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Abstract

Disentangled representation learning seeks to uncover latent factors of data that are
distinct and semantically significant, thereby facilitating controllable generation of
novel data. In sequential domains such as music and speech, disentangled sequential
autoencoders (DSAEs) model each sequence with dynamic, frame-level latents and
a global, sequence-level latent. This design separates local and global generative
attributes—such as pitch and timbre in music, or content and speaker identity in
speech. However, standard DSAEs are prone to posterior collapse of the global latent,
with performance sensitive to architecture and hyperparameters.

This thesis introduces methods to improve the robustness of unsupervised disen-
tanglement in DSAEs. First, a two-stage framework (TS-DSAE) is proposed: it learns
informative prior distributions for global factors, then encourages disentanglement
between global and local factors through auxiliary regularisations. This mitigates
collapse without adversarial losses or data augmentation. To balance reconstruction
quality with disentanglement, a teacher—student model (J-DSAE) extends this frame-
work by regularising output variation with respect to changes in the global latent. The
effectiveness of both TS-DSAE and J-DSAE is demonstrated on pitch—timbre disen-
tanglement for monophonic instruments, although both approaches are in principle
applicable to other sequential settings.

As an alternative to auxiliary objectives, Gaussian dropout is applied to local
latents. Here, the variance of the Gaussian noise is parameterised by that of the
global latent, dynamically constraining the information capacity of local latents. This
method is evaluated on zero-shot voice conversion of speech, yet its general formula-

tion does not rely on speech-specific assumptions.



Finally, a preliminary study addresses disentanglement of multi-instrument mix-
tures using a supervised approach. Each instrument is represented by a source-level
latent, which further disentangles source-specific pitch and timbre. This hierarchi-
cal and modular design enables synthesis of mixtures with arbitrary pitch—timbre
combinations.

Together, these contributions advance robust unsupervised disentanglement of se-
quential data, with music and speech serving as case studies, and lay the foundation

for composable representation learning of multi-instrument mixtures.
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the third source remains unchanged. |. . . . . . . . ... ... ... ..
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Left: PCA visualisation of the timbre latent space, showing clustering

by instrument class. Right: Example of source-level swaps between
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Chapter 1

Introduction

1.1 Motivation

Modern machine learning systems for audio aim not only to analyse signals, but
also to manipulate and generate them in a controlled and interpretable manner. In
domains such as music and speech, this requires the ability to isolate and recombine
meaningful attributes of the signal.

In music, a fundamental challenge is to modify specific aspects of a recording—
such as the instrument timbre or melodic content—without affecting others. For
instance, one may wish to render a melody played by a violin using the timbre of
a trumpet, or recombine elements from multiple recordings to create novel musical
material. Beyond note-level transformations, such capabilities form a foundation for
higher-level operations, including the manipulation of motifs, phrases, and structural
patterns in musical compositions.

Similarly, in speech processing, tasks such as voice conversion require altering
speaker identity while preserving the underlying linguistic content. Achieving this
reliably, particularly in zero-shot settings where speakers are unseen during training,
remains a significant challenge.

Despite their differences, these problems share a common structure: the underlying
signal is governed by multiple factors of variation that operate at different temporal

scales. Attributes such as instrument timbre or speaker identity are relatively stable
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over time, while others such as pitch or linguistic content vary rapidly. The ability to

separate and control these factors is therefore central to both applications.

These challenges can be addressed through representation learning (Bengio et al.,
2013a), which seeks to transform high-dimensional raw observations, such as images
and audio waveforms, into a low-dimensional, compact latent space. The objective
is to develop a neural network capable of learning these representations, thereby
facilitating downstream tasks such as classification and generation. Classification
tasks aim to predict specific targets of interest given the representation, whereas
generative tasks focus on sampling realistic data from, and manipulating particular

factors of variation within, the latent space.

In order to address these challenges effectively, it is important to learn repre-
sentations that capture perceptually salient and semantically meaningful factors of
variation; for example, the shape and size of an object in an image or the vocal
characteristics and spoken content in a speech utterance. Classification models stack
multiple layers of neural networks such that layers further away from the input data
capture semantic features that are invariant to low-level details. For generative tasks,
capturing these semantically meaningful features allows one to sample novel data with
control over them. For instance, with separate representations encoding speaker iden-
tity and spoken content in a factorised manner, one can fix the representation of the
spoken content while replacing that of the speaker identity within the latent space,
thereby achieving voice conversion by conditioning a neural network decoder on the
two representations. Factorisation and invariance to other factors of variation are key
properties that facilitate downstream tasks, which are the main goal of disentangled

representation learning (DRL) (X. Wang et al., |2024]).

DRL aims to learn representations that are structured in a way that isolates each
factor of variation. Using the running example of speaker—content representations,
given a common text transcription spoken by two speakers, disentangled represen-
tations extracted from the two utterances would ideally differ only in the speaker
feature and share the same content feature. Conversely, having a person speak two
different text scripts should result in a common speaker feature and different content

features. For discriminative tasks, such representations are expected to be robust to
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spurious correlations between factors caused by biased sampling of available training
data. For generative tasks, they allow for explicit control over the disentangled fac-
tors and could potentially generalise to factor combinations that are unseen during
training.

DRL underpins compositionality (Greff et al.,[2020): the ability to encode sensory
data using compact and reusable concepts, and to synthesise new data from these
concepts. In a visual scene composed of multiple physical objects, simply learning
factorised representations of attributes such as shape and size is insufficient to disam-
biguate which attributes belong to which object. An additional level of abstraction
that captures the concept of an object is required to resolve this ambiguity. Simi-
larly, in an audio recording of multiple musical instruments, each instrument must
first be bound to an entity, which can then be described by independent pitch and
timbre components, in order to disambiguate which attributes belong to which instru-
ment. By learning disentangled representations across different levels of abstraction,
where attribute descriptors such as pitch and timbre are shared by entities such as
instruments relevant to higher-level cognition, a model can compose novel visual or
acoustic scenes of multiple objects, each with their own attributes. This leads to com-
posable representations, enabling generalisation to novel combinations of conceptual

representations.

Inductive biases are crucial to learning structured latent representations (Tschan-
nen et al., |2018; Locatello et al., |2019b). In sequential domains such as music and
speech, realising such structured and compositional representations requires inductive
biases that reflect the temporal organisation of the data. To address disentanglement
in these settings, this thesis builds upon the disentangled sequential autoencoder
(DSAE) framework (Y. Li et al., |2018; Han et al., |2021; Bai et al., 2021; Naiman
et al., [2023; Berman et al., 2024} Simon et al., 2024)), which introduces an architec-
tural bias reflecting global-local factor separation over time. The underlying factors
of variation in sequential data typically operate at different rates of change along the
time axis. In speech, one can assume that the vocal characteristics of a speaker are
fixed, while the spoken content changes frequently over time. For single-instrument

audio recordings, the overall timbre of the instrument remains largely unchanged,
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while the played melody evolves frame by frame. This prior knowledge can be used
to inform the architectural design of a model to disentangle these factors operating
at distinct rates of change. For example, a simple architectural bias is to config-
ure a time-invariant vector to represent the static factor (e.g., speaker or instrument
identity), while a time-varying sequence of vectors encodes the dynamic factor (e.g.,
linguistic content or melody). While this inductive bias provides a principled struc-
ture for representation learning, it does not by itself guarantee that the model will

utilise the global latent effectively during training.

Despite the simplicity of this global-local formulation, disentanglement remains
inconsistent in practice due to a lack of explicit incentives for the model to allocate
information to the global latent. This imbalance is largely attributed to the disparity
in information capacity: the global representation, being a single vector, is often
overshadowed by the temporally rich local representation. As a result, the global
latent tends to become underutilised, a phenomenon commonly referred to as posterior
collapse (Y. Wang et al., 2021; X. Chen et al., |2017; Alemi et al., [2018; Bowman et
al., 2016} Serban et al., |2017; Fraccaro et al., 2016). More broadly, unsupervised
approaches to disentanglement are fragile and highly sensitive to configurations of

hyperparameters (Locatello et al., 2019b)).

To counteract the collapse of the global latent in the DSAE framework, prior work
has introduced additional constraints informed by domain-specific knowledge. One
prominent strategy is to construct contrastive pairs—such that two data examples
share or differ in a specific factor—and impose similarity or dissimilarity objectives
on their latent representations (Zhu et al., 2020; Bai et al.,|2021; Naiman et al.,2023)).
These methods can indeed encourage the global latent to encode discriminative in-
formation. However, they rely on modality-specific transformations or heuristics to
create positive and negative pairs. For example, in speech, it is possible to apply
voice conversion to manipulate speaker identity while keeping content fixed (Bai et
al., [2021)), but different transformations are required to modify timbre while preserv-
ing pitch in musical audio. Moreover, these additional objectives introduce further

hyperparameters and training complexity, often requiring dataset-specific tuning.

Taken together, these limitations highlight the need for methods that can reli-
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ably learn disentangled representations in sequential data, while remaining robust to
model configuration and applicable across domains. This leads to the central research
question of the thesis: How can robust disentanglement of global and local factors in
sequential data be achieved without relying on modality-specific priors or supervision?
Here, robustness is defined as the ability to consistently obtain disentangled repre-
sentations across a broad range of architectures and hyperparameter settings.

This thesis addresses this question through the lens of DSAEs, using pitch—timbre
disentanglement (PTD) in music and voice conversion (VC) in speech as primary case
studies. While most existing work on PTD is limited to single-instrument recordings
(Engel et al., [2017}; Bitton et al., [2018; Luo et al.,[2019; Y. Wu et al., 2023} Esling et
al., 2018} Luo et al., 2020; Tanaka et al., 2021; Cifka et al., 2021; Tanaka et al., 2022}
Tanaka et al., [2025; Demerlé et al.,|[2024]), this thesis further explores a more common
and complex setting—mixtures of multiple instruments playing distinct pitches. This
scenario introduces a two-level disentanglement problem: first separating the sources,
and then factorising each into pitch and timbre components. Such a setup enables
compositional representations, where instrument identities and musical content can be
independently manipulated or recombined to form novel mixtures. In this thesis, this
direction is explored through a supervised framework in Chapter 6, complementing
the unsupervised approaches developed for single-instrument settings in Chapters 3
to 5.

In summary, a main part of this thesis develops unsupervised, robust, and general-
isable frameworks for disentangling latent representations from sequential audio data,
and separately scales the task of PTD to tackle the case of multiple-instrument mix-
tures using a supervised method. It addresses the limitations of current approaches in
both unsupervised and supervised settings and demonstrates their effectiveness across

a variety of music and speech tasks.

1.2 Contributions

The main contributions of this thesis are as follows:

1. A robust two-stage training strategy for unsupervised disentangle-
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ment of sequential data. This thesis introduces a general two-stage training
strategy (TS-DSAE) to address the problem of posterior collapse in DSAEs.
The strategy separates the disentanglement of the global latent from the recon-
struction of sequential data, thereby mitigating posterior collapse without in-
troducing adversarial objectives (which add additional optimisation challenges)
or modality-specific data augmentation (which limits generalisability across do-
mains). Using music audio as a case study, the method demonstrates consis-
tent disentanglement performance across a range of hyperparameters, latent
dimensionalities, and model architectures, establishing a robust foundation for

unsupervised representation learning of pitch and timbre.

. Jacobian supervision for mitigating the trade-off of reconstruction
and disentanglement. A teacher—student framework (J-DSAE) is proposed
to address the trade-off between reconstruction quality and disentanglement.
Building on TS-DSAE, outputs of the model from the first training stage—
expected to capture disentangled representations—are used to constrain the
outputs of the model in the second stage. Unlike prior methods, the regulari-
sation is imposed in the observation space rather than the latent space. This
approach is shown to improve audio fidelity while preserving the separation of
pitch and timbre factors in the task of unsupervised PTD for musical instrument

audio.

. Posterior variance-parameterised Gaussian dropout for balancing la-
tent information. Orthogonal to TS-DSAE and J-DSAE, a simple yet effective
regularisation technique—posterior variance-parameterised Gaussian dropout
(pvpGD)—is introduced to dynamically adjust the capacity of the local latent
space based on the uncertainty of the global latent. Applied to a range of ex-
isting voice conversion models that disentangle speaker identity and linguistic
content, this technique consistently improves global latent utilisation without

requiring supervision or additional hyperparameter tuning.

. DisMix: a supervised framework for pitch—timbre disentanglement

of musical mixtures. To extend PTD beyond single-instrument recordings,
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DisMix is introduced as a two-level disentanglement framework for learning
per-source pitch and timbre representations from multi-instrument mixtures.
DisMix supports modular manipulation and composition by treating pitch and
timbre as independently controllable attributes for each source. Two implemen-
tations are proposed: a lightweight autoencoder serving as a proof of concept,

and a latent diffusion model capable of handling realistic orchestral mixtures.

5. Empirical analysis across modalities, configurations, and tasks. The
proposed methods are evaluated across synthetic and real-world music and
speech datasets, covering a diverse range of model architectures, latent di-
mensionalities, and hyperparameter settings. The analysis identifies key fac-
tors influencing disentanglement robustness, demonstrates the effectiveness of
modality-agnostic, adversarial-training-free regularisation strategies, and show-

cases applications enabled by composable latent representations.

1.3 Overview

The remainder of this thesis is structured as follows. Chapters [3] to [] are based on
peer-reviewed publications, each addressing a specific technical challenge in learning
robust and composable disentangled representations for music and speech.

All core chapters are based on first-authored publications. The ideation, imple-
mentation, experimentation, and writing were led by the author of this thesis. For
Chapters [3| [4] and [5] Sebastian Ewert contributed through technical feedback and
architectural insights, while Simon Dixon provided high-level guidance and helped
shape the research direction. Both contributed to paper revisions. Chapter [f] is
the outcome of an industrial internship, where the author led the core research and
implementation. All co-authors contributed through topic framing, methodological

suggestions, and feedback on evaluation and writing.

e Chapter [2| reviews relevant literature on representation learning, variational
autoencoders, disentanglement in sequential data, and applications to music
and speech. It provides the theoretical and empirical context that motivates

the approaches developed in this thesis.
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Chapter [3]introduces the TS-DSAE framework for robust unsupervised disen-
tanglement, based on Luo et al. (2022)). The method addresses posterior collapse
in DSAEs by decoupling the learning of global and local factors and is evaluated

on monophonic music datasets.

Chapter [4| presents the Jacobian-regularised teacher—student framework, pro-
posed in Luo et al. (2024c). Building on TS-DSAE, the model imposes Jacobian
constraints in the observation space to improve reconstruction while preserving

pitch-timbre disentanglement in musical instrument recordings.

Chapter [5| proposes posterior variance-parameterised Gaussian dropout, intro-
duced in Luo et al. (2024b). This technique dynamically adjusts the local latent
capacity based on uncertainty in the global latent and improves speaker—content

disentanglement in zero-shot voice conversion tasks.

Chapter [6] presents DisMix, a supervised two-level disentanglement framework
for multi-instrument music mixtures, published by Luo et al. (2024a)). The
method supports modular manipulation and composition using per-source pitch
and timbre representations, implemented via both a lightweight autoencoder

and a latent diffusion model.

Chapter [7] concludes the thesis and outlines directions for future research, in-
cluding extending compositionality to other modalities, incorporating temporal
hierarchies, and developing hybrid learning strategies that combine supervised

and unsupervised techniques.
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Chapter 2

Background

2.1 Disentangled Representation Learning

Representation learning seeks to map high-dimensional observations, such as images
and audio waveforms, to compact latent representations that capture salient structure
in the data. Such representations support downstream tasks including classification
and generation, where the goal is either to predict variables of interest or to synthesise
realistic data by manipulating underlying factors of variation.

Disentangled representation learning (DRL) (Bengio et al., 2013a; X. Wang et al.,
2024) models data through latent variables, each representing a distinct and seman-
tically meaningful generative factor. The objective is to learn a modular latent space
where each dimension corresponds to an interpretable factor.

For example, an image of a physical object may be mapped from high-dimensional
pixel space to a low-dimensional representation encoding attributes such as size and
shape along separate axes. More generally, the latent space may be partitioned into
multi-dimensional subspaces, each capturing a salient property—for instance, pitch
and timbre in music (Luo et al., [2019; Cifka et al., |2021; Demerlé et al., |2024), or
speaker identity and linguistic content in speech (Hsu et al., 2017} Lian et al., [2022b;
Lu et al., [2022]).

In contrast, standard non-disentangled representation learning often yields entan-

gled representations, in which multiple generative factors are encoded jointly in the
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same latent dimensions (Bengio et al., [2013a; Higgins et al., 2017a; Locatello et al.,
2019a). As a result, changes in one factor may inadvertently affect others, making the
representation difficult to interpret or control. For example, in a speech representa-
tion, speaker identity and linguistic content may be mixed together, so that modifying
one attribute in the latent space also alters the other. This limits both controllability
for generation and robustness for downstream prediction.

A common approach to learning disentangled representations is via generative
models, especially variational autoencoders (VAEs) (Higgins et al.,[2017a; T. Q. Chen
et al., 2018, H. Kim et al., |2018; Kumar et al., 2018)). VAEs enable both uncondi-
tional generation through latent sampling and conditional generation through latent
manipulation. Such representations support generalisation, interpretability, and con-

trollability, which are crucial for building flexible and robust systems.

2.1.1 Generalisability

A key benefit of DRL is generalisability to unseen combinations of factors (Higgins et
al.,[2017b; Burgess et al.,[2019; Locatello et al.,|2019a; Creager et al.,|2019; Steenkiste
et al.,[2019). For example, in zero-shot voice conversion (VC), detailed in Section
the goal is to convert a given speech utterance to sound as if it were spoken by a
speaker not seen during training.

Zero-shot VC models typically use autoencoder (AE) architectures to disentangle
speaker identity and linguistic content (Hsu et al., 2017; Qian et al., 2019; Nguyen
et al., 2022; Chou et al., 2019; D.-Y. Wu et al., 2020; Tang et al., |2022; D. Wang
et al., 2021; Tjandra et al., 2021; Lian et al., [2022b; Lu et al., 2022} Lian et al.,
2022a; Wei et al., 2023; Lu et al., |2024)). An encoder extracts both factors, and
a decoder reconstructs speech conditioned on them. VC is performed by swapping
speaker identity while preserving content. Whereas conventional VC methods learn
speaker embeddings that are restricted to speakers only available from training data,
the aforementioned models explicitly learn representations that disentangle speaker
from content, thereby enabling applicability to unseen speakers.

DRL also benefits discriminative tasks such as automatic speech recognition (ASR).

Similar to the aforementioned VC approaches, Hsu et al. (2018a)) propose a generative
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process in which speech is modelled by combining a sequence-level and a segment-level
latent variable. The sequence-level latent is constrained to remain constant within
an utterance and is thus expected to capture relatively stable factors such as speaker
identity, room acoustics, and background noise. In contrast, the segment-level la-
tent captures dynamic information, such as phonetic content, required for faithful
reconstruction of the original speech.

In the context of ASR, the segment-level latent serves as the informative represen-
tation, while the sequence-level latent encodes nuisance factors of variation. Using the
segment-level latent to train ASR models improves their robustness to non-linguistic
factors such as background conditions or speaker-specific attributes.

This thesis focuses on generative applications of DRL. Literature on disentangle-
ment of pitch and timbre is discussed in Section 23] and that of speaker identity and

content in Section [2.41

2.1.2 Variational Autoencoders

VAEs (Kingma et al., [2014; Rezende et al., 2014)) are a central backbone of DRL
(Higgins et al., 2017a} T. Q. Chen et al., 2018; H. Kim et al., 2018; Kumar et al.,
2018)), combining reconstruction and regularisation losses to learn structured latent
spaces (Tschannen et al., 2018]).

However, Locatello et al. (2019b) empirically demonstrate that disentanglement
cannot be reliably achieved in the unsupervised setting without inductive biases. The
theory follows that, in conventional VAEs, the latent variables are sampled from a
standard Normal prior distribution. Due to the rotational invariance of this prior,
multiple latent representations are equally probable under the distribution. Conse-
quently, it is impossible to recover a unique, ground-truth set of disentangled latent
factors solely by optimising the standard VAE objective.

This theoretical limitation has led to the design of models that incorporate struc-
tural constraints. For sequential data, a natural extension is to adapt the VAE
framework so that it captures both temporal dependencies and factors that evolve
at different rates over time. The disentangled sequential autoencoder (DSAE) (Y. Li

et al.,|2018) introduces such an inductive bias through an architecture that separates
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static and dynamic latent variables. This structure encourages the model to repre-
sent invariant and time-varying factors in distinct subspaces. The next section reviews
DSAE and its variants, which underpin the methods developed in the remainder of

this thesis.

