting and ending points, thereby

compromising the dominant function. The resulting chord was perceived as stylistically incoherent

within the B-minor context, falling into the highly dissonant diatonic relationship range of our

benchmarks.

While k-NN and k-NN+AD produced similar outcomes, k-NN was judged superior in this

specific context. The k-NN+AD selection introduced a leap of a fourth in the upper voice, which,

while directionally consistent in the latent space, proved less stylistically natural for a Bach chorale

than the neighbor-based selection.
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(a) Original sequence

(b) Linear Interpolation

(c) k-nearest neighbors

(d) k-nearest neighbors and angular displacement

Figure 7.4: Original sequence, derived from the cadence of the first phrase of J.S. Bach’s Chorale
BWV 184.5 in D Major, along with five optimal sampling candidates using the three different
sampling strategies, ordered by closeness to the original. For each strategy, we present the tonal
functions within the phrase, the number of the chord in the dataset of all chords, and the distance
metric calculated, i.e., in k-NN and k-NN+AD, we present the Euclidean distance (dist) from
the candidate point to the original, plus angular distance for k-NN+AD. For LI, we present the
Euclidean distance from the candidate point to the interpolated continuous point in the latent space
(dist) and the distance to the original chord (dist to B⃗).
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(a) Original sequence

(b) Linear Interpolation

(c) k-nearest neighbors

(d) k-nearest neighbors and angular displacement

Figure 7.5: Original sequence, derived from the cadence of the first phrase of J.S. Bach’s Chorale
BWV 311 in B Minor, along with five optimal sampling candidates using the three different sam-
pling strategies, ordered by closeness to the original. For each strategy, we present the tonal
functions within the phrase, the number of the chord in the dataset of all chords, and the distance
metric calculated, i.e., in k-NN and k-NN+AD, we present the Euclidean distance (dist) from the
candidate point to the original, plus angular distance for k-NN with angular displacement (ang).
For linear interpolation, we present both the Euclidean distance from the candidate point to the
interpolated continuous point in the latent space (dist) and the distance to the original chord (dist
to B⃗).

7.4.3 Synthesis: Functional Priority vs. Geometric Pathing

The failure of linear interpolation confirms that the MusicVAE latent space is non-linear with

respect to functional harmony. A straight line between two tonics does not necessarily pass through
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the dominant, even if a dominant chord is the musical midpoint of the sequence.

Furthermore, while angular displacement was intended to enhance voice-leading continuity,

the results suggest that the latent space’s existing clustering (as captured by standard k-NN) already

encodes much of the necessary stylistic information. The latent space thus functions as a semantic

map where proximity inherently accounts for both functional role and, to a significant extent,

the parsimonious voice-leading patterns prevalent in the training corpus. k-NN proves to be the

most robust strategy for maintaining the grammatical integrity of the music. At the same time,

k-NN+AD offers a specialized alternative for cases where the directional momentum of the phrase

is the primary compositional concern.

7.5 Summary: Implications for Interactive Generative Systems

The experimental results presented in this chapter confirm that k-NN and k-NN+AD are better

strategies for transitioning from abstract latent space structures to musically meaningful output.

Our analysis demonstrates that LI is inadequate for navigating complex tonal manifolds. By failing

to respect the non-linear functional clusters of the latent space, LI frequently produces transitions

that are harmonically stagnant or stylistically inconsistent (Carvalho and Bernardes, 2024a).

The distinct performance characteristics of k-NN versus k-NN+AD provide a foundational

design principle for future co-creative tools. While k-NN proved superior in maintaining the local

continuity of the bass line and parsimonious voice-leading, k-NN+AD demonstrated a unique

capacity for preserving the directional tonal momentum of a phrase. Accordingly, both strategies

ensure that the overarching harmonic function of the chords remains stable even when introducing

variation.

For the developer of interactive generative systems, these findings suggest the implementation

of a hybrid control scheme. Rather than relying on a single navigation algorithm, a composer-

centric interface could offer a specialized blending mechanism. In this framework, k-NN serves

as the primary mode for voice-leading focus, proving ideal for tasks requiring smooth, step-wise

transitions and textural consistency. Alternatively, k-NN+AD provides a robust harmonic-function

focus, supporting generative tasks that demand strong functional logic and precise directional

movement through the circle of fifths.

By providing such fine-grained, musically intuitive control, we move away from treating the

VAE as an opaque black box and instead transform the latent space into a flexible, interactive

canvas for guided musical creation. Consequently, having established the theoretical alignment of

the latent space (Chapters 5 and 6) and the optimal strategies for navigating its terrain (Chapter 7),

the research now shifts from analysis to implementation. The following chapter details the de-

velopment of a topological instrument designed to put these findings into practice, exploring how

these hybrid navigation strategies are integrated into a real-time interface that allows composers

to explore the Bach-style manifold through gestural and semantic control interactively.



Chapter 8

BroadcastJSB: Navigating Disentangled
Harmonic Spaces

This chapter details the design and implementation of BroadcastJSB,1 a web-based interactive

application that translates the theoretical findings of the preceding chapters into a creative tool.

The motivation for developing BroadcastJSB stems from a fundamental tension in contem-

porary AI-based generative music. As established in the Chapter 3, while deep learning models

offer immense generative power, their multidimensional neural connections often introduce pro-

found opacity into the creative process. This creates a black box effect that distances the composer

from the underlying structural logic, resulting in a “control gap” where interaction relies on ab-

stract statistical matching rather than intentional musical foresight. To overcome this, generative

models must be transformed from unpredictable black box generators into transparent, navigable

interfaces.

This application builds upon foundational efforts to create smart tools for harmonic content

transformation, such as the HarT system (Cocharro and Bernardes, 2017), which demonstrated the

value of allowing users to intuitively recreate the harmonic surface of a composition while strictly

retaining its underlying rhythmic and tonal function structure. By merging knowledge-based rules

with learning-from-example approaches, tools like HarT address the lack of long-term structure in

generative music. BroadcastJSB extends this philosophy into the realm of deep learning, utilizing

the topological geometry of the latent space itself as the site of interaction.

Through Chapters 5 and 6, we demonstrated that variational autoencoders (VAEs), particu-

larly when utilizing spectral representations like the Discrete Fourier Transform of pitch (DFT-

P), naturally organize their latent spaces to reflect cognitive tonal pitch spaces and theoretical

Fourier phase spaces. However, as Chapter 7 revealed, navigating this continuous mathemati-

cal space poses a distinct performative challenge: simple linear interpolations frequently become

trapped in “latent dead zones,” generating functionally ambiguous or musically incoherent arti-

facts. BroadcastJSB was developed to explicitly solve this interpolation problem by operational-

izing intent-aware sampling strategies, specifically k-nearest neighbors (k-NN) and k-NN with

1https://nadiacarvalho.github.io/BroadcastJSB/, last accessed January 29, 2026.
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angular displacement (k-NN+AD), allowing for the retrieval of discrete, stylistically valid chords

that preserve the formal voice-leading and “tonal momentum” of the original corpus.

Ultimately, the creative purpose of BroadcastJSB is to realize the musical work as a mutable

interface. By leveraging the metaphor of an analog latent space radio receiver, the system imple-

ments Explainable AI (XAI) at the interface level, bridging the gap between abstract mathematical

manifolds and the tactile experience of musical discovery. It deliberately defamiliarizes the J.S.

Bach canon, shifting the creative experience from passively “listening to a score” to actively “ex-

ploring a style.” By adjusting a tuning dial to introduce calculated “drift,”2 the user is empowered

to navigate validated functional clusters, discover geometric transitions, or creatively extrapolate

the harmonic trajectory of the chorales into highly chromatic, high-entropy territories. In doing so,

BroadcastJSB transforms the J.S. Bach corpus into a fluid, navigable territory, where the machine

acts as a legible, symbiotic partner in the real-time exploration of common-practice tonality.

The remainder of the chapter is structured as follows. Section 8.1 introduces the core con-

cept of BroadcastJSB as a latent space radio receiver, where users manipulate a tuning dial to

introduce drift and dynamically re-harmonize the Bach canon. Section 8.2 details the system’s bi-

furcated architecture, bridging offline manifold encoding with a highly responsive real-time web

pipeline. Next, Section 8.3 outlines the three decoder strategies that operationalize user agency:

the NEAR (k-NN) mode for localized variations, the MIDPOINT (linear interpolation, LI) mode

for geometric transitions, and the VECTOR (k-NN+AD) mode to extrapolate tonal momentum.

Finally, Sections 8.4 and 8.5 evaluate the system, demonstrating how analog-style visual and audi-

tory interference act as a transparency layer to communicate algorithmic uncertainty, successfully

transforming a black box generative model into an explainable, co-creative musical environment.

8.1 BroadcastJSB: The latent space Radio Receiver

The primary objective of BroadcastJSB is to provide a topological instrument that respects the

cognitive and theoretical distances of Western common-practice harmony learned from a repre-

sentative corpus of J.S. Bach chorales. While previous chapters established the latent space as a

static map of harmonic relationships, BroadcastJSB transforms this mathematical geometry into a

dynamic, exploratory environment. Ultimately, this transitions the system beyond the black box

nature of generative AI, offering a mutable interface where the user can actively navigate and

reharmonize the Bach canon.

8.1.1 The Radio Metaphor as a Cognitive Bridge

BroadcastJSB, whose web interface is depicted in Figure 8.1, is conceptualized as a latent space

radio receiver that treats the high-dimensional vector space derived from the MusicVAE’s chord

dictionary as a radio landscape. The metaphor of a radio receiver, complete with tuning dials,

2We define drift within this context as the controlled deviation from the composition’s original structural coordinates,
which translates musically into a dynamic process of harmonic variation and re-harmonization of the Bach canon.
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signal interference, and radio “stations,” is used to bridge the gap between abstract mathematical

manifolds and the experience of musical discovery.

Figure 8.1: BroadcastJSB’s user interface. The design utilizes a mid-century radio metaphor to
facilitate the exploration of the Bach chorale latent space. Key interactive elements include: the
frequency window (top), which visualizes the drift from the original chords; the station window
(center), showcasing the current chorale being played; the tuning dial (bottom center); and the
navigation strategy switch (bottom right), which allows users to toggle between NEAR (k-NN),
MIDPOINT (LI), and VECTOR (k-NN+AD) sampling strategies.

In this framework, the J.S. Bach corpus represents the broadcast signal, a state of maximum

structural coherence. As the user moves away from the original coordinates, they are essentially

“detuning” the receiver. In practical, musical terms, this detuning acts as a dynamic process of

chord substitution. Because the latent space organizes chords by their theoretical and cognitive

similarity, as established in Chapters 5 and 6, navigating away from the original chord introduces

variations that structurally maintain their underlying harmonic function. This translates the ab-



8.1 BroadcastJSB: The latent space Radio Receiver 117

stract black box of the generative model into an explainable, intelligible space: just as a radio

dial navigates a linear frequency spectrum, the BroadcastJSB interface navigates a tonal spectrum

where spatial distance directly corresponds to the degree of harmonic substitution. To illustrate

the practical results of this explainable substitution, Section 8.4.1 presents comparative musical

scores demonstrating the original Bach inputs alongside the resulting deviations at varying levels

of interference.

8.1.2 Dimensionality and Agency

The transition from the 256-dimensional (256-D) latent space (discussed in Chapter 5) to a simple

user interface (UI) requires a reduction of complexity that preserves the semantic integrity of the

music. BroadcastJSB employs the 371 Bach chorales as its primary corpus, where every unique

vertical aggregate (chord) is a discrete point in this space.

By turning a physical or virtual tuning dial, the user introduces drift into the harmonic progres-

sion. This mechanism parallels recent interactive systems by Banar et al. (2023), which demon-

strate the value of using regularized latent spaces to generate controllable and explainable varia-

tions of musical themes. This drift is not a random perturbation but a calculated movement along

the geodesics of the manifold that acts as a real-time process of functional chord substitution.

Drawing from the sampling strategies analyzed in Chapter 7, this dial mediates the user’s agency

over the musical surface by altering the underlying voice-leading and harmonic syntax:

• Ground Truth (0% Tuning): The system plays the pure, intended harmony of Bach. The

receiver is locked onto the station, reproducing the exact diatonic framework, parsimonious

voice-leading, and functional harmonic logic of the original score.

• Latent Variation (10-90% Tuning): While the original chorale structure acts as a rhythmic

scaffold, the system introduces a dynamic re-harmonization driven by common-tone prox-

imity and tonal momentum. Depending on the active decoder strategy, the original chords

are replaced by their closest functional neighbors (e.g., substituting a tonic I with a submedi-

ant vito maintain high common-tone overlap), geometric midpoints, or directionally aligned

vectors that preserve the phrase’s cadential trajectory. Consequently, the generated music

retains the grammatical essence of common-practice tonality while actively exploring novel

diatonic and chromatic substitutions.

• Entropy and Abstraction (100% Tuning): The structural connection to the original score

is eliminated. The harmonic progression transitions into high-entropy, highly chromatic

regions of the latent space. In these areas, the decoder generates sonorities (such as tritone-

distant or heavily altered chords) that are statistically plausible within the VAE’s abstract

geometry but functionally ambiguous, effectively bypassing traditional voice-leading reso-

lutions and the original tonal center.

This approach fulfills the thesis’s overarching established theme: the musical work as a mu-

table interface. By representing the Bach chorales not as fixed sequences of notes but as paths
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through a latent space, BroadcastJSB allows for a non-linear engagement with the Western common-

practice representative corpus of Bach chorales. Shifting from a passive listener to an active ex-

plorer, one does not just listen to Bach. One navigates the possibility space of Bach, using the

mathematical alignment of the VAE (Chapter 6) to ensure that every station they land on main-

tains a degree of cognitive and musicological validity.

8.2 System Architecture

The architecture of BroadcastJSB is designed to handle the high computational load of real-time

latent space navigation within a standard web browser. The system follows a modular pipeline,

depicted in Figure 8.2, where high-level user gestures are translated into latent coordinates, queried

against a multidimensional dictionary, and finally decoded into an audible musical surface.

8.2.1 Modular Pipeline: From Gesture to Sound

The architecture of BroadcastJSB is organized into a bifurcated pipeline. It distinguishes between

an offline computational stage (responsible for manifold generation) and a real-time reactive stage

(responsible for manifold navigation). This separation ensures that high-dimensional complex-

ity does not compromise the synchronous requirements of live audio synthesis. The integrated

pipeline, depicted in Figure 8.2, consists of four discrete stages:

1. Manifold Encoding (Offline Pre-processing): Using a music21-based Python pipeline,

the source corpus (e.g., J.S. Bach’s 371 chorales) is vertically segmented into rhythmic

slices. Each unique chord is encoded and mapped to a 256-D piano roll vector using the

MusicVAE encoder. The result is a static Latent Dictionary and a set of Bach Chorale

encoded sequences, providing the spatial and temporal maps for the receiver.

2. Gestural Mapping (Interaction Capture): At runtime, the user manipulates the tuning

dial, which is bound to a reactive tunerValue in the Vue 3 frontend. This value is used

to calculate the current radius of drift, ensuring that the high-dimensional displacement in

the 256-D MusicVAE space feels perceptually intuitive to the user, providing fine-tuning

control near the original Bach coordinates.

3. Topological Query (Spatial Search): The calculated drift parameters are dispatched to the

broadcaster logic module. Here, the system performs an O(logN) query against the k-d

tree dictionary. Depending on the active Decoder Strategy, be it the stochastic proximity

of NEAR, the geometric averaging of MIDPOINT, or the trajectory-aware momentum of

VECTOR, the search engine identifies the target pitch-class set that best satisfies the current

topological constraints.

4. Symbolic-to-Signal Resynthesis (Tone.js): The identified chord ID is mapped back to its

corresponding MIDI pitch-class values and dispatched to a polyphonic additive synthesizer,
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1. Manifold Encoding
(Offline Pipeline)

Music21 Corpus
Vertical Segmentation
DFT-P Encoding
MusicVAE Encoder

Offline Pre-processing
Real-time 

Runtime Pipeline

2. Gestural Mapping
(Vue 3 Frontend)

Tuning Dial (Input)
Non-linear K curve

3. Topological Query
(broadcaster.js /KD-Tree)

Decoder Strategy
(NEAR/MIDPOINT/VECTOR)
O(log N) Search

4. Symbolic-to-Signal Resynthesis
(Tone.js)

Additive Synthesis
Spectral Jitter (Tuner-
modulated)

JSON Data

JSB_dict.json 
(Latent Space)

JSB_chorales.json
(Sequences)

Latent Data

Figure 8.2: The bifurcated pipeline architecture of BroadcastJSB. The system decouples the Of-
fline Pre-processing stage (left) from the Real-time Runtime Pipeline (right). During the former
stage, the musical corpus is vertically segmented, encoded, and mapped to the MusicVAE latent
space. In the runtime environment, user gestural inputs are mapped through a non-linear k-curve
to drive an O(logN) spatial search via a k-d tree. The identified coordinates are then resynthesized
in the signal domain using a tuner-modulated additive synthesis engine. This modularity ensures
that the interface remains mutable, allowing for the swap of underlying musical corpora without
altering the fundamental interaction logic or audio engine.

effectively bridging the symbolic and signal domains. While the latent query dictates the

pitch content, the spectral cleanliness (e.g., noise floor, oscillator jitter, and filter cutoff) is

modulated by the same tunerValue. This process generates a direct auditory representa-

tion of the mathematical displacement from the Bachian ground truth.

By treating these computational elements as discrete modules, BroadcastJSB establishes a

mutable relationship with its underlying data. The runtime environment is designed to remain

agnostic to the specific harmonic language encoded within the latent dictionary. Consequently, the

foundational J.S. Bach corpus can be seamlessly swapped for alternative musical datasets, such as

jazz standards or folk melodies, simply by replacing the JSON data structures generated during

the Manifold Encoding stage. Because the broadcaster logic, the k-d tree spatial search, and the
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additive resynthesis engine operate strictly on generalized vector distances rather than hard-coded

musicological rules, the application operates as a generalized framework for interactive latent

exploration. Ultimately, this modular architecture fulfills the thesis’s overarching goal: moving

beyond opaque black box generative models to provide a universal topological instrument capable

of navigating any encoded musical style.

The implementation of the BroadcastJSB system, including the pre-processing pipeline and

the real-time latent navigation logic, is documented and available in a public repository.3

8.2.2 Frontend and Interaction (Vue 3 & High-Speed Reactivity)

To establish a highly responsive, single-page interface that functions as a radio dashboard, the

frontend architecture of BroadcastJSB utilizes Vue 34. The application implements a modular

logic pattern (see Figure 8.3), which explicitly decouples the reactive UI and static offline datasets

from the core computational engines. Ultimately, this strict separation of concerns guarantees

that the high-dimensional complexity of the latent space does not compromise the synchronous

demands of real-time audio resynthesis.

8.2.2.1 Computational Logic Engines

The architecture of the computational engines is partitioned into four distinct logic modules, en-

suring that a robust computational backbone supports the radio receiver metaphor:

• The Broadcaster (broadcaster.js): This module centralizes the application state and

manages the temporal synchronization between the original Bach chorale sequences and the

generative drift. It functions as the master controller, orchestrating the flow between the

user’s tuning gesture and the resulting musical output.

• The Signal Chain (audioPlayback.js): Utilizing Tone.js, this module manages the

additive synthesis and the specific signal-to-noise ratio. Rather than simply triggering static

MIDI events, it dynamically reconstructs chordal sonorities using multiple phase-aligned

oscillators. It translates the symbolic pitch-class sets into audio, introducing the spectral

artifacts that simulate analog interference.

• The Navigator (latentStrategies.js): This module serves as the implementation

site for the k-d tree search algorithm. It abstracts the complexity of high-dimensional search-

ing, providing a streamlined interface for the rest of the application to request neighbors or

midpoints from the latent dictionary.

• The Metric Engine (distance.js): This module implements the dual-metric approach

validated in Chapter 7. It calculates Euclidean distance for k-NN proximity and cosine

similarity (k-NN+AD) to determine tonal momentum. These metrics allow the system to

3https://github.com/NadiaCarvalho/BroadcastJSB/, last accessed January 29, 2026.
4https://vuejs.org, last accessed January 29, 2026.

https://github.com/NadiaCarvalho/BroadcastJSB/
https://vuejs.org
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BroadcastJSB/

src/

assets/

(Static UI textures, Bach portrait)

components/

(Dials, Meters, Switches, Strategy Chooser)

data/

JSB_dict.json

(VAE Latent coordinate map for unique chords)

JSB_chorales.json

(Symbolic sequence paths for the 371 chorales)

logic/

broadcaster.js

(State management and temporal synchronization)

audioPlayback.js

(Tone.js synthesis and interference noise chain)

latentStrategies.js

(k-d tree implementation for real-time search)

distance.js

(Vector metrics: Euclidean and Angular math)

App.vue

(Reactive assembly and global layout)

Figure 8.3: Frontend project structure of the BroadcastJSB application. The frontend architec-
ture of BroadcastJSB follows a modular logic pattern that explicitly decouples the reactive Vue 3
user interface (App.vue and components/) and static offline datasets (data/) from the underlying
computational engines (logic/). This separation ensures that complex state management, spatial
searching via k-d trees, and vector mathematics do not compromise the synchronous requirements
of the real-time audio synthesis.

differentiate between a neighbor that is near the target chord and a neighbor that is moving

along the same direction within the 256-D manifold, ensuring that algorithmic substitutions

strictly respect the directional voice-leading and functional logic of the Bachian style.

8.2.2.2 Spatial Search: Solving the Latent Proximity Problem (k-d tree)

A primary technical challenge identified when running the experiments in Chapter 7 is how to

find the k most relevant chords among thousands of vectors in a 256-D space without taking too

much time, which introduces audio latency. Relying on a standard brute-force search algorithm

would require O(N) computational operations for every single rhythmic salami slice of a chorale,

a process that is far too slow for real-time generative audio.
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To resolve this problem, BroadcastJSB employs a k-d tree (k-dimensional tree) data structure

to manage the spatial search, using kd-tree-javascript.5 Instead of calculating the distance to every

single point in the database, the k-d tree algorithm partitions the high-dimensional latent space into

a hierarchical series of hyper-rectangles, effectively reducing the search complexity from O(N) to

O(logN).

In practice, this structural optimization allows the system’s navigator module to query the more

than 2500 unique chord vectors within the Bach latent dictionary in under 2 milliseconds. Achiev-

ing this ultra-low latency is critical for the application’s performative viability. It guarantees that

the computationally intensive spatial sorting does not bottleneck the additive resynthesis engine,

thereby facilitating seamless, glitch-free musical transitions even as the user rapidly manipulates

the tuning dial to drift between harmonic stations.

8.2.2.3 Audio Engine: Resynthesizing the Manifold (Tone.js & Web Audio)

Rather than relying on pre-recorded samples, which would impose a discrete limitation on the

fluidity of the detuning effect, BroadcastJSB utilizes the Tone.js6 framework to implement a real-

time additive synthesis engine. This choice allows the system to operate at the intersection of

symbolic music representation and raw signal processing.

Upon identifying a target coordinate within the latent space (whether the ground-truth Bach

chord or a chord substitute), the broadcaster module ensures the audio engine avoids merely trig-

gering a static MIDI event. Instead, the system dynamically reconstructs the chordal sonority by

layering multiple phase-aligned oscillators. Consequently, this architectural decision allows the

mathematical distance from the original signal to be articulated directly through spectral transfor-

mations.

These spectral transformations manifest across three distinct operational states. For high-

fidelity harmonic reconstruction, when the system is perfectly tuned (0% drift), it strictly prior-

itizes harmonic clarity. The oscillators are configured to produce clean, phase-aligned sine and

triangle waves, replicating the purity and structural coherence of the Bachian broadcast signal.

As drift is introduced via the tuning dial, the system generates latent-modulated spectral noise by

calculating the Euclidean distance between the current selection and the ground truth. This dis-

tance is utilized as a control voltage for a noise-injection circuit, prompting the audio engine to

inject filtered white noise and introduce microtonal jitter (frequency detuning) between the four

voices. Ultimately, this creates an auditory representation of topology. The signal interference is

not purely aesthetic. Rather, it serves as a tactile, auditory feedback mechanism where the detun-

ing effect provides a psychoacoustic representation of the latent space’s density. As the system

moves into noisier, less-populated regions of the manifold, the audio signal physically degrades,

simulating the loss of a radio lock in the analog domain.

5https://github.com/DefinitelyTyped/DefinitelyTyped/tree/master/types/
kd-tree-javascript, last accessed January 29, 2026.

6https://tonejs.github.io, last accessed January 29, 2026.

https://github.com/DefinitelyTyped/DefinitelyTyped/tree/master/types/kd-tree-javascript
https://github.com/DefinitelyTyped/DefinitelyTyped/tree/master/types/kd-tree-javascript
https://tonejs.github.io
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8.2.2.4 UI Design: The Analog-Industrial Interface

The visual layer employs textures and static assets (such as the Bach portrait and radio-dial tex-

tures) to anchor the advanced computational backend within a familiar Braun-inspired aesthetic.

The design operates through a purely state-driven architecture, where the analog needle and flick-

ering lights function as direct graphical representations of the raw z-coordinate offset and the

distance metrics calculated in distance.js.

The interface is assembled in App.vue using specialized UI units located within the compo-

nents/ directory. These elements (i.e., dials, meters, and switches) are strictly designed to be dumb

components. They receive their data via props from the broadcaster.js state and emit events

when manipulated. Components such as the meters and the tuning dial leverage Vue’s reactivity to

provide instantaneous visual feedback. For example, the meters are driven by the amplitude data

from audioPlayback.js, establishing a direct sensory link between the latent coordinate and

the visual signal strength. This streamlined, modular architecture allows BroadcastJSB to meet

the real-time constraints required for a performative musical instrument while remaining true to

the music-theoretical findings established in previous chapters.

(a) Latent proximity indicator
in peak activation state.

(b) Ground-truth indicator with flicker artifacts
(on/off).

Figure 8.4: Visual feedback mechanisms for latent signal tracking. (a) Latent proximity indicator
registering a peak activation state to confirm coordinate alignment with the ground-truth chord
(B). (b) Ground-truth indicator exhibiting visual fragmentation artifacts (flicker) during state tran-
sitions. Together, these elements translate the calculation of new latent trajectories into legible
interface states.

The design of the interface utilizes reactive visual feedback to communicate coordinate align-

ment. A central feature is the latent proximity indicator (see Figure 8.4a), a graphical meter that

visualizes the distance to the ground truth. When the system’s sampling logic successfully aligns

with the original corpus coordinate, even amidst a high-k neighborhood, the meter registers a peak

activation state (the meter’s needle glows in green). This visual confirmation ensures the user

remains cognitively anchored to the source corpus.

Similarly, a ground-truth indicator, illustrated by a seal with Bach’s portrait (see Figure 8.4b),

is tied to the state transitions between sampled units. The indicator exhibits visual fragmentation

artifacts (“flickers”) during chorale transitions, representing the computational process of calcu-

lating a new latent trajectory. This indicator intends to mimic a radio’s physical act of “finding a

frequency.”
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8.2.3 Data Pipeline: From Music21 to JSON Dictionary

The underlying data that fuels the receiver is prepared through an offline Python pipeline7 designed

to decouple harmonic identity from temporal structure. Using the music218 library, the 371 Bach

chorales were salami-sliced to extract every unique vertical chord aggregate (see Section 6.2.2).

Following this extraction, the aggregates are encoded via the piano roll format and processed

through the MusicVAE encoder to generate their corresponding 256-D latent representations, as

detailed in Chapter 6. Ultimately, to optimize real-time performance, the resulting dataset is par-

titioned into two distinct JSON structures:

• The Latent Dictionary (JSB_dict.json): Functioning as an atemporal map of the Bachian

harmonic universe, this structure stores unique pitch-class sets indexed by their high-dimensional

coordinates. Ultimately, this map acts as the search space for the LI, k-NN, and k-NN+AD

calculations.

• The Phrase Sequences (JSB_chorales.json): Operating as a temporal database, this

file organizes each of the 371 chorales into an ordered sequence of pointers. Each entry

within the sequence contains an ID referencing a specific dictionary coordinate alongside a

defined duration (measured in quarter-lengths).

Fundamentally, this bifurcated architecture empowers BroadcastJSB to maintain a robust rhyth-

mic scaffold. By loading the temporal sequence data directly into the browser’s memory, the sys-

tem perfectly preserves the characteristic metric pulse and voice-leading timing of the original

Bach score. At the same time, the central broadcaster module retains complete flexibility to dy-

namically substitute the underlying harmonic content at every discrete chord slice. Consequently,

this structural separation ensures that any applied drift is perceptually experienced as a complex

re-harmonization of a familiar rhythmic gesture, rather than a complete dissolution of musical

form.

8.3 Decoder Strategies: Navigating the Manifold

The decoder within the broadcaster functions as the core of the interface’s co-creative logic. It

operationalizes the discrete sampling findings from Chapter 7, transforming abstract topological

movement through a high-dimensional hypersphere into audible, functionally coherent harmonic

variations. To facilitate this active contextual navigation, the user can toggle between three primary

sampling strategies. Each strategy represents a distinct theoretical and philosophical approach to

exploring and defamiliarizing the possibility space of the J.S. Bach corpus.

By offering these three strategies, BroadcastJSB provides a tiered level of agency, with the

option to either listen to the original chorale or create variations. In these variations, one is able to

7https://github.com/NadiaCarvalho/BroadcastJSB/blob/main/Create_Database.ipynb,
last accessed January 29, 2026.

8https://www.music21.org/, last accessed January 29, 2026.

https://github.com/NadiaCarvalho/BroadcastJSB/blob/main/Create_Database.ipynb
https://www.music21.org/
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remain within the validated clusters of the corpus (NEAR), explore the geometric continuity of the

latent model (MIDPOINT), or manipulate the functional momentum of the style itself (VECTOR).

This implementation grounding ensures that the radio receiver metaphor is not merely a visual

skin, but a functional representation of the deep topological organization explored throughout

Part II of this thesis.

8.3.1 NEAR (k-Nearest Neighbors): The Shimmering Manifold

The NEAR mode implements the k-NN sampling strategy discussed in Section 7.2.2, looking

for the k closest validated data points in the latent dictionary. The mapping between the tuning

dial input (v, 0-100%) and the neighborhood size (k) follows a non-linear power curve defined

by k = v3 × 100. This relationship models the topological density of the Bach manifold. At

low values (10-50%), the system provides a narrow search radius that maintains the stability of

the original signal with minimal variation. Musically, this preserves the functional core of the

progression, such as cadences and harmonic rhythm, while introducing a dynamic “shimmering”

re-harmonization where specific vertical sonorities are replaced by stylistically similar, common-

tone chord substitutions. Conversely, as v increases, the rapid expansion of k reflects the loss of

structural coherence characteristic of the manifold’s higher-entropy regions. In musical terms, this

causes the strict parsimonious voice-leading and the original tonal center to dissolve, resulting

in functionally ambiguous, highly chromatic sonorities that break away from Bach’s traditional

harmonic grammar.

The introduction of drift through the tuning dial prompts the decoder to select neighboring

coordinates within a dynamically expanding Euclidean search radius, jittering around the original

Bach coordinate. Musically, this generates a dynamic re-harmonization. The system preserves the

functional core of the progression, such as cadences and harmonic rhythm, but replaces specific

vertical sonorities with stylistically related alternatives. By treating the latent space as a functional

harmonic cluster, this mode maintains structural integrity through functional chord substitutions

while continuously altering the surface-level vertical realizations.

8.3.2 MIDPOINT (Linear Interpolation): The Geometric Path

The MIDPOINT mode operationalizes the linear interpolation (LI) strategy. As established in

Section 7.2.1, while LI can inadvertently navigate through “latent dead zones” over extended

distances, it offers a distinct affordance for generating continuous, synthetic transitions between

two structural anchors.

Operationally, the decoder bypasses the intermediate harmonic events of the original score,

computing instead a straight-line vector between the user-defined initiation (A) and termination

(C) points of a musical phrase. The vector is defined by the equation zt = (1− t)zA + tzC, which

calculates a synthetic intermediate latent vector (zt) at a specific weighted position (t) along the
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continuous straight-line trajectory connecting a starting musical anchor (zA) and an ending destina-

tion (zC). Consequently, this navigation mode privileges geometric proximity and spatial smooth-

ness over traditional functional harmonic logic. The resulting intermediate sonorities function

as pure mathematical averages of the temporal anchors. Within BroadcastJSB, this mechanism

generates synthetic transitions, harmonies that never appeared in the original 371 chorales but

represent logically valid topological midpoints within the VAE’s learned grammar.

However, this reliance on static geometric pathing introduces specific performative constraints.

Unlike other modes that dynamically expand their search radius based on the user’s tuning input,

the MIDPOINT strategy is bound to the calculated vector, which can result in a phenomenon iden-

tified as a “geometric plateau.” Because the mathematical average between two distant tonal points

frequently intersects the most statistically dense regions of the manifold, such as highly prevalent

subdominant clusters, the interpolation often becomes trapped. Musically, this causes the system

to repetitively sample the same centralized coordinates, occasionally neutralizing the necessary

harmonic tension required for authentic cadences and pulling the sequence into functionally am-

biguous zones. Thus, while the MIDPOINT mode demonstrates the mathematical continuity of the

latent space, it highlights the inherent tension between raw spatial interpolation and the directional

logic of common-practice voice-leading.

8.3.3 VECTOR (Angular Displacement): Tonal Momentum

The VECTOR mode operationalizes the k-NN+AD strategy, as developed in Section 7.2.3. Di-

verging from strictly proximity-based searches, this mode preserves the directional flow, or tonal

momentum, of the musical sequence. Drawing from the geometrical alignment identified in Chap-

ter 6, this strategy recognizes that the angular orientation of a vector in the latent space carries

functional harmonic meaning (e.g., cadential movement toward the Dominant).

Algorithmically, the decoder filters the nearest neighbors to find the one that minimizes the

angular deviation from the preceding voice-leading trajectory, calculating this alignment via co-

sine similarity. This allows for mathematically extrapolating the underlying syntactic logic of the

Bach corpus. By following a specific angular vector, the sequence’s harmonic content is propelled

into denser, highly chromatic regions of the manifold while rigorously preserving directional con-

tinuity. In this sense, it attempts to mimic the way a composer might extend a sequence or a

modulation, using the manifold’s high-dimensional geometry to ensure that the drift feels inten-

tional and structurally grounded rather than random.

8.4 Evaluation and Discussion

The evaluation of BroadcastJSB moves beyond objective reconstruction metrics, such as accuracy

and KL-divergence (addressed in Chapter 5), to consider the subjective and performative efficacy

of the topological interface. The discussion focuses on how the application, and its metaphor of

the radio receiver, successfully bridges the black box of the VAE with the tactile requirements of

musical practice, facilitating a unique mode of human-AI collaboration.
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8.4.1 Navigation as Analysis

The discussion must start by addressing how the three decoder strategies (NEAR, MIDPOINT,

VECTOR) act as tools for embodied music analysis. To demonstrate how the interface functions

as an explainable chord substitution tool, we analyze the first phrase of Chorale BWV 269 in G

Major, depicted in Figure 8.5a.9 The phrase is constructed by 15 harmonic slices, following a

standard common-practice trajectory, starting on the tonic I chord and landing on a dominant V

(i.e., half cadence). This original score serves as our broadcast signal ground truth and establishes

the rhythmic scaffold and functional grammar that the decoder strategies will subsequently detune.

By adjusting the dial for the NEAR and VECTOR strategies, we can observe how the system

preserves or dismantles the original Bachian signal.

Figures 8.6 and 8.7 illustrate the musical results of deviations at varying interference levels

(e.g., dial at 0.1, 0.5, 0.9, and 1.0) using the NEAR and VECTOR strategies. Figure 8.5b illus-

trates the musical results of using the MIDPOINT strategy for the same chorale. As observed in

Figure 8.6b (dial at 0.5), the system performs structural chord substitutions (e.g., replacing iii6

with vi4) that preserve the functional essence of Bach, proving that the latent space provides an

explainable mapping of harmonic logic rather than random generative noise.

(a) Original. (b) MIDPOINT.

Figure 8.5: Comparative harmonic analysis of the initial phrase of J.S. Bach’s Chorale BWV 269
in G Major. (a) The original sequence, demonstrating a functionally varied common-practice
progression. (b) The synthetic transition generated via the MIDPOINT (LI) strategy between the
phrase’s temporal anchors. The generated trajectory illustrates a latent dead zone. Rather than
navigating a functionally diverse path, the straight-line mathematical average becomes trapped
within a statistically dense subdominant cluster, repeatedly sampling proximal coordinates (e.g.,
IV 5

32 and IV 7) and neutralizing the original cadential tension.

The NEAR strategy (k-NN) treats the latent space as a cloud of validated data points. At 10%

tuning (Figure 8.6a), the system exhibits high structural fidelity, reproducing the initial functional

progression identically (I, I, IV 6, vi, V 6, I). The first deviation occurs at the seventh chord, where

the expected iii6 is replaced by vi4. This represents a stylistically coherent neighbor, preserving

the underlying functional syntax while introducing localized harmonic variation. As the tuning

input (v) increases, the power curve k = v3×100 rapidly expands the search radius. By 90% tun-

ing (Figure 8.6c), the harmonic progression becomes significantly more complex (e.g., ii∅65♭3,

9All accompanying audiovisual examples demonstrating these strategies can be accessed at https://
nadiacarvalho.github.io/MutableMusicalInterface/#/software/broadcast-jsb.

https://nadiacarvalho.github.io/MutableMusicalInterface/#/software/broadcast-jsb
https://nadiacarvalho.github.io/MutableMusicalInterface/#/software/broadcast-jsb
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IV 6♭5), yet it still utilizes chords that exist within the Bachian dictionary. At 100% tuning (Fig-

ure 8.6d), structural coherence completely dissolves. The final cadence is replaced by functionally

ambiguous and highly chromatic aggregates such as ♭iii742.

(a) NEAR v = 0.1. (b) NEAR v = 0.5.

(c) NEAR v = 0.9. (d) NEAR v = 1.0.

Figure 8.6: Harmonic variations of the initial phrase of J.S. Bach’s Chorale BWV 269 in G Ma-
jor generated via the NEAR (k-NN) sampling strategy. The subfigures illustrate the effect of a
dynamically expanding Euclidean search radius driven by the non-linear tuning input (v). (a) At
v = 0.1, the system exhibits high structural fidelity, preserving the underlying functional syntax
with only minor localized variation (e.g., substituting iii6 with vi4). (b) At v = 0.5, a moderate spa-
tial expansion introduces further stylistically coherent structural substitutions. (c) At v = 0.9, the
progression grows substantially more complex, sampling dense, highly chromatic vertical sonori-
ties (e.g., ii∅65♭3 and IV 6♭5) that strictly belong to the established corpus. (d) At v = 1.0, stylistic
integrity completely breaks down; structural coherence dissolves, and the final cadential resolution
is neutralized by functionally ambiguous, high-entropy aggregates such as ♭iii742.

Unlike the proximity-based NEAR, the VECTOR strategy (k-NN+AD) prioritizes direction-

ality. It interprets the user’s drift as a force applied to the musical trajectory. At 10% tuning

(Figure 8.7a), the divergence is immediate. By the second chord, the sequence has already shifted

from I to V I. Because this strategy respects angular displacement, it pushes the harmony onto a

new path rather than jittering around the original. At 50% tuning (Figure 8.7b), we see the in-

troduction of highly chromatic momentum chords such as ♭II6#53 and vii∅6543. These are not

random, representing the system extrapolating the tonal direction of the previous voice-leading

move into denser, higher-entropy regions of the manifold. Remarkably, across different high-value

VECTOR trials, the system often converges on the same final sonority: ♯viob642. Consequently,

this demonstrates that the sustained tonal momentum ultimately forces the harmonic trajectory

into a specific mathematical sink or functionally ambiguous interstation noise region, effectively

exceeding the structural boundaries of traditional G Major.
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(a) VECTOR v = 0.1 (b) VECTOR v = 0.5.

(c) VECTOR v = 0.9. (d) VECTOR v = 1.0.

Figure 8.7: Harmonic variations of the initial phrase of J.S. Bach’s Chorale BWV 269 in G Major
generated via the VECTOR (k-NN+AD) sampling strategy. The subfigures demonstrate the effect
of preserving directional tonal momentum as the tuning input (v) increases, driving the sequence
along specific geometric trajectories rather than maintaining localized proximity. (a) At v = 0.1,
the progression exhibits immediate structural divergence, establishing a new functional path (e.g.,
shifting from I to V I by the second chord). (b) At v = 0.5, the sustained angular displacement
propels the harmony into denser, highly chromatic regions of the manifold, generating intentional
momentum sonorities such as ♭II6♯

53 and vii∅65
43. (c) At v = 0.9 and (d) v = 1.0, the continuous

geometric extrapolation forces the sequence into a specific mathematical “sink” or functionally
ambiguous “interstation noise” region. Across high-deviation thresholds, the trajectory reliably
converges on the high-entropy aggregate ♯vi◦♭642 , fully dissolving the traditional boundaries of the
established diatonic grammar.

At last, the MIDPOINT strategy, utilizing LI to calculate a straight-line vector between a start

point (zA) and an end point (zC), presents a first obvious drawback compared to the other strategies.

It is not possible to use the dial to progressively detune the chorale. Because the point is always

chosen next to the midpoint of the line between zA and zC, the results for the same sequence are

always going to be very similar within various runs of BroadcastJSB. In our analysis of the G

Major Chorale BWV 269’s first phrase, the MIDPOINT sequence exhibits a phenomenon called a

latent dead zone. This is visually evident in the repetition of specific chords across the middle of

the phrase: while the original Bach sequence moves through a varied progression (V 6, I, iii6, V ,

vi, IV , I752, IV 42, viio6), the LI strategy becomes trapped in the subdominant space, oscillating

primarily between IV 532 and IV 7. This repetition of IV 532 (a specific vertical aggregate in the

chorales dictionary) is not a malfunction but a reflection of the manifold’s topological density. In a

high-dimensional space, the average of two points often lands in the most populated region of the

learned grammar. Because subdominant-functioning chords (like IV ) are statistically prevalent
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and structurally central in the Bach corpus, the straight-line path between the phrase anchors

frequently passes through this dense subdominant cluster. The result is a geometric plateau: the

system selects the same validated coordinate multiple times because that coordinate is the nearest

neighbor to the mathematical midpoint at several different steps along the vector.

8.4.2 The Defamiliarization of the Canon

A primary outcome of the BroadcastJSB interface is its capacity to defamiliarize the J.S. Bach

corpus. By manipulating the tuning dial to introduce drift, the user no longer encounters the

chorales as static historical artifacts, but rather as a fluid possibility space. Ultimately, the system

facilitates a paradigm shift from passively listening to a score to actively exploring a style.

This defamiliarization is fundamentally driven by the user’s active contextual navigation through

the available decoder strategies. Rather than relying on arbitrary algorithmic randomization, the

system leverages the learned topological geometry of the manifold to stretch the boundaries of

common-practice harmony. By deliberately toggling between the localized structural substitu-

tions of the NEAR strategy, the synthetic geometric transitions of the MIDPOINT strategy, and

the trajectory-extrapolating VECTOR strategy, the user actively dismantles the canonical rigidity

of the original score. The interaction redefines the J.S. Bach corpus as a navigable terrain where

the performer can intentionally push the harmony into denser, highly chromatic, or functionally

ambiguous territories while remaining anchored to the system’s structural logic.

In traditional generative systems, the AI is often expected to produce a perfect imitation. How-

ever, in BroadcastJSB, the introduction of simulated spectral noise and analog artifacts in the audio

engine (Section 8.2.2.3) serves a critical psychological purpose, signaling the structural integrity

of the music, creating an aesthetic of imperfection. When the radio is perfectly tuned, the clarity

of the additive synthesis mirrors the perfection of the counterpoint. As the signal becomes noisy

through latent drift, the auditory friction mirrors the mathematical distance from the ground truth,

creating a sensory feedback loop where we can hear the topology of the latent space.

8.4.3 Analog Radio as a Transparency Layer for Visualizing Topological Deviation

The choice to present a high-dimensional VAE through a vintage radio aesthetic is an exercise in

interface transparency, within our established framework of contextual navigation. While many AI

tools hide the topological distance between the input and the generated output, BroadcastJSB uses

the signal strength bar, the latent proximity indicator, and the fragmenting ground-truth indicator

to explicitly quantify this deviation.

The latent proximity indicator and the signal strength meter interfaces represent the algorith-

mic authority of the training data. When the indicator is stable and the proximity meter is at its

peak, the user is interacting with unaltered corpus coordinates. When the indicator fluctuates, the

system is visualizing its topological deviation. This visual feedback visually marks the boundary

between the established stylistic canon and high-entropy latent regions. By explicitly rendering

the distance from the source material, the interface ensures that we know precisely whether the
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system is navigating the structural constraints of the training corpus or exploring highly divergent

areas of the latent space.

At the same time, the JSB-seal, as a ground-truth indicator, functions as a vital layer of

AI transparency. By exhibiting visual fragmentation during latent state transitions, the indica-

tor explicitly visualizes the system’s topological deviation, effectively marking the boundary be-

tween the unaltered structural constraints of the training corpus and functionally ambiguous, high-

entropy latent regions. This interactional transparency fosters true navigational agency, ensuring

the user does not navigate blindly but can clearly perceive their mathematical distance from the

source material.

These visual indicators create a transparent relationship between the user and the training data.

Unlike opaque black box generators that obscure their topological distance from the source ma-

terial, BroadcastJSB makes this spatial relationship explicit. This transparency enables a new

form of navigational agency: the user knows precisely when they are operating within the struc-

tural constraints of the training corpus and when they are exploring highly divergent, functionally

ambiguous zones of the latent space. Ultimately, this continuous visual feedback is a necessary

condition for an exploratory dialogue, as meaningful contextual navigation can only emerge when

the user is able to legibly engage with and decode the system’s contextually bounded possibilities.

8.4.4 Limitations and Creative Constraints

Although the k-d tree implementation (Section 8.2.2.2) successfully guarantees real-time perfor-

mance, the evaluation simultaneously underscores the inherent limitations of a dictionary-based

approach. By anchoring the system strictly to the discrete chords extracted from the 371 chorales,

it compromises the fluid morphing capabilities characteristic of a fully continuous decoder. Con-

sequently, rather than generating micro-variations of a single sonority, the algorithm is forced to

transition discretely to the next available neighbor.

However, within the strict context of common-practice tonality, this inherent constraint op-

erates as a necessary structural safeguard. It actively prevents the user from drifting into highly

dissonant regions that would otherwise disrupt the stylistic illusion of a J.S. Bach chorale radio

station. Thus, while this dictionary-based strategy successfully guarantees stylistic validity by re-

stricting the generation of non-musical clusters, it simultaneously imposes a discrete, quantized

quality upon the navigation. To resolve this, future iterations may investigate a hybrid architecture

that facilitates continuous latent decoding, effectively bypassing the static dictionary, while strate-

gically employing the k-d tree solely as a functional anchor to confine the generative drift within

strict musicological boundaries.
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8.5 Summary: BroadcastJSB as a Demonstration of Co-creative Af-
fordance

This chapter has demonstrated the transition from theoretical latent space analysis to the cre-

ation of BroadcastJSB Carvalho (2026a). By implementing LI, k-NN, and k-NN+AD within a

JavaScript environment, we have shown that real-time constraints can be met in the browser, pro-

viding a unique co-creative affordance that allows composers to interact with the tonal momentum

of a corpus.

The development of BroadcastJSB concludes our exploration of Part II: Latent Spaces of Tonal

and Structural Dimensions. We have moved from the representation of pitch (Chapter 5), through

the mathematical alignment with phase spaces (Chapter 6), into the generative navigation of those

spaces (Chapter 7), and finally to the implementation of a functional interface (Chapter 8).

Ultimately, the insights gathered here, demonstrating how latent spaces can be systematically

mapped to physical gestures and mathematical frameworks, provide the foundational logic for

Part III, where we extend these principles directly into the domain of timbre. Having successfully

established the topological tonal interface through BroadcastJSB, the subsequent chapters will

investigate how these generative manifolds can be expanded to encompass the multidimensionality

of sound itself.



Synthesis to Part II:
Latent Spaces of Tonal and Structural
Dimensions

The studies in Part II have examined tonal and structural aspects of music through the lens of

latent space modeling. The exploration of harmonic progression representation and the strategies

for sampling and aligning learned spaces with mathematical frameworks showcases how we can

understand, navigate, and transform tonal musical ideas using computational environments. The

experiments not only look at tonal latent spaces as valuable tools for analysis but also embrace

them as interfaces for interaction. Thus, these reflections enable a transition from static represen-

tation to dynamic, co-creative practice.

At the foundation of this research, Chapter 5 explores the representation of tonal music within

variational autoencoder (VAE) latent spaces. We examined how different symbolic encodings

influence the model’s ability to uncover music-theoretical structures of J.S. Bach’s chorales. The

findings reveal an important balance between reconstructive fidelity and cognitive alignment. Tex-

tual and categorical formats (i.e., ABC and MIDI) are great for retrieving information accurately,

but spectral DFT encodings are better at reflecting how humans perceive tonal music. Ultimately,

by prioritizing spectral periodicities, the resulting latent spaces serve as a dense, continuous map

where musical similarity is encoded as spatial proximity. Thus, discrete symbolic notation is

transformed into a navigable geometric manifold.

Chapter 6 then introduced Discrete Fourier Transform (DFT) phase spaces as the mathematical

ground truth for tonal logic. By projecting pitch classes and pitch distributions into these spectral

spaces, we uncovered the rotational symmetries that define functional harmony. A critical mile-

stone was the empirical alignment found between MusicVAE’s latent space and the DFT spaces.

This alignment confirms that the model’s unsupervised learning process naturally discovers struc-

tural principles consistent with established music theory.

Having established that the latent space is in tune with theory, Chapter 7 investigated how to

navigate it in a meaningful manner. We contrasted discrete linear interpolation (LI), which of-

ten fails by crossing through musically incoherent regions, with data-driven strategies. k-nearest

neighbors (k-NN) ensured stylistic validity by anchoring generation to real data points. In con-

trast, k-NN with angular displacement (k-NN+AD) preserved the tonal momentum and directional
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logic of the manifold, bridging the gap between mathematical navigation and parsimonious voice-

leading.

The practical culmination of these theoretical and experimental findings is realized in Broad-

castJSB, whose implementation is detailed in Chapter 8. BroadcastJSB is a web-based latent space

navigator that transforms the static chord dictionary into a performative instrument. By adopting a

mid-century radio receiver metaphor, the interface provides a cognitive bridge for the user to inter-

act with the high-dimensional latent space through the familiar gesture of tuning a radio. Chapter 8

discusses the design and development of BroadcastJSB. The instrument implements LI, k-NN, and

k-NN+AD sampling strategies in real-time using a modular architecture that decouples high-speed

spatial searches (via k-d trees) from additive audio synthesis (via Tone.js). As the user introduces

drift from the original Bach chorale ground truth, the system provides instantaneous visual and

auditory feedback, such as the flickering latent proximity indicator, that reflects the current mathe-

matical distance from the corpus. In this environment, the latent space is no longer a black box but

a transparent, mutable interface, allowing the composer to navigate the tension between historical

canon and generative invention.

Ultimately, Part II demonstrates how computational representations of tonality can support

both deeper analytical understanding and practical modes of creative engagement. By treating the

latent space as a flexible, interactive canvas, we transition from the black box of deep learning to

a transparent, guided compositional environment. This provides the necessary groundwork for the

more embodied explorations of timbre, gesture, and motion that follow in Part III.



Part III

Timbre, Gesture, and Motion in Latent
Spaces
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Introduction to Part III:
Timbre, Gesture, and Motion in Latent Spaces

While Part II focused on the symbolic and tonal foundations of music through an experimental

lens, Part III shifts the analytical and creative focus toward timbre, gesture, and musical motion.

Because the concept of “gesture” is inherently broad, we must first define its scope: within this

framework, gesture represents the embodied, expressive intent of the performer, including con-

tinuous, real-time fluctuations in breath pressure, articulation, and dynamic intensity that shape a

musical phrase. If timbre is the acoustic color of the sound and motion is the structural trajectory

of a phrase (such as parallel or contrary movements), gesture is the human driving force that phys-

ically navigates the machine’s latent space. Although these dimensions are vital for expressive

performance and co-creative practice, they frequently defy traditional symbolic notation.

Given the evasive nature of timbre, often described simply as “everything beyond pitch and

duration,” we study its encompassing dimensions through hands-on case studies involving profes-

sional musicians. The tenor saxophone serves as our primary vehicle for exploration due to its

dense sonic palette and exceptional timbre versatility, which includes a well-documented reper-

toire of extended techniques like flutter-tonguing, slap notes, and multiphonics. The saxophone

provides a rigorous, “high-stakes” test for the system. If a computational model can successfully

navigate and synthesize its non-linear acoustic relationships, the framework can theoretically ex-

tend to any complex sound source. As a saxophonist, the author leverages over a decade of experi-

ence to coordinate these evaluations, providing a direct bridge between abstract neural activations

and the embodied experience of the performer.

In Part III, we focus on four interrelated objectives:

1. The Timbre Landscape and Latent Topography:

Our first objective is to determine how Realtime Audio Variational AutoEncoder (RAVE)

models organize complex instrumental timbres and whether these latent representations are

musically explainable. In Chapter 9, we will analyze the tenor saxophone’s timbre land-

scape by embedding layered analyses of sonic characteristics into RAVE models to capture

subtle nuances of tone and articulation. We will investigate the generality of this method by

comparing findings across models trained on diverse datasets, aiming to reveal a structural

hierarchy where initial latent dimensions capture broad attributes (like energy) while deeper

dimensions represent specific instrumental features.
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2. Strategies for High-Dimensional Navigation:

Building upon this structural understanding, our second objective is to transition from latent

space analysis to the practicalities of interactive control. Chapter 10 explores methodologies

for navigating these high-dimensional manifolds, proposing a system that integrates mixed

music models. Moving beyond traditional navigation that relies solely on mathematical

distances, we will investigate how sampling strategies within an AI-informed concatenative

synthesis environment can manipulate timbre while preserving the morphological integrity

of the source material.

3. Mapping Gestural Intent and Motion:

Transitioning from proximity-based sampling to intentional thematic development requires

a formalized understanding of how musical ideas evolve. Therefore, our third objective is to

link timbre qualities with musical motion and expressive intent. Chapter 11 introduces the

Motiv dataset, a collection of expert saxophone recordings explicitly annotated to illustrate

the geometric behavior of thematic elaborations. By formalizing a taxonomy of musical

motions (parallel, oblique, and contrary), we will attempt to bridge the gap between neural

activations and the structural logic of musical counterpoint, treating the latent space as a

dynamic topography of gestures.

4. Design and Development of a Co-Creative System:

Our final objective is to operationalize these findings into a functional performance environ-

ment that overcomes the rigid constraints of fixed electroacoustic media. Chapter 12 details

the development of Aethra, a co-creative system designed for real-time navigation. By inte-

grating motion-aware sampling and latent weighting, Aethra facilitates a dynamic dialogue

where the electronic component actively responds to the live musician.

Through these investigations, we aim to demonstrate that musical expression emerges from

the complex interplay of timbre, physical gesture, and temporal motion. By modeling these ele-

ments, the chapters that follow will establish a flexible, personalized, and embodied performative

ecosystem for the modern electroacoustic practitioner.



Chapter 9

The Timbre Landscape of the Tenor
Saxophone

This chapter presents a comprehensive investigation into the explainability and creative affor-

dances derived from navigating a specialized timbre latent space generated by Realtime Audio

Variational AutoEncoder (RAVE) models. While timbre is central to musical expressivity, shaping

both the identity of a performance and the interpretive choices of performers, its high-dimensional

nature often eludes precise control in digital environments. To effectively manipulate an acoustic

instrument’s complex sonic palette, we must understand its underlying topological connectivity.

As demonstrated by Caillon et al. (2020), mapping these acoustic relationships into a continuous

timbre latent space provides a foundation for exploring and interpolating novel sonic topographies

in real time.

By analyzing the tenor saxophone through the lens of layered latent representations, this study

attempts to decode the continuous acoustic relationships between tonal color, articulation, and

expressive gestures. While these performative nuances are often extensively detailed in contem-

porary scores through prescriptive symbols and textual instructions, traditional notation inherently

compartmentalizes them into discrete events (Yee-King, 2022). In contrast, this approach quanti-

fies their underlying topological connectivity, translating detailed compositional instructions into

a continuous, navigable mathematical manifold where the dynamic interplay of these elements can

be precisely mapped and interpolated (Vigliensoni et al., 2020; Akten et al., 2020).

We argue that the organizational logic of these neural networks provides a unique sonic topog-

raphy. The findings illustrate how computational models can serve as exploratory tools, enabling

composers and performers to map the latent space, experiment with hybrid timbre combinations,

and discover novel expressive opportunities. This approach emphasizes that timbre is not a static

property of sound, but a dynamic element that interacts fluidly with performance gestures and

co-creative decision-making.

Through a combination of perceptual expert assessment and objective clustering analysis, this

chapter seeks to bridge the gap between abstract neural activations and the embodied experience

of the performer. By establishing a framework for timbre transparency, we lay the groundwork

138



9.1 The RAVE Model and Continuous Timbre Generation 139

for a co-creative interface where the machine’s learned representations are made accessible and

musically intuitive for real-time improvisation. Crucially, this transparency provides the necessary

methodological foundation to expand traditional fixed media into an interpretable, dynamic, and

object-based system, effectively transforming the static tape into a reactive and performatively

navigable environment.

The chapter is outlined as follows. Section 9.1 introduces the theoretical and technical frame-

work of RAVE, detailing its capacity for continuous, high-fidelity timbre generation and latent

space mapping. Section 9.2 delineates the experimental methodology, detailing the curated Sax-

Timbre dataset alongside a dual evaluation approach that integrates perceptual expert assessments

with objective mathematical clustering. Subsequently, Section 9.3 presents the findings of this

twofold investigation, demonstrating how specific neural dimensions semantically organize and

represent the intricate timbre nuances of the tenor saxophone. Finally, Section 9.4 synthesizes

these observations, discussing their creative affordances and establishing the foundational logic

required for transparent, real-time timbre manipulation in co-creative musical interfaces

9.1 The RAVE Model and Continuous Timbre Generation

The Realtime Audio Variational AutoEncoder (RAVE) is a powerful generative model designed

for high-fidelity, real-time audio synthesis (Caillon and Esling, 2021). RAVE models leverage the

capacity of variational autoencoders (VAEs) to learn audio data representations, enabling timbre

transfer, dynamic manipulation, and synthesis in real-time, as well as the integration of AI-driven

sound design into real-time production workflows (Nercessian, 2023). This integration is applied

in various contexts, including live performances (Schroeder and Reuben, 2023; Armitage, 2023a;

Privato and Muller, 2024) and interactive installations (Armitage, 2023b).

Unlike traditional models that rely on symbolic data or pre-computed descriptors, RAVE op-

erates directly on the raw audio waveform to learn a highly efficient, compressed latent represen-

tation (ztimbre) (Caillon and Esling, 2021). Historically, raw waveform modeling has been compu-

tationally prohibitive due to the extreme temporal dimensionality of high-resolution audio, often

forcing models to rely on low sampling rates or prohibitively slow autoregressive generation (Oord

et al., 2016; Mehri et al., 2017). RAVE bypasses these limitations by leveraging a multiband de-

composition of the raw waveform, which decreases the temporal dimensionality of the data and

expands the temporal receptive field (Caillon and Esling, 2021). This architecture allows the model

to generate 48kHz audio signals while operating up to 20 times faster than real-time on a standard

CPU (Caillon and Esling, 2021).

To ensure both an organized latent space and high-quality audio output, RAVE utilizes a novel

two-stage training procedure. The first stage focuses strictly on representation learning. Dur-

ing this phase, the model operates as a standard VAE, optimized using a multiscale spectral dis-

tance metric. Utilizing an amplitude spectrum-based distance ensures the model captures essential

perceptual features without penalizing it for inaudible phase variations, which often hamper the

learning process in raw waveform modeling. Once the representation is learned, the second stage
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applies adversarial fine-tuning. Crucially, during this phase, the encoder is frozen. If the encoder

were continually trained alongside the decoder during the adversarial stage, the delicate balance

achieved by the evidence lower bound (ELBO) regularization would be disrupted, leading to a

dramatic increase in the latent space’s dimensionality and destroying the compact representation

established in the first stage. With the encoder safely frozen, the decoder is trained using a Gen-

erative Adversarial Network (GAN) objective, integrating a feature matching loss to significantly

enhance the naturalness and fidelity of the synthesized audio (Caillon and Esling, 2021).

Critical for real-time interaction, RAVE incorporates a post-training analysis to balance re-

construction fidelity with representation compactness (Caillon and Esling, 2021).VAEs frequently

suffer from latent collapse, where certain dimensions become uninformative. To resolve this,

RAVE applies a Singular Value Decomposition (SVD) to isolate the informative dimensions from

those that have collapsed to the prior distribution. This allows the system to strictly crop the latent

space to its most essential dimensions without degrading the audio quality (Caillon and Esling,

2021). For co-creative music systems, this optimized compactness is vital, as it establishes a

continuous, low-dimensional manifold where computational navigation is streamlined, and subtle

gestural movements translate into perceptually smooth, dynamic transitions in instrumental timbre

(Caillon and Esling, 2021).

9.2 Methodology: Layered Analysis of the RAVE Encoder

Despite their usefulness and real-time efficacy, RAVE models often remain opaque to users, mak-

ing navigation of their complex, high-dimensional latent spaces challenging. Establishing trans-

parent representations is essential for creative control, as it allows musicians to understand how

a model interprets specific musical timbres and refine generative outputs accordingly (Chemla-

Romeu-Santos and Esling, 2022).

In this sense, we propose to investigate a fundamental question: how do RAVE models inter-

nally organize complex instrumental timbres, and can these high-dimensional latent representa-

tions be rendered musically explainable? A particular focus of the experiment is directed toward

a specialized timbre latent space meticulously designed to capture the intricate nuances of sax-

ophone extended techniques. Within this context, timbre is defined as all auditory sensations

excluding pitch, loudness, and perceived duration.

To pursue this inquiry, we employ a mixed-methods research design that iterates continuously

across practice-based feedback and formal experimental evaluation. Specifically, we conduct a

layered analysis of the RAVE’s encoder and decoder outputs utilizing a dual approach: a percep-

tual subjective assessment driven by expert musical feedback, alongside an objective mathematical

examination using clustering metrics. This objective examination intends to quantify the extent

to which the latent spaces recognize semantically meaningful timbre attributes. This is achieved

by measuring intra- and inter-segment distances based on technique, register, dynamic, and their

combinations across the dataset.
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To ground this empirical investigation, we constructed the SaxTimbre dataset, which serves

as the primary material for our evaluations. Performed by expert saxophonist Jorge Sousa and

recorded within a controlled studio setting, this curated corpus comprises 191 individual audio

samples yielding approximately ten minutes of recorded material. While generative models like

RAVE typically require over three hours of audio to train from scratch, this compact corpus em-

braces a small data mindset. Rather than training a new model, this restricted 10-minute collection

is deliberately designed to be projected onto pre-trained models, offering a practical way to eval-

uate how they internally organize these specialized techniques. Captured using a stereo pair of

Sontronics STC-1S MT BK microphones, the dataset systematically organizes a broad spectrum

of playing styles, ranging from conventional articulation to complex extended techniques, across

four primary pitch registers and up to five distinct dynamic levels.

By integrating these methods and utilizing this specialized corpus, this investigation seeks to

decode the structural logic of the tenor saxophone’s timbre landscape within RAVE, ultimately

establishing a framework for timbre transparency that can be intuitively navigated in real-time

co-creative interfaces.

9.2.1 Pre-trained Models and Training Data

To investigate the capacity for RAVE to generalize across diverse musical timbres, the experiment

utilizes several pre-trained models from the Institute for Research and Coordination in Acoustic-

s/Music (IRCAM) and the Intelligent Instruments Lab (IIL). These models, detailed in Table 9.1,

differ in their underlying architectures, sampling rates, and the datasets upon which they were

trained.

The RAVE models exhibit distinct structural characteristics that significantly influence their

performance across various musical contexts. IRCAM’s models are based on the RAVE v2 ar-

chitecture, which utilizes a continuous model employing the VAE objective function, specifically

the evidence lower bound (ELBO) function, for regularization (Caillon and Esling, 2021). Con-

versely, the models from the Intelligent Instruments Lab (IIL) are trained on a modified iteration

of RAVE v1, which is optimized for transfer learning and streaming inference within environ-

ments such as Max/MSP, Pure Data (PD), and SuperCollider (Intelligent Instruments Lab, 2023).

These IIL configurations utilize causal convolutions and exclusively consist of encoder-decoder

structures without priors. Technical specifications further differentiate the two groups, as IRCAM

models operate at a sampling rate of 44.1kHz, while IIL models operate at 48kHz. Additionally,

the IIL models typically feature a greater number of latent dimensions, averaging between 16 and

20, whereas IRCAM models range from 8 to 16 latent dimensions.

9.2.2 SaxTimbre: the Tenor Saxophone Timbre Dataset

As introduced previously, the primary goal of the SaxTimbre dataset curation was to capture the

nuanced tonal intricacies inherent in the tenor saxophone’s sonic palette. The tenor saxophone

is highly regarded for its timbre versatility, featuring a wide range of well-documented extended
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Table 9.1: Pre-trained RAVE models employed in our experiments, including their architectural
versions, sample rates, latent dimensionality, and training dataset descriptions.

Name Team RAVE Rate Dim. Dataset Ref.

Sol_full IRCAM v2 44.1kHz 8 Full Studio OnLine
IRCAM database
(more than 20,000
samples of extended
instrumental tech-
niques).

(Ballet et al., 1999;
Cella et al., 2020)

Isis IRCAM v2 44.1kHz 8 ISiS Database of high-
quality synthesized
singing voices.

(Ardaillon, 2017)

MusicNet IRCAM v2 44.1kHz 16 Musicnet database; 34
hours of chamber mu-
sic across 11 instru-
ments.