2.2 Disentangled Sequential Autoencoders

A standard approach to modelling time-series data with latent-variable models is the
sequential VAE (Girin et al., [2021)), in which observations are generated from latent
variables while temporal dependencies are captured through autoregressive structure
in the prior, encoder, decoder, or a combination of these components. Such models
are well suited to sequential generation, but they do not by themselves distinguish
between factors that remain relatively stable across a sequence and those that vary
from one time step to the next. As a result, latent representations learnt by standard
sequential VAEs tend to entangle factors that evolve at different temporal scales.
Without explicit structural constraints, such models do not enforce a separation be-
tween factors operating at different temporal scales, which motivates the introduction
of architectures such as the disentangled sequential autoencoder (DSAE) (Y. Li et al.,
2018).

Y. Li et al. (2018) extend VAEs (Kingma et al.,[2014; Rezende et al.,[2014])) in two

ways:

1. It learns from time-series data by considering the temporal dependencies across

observations at different time steps.

2. Tt disentangles time-varying (local) factors from time-invariant (global) factors
of variation by extracting distinct latent variables to represent each type of

factor.

This model retains the core advantages of the VAE framework, serving as a principled
probabilistic generative model optimised via the stochastic gradient variational Bayes
(SGVB) estimator (Kingma et al.,2014)), and as a foundational generative framework

for the unsupervised disentanglement of sequential data (Han et al.,|[2021} Bai et al.,
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2021; Naiman et al., |2023; Berman et al., |2024; Simon et al., |2024]).

While the dependencies among random variables vary across different DSAE mod-
els, depending on specific modelling choices, the original formulation (Y. Li et al.,
2018) defines a joint distribution over a sequence of L observations xi.r, the local

latent variables z1.7,, and the global, static latent variable s as follows:

L
po(X1.L,21:L,8) = p(s) HPO.T (x¢|z¢,8)po. (z¢]|2<1), (2.1)
t=1

where 0, and 0, denote the neural network parameters of the decoder py, and the

local prior pg,_, respectively.

The global prior p(s) is chosen as a standard Gaussian distribution, while the
local prior is parameterised by a neural network designed to capture the tempo-
ral dependencies among the dynamic latent variables zy.;,. This separation of prior
structures—static for the global latent and dynamic for the local latent—encourages
the disentanglement of global and local generative factors. For simplicity, when dis-
tinguishing between these parameters is unnecessary, they are collectively denoted as

# throughout the remainder of this thesis.

Importantly, the DSAE model facilitates the disentanglement of z;.;, and s pri-
marily by distinguishing their temporal resolutions: there is one latent vector z; for
each observation x; at time step ¢, while a single latent vector s is shared across the
entire sequence x;.7,. This distinction in temporal resolution is particularly well mo-
tivated in domains such as speech and music, where perceptually meaningful factors
naturally evolve at different time scales, e.g., speaker identity or instrument timbre
versus linguistic content or melody. As indicated in , for each t € [1, L], x; can

be reconstructed—or sampled—given the static latent s and the dynamic latent z;.

Factorised Inference

Following the VAE framework (Kingma et al., [2014; Rezende et al., 2014, the DSAE

introduces separate encoders to parameterise approximate posterior distributions over
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Figure 2.1: The graphical models of DSAE illustrated with three time steps. Solid
and dashed lines denote generation and inference procedures, respectively. Left: The
DSAE configured with the “factorised ¢” encoder. Right: The DSAE configured with
the “full ¢” encoder, with additional dependency highlighted by red arrows.

the two latent variables as:

L

9o (211, 8[x1.L) = g5, (slx1:2) [ ] g6. (2elx0), (2.2)
t=1

where ¢, and ¢, denote the parameters of the global encoder ¢4, and the local encoder
g, , respectively. Y. Li et al. (2018) refer to this factorised approximate posterior as

the “factorised ¢” encoder.

Structured Inference

Additionally, Y. Li et al. (2018]) consider a structured posterior which is referred to

as the “full ¢” encoder:

L

QCf)(zl:Ly S‘XlzL) = (¢, (S|x1:L) H 4o, (Zt|X1:L7 S)v (23)
t=1

where s is first sampled and then used to condition the inference of z;.;,. The depen-
dence of dynamic factors on static factors is motivated by, e.g., the fact that the shape
of objects could be informative of their motion. At each time step, z; also depends
on the entire sequence and benefits from the context.

Fig. depicts the graphical representations of DSAE with either “factorised ¢”

or “full ¢”. As with (2.1)), ¢s and ¢, will be collectively denoted as ¢ throughout the
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remainder of the thesis when a distinction is unnecessary.

To enforce the difference in temporal resolution between z1.;, and s, the DSAE
imposes a hard constraint on the encoders: the global encoder g4, applies temporal
pooling layers to produce a single vector, while the local encoder gy, preserves the full
temporal resolution of the input sequence. While this architectural bias provides a
principled way to separate static and dynamic factors, it does not by itself guarantee

that the global latent will be used effectively during training.

Applications

Learning disentangled representations of time-varying and time-invariant factors from
time-series data enables a range of applications, including controllable generation and

attribute swapping of sequences.

Voice conversion (VC), for instance, aims to modify speaker characteristics while
preserving spoken content. This task typically relies on a DSAE model that encodes
speaker identity and linguistic information into global and local latent spaces, respec-
tively (Hsu et al., [2017; Y. Li et al., 2018} Zhu et al., |2020; Han et al., [2021; Bai
et al., |2021; Naiman et al., [2023; Berman et al., 2024; Lu et al., 2022; Lian et al.,
2022b)). Given a speech utterance, the encoders extract the two latent variables, and
conversion is achieved by swapping the global latent variable with one extracted from

a different utterance.

DSAEs have also been applied to pitch-timbre disentanglement (PTD) in musical
instrument recordings, where the instrument identity corresponds to the global factor
and the melody to the local factor (Tanaka et al., 2022} Tanaka et al.,|2025)). Analo-
gous to VC, attribute translation can be achieved by replacing either latent variable
with one extracted from another recording, thereby modifying timbre or melody while
keeping the other attribute unchanged. A more comprehensive review of DSAE-based

approaches for PTD and VC is provided in Sections [2.3] and respectively.
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2.2.1 Training Objective

Similar to the VAE framework (Kingma et al., 2014; Rezende et al., 2014), the DSAE
(Y. Li et al., [2018]) maximises:

LDSAE = B, (2.1 sx1.0) [ 108 Po(X1:0,21:1,8) — 10g g4 (21.1. S|x1.1)]

L
ZE zt\xl L Q¢ ‘XI:L) I:logpe(Xt|Zt7S)]

t=1

L
Z (zerxnn) | DKL (06 (2 x1:1) [|po (22 2<1) ) |
— BsDxr (gs(s|x1:1) [po(s)).-

Here, the weights (3., 8s € Ry balance the information bottleneck between the two
latent variables (Han et al., 2021; B. Vowels et al., 2021} Bai et al., |2021; Naiman
et al., [2023; Berman et al., 2024; Simon et al., |2024), drawing inspiration from the
B-VAE framework (Higgins et al.,[2017a)). Y. Li et al. (2018) set both weights to one,
reducing to a valid lower bound on the log-likelihood logpy(x1.r), commonly
referred to as the evidence lower bound (ELBO). The first term corresponds to the
reconstruction of x; given z1.;, and s. The last two terms regularise the two latent
variables by their corresponding priors pg(z¢|z<;) and py(s) through Dk, (- | - ), the
Kullback-Leibler divergence (KLD) (Cover et al., |1991)).

Parameterisation

Y. Li et al. (2018]) define the global prior as a standard Gaussian distribution, intro-
ducing no additional parameters: p(s) = N'(0,Ip,), where Ip denotes the identity
matrix of size D;, the dimension of the global latent space. In contrast, the local
prior pg, (z¢|z<+) captures temporal dependencies across the local latent variables and
is modelled as a diagonal Gaussian distribution, whose mean pg_(z<;) € RP= and
variance o'gz (z<t) € REZ are produced by autoregressive models, where D, is the

dimension of z;.

The global encoder and the local encoder each parameterise an approximate pos-
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terior as a diagonal Gaussian distribution:

. (sx1:.) = N'(pg, (x1:1.), 03, (x1:2)Ip,); (2.5)

. (zelx1:.) = N (pg. (x1:1.), 03 (x1:0.)1D. ), (2.6)

where the parameters of the distributions are output by neural networks with param-

eters ¢, and ¢,, respectively.

Finally, the decoder that parameterises the likelihood pg, (x¢|z:,s) is defined as
a diagonal Gaussian with a fixed variance o2 € Rf” and a mean g, (2z,s) € RP=,

where D, denotes the dimension of the observed data.

With the parameterisation specified above, (2.4) becomes the following equation

up to a constant:
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d=1

where the subscript d denotes the d-th entry of a vector. Evaluating the two KLD
terms benefits from their closed-form solutions, owing to the Gaussian parameterisa-

tion.

Since the expectations with respect to the latent variables in both the first and
second terms are analytically intractable, they are approximated using a Monte Carlo
estimate with a single sample drawn from the posterior distributions parameterised
by the encoders. The reparameterisation trick (Kingma et al., 2014} Rezende et al.,

2014) is employed to enable backpropagation through the sampling process.
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2.2.2 Posterior Collapse of the Global Latent Variable

The DSAE framework achieves unsupervised disentanglement of time-invariant (global)
and time-varying (local) factors in sequential data through a simple yet effective de-
sign. By applying temporal pooling to the global latent variable, the model distin-
guishes between the temporal resolutions of the latent variables, thereby facilitating
the separation of global and local factors.

However, temporal pooling imposes a restrictive constraint on the global latent
variable s, resulting in lower information capacity compared to the local latent vari-
ables zj.7,, which retain higher temporal resolution. This imbalance discourages the
model from utilising the global latent during optimisation: the encoders tend to
condense most information into the local latent space, and the decoder becomes in-
sensitive to the global latent. This degeneracy is referred to as posterior collapse of
the global latent.

In a standard VAE configured with a single latent variable z, posterior collapse
refers to the phenomenon where the approximate posterior g¢(z|x) converges to the
prior p(z) during optimisation (Y. Wang et al., [2021). This occurs due to what is
often described as a preference of information: when the decoder py(x|z) is sufficiently
expressive to model the data distribution independently of the latent variable z, the
optimisation favours minimising the KLD term Dk, (g4 (2|x)||p(z)) by encouraging
the approximate posterior to match the prior (X. Chen et al., |2017)).

A common case arises when using a recurrent neural network decoder, which de-
fines an autoregressive decoding distribution, i.e., py(x|z) = [], po(xi|z, x<1), capable
of modelling the data distribution by conditioning only on past observations x.;, even
without access to z (Bowman et al., |[2016; Serban et al.,|[2017; Fraccaro et al., [2016]).
In such scenarios, although the model may generate high-quality samples X ~ py(x|z),
these samples are often unfaithful to the input data x’ that was used to infer the la-
tent variable z ~ ¢4 (z|x") (Alemi et al., 2018). As a result, the latent space becomes
uninformative, defeating the purpose of representation learning.

Unlike standard VAEs, DSAEs are prone to posterior collapse of the global latent
variable s even without a powerful decoder. As previously mentioned, temporal pool-

ing imposes a restrictive constraint on s, limiting its information capacity compared
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to the local latents z;.r,, which preserve higher temporal resolution. This imbalance
discourages the model from utilising s: the encoder tends to compress most informa-
tion into the local latent space, and the decoder becomes increasingly insensitive to

the global latent during optimisation.

In this case, the collapse of the global latent implies that

as(slx1.) = po(s) and  py(x[s,z1.0) = po(x|21.L), (2.8)

indicating that the posterior over s carries little information about the input sequence
and is effectively ignored by the decoder. Posterior collapse hinders the application
of DSAEs: replacing global latent variables with those extracted from independent
sequences has little effect on the decoder’s output. For tasks such as voice conversion
and pitch-timbre disentanglement, the vanilla DSAE (Y. Li et al.,|2018]) is particularly
susceptible to this issue in the absence of carefully tuned hyperparameters, as shown

in Chapters [3] and [f]

Y. Li et al. (2018)) typically address this issue by specifying a global latent space
with a larger dimensionality than the local latent space, in order to compensate for the
global latent’s lower information capacity along the temporal axis. Chapter|3|proposes
a training strategy that improves robustness with respect to the dimensionality of the

latent spaces.

Inspired by the S-VAE (Higgins et al., 2017al), it is also common practice in the
DSAE literature to balance the information bottleneck between the global and local
latents by tuning the ratio between 3, and [, in (Han et al., [2021; B. Vowels
et al., |2021; Bai et al., [2021; Naiman et al., [2023; Berman et al., [2024; Simon et
al., [2024). For example, Lian et al. (2022b) and Lu et al. (2022)) investigate the
effect of the weight ratio on the successful application of DSAEs to voice conversion.
Chapter [f] introduces a model-agnostic and parameter-free approach to mitigate the

model’s sensitivity to these weights.

The remainder of this section reviews countermeasures proposed in the DSAE

literature to address this issue.
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2.2.3 Regularising the Aggregated Posterior

The DSAE model, as specified in , generates a novel sequence by first sampling
a global latent variable via § ~ py(s), followed by iteratively sampling local latents
via z; ~ pg(z¢|Z<¢). Each time frame is then sampled as X; ~ pg(x¢|2¢,S) through the
decoder. The global latent s is sampled only once and is shared across all time steps.

For the decoder to successfully generate meaningful outputs from arbitrary sam-

ples of the global latent s, training must satisfy two key conditions:

1. The approximate posterior g4 (s|x1.;,) must not collapse to the prior pg(s); oth-
erwise, no useful information is encoded in the global latent space, and nothing

meaningful is communicated through s.

2. The marginal posterior g, (s), defined below, must closely match the prior pg(s),
ensuring that the decoder receives samples that effectively cover the support of
the prior distribution, avoiding “holes.” In other words, the decoder should be

trained on samples that resemble the prior as closely as possible.

The marginal posterior, also referred to as the aggregated posterior (Makhzani et al.,

2016; Tolstikhin et al.,|2018]), is defined as follows:

N
05(5) = Eppies [a0(6lx1:0)] = 5 D au(sixi.0) (2.9

where pp(x1.1) = % is the empirical data distribution assigning a uniform probability

mass over N sequences from the training data, and each sequence is indexed by 3.

Rewriting the KLD

The KLD corresponding to the global latent from (2.4) can be written as follows

according to Hoffman et al. (2016):

Epp(xi.e) [PKL (46 (8[x1:0) [Po(s))] = Dxr(q4(s)llpa(s)) + Iy(s;x1.1), (2.10)
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where the mutual information (MI) between s and x1.7, with respect to gy (s|x1.1) is

defined as:

I,(s;x1.) = Dk, (%(57 X1;L)||Q¢(S)PD(X1:L))
(2.11)

Q¢(S|X1:L)pD(X1:L) ] .

potcu a8 ) )

(2.10) suggests that by maximising the ELBO averaged over the dataset, E,, (x,.,)[Lpsag]
where Lpgag is defined by , both the mismatch between the aggregated posterior
and the prior—measured by Dxr,(gy(s)||pe(s))—and the MI are minimised. The for-
mer helps reduce “holes” in the latent space by encouraging the aggregated posterior
to cover the support of the prior, while the latter removes information from the global

latent, thereby encouraging posterior collapse.

To prevent posterior collapse and satisfy the two key conditions necessary for the
decoder to render arbitrary global latent samples meaningfully, several works (Han
et al., 2021} Bai et al.,|2021; Naiman et al., 2023) propose modifications to the original

DSAE by explicitly recovering the MI terms and optimising;:

]EpD(xl;L) [ﬁDSAE] = IE'pD(xl;L) [LDSAE] + Iq(s; Xl:L) + Iq(zl:L; xl:L)~ (212)

This effectively replaces the dataset-averaged KLD term corresponding to the global
latent—i.e., the left-hand side of (2.10)—with the KLD involving the aggregated
posterior, represented by the first term on the right-hand side of (2.10)). An analogous

replacement is applied to the KLD term associated with the local latent.

highlights the benefit of regularising the aggregated posterior g4(s) rather
than the conditional posterior g4 (s|x1.1,). Specifically, it avoids minimising the MI,
thereby helping to prevent posterior collapse of the global latent variable. Intuitively,
the original KLLD term encourages each conditional posterior to match the prior, which
pushes the posterior for every datapoint toward the same distribution. In contrast,
regularising the aggregated posterior does not impose this restriction, allowing the

model to retain more information in the global latent space.

However, evaluating the aggregated posterior is intractable due to the need to
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marginalise over the entire dataset. This makes it challenging to directly minimise
Dx1.(g4(s)|[pa(s)) or to estimate I4(s;x1.1,) for computing (2.12). The same applies

to the local latent variables.

Minimising Divergence between the Aggregated Posterior and Prior

Since it is non-trivial to evaluate the KLD involving the aggregated posterior, Han et
al. (2021)) adapt the Wasserstein autoencoder (WAE) (Tolstikhin et al., 2018) to the
DSAE framework and directly approximate the minimisation of a divergence measure
D(qg(s)|lpe(s)) using likelihood-free approaches that rely only on samples from both
distributions. This is done using either the kernel-based maximum mean discrepancy
(MMD) (Gretton et al., [2007) or Jensen-Shannon divergence (JSD), the latter of
which is closely related to the objective function optimised by generative adversarial
networks (GANs) (Goodfellow et al.,|[2014)). However, each approach presents distinct

challenges that can impact model performance and computational efficiency.

While MMD provides a non-adversarial framework for distribution matching, its
application in generative modelling is not without difficulties. A primary concern
is the sensitivity to the choice of kernel function. The performance of MMD-based
models can vary significantly depending on the kernel selected, necessitating careful
tuning to achieve optimal results (Gretton et al., 2012; F. Liu et al., [2020). Addi-
tionally, MMD-based methods often require large batch sizes to accurately estimate
the discrepancy between distributions, leading to high computational demands and

memory usage (Y. Li et al., |2015]).

On the other hand, GAN-based approaches, which utilise adversarial training to
match distributions, face challenges related to training stability and sensitivity to
hyperparameters (Kodali et al., 2018; S. Liu et al., [2017; Mescheder et al., 2018).
Moreover, GANs are highly sensitive to architectural choices, learning rates, and
initialization strategies (Salimans et al.,|2016; Roth et al.,2017)), making them prone

to instability and requiring meticulous tuning to ensure effective training.
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Estimating Mutual Information Based on Contrastive Learning

Instead of directly minimising D(g4(s)|ps(s)) (e.g., using KLD), Bai et al. (2021)
propose C-DSVAE, a contrastively disentangled sequential variational autoencoder,

which maximises the following objective:

Eppxrr) [Lo-psvak] = Epp(x1.r) [EDSAE] — I4(s;21.1.)

=Eppxur) [Losar] + Ig(s;xip) + Ig(z1.0ix1.0) — Ig(si21:1).
(2.13)

Recall that E,(x,.,) [ﬁDSAE], defined in , replaces the dataset-averaged KLD
term corresponding to both latent variables with the KLD terms that regularise the
aggregated posteriors, as formulated in . In other words, C-DSVAE (Bai et al.,
2021) regularises the aggregated posteriors by explicitly estimating the MI terms,
thereby alleviating the optimisation and hyperparameter tuning challenges posed by

MMD- or GAN-based distribution matching techniques (Han et al., 2021)).

Bai et al. (2021) further introduce a penalty on the MI between the global and
local latent variables, I,(s;z1.1), to encourage disentanglement. They also show
that the objective in constitutes a valid ELBO on the marginal log-likelihood
log pg(x1.1.)-

Bai et al. (2021) approximate the MI terms by InfoNCE (Oord et al., 2018; T.
Chen et al., [2020), based on noise-contrastive estimation (NCE) (Gutmann et al.,

2010):

exp(sim(u,v*)/7)
exp(sim(u, v*t)/7) + Z;Vil exp(sim(u, v7)/7)

Linfoncr(u) = —log , (2.14)

where sim(-,-) is a similarity measure, usually defined as cosine similarity, and 7
denotes a temperature parameter. v/ and v are the negative and positive “views”
of u € {s,z;.1}, respectively. For each sample of u, a single positive view and M

negative views are used to compute the loss.

Using an image as an example, a positive view is an alternative view that shares

the same semantic content—such as object identity—with the original image. Positive
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views are typically obtained through data augmentation techniques such as random
cropping and colour distortion (T. Chen et al., [2020), which preserve object identity.
In contrast, a negative view is defined as every other sample in a mini-batch during

training, under the assumption that these samples likely depict different objects.

The contrastive predictive coding (CPC) framework (Oord et al.,|2018|) minimises
the InfoNCE loss, LinfoncE, to learn latent representations from sequential data,
leveraging temporal smoothness as its primary inductive bias. Given a sequence, the
positive view is defined as a sample from a few time steps into the future. Importantly,
they show that:

I(u;x1.1) > log(M + 1) — Litonce(u), (2.15)

indicating that minimising Liyfoncr(u) maximises a lower bound on mutual informa-

tion, and that a larger number of negative samples M tightens the bound.

In the context of the DSAE framework, Bai et al. (2021) propose a strategy for
constructing positive and negative views with respect to the two latent variables.
To construct positive views for the global latent s, each sequence in a mini-batch is
paired with a temporally shuffled version of itself, which is used to infer v* in .
Temporal shuffling preserves the static factors that are shared across time, making it
a suitable positive counterpart. All other sequences in the mini-batch are treated as
negative views and used to infer v/. Discriminating positive samples from negatives
encourages the model to form a discriminative global latent space and mitigates the

risk of posterior collapse.

For local latents z;.7,, positive views are constructed to preserve dynamic factors
while modifying static ones. For video data, Bai et al. (2021]) use a combination of
frame cropping and colour distortion, following standard image augmentation tech-
niques (T. Chen et al., |2020). For speech data, they generate positive alternatives by
applying classic voice conversion algorithms (Verhelst et al., [1993) to modify speaker

characteristics while preserving linguistic content.

Bai et al. (2021)) also benchmark the estimation of mutual information (MI) terms
using a simpler approach based on mini-batch weighted sampling (MWS) (T. Q. Chen

et al., |2018; Zhu et al., |2020), and report inferior performance compared to their
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proposed contrastive method. They attribute this to the effectiveness of domain-
specific data augmentations, which enforce invariance in certain attributes and serve
as strong inductive biases for learning disentangled representations.

In an ablation study, Bai et al. (2021)) optimise a simplified version of the objective
in , using contrastive estimation but without explicitly minimising I,(s;z1.1.).
Interestingly, they observe that the MWS estimate of this MI term naturally decreases,
suggesting that the contrastive signal implicitly encourages disentanglement between
global and local latent variables.

However, C-DSVAE (Bai et al., [2021) relies on domain knowledge to apply data
augmentations that produce meaningful positive views, as the choice of transformation
can significantly impact performance (Tian et al., [2020; Zhang et al., 2022).

In addition, treating each randomly selected sample from a mini-batch as a nega-
tive view introduces the risk of false negatives, which can bias learning (Chuang et al.,
2020). T. Chen et al. (2020) recommend increasing the batch size to mitigate this
issue, consistent with the observation that larger values of M improve the MI lower
bound, as described in . However, this strategy comes at the cost of increased
memory consumption. Indeed, Hsu et al. (2017 explored a similar contrastive strat-
egy for distinguishing global latents across different training sequences and found it

non-trivial to scale the number of negative samples effectively (Hsu et al., 2018b)).

Summary

In summary, Han et al. (2021) and Bai et al. (2021) both address posterior col-
lapse in DSAEs by regularising the aggregated posterior rather than the conditional
posterior, thereby avoiding the minimisation of MI that can suppress latent informa-
tiveness. Han et al. (2021) adopt likelihood-free distribution matching using either
MMD or JSD, enabling flexible regularisation without the need for explicit likeli-
hoods. In contrast, Bai et al. (2021) propose C-DSVAE, which estimates MI through
contrastive learning by constructing domain-specific positive and negative views, and
explicitly penalises the MI between global and local latents to encourage disentan-
glement. While the former is conceptually simple and broadly applicable, it requires

careful tuning of kernel or discriminator settings. The latter achieves stronger disen-
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tanglement but depends heavily on augmentation design and may suffer from false

negatives and increased memory requirements due to the need for large batch sizes.

2.2.4 Leveraging Architectural Biases

The original DSAE (Y. Li et al., |2018]) relies primarily on its architectural bias based
on the assumption that time-invariant and time-varying factors are represented by a
single vector and a sequence of vectors, respectively, to achieve unsupervised disen-
tanglement. This section describes approaches that leverage this bias and proposes

alternative training strategies (Naiman et al.,|2023; Berman et al., [2024]).

Modality-Free Contrastive Learning

Inspired by the contrastive learning-based methods in Section Naiman et al.
(2023)) exploit the architectural bias and utilise the posterior distributions to sample
both positive and negative views, without resorting to domain-specific data augmen-
tation methods, unlike C-DSVAE (Bai et al., 2021]).

The key intuition is that, after a warm-up phase of C training epochs, the en-
coder q4c(ulx1.), where u € {s,z;.p}, will produce similar posterior distributions
for sequences that share the same underlying latent factors. Given a mini-batch of N
training sequences and their encoded posteriors, they compute pairwise distributional
distances using:

DE; = Dkr(qpe (ulx}.,) |l gge (ux],)), fori,je{l,....,N}. (2.16)

Contrastive pairs are then defined heuristically: The positive set of distributions for
the i-th sequence, the anchor, is the first third of N distributions of the sorted i-th
row of ng in ascending order, while the last third of the distributions constructs the
negative set.

Although this approach is modality-agnostic and does not require handcrafted
augmentations, it assumes that the posterior has not collapsed to the prior by the
C-th epoch. If posterior collapse occurs, then ng — 0 for all 4, j, and no meaningful

contrastive signal can be extracted. To mitigate this risk, Naiman et al. (2023)) follow
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common practice by setting the global latent dimensionality larger than the local one
and carefully tuning S5 and 3, in to balance their information capacities.

In summary, Naiman et al. (2023) exploit the DSAE’s natural tendency to clus-
ter similar latent factors in the posterior space for contrastive learning, enabling
augmentation-free training. However, their method still requires extensive hyperpa-

rameter tuning and does not directly address posterior collapse.

Alternative Training Strategies

To address the issue of posterior collapse of the global latent in DSAE, as described

in Section 2.2.2] common strategies are discussed, including:

1. Balancing the information capacity between the global and local latent variables,
by adjusting their respective dimensionalities and the weights of the two KLD
terms in the ELBO ([2.4)); and

2. Regularising the aggregated posterior rather than the per-datapoint posterior,
as illustrated in (2.10]), which augments the ELBO with mutual information

terms (2.12]).

While effective, these approaches often come with practical drawbacks: they introduce
optimisation difficulties (Han et al.,[2021)), rely on domain-specific augmentations (Bai
et al., 2021)), or require extensive hyperparameter tuning (Han et al., |2021} Naiman
et al., 2023). Moreover, the resulting hyperparameters are often dataset-specific,
and it is unclear whether tuning is conducted based on the classification accuracy
of downstream supervised tasks (Bai et al., 2021), or on validation losses derived
from the model’s objective functions. In the former case, the use of supervised signals
during model selection undermines the claim of unsupervised training, as it introduces
supervision through the evaluation protocol.

Inspired by the elegant design of the original model (Y. Li et al.,|2018]), this raises
a natural research question: Is it possible to leverage the intrinsic architectural bias of
the DSAE framework while remaining modality-independent and avoiding excessive
complexity in the training objective?

Berman et al. (2024) propose sampling the global latent variable exclusively from
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a single time frame: §g ~ gy (s|xy), where k € {1,..., L}, and empirically show that
setting k = 1 yields strong performance. This strategy builds on the assumption
that time-invariant factors are shared across all time steps, and that a single frame
is inherently incapable of capturing time-varying information. As a result, sampling
from a single frame helps prevent dynamic information from leaking into the global

latent space.

Conversely, to avoid static information from contaminating the dynamic latent
space, Berman et al. (2024) subtract the intermediate representations of the static
factors from those of the dynamic factors, thereby encouraging disentanglement be-

tween the two.

The model is referred to as the Single-Frame DSAE (SF-DSAE), and its objective

is expressed as:

L
Lsr.psaE = Z E%z (Zt|x<t,2<) 9, (s|%1) [Inge (|24, S)]
t=2
+aBq, (1x1)05, (slx1) [ 108 Po(x1|21, 5)]
L

— B Z E%z (zt|x<t,2<t) [DKL (q¢z (Zt|X§t7 Z<t)||p9 (Zt|Z<t))}
t=1

— BsDkL (o, (s[x1)[[pa(s)).

(2.17)

This objective extends Lpsag in by introducing an additional reconstruction
term for the first frame, weighted by o € RT. To reduce the need for hyperparameter
tuning, Berman et al. (2024) set a common value for both 8, and (s, and use equal
dimensionality for the global and local latent spaces. In an ablation study, they show
that both design choices—sampling the global latent from a single frame and applying

latent-space subtraction—are critical for achieving meaningful disentanglement.

Nevertheless, the model exhibits limitations, particularly when applied to less
structured datasets. First, the time frame at step k used to infer the global latent
does not always contain sufficient static information. For example, audio recordings
of musical instruments often include interleaved silent and active frames; sampling
a silent frame can result in a degenerate or collapsed global representation. Second,

the subtraction operation assumes additivity between the static and dynamic latent
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variables. However, there is limited theoretical justification for this assumption, and
its validity remains supported only by empirical results on specific datasets reported

by Berman et al. (2024)).

2.2.5 Summary of Limitations

This section reviews key works in the DSAE literature for unsupervised disentangle-
ment of time-invariant and time-varying factors in sequential data. To summarise, Y.
Li et al. (2018)) introduce the DSAE framework to separate global and local factors,
but it is prone to posterior collapse. Han et al. (2021)) address this by regularising
the aggregated posterior using likelihood-free metrics, though their approach requires
careful tuning. Bai et al. (2021) achieve strong disentanglement via contrastive MI
estimation with domain-specific augmentations, at the cost of increased memory us-
age and sensitivity to augmentation design. Naiman et al. (2023]) leverage latent
clustering for augmentation-free contrastive learning, but still rely on extensive hy-
perparameter tuning and do not explicitly prevent collapse. Berman et al. (2024)
enforce disentanglement through single-frame sampling and latent subtraction, but
assume structured inputs and underperform on sparse or silent data.

This thesis aims to alleviate posterior collapse and improve the robustness of
DSAESs to hyperparameters and architectural choices. To this end, alternative train-
ing strategies are proposed that avoid introducing additional trainable parameters,

domain-specific components, or complex estimators into the training objective.

2.3 Pitch and Timbre Disentanglement

2.3.1 Overview

Pitch and timbre are two significant descriptors of musical instrument sounds. While
pitch is the perceived frequency of a sound, timbre is the quality or colour that
distinguishes different sounds sharing the same pitch and loudness (Acoustical Society
of America, 1994; McAdams et al., |[2017)).

To establish a well-defined evaluation protocol for determining whether a trained

neural network has successfully learnt disentangled representations, the literature
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on pitch-timbre disentanglement (PTD) often defines timbre by instrument identity
(Engel et al., [2017}; Bitton et al., [2018; Luo et al.,[2019; Y. Wu et al., 2023} Esling et
al., 2018} Luo et al., 2020; Tanaka et al., 2021; Cifka et al., 2021; Tanaka et al., 2022}
Tanaka et al., |2025; Demerlé et al.,|[2024)). The approach circumvents the elusive and
multifaceted nature of timbre by associating it with discrete, identifiable categories
and conveniently evaluates PTD models with pitch and instrument classifiers.

This overview first outlines the general framework underlying key works in the

PTD literature and then describes a common evaluation protocol.

An Autoencoding Framework

A main application of PTD is to generate novel instrument sounds X by conditioning
a decoder Dec(+; ), parameterised by 6, on two separate feature representations: zp,
encoding pitch information such as note height or melody contour, and z;, capturing

timbral characteristics of a musical instrument. This can be expressed as:

x = Dec(zp, z5; ). (2.18)

Ideally, manipulating or replacing either input should not interfere with the rendering
of the other attribute.

Approaches to PTD can be characterised primarily by how the feature represen-
tations {zp,zr} are obtained. Methods that rely on ground-truth annotations of
pitch and instrument often derive the features as functions of their respective labels
{yp,yr}, either through a trainable lookup table or intermediate feature maps of net-
works (Engel et al., 2017; Bitton et al., |2018; Luo et al., 2019; Y. Wu et al., 2023,
enabling explicit control over the annotated attributes. Alternatively, the features are
typically extracted from audio inputs x, which may facilitate generalisation beyond
the pitch and instrument categories seen during training (Tanaka et al., [2021; Cifka
et al.,|2021; Tanaka et al., 2022).

The features are obtained via Enc(+; ¢r7), generally referred to as a function with
trainable weights ¢y:

zy = Enc(a; ¢y ), (2.19)
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where U € {P, I}, and a denotes either audio inputs x or attribute annotations y.
An autoencoding PTD framework typically minimises the following objective func-
tion:

['PTD = D(X, )A() + ’}/R(ZU), (220)

which minimises a reconstruction loss measured by a distance function D(,-), in
addition to regularisation terms R(-) weighted by ~.

The regularisation terms are generally necessary to promote the disentanglement
of zp and zj, including cycle consistency (Bitton et al., [2018; Y. Wu et al., 2023,
maximum likelihood (Luo et al.,|2019)), metric learning (Esling et al., 2018 Luo et al.,
2020; Tanaka et al.,|2021}; Tanaka et al., 2022)), adversarial loss (Demerlé et al., 2024]),
and within- and between-sample variance (Y. Wu et al., [2025)).

Beyond auxiliary regularisers, architectural priors and information bottlenecks —
such as discretised representations (Luo et al., 2020; Cifka et al.,|2021|) and temporal
hierarchies (Cifka et al.,|2021; Tanaka et al., 2022} Demerlé et al.,[2024]) — are critical

for facilitating disentanglement in the absence of attribute annotations.

Evaluation

Defining timbre by instrument identity facilitates a well-defined evaluation proto-
col. A typical approach examines whether the decoder can faithfully render different
pitches or instruments given manipulated input representations.

Within this pipeline, the encoder must produce disentangled representations to
which the decoder is sensitive. To implement this pipeline, pitch and instrument
classifiers are trained using a dataset of size N, denoted as {(yf;,x")}icn), where
each datapoint comprises a ground-truth annotation yi, and audio x’. Synthetic
sounds are then generated from a pre-trained PTD model:

x™" = Dec(z'5,2z7;60), where

(2.21)
z7 = Enc(a™; ¢p) and z} = Enc(a™; ¢;).

Here, x™"™ is generated by combining the pitch and timbre representations of x™ and

X", respectively.
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A successful PTD model should extract and render the pitch and timbre rep-
resentations such that the pitch and instrument classifiers can accurately recognise
pitch yp and instrument y} given x™"™. As the classifiers are trained using real
data, this evaluation pipeline also requires the PTD model to generate realistic syn-
thetic sounds; otherwise, the distributional gap between the real and the synthesised
data would reduce the classification accuracy, even if the two representations are well
disentangled.

For PTD approaches that explicitly extract latent representations as a function of
input audio, i.e., a := x, another evaluation method focusing on the learnt representa-
tions is applicable. It involves training supervised pitch and instrument classifiers on
a dataset {(y}], z@)}ie[ N1, where each datapoint comprises a ground-truth annotation
yb and the corresponding learnt representation z%] extracted using the pre-trained
encoders.

The performance of disentanglement is then assessed based on the classification
accuracy of pitch and instrument. Successfully disentangled representations of pitch
(respectively, timbre) are expected to yield high classification accuracy for pitch (re-
spectively, instrument) and low accuracy for instrument (respectively, pitch).

In the following sections, we categorise the principal contributions to the PTD
literature according to the primary inductive biases they adopt: label conditioning,

metric learning, and temporal resolution modelling.

2.3.2 Label Conditioning Methods

The majority of works relying on ground-truth annotations of pitch or instrument do
not explicitly learn separate representations of pitch and timbre — the labels act as
surrogate conditioning information on the decoder for sound synthesis (Engel et al.,
2017; Bitton et al., [2018; Y. Wu et al., [2023) and a := yy in .

Engel et al. (2017 present an early exploration into PTD using a WaveNet-style
autoencoder framework (Oord et al., [2016)). Their model comprises an encoder that
processes raw audio waveforms into temporal embeddings and a WaveNet decoder
that reconstructs audio conditioned on these embeddings. While the primary model

learns embeddings capturing timbral characteristics, it does not explicitly disentangle
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pitch and timbre representations.

A preliminary attempt at PTD involves conditioning the decoder with pitch an-
notations of the input isolated notes. However, the effect is limited, as the decoder
is not sensitive to the pitch condition, and the learnt embeddings remain largely
entangled with pitch information. They report that pitch information can be sepa-
rated from the learnt embeddings to some extent by providing the decoder with the
ground-truth pitch condition when the dimensionality of the embeddings is drastically
reduced. Nevertheless, this imposes a trade-off between disentanglement and audio
reconstruction quality.

Since the main focus of Engel et al. (2017)) is raw audio generation, they employ
a plain autoencoder framework without auxiliary regularisation to enforce disentan-
glement.

Bitton et al. (2018) propose the modulated variational autoencoder (MoVE) for
many-to-many musical timbre transfer. MoVE adopts a VAE framework, comprising
an encoder that maps input audio to an embedding, and a decoder that reconstructs
audio conditioned on the embedding alongside external labels.

MoVE conditions the decoder on both pitch (octave and pitch class) and do-
main (instrument) labels. The pitch labels facilitate explicit control over synthesised
sounds. The domain condition serves as a switch between different instruments, en-
abling many-to-many timbre transfer without necessitating separate decoders for each
instrument, as required in prior works such as Mor et al. (2019). With information of
both the pitch and instrument captured through the conditioning labels, the learnt
embedding encodes the data variance explained by descriptors used to compare the
qualities of different sounds (Peeters et al., |2011). MoVE does not explicitly learn
separate latent spaces for pitch and timbre; instead, it relies on the combination of
the embedding and the conditioning labels to achieve controllable synthesis.

Y. Wu et al. (2023)) introduce TransPlayer. Like MoVE, TransPlayer adopts an
autoencoder framework; however, it diverges in its approach to disentangling pitch
and timbre. While MoVE conditions the decoder on both pitch and instrument la-
bels, relying on the combination of these labels and a learnt bottleneck for synthesis,

TransPlayer focuses on isolating pitch information within the latent representation.
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Similar to MoVE, the conditioning instrument labels allow for many-to-many tim-
bre transfer without necessitating separate decoders for each. Inspired by AutoVC
(Qian et al., [2019)), the model employs a narrow bottleneck to prevent instrument
information from leaking into the latent representation, serving as a key inductive

bias for disentanglement.

To further enforce the separation of pitch and timbre, TransPlayer incorporates
a consistency loss as an auxiliary regularisation technique. This loss ensures that
decoding with either the original or a different instrument condition, followed by
re-encoding, yields the same pitch representation in the bottleneck. This strategy
promotes the stability of the pitch representation across varying timbral conditions,
enhancing the model’s ability to disentangle and manipulate pitch and timbre inde-

pendently.

Unlike the aforementioned works, the model proposed by Luo et al. (2019) explic-
itly learns disentangled representations for both pitch and timbre. They employ a
Gaussian mixture VAE (Jiang et al., [2017; Dilokthanakul et al., 2016)), utilising two
separate encoders to learn distinct latent spaces for timbre and pitch, each modelled
as a Gaussian mixture corresponding to instrument identity and pitch classes, respec-
tively. During reconstruction, latent variables are sampled from these mixtures and

concatenated as input to the decoder.

The auxiliary regularisation is constructed using supervision from instrument and
pitch labels to encourage disentanglement — zy = Enc(x; ¢y) is regularised to max-
imise the likelihood under a Gaussian component, pg, (zy|yr), parameterised by a

mean and a variance through a trainable lookup table indexed by the ground-truth

Yu-

Compared to the other label conditioning methods, Luo et al. (2019) more closely
follow the general PTD framework outlined by , reconstructing audio from sep-
arate latent representations extracted by their respective encoders as functions of the
input audio. The following discussion of the PTD literature similarly builds upon
this framework, organised according to the different inductive biases employed for

disentanglement.
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2.3.3 Metric-Learning-Based Methods

Metric-learning-based approaches regularise latent spaces by enforcing similarity mea-
sures or contrastive strategies grounded in domain knowledge. These methods encour-
age PTD by shaping the latent representations such that pitch (resp. timbre) latents
derived from data sharing the same pitch (resp. timbre) are encouraged to be close
in the latent space.

Esling et al. (2018]) propose a method that integrates perceptual ratings from
timbre studies into the training of a VAE. By applying multidimensional scaling to
subjective listening test data, they construct a perceptual timbre space (McAdams
et al., 2005)). This space serves as a target for regularising the VAE’s latent space,
ensuring that the model’s internal representations align with human auditory percep-
tion of timbral similarity. The primary focus of this work is to bridge the gap between
perceptual studies and generative modelling, rather than explicitly disentangling pitch
and timbre.

Luo et al. (2020) introduce an unsupervised framework for PTD that employs a
VAE architecture with distinct latent variables: a categorical variable for pitch and
a continuous variable for timbre. The model leverages pitch-shifting data augmenta-
tion to create pairs of inputs that share timbre but differ in pitch. Contrastive loss
functions (T. Chen et al., 2020) are applied to these pairs to encourage the model
to learn pitch-invariant timbre representations. Additionally, a cycle-consistency loss
ensures that decoding and re-encoding processes preserve the timbre representation.
This methodology enables the disentanglement of pitch and timbre without relying
on explicit pitch or instrument labels.