(Thickstun et al.,
2017)

IILGuitar IIL v1 48kHz 16 Timbre-oriented dry
recordings of electric
guitar (plucking,
scraping, etc.).

(Intelligent Instru-
ments Lab, 2023)

SaxSoprano IIL v1 48kHz 20 Original soprano
saxophone improvi-
sation by Franziska
Schroeder.

(Intelligent Instru-
ments Lab, 2023)

VocalSet IIL v1 48kHz 16 VocalSet; high-quality
recordings of 20 pro-
fessional singers.

(Wilkins et al., 2018;
Intelligent Instru-
ments Lab, 2023)
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techniques often used in contemporary Western Art Music (Kientzy, 1990; Weiss and Netti, 2010).

The dataset was recorded by expert saxophonist Jorge Sousa in a controlled studio environment,

using a stereo pair of Sontronics STC-1S MT BK microphones. To ensure compatibility with the

chosen RAVE architectures, the audio, initially recorded at a 48 kHz sample rate, was downsam-

pled to 44.1 kHz with a 24-bit depth.

The 191 curated sounds, totaling approximately ten minutes of recorded content, encompass

a comprehensive spectrum of techniques, registers, and dynamics, which are summarized in Ta-

ble 9.2. The dataset, deliberately designed to be projected onto pre-trained RAVE models, com-

prises conventional playing styles alongside unconventional extended techniques designed to ex-

pand the instrument’s sonic palette (Burtner, 2005). These include long notes performed with

both non-vibrato and vibrato variations, as well as quarter-tone notes played with microtonal ad-

justments. Specific textural effects are captured through subtones, which feature an “airy and

breathy” quality in the lower register, and flutter-tonguing, which produces a tremolo-like effect

created by the tip of the tongue (Weiss and Netti, 2010). Percussive and complex timbres are

represented by slap notes, characterized by sharp tonguing and bisbigliando, which is interpreted

as a color trill (Weiss and Netti, 2010). Finally, the collection includes multiphonics, where two

or more pitches sound simultaneously on the monophonic instrument, and growling, achieved

through the simultaneous act of playing and singing.

Table 9.2: Collection of sounds encompassing the entire spectrum of the tenor saxophone (timbre
space).

Technique Register Dynamic

Long non-vibrato notes Altissimo Very Loud
Long vibrato notes High Loud
Quarter-Tones Medium Medium
Flutter-tonguing Low Soft
Slap notes Very Soft
Growling
Bisbigliando
Subtones
Multiphonics

The dataset recordings are distributed across four primary registers (Altissimo, High, Medium,

and Low) to capture the unique spectral characteristics of each technique at different pitch levels.

For techniques such as long non-vibrato, vibrato, and quarter-tone notes, we recorded two specific

pitches per register: C7 and G6 (Altissimo), F6 and C6 (High), D5 and A4 (Medium), and C4

and B♭3 (Low). These notations are tailored for the tenor saxophone’s B♭ tuning. In concert pitch,

these correspond to B♭5/F5, E♭5/B♭4, C4/G3, and B♭2/A♭2, respectively.

Specific constraints and characteristics influenced the sampling of extended techniques through-

out the collection. Long subtone notes were exclusively applied to the low register of the instru-

ment, specifically targeting the notes D4, C4, B3, and B♭3. Due to extreme execution difficulty
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and infrequent usage in standard repertoire, flutter-tonguing and slap notes were omitted from the

Altissimo register above G. Slap variations were instead incorporated across the High, Medium,

and Low registers, featuring a distinction between a dry (secco) attack and a standard attack with

clear pitch recognition. Bisbigliando position variations were established across all four registers,

while growling long notes were gathered across the entire range, but without dynamic variations

due to performance limitations in soft or very soft dynamics.

For multiphonics, the dataset documents five distinct sonic aggregates across different regis-

ters without dynamic variations, including 1) C♯5, D♯6, and A6; 2) D♯♯5 and F♯5; 3) F♯4 and G5;

4) D ♭♭4, B♭5, D♯6, and F♯6; and 5) D♯5, G♯5, E6, and B6. Where execution permitted, each note

was performed at five dynamic levels (Very Loud, Loud, Medium, Soft, and Very Soft) though ef-

ficiency constraints and physical limitations required that certain techniques in the High, Medium,

and Low registers be studied without dynamic variation.

For further exploration, the full dataset is provided as supplementary material.1 This dataset

serves as a comprehensive resource for investigating the micro-timbre nuances of the tenor saxo-

phone within deep learning frameworks (Carvalho and Sousa, 2024).

9.2.3 Evaluation Methodology

To identify a generative model capable of transparently organizing the complex multidimension-

ality of the tenor saxophone, and to explicitly decode which specific latent dimensions control dis-

crete acoustic features (such as dynamics, pitch register, and extended techniques), a two-pronged

evaluation strategy was adopted. Specifically, this experiment seeks to answer whether the inher-

ently opaque latent space of pre-trained RAVE architectures can be deciphered into a mathemati-

cally structured and musically intelligible control surface for real-time improvisation. To achieve

this, the framework combines professional musical assessment with objective clustering analysis

to quantify exactly how individual neural network dimensions represent the instrument’s timbre.

9.2.3.1 Perceptual Subjective Assessment

The first stage of the evaluation investigated the internal organization and creative transparency of

the RAVE models through a systematic analysis of the latent space. By isolating and combining

individual dimensions, we determined the specific musical and acoustic influence of each neuron

on the reconstructed signal.

This was achieved through a meticulous examination of the encoder and decoder outputs to

assess the transparency and sonic character of each internal representation. A professional saxo-

phonist with over twenty years of experience conducted listening sessions for every sound within

the dataset, providing an expert perspective on the preservation of instrumental identity. To facil-

itate this, the output of each neuron in every latent dimension was converted into an audio signal

1https://doi.org/10.7910/DVN/WSFBIJ, last accessed January 29, 2026.

https://doi.org/10.7910/DVN/WSFBIJ
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and evaluated individually. We integrated the nn_tilde object2 within the PD programming en-

vironment,3 allowing for real-time monitoring and manipulation of latent activations as they were

decoded back into the acoustic domain.

During these sessions, the recorded saxophone sounds were passed through the encoder of

each model, where the resulting latent representations were systematically manipulated before

decoding. This process followed two primary methods: individual dimension isolation and com-

binatorial analysis. In the isolation phase, all latent dimensions were muted except for one specific

dimension (x), forcing the decoder to reconstruct the sound based solely on the information cap-

tured by that single neuron. This enabled the identification of specialized dimensions, governing

specific attributes such as breath noise, fundamental pitch, or the percussive attack of a slap note.

Subsequently, we explored combinations of latent dimensions to observe their interactions and de-

termine whether certain timbre features were represented globally or localized to specific clusters

of neurons.

This analysis aimed to identify the sensitivity of specific latent dimensions to critical sonic

attributes, including the sharpness of articulation, the stability of pitch modification, and the pres-

ence of spectral noise. By systematically listening to these reconstructions, the evaluator could

pinpoint exactly where the model began to generalize features or lose the specific nuances of ex-

tended techniques, such as multiphonics or subtones. This perceptual mapping was essential for

determining the reactivity of each model, defining how closely the internal architecture mirrored

the physical and expressive reality of the instrument. To systematically categorize this reactivity

into the qualitative labels (High, Moderate, Low, and Very Low) utilized in our results, the expert

evaluation relied on three specific criteria:

• Dimensional Activation: The ratio of latent dimensions that actively respond to the au-

dio input versus those that remain completely inert (indicating domain mismatch or latent

collapse).

• Acoustic Feature Sensitivity: The model’s capacity to discern and dynamically reproduce

micro-variations in articulation, pitch stability, and spectral noise.

• Register and Technique Fidelity: The model’s ability to maintain the instrument’s timbre

identity across all pitch registers without exhibiting latent dead zones, particularly during

the execution of complex extended techniques such as multiphonics or subtones.

Ultimately, this qualitative ground truth provided the necessary context to interpret the subse-

quent mathematical clustering data, bridging the gap between high-dimensional latent points and

the embodied musical experience.

2https://github.com/acids-ircam/nn_tilde, last accessed January 29, 2026.
3https://msp.ucsd.edu/software.html, last accessed January 29, 2026.

https://github.com/acids-ircam/nn_tilde
https://msp.ucsd.edu/software.html
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9.2.3.2 Objective Analysis of Timbre Clusters

The second phase of our evaluation focuses on quantifying the organizational logic of the RAVE

latent spaces through mathematical clustering metrics. The goal of this objective examination is to

determine if the models’ internal representations align with semantically meaningful musical cat-

egories (i.e., technique, register, and dynamics), thereby validating the observations made during

the perceptual subjective assessment.

To perform this analysis, the latent representations of the audio samples were partitioned into

segments of approximately 40 milliseconds. These segments were then grouped into clusters

based on four primary categorical frameworks: 1) Technique (e.g., slap, flutter-tongue, long note);

2) Register (Altissimo, High, Medium, Low); 3) Dynamic (from Very Soft to Very Loud); and 4)

Combinations of the above attributes.

To evaluate the separation and compactness of these clusters, two metrics were employed: 1)

Davies-Bouldin score (DB), and 2) Dunn index. The DB score calculates the average similarity

between each cluster and its most similar one (Davies and Bouldin, 1979). Similarity is defined

as a ratio of within-cluster dispersion to between-cluster separation. In this context, a lower DB

score indicates better-defined clusters that are both compact and well-separated, suggesting that

the model has successfully learned to distinguish between different musical attributes. The Dunn

index is the ratio of the minimum inter-cluster distance to the maximum intra-cluster diameter

(Dunn†, 1974). It serves as a measure of cluster density and isolation. Unlike the DB score, a

higher Dunn Index indicates superior clustering, where the groups are tightly packed and signifi-

cantly isolated from one another.

A critical component of this methodology involved comparing the clustering results between

normalized and non-normalized audio data. By removing the influence of absolute volume through

normalization, we were able to determine whether a model’s ability to cluster sounds was driven

purely by energy (loudness) or if it was truly recognizing the spectral fingerprint of the saxo-

phone’s timbre.

This mathematical framework allows us to pinpoint exactly which latent dimensions in models

like MusicNet or VocalSet are most efficient at organizing specific attributes. For instance, if a

specific latent dimension shows a significantly lower DB score for the technique category than

other latent dimensions, it identifies that latent dimension as the most semantically transparent for

controlling extended techniques in a real-time performance interface.

The implementation code for the latent dimension-by-dimension evaluation and clustering

analysis has been made available in a dedicated repository.4. This includes the scripts used for

quantifying intra- and inter-segment distances, as well as the perceptual assessment framework.

4https://github.com/NadiaCarvalho/SMC-TimbreLandscape, last accessed January 29, 2026.

https://github.com/NadiaCarvalho/SMC-TimbreLandscape
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9.3 Results and Discussion

The evaluation of the RAVE models reveals critical insights into how neural networks represent

the intricate timbre nuances of the tenor saxophone. The findings are presented in two parts:

perceptual observations from expert listening and objective data derived from clustering metrics.

9.3.1 Perceptual Subjective Assessment Results

The subjective evaluation, conducted through systematic dimension-toggling and granular listen-

ing sessions, provided a detailed view of how specific RAVE architectures and training corpora

influence the perception of tenor saxophone timbres. The MusicNet and VocalSet models emerged

as the most responsive, demonstrating a high degree of timbre intelligence by discerning micro-

variations across the instrument’s entire register. Conversely, the SaxSoprano model proved re-

markably ineffective. Despite its woodwind-based training data, 11 of its 20 latent dimensions

remained inert when processing the tenor input.

This 55% inactivity rate suggests a combination of latent collapse and domain mismatch. In

the context of VAEs, latent collapse occurs when the KL divergence term dominates the loss

function during training, leading the model to ignore specific dimensions in favor of a lower-

complexity representation. This was likely exacerbated by the spectral divergence between the

two instruments: the tenor’s deep fundamental frequencies and complex sub-harmonics represent

an “out-of-distribution” signal relative to the high-frequency bias of a soprano-only dataset. Es-

sentially, the encoder likely discarded these unfamiliar tenor features as noise. In contrast, the

more robust models (MusicNet and VocalSet) consistently localized high-level features (e.g., am-

plitude envelopes and percussive slap articulations) within the first latent dimension, suggesting a

more hierarchical and semantically accessible organization of sound.

In our examination of the VocalSet model comprising 16 latent dimensions, we found it to be

a balanced model, with latent dimensions responding to sound samples across all registers (from

Low to Altissimo). A notable exception was latent dimension 16, which showed greater reac-

tivity specifically to the Low register, a phenomenon captured in the spectral analysis shown in

Fig. 9.1. While several latent dimensions within this model reacted to multiphonics, as illustrated

in Fig. 9.2, the second and third multiphonics in our dataset failed to elicit any response. Latent

dimension 1 emerged as the most reactive overall, while latent dimension 11 displayed high re-

activity to the Altissimo register, and latent dimension 13 responded solely to the note C across

various registers.

In the MusicNet model specifically, latent dimension one excelled at capturing distinctive

attacks, while latent dimension five demonstrated a unique capacity to modify the pitch of the

reconstructed sounds. Other models showed more localized functionality, such as the Isis model,

which displayed heightened responsiveness to the lower register notes B♭3, B3, and C4, as well as

louder dynamic levels. Conversely, the Sol_full model exhibited very little reactivity, with six of

its eight latent dimensions failing to show any discernible response to the sound samples.
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(a) Input Audio (b) Latent Dimension 1

(c) Latent Dimension 11 (d) Latent Dimension 16

Figure 9.1: Comparison of the input spectrogram for a soft low C4 recording against the recon-
structed outputs from latent dimensions 1, 11, and 16 of the VocalSet latent space. The visual-
ization highlights the progressive transformation of spectral content and the specific low-register
reactivity observed in layer 16.

Despite the general reactivity found in the top-performing models, several limitations were ob-

served during the listening tests. Most models proved ineffective at responding to or distinguishing

between various multiphonics, and even the highly reactive VocalSet model failed to elicit a re-

sponse for certain complex multiphonic samples. Furthermore, many deeper latent dimensions in

models like IILGuitar Timbre and MusicNet appeared to be ineffective, failing to discern most

sounds or react to stimuli altogether. These perceptual insights suggest that while the initial latent

dimensions of the RAVE encoder capture broad musical attributes, such as energy and attack, the

deeper latent dimensions often represent highly specialized features that may not align with the

semantic expectations of a performer navigating the latent space.
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(a) Input Audio (b) Latent dimension 1

(c) Latent dimension 11 (d) Latent dimension 16

Figure 9.2: Comparative spectrograms of the input audio for multiphonic aggregate no. 5 along-
side reconstructions decoded from latent dimensions 1, 11, and 16 of the VocalSet latent space.
The visualization demonstrates the varying degrees of spectral fidelity across the model hierarchy
and the specific challenges of representing non-harmonic partials in deeper encoder latent dimen-
sions.
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9.3.2 Results of Objective Clustering Analysis

The objective evaluation of the latent spaces provided a quantitative map of how timbre is struc-

tured within the RAVE models. By analyzing the Davies-Bouldin (DB) and Dunn indices across

various architectures, we observed clear trends in how neural networks prioritize musical infor-

mation. These findings, summarized in Table 9.3, provide a mathematical foundation for the

perceptual observations noted previously.

Table 9.3: Comparative analysis of clustering performance across all RAVE model latent dimen-
sions. Optimal values for each categorical framework and metric are indicated in bold. The labels
N and NN distinguish between evaluations performed with normalized and non-normalized audio
input, respectively, highlighting the impact of signal amplitude on latent organization.

Model Metric Technique Register Dynamic All
N NN N NN

Sol_full DB 9.3978 63.1686 3.1654 71.0053 61.2390 23.3833
Dunn 0.0001 0.0003 0.0002 0.0003 0.0002 0.0014

Isis DB 7.8626 36.9219 2.5262 17.9766 30.7508 18.4759
Dunn 0.00002 0.0003 0.0001 0.0005 0.0001 0.0006

MusicNet DB 6.9871 27.2322 3.4207 22.0426 35.3139 14.3542
Dunn 0.00002 0.0003 0.0001 0.0005 0.0003 0.0016

IILGuitarTimbre DB 46.4832 69.0797 25.9224 40.3061 58.2117 35.3975
Dunn 0.0002 0.0002 0.0005 0.0003 0.0001 0.0003

SaxSoprano DB 8.8365 23.6323 3.1240 5.8060 14.4397 9.2430
Dunn 0.0003 0.0004 0.0004 0.0005 0.0002 0.0034

VocalSet DB 11.4939 12.7429 2.5283 2.9858 8.4275 5.5918
Dunn 0.0003 0.0003 0.0002 0.0005 0.0003 0.0024

The results in Table 9.3 confirm that the highest degree of semantic organization occurs in the

early stages of the encoder. Specifically, the DB scores for dynamic levels were at their lowest

in the initial latent dimensions, indicating that the network immediately isolates signal energy as

a primary organizational feature. This mathematical result aligns with the perceptual assessment,

where the expert listener identified latent dimension one as the most reactive to volume and attack.

Figure 9.3 showcases the outcomes of the cluster analysis, organized latent dimension by latent

dimension. Due to the close resemblance of Dunn index results across all metrics (approximately

1×10−5), only Davies-Bouldin score results are presented in the figure. Several discernible pat-

terns emerge from these results, complementing the findings of the listening test. Specifically,

dynamics are consistently better generalized in the initial latent dimension of the model, except in

the case of the IILGuitarTimbre and VocalSet models, where they are observed in the second and

sixth latent dimensions, respectively.

Combined sounds are not adequately clustered at any model latent dimension, likely due to the

limitation of a single latent dimension in capturing the diverse timbre attributes of entire sounds.
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(a) Clustering on Technique (b) Clustering on Register

(c) Clustering on Dynamic (d) Combined Clustering

Figure 9.3: Davies-Bouldin Score Results by latent dimension. The best results are marked with
a circle. All audio is normalized for the cluster categories corresponding to extended techniques
and pitch registers.

The pitch register is generally well perceived across the models, although not consistently at the

same latent dimension in every model. At the level of extended techniques, MusicNet, closely

followed by VocalSet and Isis, are the best models at semantically perceiving timbric changes

within a single latent dimension.

As shown in the comparative data in Table 9.3, the MusicNet model achieved the most compact

clusters for specialized techniques when audio was normalized, yielding the best DB score of 7.01.

However, its lower Dunn Index suggested that these clusters, while internally consistent, were

positioned relatively close to one another in the latent space. In contrast, the SaxSoprano model

demonstrated a high degree of mathematical organization despite its lower perceptual reactivity.

When audio was normalized, it achieved the highest overall cluster isolation with a Dunn Index

of 0.0034, as indicated in Table 9.3, revealing very well-isolated clusters for different playing

techniques. This suggests that while the model may not sound as reactive to the expert ear due to

its training on a different instrument, its latent space is structurally robust and could potentially be

remapped for creative use.

The comparison between normalized and non-normalized data proved essential for under-

standing the models’ timbre-transparency. For all models, normalization significantly improved

the DB scores for both technique and register clustering. Without normalization, the models tended

to cluster sounds primarily by their loudness (e.g., grouping a loud long note with a loud slap note),
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effectively masking the more subtle spectral differences of the extended techniques. These findings

underscore the importance of pre-processing for performers who wish to utilize latent spaces for

navigating complex timbre landscapes, rather than relying on simple volume-based interactions.

9.4 Summary: Creative Affordances and Real-Time Manipulation

The comprehensive examination of RAVE models in this chapter provides crucial insights into how

neural network-based architectures represent the complex timbre attributes of the tenor saxophone.

Through the dual evaluation of subjective listening and objective clustering, several key findings

have been established regarding the transparency and functionality of these latent spaces. As sum-

marized in Table 9.4, among the various models studied, MusicNet and VocalSet demonstrated the

highest reactivity to tenor saxophone samples, particularly within the initial latent dimensions of

the network. The first latent dimension consistently emerged as the most robust for representing

changes in dynamics, while sensitivities to pitch and register variations were distributed inconsis-

tently across different latent dimensions and models. Furthermore, the study highlighted that the

absence of audio normalization significantly hinders the models’ ability to effectively distinguish

between extended techniques and pitch registers.

The insights gleaned from this timbre landscape offer a clear path forward for enhancing con-

trol and transparency in co-creative music frameworks (Carvalho et al., 2024). By identifying the

latent dimensions that govern specific musical attributes, such as dynamics or percussive attacks,

interface mapping strategies can be developed that enable performers to interact with these pa-

rameters more intuitively. The superior reactivity of the MusicNet and VocalSet models suggests

that datasets featuring high timbre diversity provide a more flexible latent space for processing

specialized instrumental techniques than models trained on narrower datasets. Furthermore, these

findings serve as the foundation for developing new software tools, where integrating the SaxTim-

bre dataset with motion-based datasets fosters a collaborative environment in which the energy of

a physical gesture directly shapes the evolution of synthesized saxophone timbres.

The ability to successfully isolate and decode the impact of specific encoder latent dimensions

holds profound implications for generative musical practice, particularly in real-time co-creative

performance. By observing which latent dimension is responsible for a specific feature, a com-

poser or performer gains the ability to manipulate that feature independently in the latent space,

interacting with musically intuitive controls derived from the learned structure rather than abstract

synthesis parameters. The continuous nature of the latent space facilitates seamless morphing be-

tween distinct saxophone timbres, such as a clean tone and a growling tone, while navigating the

periphery of the learned manifold enables controlled extrapolation into novel sounds that retain the

characteristic texture of the instrument. This layered analysis provides a degree of explainability

for the RAVE model, showing precisely which musical information the model prioritizes at each

stage of compression, a significant step toward developing transparent and trustworthy AI tools.

Building upon this structural understanding of the timbre landscape, the following chapter

transitions from latent space analysis to the practicalities of interactive control. As we move
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Table 9.4: Qualitative and quantitative summary of RAVE model reactivity to tenor saxophone
timbre. The table synthesizes expert perceptual assessments with mathematical clustering metrics
(Davies-Bouldin and Dunn Indices) to define the creative transparency and structural limitations
of each architecture.

Model Reactivity Key Strengths Observed Limitations

MusicNet High Achieved the highest semantic ac-
curacy for technique (DB: 6.9871).
Layer 1 excels at attack detec-
tion, while Layer 5 provides unique
pitch-shifting affordances.

Exhibits high cluster overlap, mak-
ing it difficult to isolate specific
techniques without accidental mor-
phing.

VocalSet High Most balanced performance across
registers. Layer 16 is uniquely
optimized for low-register micro-
timbres like subtones.

Demonstrates spectral gaps where
specific complex multiphonic ag-
gregates (No. 2 and 3) fail to trigger
any latent activation.

Isis Moderate Superior cluster separation for
register-specific notes (B♭3 to C4).
Provides high transparency for
dynamic-heavy improvisational
play.

Significant latent dead zones in the
Altissimo range; effectively loses
tracking of instrumental identity
above F6.

IILGuitar Moderate High fidelity in capturing the noise
component of secco slap notes.
Specialized layers allow for isola-
tion of percussive transients.

Many deeper dimensions are func-
tionally redundant or silent, limit-
ing the total useful navigation area
of the manifold.

Sol_full Low Preserves high-frequency spectral
detail due to its 44.1kHz architec-
ture.

High degree of latent collapse; 75%
of the dimensions (6 of 8) do not re-
spond to saxophone stimuli.

SaxSoprano Very Low Structurally robust clusters with
the highest mathematical isolation
(Dunn Index: 0.0034).

Extreme domain mismatch leads to
an 11/20 inactivity rate (55%); non-
transparent for real-time instrumen-
tal play.



The Timbre Landscape of the Tenor Saxophone 154

forward, we explore both traditional and experimental methodologies for navigating these high-

dimensional spaces in performance contexts. By examining how different mapping strategies and

interaction paradigms influence the exploration of these learned manifolds, we aim to bridge the

gap between static neural representations and the fluid, gestural nature of live musical improvisa-

tion.



Chapter 10

Navigating High-Dimensional Timbre
Latent Spaces

Following the structural analysis of various pre-trained RAVE models’ latent dimensions in Chap-

ter 9, this chapter explores the practical methodologies for navigating these high-dimensional

manifolds. This research transitions from latent space theory to implementation, specifically in-

vestigating how sampling strategies can be leveraged to manipulate timbre while preserving the

morphological integrity of the source material. In this context, the study moves beyond traditional

navigation, which often relies solely on perceptual distances between sound segments, to propose

a system that integrates mixed music models, empowering musicians to make more stylistic and

performative choices.

By viewing the latent space as an AI-informed corpus-based concatenative synthesis (CBCS)

environment, we investigate how computational agents can model divergences from established

musical norms. This approach is designed to enhance rather than supplant the performer’s creative

agency, providing a structured foundation for expressive exploration. The focus centers on Jesús

Villa-Rojo’s Lamento for tenor saxophone and tape as a primary case study (Villa-Rojo, 1989).

This work is particularly suitable due to its temporal freedom and intricate timbre nuances, which

offer a rich ground for testing navigation mechanisms within the latent domain.

Aiming to develop a co-creative system, we leverage RAVE models to treat timbre as a primary

navigable dimension. By implementing sampling strategies that account for both spatial proximity

and temporal trajectories, we aim to introduce interpretable structures into these high-dimensional

spaces. This evolution toward motion-aware navigation supports dynamic composition and ex-

pressive real-time interaction, allowing the machine’s learned representations to become an intu-

itive extension of the performer’s musical vocabulary.

The remainder of this chapter is structured as follows. Section 10.1 examines the inherent

difficulties of real-time timbre navigation within high-dimensional generative models, particularly

addressing morphological drift and the constraints of continuous latent control. To mitigate these

issues, Section 10.2 introduces three algorithmic sampling strategies for structured exploration:

155
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k-nearest neighbors (k-NN) binning, distance-based (BD) binning, and distance with aligned tra-

jectory (BD-AT). Section 10.3 details the experimental methodology, utilizing Jesús Villa-Rojo’s

Lamento as a practical case study to evaluate these strategies across varying divergence parameters

through both perceptual assessments and objective similarity metrics. Subsequently, Section 10.4

presents the findings of this comparative analysis, illustrating how the different navigational logics

impact temporal continuity and feature preservation during live generation. Finally, Section 10.5

synthesizes these observations, defining the threshold of morphological coherence and demon-

strating the necessity of trajectory-aware navigation for robust co-creative systems.

10.1 The Challenge of Timbre Navigation in Real-Time Systems

While the Realtime Audio Variational AutoEncoder (RAVE) provides a high-fidelity, continuous

latent space for timbre (ztimbre), navigating this manifold in a musically meaningful manner during

live performance presents significant challenges. In the context of electroacoustic mixed music,

the primary obstacle is often the restriction of the performer’s freedom and intentionality. In-

teractive music systems, such as the free improvisation models proposed by Winkler, attempt to

reduce these limitations. However, implementing such systems, particularly those aiming for the

co-creativity found in autonomous agents like Somax2 (Borg et al., 2022; Fiorini and Malt, 2023),

remains one of the primary obstacles in machine-generated music due to the difficulty of aligning

stylistic coherence with real-time interpretive choices.

A fundamental challenge in this study arises from the constraints of the training data. A RAVE

model typically requires a substantial dataset, often exceeding three hours of audio, to generate a

sufficiently significant and high-quality output. Due to a lack of such extensive audio material for

specific, specialized corpora, as is common in Western Art electroacoustic music, where each work

is typically at most half an hour and characterized by a particular language of extended techniques,

we utilize a strategy where a restricted corpus is projected onto a generic RAVE model that was

not trained on the corpus itself.

Navigating this latent space involves moving between discrete regions that correspond to the

specific musical samples of a curated work. This process is conceptually analogous to CBCS,

where audio units are selected based on their “proximity to a target position in the descriptor

space” (Schwarz et al., 2007). In traditional CBCS, this descriptor space is strictly feature-based,

meaning human developers must manually curate and prioritize specific acoustic parameters, a

significant bottleneck that often limits the system’s flexibility. Deep generative models resolve

this curation challenge because their neural networks autonomously establish complex, non-linear

relationships directly from the raw audio to form the latent space. However, projecting a spe-

cialized instrumental corpus onto a generic, pre-trained neural model introduces a new challenge:

the risk of morphological deviation. Because the model’s latent representation was optimized for

the broad statistical distribution of its training data rather than the specific nuances of a particular

musical work, synthesized outputs may gradually deviate from the original sonority while still

maintaining a relationship to the source material’s initial morphology.
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In the broader context of high-dimensional audio synthesis, the relationship between latent

space proximity and musical coherence presents a significant non-linear challenge. As navigation

parameters are adjusted to encourage greater variation, effectively moving further from a specific

target or reference point, sampling algorithms frequently encounter this drift. This phenomenon

occurs when the navigation trajectory enters statistically dense regions of the manifold that lack

the semantic or morphological structure of the original input. Rather than producing meaningful

musical development, this drift manifests primarily as a degradation of signal integrity and timbral

coherence, resulting in unwanted acoustic artifacts, the loss of the instrument’s distinct spectral

signature, and an eventual dissolution into unstructured noise.

Furthermore, the high dimensionality of the RAVE latent space, typically comprising more

than eight dimensions, as seen in the MusicNet model, further complicates precise manual navi-

gation. Adjusting weights for each latent dimension in real-time is a cognitively demanding task

that can detract from the musical performance. Consequently, there is an inherent trade-off be-

tween the complexity of the sound manipulation and the immediacy required for live interaction.

The challenge lies in developing intuitive control mechanisms that can handle this underlying

high-dimensional complexity while providing the performer with a structured, musically coherent

foundation for exploration.

10.2 Algorithmic Navigation Strategies for Latent Space Exploration

To address the challenges of morphological drift and the lack of contextual awareness, three dis-

tinct sampling strategies were developed to prioritize the structural integrity of the original timbre

while allowing for controlled divergence.

Before detailing these strategies, it is critical to explicitly define the temporal dimension and

the fundamental audio units utilized in this context. Unlike the symbolic MusicVAE architectures

employed for harmonic navigation in Part II, this experiment utilizes a pre-trained RAVE model

(specifically the one trained on the VocalSet dataset), which operates directly on raw audio wave-

forms at a 48 kHz sample rate. The model compresses this raw audio into 16-dimensional latent

vectors. In this context, an individual “audio unit” refers to a single, discrete latent frame, corre-

sponding to a temporal segmentation of approximately 43 milliseconds (or 23 frames per second

of audio).

Because RAVE generates a mathematically continuous and extremely dense manifold, search-

ing for optimal audio units frame-by-frame during a live performance introduces a severe com-

putational bottleneck. To resolve this and ensure real-time efficiency, the following algorithmic

strategies organize these continuous latent units into discrete categories (or bins). By discretizing

the continuous space into these manageable categories, governed by a primary closeness param-

eter, C, the system circumvents the need to execute exhaustive distance calculations across the

entire manifold for every 43-millisecond unit. This categorical reduction provides the structured,

low-latency foundation required for expressive real-time exploration.
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This parameter C serves as a control input, ranging from 0 to 1, that determines the degree of

proximity to the original musical work. At a value of C = 0, the system maintains the integrity of

the original tape, ensuring the output is identical to the source material. As the value of C increases

toward 1, the navigation strategies are permitted to sample audio units that deviate significantly

from the reference sequence.

This parameter operates as the gateway for performance freedom in the development of a co-

creative system, which will be detailed later in Chapter 12. By adjusting C, the performer can

transition from a state of perfect synchronization with the pre-recorded material to a state of high

divergence, where the system generates dissonant, rhythmic, or timbre variations. The efficacy

of C is intrinsically tied to the chosen strategy, as it dictates which category of latent units the

algorithm targets during the sampling process.

10.2.1 k-Nearest Neighbors (k-NN) Binning

The k-nearest neighbors strategy implemented for timbre navigation is closely related to methods

used in tonal music latent spaces, as discussed in Chapter 7. The k-NN algorithm serves as a

versatile approach for both classification and regression within supervised learning, effectively

adapting to diverse datasets by determining a unit’s value based on the average of its k nearest

neighbors in the feature space.

In this context, the strategy focuses on capturing distinct timbre attributes by evaluating their

spatial proximity in the embedding landscape. To extract a specific audio unit, categories are

created using the k-NN algorithm to pinpoint the k closest neighbors within a meticulously defined

embedding space. The value of k is determined by dividing the total number of units in the space

by the desired number of categories. If the total units are not a multiple of the categories, the

closest categories retain more units.

This method, illustrated in Figure 10.1, entails measuring distances (e.g., cosine or Euclidean

distances) between a chosen unit and every other frame in the embedding neighborhood to isolate

the k neighbors assigned to each category.

Within each category, a selection process utilizes a random weighted distribution method

where weights correspond to the distance from the original musical object. For instance, in an

environment with 25 categories, the value of C increases in increments of 0.04. If k is approxi-

mately 25 and C = 0.2, the selected unit will belong to the fifth bin. Potential units are weighted

based on their proximity to the selected unit, from least to most distant, before a final random

selection is made. Importantly, bin zero is uniquely designated to always lead back to the original

object, ensuring that setting C = 0 perfectly maintains the integrity of the original musical work.