Tanaka et al. (2021) present a VAE-based approach that avoids categorical con-
structions for pitch and timbre to enhance generalisation to unseen attributes. In-
stead, they employ weak supervision by grouping inputs that share the same attributes
and measure Euclidean distances to regularise their latent representations of pitch and
timbre. These losses are designed to pull together latent representations of samples
with shared attributes (either pitch or timbre) and push apart those without. This
strategy allows the model to learn disentangled representations based on relational

information, rather than explicit labels, facilitating the handling of novel pitches and
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instruments.

Collectively, these metric learning-based methods more explicitly learn disentan-
gled pitch and timbre representations by introducing auxiliary regularisation based
on similarity measures that rely on domain knowledge, alleviating the requirement of

ground-truth annotations.

2.3.4 Temporal Resolution Modelling

Temporal resolution modelling approaches design models with hierarchical latent
structures to disentangle factors operating at different temporal scales. These meth-
ods explicitly encode both pitch and timbre representations as functions of input
audio, rather than relying on ground-truth annotations. A core inductive bias em-
ployed is that timbre representations remain relatively stable (low variance) within
a sample, while pitch representations are dynamic (high variance). Most methods
impose a hard constraint based on this bias: the timbre representation is a vector
associated with the entire input sequence, whereas the pitch representation preserves

the time resolution of the input sequence.

Methods with Data Augmentation

Cifka et al. (2021 propose a self-supervised VQ-VAE (Oord et al., |2017)) for one-shot
music style transfer. The model imposes a hard architectural constraint where the
timbre latent is represented as a single vector, and the pitch latent is a sequence of
vectors. To limit the information capacity and prevent timbre leakage into the pitch
latent, the pitch representation is further discretised. Data augmentation techniques,
such as pitch shifting and timbre transformation, are applied. Instead of deriving
pitch and timbre latents from the same data, they are extracted from augmented
versions of the reconstruction target, encouraging disentanglement through pitch-
and timbre-invariant transformations.

Tanaka et al. (2022)) introduce methods for unsupervised disentanglement of tim-
bre, pitch, and variation features from musical instrument sounds. To accommodate
timbre variation over time, they introduce an additional sequence of temporal tim-

bre representations alongside the global timbre and local pitch representations. The
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models rely on domain-dependent data augmentation and impose timbre- and pitch-
invariant objective functions. In Tanaka et al. (2025)), a re-entry training framework is
presented, applying the network for three-factor disentanglement twice in series with
shared weights, refining the characteristics extracted by the encoders and effectively

performing implicit data augmentation.

Methods without Data Augmentation

Demerlé et al. (2024) propose a method that combines audio control and style transfer
using latent diffusion (Ho et al., 2020; Song et al., |2021; Rombach et al.,[2022)). The
model imposes a hard architectural constraint with a global timbre representation
and a sequential pitch representation. A two-stage training strategy is employed to
promote an informative global timbre representation. Additionally, an adversarial
loss serves as the main auxiliary regulariser to further enhance disentanglement.

Y. Wu et al. (2025) introduce an unsupervised method that learns disentan-
gled content and style representations from sequences of observations by leveraging
domain-general statistical differences between content and style, without relying on
domain-specific labels. Unlike the aforementioned methods, the method does not
impose a hard constraint on the temporal resolution of the latent representations.

Collectively, these temporal resolution modelling methods contribute to the PTD
literature by introducing architectural constraints and training strategies that leverage

temporal characteristics of pitch and timbre.

2.3.5 Summary of Limitations

This section has reviewed key methods for PTD, grouped by their primary inductive
biases: label conditioning, metric learning, and temporal resolution modelling. All
methods follow a common autoencoding framework that synthesises musical audio
from pitch and timbre representations, with disentanglement typically encouraged
through architectural constraints or auxiliary regularisation.

Label conditioning methods rely on ground-truth pitch and instrument labels to
control synthesis, often without extracting representations from audio (Engel et al.,

2017; Bitton et al., 2018 Y. Wu et al., [2023). Consequently, these methods lack the
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ability to infer attributes from reference audio and are unsuitable for downstream
tasks such as analysis or attribute transfer. Although these models offer explicit
control via labels, they are constrained by their reliance on annotated data and limited
generalisability.

Metric learning-based approaches shape the latent space using domain knowledge
through perceptual similarity (Esling et al., |2018), contrastive learning (Luo et al.,
2020)), or weak supervision (Tanaka et al., 2021). These methods reduce dependency
on labels and support generalisation to unseen categories. However, they often require
carefully designed training protocols and handcrafted objectives that may be difficult
to scale.

Temporal resolution modelling methods leverage the inherent timescale differences
between pitch and timbre to impose architectural priors on latent representations.
These models enable disentanglement without labels, but many rely on domain-
specific data augmentation (Cifka et al., 2021 Tanaka et al., 2022, Tanaka et al.,
2025), inheriting the same scalability challenges as metric learning methods. In ad-
dition, the use of adversarial losses (Demerlé et al., [2024) may complicate training,
while the strict requirement for structured data fragments (Y. Wu et al., [2025)) limits
applicability to real-world music.

Chapter [3| builds upon the framework of disentangled sequential autoencoder
(DSAE) reviewed in Section leveraging the temporal resolution modelling as-
sumption to achieve robust, unsupervised PTD without reliance on domain-dependent
augmentation. Furthermore, Chapter [6] proposes a supervised framework tailored to
mixtures of musical sources. By binding each source to a unique disentangled repre-
sentation, and conditioning a decoder on a set of such representations, the framework

enables the composition of arbitrary pitch-timbre combinations.

2.4 Zero-Shot Voice Conversion

2.4.1 Overview

Voice conversion (VC) is the task of transforming a source speaker’s voice to resemble

that of a target speaker while preserving the underlying linguistic content. Zero-shot
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VC extends this task to scenarios in which the target speaker is not encountered
during training. A key approach underpinning recent progress in zero-shot VC is the
learning of disentangled representations that separate speaker identity from linguistic

content in speech utterances.

The disentangled sequential autoencoder (DSAE) (Y. Li et al., [2018)), introduced
in Section [2.2] assumes that time-series data can be generated by a time-invariant
(global) latent variable and time-variant (local) latent variables that preserve temporal
information (Han et al., |[2021} Bai et al., [2021; Naiman et al., [2023; Berman et al.,
2024). This assumption is widely shared by contemporary approaches to zero-shot VC
(Hsu et al., 2017} Qian et al., 2019} Nguyen et al., 2022} Chou et al.,2019; D.-Y. Wu
et al., [2020; Tang et al.,|2022; D. Wang et al., [2021; Tjandra et al.,|2021; Lian et al.,
2022bf Lu et al., |2022; Lian et al., [2022a; Wei et al., |2023; Lu et al., [2024). These
methods facilitate disentanglement by assuming that speaker identity and linguistic

content can be represented by global and local latent variables, respectively.

Similar to the task of pitch-timbre disentanglement (PTD) discussed in Sec-

tion the goal is to learn an autoencoder composed of an encoder and a decoder:

x = Dec(zg,2z¢;0); zy = Enc(x;¢y), where U € {S,C}. (2.22)

According to the key assumption that distinguishes the temporal resolutions of the two
latent variables, zg € RS and zg € R¥e*T¢ are defined to denote the speaker and
content representations, respectively, and x € RLxXTx In practice, Tx > T > 1.
Voice conversion is then achieved by replacing the speaker latent zg while preserving

the content latents z¢ during decoding.

As discussed in Section the DSAE framework faces an optimisation chal-
lenge arising from the mismatch in information capacity between the global and local
variables: the model often collapses the global latent by routing all useful information
through the local latent variables. In zero-shot VC, this challenge manifests in the
content latents z¢ capturing most of the information and rendering the speaker latent
zg uninformative (Lian et al., 2022b} Lu et al., |2022)). In what follows, existing ap-

proaches to zero-shot VC are outlined according to how they maintain an informative
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speaker representation and prevent speaker information from leaking into the content

representation.

2.4.2 Removing the Bottleneck of Speaker Representations

In DSAEs, suggests that regularising the global encoder with a prior minimises
the mutual information (MI) between the input sequence and the global latent, pro-
moting posterior collapse of the global latent. To avoid the aggressive regularisation
and learn informative speaker representations, some works simplify their models by
discarding the prior distribution (Qian et al.,2019; Chou et al.,|2019; D.-Y. Wu et al.,
2020; Tang et al., |2022; D. Wang et al., 2021)).

However, the lack of a prior distribution prohibits their models from uncondi-
tionally sampling novel speaker characteristics and smoothly interpolating between

speakers (Hsu et al., [2019; Stanton et al., 2021)).

2.4.3 Constraining Content Representations
Architectural Constraints

To enhance the disentanglement between speaker and content information, Qian et al.
(2019) balance the information bottleneck between the global (speaker) and the local
(content) latents by carefully tuning their dimensionality. Furthermore, they lever-
age speaker embeddings pre-trained with supervised discriminative tasks (Heigold et
al., |2016; Wan et al., |2018) to sidestep learning the speaker encoder from scratch,

stabilising the training process.

Chou et al. (2019) apply an adaptive instance normalisation layer (X. Huang
et al., 2017)) to the content representation. Their evaluation demonstrates that the
additional layer helps remove static information such as speaker characteristics from
the content latent and yields improved disentanglement without the aid of pre-trained

speaker embeddings.
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Quantisation

A common drawback of heuristic architectural constraints is the requirement for ex-
tensive hyperparameter tuning. D.-Y. Wu et al. (2020)) show further improvement
on disentanglement by quantising the content latent space, exploiting the discrete
nature of the acoustic units of speech (Oord et al.,[2017; Chorowski et al.,|[2019; A. H.
Liu et al., |2020). Combined with the instance normalisation layer, their approach
outperforms continuous counterparts. Both D. Wang et al. (2021) and Tang et al.
(2022) employ the quantisation approach and propose further improvement in terms
of disentanglement using auxiliary loss terms based on MI (Cheng et al., |2020) and

metric learning (Hoffer et al., [2015).

Introducing Supervisory Signals

Lian et al. (2022al) and Lu et al. (2024) incorporate text data to construct a con-
ditional prior and regularise the content latents. The rationale is to prevent the
content latents from encoding acoustic information, thereby discouraging the leakage
of speaker information. Wei et al. (2023) construct inputs to be pairs of utterances
that share the same speaker and modify the prior distributions to be conditioned on

inputs, thereby improving disentanglement and avoiding over-regularisation.

2.4.4 Summary of Limitations

Despite the variety of strategies developed to improve disentanglement, existing meth-
ods present several limitations. Models without a prior over the speaker latent cannot
support unconditional generation or interpolation. Architectural constraints require
extensive hyperparameter tuning. Quantisation improves disentanglement but com-
plicates gradient propagation, posing challenges for optimisation and potentially de-
grading reconstruction quality (Bengio et al., [2013bt Jang et al., [2017; Maddison et
al., [2017). Supervisory signals improve regularisation but require additional domain-
specific resources.

Chapter [p| presents a simple and effective approach based on Gaussian dropout

(Alemi et al., |2017; Rey et al., |2021)) to regularise the content latents zc, where the
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noise of the dropout is parameterised by the posterior distribution of the speaker
latent zg. The approach does not introduce additional parameters or loss terms.
Applying the dropout to existing models for zero-shot VC consistently improves dis-

entanglement robustness with respect to hyperparameter choices.
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Chapter 3

Improving Robustness of
Unsupervised
Disentanglement: A

Two-Stage Training Strategy

As introduced in Section the disentangled sequential autoencoder (DSAE) pro-
vides an architectural bias for separating global and local factors in sequential data.
This chapter investigates the failure mode of posterior collapse of the global latent in
the context of pitch-timbre disentanglement for musical audio.

To address this issue, TS-DSAE is proposed as a two-stage training framework
that first encourages an informative global posterior and then uses this posterior as a
sequence-specific prior during full training, together with auxiliary regularisation for
disentanglement. The method remains fully unsupervised and avoids both adversarial
training and domain-specific data augmentation. The proposed approach is evaluated
on both synthetic and real-world monophonic music datasets using quantitative and

qualitative analyses. E]

IThis chapter is based on work that was published in Luo et al. (2022)). The implementation and
audio samples are accessible at https://github.com/yjlolo/dSEQ-VAE.
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3.1 Introduction

Building on the DSAE formulation reviewed in Section this section analyses
posterior collapse of the global latent variable and its impact on disentanglement.
As discussed in Section this collapse is especially likely when the local latent
space has sufficient capacity to explain the observations without relying on the global
latent. In that case, disentanglement between global and local factors becomes highly
sensitive to architectural choices and hyperparameter settings.

Existing extensions to DSAE address this problem using additional objectives
such as adversarial distribution matching, self-supervised learning based on domain-
specific augmentations, or more complex generative parameterisations. While effec-
tive in some settings, these approaches either increase optimisation difficulty, reduce
modality-agnostic applicability, or introduce additional design complexity.

To improve robustness while preserving the basic simplicity of the DSAE frame-
work, this chapter proposes TS-DSAE, a two-stage training strategy supplemented
by auxiliary regularisation terms that encourage factor invariance and manifestation.
The first stage promotes an informative global posterior under a constrained bottle-
neck, and the second stage uses this posterior as a sequence-specific prior during full
training. The results show that, unlike the vanilla DSAE, TS-DSAE consistently mit-
igates collapse of the global latent and supports more reliable disentanglement under

varying model configurations.

3.2 Related Work

3.2.1 Structured Priors for Sequential Data

This section situates TS-DSAE relative to prior approaches that address the utilisa-
tion of global latent variables in sequential representation learning. Hsu et al. (2017)
introduced the factorised hierarchical variational autoencoder (FHVAE), which con-
structs a hierarchical prior where each input is governed by a sequence-level prior
atop a segment-level prior. The two-stage training framework shares this philoso-

phy; however, it employs a strong bottleneck during the constrained training phase
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to naturally promote a globally informative posterior. This posterior can then be
directly employed as the sequence-level prior in the complete model training stage.
In contrast, FHVAE initialises and learns the prior from scratch, lacking a strong in-
ductive bias, and benefits from a discriminative objective function. Furthermore, the
model amortises the learning of sequence-level priors via a global encoder, ensuring
that memory consumption does not scale with the size of the training data, unlike
FHVAE.

Despite being an elegant disentanglement framework, the vanilla DSAE (Y. Li et
al., |2018) is prone to collapse of the global latent space, as discussed in Section m
Han et al. (2021)) introduced the recurrent Wasserstein autoencoder (R-WAE), which
minimises the Wasserstein distance between the aggregated posterior and the prior.
This approach employs either maximum mean discrepancy or generative adversarial
networks, both of which present challenges in parameter tuning and optimisation.
Other models, such as S3-VAE (Zhu et al., |2020) and C-DSVAE (Bai et al., 2021)),
exploit self-supervised learning and incorporate domain-specific ad hoc loss functions
or data augmentation. In contrast, the proposed TS-DSAE operates without any

form of supervision, adversarial training, or domain-dependent data augmentation.

3.2.2 Progressive Bottlenecks for Disentanglement

The variational deep state-space model (VDSM) employs a pretraining phase com-
bined with KL-annealing to encourage the utilisation of the global latent space (B.
Vowels et al., 2021)). While this is similar in spirit to the constrained training stage
used in this work, the proposed method differs by training only the global variable
during pretraining and avoiding KL-annealing altogether, thereby reducing the re-
liance on extensive hyperparameter tuning. Additionally, VDSM uses n decoders,
each dedicated to modelling a specific object identity in video data, with n manually
specified based on the dataset. This design limits model generalisability, increases
computational overhead, and may complicate optimisation.

To prevent a model from bypassing the target latent factors of interest for data
reconstruction, Lezama (2019) propose a progressive autoencoder-based framework to

address the “shortcut problem” in static data. The model is first trained with a low-
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capacity latent space to focus on learning the factors of interest, after which the latent
capacity is increased to improve reconstruction quality. The final stage incorporates
supervision from human annotations to guide the learning of desired factors. While
the two-stage training in TS-DSAE follows a similar philosophy, it differs in operating

entirely without supervision and is specifically designed for sequential data.

3.2.3 Multi-View Representation Learning

The constrained training stage also draws parallels with multi-view representation
learning. For instance, variational canonical correlation analysis (VCCA) (W. Wang
et al., [2016) formulates a model in which different views of a common object are
sampled from distributions conditioned on a shared latent variable. NestedVAE (M.
Vowels et al., [2020) learns common factors through staged information bottlenecks,
where a low-level VAE is trained conditioned on the latent space obtained from a high-
level VAE. Similarly, in the proposed model, multiple time frames within a sequence
are treated as distinct “views” of a shared underlying factor—specifically, the global

latent variable.

3.2.4 Applications to Music Audio

The exploration of unsupervised disentangled representation learning for music au-
dio remains limited. Both Luo et al. (2020) and Cifka et al. (2021)) adopt self-
supervised learning strategies to decorrelate instrument pitch and timbre. The latter,
who also focus on monophonic melodies, employ pitch-shifting—a domain-specific
augmentation—and constrain local capacity by learning discrete latent variables, po-
tentially introducing optimisation challenges. In contrast, the proposed approach re-
tains the simplicity of the DSAE framework while improving robustness in a straight-

forward and modality-agnostic manner.

3.3 Method

This section describes the proposed TS-DSAE framework. As illustrated in Fig.

the method combines a two-stage training strategy with auxiliary regularisation terms
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Figure 3.1: System diagrams of Two-Stage DSAE. Left: The constrained training
stage where the local modules are frozen and the global latent follows a standard
Gaussian prior. Right: The stage of informed-prior training where the global latent
is regularised by a sequence-specific prior defined as the associated posterior learnt
from the first stage. The dashed arrows denote broadcast along the time-axis.

that encourage the decoder to preserve and render the intended separation between

global and local factors.

3.3.1 Two-Stage Training Framework

The collapse of the global latent, discussed in Section [2.2.2] can be ascribed to the
simplicity of the uni-modal prior p(s) which is not expressive enough to capture the
multi-modal global factors. As a result, the approximate posterior g4(s|x1.z) becomes
over-regularised. The issue is further exaggerated by the relatively capacity-rich local
latents zq.;, which are allowed to carry information at the same frame resolution as
X1.r,. To mitigate the problem, the training is divided into two stages, constrained

training and informed-prior training.

Stage One: Constrained Training

During constrained training, some parameters of the local module—specifically, the
local encoder and the transition network—are frozen after initialisation. In this way,
the local latents z; resemble random projections of the input and are not optimised

to capture the most informative aspects of the data. This strongly encourages the
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decoder to focus on the global latent s for reconstruction.

As a result, gy(s|x1.z) is biased to capture the global factors that are shared
across the entire sequence. From an optimisation perspective, this is equivalent to
eliminating the second term (the KLD terms for z;) from (2.4)).

This first training stage is reminiscent of multi-view representation learning (W.
Wang et al., [2016; M. Vowels et al., [2020) where the goal is to learn a single repre-
sentation shared by multiple views of the underlying image. The proposed method
treats the sequence of frames as different “views” of the underlying static factors and

does not additionally require any form of supervision to group data.

Stage Two: Informed-Prior Training

The training proceeds to the second stage after C' epochs of constrained training.
During this stage, all the model parameters are unfrozen and trained regularly using
the full objective with a modification.

In particular, the standard Normal prior '(0,1p,), previously configured for the

global latent s € RPs during the first stage, is replaced by:

pi(s) = qe (s|x1.1), (3.1)

where ¢© denotes the parameters of the global encoder at the C-th epoch. That is,
each input sequence admits a sequence-specific prior that has been learnt from the

first stage, whereby the KLD term for s in (2.4) is written as:

D (40(s[x1.)1pi(s)) = Dxr (40(s/x1.)lgge (slxi.L))- (3.2)

Note that g4 is differentiated from g4c to emphasise that a “snapshot” of the global
encoder, denoted as gyc, is taken at the C-th epoch. This frozen network is used to
parameterise the sequence-specific prior, while training continues with g4, initialised
from ¢©.

In other words, the posterior continues to be trained while the distribution of each
sequence is “anchored” to its associated prior—namely, the posterior obtained from

constrained training—which is expected to capture sequence-level global factors. This
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way, although the local module is introduced over the training, the global latent vari-
ables of sequences no longer commonly share the uni-modal prior, thereby mitigating

the effect of over-regularisation.

3.3.2 Factor Invariance and Manifestation

Although the two-stage strategy aids the learning of the global latent representation,
it does not explicitly enforce the decoder to utilise the encoded global latent. In
practice, the decoder may still convey all necessary information through the local
latents, effectively disregarding the global latent, even though the encoder produces

global posteriors that align with the informative prior acquired during the first stage.