10.2.2 Distance-Based (BD) Binning

While k-NN binning provides a structured way to categorize the latent space, it is fundamentally

limited by its disregard for spatial density. In regions of the manifold where units are sparsely

distributed, k-NN may group perceptually distant sounds into the same bin simply because they
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Figure 10.1: Sampling of an audio unit within a two-dimensional t-SNE projection of the RAVE
latent space using the k-NN binning strategy. Discrete latent units are represented as points, with
the reference unit (A) indicated by a blue arrow. The color gradient signifies the organization
of units into discrete “bins” based on spatial proximity, where each bin corresponds to a specific
value of the closeness parameter C.

are the closest relative to the rest of the corpus. The BD strategy addresses this by prioritizing

the geometric topography over unit count. Instead of creating bins with an equal number of units,

this algorithm divides the latent space into concentric categories of equal radial width based on a

distance histogram. To do this, it utilizes numpy’s histogram function.1

This approach, depicted in Figure 10.2, ensures that each bin represents a consistent degree

of deviation from the original sonority. Consequently, bins in dense regions of the manifold will

contain a high volume of potential candidates, while bins in sparse regions may remain empty.

For the generated music, this results in significantly higher continuity at low values of C, as the

algorithm restricts selection to a tight, absolute radius around the target. By making the sampling

density-aware, the BD strategy maintains the morphological integrity of the original instrumental

timbre more effectively than k-NN, particularly when navigating the specialized and often non-

uniform clusters of a saxophone corpus.

10.2.3 Distance with Aligned Trajectory (BD-AT)

The BD-AT strategy further evolves the navigation logic by introducing the concept of angular

displacement to account for the sequential nature of musical phrasing. In high-dimensional latent

spaces, the relative direction between two consecutive units often encodes more information about

1https://numpy.org/doc/stable/reference/generated/numpy.histogram.html, last accessed
January 29, 2026.

https://numpy.org/doc/stable/reference/generated/numpy.histogram.html
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Figure 10.2: Sampling of an audio unit within a two-dimensional t-SNE projection of the RAVE
latent space using the BD binning strategy. Discrete latent units are represented as points, with the
reference unit (A) indicated by a blue arrow. The color gradient signifies the organization of units
into discrete bins based on spatial proximity, where each bin corresponds to a specific value of the
closeness parameter C.

musical intent, such as the path of a specific gesture or a technical transition, than simple spatial

distance alone. This algorithm operates by first calculating a reference vector between the cur-

rent original audio unit and its immediate predecessor in the sequence of the score to establish a

directional path for the reference sequence.

Once this reference trajectory is established, the algorithm estimates the angular distance be-

tween the original sequence vector and the vectors leading to potential units within a specific

distance-based bin. By using a random distribution that is weighted according to this angular

alignment with respect to the original sequence, the system gives preference to units that preserve

a comparable directional flow, as illustrated in Figure 10.3. It ensures that even when the system is

set to higher levels of divergence, the resulting sequence of audio units preserves a logical motion

that remains understandable and coherent to the listener. The BD-AT strategy thus effectively mit-

igates the disjointed quality often associated with random sampling, providing a more contextually

aware variation that respects the directional intent of the performer’s gestural language.

10.3 Evaluation Methodology and Materials

To assess the practical efficacy of the previously described algorithmic strategies, a systematic

evaluation was conducted using a two-pronged approach that combines subjective perceptual test-

ing with objective similarity metrics. The study employed three navigation strategies (k-NN, BD,
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Figure 10.3: Sampling of an audio unit within a two-dimensional t-SNE projection of the RAVE
latent space using the BD-AT binning strategy. Discrete latent units are represented as points, with
the reference unit (A) indicated by a blue arrow. The color gradient signifies the organization of
units into discrete bins based on spatial proximity, where each bin corresponds to a specific value
of the closeness parameter C.

and BD-AT) to generate a diverse set of variations based on two distinct sections of the electronic

tape from Jesús Villa-Rojo’s Lamento.

10.3.1 Context and Source Material: Lamento

The experimentation explores the navigation of the latent space derived from Lamento (1989) for

tenor saxophone and tape (Villa-Rojo, 1989). Emerging from a collaboration between Villa-Rojo

and the renowned saxophonist Daniel Kientzy (Kientzy, 1990), this work is particularly suitable

for investigating timbre manipulation due to its free temporal structure and rich timbre nuances.

While broader musicological surveys of Villa-Rojo’s catalog have documented his aesthetic evo-

lution and integration of electroacoustics (Ordiz Castaño, 2008, 2011), Lamento remains largely

unexplored within formal computational and generative analysis. Consequently, as demonstrated

in our preliminary studies (Carvalho et al., 2025b), this gap presents an ideal opportunity to utilize

the work as a novel case study for latent space navigation. The electronic tape itself is composed of

pre-recorded saxophone and voice sounds. While the score allows the performer limited choices

regarding speed and duration, they must synchronize with a clock to time specific musical phrases

within fixed frames. These characteristics create an ideal landscape for exploring the relationship

between human interpretive choices and machine-driven transformations.

To evaluate the efficacy of our sampling strategies, two contrasting sections of Lamento’s

electronic tape were selected. The first section features a pre-recorded tenor saxophone playing
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a sustained, long note characterized by a subtle vibrato, maintaining a consistent and stable tim-

bre quality over its approximately 10-second duration. In contrast, the second section features a

10-second sequence where the saxophone executes a rapid alternation between two notes. This

movement is further defined by a significant level of background reverberation, which causes the

rapidly alternating frequencies to overlap and bleed into one another. In this context, this spectral

overlapping creates a high degree of acoustic dissonance, manifesting as perceptual roughness and

textural density rather than traditional harmonic tension.

These two distinct sections were deliberately chosen to test the robustness and behavior of

the sampling algorithms under contrasting acoustic conditions as the closeness parameter (C) in-

creases. Specifically, the first section serves to evaluate how well the system maintains morpho-

logical continuity and structural stability when processing a steady, sustained timbre. Conversely,

the second section is intended to stress-test the trajectory alignment and density-based strategies

against a highly complex, reverberant, and acoustically dissonant texture. By comparing the gen-

erated variations of these two extremes across discrete C values (from 0.04 to 0.96), the experiment

seeks to determine which navigational logic most effectively preserves the original musical char-

acter, and at what threshold morphological drift causes the synthesis to lose cohesion.

10.3.2 Latent Space Generation: The RAVE Model

For this experiment, we leverage the model trained on the VocalSet dataset, which has demon-

strated superior capabilities in clustering and recognizing tenor saxophone timbre and extended

techniques compared to other generic models, as we discussed in Chapter 9. This model, trained

by the Intelligent Instruments Lab (IIL), utilizes 16 latent dimensions and operates at a sampling

rate of 48 kHz.

Despite its vocal training, the VocalSet model was selected for its demonstrated excellence

in clustering and recognizing the timbre of tenor saxophones. It responds evenly across all pitch

registers, except for dimension 16, which is more sensitive to the low register, and effectively

handles dynamics and extended techniques. Its sensitivity to pitch and timbre variations provides

a firm semantic basis for capturing the intricacies of the tenor saxophone.

10.3.3 Generation Parameters and Evaluation Framework

The effectiveness of these strategies was assessed through a multi-faceted analytical framework

that combined subjective and objective metrics.

First, for each selected musical segment, three variations were generated across five discrete

values of the closeness parameter C: 0.04, 0.2, 0.4, 0.6, and 0.96. To clarify the mechanics of this

synthesis process, the generations rely on an AI-informed CBCS approach rather than synthesiz-

ing new waveforms from scratch via the RAVE decoder. In this framework, the three sampling

strategies (k-NN, BD, and BD-AT) act as spatial querying algorithms that navigate the latent space

to generate a sequence of indices. For this specific experiment, the audio source was segmented

into grouped units of four latent frames, yielding discrete audio segments of approximately 170
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milliseconds in length. Once the algorithms select a trajectory through the latent space, the cor-

responding raw audio segments are retrieved and sequentially concatenated via a Python script

to construct the final audio variation. While the generations were constrained to the time frame

of the source sections, the entire set of units related to the complete musical work was available

for sampling. In all experimental runs, the latent space was organized into 25 bins, and all 16

dimensions were assigned equal weight for distance calculations.

The first evaluation component involved a perceptual assessment conducted by an expert sax-

ophonist with over a decade of experience. This evaluation consisted of a systematic listening test

across the generated variations for all five discrete C values (0.04, 0.2, 0.4, 0.6, and 0.96). To en-

sure the rigor of a quantitative test, this qualitative analysis graded the generations based on three

specific dimensions of interest: 1) morphological and temporal Continuity, tracking the frequency

of unwanted pauses, rhythmic interruptions, or disjointed audio jumps; 2) timbre identity, observ-

ing the preservation or degradation of the saxophone’s spectral characteristics (e.g., vibrato and

reverberant tail); and 3) acoustic dissonance, evaluating the overall musical flow as the sequence

deviated from the target.

This perceptual assessment was followed by an objective similarity measure, where the gener-

ated audio sequences were mathematically compared to the reference sequence using the audio-

similarity Python library.2 Features analyzed within this framework included the zero-crossing

rate (to measure signal noisiness and pitch preservation), rhythm (to track temporal texture),

chroma (to evaluate specific pitch content), energy envelope (to measure dynamic morphology and

articulation), spectral contrast (to indicate perceived brightness and texture), and general percep-

tual similarity. By correlating these strict quantitative metrics with the expert listening dimensions,

the framework provides a comprehensive understanding of the extent to which the generated audio

retained the original’s acoustic characteristics under varying navigational logic.

This two-pronged approach, encompassing both subjective perception and objective measure-

ment, enables a comprehensive understanding of how various latent space navigation strategies

preserve or transform desired musical qualities. By comparing different strategies at various C

values, we can determine which methods most effectively maintain original musical characteris-

tics and where they diverge, providing deep insight into the impact of navigation logic on synthe-

sis. It is worth noting that a Google Colab notebook3 was utilized as the testing environment to

implement and evaluate these strategies. This computational environment enabled the thorough

analysis of each audio unit and the systematic observation of the potential outcomes it generated.

10.4 Results and Discussion

The following analysis synthesizes the perceptual observations and objective analytical metrics

gathered across the three developed navigation strategies: k-NN, BD, and BD-AT. By evaluating

2https://github.com/markstent/audio-similarity, last accessed January 29, 2026.
3https://github.com/NadiaCarvalho/IJPA-LatentSpace/blob/main/Experiment1_

Mechanisms.ipynb, last accessed January 29, 2026.

https://github.com/markstent/audio-similarity
https://github.com/NadiaCarvalho/IJPA-LatentSpace/blob/main/Experiment1_Mechanisms.ipynb
https://github.com/NadiaCarvalho/IJPA-LatentSpace/blob/main/Experiment1_Mechanisms.ipynb
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these methods through both subjective listening and quantitative feature extraction, we can observe

how the latent space manifold reacts to different sampling logics.

10.4.1 Perceptual Analysis of Sectional Variations

The first section analyzed features a sustained tenor saxophone long note with subtle vibrato,

lasting approximately 10 seconds. When navigating this segment with the k-NN-based binning

approach, the results at low C values (C = 0.04) closely resembled the original electronic ver-

sion, maintaining musical flow with minimal dissonance. However, as C increased, the long note

became subject to noticeable interruptions, pauses, and dynamic variations, resulting in a less

cohesive listening experience despite remaining recognizable.

The BD strategy provided even greater continuity than k-NN for lower C values, often yielding

results identical to the reference sequence due to the sparse population of units in the immediate

vicinity of the original frame. However, this strategy exhibited significant sensitivity at higher C

values, with several interruptions appearing as early as C = 0.8 because fewer latent units were

available in the distant geometric bins.

BD-AT did not significantly improve low-C performance (i.e., the system’s ability to maintain

high acoustic fidelity and morphological similarity to the original audio when the divergence pa-

rameter C is set near zero). In fact, these variations felt further from the source. We speculate

that this phenomenon occurs because of the added constraint of angular alignment. By prioritiz-

ing units that follow the original sequence’s trajectory, the algorithm may overlook the absolutely

closest unit in the latent space in favor of one that is spatially further away but more direction-

ally accurate. While this sacrifice lowers raw similarity scores at near-zero divergence, it is the

exact mechanism that prevents the incoherence observed in standard sampling at higher diver-

gence levels (C > 0.60). Yet, at higher C values, the BD-AT strategy produced music that was

markedly more discernible and coherent, despite interruptions. It establishes a logical flow that

is almost opposite to the original, aligning better with the creative intent behind high-divergence

parameters.

The second section, characterized by rapid note alternations and dense reverberation, showed

similar trends. For k-NN-based binning, the furthest generations unexpectedly resembled sections

with less movement. Distance-based binning at C = 0.04 produced sequences nearly identical to

the original, maintaining fewer interruptions than the first section, even at higher values. Con-

versely, trajectory alignment in this dissonant context resulted in more significant interruptions as

C increased, likely due to the complexity of the reverberant tail influencing the directional vectors

in the high-dimensional space.

10.4.2 Comparative Analysis of Density and Temporal Continuity

The analytical results in Table 10.1 reveal a striking outlier: at the lowest divergence level (C =

0.04), the BD strategy achieves a rhythmic similarity of 0.7174, significantly outperforming both
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k-NN (0.5333) and BD-AT (0.5492). This discrepancy highlights the fundamental difference be-

tween count-based and geometry-based sampling. Because the BD strategy utilizes an absolute

distance histogram, a low C value restricts the sampling radius to a very narrow geometric shell.

In the context of a specialized instrumental corpus like Lamento, latent units representing a con-

tinuous phrase are often clustered extremely close to one another. By enforcing a strict distance

threshold rather than a fixed number of neighbors, the BD strategy ensures that only units within

the immediate perceptual neighborhood are selected, effectively preventing the inclusion of units

that may represent a different articulation or rhythmic onset.

Table 10.1: Mean similarity metrics for latent space navigation strategies. Higher values indicate
greater preservation of original musical features (zcr, rhythm, chroma, energy, spectral contrast,
and perceptual) relative to the source corpus.

Strategy C Similarity

zcr rhythm chroma energy env. spectral cont. perceptual

k-NN

0.04 0.9989 0.5333 0.8988 0.5585 0.9266 0.4886
0.20 0.9980 0.5449 0.8602 0.5643 0.9239 0.5125
0.40 0.9976 0.5381 0.8433 0.5490 0.9187 0.4946
0.60 0.9970 0.5381 0.8305 0.5685 0.9198 0.5157
0.80 0.9959 0.5290 0.8128 0.5712 0.9131 0.5163
0.96 0.9831 0.5345 0.7645 0.5270 0.9053 0.5205

BD

0.04 0.9997 0.7174 0.9778 0.7969 0.9585 0.7219
0.20 0.9998 0.5317 0.9376 0.6186 0.9349 0.5375
0.40 0.9988 0.5362 0.8952 0.5964 0.9286 0.5242
0.60 0.9970 0.5379 0.8346 0.5640 0.9193 0.5007
0.80 0.9916 0.5392 0.8006 0.5389 0.9115 0.5155
0.96 0.9610 0.5306 0.7469 0.5061 0.9008 0.5046

BD-AT

0.04 0.9965 0.5492 0.8422 0.5842 0.9162 0.5345
0.20 0.9972 0.5409 0.8429 0.5696 0.9200 0.5114
0.40 0.9975 0.5356 0.8441 0.5761 0.9224 0.5402
0.60 0.9971 0.5467 0.8396 0.5592 0.9198 0.5159
0.80 0.9969 0.5238 0.7963 0.5483 0.9139 0.4949
0.96 0.9964 0.5260 0.7485 0.5370 0.9121 0.4587

In contrast, the k-NN strategy is density-blind. Even at C = 0.04, it is still forced to select

from the k closest neighbors. If the latent space is sparse in a particular region (common in

electroacoustic music as it often employs many extended techniques), the k-th neighbor might be

spatially distant, leading to an unintended jump in the audio signal. This distance explains the

lower rhythmic and chroma scores for k-NN at low C values, as the algorithm pulls samples from

across a wider perceptual gap to fill its bin quota. The BD-AT strategy also yields a lower score

at C = 0.04 compared to the standard BD, due to the added constraint of angular alignment. By

prioritizing units that follow the original sequence’s trajectory, the algorithm may overlook a closer

unit in favor of one that is more directionally accurate. While this sacrifice slightly lowers raw
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similarity scores at near-zero divergence, it is the exact mechanism that prevents the incoherence

observed in standard sampling at higher divergence levels (C > 0.60).

10.4.2.1 General Trends in Feature Preservation

Beyond rhythmic continuity, the data provides valuable insights into the preservation and trans-

formation of various musical elements. For all strategies, the zero-crossing rate (zcr) remains high

across all C values, indicating a consistent preservation of pitch-related characteristics despite a

slight decrease at the highest levels of divergence. This zcr result suggests that the RAVE latent

space, particularly when using a model trained on vocal techniques, maintains a strong correlation

with the fundamental periodicity and noisiness of the signal. Even when the system samples in-

correct units from distant bins, the high-frequency content and periodic nature of the saxophone’s

timbre (represented by the zcr) are robustly preserved, preventing the synthesis from devolving

into uncorrelated noise.

The energy envelope similarity reveals how the system handles the dynamic morphology of

the original phrases. While this metric remains relatively stable, the slight fluctuations observed

(ranging from 0.50 to 0.79) indicate that higher C values introduce “jitter” into the amplitude

profile. In the BD strategy at C = 0.04, the energy envelope similarity is at its peak (0.7969),

confirming that tight geometric constraints preserve the original articulation and breath pressure

patterns of the saxophone. As C increases, the introduction of units with different attack and

decay characteristics causes the synthesized output to lose the smooth amplitude continuity of the

original Lamento tape, though it rarely loses its overall gestural shape.

Similarly, the spectral contrast metrics, which evaluate the relative difference between peaks

and valleys in the frequency spectrum, stay within a narrow, high range (0.90 to 0.95) for all

strategies. This stability is significant because spectral contrast is a strong indicator of perceived

brightness and texture. The high scores suggest that the RAVE model’s latent dimensions ef-

fectively disentangle the broad timbre texture of the saxophone from its specific pitch content.

Consequently, even when the pitch content (chroma) varies significantly, the quality of the sound

(e.g., its roughness, clarity, or metallic nature) remains consistent with the specialized language

of the piece. These chroma values, representing specific pitch content, show the most significant

decline across all strategies, reflecting the expected variability in pitch as the system explores the

manifold.

In summary, lower values of the control parameter C effectively maintain the attributes of the

original electroacoustic tape. While the BD strategy is most effective for high-fidelity replication

at low C values, trajectory alignment (BD-AT) excels at establishing musical coherence during

radical transformations. These findings suggest that a hybrid navigation approach could optimize

results. However, the data also indicates that higher C values may fail to bring sufficient musical

contrast, as core timbre and dynamic elements remain largely consistent across strategies.
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10.5 Summary: Navigational Robustness and the Threshold of Co-
herence

The experimental analysis (Carvalho et al., 2025b) reveals that while all navigation strategies

effectively preserve core musical elements such as timbre and dynamics, pitch elements demon-

strate significantly greater variability as the control parameter C increases. Lower C values across

all methods generally maintain the morphological integrity of the source material. However, as

the sampling trajectory moves further from the target units into the periphery of the latent space,

the resulting audio tends toward increased dissonance and rhythmic interruptions.

Notably, the incorporation of trajectory alignment (BD-AT) does not significantly alter mu-

sical outcomes at lower proximity levels. However, it proves superior for maintaining structural

coherence during radical transformations, effectively mitigating the disjointed quality often as-

sociated with high-divergence sampling. These findings suggest that for complex instrumental

timbres, such as the tenor saxophone, a hybrid approach combining distance-based categorization

with trajectory awareness offers the most robust framework for meaningful navigation.

Despite the stability provided by these algorithmic mechanisms, a recurring challenge remains:

the inherent difficulty in generating intentional musical contrast that respects a composer’s stylistic

logic or a performer’s gestural intent. While the C parameter allows for sonic deviation, it does

not explicitly account for the formal relationships of thematic development, such as the specific

transformations required to create a contrary or oblique response to an input phrase. To address

this, the following chapter introduces a formalized framework for navigating by musical motions,

utilizing a specialized dataset designed to map these geometric relationships within the latent

landscape.



Chapter 11

Mapping Gestural Intent: Taxonomies
of Motion in Latent Space

The transition from purely proximity-based sampling to a system capable of intentional thematic

development requires a formalized understanding of how musical ideas evolve in a digital latent

space. Traditional corpus-based concatenative synthesis (CBCS) systems often struggle with this

transition because they navigate multidimensional spaces blindly, relying heavily on step-by-step

statistical matching or raw proximity targeting. Because these systems prioritize low-level acoustic

similarity without semantic awareness, they lack compositional foresight, creating a profound dis-

connect between the machine’s retrieved units and the performer’s intended musical morphology.

While earlier navigation strategies in our framework relied on mathematical distances, such as the

Davies-Bouldin index, to measure cluster compactness, the creative demands of live performance

require a more nuanced approach that mirrors human compositional thought. This chapter in-

troduces a framework for motion-aware navigation, which departs from traditional point-to-point

sampling by treating the latent space as a dynamic topography of musical gestures.

Central to this investigation is the Motiv dataset, a collection of expert tenor saxophone record-

ings explicitly annotated to illustrate the geometric behavior of thematic elaborations. By formal-

izing these elaborations through a taxonomy of musical motions (i.e., parallel, oblique, and con-

trary), this research seeks to bridge the gap between abstract neural activations and the structural

logic of musical counterpoint.

The exploration presented here addresses a critical gap in current AI music systems: the ability

to generate contrasting ideas while maintaining intentional structural coherence. By analyzing how

professional performers interpret and execute these motions, we can map their unique trajectories

within the RAVE latent space. This mapping enables the development of co-creative agents that

do not merely mimic the performer but engage in a sophisticated dialogue through motion-driven

retrieval and transformation.

Through the lens of the Motiv dataset, we move beyond viewing the latent space as a static

database of sounds. Instead, we redefine it as a Motivic Landscape, where the relative positioning

and directional flow of latent vectors provide the necessary data for contextually aware, expressive

168
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music interaction.

The chapter is outlined as follows. Section 11.1 establishes a theoretical taxonomy of musical

motions, categorized into parallel, similar, oblique, and contrary, to formalize the structural trans-

formations and thematic development of musical phrases. Section 11.2 presents a preliminary

experiment mapping these contrapuntal relationships within the RAVE latent space, evaluating

how distinct performative gestures occupy unique geometric trajectories. Building upon these ge-

ometric signatures, Section 11.3 details the construction, curation, and structural organization of

the Motiv dataset, a specialized corpus of expert tenor saxophone recordings explicitly designed to

encode intentional performance gestures. Subsequently, Section 11.4 provides a preliminary math-

ematical analysis of this dataset, quantitatively assessing the structural correlation, directionality,

and spatial variation of the recorded motion types. Finally, Section 11.5 synthesizes these findings,

discussing their implications for transforming the latent space into a dynamic Motivic landscape

and enabling contextually aware, motion-driven navigation in co-creative music systems.

11.1 A Taxonomy of Musical Motions

To introduce an interpretable structure into the latent space and guide the subsequent construc-

tion of the Motiv dataset, we adopt a taxonomy inspired by traditional two-voice counterpoint

processes. While the term motion in multimodal AI often refers to human physical movement

(Zhang et al., 2025), this research employs a distinct interpretation grounded in the work of Pinho

(2016). Therefore, we separate the performer’s gesture (the physical and expressive execution, de-

fined previously) from the musical motion. Here, motion refers to musical phrase elaborations that

serve as structured transformations, shaping thematic development through specific geometric and

performative relationships. This framework organizes musical transformations into four primary

types, illustrated in Figure 11.1. These motions provide a foundation for identifying composi-

tional patterns that enable a CBCS system to preserve a work’s stylistic context while dynamically

aligning with a performer’s interpretation.

11.1.1 The Four Motion Types

The taxonomy categorizes the relationship between pre-existing musical material and the present

musical discourse through the following definitions:

• Parallel motion: All musical voices or parameters move in the same direction by the same

interval. In a performative context, this maintains the fundamental structure and contour of

the original material, typically through direct pitch transposition with minimal deviation in

expression.

• Similar Motion: The musical material moves in the same direction but by different intervals

or magnitudes, retaining the broad properties of the source material while introducing minor

variations in articulation, dynamics, or duration, allowing for stylistic modification.
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Figure 11.1: Illustration of the four motions within Pinho’s taxonomy (Pinho, 2016). Left-to-
right flow indicates the motion from pre-existing musical material to the present manifestation of
musical discourse.

• Oblique motion: At least one core element remains stationary or preserved (e.g., pitch

or rhythm) while others, such as dynamics, timbre, or context, are substantially modified.

Thus, alters the perception of the elements without directly changing them, representing a

selective transformation.

• Contrary motion: This represents the maximum deviation and expressive contrast from

the original phrase. The musical parameters move in opposite directions, such as reversing

interval directions, inverting dynamic envelopes (crescendo to decrescendo), or altering note

durations to create stark opposition.

11.1.2 Consolidating the Taxonomy for the Motiv Dataset

For the practical implementation of the Motiv dataset and the preceding experiments, we opted to

consolidate the taxonomy into three operational categories: parallel, oblique, and contrary. This

decision stems from the observation that, in the context of live instrumental performance and latent

space mapping, the distinction between parallel and similar motions often becomes blurred.

Our redefined parallel motion encompasses the conceptual space between Pinho (2016)’s orig-

inal definitions of parallel and similar motions. In practice, a performer rarely achieves a mathe-

matically perfect parallel transposition. Subtle fluctuations in timbre, microtiming, and expressive

intensity naturally introduce the minor variations characteristic of similar motion. By merging

these into a single parallel category, we acknowledge that any transformation maintaining the

general contour and direction of the original phrase, even with slight intervalic or expressive devi-

ations, occupies a consistent region of the latent space.
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This consolidation simplifies the dataset’s architecture, focusing on the three most distinct ge-

ometric behaviors: maintaining identity (parallel), selective transformation (oblique), and radical

opposition (contrary).

11.1.3 Implications for Latent Space Navigation

This taxonomy serves as more than a descriptive tool, providing the geometric logic required to

navigate high-dimensional manifolds. By grounding the Motiv dataset in these expert interpreta-

tions of musical equality, variation, and contrast, we establish a foundation for models that can

generate conventional patterns and novel oppositions.

Drawing on the nuanced expertise of seasoned musicians, this structured approach enables a

co-creative system to move beyond simple stochastic sampling. Instead, it allows for interpretable

navigation, where a performer’s live gesture can be mapped to one of these three motions, trigger-

ing a contextually aware response from the synthesis engine. This interpretable navigation pushes

the boundaries of generative AI by ensuring that the latent space trajectories remain musically

meaningful and compositionally relevant.

11.2 Experiment: Mapping Geometries of Motion

Before detailing the construction of the Motiv dataset used to train these behaviors, we exam-

ine the preliminary experiment conducted to evaluate how these motions manifest within a high-

dimensional manifold.

This experiment seeks to map geometric equivalents of traditional contrapuntal relationships

to determine if specific vector transformations in the RAVE latent space can reliably produce the

four types of musical motion detailed in Section 11.1. By applying this taxonomy, we categorize

parallel, contrary, and oblique motions to identify repeatable trajectories, effectively introducing

interpretable control dimensions into the latent space. The primary objective is to evaluate how

real-time saxophone gestures can manipulate these parameters, facilitating an intuitive and expres-

sive dialogue between the performer and the synthesis system.

11.2.1 Methodology: Recording Gestural Variations

The experimental framework was conducted in two distinct stages, utilizing both saxophone-based

and electronic-based phrases to explore the manifestation of musical motions. To construct this

dataset, specific musical phrases were extracted from Villa-Rojo (1989)’s Lamento for tenor sax-

ophone and tape. The recordings were performed by expert saxophonist Jorge Sousa, who was

tasked with playing the original three excerpts selected from the written saxophone score and

three replicated from the electronic tape, followed by a series of deliberate variations for each.

These variations were explicitly performed to embody the parallel, oblique, and contrary motions

defined in our taxonomy. Recordings and musical scores for each combination are documented in

the project dataset (Carvalho and Sousa, 2025a).
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Figure 11.2: Musical score of phrase 1 from the saxophone part of Villa-Rojo (1989)’s Lamento,
corresponding to 0:18–0:38.

11.2.1.1 Recordings of Motions in the Saxophone Score

In the first stage, three specific phrases from the saxophone part of Lamento, each lasting between

15 and 20 seconds, were selected for their distinct musical content and the varied emotional and

gestural intents they convey, providing a comprehensive spectrum for latent space mapping.

The first phrase (spanning seconds 0:18 – 0:38) represents the saxophonist’s initial entrance,

following 18 seconds of solo tape, as illustrated in Figure 11.2. The melodic line is characterized

by a static focus, hovering around a single note while maintaining a restricted, lower dynamic

range. This phrase serves as a baseline for examining stable, low-divergence movement within the

manifold.

In contrast, the second phrase (minutes 3:30 – 3:48), shown in Figure 11.3, introduces signifi-

cant urgency and complexity. The melodic line oscillates around middle C before concluding with

a rapid ornamental figure around a high A-flat at a forte dynamic. The sharp contrasts between

piano and forte, coupled with shifts in register and articulation, provide a dense set of features for

analyzing how the RAVE model clusters dynamic intensity and ornamental gestures.

The third phrase (minutes 7:30 – 7:45) focuses on temporal density and aggressive articulation.

As seen in Figure 11.4, while the pitch material remains somewhat centered, similarly to the

second phrase, the note transitions are significantly faster and include a distinct slap note. This

phrase is crucial for evaluating the latent space’s ability to differentiate between standard and

extended techniques under conditions of high rhythmic velocity.

For each of these three phrases, the saxophonist recorded the original score as written, followed

by a series of variations designed to embody the taxonomy of musical motions. Parallel variations

involved simple transformation, such as transposing the phrases at different intervals while strictly

adhering to the original rhythm and contour. Oblique variations maintained the pitch sequence but

introduced shifts in dynamic envelopes and articulation. Finally, contrary motions were recorded

by modifying or reversing the dynamics, extended techniques, melody direction, and accentuation

Figure 11.3: Musical score of phrase 2 from the saxophone part of Villa-Rojo (1989)’s Lamento,
corresponding to 3:30–3:48.
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Figure 11.4: Musical score of phrase 2 from the saxophone part of Villa-Rojo (1989)’s Lamento,
corresponding to 7:30–7:45.

patterns, such as transforming a crescendo into a decrescendo, effectively creating an inverted

gestural path.

11.2.1.2 Recordings of Motions in the Tape Electronics

The second stage of the project focused on replicating and varying the tape electronics. Four short

phrases were extracted from the tape, chosen for their unique musical characters and their potential

to interact effectively with a live performer. The saxophonist was tasked with creating a mimic

version of each, striving to replicate the timbre, dynamics, and phrasing of the electronic recording

as closely as possible. Following this replication, the performer recorded two variations for each

taxonomic motion (parallel, oblique, and contrary), specifically focusing on the attributes of the

electronic sound rather than the written saxophone part.

11.2.2 Analysis: Latent Projections and Dimension Weighting

To analyze the recordings, we processed the audio data using the RAVE model, which was trained

on the VocalSet dataset (as discussed in previous chapters). This process allowed us to ex-

tract latent space values for each audio unit. Consequently, the temporal audio segments were

transformed into a sequence of points in a 16-dimensional space. We then projected these high-

dimensional values into a two-dimensional representation using t-distributed Stochastic Neighbor

Embedding (t-SNE) (van der Maaten and Hinton, 2008). This specific reduction technique was

chosen over linear methods like Principal Component Analysis (PCA) because t-SNE excels at

preserving local similarities, ensuring that audio units with similar timbre or spectral character-

istics remain close to one another in the projection, making it possible to visualize and identify

global trajectories and patterns within the otherwise abstract latent landscape.

By inspecting these visual paths, we established a clear connection between the performer’s

gestural intent and the resulting movement within the latent space. For instance, a crescendo or a

shift in register manifests as a distinct directional trail in the t-SNE plot, allowing us to map mu-

sical motions to specific geometric vectors. This mapping provides the necessary groundwork for

more effective manual or automated navigation during live performances, as it enables the system

to recognize a performer’s musical motion and respond with a variation that follows a comple-

mentary latent path. Furthermore, this analysis enabled the identification of latent anchors (i.e.,

regions of the space consistently associated with specific saxophone techniques), which serve as a

vital reference for the weight attribution applied to the dimensions during distance calculations.
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Building on the global trajectories observed in the t-SNE projections, we further refined our

analysis by examining individual latent dimensions. As discussed in the Chapter 9, individual di-

mensions in the VocalSet-trained RAVE model exhibit high sensitivity to specific acoustic features

of the saxophone. Dimensions zero and five are primarily linked to dynamics and general sound

recognition, while dimension 10 is associated with pitch registers, and dimension 15 is connected

to the recognition of extended techniques. By isolating these dimensions, we sought to determine

whether the performer’s intended musical motions corresponded to shifts in the expected latent

coordinates.

11.2.3 Results and Discussion

The results of this experiment, compiled in (Carvalho and Sousa, 2025a), align around consistent

qualitative considerations. The motion trajectories reveal meaningful insights into how different

gestural strategies inhabit the latent landscape. We present two primary examples, one from the

saxophone score and one from the electronic tape, to illustrate these findings.

11.2.3.1 Analysis of Saxophone-Based Motions
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Figure 11.5: Two-dimensional t-SNE projection of RAVE latent trajectories (units 50–60) for the
second saxophone phrase. The visualization illustrates the spatial dilation of contrary and oblique
motions compared to the overlapping pathways of parallel transpositions. Motion types are color-
coded with start points (circles) and endpoints (wedges) indicating temporal direction within the
manifold.

Figure 11.5 displays an excerpt from the second saxophone phrase (units 50–60). In this global

t-SNE projection, parallel trajectories tend to occupy the same vector length and configuration as

the original phrase, though often in different locations or orientations within the manifold. For
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instance, two parallel phrases undergoing a major second downward transposition nearly over-

lap, intersecting with the original phrase’s path. Conversely, a major third transposition, while

maintaining a similar shape, occupies a distinctly different spatial region.

Contrary and oblique motions exhibit shared behaviors, both resembling the original phrase’s

contour but with significantly more spatial dilation. Contrary motions show the most pronounced

expansion, while oblique motions are less dilated. The distinction between these two is often

nuanced; contrary motion may involve inverted dynamics or techniques, while oblique motion

preserves specific elements while radically altering others. Because the performative stimuli for

these motions are often related, they manifest as comparable spatial patterns that occupy areas

further removed from the original phrase than parallel variations.
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Figure 11.6: Latent space trajectories (dims 0, 5, 10, 15) for saxophone phrase 2. The comparison
highlights structural consistency in most dimensions, alongside pitch-sensitive variance in dimen-
sion 10. Directional markers (circles to wedges) and color-coding track temporal flow and motion
types across units 50–60.

When examining specific latent dimensions linked to the different qualities of the saxophone’s

sound (Carvalho et al., 2024), we can draw similar conclusions. In Figure 11.6, we can see di-

mensions 0, 5, 10, and 15 for the second saxophone phrase and its variations. In every dimension

except the tenth, the parallel motion closely mirrors the original score, both in the paths and the

space it occupies.

Intriguingly, this is not the case in the latent dimension 10, associated with pitch, as the parallel

motion variations follow the original score with exact pitch transposition but deviate spatially. It

appears that this latent dimension is exceptionally sensitive to pitch, capturing very subtle changes.
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Consequently, the trajectory of these motions is not as similar to the original as in the dynamic-

focused dimensions. This difference in latent dimensions’ specific trajectories supports our deci-

sion to assign different weights to each latent dimension for calculating distances. This way, we

can fine-tune motions according to specific structural properties of the saxophone performance

and the intention behind each motion.

In Figure 11.6, oblique and contrary motions present similar behaviors across all individual

dimensions. The contrary motion is generally more dilated across the whole space. It tends to

follow the original trajectory’s general configuration less strictly. In contrast, oblique motion

follows particular segments of the configuration more closely but remains further from the original

in the manifold compared to parallel motion.

11.2.3.2 Analysis of Electronic-Based Motions

In the second stage of the experiment, variations were derived from the electronic tape phrases

(Figures 11.7 and 11.8). A primary observation is that the original electronic audio units are

consistently isolated from all other recordings, including the saxophone mimic phrases. This

spatial distance is likely influenced by recording conditions, post-processing, and the inherent

density of the mastered tape, which includes added reverberation and layered saxophone sounds.
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Figure 11.7: Global t-SNE projection of latent trajectories (units 50–60) for the first electronic
phrase. The visualization highlights the significant spatial isolation of the original electronic
source from all saxophone-based variations and mimics. Parallel, oblique, and contrary motions
are color-coded to illustrate the varying degrees of spatial dilation and directional alignment rela-
tive to the saxophone mimic.

Consistent with the first stage, Figure 11.7 shows that contrary motions exhibit the most sig-

nificant dilation. Parallel motions again mirror the mimic phrase in spatial occupation, following
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similar vector shapes. Interestingly, in this context, oblique motions cover more total space than

contrary ones, though they remain closer to the mimic and parallel phrases.
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Figure 11.8: Individual latent trajectories for dimensions 0, 5, 10, and 15 (units 50–60) of the
first electronic phrase. The plots reveal a distinct spatial offset in dimension 10, indicating the
latent sensitivity to recording density and tape mastering versus live saxophone replication. In
dimensions 5 and 15, parallel motions demonstrate high directional correlation with the electronic
source. In contrast, contrary motions exhibit significant divergence in the technical register (dim.
15). Temporal sequence is indicated by filled circles (start) and upward wedges (end).

Analysis of individual dimensions for the electronic phrases reveals that dimension 10 shows

the most significant gap between the electronic source and the saxophone replications. We hy-

pothesize that this dimension is sensitive to signal density, such as the layering of multiple sounds

found in the tape, which a live saxophone cannot replicate. In dimensions 5 and 15, however,

parallel motions closely follow the electronics. In dimension 15 specifically, contrary motions

move in the opposite direction to the electronics, a characteristic that could be leveraged within

the system to create intentional musical tension or divergence.

11.2.4 Synthesis: From Geometric Mapping to Gestural Instruction

The results of this experiment (Carvalho et al., 2025b) provide empirical evidence that the taxon-

omy of musical motions (parallel, oblique, and contrary) manifests as distinct geometric signatures

within the latent space. The visualization of these trajectories confirms that while the RAVE model

can preserve the general shape of a musical gesture, it does so with varying degrees of sensitiv-

ity across its dimensions. Specifically, the observed spatial dilation in contrary motions and the
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high sensitivity of dimension 10 to pitch transposition highlight the necessity of a more nuanced

navigational approach than simple Euclidean distance.

The acoustic gap identified between the electronic tape and the live saxophone mimicry further

suggests that the latent space is highly sensitive to production-level features, such as recording

density and reverberation. This finding is crucial, as it implies that for a co-creative system to

interact meaningfully with a live performer, the training material must be specifically curated to

reflect the instrument’s gestural possibilities, rather than relying on mastered studio recordings.

Furthermore, the directional correlation observed in dimensions 5 and 15 provides a clear path

for implementing motion-based weight attribution. By prioritizing these dimensions, our system

can more effectively follow the performer’s trajectory or intentionally diverge from it, transitioning

from a reactive sampler to a contextually aware musical partner. These insights directly inform

the construction of the Motiv dataset. Rather than focusing on a specific musical work or complex

electronic textures, this specialized training corpus is designed to capture the fundamental motions

of saxophone performance. By isolating these gestural pairs in the recording process, we provide

the model with a dense, semantically organized vocabulary of instrumental motion, bridging the

gap between abstract latent navigation and intentional musical dialogue.

11.3 The Motiv Dataset: Encoding Performance Gesture

The preliminary experiments confirmed that the taxonomy of musical motions (parallel, oblique,

and contrary) manifests as distinct geometric signatures within the RAVE latent space. While

the model preserves the general morphological shape of a gesture, it does so with non-uniform

sensitivity across dimensions, such as the high sensitivity of dimension 10 to pitch transposition.

Furthermore, the acoustic gap between electronic tape and live saxophone mimicry reveals that

the latent space is highly susceptible to production features such as recording density and rever-

beration.

These findings suggest that for a co-creative system to achieve meaningful interaction, train-

ing materials must be specifically curated to reflect the instrument’s gestural possibilities, rather

than relying on mastered studio recordings. To address this, we developed Motiv, a specialized

dataset of expert saxophonist recordings designed to formalize the relationship between thematic

elaborations and their latent representations. By isolating gestural pairs (parallel, oblique, and

contrary) within a controlled recording process, we provide the model with a dense, semantically

organized vocabulary of instrumental motion. This approach bridges the gap between abstract la-

tent navigation and intentional musical dialogue, transitioning the system from a reactive sampler

to a contextually aware musical partner.

As existing datasets primarily focus on motif repetition in the symbolic domain, they often lack

the timbre nuance required for high-fidelity audio interaction. Motiv fills this gap by leveraging

expert interpretations to provide a foundation for diverse, contextually aware compositions. The

following sections detail the acquisition and exploratory analysis of this dataset, systematizing the

geometric relationships that enable stylistic preservation alongside interpretive freedom.
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11.3.1 Recording Protocol and Dataset Construction

Following the taxonomic consolidation, we developed a rigorous recording protocol for the Motiv

dataset. The primary objective was to move beyond preliminary experiments by creating a dense,

structured corpus of expert saxophone interpretations that explicitly map the relationships between

an anchor phrase and its taxonomic variations.

The construction of the Motiv dataset followed a structured five-step process: 1) selecting

expert saxophonists and determining the recording setup; 2) defining the source materials; 3)

establishing a controlled set of parameters to represent parallel, similar, contrary, and oblique

modes; 4) modeling the recorded musical phrases as vectors in a latent space; and 5) structuring

the annotated dataset to ensure consistency and usability for further analysis. This procedure was

designed to systematize musical phrase elaborations and evaluate their geometric manifestations

within a high-dimensional manifold.

11.3.2 Setup and Participants

To ensure the creation of a high-quality corpus for latent space analysis, we recruited four pro-

fessional male saxophonists, aged 23 to 34, all of whom hold master’s degrees in music. These

performers were selected based on their proficiency in contemporary repertoire, specifically works

like Villa-Rojo’s Lamento, and their extensive experience with mixed music for saxophone and

electronics. Their professional background emphasizes nuanced interpretation and free improvi-

sation, fostering a collaborative approach to developing new repertoire. Furthermore, as the tenor

saxophone possesses a highly distinctive musical identity, consistent proficiency with this specific

instrument was a critical selection factor.

The recordings were conducted in January 2025 within an auditorium setting. The technical

setup utilized a stereo pair of Sontronics STC-1S MT BK microphones1 and the REAPER digital

audio workstation software2, capturing audio at a 48 kHz sampling rate (later downsampled to 44.1

kHz at 24-bit resolution). To maintain strict temporal alignment between the thematic elaborations

and the original score, synchronization was achieved via a chronometer visible to the saxophonists

during their performance.

11.3.3 Dataset Materials and Guidelines

To ensure high-quality material for training and analysis, we recorded the four expert saxophonists

performing three curated phrases from Lamento, as described in Section 11.2.1.1.

For each phrase, performers were asked to record the original version as written in the score,

followed by two to four interpretations of parallel, oblique, and contrary motions, as defined in

Section 11.1. While we provided conceptual guidelines for each motion based on Pinho’s taxon-

omy, the specific musical execution was left open-ended to capture the interpretative range and

1https://sontronics.com/products/sontronics-stc-1s-in-matched-stereo-pair-silver,
last accessed January 29, 2026.

2https://www.reaper.fm, last accessed January 29, 2026.

https://sontronics.com/products/sontronics-stc-1s-in-matched-stereo-pair-silver
https://www.reaper.fm
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individual nuances of each performer. Preparation instructions containing the conceptual guide-

lines3 were shared with the saxophonists three weeks before the recording session.

11.3.3.1 Parallel Motion

These variations maintain the fundamental structure and contour of the original phrase. As shown

in Figure 11.9, executions often relied on direct transpositions or subtle modifications in dynamics

and articulation while preserving the overall character.

(a) Transposition by a downward minor third.

(b) Dynamics and articulation variations.

Figure 11.9: Examples of parallel motions applied to the saxophone score of phrase 1.

11.3.3.2 Oblique Motion

This transformation preserves at least one fundamental element while substantially modifying

others, such as dynamics, articulation, or interval relationships. Examples in Figure 11.10 illustrate

selective shifts, such as changing a dynamic from piano to forte or altering appoggiaturas.

11.3.3.3 Contrary Motion

Contrary motions focus on maximum deviation, reversing key elements like interval direction,

note duration, and dynamic envelopes. Figure 11.11 demonstrates stark contrasts achieved through

register shifts and radical timbre changes, such as the addition of trills or subtones.

11.3.4 Motion Distribution and Challenges

The expert interpretations employed a range of musical strategies to achieve these effects. Ta-

ble 11.1 details the relative frequency of these motion categories within the dataset.

3https://github.com/NadiaCarvalho/Motiv-Dataset/blob/main/experiment_
instructions.docx, last accessed January 29, 2026.

https://github.com/NadiaCarvalho/Motiv-Dataset/blob/main/experiment_instructions.docx
https://github.com/NadiaCarvalho/Motiv-Dataset/blob/main/experiment_instructions.docx
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(a) Dynamics and interval inversion on appoggiaturas.

(b) Timbre changes with added trills and larger intervals in the appoggiaturas.

Figure 11.10: Examples of oblique motions applied to the saxophone score of phrase 1.

(a) Lower pitch register, timbre, and dynamic changes using subtones.

(b) Higher pitch register and timbre changes utilizing trill additions.

Figure 11.11: Examples of contrary motions applied to the saxophone score of phrase 1.

Analysis of these strategies reveals that pitch changes are the dominant tool for parallel mo-

tions (55%), while rhythmic changes (specifically phrase reversals) are the primary driver for con-

trary motions (50%). Performers noted that creating meaningful oblique motions was particularly

challenging, often finding it difficult to execute transformations that were distinct yet structurally

tied to the anchor. Consequently, the dataset contains fewer oblique samples compared to the more

intuitive parallel and contrary types.

11.3.5 Data Modeling and HDF5 Organization

The final stage of the Motiv dataset construction involved modeling the recorded phrases within

a latent space and structuring the resulting data for computational accessibility. To generate these

representations, we utilized the RAVE model, which was trained on the VocalSet dataset. This

specific model, as discussed in the previous two chapters, was selected due to its superior ability
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Table 11.1: Percentage of musical samples exhibiting each transformation category within the
Motiv dataset. The data illustrate the dominance of direct transposition in parallel motions (55%)
and the prevalence of phrase reversals and dynamic inversions in contrary motions (50% and 30%
respectively).

Transformation Category Parallel (%) Oblique (%) Contrary (%)

Pitch Changes (PC) 55% – Direct
transpositions
(M3, P4, P8)

30% – Multiple
interval shifts

15% – Interval
inversions and
phrase reversals

Rhythmic Changes (RC) 10% – Tempo 40% – Inverted
duration and free
changes

50% – Phrase re-
versal

Articulation & Dynamics (AD) 20% – Dynam-
ics and transposi-
tions

50% – Articula-
tions and dynam-
ics

30% – Dynamic
inversions

Timbre & Effects (TE) 15% – Bis-
bigliando/trills
and pitch

20% – Timbre,
vibrato, oscilla-
tions

30% – Free tim-
bre effects

to handle pitch registers, extended techniques, and dynamics simultaneously when applied to the

tenor saxophone, outperforming models trained on instrumental improvisation.

The latent extraction process follows a structural logic where each audio recording is resam-

pled to mono and projected into the RAVE encoder. The model compresses the input waveform

into a sequence of 16-dimensional latent vectors that capture a complex mix of features related

to timbre, pitch, articulation, and dynamics. For a one-second phrase at a 48 kHz sampling rate,

the model produces 23 compressed audio frames, resulting in a 23× 16 dimensional matrix of

floating-point numbers, similar to the one shown in Figure 11.12. Although disentanglement is

not explicitly enforced, specific dimensions correlate with interpretable attributes. For instance,

dimension 16 is sensitive to the low register, while dimension 13 responds exclusively to the note

C across all registers.

To ensure efficient management of audio, latent vectors, and metadata, the dataset is stored in

HDF5 format. This format was adopted because of its efficiency in handling large-scale scientific

data and annotations. As illustrated in Figure 11.13, the HDF5 file is organized into four main

branches, facilitating seamless integration and analysis. The audio_samples/ branch contains

the waveform arrays for each recording. The latent_vectors/ branch stores the N× 16 ar-

rays of RAVE latent values, where N remains consistent across samples of the phrase due to

temporal synchronization. The annotations/ branch includes textual descriptions of the per-

formers’ intentions and specific modifications, such as transpositions or interval shifts. Finally, the

musical_scores/ branch provides references to image files of the scores for each variation.

Within this structure, the 116 recorded samples in the Motiv dataset are categorized using a

systematic labeling convention based on the phrases, saxophone player, and motion type. Each
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Figure 11.12: Latent vectors corresponding to a phrase lasting one second result in 23 compressed
audio frames, leading to a latent matrix that is a 23 by 16-dimensional vector containing floating-
point numbers. Dimensions in the figure are labeled d1 to d16, with timesteps ranging from 0 to
22.

phrase is designated as PH followed by a number from 01 to 03 to represent its source phrase.

After the phrase number, the performer is encoded with an “S” followed by a performer number

(01 to 04) to identify the specific saxophonist. Finally, the type of motion is denoted by OR for

original, “P” for parallel, “O” for oblique, or “C” for contrary, with a trailing number indicating the

recording order. For example, the label PH01_S01_P01 represents Saxophonist 01’s first parallel

motion variation of the first phrase.

To enhance the dataset’s utility, players provided detailed annotations regarding their expres-

sive intentions and specific modifications, such as transposing the original phrase by a major

third (sample PH01_S01_P01). Furthermore, individual musical scores were included for every

recorded sample to support comparative performance analysis. This comprehensive organization

ensures that the Motiv dataset (Carvalho and Sousa, 2025b) is robustly prepared for diverse Music

Information Retrieval (MIR) tasks, including gesture-based recognition, motion-driven synthesis,

and the exploration of geometric relationships in latent space.
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Motiv.h5

audio_samples/

PH01_S01_OR (waveform array)

PH01_S01_P01 (waveform array)

PH01_S01_P02 (waveform array)
...

latent_vectors/

PH01_S01_OR (Nx16 array, where N = frames)

PH01_S01_P01 (Nx16 array)

PH01_S01_P02 (Nx16 array)
...

annotations/

PH01_S01_OR (“Original phrase 1”)

PH01_S01_P01 (“Transposition by

upward major 3rd”)

PH01_S01_P02 (“Transposition by

downward minor 3rd”)
...

musical_scores/

PH01_S01_OR.png

PH01_S01_P01.png

PH01_S01_P02.png
...

Figure 11.13: Structural organization of the Motiv dataset.

11.4 Preliminary Dataset Analysis

The preliminary analysis of the Motiv dataset sought to determine if the consolidated taxonomy of

musical motions exhibits consistent geometric relationships within the latent space relative to the

original phrases. To investigate this, we calculated four specific metrics for each pair of record-

ings to analyze three distinct geometrical characteristics: structural correlation, directionality, and

variation. The following sections will describe the experimental methods, report the results, and

provide a discussion of their implications. To facilitate reproducibility, the code used to compute

the preliminary analysis has been made available online as a Google Colab notebook.4

4https://github.com/NadiaCarvalho/IJPA-LatentSpace/blob/main/
PhraseRecordingsAnalysis.ipynb, last accessed January 29, 2026.

https://github.com/NadiaCarvalho/IJPA-LatentSpace/blob/main/PhraseRecordingsAnalysis.ipynb
https://github.com/NadiaCarvalho/IJPA-LatentSpace/blob/main/PhraseRecordingsAnalysis.ipynb
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11.4.1 Experimental Methodology

The experimental methodology focused on directly comparing the latent trajectories of these

recorded variations with those of the original phrases performed by the same saxophonist. This

approach allowed us to normalize the data by overlooking significant acoustic changes related to

individual saxophone setups, such as mouthpieces and reeds, and focusing strictly on the perfor-

mative gesture. We hypothesized that systematic geometric shifts would exist between motion

types, which were assessed through three distinct analytical lenses: structural correlation, direc-

tionality, and spatial variation.

To ensure that the analysis captured meaningful audio characteristics rather than single-frame

noise, we processed the latent vectors in windows of four frames, calculating the average values

for each dimension within those windows.

11.4.1.1 Structural Correlation

Structural correlation is crucial for understanding how temporal sequences, such as audio trajec-

tories, evolve and interact with one another. We measured this using the Pearson Correlation

Coefficient (PCC), which identifies linear relationships between corresponding dimensions of two

sets. High PCC values indicate shared linear patterns and structural similarity, whereas values near

zero suggest the absence of a linear relationship. The coefficient r is defined as:

r =
∑(xi− x̄)(yi− ȳ)√

∑(xi− x̄)2
√

∑(yi− ȳ)2
, (11.1)

In this equation, the numerator represents the covariance between the sets, while the denomi-

nator normalizes the result by their standard deviations.

11.4.1.2 Directionality

Directionality refers to how sequences develop within the learned representation, allowing us to

comprehend the temporal flow and consistency. Directionality was evaluated using two comple-

mentary measures:

• Angular distance to the centroid: This scale-independent metric evaluates how much a

movement deviates from the average trajectory. By focusing on the centroid, which repre-

sents the average position of a trajectory, we can compare motion patterns while reducing

the influence of variations in magnitude. This criterion is especially useful in music, where

performers may alter their intensity without changing their underlying expressive intent.

• Cosine similarity: This metric measures how closely different variations or performers

align within the latent space by calculating the cosine of the angle between two vectors. A

high similarity indicates a shared directional trend, while low similarity reveals structural

deviations or individual differences among performers.
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11.4.1.3 Variation

Variation reflects the absolute differences caused by expressive performance or structural changes.

We quantified this variation using Euclidean Distance, which measures the absolute deviation

between corresponding time points in the latent space. Larger distances indicate greater variation

from the original performance. The distance d between two points p and q is calculated as:

d (p,q) =

√
n

∑
i=1

(qi− pi)
2 (11.2)

11.4.2 Results and Discussion

The following results clarify the geometric relationships between the motion types and the original

phrases, validating the hypothesis that these transformations occupy distinct regions and trajecto-

ries within the latent space.

11.4.2.1 Structural Correlation

The structural correlation of latent time points provides insight into how temporal sequences

evolve and relate to one another. Table 11.2 presents the PCC values comparing various mo-

tion types to original phrases across all performers. This metric identifies the degree of structural

alignment between recorded elaborations and the source material.

Table 11.2: Pearson Correlation Coefficients (PCC) between recorded motion types and original
phrases across four saxophonists. Unless otherwise noted with * (p < 0.05) or † (not significant,
p > 0.05), all values indicate p < 0.0001. Higher values reflect stronger structural similarity in
the latent space.

Saxophonist 01 Saxophonist 02 Saxophonist 03 Saxophonist 04

Ph 1 Ph 2 Ph 3 Ph 1 Ph 2 Ph 3 Ph 1 Ph 2 Ph 3 Ph 1 Ph 2 Ph 3

P01 0.6005 0.3361 0.4047 0.5177 0.3634 0.6210 0.5073 0.4268 0.5670 0.7334 0.4812 0.3188
P02 0.6060 0.3594 0.2222 0.8155 0.4687 0.4876 0.4785 0.3931 0.3395 0.4999 0.2313 0.4030
P03 — 0.3642 0.2738 0.7270 0.4333 0.4209 0.7432 0.4201 0.5235 0.3011 0.5566 0.5783
P04 — — 0.3693 — — — — — — — — —

O010.4938 0.1850 0.3793 0.3886 0.2415 0.3587 0.6767 0.4869 0.5341 0.3725 0.2313 0.3771
O020.7656 0.2514 0.2109 0.8005 0.2698 0.3494 0.6087 0.4294 0.4895 0.7281 0.1501 0.0632*
O030.7813 0.4153 0.3645 — — 0.3419 0.6925 0.4304 0.5181 — — —

C010.1739 0.1742 0.2540 0.2103 0.2965 0.4965 0.5126 0.4021 0.3147 0.4838 0.2250 0.1797
C020.3978 0.1416 -0.023† 0.0673* 0.1802 0.3158 0.4397 0.4679 0.3866 0.3694 0.3917 0.2305
C030.4555 0.1513 -0.029† 0.7410 0.3206 0.2811 0.5840 0.4627 0.3022 0.4583 0.2707 0.0174†

C040.6867 — -0.016† — — — — — — — — —

The results indicate that parallel (P) motions maintain the highest average structural fidelity

(0.4693±0.1429), suggesting it is the most similar to the original phrases. Oblique (O) motions

follow closely with high correlation but greater variability (0.4318±0.1918), while contrary (C)
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motions consistently exhibit the lowest correlation (0.3099±0.1835), signifying substantial struc-

tural deviation.

Statistical analysis via ANOVA confirmed significant differences in PCC values across motion

types (F = 8.2860, p= 0.0005). Subsequent Tukey HSD tests revealed that while P and O motions

are not significantly different from each other structurally (p = 0.6609), C motions are substan-

tially different from both (mean difference of 0.1594 and 0.1219 and significance of 0.0005 and

p = 0.0139, respectively), confirming them as the least structurally faithful to the original mate-

rial. Interestingly, P motions based on strict transposition often exhibited lower correlation than

those based on interval variations, likely due to the linear shifts across the latent dimensions.

Figure 11.14: Visualization of high-dimensional trajectories via t-SNE, comparing an original
phrase with its most structurally similar parallel variation (PCC = 0.8155). The grouping illustrates
how non-transpositional parallel elaborations maintain cohesive patterns in the latent space. Frame
windowing was increased to 12 frames to reduce noise in the two-dimensional representation.

Performance-specific nuances significantly influenced these correlations across the dataset.

Saxophonist 02’s second parallel motion for phrase 1 achieved the dataset’s highest PCC of

0.8155, representing a version characterized by variations in intervals rather than strict transposi-

tion. As visualized in the t-SNE projection in Figure 11.14, this sample demonstrates structural

similarities in how the latent points traverse space, even though the projection appears rotated.

Interestingly, P motions based on strict transposition often resulted in lower structural correlations

than those featuring more fluid interval variations, as seen in samples such as PH03_S01_P02 and

PH02_S04_P0211. While Saxophonist 03 demonstrated the highest overall correlations across

all motion types, as illustrated in Figure 11.15, Saxophonist 01 showed significant variability and

lower average values in C motions. This considerable variability in C motions was particularly

evident in phrase 3, where Saxophonist 01 mostly presented negative correlations, indicating a
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Figure 11.15: Average PCC values for taxonomic motion types (P, O, C) per saxophonist. Values
indicate the degree of structural resemblance between recorded variations and the source phrases
within the RAVE latent space, with higher values denoting greater structural alignment.

radical structural departure from the source phrase.

11.4.2.2 Directionality

The directionality of time points in the latent space reveals how sequences evolve and maintain

consistency relative to the original performance and was assessed through two complementary

lenses: the absolute directional deviation from a central trajectory and the alignment of vectors

throughout the phrase.

Table 11.3: Angular distances between the centroids of recorded motion trajectories and their
respective original phrases. Lower values indicate a stronger directional alignment within the
latent space, while higher values signify greater expressive divergence from the source material.

Saxophonist 01 Saxophonist 02 Saxophonist 03 Saxophonist 04

Ph1 Ph2 Ph3 Ph1 Ph2 Ph3 Ph1 Ph2 Ph3 Ph1 Ph2 Ph3

P01 0.738 1.065 1.180 0.908 0.657 0.458 0.836 0.776 0.128 0.183 0.806 1.120
P02 0.728 0.829 1.288 0.186 0.410 0.293 0.908 0.158 0.974 0.819 1.239 1.210
P03 — 0.792 1.107 0.403 0.333 1.042 0.100 0.330 0.273 1.117 0.266 0.337
P04 — — 1.136 — — — — — — — — —

O01 0.833 0.439 0.614 1.054 0.918 0.388 0.153 0.189 0.251 1.001 0.609 0.835
O02 0.220 0.860 1.393 0.126 0.878 0.868 0.321 0.209 0.342 0.072 1.134 1.544
O03 0.179 0.466 0.660 — — 0.659 0.144 0.221 0.327 — — —

C01 1.252 0.923 1.162 1.113 0.606 0.368 0.505 0.344 0.643 0.438 0.645 1.371
C02 0.921 0.928 1.642 1.468 1.179 0.750 0.563 0.218 0.305 0.655 0.455 1.042
C03 0.694 0.929 1.768 0.276 0.616 0.477 0.720 0.699 0.718 0.606 1.054 1.458
C04 0.267 — 1.618 — — — — — — — — —
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Angular distance provides a scale-independent measure of directional difference, allowing us

to evaluate how far a variation deviates from the average intent of the original phrase. As shown in

Table 11.3, C motions exhibit the highest level of directional deviation (0.8267±0.4138), followed

by P (0.6985±0.3729) and O (0.5780±0.3901) motions.

Figure 11.16: Angular distance values between centroids for different motion types (P, O, C)
across four saxophonists are analyzed. Lower angular distances indicate a stronger similarity
between the recorded motion’s directionalities and the original musical phrase.

While P motions demonstrate some moderate inconsistency in their distances, C motions show

a pronounced divergence in direction. Interestingly, for Saxophonists 01 and 03, O motions were

more directionally aligned with the original than P motions, a trend further visualized in Fig-

ure 11.16. Statistical analysis via ANOVA (F = 3.3371, p = 0.0395) confirmed a significant dif-

ference in angular distances, with a Tukey HSD test specifically identifying the deviation between

C and O motions as statistically significant (p = 0.0305). These results suggest that while P and O

motions tend to gravitate toward a shared directional path, contrary motions actively break away

from this central trajectory, establishing a distinct directional signature.

To further quantify this alignment, we used cosine similarity to measure the angle between

vectors across different variations. As detailed in Table 11.4, P motions demonstrated the strongest

directional alignment with the original phrases (0.4596± 0.1453). In contrast, contrary motions

consistently scored the lowest (0.3107± 0.1766). In complex sections, such as Phrase 3, the

similarity for contrary motions frequently dropped toward zero or even reached negative values,

indicating a near-complete reversal of the latent trajectory.

The individual differences among the performers are striking, as illustrated in Figure 11.17.

Saxophonists 02 and 04 demonstrate an apparent hierarchical similarity (P > O > C), whereas

Saxophonists 01 and 03 actually display higher similarity values for O motions than P motions.

Notably, Saxophonist 03’s phrases align most consistently with the original across all motion

types. ANOVA results (F = 7.7645, p = 0.0007) and Tukey’s HSD test confirm that C motions
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Table 11.4: Cosine similarity between synchronized latent trajectories of recorded motion types
and original phrases. Values closer to 1 indicate stronger directional alignment, whereas values
near zero or negative indicate structural divergence.

Saxophonist 01 Saxophonist 02 Saxophonist03 Saxophonist 04

Ph1 Ph2 Ph3 Ph1 Ph2 Ph3 Ph1 Ph2 Ph3 Ph1 Ph2 Ph3

P01 0.6042 0.3705 0.3923 0.4889 0.3546 0.6123 0.5150 0.4323 0.5673 0.7405 0.4580 0.3015
P02 0.6097 0.3919 0.2418 0.8122 0.4377 0.4301 0.4804 0.3981 0.3378 0.5003 0.1971 0.3227
P03 — 0.3737 0.2454 0.7233 0.4004 0.4184 0.7408 0.4123 0.5346 0.2984 0.5181 0.5376

O01 0.5017 0.2426 0.3554 0.3787 0.2353 0.3498 0.6713 0.4753 0.5466 0.3711 0.2678 0.3783
O02 0.7718 0.3054 0.2213 0.7938 0.2839 0.3009 0.6090 0.4235 0.4709 0.7326 0.1601 0.0598
O03 0.7805 0.4358 0.3488 — — 0.3136 0.6787 0.4464 0.4799 — — —

C01 0.1779 0.2237 0.2571 0.2061 0.2862 0.4216 0.5038 0.4090 0.3243 0.4802 0.2623 0.1823
C02 0.4024 0.1614 -0.015 0.0770 0.1489 0.2986 0.4475 0.4467 0.4113 0.3640 0.3856 0.2395
C03 0.4504 0.1842 -0.027 0.7425 0.3408 0.2362 0.5608 0.4265 0.3261 0.4592 0.2880 0.0330
C04 0.6881 — -0.004 — — — — — — — — —

Figure 11.17: Cosine similarity values for different motion types (P, O, C) across four saxophon-
ists are analyzed. Higher cosine similarity indicates a stronger similarity between the recorded
motion’s directionalities and the original musical phrase.
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are significantly different from both P (p = 0.001) and O (p = 0.0305) motions. The lack of a

significant difference between O and P motions (p = 0.7907) suggests that while these two types

preserve a shared directional trend, contrary motion represents a fundamental redirection of the

musical gesture.

These metrics reinforce the structural correlation data: P and O motions generally maintain a

common directional trend, whereas C motions involve a radical redirection of the musical gesture

within the RAVE manifold.

11.4.2.3 Variation

The final metric used to analyze the Motiv dataset is Euclidean distance, which quantifies the

absolute spatial deviation of performative variations from their original anchors. As detailed in

Table 11.5, this measure reflects the degree of interpretive stretch within the latent space.

In line with the previous metrics, C motions yielded the highest average spatial variation

(3.9112±0.5741), indicating a clear departure from the original trajectory. P and O motions exhib-

ited notably lower and nearly identical average distances (3.5491±0.5179 and 3.5615±0.5857,

respectively), suggesting they remain spatially closer to the original phrase in the latent space,

with O motions introducing more structural or directional shifts than P motions.

Table 11.5: Euclidean distances between latent trajectories of recorded motion types and original
phrases. Higher values represent a greater absolute spatial deviation (variation) from the original
performance manifold.