To address this limitation, auxiliary constraints are introduced to strengthen the
influence of the global latent by encouraging the decoder to render the global latent

in its output.

Consider the following scheme of inference, replacement, decoding, and inference:
given the inferred variables z}.; ~ q(z1.1|x%.;) and s* ~ gy (s|x%.;), one can replace

. . . i i j . .
s’ with s’ inferred from another sequence j, and decode x5.775 ~ po(x1..|2%..,87).

. , i gl
This generated sequence can then be passed through the encoders to infer z§.775 ~

s’ —s’ s’ —s’

g¢(z1:0|x5.°% ) and s ~ q¢(s|x§ffsj). The replacement step can be applied to

either of the two latent variables.

Invariance

If z1.;, and s have been successfully disentangled, the difference between zﬁff’sj and
zi.; would be minimal because replacing the global factor should not affect the sub-
sequently inferred local factor. Similarly, replacing the local factor should not affect

the subsequently inferred global factor—the difference between s%:.7%r and s¢ is

therefore expected to be small.

One can impose the desired invariance by introducing the following regularisation

69



terms to (2.4):

— Dkr (qs(z1:L]x5. 0% )l ag (212 [%5. )  and (3.3)
zt. zJ1 i
— Dxr (go(sIxTiE 1) lgs(slxi.r))- (3.4)

Manifestation

On the other hand, replacing the global factor is supposed to render a change to the

subsequent samples—ssiﬁsj should be close to s/ in order to faithfully manifest the

i J .
swapping. Similarly, z7i* "% should be close to z],, .
The following constraints are introduced to (2.4]) to mirror the desired effect:
st —s?

— D (4s(sIx5.0* las(slx].;))  and (3.5)

zt, z{ j
— D (4o (zr X ) s (21:2lx], ) (3.6)

To summarise, invariance of the local and global latent variables is encouraged by
maximising and , respectively. Simultaneously, posteriors of the replaced
factors are regularised to follow the target posteriors through maximising and
(3.6). In practice, each input sequence ¢ in a mini-batch is paired with a randomly
sampled input sequence j from the same mini-batch, and the described scheme of
inference, replacement, decoding, and inference is applied. Notably, this procedure
does not rely on any form of supervision or data augmentation.

While the above KLD terms encourage meaningful behaviour, they can still be
minimised with a trivial global latent space, which is undesired. Thus, the two-stage
training plays a crucial role in obtaining robust disentanglement. Further, note that
the individual KLLD terms above vary in terms of magnitude and thus importance to
the gradient and so could benefit from balancing. However, scaling was found to be
unnecessary for successful disentanglement in practice, and a detailed investigation is
left for future work.

To summarise, TS-DSAE constitutes a two-stage training framework that facili-
tates the exploitation of additional divergences to achieve robust unsupervised disen-

tanglement, as empirically validated in Section [3.5
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3.4 Experimental Setup

3.4.1 Datasets

Both an artificial and a real-world music audio dataset are considered. The former fa-
cilitates control over the underlying factors of variation, while the latter demonstrates

the applicability of the proposed model to realistic data.

dMelodies

The artificial dataset is compiled by synthesising audio from monophonic symbolic
music gathered from the dMelodies dataset (Pati et al., 2020). Each melody is a
two-bar sequence with 16 eighth notes, subject to several global factors, i.e., tonic,
scale, and octave, and local factors, i.e., direction of arpeggiation, and rhythm.

In order to facilitate analysis, the global factors are normalised by considering
only the melodies of C Major in the fourth octave. Melodies starting or ending
with a rest note are also discarded to avoid spurious amplitude values and boundary
effects during audio synthesis with FluidSynthE| From the remaining melodies, 3k
samples are randomly selected, split into 80% training and 20% validation sets, and
synthesised at a sampling rate of 16kHz using violin and trumpet sound fonts from
MuseScore_General.sf3[]

The amplitude of each audio sample is normalised with respect to its maximum
value. The number of samples rendered with the two instruments is uniformly dis-

tributed.

URMP

For the real-world audio recordings, the violin and trumpet tracks from the URMP
dataset (B. Li et al., [2019)) are selected. The preprocessing procedure of Hayes et al.
(2021)) is followed, where the amplitude of each audio recording, resampled to 16kHz,
is normalised in a corpus-wide fashion for each instrument subset. The audio samples
are then divided into four-second segments, and segments with mean pitch confidence

lower than 0.85 are discarded, as assessed by the full CREPE model (J. W. Kim et

Zhttps://www.fluidsynth.org/
Shttps://musescore.org/en/handbook
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al., |2018]), a state-of-the-art pitch extractor. The process results in 1,545 violin and
534 trumpet samples in the training set, and 193 violin and 67 trumpet samples for
validation.

Note that for both datasets, the underlying local and global factors are expected
to correspond to melody and instrument identity, respectively. The audio samples
are transformed and represented as log-amplitude mel-spectrograms with 80 mel fre-
quency banks, derived from a short-time Fourier transform with a 128ms Hann win-
dow and a 16ms hop, yielding x;.p € R80x251,

Separate models are trained and evaluated on each dataset independently. The
artificial dataset serves as a setting for analysing a controlled set of factors of variation,
including the analysis of an additional global factor introduced in Section [3.5.5] while
the real-world dataset demonstrates applicability to more realistic audio.

We note that no separate held-out test set is used in these experiments, and
evaluation is conducted on validation splits. As a result, the reported results do
not constitute a strict assessment of generalisation performance. However, since the
primary objective of the experiments is to compare the relative behaviour of different
models under controlled settings, using a consistent validation protocol across all

methods provides a meaningful basis for comparative analysis.

3.4.2 Implementation
Architecture

To verify the robustness of TS-DSAE with respect to unsupervised global-local dis-
entanglement, various combinations of model architectures and hyperparameters are
explored, including the dimensionality of the latent variables and the design choices
of the encoder and decoder.

The notation net-[layers] is used to denote module architectures, where net
indicates the type of network and [layers] specifies the number of neurons in each
layer. Tanh is used as the non-linear activation between layers of fully connected
networks (FCNs), and the long short-term memory (LSTM) is used for recurrent

neural networks (RNNs). Let 1, denote the parameters of a Gaussian projection
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layer Gau-D that maps hidden representations to the mean fy, (-) and log-variance
log aiu(') of a diagonal Gaussian distribution of dimensionality D,,. Specifically, 1,
is defined for u € {z, z, s}, corresponding to the Gaussian layers used in the decoder
(t2), the local encoder (1),), and the global encoder (v), respectively.

Following standard VAE conventions, the decoder defines a diagonal Gaussian
distribution A/ (u¢z(~), I DI)~ Under this assumption, the log-likelihood term reduces
to the squared f distance between the observation x; and py, (-), up to an additive
constant and scaling factor.

The two inference networks proposed in the original DSAE (Y. Li et al., 2018]),
“factorised ¢” and “full ¢”, are examined, as illustrated in Fig. The “factorised
¢” implements the global encoder ¢4(s|x1.7) as FCN-[64,64]-Avg-Gau-16, where
Avg denotes average pooling across the time axis, and the size of the global latent is
fixed at Dy = 16 throughout the main experiments. The local encoder g4(z1.7|x1.7)
parameterises a factorised posterior as FCN-[64,64]-Gau-{8,16,32}, with different
sizes of the local latent investigated, D, € {8, 16, 32}.

For the transition network py(z:|z<+), RNN-[32,32] -Gau-{8,16,32} is used. The
decoder pg(x¢|z:,s) is FCN-[64,64]1-Gau-80 taking as input the concatenation of z1.7
and time-axis broadcast s.

For “full ¢”, ¢4(s|x1.7) follows that of “factorised ¢”; and gy(z1.7|x1.7,s) corre-
sponds to biRNN-[64,64]-Gau-{8,16,32} which takes as input the concatenation of
x1.7, and time-axis broadcast s inferred from g4 (s|x1.7). biRNN denotes a bi-directional
LSTM, where the outputs of the forward and backward LSTM are averaged along the
time-axis before the Gaussian layer. Both the transition network and decoder follow
those of “factorised ¢q”. Note that the implementation can be considered as a minimal
effort to realise both of the graphical models in Fig. which allows for undistracted

examination of the proposed method.

Optimisation

The implementation is based on PyTorch v1.9.0, and optimisation is performed using
ADAM (Kingma et al., [2015) with default parameters learning rate ir = 0.001, and

[B1, B2] = [0.9,0.999] without weight decay. A batch size of 128 is used, and models
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are trained for up to 4k epochs. Early stopping is applied if obtained from
the validation set stops improving for 300 epochs. For models adopting the proposed
two-stage training frameworks presented in Section [3.3] the number of epochs for
the first stage is fixed to C' = 300 across all configurations. This value was chosen
by observing that the training and validation losses flatten beyond this point, which
indicates convergence. It is not a tuned optimum, and performance is insensitive to

the exact value.

3.5 Experiments and Results

Three baseline methods are considered: (1) DSAE; (2) DSAE-f, which employs con-
strained training and freezes the global encoder after C' epochs; and (3) TS-DSAE
w/o regs, which adopts the two-stage training framework but excludes the auxiliary
loss terms 7.

Models discussed in Section (Zhu et al., [2020; Bai et al., |2021; Han et al.,
2021)) are not included and are left for future work. The main focus is to improve upon
DSAE (Y. Liet al.,2018) through minimal modifications, thereby providing a stronger

and more general backbone that can be complementary to existing approaches.

3.5.1 Instrument Classification

Disentanglement is first evaluated through the task of instrument classification. In
particular, a linear discriminant analysis (LDA) classifier is trained on the global
latent variables s ~ g4 (s|x1.7) sampled from the training set, and evaluated on the
validation set using the macro F1-score for instrument identity with a default decision
threshold of 0.5. While the Fl-score depends on the choice of threshold, the use of
macro averaging mitigates the effect of class imbalance in datasets such as URMP,
where violin samples are more prevalent than trumpet samples. Furthermore, the
same evaluation protocol is applied consistently across all models, making it suitable
for comparative analysis.

To assess the effect of latent manipulation, each validation sequence i is paired

with another sequence j recorded with the other instrument, and the inference-
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Figure 3.2: Macro F1 score of instrument classification derived from applying LDA

to the global latent space. The vertical axis (pre-swap) shows scores based on global
latents extracted before performing the replacement-decoding-inference scheme dis-
cussed in Section The two horizontal axes, post-global swap and post-local swap,
correspond to the global latents obtained after replacing the global and the local la-
tents, respectively. Size of the local latent space increases from left to right columns,
8, 16, and 32, respectively. Top panel refers to the dMelodies dataset, while bottom
panel corresponds to URMP.

replacement-decoding-inference scheme is applied. Following the notation in Sec-
tion s%' =%’ should be predictive of the instrument of sample j, while §%r % r
should reflect the original instrument of sample i. Three metrics are reported: ac-
curacy using the original global latents (pre-swap), after replacing the global latent
(post-global swap), and after replacing the local latents (post-local swap). For LDA
training, the mean of the Gaussian posterior gy (s|x1.7) is used as the feature repre-
sentation.

The results are summarised in Fig. The proposed TS-DSAE (red), with either
factorised or full ¢, is consistently located at the top right corner of the plot, across all

the sizes of the local latent space. This indicates its robust disentanglement as well
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Figure 3.3: FAD (the lower the better) of reconstruction versus macro F1 score for
instrument classification, evaluated using URMP. Left to right panels refer to size of
the local latent 8, 16, and 32. See Section [3.5.2] for details.

as a linearly separable global latent space. From the left to right column, the com-
peting methods DSAE-f (cyan) and TS-DSAE without the additional regularisations
(orange) move from top right to left-hand side of the plot, showing the inclination for
a collapsed global latent space with the increased local latent capacity. Being located
at the lower left of the plot, DSAE (gray) attains the worst performance in most
configurations. This highlights the issue of positing the standard Gaussian prior in
the global latent space.
The overall high pre-swap and low post-swap F1 especially towards high-dimensional

z; implies that the decoder tends to ignore s, even though the mean parameter of
gs(s|x1.7) is discriminative with respect to the instrument identity. The competing
models appear to suffer the most from the size of z; as a large local latent space can

easily capture all the necessary information for reconstruction.

3.5.2 Reconstruction Quality

The trade-off between disentanglement and reconstruction is examined using Fréchet
Audio Distance (FAD) (Kilgour et al., 2019), a metric shown to correlate with per-

ceptual audio quality. Specifically, multivariate Gaussians are computed on both a
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set of embeddings derived from the generated data (post-global or post-local swap)
Ny (g, 24) and a set of embeddings extracted from the real data N, (p,, X,). Dowson

et al. (1982)) show that the Fréchet distance between two Gaussians is given by

F(N Ng) = [lpr — MQHQ +tr(Er + 35 — 2¢/5:3),

where tr denotes the trace of a matrix. Following Kilgour et al. (2019), a VGGish
model is used to extract the embeddings from either the real or generated audio. EI

Results are reported for the URMP dataset in Fig. B3] as both datasets yield
comparable trends. As expected, FAD improves with increasing dimensionality of the
local latent variable z;. However, TS-DSAE is the only model that overcomes this
trade-off: while competing models exhibit a loss in disentanglement performance as
FAD improves (moving from right to left in the plot), TS-DSAE maintains disentan-
glement alongside enhanced reconstruction quality.

Although TS-DSAE yields the worst FAD, it is the only model that preserves
disentanglement as the size of the local latent space increases. The next chapter will
build upon the two-stage training strategy and introduce an alternative regularisation

to tackle the trade-off between reconstruction and disentanglement.

3.5.3 Raw Pitch Accuracy

This section evaluates the information captured in the local latents z;.7 by applying
the full CREPE model (J. W. Kim et al., 2018) to audio re-synthesised from the mel-
spectrogram. The re-synthesis is performed using InverseMelScale and GriffinLim,
both available in torchaudio v0.9.0.

Following the notation from Section [3:3.2] pitch contours are extracted from re-

constructed samples (pre-swap), x?l:,? s’ (post-global swap) which is expected to retain

. i J
the pitch contour of x! ,, and x;57 “'T (post-local swap) which should reflect the
pitch contour of xJ,,.. Note that for models with collapsed global latents s, the ac-

curacy of post-global swap will remain high as the decoder ignores the global latent

and relies solely on zq.7.

4The implementation of FAD is available at https://github.com/google-research/
google-research/tree/master/frechet_audio_distance.
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Figure 3.4: RPA evaluated using CREPE on re-synthesised audio from URMP. Left
to right panels refer to size of the local latent 8, 16, and 32. See Section [3.5.3] for
details.

Reference pitch contours are obtained by applying CREPE to the input audio, and
the raw pitch accuracy (RPA) is reported with a 0.5-semitone threshold (Salamon et
al., . This introduces a limitation, as the evaluation depends on the accuracy of
the pitch extractor rather than annotated ground-truth. However, CREPE has been
shown to perform reliably on monophonic instrument sounds (J. W. Kim et al., 7
which aligns with the characteristics of the datasets considered in this work, and the
same extraction procedure is applied consistently across all models and conditions,
such that any estimation errors are expected to be systematic and are unlikely to
affect the relative comparison of methods. Because the reference comes from CREPE
rather than verified annotation, CREPE’s own errors cannot be detected or corrected.
They affect all models equally, however, so the comparison between methods stays

valid.

Results on the URMP dataset are reported in Fig. 3.4 TS-DSAE consistently
improves in RPA with increasing z; dimensionality. Apart from the post-local swap
setting, TS-DSAE performs comparably with the competing models towards the larger

z¢, while simultaneously achieving effective disentanglement (Fig. and Fig. [3.3)).
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Figure 3.5: FAD (the lower the better) against disentanglement in terms of instru-
ment classification. The triangles correspond to models configured with a factorised
decoder, while the stars denote TS-DSAE enriched by an expressive decoder. All
models share the same factorised inference network. Left to right panels refer to size
of the local latent 8, 16, and 32. See Section [3.5.4] for details.

3.5.4 Richer Decoders

To further mitigate the trade-off between disentanglement and reconstruction, a richer
decoder is constructed and evaluated. In this variant, the reconstruction of x; is
conditioned on the entire sequence of local latents zy.7, rather than on the current
time frame z;. The size of z; is fixed to 16, and the inference network adopts the
“factorised ¢” configuration. Comparisons are made across DSAE, TS-DSAE, and
TS-DSAE augmented with the enriched decoder.

As shown in Fig.[3.5] the enriched TS-DSAE maintains perfect accuracy for instru-
ment classification for both datasets (indicated by the red triangles and stars), while
improving FAD over its factorised-decoder counterpart (the red stars are positioned
lower than the red triangles). On dMelodies, the enriched TS-DSAE outperforms
DSAE equipped with the factorised decoder in terms of FAD. A more comprehensive
evaluation across configurations—including autoregressive decoders, which are known

to induce posterior collapse even in standard VAEs—is left for future work.

3.5.5 Multiple Global Factors

The dMelodies dataset is extended to include both the fourth and fifth octaves, intro-
ducing octave number as an additional global factor of variation alongside instrument

identity. The decoder-enriched TS-DSAE, described in Section is trained on
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this dataset, and the results are presented in Fig. [3.6] In this experiment, the global
latent s inferred from a source sample (bottom-left corner) is replaced with that from
one of three target samples (top row). The resulting outputs, shown in the second to
last columns of the bottom row, demonstrate the impact of this replacement on the
generated audio.

Each sample is annotated using {4, 0, m} to denote instrument, octave, and melody,
respectively. For example, the source sample {i1, 01, m1 } and the first target {ia, 01, ma}
share the same octave but differ in instrument identity, which is reflected in the spec-
tral characteristics. Replacing s accordingly yields {i1_2,01,m1}, where the instru-
ment changes to io while the octave and the melody remain fixed.

In the second case, the target {iq, 09, m3} differs from the source only in octave,
characterised by the level of pitch contour. Swapping s produces {i1, 012, m1}, indi-
cating a successful transformation of octave while preserving instrument and melody.

Finally, using the third target {is, 02, m4}—which shares no attributes with the
source—results in {i1_,2,01,2,m1}, where both instrument and octave are modi-
fied. In all three cases, the melody m; remains unchanged, demonstrating successful

global-local disentanglement.

3.6 Summary

This chapter has presented T'S-DSAE, a robust framework for unsupervised disen-
tanglement of sequential data, which consistently performs well across a broad range
of settings. The evaluation has primarily focused on the model’s ability to achieve
robust disentanglement. Further exploration into its capacity for multi-modal data
generation via unconditional prior sampling is left for future work. Additionally, in-
vestigating the applicability of TS-DSAE to modalities beyond music audio remains
an important direction.

The probabilistic graphical model of DSAEs assumes a single global latent vari-
able fixed over time for each input sequence. While effective in structured domains,
this assumption may be overly restrictive for more general scenarios where global

factors evolve slowly over time. One promising relaxation is to introduce a hierarchy
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Figure 3.6: Global latent replacement using the top three samples as targets and
the bottom-left sample as the source. Each sample is annotated with instrument (¢),
octave (0), and melody (m). Replacing the global latent s transforms instrument
and/or octave while preserving the source melody, demonstrating global-local disen-
tanglement. See Section for details.

of latent variables operating at multiple temporal resolutions (Saxena et al., .
A natural extension of the two-stage training strategy would be to adopt multiple
stages of constrained training with gradually increasing network capacity, enabling
such hierarchical representations. This can be viewed as a temporal analogue of the
progressive framework proposed by Z. Li et al. .

Despite the substantial improvement in robustness, the challenge of balancing
disentanglement and reconstruction persists. Although differential scaling of the reg-
ularisation terms f may help, as discussed in Section the next chapter
proposes a teacher—student framework that simplifies the objective by replacing the

four auxiliary terms with a single constraint.
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Chapter 4

Addressing the Trade-Off
between Reconstruction and
Disentanglement: A

Teacher-Student Framework

As shown in the previous chapter, the disentangled sequential autoencoder (DSAE)
(Y. Li et al., |2018)) provides an effective framework for learning global and local latent
representations from sequential data. However, it exhibits a tendency toward posterior
collapse, where the global latent variable is underutilised, especially in the presence
of high-capacity local latents. Moreover, the model is sensitive to architectural hy-

perparameters and often requires careful tuning to achieve reliable disentanglement.

The two-stage disentangled sequential autoencoder (TS-DSAE), introduced in the
previous chapter, addresses these issues by incorporating a staged training strategy
and auxiliary constraints that explicitly encourage the global latent to encode invari-
ant information. This design significantly improves the robustness of disentanglement

across architectures and hyperparameter settings.

However, TS-DSAE achieves this robustness at the cost of degraded reconstruction
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fidelity. Although the auxiliary losses are effective in preventing collapse, they may
over-constrain the model, reducing its capacity to accurately reconstruct audio signals.
This raises a natural question: can the disentanglement benefits of TS-DSAE be
retained while improving reconstruction quality?