Saxophonist 01 Saxophonist 02 Saxophonist 03 Saxophonist 04

Ph1 Ph2 Ph3 Ph1 Ph2 Ph3 Ph1 Ph2 Ph3 Ph1 Ph2 Ph3

P01 3.494 3.654 3.763 3.925 4.037 2.712 4.014 3.512 2.817 2.602 3.549 4.029
P02 3.469 3.545 4.121 2.467 3.538 3.267 4.048 3.653 3.505 3.743 4.474 4.271
P03 — 3.609 4.386 2.743 3.694 3.547 2.716 3.422 3.129 4.212 3.073 3.042
P04 — — 3.988 — — — — — — — — —

O01 3.609 4.009 3.987 4.147 4.147 3.615 3.000 3.429 3.062 4.286 4.099 3.690
O02 2.586 3.831 4.085 2.500 3.919 4.016 3.225 3.563 3.248 2.579 4.407 4.817
O03 2.420 3.366 3.584 — — 3.601 2.926 3.507 3.148 — — —

C01 4.703 4.183 4.185 4.396 3.960 3.300 3.557 3.479 3.674 3.168 4.058 4.533
C02 3.828 4.091 5.008 5.023 4.387 3.583 3.719 3.409 3.512 3.494 3.610 4.045
C03 3.488 4.194 5.033 2.660 3.759 3.791 3.671 3.591 3.755 3.487 3.959 4.751
C04 2.779 — 4.800 — — — — — — — — —

Consistent with earlier metrics, Saxophonist 01 demonstrated extreme variation in phrase

3, with C motions (C02 and C03) reaching distances above 5.0, as illustrated in Figure 11.18.

Conversely, Saxophonist 02 showed much tighter clusters for certain P variations (e.g., P02 in

phrase 1), mirroring the high structural correlation found in previous sections. ANOVA results

(F = 4.7884, p = 0.0103) confirmed that the absolute variation significantly differs across motion

types, with C motion established as the most spatially divergent category.
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Figure 11.18: Mean Euclidean distances for each player-motion combination. This visualization
highlights the variability in deviation from the original phrase across different motion types and
performers.

11.5 Summary: Mapping Gestural Intent in the Latent Space

The preliminary analysis of the Motiv dataset (Carvalho et al., 2025a) confirms that musical trans-

formations (parallel, oblique, and contrary) are not merely theoretical constructs but manifest as

distinct, statistically significant geometric signatures within the latent space. By utilizing a RAVE

model to map recorded audio, we have established a structured representation of musical phrases

that enables the objective analysis of thematic development.

11.5.1 Summary of Findings

The exploratory results reveal a clear hierarchy of structural and directional relationships relative

to the source material. Parallel motions tend to preserve the strongest structural similarity and

sense of directionality, highlighting their role in maintaining the integrity of the original phrase.

In contrast, contrary motions exhibit the most significant structural deviations and spatial dilation,

representing a radical divergence in both directionality and absolute Euclidean distance. Oblique

motions demonstrate a mixed pattern, exhibiting both resemblance and deviation, which indicates

a more complex relationship influenced by individual performer interpretations.

Furthermore, the study revealed that individual differences among the four professional saxo-

phonists significantly influenced the execution of these motion types. These variations underscore

the importance of considering performer-specific nuances, as musical gestures are deeply tied to a

performer’s unique expressive style.
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11.5.2 Implications for Co-Creative Systems

While a larger dataset would be required to robustly train a model to fully learn underlying motion

dynamics, the emergence of statistically significant results indicates that the current volume of

data is sufficient for exploratory analysis and real-time mapping. The Motiv dataset provides the

necessary topological map for navigating latent spaces, moving beyond simple stochastic sampling

toward intentional musical dialogue.

By training generative models on this semantically labeled data, it becomes possible to cre-

ate systems that synthesize innovative improvisations aligned with specific motion types, allow-

ing for co-creative agents that function as a contextually aware partner, capable of recognizing

a performer’s trajectory and responding with appropriate variations or contrasts. Ultimately, this

research contributes to a deeper understanding of how musical motions can be synthesized and

analyzed, pushing the boundaries of AI-driven performance.



Chapter 12

Aethra: A Mutable Interface for Mixed
Music Navigation

The culmination of our research in Part III is the development of Aethra, a co-creative system

designed to address the performative limitations inherent in traditional mixed music, specifically

its reliance on fixed electroacoustic media. As we have reviewed in Chapter 2, conventional mixed

music often limits a performer’s interpretive freedom due to the rigid temporal and timbre-nuanced

nature of pre-recorded electronics, effectively reducing the musical work to a static artifact and

positioning the computer as a passive execution tool.

To overcome these rigid constraints, Aethra is designed to transform the electronic medium

from a static backing track into a responsive, co-creative partner. By shifting the computational

paradigm from static audio playback to dynamic latent space navigation, the system operates as

a mutable interface. This approach allows the electronic architecture to algorithmically adapt to

the live musician’s input in real time, establishing an active, co-improvisational environment that

restores expressive and stylistic agency to the performer.

The chapter is structured in the following manner. Section 12.1 details the core architecture

and operational workflow of the Aethra system, delineating its bifurcated pipeline into an offline

latent space preparation phase and an online Pure Data-driven performance environment. This

section also introduces the system’s unified one-knob interface and its dual-mode navigation en-

gine, encompassing both distance-based and motion-based algorithmic strategies, alongside its

granular playback synthesis mechanism. Section 12.2 presents the performance case study Echoes

of the Unseen, an AI-mediated co-improvisation for tenor saxophone and live electronics built

upon a reinterpretation of Jesús Villa-Rojo’s Lamento. Here, the system’s creative affordances

are evaluated in a live performative context, examining the real-time modulation of neural timbre

transfer archetypes, the use of structural auto-scores to manage improvisational vulnerability, and

the integration of visual latent mapping via TouchDesigner to bridge the perceptual gap between

the algorithmic processes and the audience. Finally, Section 12.3 synthesizes these technical and

artistic outcomes, reflecting on the emergence of the post-performer paradigm. It concludes by

194
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discussing how Aethra redefines the relationship between live musicians and fixed electronic me-

dia, transforming static electroacoustic tape into an active, co-creative improvisational partner.

12.1 System Overview and Core Architecture

Aethra is an interactive audiovisual system that integrates machine learning, latent space navi-

gation, and real-time sound synthesis for mixed music performance. Designed to replace static

audio playback with dynamic latent space exploration, the electronic architecture algorithmically

adapts to the live musician’s acoustic and gestural input in real time, establishing an active, co-

improvisational environment.

The system’s core logic relies on integrating the RAVE architecture with Pure Data (PD)1

via the py4pd2 library. The system architecture, as illustrated in Figure 12.1, is divided into two

primary operational stages: 1) an offline Google Colab-based preparation phase3 and 2) an online

PD real-time performance system for live improvisation and synthesis.4

Furthermore, the architecture incorporates a visual engine developed in TouchDesigner, which

receives Open Sound Control (OSC) data streams from the PD environment to render a real-time

projection of the navigated latent space. This visual component functions as an interface for

multimodal explainability, providing a direct bridge between the system’s invisible algorithmic

navigation and the audience’s perception.

The subsequent sections detail the technical implementation of these core architectural compo-

nents. Particular emphasis is placed on the Latent Space Navigator and its single-axis control inter-

face, outlining how the system translates continuous manual input into algorithmic spatial queries

within the neural manifold. Demonstration videos are available at https://nadiacarvalho.

github.io/MutableMusicalInterface/#/software/aethra.

12.1.1 Offline Preparation Phase

The offline preparation phase of the Aethra system automates the extraction of latent represen-

tations from a fixed audio tape. This procedure consists of three operational stages, converting

high-resolution raw audio waveforms into a serialized, navigable corpus.

The processing pipeline starts by routing a target audio file (i.e., the fixed tape) through the

encoder of a pre-trained RAVE model. The raw audio is processed at the model’s native sample

rate (e.g., 44.1 or 48 kHz), where the encoder compresses the high-resolution waveform into n-

dimensional latent vectors (typically 8 or 16). This process yields discrete latent frames at a rate of

1https://msp.ucsd.edu/software.html, last accessed January 29, 2026.
2https://charlesneimog.github.io/py4pd/, last accessed January 29, 2026.
3https://github.com/NadiaCarvalho/Aethra/blob/main/Aethra-LatentSpaceCreator.

ipynb, last accessed January 29, 2026.
4https://github.com/NadiaCarvalho/Aethra/tree/main/Aethra-PD, last accessed January 29,

2026.

https://nadiacarvalho.github.io/MutableMusicalInterface/#/software/aethra
https://nadiacarvalho.github.io/MutableMusicalInterface/#/software/aethra
https://msp.ucsd.edu/software.html
https://charlesneimog.github.io/py4pd/
https://github.com/NadiaCarvalho/Aethra/blob/main/Aethra-LatentSpaceCreator.ipynb
https://github.com/NadiaCarvalho/Aethra/blob/main/Aethra-LatentSpaceCreator.ipynb
https://github.com/NadiaCarvalho/Aethra/tree/main/Aethra-PD
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Figure 12.1: Architectural Overview of the Aethra System. The workflow is bifurcated into two
distinct operational stages: (left) the offline preparation phase, utilizing a Google Colab notebook
to encode the fixed audio tape into serialized latent representations; (right) the online performance
phase, operating within PD via the py4pd library. The real-time environment facilitates navigation
of the preloaded latent space via a single-axis control knob. Additionally, the architecture incor-
porates a dual-mode navigation engine, dynamic latent dimension weighting, real-time granular
audio synthesis, and an OSC data stream to a TouchDesigner visual engine for real-time topologi-
cal rendering.

approximately 23.4 frames per second (corresponding to one frame every 43 milliseconds). Sub-

sequently, rather than grouping raw waveform samples, the system calculates the mathematical av-

erage of every four consecutive latent frames. This temporal aggregation generates a unified latent

coordinate representing approximately 170 milliseconds of audio. Consequently, this architectural

procedure decreases the total number of spatial coordinates by a factor of four, significantly op-

timizing computational efficiency for real-time navigation without compromising morphological

continuity.

To facilitate visual navigation and verify the continuous spatial distribution of the learned man-

ifold, topological mapping is conducted utilizing the Uniform Manifold Approximation and Pro-

jection (UMAP) dimensionality reduction algorithm. UMAP is employed because, unlike linear

models (such as PCA) or local-centric methods (such as t-SNE), it operates under the assumption

that data is uniformly distributed across a locally connected Riemannian manifold. This mathemat-
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ical framework balances the preservation of local neighborhood similarities, ensuring that related

timbre motifs remain clustered, with the maintenance of global topological distances within the

non-linear continuous space.

By projecting these high-dimensional continuous vectors into a 2D coordinate system, the

algorithm reveals dense regions of similar timbre motifs, enabling visual analysis of the material’s

structural density without imposing artificial categorizations. This 2D reduction serves as the

primary data input for the TouchDesigner visual engine. The reduced coordinates are exported

as a serialized dataset and routed into the visual interface via a Table DAT to drive Geometry

Instancing, establishing a persistent visual map of the complete timbre corpus. Ultimately, this

integration functions as a transparency layer, providing a navigable projection of the system’s

algorithmic processing for both the performer and the audience.

The preparation phase concludes with the exportation of the corpus into serialized Pickle (.pkl)

and CSV (.csv) formats, each fulfilling a specific architectural function in bridging the offline and

online stages. The .pkl format is explicitly designated for the Aethra-PD system, as it skips the

extra parsing steps of text-based formats, letting complex data load straight into memory. This

optimization enables the py4pd objects to execute high-speed spatial searches efficiently during

real-time performance. Conversely, the CSV (.csv) file is generated specifically for TouchDe-

signer, supplying the dimensionally reduced 2D spatial coordinates required to drive the visual

engine. By offloading the computationally intensive processes of neural feature extraction and

dimensionality reduction to the offline Google Colab environment, the real-time architecture is

optimized for performance. Consequently, this allows the Latent Space Loader in PD to dedi-

cate computational resources entirely to low-latency navigation and audio synthesis during live

execution

12.1.2 Online Performance System

Following the offline preparation phase, the online performance phase integrates the static latent

map into a real-time, interactive environment within PD. This integration is handled by the Aethra-

PD architecture, whose primary control interface is illustrated in Figure 12.2. Aethra-PD leverages

the py4pd library to couple the deterministic audio synthesis engine of PD with the high-level data

processing capabilities of Python.

Before detailing the specific technical modules, a high-level overview of the Aethra-PD ar-

chitecture is provided. As illustrated in the online performance system panel of Figure 12.1, the

system functions as a continuous computational pipeline that translates physical control gestures

into synthesized audio. The primary objective of this architecture is to abstract the multidimen-

sional complexity of the neural network, reducing cognitive load and facilitating direct interactive

navigation.

The workflow initiates with the Latent Space Loader, which imports the serialized offline data

to manage table activation and audio segmentation. Following initialization, the performer utilizes

the single-axis control interface to modulate the closeness parameter. This control data is routed

to the Latent Space Navigator, which, governed by the active navigation mode and synthesis logic,
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Figure 12.2: Main Performance Interface of the Aethra System in PD. It centralizes control of the
navigation in a single knob interface. The user can also toggle between the two different naviga-
tion strategies (i.e., HMM/k-NN), between synthesis logic modes (i.e., linear fidelity/cumulative
transformation), and set latent dimension weights for proximity calculation.

computes the target latent coordinate to be sampled. Finally, this coordinate is transmitted to the

audio synthesis engine to generate the acoustic output.

The initialization of the live environment is managed by the Latent Space Loader (via the

py4pd object py.load_latent), which serves as the primary data interface between the serial-

ized offline data and the PD audio synthesis engine. This object performs three critical tasks to

ensure the system is ready for performance. First, it parses the serialized .pkl file produced during

the offline Google Colab preparation phase, reconstructing the n-dimensional latent vectors and

synchronizing them with their original temporal metadata to establish the continuous navigable

manifold.

To streamline the initialization of this computational pipeline, the Latent Space Loader utilizes

a configuration file that specifies the paths for the core assets required for real-time execution, as

shown in Figure 12.3. This file automates the initialization procedure by referencing the source au-

dio tape, the serialized latent vectors (.pkl files), and the HMM model trained on the Motiv dataset

(.pkl) for temporal modeling. By centralizing these directory paths, the architecture establishes a

decoupled framework, enabling the integration of distinct musical corpora or pre-trained models

into the system without necessitating the manual reconfiguration of the underlying PD objects or

Python scripts.
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Figure 12.3: PD Interface for Asset Initialization and Global Configuration. The interface displays
the management of core system dependencies, including the Latent Space Loader and the audio
tables. The initialization relies on a configuration parser that automates the retrieval of file paths
for the audio source, saved latent vectors (.pkl files), and HMM transition models. This way,
everything can work smoothly together between the Python backend and the real-time synthesis
engine.

As a second step, the Latent Space Loader populates native PD tables (i.e., table_x, table_y,

table_n, and table_latent) to establish the performative interface. table_x and table_y

are populated with the reduced 2D spatial coordinates (used to render the visual map in the PD in-

terface), while table_n stores the corresponding audio unit indices. Crucially, table_latent

is utilized to store the real-time latent dimension weights as an array of dynamic floating-point

values that the performer adjusts via a multi-slider graphical user interface (GUI) to prioritize

specific acoustic features during distance calculations. Because different RAVE models possess

varying numbers of latent dimensions (e.g., 16 for VocalSet, 8 for Strengjavera), the array size of

table_latent is automatically resized during initialization to match the specific dimensionality

of the loaded model. This process generates a functional interface for the performer, transforming

the abstract high-dimensional manifold into a visual representation of timbre clusters. By map-

ping these neural representations to a tangible GUI, the system provides a clickable, navigable

map within the PD patch that allows for intuitive gestural control over the latent space. At last,

complex data is controlled in the background by a persistent py4pd object. This setup ensures

low-latency performance, even during intense improvisations, as it enables us to rapidly access

complex data without slowing down PD’s real-time audio processing.

Following data initialization, the Latent Space Navigator ( py.navigation_mechanism)

directs the synthesis pipeline to compute the target latent coordinate. To address the postphe-

nomenological challenges associated with navigating complex, high-dimensional generative spaces,

the architecture features a single-axis control interface. By compressing the n-dimensional RAVE
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manifold into this unified control axis, the system mitigates hermeneutic overload and reduces

the performer’s cognitive burden. This design establishes a balance between embodiment and

hermeneutic relations, enabling the performer to intuitively gauge their topological distance from

the source material and modulate expressive trajectories without losing their physical connection

to the performative act.

This control framework is governed by a dual-mode engine integrating the navigation mode

(distance-based vs. motion-based strategies) and the synthesis logic (linear fidelity vs. cumulative

transformation), which builds upon the navigational strategies evaluated in Chapters 10 and 11 and

summarized in Table 12.1. By integrating these control streams, the system translates the high-

dimensional mathematical constraints of the latent space into a navigable, real-time performative

environment.

Table 12.1: Comparison of Navigation Strategies within Aethra-PD.

Feature Distance-Based Strategy Motion-Based Strategy

Primary Algorithm Weighted k-nearest neighbors Gaussian HMM (Full Covariance)
Control Value C Continuous (Exploratory Drift) Discrete (Motion Selection)
Latent Mapping Weighted Euclidean Distance Probabilistic State Transitions
Temporal Logic Static / Spectral Focus Predictive / Phrase-based
Musical Application Textural Sculpting Structural / Gestural Variation

12.1.2.1 Distance-Based Navigation Strategy

The distance-based strategy functions as the primary computational paradigm for continuous latent

navigation. In this operational mode, the system processes the manifold as a continuous parameter

space, wherein the performer’s input dictates the degree of topological deviation from the source

material. A fundamental characteristic of this architecture is the capacity to dynamically adjust

latent dimension weights. By modulating these weights, the performer can prioritize specific

acoustic features, such as pitch stability or spectral brightness, during the weighted Euclidean

distance calculation, as detailed in Algorithm 1, enabling selective variation across the remaining

dimensions.

Drawing upon the distance-based navigation strategies evaluated in Chapter 10, the system

segments the sorted latent data into twenty-five discrete bins, as detailed in Algorithm 1. The

continuous control value functions as an index selector to designate a specific bin corresponding

to the targeted spatial neighborhood. Within this designated bin, the algorithm executes a weighted

random selection, assigning higher probability weights to coordinates with the minimal Euclidean

distance from the reference target. Ultimately, this computational strategy facilitates controlled

topological variation and exploration while dynamically adhering to the performer’s structural

and expressive constraints.
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Algorithm 1 Distance-Based Navigation Strategy Pseudo-Code.

Require: L (Latent Dimension Weights), D (Pre-computed Distance Matrix), C (Closeness Con-
trol [0,1])

Ensure: s (Selected Unit ID)
1: {1. Calculate Weighted Euclidean distances for all units}
2: for each unit j in dataset do
3: dist[ j]←

√
∑

16
i=1 Li ·Di, j

4: end for
5: {2. Sort and Segment Manifold}
6: ids← sort indices of dist in ascending order
7: Nbins← 25
8: sizebin← length(ids)/Nbins
9: {3. Map User Input to Bin Index}

10: idxbin← floor(clamp(C · (Nbins−1),0,Nbins−1))
11: {4. Inverse-Distance Weighted Selection}
12: S← ids[idxbin · sizebin . . .(idxbin +1) · sizebin] {Target segment}
13: dmax←max(dist[S])
14: for each id in S do
15: wid ← (dmax−dist[id])+10−6 {Inverse weighting}
16: end for
17: s← weighted_random_choice(S,weights = w)
18: return s

Figure 12.4: One-knob interface C during distance-based exploration. The ticks in the knob
demonstrate that C works as a continuous value, mapping the input to latent similarity bins.

12.1.2.2 Motion-Based Navigation Strategy

In the motion-based navigation strategy, the architecture utilizes a Gaussian HMM trained on the

Motiv dataset. The integration of an HMM addresses the inherent limitations of purely proximity-

based sampling algorithms, such as standard k-NN or distance-based binning. Because these prox-

imity strategies navigate the latent space through isolated, step-by-step statistical matching, they

fundamentally lack the compositional foresight and anticipatory behavior required for coherent

structural development.
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We selected a Gaussian HMM because it is able to map the continuous, high-dimensional

RAVE latent space into a structured temporal grammar. Unlike discrete models, the Gaussian

HMM utilizes continuous emission distributions to sample latent vectors (Rabiner, 1989). At

the same time, its full covariance matrix preserves the intricate statistical dependencies between

timbre dimensions (e.g., correlation between spectral brightness and harmonic density), ensuring

that synthesized variations remain within the physical and expressive limits of the source material

(Bilmes, 1998). By encoding the transition likelihoods of the archetypal musical motions detailed

in Section 11.1, the HMM models the gestural logic of the musical work as a continuously evolv-

ing sequence rather than a collection of disconnected acoustic frames. This architectural capability

allows the system to compute stylistically coherent trajectories in real time, effectively function-

ing as an anticipatory mechanism that preserves the intended gestural morphology even during

significant structural deviations.

Figure 12.5: One-knob interface C during motion-based Mode. The ticks in the knob show how it
acts as a discrete selector for original, parallel, oblique, and contrary HMM models.

To construct the HMM model, the n-dimensional latent sequences are organized to train a dis-

tinct model for each taxonomic motion type. The architecture employs a full covariance matrix for

the multivariate latent sampling process. Unlike a diagonal covariance matrix (Σ), which assumes

statistical independence among latent features, this full covariance matrix (Σ← H.covars[qt+1])

explicitly models the correlations between dimensions, such as the relationship between spec-

tral brightness and harmonic density. As detailed in Algorithm 2, this mathematical formulation

ensures that the predicted latent vectors remain strictly within the realistic manifold of the in-

strument’s expressive range. Consequently, the system effectively captures complex, non-linear

dependencies across multiple timbre dimensions.

In a performance setting, the control value C functions as a discrete selector to alternate be-

tween the specific pre-trained motion models. Upon the selection of a motion trajectory, the system

decodes the most probable hidden state sequence. It then computes the subsequent latent observa-

tion by sampling from a multivariate normal distribution, which is parameterized by the model’s

learned mean vectors and full covariance matrices. Because the HMM generates a continuous

synthetic latent vector that may not correspond to an exact empirical coordinate in the training
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Algorithm 2 State-Space Transition and Observation Sampling Pseudo-Code.

Require: M (HMM model set), Xinit (Initial sequence), Ssource (Search space)
Ensure: idx (Selected unit index)

1: {1. Model Retrieval and State Decoding}
2: H← SelectModel(M,motion)
3: Γ← ViterbiDecode(H,Xinit) {Recover hidden state sequence}
4: qt ← Γ[−1] {Identify most recent hidden state}
5: {2. Predict Next State}
6: Ptrans← H.transmat[qt ] {Transition probabilities for current state}
7: qt+1← RandomChoice(states,probabilities = Ptrans)
8: {3. Multivariate Latent Sampling}
9: µ ← H.means[qt+1] {16-dimensional mean vector}

10: Σ← H.covars[qt+1] {Full covariance matrix}
11: ε ←N (0,Σ) {Sample multivariate noise}
12: xnext ← µ + ε

13: {4. Manifold Projection (Nearest Neighbor)}
14: idx← argmin

j
(EuclideanDist(xnext ,Ssource[ j]))

15: return idx

data, the architecture executes a post-prediction nearest-neighbor search, defined mathematically

as a manifold projection, to retrieve the closest matching audio unit from the source corpus. This

architectural design guarantees morphological consistency, even during significant structural de-

viations from the fixed electroacoustic tape. Ultimately, it preserves the stylistic integrity of the

musical work while enabling the computational system to exhibit anticipatory behavior and com-

pute contextually coherent trajectories in real time.

12.1.2.3 Synthesis Logic: Linear vs. Cumulative

Both navigation strategies, as illustrated in Figure 12.6, operate through a dual-mode synthesis

logic that governs how the anchor coordinate for the subsequent audio unit is calculated. In linear

fidelity mode, the system preserves a strict temporal reference to the original score. The subse-

quent audio unit is retrieved according to its chronological index within the original electroacoustic

tape, relative to the global playback position. Consequently, even if a preceding step executes a

discontinuous topological deviation into a distant region of the manifold, the system immediately

realigns with the deterministic timeline for the subsequent calculation.

Conversely, the cumulative transformation mode employs a recursive computational approach:

it evaluates the trajectory of the next audio unit relative to the immediately preceding state, rather

than its global chronological index. This architectural design enables the synthesized audio to

generate autonomous, continuous morphological evolutions while rigorously maintaining stylistic

and topological coherence.
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Figure 12.6: Architecture of the navigation logic and synthesis control. The patch integrates the
py.navigation_mechanism to facilitate real-time latent space selection. The system distin-
guishes between navigation modes, motion-based and distance-based ($0-cl-mode), and syn-
thesis logic, where $0-mode toggles between Cumulative (generative sequencing) and Linear
(score-following) synthesis logic.

12.1.2.4 Temporal Resolution and Segment Length

The operational dynamics of the navigation engine are governed by the segment length pa-

rameter. It dictates the temporal duration the system maintains a specific generative trajectory

before computing a new spatial target. By processing the audio in discrete macroscopic segments

rather than updating the latent coordinate at every micro-unit, the architecture mitigates the mor-

phological discontinuity and acoustic artifacts associated with rapid granular fluctuations.

This parameter directly modulates the system’s interactive latency: shorter segments yield

higher reactivity to the performer’s input, whereas longer segments facilitate structural develop-

ment, allowing a synthesized phrase to achieve morphological completion before a trajectory shift.

By calibrating the segment length to the underlying rhythmic or metrical structure, the composer

ensures that algorithmic transitions align with significant musical boundaries. Ultimately, this

synchronization integrates the complex computational logic with the embodied performance, en-

suring the synthesized output remains structurally coherent and contextually bound to the acoustic

environment.

12.1.2.5 Granular Playback Engine: From Latent Selection to Sonic Synthesis

The sonic realization of the navigated latent space is executed by a high-performance granular syn-

thesis engine. Representing a deliberate architectural departure from the standard RAVE pipeline,
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the system bypasses the neural decoder to function as a CBCS environment. Rather than syn-

thesizing new waveforms from scratch, which can occasionally introduce generative artifacts or

spectral blurring, the engine retrieves and concatenates the raw audio recordings associated with

the selected latent indices. This design ensures that the system maintains the absolute acoustic

fidelity, morphological richness, and authentic expressive nuances of the source material.

In practice, the engine stores the source material in a primary audio buffer ($0-sample), ac-

cessing specific audio units based on a segment index (segNr) provided by the Python navigation

layer. By multiplying this index by a constant unit size (8192 samples), the system calculates the

precise read-position within the buffer (see Figure 12.7). The unit is retrieved and played with a

cloned granular playback abstraction (abs/player.n). A Hann windowing strategy ($0-hann)

is employed to ensure morphological continuity during real-time navigation of the latent space

(see Figure 12.7). This windowing approach effectively eliminates spectral clicks during rapid,

non-contiguous topological jumps.

Figure 12.7: Segment indexing and buffer addressing logic. The integer segment index (segNr−
play.r) received navigation layer is multiplied by a constant unit size of 8192 samples to deter-
mine the precise start-read position within the $0-sample audio buffer. The unit is retrieved
and played with a cloned granular playback abstraction (abs/player.n). A Hann windowing
strategy ($0-hann) is employed to ensure morphological continuity during real-time navigation
of the latent space.

A master metronome, defaulting to a 170ms cycle, drives the temporal density of these granu-

lar events, creating a smooth and evolving sound (see Figure 12.8). Regular triggering helps blend

different segments from the latent space into a unified sound while keeping a consistent shape

as the synthesis events flow continuously. Dynamic reverberation modules further facilitate the

real-time spatialization of the resulting acoustic textures.
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Figure 12.8: Schematic of the real-time granular playback engine. The 170ms metro cycle controls
how often the granular envelopes activate, creating a smooth and evolving sound. This regular
triggering helps blend different segments from the latent space into a unified sound while keeping
a consistent shape as the synthesis events flow continuously.

Following the granular synthesis stage, the post-processing phase routes the generated stereo

units through a primary reverberation module, which functions as an acoustic binding agent for

the discrete granular textures. In live performance contexts, the architecture accommodates an

additional reverberation unit (see mod-micro module in Figure 12.2). By dynamically modulating

the dry/wet ratio of this secondary module in correlation with the continuous closeness parame-

ter, the performer can actively manipulate the perceived spatiality of the computational system,

transitioning fluidly from a dry, intimate acoustic shadow to a vast, diffuse environmental sound-

scape. Ultimately, this comprehensive granular architecture transforms the static latent corpus into

a highly plastic, living sound-body, providing a robust operational framework for the performer to

navigate complex timbre manifolds with immediate, embodied acoustic feedback.

12.1.2.6 Aethra’s Decision Mechanism: Arbitrating Latent Navigation

The decision mechanism is primarily a performer-triggered architecture, placing the responsibil-

ity of structural and strategic shifts directly in the hands of the musician. By directing the sys-

tem’s latent space navigation, this mechanism effectively functions as the high-level control layer
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for an AI-informed CBCS environment. Unlike traditional CBCS frameworks, which organize

audio corpora using manually defined acoustic descriptors and frequently navigate these multidi-

mensional spaces blindly through step-by-step statistical matching, Aethra leverages a continuous

neural manifold to drive the concatenative process.

Rather than delegating the transition between navigation paradigms (distance/motion-based)

to an autonomous algorithm, the system relies on the performer to act as the high-level supervisor.

When the performer modulates the control interface, the decision mechanism dictates which latent

coordinates are targeted. Aethra explicitly adopts this CBCS framework by bypassing the typical

neural architecture decoder. Instead of synthesizing new waveforms from scratch, the system

utilizes a granular engine to retrieve and concatenate the actual raw audio recordings associated

with the selected latent indices.

This design ensures that the machine functions as an intuitive extension of the performer’s cre-

ativity. A musician can initiate performance by employing a distance-based technique to retrieve

acoustically proximal corpus grains, and subsequently rapidly alter the concatenated output by

switching the navigation mode to explore trajectory-aware motions. A background interpolation

buffer facilitates this manual arbitration by smoothing the transition when the performer initiates

a change. Even though the decision is manual, the system handles the underlying mathematics

to ensure that the new strategy inherits the latent coordinates of the previous state, preventing

jarring morphological shifts in the concatenated timbre. Consequently, the performer can treat

the distance-based and motion-based strategies as distinct operational modes of the same CBCS

instrument, facilitating a fluid movement between micro-timbre exploration and macro-gestural

development.

Simultaneously, the system facilitates a hermeneutic relation by providing a legible readout of

the machine’s autonomous logic. The interface functions as an integral component of Explainable

AI (XAI), offering the performer a music-focused projection of the model’s structural targets. By

transforming the abstract calculations into a clear visual and spatial map, the performer is empow-

ered to anticipate the machine’s algorithmic suggestions and respond with precise, contextually

aware gestures. Ultimately, this balance prevents the performer from feeling disconnected from

the system’s contextually bounded possibilities, allowing the mutable work to emerge through a

continuous, intelligible dialogue between human and machine actants.

12.2 Case Study: Echoes of the Unseen

The theoretical and technical foundations of Aethra encounter their practical application in the

case study of Echoes of the Unseen. Echoes of the Unseen is a performance that explores the

boundaries of AI-driven improvisational music. Conceived and performed by Jorge Sousa (tenor

saxophone) and Nádia Carvalho (live electronics), this work serves as a live demonstration of

how timbre latent spaces can be navigated to create a symbiotic relationship between acoustic and

digital expression.
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12.2.1 Material Preparation

A central element of this case study is the relationship between the live instrument and the pre-

recorded electronic material. Unlike a traditional performance of an electroacoustic work, which

might use a static tape, this piece utilizes a pre-recorded track based on the saxophone score

of Jesús Villa-Rojo’s Lamento (1989) (Villa-Rojo, 1989). This score served as the basis for the

Motiv dataset (Carvalho and Sousa, 2025b) used to train the system’s underlying motion-based

navigation HMM model.

While initial system testing was conducted using the original tape from Villa-Rojo’s work,

the final performance employs a custom track. To ensure the piece functioned as an original

performance rather than a direct recreation, the author remixed the source material (i.e., the orig-

inal saxophone score and some excerpts from the Motiv dataset) within the Reaper Digital Audio

Workstation (DAW) to establish its distinct audio foundation.

12.2.2 Timbre Expansion and Real-Time Modulation

Alongside its navigation features, Aethra employs RAVE models for timbre transfer. This function

is implemented in PD, using the nn_tilde5 external framework developed by IRCAM’s ACIDS

group. This external allows for the real-time execution of deep learning models directly within

the live audio signal path, treating neural synthesis not as a post-process, but as a performative

element.

In Echoes of the Unseen, we employ three specific pre-trained RAVE models, each providing

a distinct topological flavor for the saxophonist to navigate:

• MusicNet: Provides a broad palette of orchestral and instrumental timbres, allowing the

saxophone to morph into hybrid symphonic textures (Caillon and Esling, 2021).

• Strengjavera: Offers specialized string-based and hybrid textures derived from a magnetic

resonator piano controlled by artificial life (Armitage, 2023b), facilitating a dialogue be-

tween woodwind reediness and autonomous mechanical resonance (Intelligent Instruments

Lab, 2023).

• Aulus-les-Bains Dawn Chorus: Trained on approximately 230 minutes of environmental

recordings by Gregory White, this model serves as the limit of the mutable interface, where

instrumental identity merges with naturalistic sound-objects and avian biophony (Intelligent

Instruments Lab, 2023).

12.2.2.1 Module Architecture and Latent Weighting

The timbre transfer process begins with inputting the audio signal of the saxophone performer

into the RAVE encoder through nn_tilde in encode mode. The encoder translates the acoustic

signal into an n-dimensional latent vector (n is model-specific, e.g., n = 16 for MusicNet, while

5https://github.com/acids-ircam/nn_tilde, last accessed January 29, 2026.

https://github.com/acids-ircam/nn_tilde
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n = 8 for Strengjavera and Dawn). Then the latent vector is input into the same model’s decoder

through nn_tilde’s decode mode.

(a) Interface of real-time timbre transfer module. (b) Implementation of real-time timbre transfer module.

Figure 12.9: Interface (a) and implementation (b) of the real-time timbre transfer module in PD
using the nn_tilde object with the MusicNet model. The architecture illustrates the encoder and
decoder stages of the process, with a 16-channel set of sliders used to modulate latent dimension
weights.

A central function of this implementation is the real-time modification of latent dimension

weights between the encoding and decoding stages. As shown in Figure 12.9, a bank of n mul-

tipliers (∗ ∼) intercepts the latent vector, providing variable control over the synthesized timbre

through three primary mechanisms. First, by manipulating a multi-slider interface (multi.vsl),

the performer adjusts the weights of individual latent features. Because the RAVE latent space

organizes information hierarchically, this functionality enables the real-time filtering of acoustic

parameters, including noisiness, pitch stability, and spectral envelopes. Second, a master intensity

parameter controls the overall weight of the latent representations, enabling the performer to tran-

sition between the unprocessed acoustic saxophone audio and the synthesized RAVE output. At

last, by using the setall 0/1 logic to mute specific latent dimensions, the performer can alternate

between an accurate reconstruction of the source audio and highly altered, non-linear synthesized

outputs.

12.2.2.2 Performative Presets and Latent Archetypes

Based on the timbre mapping experiments done in Chapter 9, we established a series of presets

that provide the performer with specific reference coordinates within the latent space. The latent

weight distributions for these configurations, which vary from accurate audio reconstruction to

highly modified spectral outputs, are detailed in Table 12.2.
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Table 12.2: Latent Dimension Weight Configurations (z1− z16) for Performative Presets.

Preset Archetype z1 z2 z3 z4 z5 z6 z7 z8 z9 . . .z16

MusicNet
Transient Emphasis 1.0 0.7 0.7 0.7 0.3 0.3 0.3 0.3 0.0
Pitch-Shifting 0.8 0.2 0.2 0.2 1.0 0.4 0.4 0.4 0.4

Strengjavera
Resonant Sustain 0.3 0.9 1.0 0.8 0.5 0.5 0.2 0.2 N/A
Biotic Friction 0.7 0.4 0.2 0.2 1.0 0.9 0.8 0.6 N/A

Dawn
Biophonic Trigger 0.2 0.2 1.0 1.0 1.0 0.8 0.8 0.8 N/A
Spectral Blur 0.1 0.1 0.4 0.9 0.9 1.0 0.7 0.7 N/A

MusicNet’s “Transient Emphasis” preset targets the first latent dimension to isolate percussive

attacks and slap notes. On the other hand, the “Pitch-Shifting” preset concentrates activation on di-

mension five to generate non-linear pitch-bending effects and microtonal glissandi. Strengjavera’s

“Resonant Sustain” preset enhances the sound of sustained vibrations by blending soft saxophone

tones with synthesized piano string resonance. The “Biotic Friction” introduces rhythmic varia-

tions and scraping textures to the audio output. At last, Dawn’s “Biophonic Trigger” preset reduces

the weight of harmonic-related dimensions to produce bird-like sounds. Meanwhile, the “Spectral

Blur” preset emphasizes deeper, less reactive latent dimensions to convert complex multiphonics

into continuous, blurred audio textures.

12.2.3 Improvisational Structure and Formal Score

To guide the free improvisation and provide the performer with a reliable framework, the piece

utilizes an “auto-score.” This auto-score outlines specific structural guidelines and assigns defined

saxophone techniques, such as unique fingerings and multiphonics, across the circa 10-minute

performance, as illustrated in Figure 12.10.

The transition between these different latent archetypes is managed through the same single-

knob control, where the closeness parameter (ranging from 0 to 1 or using discrete motions)

governs a multi-stage linear interpolation across the 16-dimensional latent space.

This parameter organizes the performance into five primary structural zones:

• 0:00-1:08 minutes (The Proximity Zone: 0 ≤ closeness ≤ 0.3 / Parallel motion): The

system targets MusicNet’s “Transient Emphasis” preset to maintain high acoustic fidelity

and a direct alignment between the live instrument and the electronic output. From 0:00

to 1:08, the closeness parameter remains near zero while the saxophonist performs stable

multiphonics and clean articulations at a pianissimo dynamic. Between 1:08 and 2:48, the

performer introduces more complex techniques, such as bisbigliando fingerings and louder

dynamics, while the system maintains its low latent deviation.
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Figure 12.10: Representative excerpt of the Echoes of the Unseen auto-score. The notation facil-
itates a state of contextual navigation by providing a formal skeleton for the performer to explore
the high-dimensional latent space, mediating the vulnerability of free improvisation through pre-
defined timbre landmarks and extended techniques.

• 2:48–5:00 (The Morphing Zone: 0.4≤ closeness≤ 0.7 / Oblique motion): The closeness

parameter gradually increases, triggering Strengjavera’s “Resonant Sustain” and MusicNet’s

“Pitch-Shifting” presets. The use of these presets introduces algorithmic resistance and

deviation, generating hybrid piano-string resonances while the saxophonist executes less

stable multiphonics at a fortissimo dynamic.

• 5:00–6:35 (Pause and Recalibration): The system temporarily resets the closeness param-

eter near zero to re-establish the baseline audio. During this phase, the saxophone part is

sparse, utilizing stable multiphonics and alternative fingerings at a reduced dynamic level.

• 6:35–8:50 (Cumulative Generative Phase): The system switches to the cumulative syn-

thesis mode, processing the saxophone’s high-register altissimo notes and flutter-tonguing

into autonomous synthesized textures using the Strengjavera model.

• 8:50–10:00 (The Entropy Zone: 0.8 ≤ closeness ≤ 1.0 / Contrary motion): The close-

ness parameter reaches its maximum value at the 9:30 mark. The system activates the Dawn

model’s “Biophonic Trigger” and “Spectral Blur” archetypes, muting the primary recon-

struction dimensions. This effectively removes the acoustic identity of the saxophone, out-

putting synthesized environmental sounds to conclude the piece with a final decrescendo.
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12.2.4 Visual Synthesis and Latent Mapping in TouchDesigner

The visual component of Echoes of the Unseen, developed in TouchDesigner,6 displays the high-

dimensional latent space of the RAVE models. This setup renders the Aethra system’s algorithmic

navigation visible to the audience

Figure 12.11: Echoes of the Unseen’s visual engine in TouchDesigner. The interface displays a
point-cloud representation of the latent space, a proximity cursor for real-time navigation, and
a morphological feedback slider in the background, as well as the architectural components that
comprise the visual system in the foreground.

The TouchDesigner environment (.toe) is structured to process data streams from the PD

environment using the OSC protocol and audio routing. The architecture consists of three primary

functional components. First, OSC In and Select CHOPs receive the index of the active au-

dio unit and the current closeness parameter. These values determine the navigation coordinates

displayed within the visual interface. Then, the system uses geometry instancing to display the

latent space of the RAVE models. Geometric primitives, similar to spheres and corresponding

to each point in the space, are rendered simultaneously using 2D coordinates generated by the

UMAP (Uniform Manifold Approximation and Projection) dimensionality reduction algorithm.

This data is input via a Table DAT, producing a static visual map of the entire timbre dataset.

At last, we operate TouchDesigner’s real-time audio processing capabilities (Analyze and Audio-

Analysis TouchDesigner operators) to track the real-time spectral and dynamic characteristics of

the live saxophone audio. These extracted features dynamically modulate the width, height, and

6https://derivative.ca, last accessed January 29, 2026.

https://derivative.ca
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luminosity of the rendered geometric primitives to directly reflect the performer’s articulation and

amplitude.

The interface utilizes specific visual elements to indicate the navigation state between the per-

former and the system. First, a purple sphere, which we call the proximity cursor, indicates the

current frame being played within the latent space. Its movement across the point cloud corre-

sponds to the navigation through the latent units. Second, a green vertical slider displays the

current closeness value. When the slider is at “C” (Close) indicator, the system is at maximum

proximity to the original sequence, accurately reconstructing the source audio. As the value in-

creases toward the “F” (Far) indicator, the system transitions into higher deviation zones, and the

visual display becomes increasingly fragmented. Simultaneously, the visual engine applies feed-

back loops and fragmentation effects (Feedback TOPs) that react in real time to the live audio

input. The visual representation of the latent map undergoes rapid blurring and displacement,

providing a direct visual correspondence to the spectral modifications applied to the audio signal.

By displaying these internal processes, the TouchDesigner setup renders the neural audio syn-

thesis visible to the audience. This allows observers to visually track how the original saxophone

audio is processed, modified, and reconstructed as the performer interacts with the system’s de-

fined parameters.

12.2.5 Dissemination and Performance History

The application of the Aethra system as a co-creative performative tool was evaluated through a

series of international performances and conference presentations of Echoes of the Unseen (see

Table 12.3). These events facilitated an iterative development process, enabling refinement of

the system’s design to meet the operational demands of live improvisation. To supplement this

written analysis, complete audiovisual documentation of all Echoes of the Unseen performances

can be accessed at the project’s digital repository, https://nadiacarvalho.github.io/

MutableMusicalInterface/#/software/aethra.

During initial evaluations at the IX Encontro Internacional da Casa das Ciências and the Con-

servatorio Superior de Música de Castilla-La Mancha, a preliminary version of the system utiliz-

ing distance-based navigation was tested. Observations indicated that without a formal notational

framework, the performer encountered difficulties anticipating the system’s output, as navigation

relied entirely on intuitive interaction with the high-dimensional latent space. Consequently, these

early trials identified two primary requirements for optimizing the co-creative environment: a

more precise mechanism for interpreting performative gestures and a formal structural framework

to guide the performer’s intentions.

Subsequent performances at the Audio Mostly & ICAD Joint Conference (AM.ICAD) and

FISP events utilized an updated system featuring motion awareness. This version already imple-

mented HMMs as a navigation strategy, enabling the system to actively anticipate performative

gestures rather than strictly reacting to inputs, and introduced the initial auto-score. By the perfor-

mance at Auditorio Carlos do Carmo, the system reached its current configuration by integrating

the single-knob control paradigm and the TouchDesigner visual interface to facilitate contextual

https://nadiacarvalho.github.io/MutableMusicalInterface/#/software/aethra
https://nadiacarvalho.github.io/MutableMusicalInterface/#/software/aethra
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Table 12.3: Performance and Dissemination History of Echoes of the Unseen.

Date Event / Venue Location

8 July 2024 IX Encontro Internacional da Casa das Ciências Aveiro, Portugal
1 April 2025 “La interpretación como medio creativo en la era post-

digital,” Conservatorio Superior de Música de Castilla-
La Mancha

Albacete, Spain

1 July 2025 Audio Mostly & ICAD Joint Conference (AM.ICAD),
Casa das Artes de Coimbra

Coimbra, Portugal

7 July 2025 FISP - Festival Internacional de Saxofones de Palmela Palmela, Portugal
29 Nov 2025 ENIM - Encontro Nacional de Investigação em Música Évora, Portugal
11 Fev 2026 “Ressonâncias do Presente: música para saxofone e

multimédia,” Saxophone Recital, Auditorio Carlos do
Carmo

Lagoa, Portugal

Late July 2026 Professional Studio Recording and Documentation Aveiro, Portugal

navigation of the latent space. Iterative modifications across these venues established Aethra as

a stable, mutable interface. As of early 2026, the system’s development phase is complete, and a

professional recording of Echoes of the Unseen is scheduled for late July 2026 in Aveiro, Portugal.

12.2.6 Creative Affordances of Aethra in Performative Context

The evaluation of Aethra through the Echoes of the Unseen case study details its impact on con-

temporary music-making by transforming the electronic medium from a static backing track into a

responsive, co-creative partner. This section evaluates the performer’s interaction with the Aethra

system, outlining the observed benefits, limitations, and the impact of navigation strategies on

performance execution. The analysis subsequently addresses how the system maintains musical

identity while operating within algorithmic material resistance and defined aesthetic constraints.

Finally, the evaluation reviews the application of timbre transfer presets and their structural ef-

fect on the musical output. Through this framework, the section assesses how Aethra transitions

the performer’s role from interpreting a fixed score to functioning as a post-performer within a

responsive digital environment, highlighting the system’s broader impact on contemporary music

making and its capacity to transform static works into mutable, co-creative interfaces.

12.2.6.1 Navigation Strategies and Synthesis Logic

The transition from strictly distance-based mapping to motion-aware navigation constitutes a sig-

nificant advancement in the system’s operational framework. During early iterations, Aethra relied

on proximity-based methods that yielded highly predictable interactions, causing the performer to

experience the latent space as a static, predetermined topography rather than a responsive en-

tity. This limitation was particularly evident at lower deviation thresholds, closer to the original

closeness values, where the interaction could occasionally feel rigid or frozen.



12.2 Case Study: Echoes of the Unseen 215

The integration of the motion-aware HMM model resolved this limitation by enabling the

system to evaluate the trajectory of gestural inputs, transforming the interface from a passive

retrieval tool into a proactive musical agent. By interpreting the underlying gestural data of the

fixed electronic tape, the motion-aware strategy allows the system to generate coherent linear

responses. For instance, when utilizing parallel motion, the generated output maintains a much

higher degree of structural cohesion with the original material while successfully integrating the

anticipated variation. Similarly, during contrary motion, the system produces a linear, intelligible

output that facilitates a reciprocal musical dialogue, an outcome that was frequently disjointed

under the purely distance-based paradigm.

This navigational shift fundamentally redefines the composition from a static artifact into

a continuous manifold explored through intentional thematic development rather than discrete

database querying. By replacing random drift with intentional trajectory mapping, the system es-

tablishes a framework where authorship is distributed between the human performer’s physical

intent and the machine’s contextually bounded possibilities.

Furthermore, this development directly influences audience perception. The visual proximity

cursor, which previously mirrored direct user control, begins to exhibit stylistic inertia within the

visual interface. This visual feedback explicitly communicates the machine’s independent agency,

shifting the observer’s understanding of the performance from a unidirectional control mechanism

to a distributed, co-authored dialogue.

Finally, the system’s dual-mode synthesis logic further augments the performer’s composi-

tional agency, functioning interdependently with the performance’s overall formal structure to

dictate whether the focus remains on acoustic reconstruction or structural evolution.

The linear fidelity mode sustains a direct correlation with the original acoustic baseline, ef-

fectively preserving the instrument’s core identity. In this mode, the playback system generates a

parallel continuous output that operates alongside the live saxophone, remaining active even when

the closeness parameter is set to higher deviation thresholds or when contrary motion is utilized.

This mode is specifically prioritized during the Proximity Zone (0:00–2:48) to firmly establish a

clear connection with the instrument’s acoustic identity for the audience.

Conversely, as the performance transitions into the Entropy Zone, the compositional focus

shifts from accurate reconstruction to necessary structural variation. Because the linear fidelity

mode cannot provide the required level of deviation, the system switches to the cumulative trans-

formation mode. This engine aggregates disparate latent segments to generate highly non-linear,

high-entropy variations. This algorithmic shift directly impacts the human performer, encourag-

ing the saxophonist to adopt a more unconventional and unstructured improvisational approach,

thereby actively enhancing the complete deconstruction of the original musical work.

12.2.6.2 The Performer’s Vulnerability and the Auto-Score

For classically trained musicians rooted in the deterministic Western score-based tradition, the

transition to free improvisation within an AI-mediated latent space introduces significant perfor-

mative vulnerability. During initial evaluations of the system (performance at the IX Encontro
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Internacional da Casa das Ciências), the absence of a formal notational framework forced the

performer to rely solely on intuition to navigate the complex sonic environment. Observations

and performer feedback from these early trials indicated a profound sense of discomfort and risk.

Without a predetermined timeline or structured guide, the musician struggled to anticipate the

system’s generative responses and felt exposed to the unpredictability of the machine. This per-

formative vulnerability is consistent with recent findings (Benford et al., 2024), who emphasize the

complex negotiation of trust and autonomy required when musicians engage with unpredictable

AI partners.

To mitigate this uncertainty and restore the performer’s interpretative agency, an auto-score

was developed to provide necessary structural support. The development of this auto-score was

centered specifically around the elements the performer felt were most necessary to include.

Rather than relying on traditional melodic notation, the performer needed concrete, tangible acous-

tic landmarks to confidently interact with the AI. Consequently, it became necessary to include a

flexible set of specific sound techniques that the saxophonist could rely on as an anchor (e.g.,

specific multiphonics, unique fingerings, and defined dynamic envelopes).

By explicitly including these specific instrumental playing techniques, the auto-score provided

the exact structural scaffolding the performer required to navigate the 10-minute performance

without feeling lost. The implementation of this framework successfully transformed the per-

former’s initial discomfort into a productive, creative friction. With the auto-score in place, the

musician no longer felt the vulnerability of completely free improvisation. Instead, they could

utilize the provided landmarks to comfortably align their musical gestures with the shared goals of

the system, establishing a reciprocal dynamic where the human and machine actively inspire one

another without collapsing into disjointed noise.

This process highlighted that the work exists only in the interaction. In this light, the per-

formance is a snapshot of a broader development where the performer helps shape the machine’s

intentionality, and the machine challenges the performer to adopt textures and registers that would

be instrumentally unreachable without this digital interlocutor.

12.2.6.3 From Interaction to Co-Creativity and Contextual Navigation

A critical finding in this case study is the achievement of a player paradigm, where the machine

acts as a reactive interlocutor rather than a passive effect processor. The creative affordance of

Aethra lies in its ability to extend the performer’s agency beyond human physical limits. As noted

by the performer:

The interest is not in hearing the machine replicate the gesture... What becomes truly

compelling is when the machine uses a bisbigliando in unexpected ways: morphing it

into a multiphonic or a trill shaped like a glissando.
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However, the path to achieving this seamless contextual navigation required navigating signif-

icant technical hurdles during the system’s iterative development. During the AM.ICAD perfor-

mance, the motion-aware system operated correctly and stably, primarily because the setup was

restricted to the PD audio environment without the simultaneous rendering of visuals.

In contrast, the intermediate version of the Aethra system, deployed subsequently at the FISP

and ENIM festivals, exposed profound computational bottlenecks. For these performances, the

multimodal TouchDesigner visual engine was connected to run concurrently with the PD audio

synthesis. Because the system was operating on a previous, less optimized version of the py4pd

library, and the real-time neural timbre-transfer modules had not yet been fully optimized for such

high-intensity parallel processing, the sheer computational load overwhelmed the architecture.

This resulted in noticeable audio clipping, latent lag, and general system instability during the live

improvisations.

Yet, within the theoretical framework of the Aethra system, both these early technical strug-

gles and the inherent unpredictability of the high-dimensional RAVE space are treated as necessary

material resistance. This resistance manifests as a non-linear response to input, causing the sound

to drift or morph in unexpected ways. Rather than viewing these unpredictable, non-linear sonic

responses as technical flaws, the framework actively reframes them as creative friction. This re-

sistance forces a departure from the perfect transparency usually sought in digital instruments,

demanding a specific “post-digital expertise.” As the saxophonist noted, performing with the ma-

chine requires a fundamental shift in auditory perception, in which musicians must “close their

eyes” and deeply listen to the system’s generative output, learning to treat its unique acoustic

quirks as new musical ideas rather than mistakes. By doing so, they build a reciprocal relation-

ship with the AI, embracing its unique material resistance just as they would with any traditional

acoustic instrument.

To successfully manage this complex material resistance without overwhelming the musician,

Aethra relies heavily on its one-knob control paradigm. By compressing all high-dimensional la-

tent information into a single performative axis, the system achieves high control intimacy. This

intentional simplification allows the performer to focus entirely on the aesthetic relationship be-

tween their physical gesture and the resulting timbre shift, rather than managing software techni-

calities.

Ultimately, the performer navigates the machine’s material resistance by sensing the bound-

aries of the training data. This ongoing feedback loop establishes an entangled performative net-

work, situating the true creative affordance of Aethra in the continuous, interdisciplinary dialogue

between informatic logic and embodied human intuition. At the same time, identifying and resolv-

ing these specific py4pd and timbre-transfer bottlenecks was essential. It allowed the later, mature

version of Aethra to move past technical survival and achieve true, fluid co-creativity, solidifying

the musical work not as a static artifact, but as a continuous, emergent evolution shaped by human

intent and digital mediation.
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12.2.6.4 From Manual Control to Contextual Navigation: Neural Archetypes as Performa-
tive Landmarks

The use of specific latent weight configurations, or latent archetypes, emerged as a crucial so-

lution through the project’s iterative development cycle. In early performances of Echoes of the

Unseen, the sheer complexity of manipulating the 16-dimensional RAVE space necessitated a sec-

ond technician to manually control the electronic parameters and operate the system’s interface.

This reliance on an external operator divided the performative agency, inherently distancing the

saxophonist from a direct, embodied connection with the digital system’s generative responses.

To resolve this limitation and fully liberate the performer from technical assistance, the fi-

nal mature version of the system introduced curated performative presets (see Section 12.2.2.2).

These presets function as curated snapshots of the machine’s learned internal logic, designed to

expose specific affordances of the mutable interface without requiring manual multidimensional

mixing. By surgically weighting dimensions (e.g., maximizing z1 for energy tracking or z5 for

pitch-shifting), the system translates complex neural mappings into stable, predictable aesthetic

landmarks, enabling the performer to negotiate with the model’s material resistance in a highly

intentional way.

The implementation of these archetypes successfully consolidated control intimacy directly

into the hands of the musician. With the high-dimensional filtering automated by the presets,

the performer no longer needed a technician and could focus entirely on operating the single-

axis control knob. Furthermore, the distribution of these archetypes across the one-knob control

paradigm facilitates a specific form of control intimacy. The division into Proximity, Morphing,

and Entropy zones allows the ensemble to manage the complexity of a 16-dimensional manifold

through a single parameter. This simplification is critical for the post-performer, as it drastically

reduces cognitive load, allowing the musician to focus on contextual navigation rather than the

technicalities of the software. The presets thus act as functional anchors that help the performer

navigate a complex and highly unpredictable digital model.

Ultimately, the successful deployment of these presets demonstrates that the musical work

functions as a dynamic ecosystem. The ability of the performer to intervene in the closeness

parameter in real-time reinforces the intra-active nature of the work, where the final sonic outcome

is generated by multiple agents interacting within the same computational environment. This

iterative advancement transformed Aethra from a technician-operated software patch into a true

post-digital instrument, empowering the musician to seamlessly navigate the work’s topological

universe in real time.

12.2.6.5 The Visual Interface as a Cognitive Bridge

In live AI-mediated music, a persistent perceptual gap exists where audiences often struggle to

discern whether a sonic event is the direct result of human action, autonomous machine gener-

ation, or fixed media playback (Naseck et al., 2025). To address this opacity in Echoes of the
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Unseen, the visual layer developed in TouchDesigner functioned as a critical cognitive bridge, ac-

tively mediating the relationship between the system’s hidden algorithmic processes and audience

perception.

By projecting the high-dimensional RAVE latent space into a legible 2D topological map, the

visual interface explicitly addressed this perceptual gap. It translated complex neural computations

into a comprehensible spatial environment, allowing the audience to actively track the machine’s

real-time decision-making processes and observe its material resistance.

Central to this visual narrative is the proximity cursor (represented by a distinct purple sphere),

which maps the system’s active navigation across different acoustic clusters. Rather than merely

reacting to the saxophone’s pitch, the cursor’s trajectory visualizes the machine’s algorithmic

search through the data. Smooth, continuous movement indicates a state of high-fidelity re-

construction, whereas erratic, fragmented jumps visually expose the system operating in a high-

entropy, generative state. This erratic movement effectively demonstrates to the audience the

machine’s active attempt to negotiate with the performer’s musical intent.

Furthermore, the interface establishes interactional transparency through dedicated visual feed-

back mechanisms. As the performer adjusts the closeness parameter, a morphological slider pro-

vides real-time, quantitative feedback, visually indicating the exact degree of deviation from the

original tape. Simultaneously, the visual engine employs feedback loops that mirror the acous-

tic deconstruction of the saxophone’s timbre. As the sound shifts from stable tonal structures to

scattered, chaotic textures, the visual point cloud fragments correspondingly, explicitly linking the

performer’s gestural input to the digitally-enabled sonic deconstruction.

The necessity of this multimodal transparency for true co-creativity was particularly evident

during the performance’s semi-silent phase (between 5:00 and 6:35). As the acoustic dialogue

became sparse, the visual interface snapped into sharp focus, re-anchoring the audience to the

core topological elements of the piece.

Ultimately, the visual interface functions as an essential epistemic guide, elucidating the ten-

sion between human intentionality and algorithmic agency. It transforms the opaque black box of

deep generative models into a shared, legible space, inviting the audience to witness the dynamic,

mutable entanglement of the performer and the machine.

12.3 Summary: Aethra, A Mutable Interface for Mixed Music Nav-
igation

The exploration of Echoes of the Unseen through the Aethra system provides a practical vali-

dation of using motion-aware latent space navigation as a framework for live improvisation. By

integrating RAVE models within a PD (via py4pd) and TouchDesigner ecosystem, the architecture

successfully addresses the black box problem inherent in deep generative models. The technical

capacity to manipulate 16-dimensional latent weights in real time, coupled with a transparent vi-

sual latent map, transforms abstract computational data into a navigable creative territory. This
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paradigm shift effectively redefines the role of the contemporary musician, evolving them from an

interpreter of fixed symbols into a post-performer who actively navigates topological variety.

While the system’s deployment across multiple venues confirmed its artistic value and robust-

ness, it also highlighted critical areas for future development to strengthen the mutable interface.

To further deepen the state of contextual navigation, future iterations must prioritize enhanced

machine listening and mimicked agency. By implementing predictive computational models that

are highly sensitive to micro-temporal changes in dynamics and articulation, the system can better

anticipate the performer’s trajectory. Refining this control intimacy will ultimately reduce latent

lag and decrease the performer’s reliance on physical, knob-based interaction, fostering a more

direct, embodied connection to the digital sound-body.

Additionally, the technical complexity of the py4pd and RAVE integration remains a signifi-

cant barrier to wider accessibility. Future developments aim to streamline and simplify the pipeline

for training and curating customized datasets. This democratization would empower performers

without specialized programming expertise to treat the latent space as a personalized plastic mate-

rial, allowing them to independently define the material resistance and timbre boundaries of their

own performative ecosystems.

Finally, building upon the successful implementation of the TouchDesigner visual engine, sub-

sequent research should investigate more immersive visualization techniques, such as Augmented

Reality (AR) and more granular visual feedback. Integrating these technologies would allow both

the performer and the audience to perceive the high-dimensional connective tissue of the sound in

far more direct, spatialized ways.

Ultimately, Aethra represents a significant step toward making technology an essential, co-

creative musical partner rather than a passive execution tool. It bypasses the limitations of fixed

tape music by transforming the static electronic backing track into a responsive collaborator, doing

so without compromising or overwriting the composer’s original work.

By shifting from fixed audio playback to dynamic latent space navigation, driven by an AI-

informed concatenative synthesis (CBCS) framework and a granular playback engine, the system

algorithmically adapts to the musician’s live gestures in real-time. Crucially, rather than synthe-

sizing new waveforms from scratch that might alter the piece’s identity, the system dynamically

retrieves and concatenates the actual raw audio recordings associated with the selected latent in-

dices. This design ensures that the absolute acoustic fidelity, morphological richness, and authentic

expressive nuances of the composer’s source material are rigorously maintained.

This enables the machine to generate continuous, evolving sounds without relying on a pre-

determined timeline, effectively restoring expressive and stylistic agency to the performer while

honoring the structural integrity of the original composition. By establishing this strong foundation

of motion-aware interaction, this research paves the way for the next generation of collaborative

audiovisual experiences.



Synthesis to Part III:
Timbre, Gesture, and Motion in Latent Spaces

Part III has extended the investigation from structural aspects of music to its expressive dimen-

sions, timbre, gesture, and motion. Through latent space models, these qualities have been ana-

lyzed, represented, and integrated into interactive systems, enabling new forms of co-creation in

both compositional and performative contexts. The studies on the timbre landscape, the Motiv

dataset of motion, and motion-enhanced sampling collectively illustrate how expressivity itself

can become navigable and generative.

The foundation of this research, in Chapter 9, lies in the RAVE model’s ability to map the tenor

saxophone’s complex sonic palette into a 16-dimensional latent space. Initial studies have demon-

strated that this space effectively clusters dynamics, pitch registers, and extended techniques, with

specific dimensions showing heightened sensitivity to certain acoustic features. For instance, di-

mension 10 aligns with pitch, and dimension 15 is related to extended techniques.

Building upon this landscape, Chapter 10 explored navigation strategies that move beyond

stochastic sampling toward intentional manipulation. By implementing sampling methods such as

k-nearest neighbors (k-NN) for equal-density binning and Distance-Based (BD) for spatial divi-

sion, we introduced a control parameter C that allows performers to calibrate their proximity to a

target sonority. While lower values of C maintain the integrity of the source material, higher val-

ues allow for controlled deviation, although experiments show that high values often necessitate

trajectory alignment to maintain musical coherence.

To bridge the gap between abstract latent dimensions and musical intent, Chapter 11 adapted

a taxonomy of parallel, oblique, and contrary motions to categorize trajectories within the man-

ifold. Analysis revealed that parallel motions tend to preserve the strongest structural similarity

by following the original path through transposition, whereas contrary motions represent radical

divergence characterized by significant spatial dilation and lower structural correlation. These

geometric patterns provide an interpretable structure for the latent space, transforming it from a

static repository into a navigable terrain of gestural transformations.

This synthesis culminates in Aethra, a co-creative system developed in Pure Data that empow-

ers musicians to interact with fixed electronic tapes as dynamic partners. By integrating sound

recognition, distance-based sampling, and motion-aware navigation into an intuitive one-knob in-

terface, Aethra abstracts the underlying high-dimensional complexity for the performer, allowing
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for seamless control. Chapter 12 details the design and development of Aethra and discusses a

performance case study Echoes of the Unseen. In this case study, the system enables a symbiotic

relationship where the acoustic and digital realms evolve together in real-time co-improvisation.

This reinforces the concept of the mutable work as a flexible system that thrives on interaction,

preparing the ground for the final vision of co-creative electroacoustic practice.

In summary, the transition from analyzing timbre signatures to implementing Aethra marks

a shift from viewing AI as a reproductive tool to a medium for active performative appropria-

tion. The expressive latent space functions as a topological map where musical intent, encoded

as directional motion, is navigated in real-time. By formalizing the relationships between original

phrases and their parallel, oblique, or contrary variations, this research establishes a motion-aware

sampling framework that maintains stylistic coherence despite deviations from source material.

The concluding insights of Part III suggest that co-creative practice thrives on balancing struc-

tural fidelity with expressive deviation. While distance-based navigation can lead to dissonance at

high divergence values, the integration of trajectory alignment and motion identification ensures

the generative response remains musically grounded and contextually aware. By distilling high-

dimensional navigation into intuitive gestural controls, like the one-knob interface used in Echoes

of the Unseen, these developments bridge the gap between neural representations and the lived ex-

perience of performance, framing the mutable work as a flexible system driven by human-machine

interaction. These findings set the stage for Part IV, where tonal and expressive frameworks merge

into a comprehensive vision for AI-mediated electroacoustic music.



Part IV

Towards a Co-Creative Practice:
Synthesis and Conclusions
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Introduction to Part IV:
Towards a Co-Creative Practice: Synthesis and
Conclusions

While Parts II and III provided the artistic, technical, and experimental grounding for navigating

tonal and timbre manifolds, Part IV serves as the final synthesis. It evaluates the shift from the

musical work as a fixed artifact to a mutable interface. This part addresses the research questions

by integrating the findings from the BroadcastJSB and Aethra systems, discussing the ontological

implications of contextual navigation, and providing a final reflection on the role of the composer-

performer in an age of intelligent mediation.

The part is organized into two main chapters. The first, Chapter 13 presents a synthesis orga-

nized by the core research questions posed in Chapter 3 and attempts to draw important insights

from the presented investigations to articulate the role of machine learning systems as collabora-

tive partners in composition and performance, focusing on the transformation of the musical work

to a mutable interface. At last, Chapter 14 concludes our work by highlighting the contributions of

this research to multiple fields, acknowledging its limitations, and outlining directions for future

work.
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Chapter 13

Synthesis and Discussion of Findings

This chapter looks at the research results in relation to the main questions we set out to answer

in Chapter 4. It explores what the findings of Parts II and III mean for modern electroacoustic

practice. The discussion is centered on two main ideas: 1) the ontological construction of the

mutable work through structured representation and navigation, and 2) the performative negotia-

tion of agency within co-creative systems. Table 13.1 summarizes the findings and facilitates the

reading of the chapter.