This chapter introduces the Jacobian disentangled sequential autoencoder (J-
DSAE), which preserves the two-stage optimisation strategy of TS-DSAE but shifts
the regularisation from the latent space to the observation space. Specifically, a
Jacobian-based constraint is incorporated that encourages changes in the global la-
tent space to induce corresponding variations in the output signal. As a result, the
decoder is constrained to acknowledge perturbations applied in the global latent space,

thereby preventing collapse and underutilisation of the global latent variable. E|

4.1 Introduction

For sequential data, the DSAE framework (reviewed in Section models observa-
tions using global and local latent variables operating at different temporal resolutions,
and has been widely applied to both speech and musical audio.

As discussed in Section [2.2.2] a critical failure mode of DSAEs is posterior col-
lapse, whereby the decoder reconstructs the sequence using only the local latents,
leaving the global latent unused. In the previous chapter, TS-DSAE was proposed to
counteract this behaviour through latent-space regularisation and a two-stage train-
ing schedule. While effective, these additional constraints can reduce reconstruction
quality by overly limiting the model’s flexibility.

To address this trade-off, J-DSAE is proposed, which shifts regularisation into
the observation space using a Jacobian-based constraint. Instead of enforcing global
latent usage through latent-space penalties, the model is encouraged to reconstruct
audio in a manner that reflects perturbations applied to the global latent variable.

Following the teacher—student paradigm, a compact teacher model is trained to
capture the variation of the reconstructed signal with respect to the global latent.

The teacher is not required to reconstruct the audio signal in detail, but only to

IThis chapter is based on work published in Luo et al. (2024c).
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manifest the influence of the global latent. The student decoder is then trained to
reproduce the same patterns of variation while optimising for audio reconstruction.
This formulation ensures that the student decoder produces outputs that both respect
global latent structure and maintain audio quality.

J-DSAE is evaluated on real-world monophonic musical recordings from the URMP
dataset (B. Li et al., |2019)), targeting the disentanglement of pitch (local) and tim-
bre (global). Compared to TS-DSAE, J-DSAE achieves improved synthesis quality,
as measured by Fréchet Audio Distance (FAD) (Kilgour et al., |2019)), and stronger
pitch disentanglement, as evaluated by raw pitch accuracy (RPA) (Salamon et al.,
2014). These results highlight the method’s effectiveness in overcoming the recon-

struction—disentanglement trade-off.

4.2 Related Work

4.2.1 Disentangled Sequential Autoencoder

The DSAE models sequential data by learning both a global latent variable s and
a sequence of local latent variables zy.7,, optimised via . Following the param-
eterisation described in Section the dynamic prior py(zi1.1) = Hle po(z¢|Z<1)
is factorised as a product of diagonal Gaussians and implemented using an autore-
gressive model. The static prior p(s) is assumed to be a standard Gaussian. The
joint posterior gy (z1.1,,s|x1.1) is factorised into two diagonal Gaussians, each param-
eterised by a separate neural network encoder to facilitate the disentanglement of s
from zy.r,.

Although the difference in temporal resolution introduces a strong inductive bias
towards disentanglement, the model often encodes most information into the local
latent variables, leaving the global latent underutilised. Empirical evidence of this
posterior collapse, obtained using recordings of musical instruments, is presented in
Section while similar observations for speech data have been reported by Lian
et al. (2022b)) and Lu et al. (2022).

Section surveys existing extensions to the vanilla DSAE, which typically rely

on either domain-specific self-supervised signals (Bai et al.,|[2021; Naiman et al.,2023;
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Zhu et al.,|2020) or extensive hyperparameter tuning (Han et al.,[2021; Berman et al.,
2024)).

4.2.2 Two-Stage Disentangled Sequential Autoencoder

Chapter [3] introduces TS-DSAE as a solution to the underutilisation of the global
latent variable. In the first stage, the local encoder g4 (z1.1,|x1.7.) is frozen, encouraging
the model to rely on s for reconstructing the sequence. In the second stage, the model
resumes training under the full ELBO , but with the static prior p(s) replaced
by a sequence-dependent prior p;(s) = gyc (s|xi.; ) for each sequence x3,; , where ¢
denotes the encoder parameters obtained at the end of the first stage after C' epochs
of training. This approach preserves the information encoded in s during the initial
training phase.

As detailed in Section [3.3.2] disentanglement is further encouraged via auxiliary
regularisation terms (3.3)—(3.6) applied to both static and dynamic latent variables.
By perturbing one latent factor while keeping the other fixed, these constraints enforce
invariance in the unperturbed factor and promote the model to be sensitive to the
perturbed one.

As demonstrated in Section|3.5] TS-DSAE improves the robustness of disentangle-
ment across a wide range of model configurations without relying on domain-specific
signals or extensive tuning. However, the auxiliary constraints may be overly strong,
resulting in reduced sampling fidelity. This trade-off affects both reconstruction qual-

ity and timbre similarity in downstream tasks such as attribute translation.

4.2.3 Jacobian Constraint

Lezama (2019)) proposes a teacher-student framework that splits autoencoder training
into two stages. Conceptually, this shares similarities with the staged training strategy
presented in the previous chapter. The key idea is to first isolate the factors of interest
using a compact latent space—thereby encouraging the model to fully exploit these
dimensions—and then expand the latent space to incorporate nuisance factors and

improve reconstruction quality.
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More specifically, given images of human faces, a low-capacity deterministic au-
toencoder (the teacher) learns latent representations s € RPs that are predictive
of annotated facial attributes via supervised learning. A student network is then
constructed by augmenting the teacher with an additional latent variable z € RP=,
where D, > Dy, to enhance reconstruction fidelity. Crucially, the student model is

regularised using a Jacobian constraint:

o% Tea o% Stu
&= = (4.1)
aSTea aSStu

where %X and s denote the reconstructions and latent variables of the teacher (super-

script Tea) and student (superscript Stu) networks, respectively.

That is, the Jacobian—representing how the output varies with respect to pertur-
bations in the target factors of interest—is required to match between teacher and
student. In Eq. (2)—(7) of Lezama (2019)), they show that (4.1)) can be approximated

by minimising a loss function Lj,. that regularises the student model:

EJac(EStu7 DStu; Xi,Xj) _ ”SStu,i . STea,i”%
+ ||(DTea(STea,i) _ DTea(sTea,j>) (42)

— (DB (%™ ') — DS™ (s 2))|]3,

where i and j denote the indices of a randomly selected pair of data points. EM and
DM denote the encoder-decoder pairs, where the superscript M € {Tea, Stu} identifies
the model type, and the subscript u € {s, z} distinguishes between encoders for the

target and nuisance factors. The corresponding latent variables are defined as:

s = EM(x) and z' = ESY(xY). (4.3)

Note that s can be computed from either the teacher or student encoder, while z is

exclusive to the student model.

The Jacobian constraint (4.2)) is applied during the second stage, where only the

student network is optimised. Initially, the teacher encoder-decoder pair (ET°®, DTea)

Tea

is trained to extract informative global factors sT®?, ensuring that DTe® is sensitive to
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their perturbations. Subsequently, the student network is trained with the Jacobian
constraint: the first term in aligns the student’s global latent with that of the
teacher, while the second term enforces that the variation of the reconstructed output
due to s is consistent across both networks. Lezama (2019) demonstrates that this
approach outperforms adversarial baselines in terms of reconstruction quality.
TS-DSAE and the Jacobian method (Lezama, 2019) share a common strategy:
prioritising the learning of a disentangled latent representation, which then guides
the subsequent training of the full model. However, there are important differences:
TS-DSAE is fully unsupervised, models sequential data, and is grounded in a prob-
abilistic framework, whereas Lezama (2019) uses supervised training, deterministic
autoencoders, and static image data. The next section highlights these connections
and extends TS-DSAE with a Jacobian constraint to address the trade-off between

reconstruction quality and unsupervised disentanglement.

4.3 Method

J-DSAE is proposed as a model that combines TS-DSAE, introduced in the previ-
ous chapter, with the Jacobian constraint described in Section The two-stage
training strategy employed in TS-DSAE can be reformulated as a teacher-student

framework, which naturally accommodates the integration of the Jacobian constraint.

4.3.1 TS-DSAE as a Teacher-Student Framework

In the first stage of TS-DSAE, the global encoder and decoder can be defined as:
E;fea(xlzL) = qgc(s[x1.0) and DTea(s) = pge(x1.]0,'8), (4.4)

where ¢ and ¢ are the parameters obtained at the final epoch C' of the first stage.
That is, the encoder-decoder pair optimised during the first stage serves as the teacher
network. Note that in J-DSAE, the local latents are simply set to z1.;, = 0 at this
stage, rather than freezing the local encoder as in TS-DSAE. This is found to be

equally effective in encouraging the model to encode informative global latents s.
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Similarly, the encoders and decoder used in the second stage of TS-DSAE can be

interpreted as components of the student network:

ES™(x1.1) = qg(sx1.n), ES"(x1.1) = qs(z1.0|x1.1);

DStu(Sa Zl:L) = p@(xl:L|Z1:L’ S)-

These definitions reveal the connection between TS-DSAE and the teacher-student
framework: the first stage yields a teacher VAE, which guides the training of the

student DSAE in the second stage through the replacement of the global prior, as
given in (3.1)):
pi(s) = qge (s|x1.L)- (4.6)

With this formulation, the Kullback—Leibler divergence (KLD) term defined in (3.2)

becomes:

D (g0 (%) i (s)) = Dxw (BS™ (x5 1)1 BT (x1.))- (4.7)

This connection allows us to directly adapt (4.2]) to regularise the second stage of
TS-DSAE:

Liac(ES, ES™, DS, X1, ) = D (B (x| BT (x1..))
+ ”(DTea(STea,i) _ DTea(STea,j)) (48)

(DS g ) — DS )3,

The latent variables are sampled from the approximate posteriors defined by the

encoders in (4.4]) and (4.5)):
s~ BY(xy) and zpp ~ BE(xY), (4.9)

rather than being deterministically extracted, as in (4.3)).

The teacher network (E1¢®, DT¢) is frozen after C training epochs and is used to
regularise the student network (ES*, EStt DS™) From the second stage onwards,
while ES* is trained from scratch, ES*" and DS are initialised by the parameters of

ETea and DT respectively. The probabilistic formulation replaces the mean squared
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DStu( Stu, i’ zli:L) DStu(SStu,]’ zilzL)

Figure 4.1: Illustration of the Jacobian constraint adapted in this approach ,
denoted by mse(x1.1,). In practice, for each sequence x},; from a minibatch, a paired
sequence x{: 5, is randomly sampled from the same batch and is not required to share or
differ in specific attributes. Hence, the framework remains fully unsupervised.

error (the first term in (£.2)) with a divergence term between distributions (the first
term in ) The second term in is illustrated in Fig. the Jacobian is
computed from a random pair of samples drawn from a mini-batch, and no explicit
supervision is required. The variation in the observation domain induced by s™'? and

sMJ is constrained to be consistent across the teacher and student networks.

4.3.2 Optimising J-DSAE

To summarise, J-DSAE first optimises the teacher network for C' epochs by maximis-

ing the following objective:

CTca(aa (b;xi:L) = ]EQ¢(Z1;L,S|"§:L) [Ingg (XZLL‘O’ Si)] (4 10)

— D (qp(21:2[x1.1) Ipo(21:1)) — Dkr(ge(slxi.1)lIp(s)),
and then proceeds to optimise the student network by maximising:
‘CStu(e? ('b? Xi:L’le:L) = EQ¢(Z1;L,S|X§:L) [logpf) (Xi:lei:L7 SZ)]

— Dkr(qs(z1:L|x1. ) [Po(Z1:1)) — Lyac(ES™, ES™, DS™ x4 %], p).

(4.11)

Crucially, beyond incorporating Lj.., J-DSAE differs from TS-DSAE in that it
removes the auxiliary loss terms defined in (3.5)—(3.6). As shown in Section this

simplification leads to improved sampling quality and disentanglement performance.
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Unlike the original method proposed by Lezama (2019)), described in Sectionm
J-DSAE applies the Jacobian constraint to sequential data rather than static images,
exploits the inductive bias and staged training strategy of TS-DSAE, operates in a
fully unsupervised setting without explicit labels, and optimises a VAE with prior

distributions instead of a deterministic AE.

4.4 Experiment

Following Section [3.4] a subset of the URMP dataset (B. Li et al.,[2019) is used for the
experiments. It comprises 1,545 (193) violin and 534 (67) trumpet training (valida-
tion) samples. Preprocessing of the dataset closely follows the procedure described in
the previous chapter. Audio recordings are first resampled to 16 kHz and normalised
across the corpus per instrument. They are then divided into four-second segments
and converted into mel spectrograms with 80 frequency banks. The transformation is
based on a short-time Fourier transform with a Hann window of 128 ms and a hop size

R80%251  Given monophonic instrument recordings as

of 16 ms, resulting in xy.;, €
input, the global latent variable s is expected to capture timbre-related features, while

the local latent sequence zi.;, is expected to encode time-varying pitch information.

4.4.1 Implementation

To effectively verify the impact of the proposed Jacobian constraint, the architecture
of the global and local encoders in J-DSAE closely mirrors that of TS-DSAE described
in Section Unlike the previous chapter, which explores various combinations of
latent dimensionalities, (D, D,) is fixed to (16,32) throughout the evaluation. This
configuration was previously identified as the most challenging for the original DSAE,
as it makes the global latent especially prone to collapse due to the relatively high
capacity of the local latents.

In addition to the factorised decoder (D%\;[C) used in the previous chapter, an au-
toregressive (AR) decoder (D)) is implemented, which reconstructs the current ob-

servation x; conditioned on prior observations, with the aim of further enhancing
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reconstruction quality:

L
D%\;Ic = Hpe(xt|sa lM:Stu . Zt) and

t=1
L
D} = tl;[lpe(xt\S, Tn=stu - [X<ts Z<t])s (4.12)
1 if M =Stu
where 1)/—gtu =
0 if M = Tea

Here, D3*" continues training from the initial parameters of DI°* after the first C
epochs, as established in the staged teacher-student framework described in Sections
and The optimisation procedure follows closely to that of the previous
chapter, using the ADAM optimiser with a learning rate Ir = 0.001 and a batch
size of 128. Training is capped at 4k epochs with an early stop triggered if Lsiy
evaluated from the validation set fails to improve for 300 epochs. The number
of epochs for the teacher training stage is fixed at C' = 300, consistent with the

configuration used in the TS-DSAE experiments.

4.5 FEvaluation Protocol

To ensure consistency with the evaluation procedure outlined in Section 3.5} disentan-
glement in J-DSAE is assessed from three complementary perspectives: instrument
classification, pitch accuracy, and reconstruction fidelity. Each perspective follows the

paradigm of infer-swap-reconstruct as previously introduced.

4.5.1 Instrument Classification

The presence of timbre-related information in the global latent variable s is evaluated
via an instrument classification task applied to post-swap reconstructions. A classifier
based on convolutional neural networks is trained using the original mel spectrograms
from the training set. This classifier is then applied to the generated mel spectrograms
from the validation set, where latent variables underlying these samples have been

selectively replaced. Following the protocol of Section given a pair of data (3, j),
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two types of replacements are considered:

e z-swap: The local latent sequence z!.; is replaced with z{: 1,» while the global

i i Pl T
latent s* is kept fixed, resulting in x;}; .

e s-swap: The global latent s’ is replaced with s/, while z¢ ; is retained, producing

s'—s?
X1.L .

The classifier is evaluated on each swapped reconstruction. For z-swap, the target
label corresponds to the instrument identity of sample i; for s-swap, the target is the
instrument identity of sample j. Disentanglement is reflected by alignment between
classifier predictions and these ground truths. Evaluation is conducted using the
macro Fl-score with a fixed decision threshold of 0.5, which introduces limitations
associated with threshold-dependent metrics, as discussed in Section but is

sufficient for the comparative evaluation considered in this work.

4.5.2 Raw Pitch Accuracy

Pitch-related content encoded in z;.;, is evaluated by extracting pitch contours from
reconstructed waveforms using the full CREPE model (J. W. Kim et al., 2018).
Mel spectrograms are converted back to waveforms using InverseMelScale and
GriffinLim, as implemented in torchaudio v0.9.0. Two types of the reconstructed
waveform are evaluated in terms of the raw pitch accuracy (RPA) computed using a

50-cent tolerance threshold (Salamon et al., [2014)):

e s-swap: Pitch is extracted from xify and compared to the pitch of sample 7.

i j
e z-swap: Pitch is extracted from xf}’LL T#LL and compared to the pitch of sample

j.

Using CREPE to extract pitch contours from both model outputs and original input
audio introduces limitations associated with pitch extraction accuracy, as discussed in
Section|3.5.3] However, it remains appropriate for the comparative analysis considered

in this work.
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4.5.3 Reconstruction Quality

Following the approach described in Section [3.5.2] reconstruction and sampling qual-
ity are assessed using Fréchet Audio Distance (FAD) (Kilgour et al.,|2019), a metric
shown to correlate with perceptual similarity. The following four conditions are con-

sidered:

e Recon: The validation set is first grouped by instrument, and FAD is measured
between embeddings extracted from reconstructed mel spectrograms and those
from the original inputs x1.;, within each group. This serves as a direct measure

of reconstruction fidelity.

e s-swap: For each randomly paired sample (i, j), a reconstruction XT?SJ is gen-
erated using the global latent from sample j and the local latent from sample
1. Embeddings derived from these reconstructions are grouped according to the
instrument identity of sample j, and FAD is computed between these and the

original recordings from the same group. This measures the model’s ability to

translate timbral identity.

e z-swap: In this setting, z! ; is replaced by z{:L while retaining s*. FAD is then
i j

calculated between the resulting samples XT:LLLHZI:L and original recordings cor-

responding to the instrument used in sample 4, thus evaluating the preservation

of timbre.

e Rand: A sample X;.;, is generated by sampling a random global latent § ~
N(0,1Ip.) and combining it with the inferred local latent z;.;, via DS"(8,z1.1).
The pre-trained instrument classifier is used to predict the instrument label
7 of the generated sample. FAD is then computed between xi.;, and original
recordings annotated with instrument label . This evaluates how closely the

generated timbre aligns with plausible examples of the predicted class.

This evaluation protocol provides a comprehensive view of the model’s ability to
control, preserve, and manipulate independent factors of variation, while maintaining

high perceptual quality across both reconstruction and generation.
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Global (F1) t Local (RPA) 1 FADviotin | FAD1vumpet 4

s-swap z-swap s-swap z-swap Recon  s-swap Z-swap Rand  Recon  s-swap z-swap Rand
TS-DSAE 100 100 087  0.86 349 426 (0.15) 453 (0.09) 4.85 (0.09) 2.08  4.00 (0.48) 3.46 (0.36) 2.88 (0.02)
J-DSAE 100 100 0.93  0.92 217 3.22(0.06) 3.37 (0.07) 3.37 (0.02) 1.20 2.73 (0.49) 2.25 (0.27) 2.12 (0.14)

( (
347 (0.07) 356 (0.03) 141  3.61(0.48) 292 (0.38) 259 (0.24)
2.57 (0.03) 2.56 (0.07) 0.89 1.05 (0.12) 0.99 (0.04) 1.88 (0.09)

(
TS-DSAE (AR) 1.00 1.00 0.82 0.83 2.18 3.19 (0.11
J-DSAE (AR) 1.00 1.00 0.90 0.90 1.49 2.35 (0.05

Table 4.1: Disentanglement in terms of macro F1 score and RPA, alongside audio
quality measured in FAD. Recon column reports the FAD measured between embed-
dings derived from the reconstructed and original data, while Rand compares embed-
dings extracted from the real recordings and those from generated data conditioned
on randomly sampled global latents. See Section [£.5] for the complete definitions of
the columns. The numbers in parentheses are standard deviation of three random
paired sequences (for s- and z-swap) or samples of § (for Rand).

4.6 Results

4.6.1 Quantitative Metrics

The results of the quantitative evaluation are summarised in Table {1l Across all
metrics for disentanglement and reconstruction, J-DSAE consistently outperforms
TS-DSAE.

In particular, improvements in RPA indicate stronger disentanglement, with the
local latent z;.;, capturing pitch-related information more effectively. Simultaneously,
J-DSAE achieves lower FAD in all evaluation settings described in Section [4.5] re-
flecting enhanced sample quality in timbre translation (via s-swap), preservation (via
z-swap), and unconditional synthesis (via Rand).

Remarkably, even when using a factorised decoder, J-DSAE surpasses TS-DSAE
that employs a more expressive autoregressive decoder. This outcome suggests that
the Jacobian constraint provides a more effective inductive bias than the latent-space
auxiliary losses 7 used in TS-DSAE.

It is hypothesised that the auxiliary objectives in TS-DSAE can be satisfied
through latent representations that exploit superficial correlations, encoding infor-
mation that does not correspond to natural variation in the observation space. By
contrast, the Jacobian constraint operates in the output domain and explicitly en-
courages changes in the generated signal to align with variations in the global latent.
This is made possible by grounding the student model on the behaviour learnt by the

teacher network (ETe*, DTea),
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4.6.2 Sampling from Timbre Space

To further investigate the structure of the learnt timbre space, a reduced global latent
dimensionality (Ds = 2) is adopted, while maintaining the local latent dimensionality
at D, = 32. The left panel of Fig. visualises the outputs of the teacher decoder
D™ for grid-sampled values of s, i.e., s2"4 = (m, n) where m,n € {-3,0,3}.

The generated mel spectrograms demonstrate smooth and coherent variation across
the grid, while exhibiting static spectral patterns over time. This illustrates that s
effectively captures global, timbral attributes that are disentangled from temporal
dynamics. Perceptible transitions in spectral shape, such as shifts in brightness or
transitions between instrument classes (e.g., trumpet to violin), confirm the inter-
pretability of the learnt space.

Let sdi28:™ = (1m, —m) denote global latents along the diagonal, with m € {-3,0, 3},

and let xifzd’i represent seed examples from the first column of the right panel for

i € {1,2}. For each seed, local latents are obtained via z{s"" ~ EStu (x5 7).
By combining these with different s4#& ™ and decoding through DS new samples
new, (m,i)

Xq.1, are generated. These share pitch content with the seed but vary in timbre,

validating the modular and disentangled nature of the representation.

4.6.3 Attribute Translation

Attribute translation results are shown in Fig. In the z-swap condition (blue

block), the pitch information is altered while timbre remains unchanged, producing

Figure 4.2: Visualisation of the learnt timbre space. Left: outputs of D™ from a
2D grid in global latent space. Right: outputs of DS* generated by combining fixed
local latents (pitch) from the leftmost column with varying global latents (timbre)
from the diagonal of the left panel, with correspondences indicated by the colour of
the frame. See Section [£.6.2] for details.
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outputs that preserve the original instrument identity but adopt the pitch contour
of the target. In the s-swap condition (red block), the global latent is replaced,
resulting in samples that translate the timbre while maintaining the original pitch.
These outcomes verify the independent controllability of the latent subspaces and

their alignment with semantically meaningful attributes. El

4.7 Summary

Disentangled representation learning with autoencoder-based models frequently relies
on strong regularisation to guide factor separation, often at the expense of reconstruc-
tion fidelity. This chapter introduced J-DSAE, which integrates a Jacobian-based
constraint into the TS-DSAE framework to address this trade-off.

Unlike conventional approaches that constrain the latent space directly, J-DSAE
employs a teacher-student framework to regularise the observation space, encouraging

semantically meaningful variation in the generated output. This leads to improved

2 Audio samples are available at https://www.jaco-dsae.xyz/

z-swap

s-swap

Figure 4.3: Attribute translation via latent swapping. Blue: z-swap alters pitch
while preserving timbre. Red: s-swap changes timbre while maintaining pitch. See

Section [4.6.3
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disentanglement of pitch and timbre without compromising synthesis quality, as evi-
denced by improvements in both RPA and FAD.

The findings suggest that the observation-level Jacobian constraint can better
guide disentanglement by ensuring that changes in global latent variables correspond
to meaningful variation in the generated signal. While the current method depends
on the successful training of a teacher network to capture global attributes, further
research is needed to understand the conditions under which teacher effectiveness is

maximised and generalised.
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Chapter 5

Balancing the Information
Bottleneck: Adaptive

Gaussian Dropout

Disentangled sequential autoencoders (DSAES) offer a principled framework for sepa-
rating global and local generative factors in sequential data, as reviewed in Section[2.2]
Section elaborates on the framework’s application to speech, where this factori-
sation aligns naturally with the time-invariant nature of speaker identity and the
dynamic nature of linguistic content. Such a structure has shown promise in zero-
shot voice conversion (VC), where the goal is to modify the speaker characteristics of
an utterance while preserving its linguistic content, even for speakers unseen during
training.

A recurring challenge in training DSAEs is the collapse of the global latent repre-
sentation. Owing to the lower temporal resolution and the regularising effect of the
prior, the global representation is often overshadowed by the frame-level local latents.
Chapter [3| and Chapter [4] propose countermeasures to this issue and validate their
effectiveness using monophonic music audio. This chapter focuses instead on speech
disentanglement, where the collapse of the global representation hampers the model’s

ability to isolate speaker identity from local linguistic content. Although evaluated in
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the context of zero-shot VC, the proposed method is modality-agnostic and orthog-
onal to the approaches proposed in the previous two chapters on music. Exploring
how these strategies may complement one another across both the music and speech
domains is left as an avenue for future work.

Specifically, a simple yet effective regularisation technique—posterior variance-
parameterised Gaussian dropout (pvpGD)—is introduced to address the challenge.
By applying a multiplicative noise channel to the local latent space, with the noise
magnitude scaled according to the posterior variance of the global latent, the method
dynamically adjusts the information capacity of the local representation in accor-
dance with global latent usage. Intuitively, when the model bypasses the global
latent for data reconstruction, the posterior variance of the global latent increases
to match closely to the standard Gaussian prior. This in turn amplifies the noise
applied to the local latents, thereby strengthening the information bottleneck and
hindering reconstruction quality. In other words, the model is penalised for commu-
nicating all information solely through the local latents, which mitigates the collapse
of the global latent. The approach is fully unsupervised, does not require labelled
speaker data or architectural modifications, and integrates seamlessly into existing
DSAE-based VC models. Empirical evaluations on zero-shot VC demonstrate sub-
stantial improvements in speaker similarity while preserving or enhancing intelligibil-
ity, thereby validating the efficacy of pvpGD in rebalancing latent utilisation within
the DSAE framework [T

5.1 Introduction

Building on Section this chapter focuses on the collapse of the global latent
variable in the context of speech disentanglement and zero-shot VC.

DSAEs provide a probabilistic formulation of this factorisation, but in practice
the high temporal resolution and expressive capacity of local latents often dominate
the training dynamics, leading to underutilisation or collapse of the global latent

space (Lu et al., [2022; Lian et al., 2022b).

IThis chapter is based on work published in Luo et al. (2024b).
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Several studies have attempted to resolve this issue by introducing supervised
speaker encoders (Jia et al., [2018; Variani et al., |2014), contrastive learning objec-
tives (Yuan et al., |2021; Luong et al., |2021)), or architectural bottlenecks such as
dimensionality reduction (Qian et al., |2019)), instance normalisation (Chou et al.,
2019)), and vector quantisation (Tjandra et al., [2021]). While these approaches offer
partial solutions, they often depend on labelled data, introduce additional training
complexity, or impose rigid constraints on model design. Moreover, many of them
remove the prior distribution over the global latent variable, resulting in deterministic
speaker representations. Although this design choice mitigates posterior collapse by
not introducing noise and uncertainty to speaker representations, it limits the model’s
flexibility for tasks such as unconditionally sampling novel speakers and smoothly in-

terpolating between speaker identities (Hsu et al., |[2019; Stanton et al., 2021)).

This chapter introduces pvpGD, a stochastic regularisation method that adap-
tively injects multiplicative noise into the local latent representation. The noise level
is determined by the posterior variance of the global latent, such that higher uncer-
tainty in the global variable induces stronger noise in the local latent, discouraging it
from absorbing global information. Conversely, when the global posterior is confident,
less noise is applied, preserving the fidelity of local representations. In contrast to
conventional Gaussian dropout, which requires manual tuning of the dropout strength
(S. Wang et al., 2013; Rey et al., [2021; Srivastava et al., |2014), pvpGD derives its
dropout strength from the posterior variance of the global latent variable. Even
though one might argue for the potential benefit of introducing an additional scaling
factor on the posterior variance to more explicitly control the noise level, a similar
effect can already be achieved through the existing weight 8, on the Kullback-Leibler
divergence (KLD) term associated with the global latent space in . Therefore,
pvpGD is kept simple and free from additional hyperparameters. The method remains

applicable as long as the posterior over the global latent is Gaussian.

Applied to existing zero-shot VC models, pvpGD enhances the separation of
speaker and linguistic representations without requiring supervision or architectural
alterations, while preserving an explicit prior distribution for the global latent space.

Evaluations demonstrate consistent gains in speaker similarity and competitive char-
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acter error rates across a range of DSAE variants and regularisation regimes. These
results highlight pvpGD as a robust and general-purpose method for mitigating global

latent collapse in speech disentanglement tasks.

5.2 Related Work

5.2.1 Speaker-Content Disentanglement

Sectionelaborates on the DSAE (Y. Liet al.,[2018)) and its optimisation challenges,
notably the tendency for posterior collapse. Moreover, contemporary models for zero-
shot voice conversion (VC) often adopt the architectural inductive biases embedded

in the DSAE framework, as reviewed in Section [2.4]
To briefly summarise, the DSAE describes the generative process of a sequence
X1.7, using the factorisation:

L

H po(Xt|s, zt) po(zt|z<t) po(s),
t=1

where the global latent variable s captures sequence-level attributes such as speaker
identity, and the frame-level latent variables z1.;, account for dynamic content, such
as phonetics. Following the variational autoencoder (VAE) framework (Kingma et al.,
2014} Rezende et al.,|2014), the model introduces approximate posteriors ¢, (2z1.1|X1.1)
and gy (s|x1.1) to optimise a modified evidence lower bound (ELBO), incorporating
weighting coefficients 85 and [, to modulate the information bottlenecks, in a manner
analogous to the S-VAE (Higgins et al., |2017a). Concretely, the objective function,

identical to (2.4) but restated here for convenience, is written as:

LDSAE = Eq, (21,1, six1.) [ 108 Po(X1:L, 21:1., 8) — 10g qg(z1:L, 8[x1.1)]
L
= Z B, (2 %1, )as (slx1:1.) | 108 Do (X¢ |2, 5)]

t=1
L

= B> By aiixnn) [PrL (00 (2ex1:L) [Po (24 ]2<1)) |

t=1

— BsDxk1, (q¢(s|x1;L)Hp9(S))-
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In zero-shot VC, gy(s|x1.r.) and gy(z1.1|x1.) serve to encode speaker identity
and linguistic content, respectively. Conversion is performed by retaining z;.r, from
a source utterance while substituting s from a target utterance. However, a critical
challenge lies in the imbalance of information capacity: the static s is significantly
more constrained than the sequence z;.5,, leading to speaker information leakage into
z1.1, and degraded conversion quality. Reducing 8, can alleviate this leakage by allow-
ing s to encode richer speaker characteristics, yet may result in an under-regularised
latent space. Conversely, increasing [ tightens the posterior distribution, potentially

causing the KLD term in (2.4) to vanish, i.e.,

Dxr (gs(sx1.2)[[pa(s)) — 0,

thereby rendering s uninformative.

5.2.2 Counteracting the Collapse of Speaker Representations

Numerous models based on the DSAE framework introduce mechanisms to preserve
speaker identity within the global latent variable, as discussed in Section

AutoVC (Qian et al., |2019)) bypasses the KL terms in the ELBO, instead limiting
the representational capacity of zy.;, by restricting its spatial and temporal dimen-
sions. The speaker embedding s is obtained from a speaker classifier trained indepen-
dently. Other methods incorporate speaker supervision using auxiliary or adversarial
losses (Nguyen et al., |[2022; Luong et al., |2021]).

AdaIN-VC (Chou et al., [2019) applies instance normalisation (X. Huang et al.,
2017) to z;.1, to remove global statistics and sets 3, = 0 to eliminate the bottleneck
for s. Vector quantisation (VQ) (Oord et al., |2017)) has also been used to discretise
z1.1,, thereby reducing its capacity and discouraging the encoding of speaker-specific
information (D.-Y. Wu et al., [2020; Tjandra et al., 2021)).

Despite differences in supervision and architectural design, a unifying strategy
across these models is to constrain the expressiveness of zi.;, in order to promote
reliance on s. In contrast, Lian et al. (2022b) and Lu et al. (2022) preserve the

original DSAE structure without external constraints, achieving fully unsupervised
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disentanglement. Retaining the prior p(s) additionally allows for unconditional sam-
pling of novel speaker identities and smooth interpolation across speakers (Stanton
et al., |2021; Hsu et al.,[2019). Nevertheless, effective disentanglement in such settings

hinges on careful tuning of 85 and 3, (Lian et al., |[2022b; Lu et al., |[2022).

5.2.3 Gaussian Dropout as an Information Bottleneck

An ideal representation should be sufficiently expressive for downstream tasks while
remaining compressive with respect to the input (Bengio et al., [2013a; Tishby et al.,
1999). One means of enforcing this constraint is through the injection of noise, such
as Gaussian perturbations, which act as an information bottleneck (Alemi et al.,|2017;
Rey et al., |2021)).

For example, information bottleneck layers can be applied to systems that combine
an autoregressive (AR) model and a VAE to regularise the information pathway.
The main idea in such systems is to use the AR model to capture local details and
nuisance factors, while reserving the VAE for global factors that are more semantically
meaningful. However, AR models are often capable of modelling the data distribution
alone without relying on information encoded by the VAE, similar to posterior collapse
discussed in Chapter m To counteract this issue, X. Chen et al. (2017) and
Gulrajani et al. (2017)) propose architectural restrictions on AR models, whereas Rey
et al. (2021)) introduce Gaussian dropout (GD) as channel-wise multiplicative noise
to limit the information capacity of the AR model, thereby encouraging the system
to make use of the VAE outputs.

More specifically, GD is applied to a representation r as:

r' =rxe where e ~ N(1,0°I). (5.2)

The noise level is controlled by a hyperparameter . When compared against additive
Gaussian noise (Alemi et al., 2017), Rey et al. (2021) show that multiplicative GD
achieves a better trade-off between data reconstruction quality and expressivity of the
learnt representation. This chapter investigates the use of this mechanism to regularise

the local latents zy.;, of DSAEs, thereby limiting their capacity and incentivising the
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model to encode global factors, such as speaker identity, in the global latent s.

5.3 Method

This section introduces a novel parameterisation of the variance used in multiplicative
Gaussian noise, which acts as a form of dropout or information bottleneck without

requiring additional hyperparameters.

5.3.1 Objective Function

To focus on verifying the effectiveness of the proposed method in mitigating posterior
collapse of the global latent, both the prior and approximate posterior distributions
are configured in factorised forms. Specifically, the prior distributions are simpli-
fied as pg(z1.7) = Hle p(z:) and py(s) = p(s), where both p(z;) and p(s) are set
to N(O,I). The approximate posterior distribution gg(z1.r.,s|x1.r) is factorised as
gs(s|x1:1) Hle ¢4(z¢|x1:2). Under these assumptions, the objective function reduces

to:

CBSAE =E q¢(z1:1,8|X1.1.) [logpe(XLL, Z1;L75) — log Q¢(Z1;L, S|X1:L)]

L
Z]E(M (z¢]%1:1)q¢ (s|x1:1) [IOgPO(Xt|Zt, )]

t=1

L
Z KL (46 (2ze|x1:1) ||p(2¢))
— BsDkr (g (s[x1:1) Ip(s)).

The main idea of the proposed method is to apply multiplicative Gaussian noise to
the local latent z;, ~ g4 (z¢|x1.1.), and to use the noise-perturbed local latent together
with the global latent s to reconstruct the data x;. The additional noise introduces an
extra information bottleneck on the local latent, which limits its ability to encode all
information and helps to prevent the global latent from collapsing. The next section

specifies the parameterisation of this noise.
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5.3.2 Noise Parameterisation

Let the standard deviation of the diagonal Gaussian posterior ¢4(s|x1.1,) be denoted
as 05 1= 0g(s) = (Ugl), ce a&Ds)) € RPs, where D, is the dimensionality of the global

latent space. The proposed parameterisation is defined as:

1
Ds

D, D,
1 s s

log opvpap = Do Zlog ol = log [H agd)] . (5.4)
5 d=1 d=1

That is, the standard deviation used in pvpGD is given by the geometric mean of the
standard deviations in o.
The pvpGD noise can be applied to any latent variable; in the present setting, it

is applied to the local latent z; ~ g4 (z¢|X1.1.), resulting in a perturbed version:
zy =z X €, where ¢ ~ N'(1,03,,cpl). (5.5)

Unlike conventional GD (Rey et al., [2021; S. Wang et al., [2013), pvpGD introduces
no additional hyperparameters, such as a fixed dropout probability. As shown in
(15.4), angGD can be computed simply by exponentiating the arithmetic mean of

log o2, a quantity commonly produced by a fully connected layer in standard VAE

implementations.

5.3.3 Interpretation

The proposed pvpGD mitigates the posterior collapse of the global latent variable s
by coupling the bottleneck applied to the local latent z; with the posterior variance of
s. Over-regularisation leads to Dk, (qe(s[x1..)|[p(s)) — 0, resulting in the collapse of
s. According to and (5.5)), this increases the value of opypcp, thereby imposing
a stronger bottleneck on z;. Since a collapsed s also impairs the capacity of z;, the
model is incentivised to limit the expansion of o, thus mitigating collapse.

On the other hand, making opvpgp arbitrarily small to increase the capacity of
z; effectively removes the stochasticity of ¢,(s|x1.1), which is penalised by the KL
divergence term Dkr, (e (s[x1..)|p(s)) in the ELBO, given the standard normal prior

p(s). In other words, the proposed pvpGD counteracts the collapse of s by introducing
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a bottleneck to z;, with its strength determined by the capacity of s.

By coupling the capacities of the two latent variables, the model is encouraged
to operate in a regime where neither latent dominates the reconstruction process. In
this context, a reasonable equilibrium refers to a training regime in which s remains
sufficiently informative to avoid posterior collapse, while z; retains enough effective
capacity to model time-varying details without becoming an unrestricted information
channel. As a result, s is regularised, yet retains a suitable amount of information,

which is empirically verified by Fig. [5.3

5.4 Experiments

The proposed pvpGD is applied to AdaIN-VC (Chou et al.,[2019)) and DSAE (Lian et
al.,|2022b; Lu et al.,2022)), as well as to their speaker-supervised and VQ counterparts.
In the context of zero-shot VC, empirical results are presented to demonstrate that
pvpGD effectively mitigates the collapse of speaker representations across a wide

range of bottleneck strength. Specifically, the experiment sets 85 = {0,0.5,1,4, 32}
and 8, =1 in (5.3).

5.4.1 Datasets

The experiments are conducted using the VCTK dataset (Veaux et al., [2013]), with
99 English speakers allocated to the training set and 10 to the test set. A validation
set is created by withholding 10% of the training data. The test set comprises an
equal number of male and female speakers. In addition to reserving specific speakers
for testing, a total of 47 out of 500 unique utterances are randomly excluded from the
training set.

In total, the training and test sets contain 32,822 and 4,011 utterances, respec-
tively. All test utterances are from speakers unseen during training, with 378 of them
also containing spoken content not observed in the training set. Furthermore, the
25 utterances used for intra-lingual conversion in VCC2020 (Zhao et al., [2020)) are
included for evaluation purposes only.

All recordings are downsampled to 22,050 Hz. Logarithmic mel spectrograms with
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80 frequency bands are extracted from a short-time Fourier transform using a window

size of 1024 and a hop size of 256.

5.4.2 Evaluation

A total of 4,011 random source—target pairs are constructed from the VCTK test set,
where all speakers are unseen. Among these, 378 pairs involve conversions between
utterances with unseen spoken content. The VCC2020 evaluation set provides an
additional 400 source—target pairs for inter-dataset evaluation.

In zero-shot VC, the speaker acceptance rate (SAR) is reported to assess the
success of speaker identity transfer, and the character error rate (CER) is used to
evaluate the preservation of linguistic content (W.-C. Huang et al.,|2022; T.-H. Huang
et al., [2021). SAR is computed as the proportion of converted utterances that are
accepted by a speaker verification (SV) system. Separate SV systems are built for the
VCTK and VCC2020 test sets, using speaker embeddings obtained from a publicly
available pre-trained speaker encoderE| CER is measured using a pre-trained wav2vec

2.0 model ]

5.4.3 Implementation of Common Modules

The global encoder g¢4(s|x1.1,) follows the speaker encoder design from AdaIN-VC
(Chou et al., 2019). The input mel spectrogram is first passed through a convolu-
tion bank that concatenates the outputs of eight one-dimensional convolution (Conv)
modules. The result is then processed by six blocks of Conv and subsampling layers,
followed by temporal average pooling to obtain an utterance-level embedding. This
embedding is projected onto a latent space of size D; = 256 and subsequently passed
through two fully connected (FC) layers that form the Gaussian reparameterisation
layer, yielding the mean p, and standard deviation o, for parameterising ¢4 (s|x1.1.).