13.1 Ontology and Navigation of the Mutable Work (Addressing RQ1)

A key idea of the mutable interface is the shift of focus to topological manifolds as the locus of

musical representation. R1 questions:

Can high-dimensional latent spaces be structured to reflect perceptual, mathematical,

and music-theoretical concepts, and what navigational paradigms allow these mani-

folds to function as intelligible, mutable musical works?

We consider this through two such perspectives: the structural logic of the manifold itself

(SQ1.1) and new navigation approaches (SQ1.2) that abstract the database lookup into geodesic

traversal in high-dimensional space.

13.1.1 Structural Logic (SQ1.1)

To investigate the structural logic of the manifold itself, SQ1.1 questions:

Are unsupervised latent spaces empirically aligned with formal music theory and per-

ceptual sound characteristics to ensure that the mutable work maintains stylistic tonal

coherence and timbre intelligibility?

The research found that we can connect unsupervised learning models to formal music theory.

First, the research results (Chapter 5) show that the type of encoding used in training VAEs acts
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Table 13.1: Synthesis of the empirical and performative findings of this research, organized by the
two primary research pillars and the dual domains of Tonal and Timbre logic.

Sub-Question Domain Core Synthesis Finding

SQ1.1:
Representation &
Logic

Tonal Unsupervised latent spaces (MusicVAE) discover
formal tonal logic (e.g., the circle of fifths). This
is demonstrated from the alignment with spec-
tral pitch and pitch class distributions (DFT-P and
DFT-PC), achieving correlations of ρ ≈ 0.65 and
ρ ≈ 0.61, respectively. They prioritize harmonic
function (semantic) over literal pitch retention, ex-
isting in a state of hierarchical tension where the
manifold reflects parsimonious voice-leading but
clarifies functional clusters through the statistical
grammar of the corpus (e.g., I−V proximity over
I− ii7).

Timbre Latent spaces (RAVE) autonomously cluster ex-
tended techniques, creating a perceptually intelli-
gible taxonomy based on spectral density and mor-
phological similarity (SaxTimbre).

SQ1.2: Navigational
Paradigm

Tonal Shifting from discrete to topological querying (k-
NN with angular displacement) preserves tonal
momentum, allowing identity to persist through
structural fluidity.

Timbre Mapping high-dimensional trajectories to coun-
terpoint taxonomies (parallel, oblique, contrary)
transforms raw navigation into intentional, musi-
cally intelligible thematic development.

SQ2.1: Epistemic
Tools & Agency

Tonal Real-time exploration of harmonic manifolds via
BroadcastJSB redistributes authorship, shifting the
performer’s role from executing a fixed score to
navigating an epistemic territory.

Timbre The high-dimensional entanglement of neural
manifolds in Aethra provides the necessary ma-
terial resistance to transform the machine from a
passive tool into an active performative agent.

SQ2.2: Contextual
Navigation

Tonal Constrained tonal navigation through latent spaces
enables meaningful contextual navigation, where
the machine’s contextually bounded possibilities
interact dynamically with human stylistic intent.

Timbre Compressing timbre complexity into motion-
aware, one-knob XAI interfaces fosters contextual
navigation, allowing performers to internalize the
machine’s contextually bounded possibilities as an
aesthetic property.
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like a filter for how the AI understands music. Text-based encodings, like ABC notation, are great

for accurately recreating music, with an accuracy of 82.6%. However, they do not effectively

organize musical information in a way that makes sense from a music theory perspective. On the

other hand, using the DFT from pitch distributions (DFT-P) as an encoding performed much better

at capturing cognitive tonal hierarchies. Specifically, in 16% of the J.S. Bach chorales tested,

the model achieved a near-perfect circular correlation (Kendall’s τ ≥ 0.9) between the ordinal

sequence of keys in the latent space and the theoretical circle of fifths. This highly organized

subset consisted entirely of major-key and longer compositions (exceeding 114 slices), implying

that when given sufficient tonal evidence, DFT-P accurately reflects Western perceptual musical

principles (e.g., circle of fifths).

Furthermore, a key discovery was that MusicVAE mostly captures tonal structure through the

angle of its vectors rather than their size (see Section 6). This aligns well with established music

theory concepts. Particularly in how pitch distributions behave in Fourier Phase Spaces, showing

a moderate correlation (ρ ≈ 0.65). The results also point to the latent space existing in a state of

hierarchical tension. While it remains sensitive to the proximity of parsimonious voice-leading,

the bottleneck of the VAE forces a prioritization of semantic invariants, most notably harmonic

function. As illustrated in the case study of Chorale BWV 307 (see Section 6.3.1), the latent

space effectively functions as a syntactic filter, generalizing tonal functions more clearly than raw

DFT spaces by incorporating the statistical likelihood of harmonic progressions (such as the high

prevalence of I−V transitions). Consequently, the latent space improves the representation of

tonal music with a better understanding of the structure of the training data.

This alignment implies that deep learning is not as opaque as it seems. Instead, when trained on

highly reinforced structural frameworks like common practice Western music, it can autonomously

uncover foundational patterns (e.g., the circle of fifths, functional harmony, and parsimonious

voice-leading). Consequently, we can use these latent spaces as representation spaces for this spe-

cific tonal language, allowing them to be navigated to generate music from a stylistically consistent

corpus. This challenges the traditional notion of werktreue, because now the identity of music is

maintained through its broader structure. We can maintain topological integrity and move on from

strictly using fixed notation.

This unsupervised alignment extends beyond pitch hierarchies into the intrinsic acoustic prop-

erties described in Chapter 9. When studying the timbre qualities of the tenor saxophone using

RAVE pre-trained models, the research shows that most models do not just collect random au-

dio features. Instead, they autonomously organize these features into semantically meaningful

clusters. Specifically, similar sounds (such as specific extended techniques) are grouped together

based on their spectral density and morphological similarity, forming a perceptually intelligible

taxonomy.

Just as the MusicVAE discovered the circle of fifths without explicit instruction, the RAVE

model autonomously aligns perceptual characteristics of sound. Extended techniques, such as

multiphonics, flatterzunge, and air sounds, are effectively grouped in RAVE’s latent space into

distinct regions based on their spectral density. This creates a structural logic for timbre that is
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analogous to the functional clusters of Bach’s chorales. In both cases, the neural network acts as

an epistemic filter, compressing high-dimensional complexity into an intelligible territory. This

proves that structural coherence in a mutable interface is not restricted to Western notation but

is a property of the manifold’s ability to map the underlying material logic of any given corpus,

whether it be harmonic or timbral in nature.

13.1.2 Navigational Paradigm (SQ1.2)

Addressing new navigation approaches, SQ1.2 questions:

In what ways does the shift from discrete database querying to intent-aware topolog-

ical navigation redefine the identity of a composition as a continuous manifold rather

than a collection of fixed points?

The research postulates that exploring music identity within high-dimensional generative mod-

els must evolve from simple linear interpolation into an intent-aware navigational paradigm. Nav-

igating via straight-line mathematical averages assumes a Euclidean geometry that fails to capture

the non-linear distribution of musical syntax. This purely mathematical approach frequently forces

the system into latent dead zones, generating musically incoherent artifacts or hallucinated chords

that lack functional identity. To bypass this continuous noise and synthesize stylistically valid

responses, Chapter 7 introduces intent-aware querying strategies for sampling in the tonal latent

space of MusicVAE, specifically k-nearest neighbors (k-NN) and k-NN with angular displacement

(k-NN+AD). By analyzing the performer’s directional intent, these novel strategies allow the sys-

tem to sample discrete, perceptually coherent musical events directly from the established corpus.

The empirical findings directly demonstrate that these intent-aware strategies significantly out-

perform discrete linear interpolation in preserving the stylistic and structural grammar of the train-

ing corpus, like the harmonic changes in the JSB corpus. Specifically, standard k-NN successfully

maintains local harmonic validity, excelling at preserving the functional integrity of the bass line

and parsimonious voice-leading. However, the true novelty of this research lies in the applica-

tion of k-NN+AD. By calculating the angular trajectory between chords, k-NN+AD effectively

captures tonal momentum. This ensures that the upper voices follow parsimonious voice-leading

rules and that the broader cadential direction of the phrase is preserved. These results advance

the state-of-the-art in developing Western common-tone practice-aligned co-creative systems by

proving that the geometry of a latent space (specifically, vector angles) directly encodes musi-

cal meaning. Consequently, this shifts the contemporary paradigm from treating AI as an opaque

black box generator to utilizing it as a transparent, navigable interface where algorithmic precision

and human compositional intent can seamlessly interact.

On the other hand, in the timbre domain, navigation faces the high-dimensional sensitivity of

the RAVE manifold. The timbre realm holds the technical discovery that efficient navigation of

high-dimensional manifolds requires a shift from geometric nearness to intention-aware gestural

logic. Taking advantage of methods such as k-NN for equal-density binning and using a closeness



13.2 On Practical Applications and Contextual Navigation (Addressing RQ2) 229

control parameter (C), we can finely tune the distance of musical samples with respect to different

timbre attributes. While not always required, extending k-NN with trajectory alignment ensures

stability in the sampled music.

This navigation model is enhanced by a motion-aware taxonomy, comprised of parallel, oblique,

and contrary motions (see Chapter 11). This taxonomy was materialized in the Motiv dataset. This

approach turns the complex latent space into a more meaningful space for musical exploration. As

a result, the research shows that when the structure aligns with these varied movement styles, the

interface enables a state of contextual navigation. It allows performers to see movement paths not

just as numbers, but as understandable gestures that hold musical significance. For example, the

results showed that contrary motion trajectories within the latent space were perceived by perform-

ers as exhibiting the highest degree of mimicked agency, as they provided a clear counterpoint to

the performer’s input.

Comparing the findings of Chapter 7 (tonal) and Chapters 10 and 11 (timbre), it becomes ev-

ident that while these strategies provide structural stability, the Motiv investigation introduces a

superior navigational layer of musical intent. Crucially, this expands the traditional navigation

paradigms of corpus-based concatenative synthesis (CBCS). While conventional CBCS typically

relies on static, point-by-point proximity matching within descriptor spaces, often leading to a

disconnect between the statistically retrieved audio units and the continuous morphology of the

performer’s musical gesture-motion-aware sampling treats the corpus as a dynamic topography of

gestures. Unlike techniques like k-NN or k-NN+AD, which only respond to the current situation,

motion-aware navigation looks deeper into the nature of how a performer interprets and develops

thematic material over time. For instance, a contrary motion can trigger an opposing action, allow-

ing the interface to react dynamically rather than being a static map. In the end, this comparison

shows that a good navigational strategy needs to balance two important things: how well it keeps

the structure of the music and how well it supports the intended performance. While focusing on

tone and timbre distances helps make the mapping more straightforward, a navigation method that

considers motion allows for better understanding. This ensures that shifts between different mu-

sical states are not just close in a mathematical sense but also make sense musically and connect

with the performer’s intentions, effectively transforming CBCS from a static mosaic engine into a

responsive, co-creative instrument capable of genuine musical dialogue.

13.2 On Practical Applications and Contextual Navigation (Address-
ing RQ2)

To address the performative dynamics and the redistribution of agency within the interface, RQ2

questions:

In what ways does the evolution of the epistemic tool (Magnusson, 2009) redistribute

authorship, and how can contextual navigation be fostered through the machine’s ma-

terial resistance?
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To answer this, we must examine how the epistemic tool fundamentally redistributes musical

agency and facilitates a model of distributed authorship. We will discuss how this interface dis-

mantles traditional, human-centric notions of creative ownership, transcending the conventional

tool-user paradigm to establish an entangled network where the human performer and the ma-

chine’s mimicked agency engage in a continuous dialogue. Drawing from the empirical findings

of the Aethra (and its performative study case Echoes of the Unseen) and BroadcastJSB case

studies, we will analyze the mechanisms through which neural latent spaces impose a productive

material resistance that necessitates contextual navigation.

13.2.1 Material Resistance and Epistemic Action (SQ2.1)

Focusing on the epistemic role of the interface, SQ2.1 questions:

How does the implementation of real-time exploration interfaces transform the user’s

interaction with musical logic from a task of execution to an epistemic process of

discovery and navigation?

The high dimensionality and entanglement of neural latent spaces introduce material resistance

into the human-machine interaction. However, it is crucial to critically reflect on the ontological

status of this AI-based machine within this humanistic domain. The system is not an autonomous,

sentient co-creative partner. Rather, it fundamentally remains an epistemic tool. The AI does not

possess actual sentience. Instead, it generates epistemic friction through the non-linear density of

its latent space, offering structural responses based on the statistical distributions, internal logic,

and inherent biases of its training corpus.

While this encoded contextual knowledge facilitates a dynamic dialogue, it also introduces

significant artistic limitations and performative challenges that must be questioned, particularly

regarding its adoption by other performers. Because the system’s material resistance is non-linear

and its responses occasionally opaque, performers deeply rooted in the traditional, score-based

paradigm often experience a profound state of vulnerability and a perceived loss of control. As

observed during the evaluation of these systems, there is a substantial pedagogical gap in which the

interface assumes a high level of epistemic engagement from the performer. Without a dedicated

period of learning the instrument to understand the machine’s specific quirks and latent boundaries,

the process of contextual navigation can easily lead to performer frustration. Therefore, the success

of this co-creative ecosystem relies heavily on the performer’s willingness to relinquish absolute

authorial command and adapt to a tool that mimics agency by actively constraining the universe

of possibilities.

In practice, this resistance forces the performer to engage in epistemic action (e.g., performing

to learn the limits of the space), rather than just pragmatic action (performing to execute a known

score). In the Echoes of the Unseen case study, material resistance is an aesthetic property that

defines the work’s formal structure. The performer does not simply execute a score but probes

the manifold to discover its density. Performers reported that the system offered varying levels of
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resistance depending on the interpolation path chosen via the one-knob interface. For instance,

navigating toward low-density regions required more drastic physical gestures, which the per-

former interpreted as the machine pushing back against unconventional timbre transformations.

This creative friction generates a sense of liveness, ensuring the system functions as a dynamic,

mutable interface rather than a passive processor. When the performer sees the latent space as a

lively, musical entity with its own unique character, it creates a connection between the human and

the machine. Since the machine does not simply copy what the performer plays, the performer has

to dynamically adjust and adapt. In the end, Echoes of the Unseen shows that material resistance

is necessary for contextual navigation. Without this creative friction, the system just processes

information passively. However, when the performer engages with these challenges, the system

turns into a dynamic, mutable interface that helps shape the music in surprising and innovative

ways.

13.2.2 Contextual Navigation (SQ2.2)

Finally, evaluating this contextual navigation through performative practice, SQ2.2 questions:

To what extent can the material resistance provided by the machine’s encoded con-

textual knowledge and high-dimensional latent space facilitate a state of contextual

navigation, where authorship is redistributed between human and machine?

In the Aethra system, contextual navigation is fostered through a co-creative loop where the

performer acts as a navigator. The one-knob interface reduces the dimensionality of the control

space, allowing the performer to focus on the qualitative attributes present within their own and

the machine’s sound. Qualitative feedback from the performer also suggested that, even though

the system still exhibited drift (biasing the system toward high-density locations of the perceptual

manifold), performers became more inclined to treat it as productive material resistance rather

than a technical imperfection. Crucially, this drift serves a vital aesthetic function by constraining

the generated material to the specific context of the piece. Because sparsely populated regions

of the latent space generally represent sonic states that are stylistically out-of-context or morpho-

logically invalid, the system’s natural bias toward dense clusters effectively acts as an encoded

topological boundary. This structural constraint prevents the improvisation from fracturing the

established musical vocabulary, ensuring that the machine’s contextually bounded possibilities

remain cohesive and firmly anchored within the authentic sonic identity of the work.

This creates a dynamic interaction that functions strictly through mimicking agency, avoiding

the problematic assumption that an AI possesses actual intentionality or volition. Rather than

having a true intention, the machine provides a deep contextual knowledge of the work’s universe,

represented by the topological shape and structural organization of its latent space. This encoded

knowledge actively restricts the universe of generative possibilities, allowing the performer, whose

navigational gestures represent the genuine human intent, to engage in a highly focused contextual

navigation. The resulting music is a heteronomous work, where the authorial voice is entangled.
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This challenges state-of-the-art notions of authorship in AI music, typically seen as either strictly

human-led or machine-autonomous, suggesting instead a distributed authorship where the work

only exists in the moment of navigation through the interface.

In BroadcastJSB, this paradigm is applied to the harmonic structure of J.S. Bach’s chorales.

The system fundamentally redefines the performer’s role, shifting them from a traditional note-

player executing a fixed score to a harmonic navigator within a continuous topological space.

By doing so, the traditional concept of the closed musical artifact is successfully rethought, as

authorship becomes distributed across the interface, the encoded topological boundaries of the

latent space, and the genuine directional intent of the human navigator.

Within this framework, material resistance is physically experienced by the performer as tonal

momentum. Because the MusicVAE latent space naturally discovers and organizes itself around

structural principles like the circle of fifths, a performer attempting to navigate toward distant tonal

regions encounters active resistance based on the learned statistical density of the Bach corpus.

This establishes a form of harmonic gravity, where specific paths of modulation feel perceptually

heavier or more resistant than others.

Contextual navigation is specifically fostered through the implementation of distinct decoder

strategies, which function as the machine’s contextually bounded possibilities. Within the NEAR

mode, the fundamental harmonic identity of a chorale remains stable while localized vertical

sonorities vary, whereas the VECTOR mode strictly preserves the tonal momentum and direc-

tional trajectory of the musical phrase. By aligning the system’s encoded geometric pathways

with the performer’s directional intent, the strategy transforms aimless free exploration into a

highly structured contextual navigation guided by the corpus’s encoded harmonic logic.

Simultaneously, BroadcastJSB’s radio metaphor functions as a cognitive bridge, encouraging

performers to approach latent interpolated noise not as a technological defect, but as a deliberate

expressive terrain. By treating the chorales not as a prescriptive score but as a dynamic exploratory

space, BroadcastJSB demonstrates that meaningful contextual navigation occurs only when the

performer agrees to navigate the topological resistance of the machine as a legitimate, co-creative

musical constraint.

Ultimately, this paradigm of contextual navigation directly addresses a critical vulnerability in

the ecology of digital preservation: the threat of technological obsolescence reducing interactive

works to dead artifacts, such as fixed audio recordings or written scores. By decoupling the offline

generation of latent representations from the real-time performance interfaces, BroadcastJSB and

Aethra shift the locus of preservation from a fragile software state to the resilient, mathematical

structure of the latent space itself. Rather than attempting to archive a highly specific hardware

setup that will inevitably decay, these systems preserve the stylistic nature and generative con-

straints of the musical corpus as serialized data. Consequently, the traditional concept of the

closed musical artifact is successfully rethought. By maintaining the contextually bounded pos-

sibilities that provide material resistance, the musical work is conserved not as a static execution,

but as a living, co-improvisational ecosystem that can be continually migrated to new platforms

and navigated by future post-performers.
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13.3 Summary

In this discussion, we explored how shifting from a fixed artifact to a mutable interface can fun-

damentally change our understanding and experience of music creation. Addressing our first re-

search question (RQ1), we discovered that unsupervised latent spaces should not be seen as mere

black boxes. The structured environments that they create enable them to detect and preserve

official musical theory concepts. The notion of a mutable work maintains its unity through the

tonal functional clusters in MusicVAE and the morphological grouping of extended techniques

in RAVE. The introduction of intent-aware navigation methods, which include k-NN+AD and

motion-sensitive taxonomies, changes music-making from score following into a process that al-

lows artists to investigate three-dimensional music content through their performances.

The practical uses (RQ2) shown in Aethra and BroadcastJSB demonstrate that contextual nav-

igation functions as an active process that requires the performer to continuously interact with

the system’s topological boundaries. The creative tension needed to transform the machine from

a passive tool into a dynamic, mutable interface emerges from the material resistance that exists

within neural manifolds.

Furthermore, this research demonstrates that Explainable AI (XAI) serves as the fundamental

bridge that connects abstract latent representation (RQ1) to performative agency (RQ2). Aethra

and BroadcastJSB use XAI to improve transparency, which allows performers to legibly engage

with machine operations while navigating an entangled performative network. Our research find-

ings create a new framework for electroacoustic practice because they depict musical composition

as an interactive musical space that performers can explore through their ability to navigate the

restricted universe of the work in a post-digital environment. Thus, the interface changes from a

hidden black box system into an accessible epistemic tool. That happens because representational,

interactional, and conceptual transparency are implemented through radio tuning metaphors, latent

space map visualization, and aestheticization of interpolation noise. The framework demonstrates

that intelligibility functions as a necessary condition for an exploratory dialogue because mean-

ingful contextual navigation can only emerge when the performer is able to legibly engage with

the system’s contextually bounded possibilities.



Chapter 14

Conclusion

This thesis has explored the ontological and performative shift of the musical work from a fixed

artifact to a mutable interface. By combining music-theoretic frameworks with advanced latent

models, our research revealed that intelligent musical systems can do more than just automation.

They can be intelligible partners in the creative process, refining the work as a navigable man-

ifold. In this sense, we bridged the gap between traditional werktreue principles and the fluid

requirements of contemporary electroacoustic practice.

14.1 Original Contribution to Knowledge

The primary contribution of this research lies in the operationalization of the mutable work through

a two-fold representational and navigational strategy, moving the state-of-the-art toward a highly

interactive and symbiotic model of AI-mediated performance. By synthesizing the formal logic of

symbolic tonality (Chapters 5- 8) with the sub-symbolic fluidity of timbre and gesture (Chapters 9-

12), this work redefines the musical work from a fixed artifact into a navigable, high-dimensional

manifold.

Specifically, this paradigm shift is supported by three distinct types of contributions:

• Theoretical Contributions:

Ontological Shift of the Musical Work: The research formally redefines the contem-

porary electroacoustic musical work, transitioning it from a static artifact into a mutable

interface that functions as a continuous, topological space of possibilities.

Musical Intelligibility of Deep Learning: The thesis empirically proves that black-

box deep learning models are musically intelligible. Unsupervised Variational Autoen-

coders (VAEs) autonomously discover and organize their latent spaces according to formal

structural principles of Western music theory, such as the circle of fifths (Chapters 5 and 6).

Similarly, we also prove that timbre latent spaces naturally align with morphological clus-

tering of extended saxophone techniques (Chapter 9).

234
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Geometric Formalization of Musical Motion: The research establishes a theoretical

taxonomy of musical motions (parallel, oblique, and contrary) to bridge the gap between

abstract neural activations and musical intent, demonstrating that traditional contrapuntal

relationships manifest as distinct, quantifiable geometric trajectories within a latent space

(Chapter 11).

• Technological Contributions:

Development of Co-Creative Systems: The creation of two functional, open-access

software architectures: BroadcastJSB, a web-based topological instrument that uses a radio

metaphor for real-time navigation of Bach’s harmonic spaces (Chapter 8), and Aethra, a

co-creative interface for mixed music that synthesizes multidimensional complexity into a

single axis of performative control (Chapter 12).

Intent-Aware Navigation Strategies: The formulation of specialized sampling algo-

rithms, specifically k-nearest neighbors (k-NN) and k-NN with angular displacement (k-

NN+AD), that successfully solve the issue of latent dead zone by prioritizing directional

tonal momentum and functional proximity over simple linear interpolation (Chapters 7

and 10).

Creation of Specialized Open-Access Corpora: The construction of the SaxTimbre

(Chapter 9) and Motiv datasets (Chapter 11), which effectively map the high-dimensional

timbre landscape and the expressive physical gestures of the tenor saxophone into navigat-

able neural coordinates.

• Artistic Contributions:

Establishment of Contextual Navigation: The research shifts the performative paradigm

from rigidly synchronizing with fixed electroacoustic media to an active contextual naviga-

tion model, where the performer uses gestural intuition to dynamically explore a machine’s

restricted, high-dimensional map.

Live Co-Improvisational Practice: The successful application of these theoretical and

technological frameworks in live performance, materialized in the Echoes of the Unseen

case study, which demonstrates that fixed media can be entirely replaced by a reactive, AI-

mediated improvisational partner.

A Post-Performer Organology: The thesis fundamentally redistributes authorship and

musical agency, elevating the technological system from a passive execution tool to an active

participant, and transitioning the human musician from a strict interpreter of scores into a

navigator of a complex sonic ecosystem.

Ultimately, these contributions establish a framework of post-performance organology where

the digital interface functions as an interactive computational system rather than a static instru-

ment. Consequently, the performer’s role shifts from executing predetermined actions to navigat-

ing a structured, data-driven musical environment.
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14.2 Limitations and Critical Reflection

While the results validate the efficacy of the topological instrument concept, several inherent lim-

itations arise from the empirical data and the architectural constraints of the developed systems.

These limitations provide a nuanced perspective on the challenges of reconciling deep learning

with real-time music performance.

The current implementation of MusicVAE within BroadcastJSB and RAVE within Aethra re-

lies on pre-trained corpora. As noted in the discussion of the epistemic tool, this prevents on-the-

fly latent reorganization. The machine’s learned physics is essentially frozen post-training. This

creates a temporal lag between the evolution of a performer’s style and the model’s internal logic.

Furthermore, the high dimensionality of these latent spaces requires substantial GPU resources

for real-time inference with low latency. In the Aethra trials, the one-knob interface successfully

distilled dimensionality, but the underlying system still faced a curse of dimensionality where cer-

tain regions of the latent space remained sparse, leading to the material resistance being perceived

occasionally as technical instability rather than intentional creative friction.

A significant limitation identified in the Motiv investigation (Chapter 11) concerns the ma-

chine’s interpretive intelligibility, specifically regarding the HMM-based motion recognition. While

the taxonomy of parallel, oblique, and contrary motions provided a gestural superstructure, the

model’s accuracy was highly sensitive to the temporal windowing of the input. For example,

oblique motions are frequently misclassified as parallel when the latent shift is too subtle. This

suggests that the interpretive intelligibility of the machine is limited by the resolution of its sen-

sors and the categorical rigidity of the HMM, which inherently struggles to interpret the fuzzy or

hybrid gestures common in improvisational contexts.

While the DFT alignment provided a robust ground truth for Western tonal logic in Broad-

castJSB, the perceptual filters of the current encodings are culturally and theoretically situated.

The high correlation with Fourier Phase Spaces is meaningful within the context of the circle

of fifths and equal temperament, but it does not necessarily translate to non-Western tuning sys-

tems or microtonal traditions. The research recognizes that by aligning latent spaces with specific

theoretical ground truths, we risk reinforcing a computational canon that marginalizes musical

structures not easily mapped to DFT phases or grid-based pianorolls.

Furthermore, the evaluation of contextual navigation reveals clear limits in how the system

generalizes across different users. Qualitative feedback from the Aethra case study indicated that

while professional performers often value the material resistance of the manifold, less experienced

performers might find the machine’s contextually bounded possibilities to be completely opaque

or frustrating. This exposes a profound pedagogical gap in the mutable interface: the system

assumes a high level of epistemic engagement from the performer. Without a significant period

of learning the instrument, the interaction with the system’s encoded constraints can collapse into

a sense of lost control. Ultimately, this suggests that meaningful contextual navigation is highly

dependent not only on the performer’s existing musical expertise but also on their willingness to

actively relinquish traditional authorial command to the machine.
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14.3 Future Work: Toward a Post-Performer Organology

The findings of this thesis open several pathways for a post-performer organology. A logical ex-

tension involves the integration of latent diffusion models to explore how semantic and descriptive

prompts can guide the navigation of the manifold, allowing for a multi-modal approach to con-

textual navigation. Beyond these immediate technical shifts, five broader research trajectories

emerge.

A primary future challenge is moving beyond static, pre-trained corpora toward systems that

exhibit continual learning. Future iterations of the Aethra system could implement online fine-

tuning of the RAVE model, allowing the latent space to reorganize itself in real-time based on the

performer’s specific improvisational vocabulary. This would transform the material resistance of

the machine from a fixed property into a plastic, evolving constraint, fostering a more intimate bio-

digital feedback loop where the instrument learns from the performer as much as the performer

learns from the instrument.

The concept of the mutable interface could be expanded into multi-agent networked perfor-

mances. In such a scenario, a global latent space would serve as a shared environment for multiple

human performers and algorithmic systems. This would move the research toward collective con-

textual navigation, where the manifold acts as a communal score. Authorship would be further

decentralized as the trajectory of one performer shifts the topological density for others, redefin-

ing the ensemble as a distributed network of human navigators and machine constraints exploring

a common, sonorous territory in a non-Euclidean space.

As a further expansion of Aethra’s stylistic adaptability, we preliminarily investigated the sys-

tem’s potential application within a jazz-based improvisational context, with the finality of testing

whether the system can move beyond the contemporary electroacoustic context. To achieve that,

this exploratory research pursued four solo instrumental jazz standard recordings (guitar, tenor

saxophone, trumpet, and piano). We preliminarily examined (listening test) how the system’s

distance-based and motion-enhanced navigation can support the characteristic idiomatic patterns

of jazz. The initial findings indicated that the results were similar to those obtained with Lamento.

Just as the hybrid navigation framework successfully preserved the morphological continuity and

structural stability of the complex saxophone techniques in Lamento, the system effectively main-

tained the stylistic coherence and structural integrity of the jazz vocabulary. This confirms that the

combination of distance-based categorization and trajectory alignment provides a robust founda-

tion for meaningful navigation across diverse musical genres, extending the mutable interface into

the highly expressive and syncopated domain of jazz improvisation. To build upon these prelim-

inary results, a more in-depth study should focus on integrating continual learning mechanisms,

allowing the latent space to adapt and reorganize itself in real-time to the evolving improvisational

vocabulary of the individual jazz performers. Furthermore, this extended research should seek to

test these capabilities within multi-agent networked performances, exploring how a collective en-

semble of improvising musicians might simultaneously navigate and negotiate a shared, dynamic

musical topology.
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Finally, future investigation must address the decolonization of generative topologies. While

this study utilized the DFT to align latent spaces with Western common-tone music theory, future

work should develop open-ended topological filters. These would allow the machine to align itself

with non-Western tuning systems, microtonal scales, or noise-based aesthetics without imposing

a pre-defined theoretical ground truth. This path leads toward a pluralistic organology, where the

mutable interface can host a diverse range of cultural and structural logics, ensuring that the future

of co-creative AI remains as fluid and diverse as the musical traditions it seeks to augment.

14.4 Final Remarks

Ultimately, this research suggests that the future of electroacoustic practice lies not in the au-

tomation of creativity, but in its amplification through intelligent mediation. By reimagining the

musical work as a mutable interface, we move beyond the historical tension between the fixity of

the score and the ephemerality of performance.

The transition to topological manifolds as sites of musical representation marks a definitive

departure from the machine-as-tool toward the machine-as-environment. In this new paradigm,

the work is no longer a static object to be reproduced, but a sonorous territory to be inhabited.

The machine provides the material resistance necessary for genuine co-creativity, challenging the

performer to negotiate with a non-human agency that possesses its own internal logic, momentum,

and structural integrity.

As we move further into the digital age, the role of the composer and performer must evolve

from the dictates of absolute control toward the art of navigational intent. By embracing the epis-

temic tool, we do not lose our authorial voice. Instead, we find it embedded within an entangled

performative network, a topology where human intuition and algorithmic constraints converge

to discover musical forms that were previously unreachable. The high-dimensional landscapes

explored in this thesis are not mere mathematical abstractions, but the new frontiers of a post-

performerist organology, where the boundary between the self and the instrument is perpetually

fluid, and the music is always in a state of becoming.



Epilogue: The Manifold and the Muse

This research began by questioning how the traditional roles of composer and performer must

adapt when integrating deep learning into electroacoustic practice. By examining the dense, high-

dimensional architectures of neural networks, we demonstrated that the black box nature of AI

models can be restructured into a legible, navigable environment. Rather than acting as an in-

dependent creator, the machine functions as a complex topographical map, one that encodes and

enforces the structural boundaries of the musical works it has learned.

Shifting from static, fixed-media scores to mutable interfaces represents a profound ontolog-

ical pivot that changes the nature of musical labor. Engaging with these systems requires per-

formers to abandon the safety of a predetermined path and assume the role of active navigators.

Within this framework, the material resistance of the neural manifold provides a necessary, pro-

ductive friction. This resistance transforms the computer from a deterministic execution tool into

a dynamic, mutable environment that structurally guides the performer’s exploration.

As we move toward a post-human organology, it is clear that the machine’s role is not to re-

place human intuition, but to establish a restricted universe of possibilities. The neural network

serves as a new instrumental material characterized by its non-linear encoded constraints. Inter-

acting with these systems demands a different kind of presence from the performer: a heightened

epistemic engagement and a more deliberate physical gesture. The system’s contextually bounded

possibilities are not errors or deviations. Rather, they are encoded structural responses that neces-

sitate a continuous, exploratory dialogue.

The concept of the mutable work demonstrates that musical identity is not strictly bound to

a fixed sequence of notes, but can be preserved within the geometric continuity of a topological

manifold. In these high-dimensional landscapes, the performative outcome emerges purely from

the entanglement of human gestural intent and algorithmic constraint. Ultimately, the objective of

this thesis was not to design an autonomous generative agent, but to build a robust framework for

contextual navigation. The latent spaces and interfaces developed here provide the structural foun-

dation for future performers to tune into these environments, continuing to explore the topological

boundaries of the musical work.
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