The local encoder g4(z:|x1.1.) is adapted from a VQ model for acoustic unit discov-
ery (Niekerk et al., |2020a)). It begins with a Conv layer with stride two, halving the

temporal resolution. This is followed by five blocks comprising layer normalisation,

Zhttps://github.com/resemble-ai/Resemblyzer
3https://huggingface.co/facebook/wav2vec2-large-960h-1v60-self
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ReLU activation, and an FC layer. The final FC layer maps the intermediate embed-
ding e; to a local latent space of size D, = 64, which is then passed to a Gaussian
reparameterisation layer to produce u, and o, at each time step.

The decoder py(x¢|z, s) follows the architecture of AutoVC (Qian et al., [2019). It
first upsamples z; (or its perturbed variant z}) by a factor of two via linear interpo-
lation and repeats the global latent s across T' time steps. A 512-dimensional LSTM
consumes the concatenated z; and s as input, followed by three blocks of Conv and
batch normalisation (BN). This is followed by two 1024-dimensional LSTM layers and
an FC layer that maps the embedding back to the mel spectrogram size D, = 80. A
Gaussian reparameterisation layer then produces the output mean pu,, with o, held
fixed in practice.

A PostNet, composed of five Conv and BN blocks, refines the reconstruction i,
by predicting its residual from the input mel spectrogram. The final audio waveform

is synthesised using the pre-trained MelGAN VocoderEI

5.4.4 Implementation of individual models
AdaIN-VC

AdalIN-VC extracts the global latent s using the speaker encoder described in Sec-

tion The content encoder includes an instance normalisation (IN) layer before

the Gaussian reparameterisation layer. The IN layer normalises the content branch

using channel-wise statistics, which is intuitively expected to remove speaker infor-
mation (Chou et al., [2019). Formally, given an intermediate representation h:

h — pu(h)

INh) = ———= 5.6

() = 2, (56)

where p(h) and o(h) denote the channel-wise mean and standard deviation. The

local latent at each time step is then sampled as follows:

2 ~ N (ps. (IN(B.)), 02 _(IN(h,))1), (5.7)

4https://github.com/descriptinc/melgan-neurips/tree/master
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where h. represents the hidden states of the local encoder that precede the IN and
Gaussian parameterisation layer. The application of pvpGD follows to regularise
the local latents.

Rather than concatenating z and s as input to the decoder, AdaIN-VC retains
speaker information by replacing the BN layers in the three convolutional blocks with
adaptive IN layers. Each adaptive IN layer first applies IN and then performs an
affine transformation with a learnable mean and standard deviation conditioned on
the global latent s (Chou et al., |2019)). Formally, given intermediate representations
of the decoder hy:

AdaIN(hg,s) = y(s) - IN(hg) + S(s), (5.8)

where «(s) and 3(s) are scale and shift parameters predicted from the global latent
s through simple linear projections. The input hy to the first adaptive IN layer of
the decoder is either the local latents z1.7 or their noised counterpart z)., if pvpGD
is applied. This design explicitly conditions the affine transformation on s, enabling
speaker information to modulate the normalised content representation. When opti-
mised by , positive s and 3, provide a principled probabilistic extension of the
original formulation (Chou et al., [2019)), and the original model is recovered when

both 85 and [, are set to zero.

DSAE

The DSAE model is optimised using (5.3) and incorporates the speaker encoder,
content encoder, and decoder described in Section When pvpGD is applied, it
follows the formulation given in (5.4]).

DSAE-S

A speaker-supervised variant, referred to as DSAE-S, is also implemented for com-
parison. The speaker encoder is replaced with the same pre-trained model used for
SV in Section following the design of AutoVC (Qian et al., 2019)). Specifically,
an alternative version is considered in which the normalisation on the output of the

pre-trained encoder is removed. A Gaussian reparameterisation layer is appended to
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allow fine-tuning of the speaker embedding. This design maintains the probabilistic
structure of the model and allows optimisation via (5.3]), which also permits the use

of pvpGD as a regularisation method.

DSAE-VQ

DSAE-VQ is a VQ variant in which the Gaussian reparameterisation layer is removed
from the local encoder. Instead, a discrete latent z; is learnt from the continuous

intermediate representation e; using a codebook of size 512.

Concretely, let £ = {e(k)}zljl denote the trainable codebook. At each time step,

2
er—e®| oz =t (5.9)

k; = argmin ‘
1<k<512

and the straight-through estimator (Bengio et al., 2013b) is used to backpropagate
through the non-differentiable nearest-neighbour assignment. In this case, the second
KL term in is replaced with a VQ loss: « ZZ;I le:—sg(z:)||3, where o = 0.25 and
sg(+) denotes the stop-gradient operation, following existing methods (Niekerk et al.,
2020a; D. Wang et al.,|2021)). When pvpGD is enabled, it is applied to e; rather than

z; to avoid additional instability during training caused by the quantisation process.

5.4.5 Optimisation

The models are optimised using the Adam optimiser (Kingma et al., 2015) with a
batch size of 256. Each training sample consists of a mel spectrogram segment of

length T' = 128, corresponding to approximately 1.5 seconds of audio.

The learning rate is set to 5 x 1074, with 8; = 0.9 and B = 0.999, and gradient
clipping is applied with a threshold of threeﬂ Training is stopped early if the value of
Lhsag (0.3), evaluated in the validation set, does not improve for a patience period
of 13,000 steps.

5Settings adapted from https://github.com/KimythAnly/AGAIN-VC| (Y.-H. Chen et al.,2021)).
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Figure 5.1: Evaluation of zero-shot VC on VCTK and VCC2020 using three random
seeds per model. Speaker conversion in terms of speaker acceptance rate (SAR, higher
is better) versus preservation of linguistic content in terms of character error rate
(CER, lower is better) across s (denoted as f§ for simplicity in the figure).

5.5 Results

5.5.1 Applying pvpGD to Different Models and Values of [,

The main results are presented in Fig. where each model is evaluated using three
random seeds. A model with an unconstrained speaker embedding (8; = 0) is also
included for reference. In this case, pvpGD is not applicable since the added Gaussian

noise must be parameterised by the variance of a stochastic speaker latent variable.

The results are not intended as a rigorous comparison across existing models or
colour groups, given the lack of extensive hyperparameter tuning per model. In par-
ticular, models such as DSAE-VQ demand greater tuning effort due to the additional
complexity introduced by vector quantisation. Instead, the aim is to demonstrate the
effectiveness of the proposed pvpGD across varying values of [;.

When S; > 0, models augmented with pvpGD consistently outperform their
vanilla counterparts in speaker conversion, as indicated by SAR. This is evidenced
by the filled markers generally appearing above the corresponding unfilled markers
within each shape group. Exceptions include one run of DSAE and DSAE-VQ at
Bs = 32. In terms of CER, there is no systematic difference between models with and
without pvpGD, though notable improvements are observed in certain cases, such as
DSAE at 8; = 32, DSAE-S at 8; = 1, and DSAE-VQ at 3, € {4, 32}.

Overall, the speaker-supervised model DSAE-S serves as a reference point and
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tends to outperform unsupervised variants; pvpGD narrows this gap effectively. DSAE-
VQ typically yields lower intelligibility, as shown by its markers being shifted right-
ward, due to the VQ module. Additionally, the benefits of pvpGD appear most
consistent within a reasonable range of (s, and begin to diminish at higher values
(e.g., Bs = 32), aligning with prior findings (Lian et al., 2022b; Lu et al., [2022)).
Importantly, pvpGD improves SAR without compromising CER.

Although models with 5, = 0 often achieve competitive SAR through uncon-
strained speaker representations, constrained models equipped with pvpGD (e.g.,
AdaIN-VC at 5, = 1) may outperform in CER while maintaining similar SAR. Similar
observations hold for DSAE and DSAE-VQ. Beyond improved intelligibility, models
with 85 > 0 also support applications such as sampling from the prior and interpolat-
ing between speaker identities (Section7 and promote disentangled representations

of speaker attributes (Hsu et al., 2019} Higgins et al., [2017al).

5.5.2 Comparing pvpGD with Vanilla Gaussian Dropout

Fig. compares pvpGD to conventional multiplicative Gaussian dropout (Rey et
al., |2021)), using DSAE with 8; = 1. Here, GD is applied with dropout strengths
p=40.1,0.3,0.5}, replacing the variance term ogvaD in with odp = ﬁ‘

The results indicate that pvpGD offers a favourable trade-off, improving SAR by
approximately 10% (up to 20% on VCC2020) at the cost of a modest 5% loss in CER.
In one run, pvpGD does not incur any degradation in intelligibility. Among the GD
variants, p = 0.3 yields the most balanced trade-off. However, pvpGD achieves a com-

parable effect without introducing an additional hyperparameter, thereby simplifying

optimisation.

5.5.3 Limiting Expansion of Posterior Variance

The mechanism of pvpGD is further validated in Fig. [5.3] using DSAE to anal-
yse its influence on posterior variance. The left panel reports the average KLD,
Ex [Dxr (g0 (s|x)|[p(s))], and the active unit (AU) metric (Burda et al., [2016). while
the right panel shows the arithmetic mean of o5 and opvpgp. The AU metric quan-

tifies the number of active dimensions in the speaker latent space of size D; = 256,
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with a dimension considered active if its variance across samples exceeds 0.01.

As shown in the left panel, AU trends similarly to KLD, and pvpGD maintains the
activity level until 85 = 32, where the gap narrows. Nonetheless, pvpGD retains two
active units compared to one in the vanilla case, effectively doubling the information
capacity.

The arithmetic means of the standard deviation of the global latent o4 from the
models with or without pvpGD, shown by the yellow and blue bars, respectively,
complement the left panel. Specifically, without pvpGD, oy is close to 1.0 across
all values of B, collapsing to the standard Gaussian prior, while the application of
pvpGD significantly reduces o, preventing the collapse.

In conclusion, pvpGD delivers consistent gains when [ is within a reasonable
range. When (s becomes excessively large, the added penalty on the KLD—due
to shrinking os—may outweigh improvements in reconstruction. Future work may
explore strategies to better exploit the enhanced information capacity observed in

Fig. 5.3] potentially leading to further gains in reconstruction quality.

5.6 Summary

This chapter has introduced an alternative approach—orthogonal to the staged train-
ing frameworks presented in Chapter [3|and Chapter [d}for enhancing the robustness
of global-local disentanglement in (DSAEs). Whereas previous chapters concentrated

on two-stage training strategies to improve stability with respect to the dimensionality
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Figure 5.2: Comparing pvpGD against conventional Gaussian dropout using DSAE
with 8, = 1.
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Figure 5.3: Left: KLD (solid) and AU (dashed). Right: o, and opypan. Bs is denoted
as (8 for simplicity in the figure.

mismatch between global and local latent variables, the present chapter has focused
on mitigating sensitivity to the hyperparameter 5, which regulates the strength of
the information bottleneck in the global latent space.

The proposed method, pvpGD, is a dropout-based regularisation technique that
requires no additional parameters. By parameterising the noise level according to
the posterior variance, pvpGD allows the model to adaptively inject Gaussian noise
conditioned on the input, thereby facilitating a more effective balance between global
and local latent information. Its effectiveness has been demonstrated in the context
of zero-shot VC, where it improves the disentanglement between speaker identity and
linguistic content across various existing VC models and a wide range of g5 values.

Taken together with the methods proposed in Chapter [3] and Chapter [ the ap-
proaches developed in this thesis address posterior collapse from complementary per-
spectives. T'S-DSAE improves robustness by restructuring the optimisation process,
encouraging the model to establish disentangled representations before prioritising
reconstruction. J-DSAE focuses on preserving disentanglement while improving re-
construction quality by constraining the second training stage using outputs from the
first. In contrast, pvpGD operates directly on the latent bottleneck by dynamically
modulating the effective capacity of the local latent through noise parameterised by
the posterior variance of the global latent. As such, the three methods are best in-
terpreted as addressing different aspects of the same underlying robustness problem,

rather than as interchangeable alternatives.
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Chapter 6

Learning Composable
Pitch-Timbre
Representations: A
Two-Level Disentanglement

Framework

Disentangling pitch and timbre from the audio of a musical instrument involves encod-
ing these attributes as distinct latent representations, thereby enabling the synthesis
of novel sounds through independent manipulation of either attribute, as reviewed in
Section While Chapter [3|and Chapter [4|focus on improving the robustness of un-
supervised pitch-timbre disentanglement (PTD) for monophonic, single-instrument
audio, the present chapter extends PTD to the multi-instrument scenario, a rela-
tively underexplored direction. As a preliminary study, this chapter investigates a
fully supervised approach for its conceptual simplicity, which retains the global-local
inductive bias developed in the previous chapters.

The objective of multi-instrument PTD is to extract, for each instrument in a
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mixture, a source-specific representation that further encodes factorised pitch and
timbre representations. These representations serve as modular building blocks that
can be recombined to condition a decoder, thereby enabling the synthesis of new
mixtures via arbitrary combinations of pitch and timbre both within and across source
representations.

To tackle the challenge, this chapter employs a two-level disentanglement frame-
work, which first learns to separate and encode each source in a latent space, and then
disentangles pitch from timbre within each individual source representation. To vali-
date the approach, a simple autoencoder is introduced and evaluated on structured,
isolated chord mixtures. Subsequently, the method is scaled to the more complex
four-part chorale dataset using a more advanced architecture that jointly learns la-
tent variables and a diffusion transformer.

The evaluation highlights the key factors that contribute to successful PTD in the
multi-instrument context, and demonstrates the feasibility of mixture transformation

through source-level attribute manipulation]T]

6.1 Introduction

Building on the pitch-timbre disentanglement framework reviewed in Section [2.3] this
chapter considers the extension from single-instrument settings to mixtures containing
multiple instruments. Existing approaches focus primarily on single-instrument audio
and enable attribute transfer through latent manipulation. While effective, they do
not address mixtures containing multiple instruments. Although MSI-DIS (Lin et al.,
2021)) encodes mixtures of two instruments, its decoder still generates one instrument
at a time, conditioned only on the instrument’s pitch and timbre. This setup limits
the ability to model interactions between sources, as the decoder is not conditioned
jointly on the pitch and timbre of all constituent sources.

To bridge the gap, this chapter proposes DisMiz, a fully supervised framework for
disentangling musical mixtures and composing new ones via modular manipulation

of pitch and timbre representations. Each instrument in a mixture is encoded into

IThis chapter is based on work published in Luo et al. (2024al).
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a source-specific latent representation comprising distinct pitch and timbre variables.
Encoding is conditioned on both the input mixture and a set of instrument-specific
query clips, which specify the timbral identity of the sources to be extracted. These
pitch and timbre latents are encoded in separate subspaces, thereby enabling indepen-
dent manipulation of each attribute. The decoder then reconstructs a new mixture
based on the manipulated latent set, supporting fine-grained editing of musical con-
tent.

These representations serve as modular building blocks for music generation and
enable transformations such as replacing the flute in a piano—flute mixture with a
violin while preserving its melodic line. The decoder assembles these objects in a way
that preserves their pitch and timbre. This is reminiscent of “object representation”
(Greff et al., [2020; Bizley et al., 2013)) motivated by the human ability to understand
complex ideas in terms of reusable and primitive components (Fodor et al., [1988).

Two instantiations of DisMix are introduced. The first, described in Section [6.5)
offers a proof of concept based on isolated chord mixtures using a simple autoencoder
architecture. The second, presented in Section extends the framework to the
more complex CocoChorale dataset (Y. Wu et al., 2022, which consists of four-
part chorales rendered by thirteen orchestral instruments. The latter model admits
a diffusion autoencoder framework (Preechakul et al., [2022) that jointly learns the

disentangled representations and a diffusion transformer (Peebles et al., [2023)).

6.2 Related Work

6.2.1 Pitch and Timbre Disentanglement

A variety of strategies have been proposed for PTD in music audio. These approaches
include supervised learning frameworks (Luo et al., [2019; Engel et al., 2017; Bitton et
al.,|2018; Y. Wu et al.,[2023) and self-supervised and metric learning guided by domain
knowledge (Esling et al., [2018; Tanaka et al., [2021} Tanaka et al., 2022} Cifka et al.,
2021} Luo et al.,[2020). Both TS-DSAE (Chapter[3) and J-DSAE (Chapter[d)) leverage
inductive biases introduced through architectural design and training strategies that

are general and domain-agnostic (X. Liu et al.,|2023; Y. Wu et al., [2025). As reviewed
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in Section 2.3] these methods have demonstrated effective disentanglement for single-
instrument audio, supporting applications such as pitch or timbre transfer and fine-
grained control over synthesis.

However, these methods are fundamentally constrained to single-source scenarios,
and their applicability to mixtures containing multiple instruments remains unclear.
To fill this gap, the present chapter aims to disentangle pitch and timbre at the source
level from mixtures of instruments, assigning each instrument a distinct latent rep-
resentation with separable pitch and timbre components. Few studies have explicitly
addressed the problem of disentanglement from multi-instrument mixtures. Hung
et al. (2019) and Cwitkowitz et al. (2024]) both focus on learning a global timbre
representation from a mixture, for downstream tasks such as symbolic music rear-
rangement and transcription, respectively. Cheuk et al. (2023|) propose a multi-task
framework that improves pitch transcription by conditioning on timbre estimates, but
do not explicitly learn disentangled pitch and timbre representations.

MSI-DIS (Lin et al., 2021) is a unified model for transcription, separation, and
single-instrument generation from mixtures. While it supports two-instrument sce-
narios, its design is centred on synthesising individual instrument tracks rather than
jointly sampling multiple sources. By contrast, the method proposed in this chapter
focuses on mixture transformation by encoding and manipulating per-source pitch
and timbre representations, and composing novel audio mixtures via a conditional
diffusion transformer. Evaluation is conducted through source-level manipulations,

which test the composability and disentanglement of the learnt latent space.

6.2.2 Object-Centric Representation Learning

In computer vision, learning object representations entails encoding entities within a
visual scene as distinct representations (Greff et al., 2020; Locatello et al., 2020b).
Recent work has also introduced attribute-level disentanglement within object rep-
resentations, facilitating compositional scene generation (Singh et al., |2023; Z. Wu
et al.;|2024; Y.-F. Wu et al., |2024]).

This paradigm has also been explored in the audio domain. Gha et al. (2023)) and

Reddy et al. (2023)) learn separate representations for different sources from mixtures.
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Model Inference

Figure 6.1: Plate notation of the proposed framework, DisMix. Diamond-shaped
nodes indicate deterministic transformations of their parent nodes. Shaded nodes
denote observed variables, while unshaded nodes represent latent variables. Left:
The generative process samples, for the i-th source among N, sources, a source-
level latent s composed of a timbre latent 7(Y and a pitch latent (9. The pitch
latent is conditioned on its ground-truth pitch label 3. All source-level latents
{s(i) }f\isl jointly contribute to generate the observed mixture x,,,. Right: The inference

process independently infers each source-specific timbre latent 7(Y) and pitch latent

v conditioned on both the mixture z,, and a query xgi). The timbre of the query

determines which instrument to extract from the mixture.

The approach proposed in this chapter treats each instrument as an audio object and
disentangles its pitch and timbre into separable latent subspaces. This formulation
supports fine-grained, compositional editing of musical scenes, such as recombining

attributes across instruments or reassembling mixtures with novel configurations.

6.3 DisMix: The Proposed Framework

Given z,,, a mixture composed of Ny unique sources of musical instruments {xg) }?7:517
the goal is to extract, for each instrument, a source-level latent s(* that combines
representations of timbre 7(9 and pitch v(. These N, source-level latents are used
to condition a decoder to reconstruct the mixture. The proposed framework, DisMix,

follows a generative process and an inference network depicted in Fig. [6.1]

6.3.1 Generative Process
Fig. m (left) shows the generative process of a mixture x,,:
1. Sample a timbre latent for the i-th source: 7(9 ~ N(O, I);

2. Sample a pitch latent for the i-th source, conditioned on the pitch annotation

y(i); O Do, (V(i)|y(i));
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3. Deterministically set the source-level latent as a function of both latents: s(?) =

fo, (70, v19);
4. Generate the mixture: z,, ~ pg,, (,,|S), where § = {5V} = |

The networks with parameters 6,,, 6, and 6,,, corresponding to the sampling of mix-
tures, source-level latents, and pitch latents, are specified in Sections and for
the AE and LDM variants, respectively. Note that (9 and 7(?) are sampled indepen-
dently, which allows pitch and timbre latents to serve as modular building blocks for
mixture composition, and facilitates source-level pitch—timbre disentanglement and
manipulation.

The joint distribution over the mixture, the timbre latents, and the pitch latents

is written as:

N,
po, (@nlS) [ 5(8(1) g, (), U(z))) po, (WO [y )p(r®), (6.1)

=1

where §(-) is the Dirac delta function. Here, the delta term encodes the determin-
istic mapping s = fy_(7() (D) meaning that the density has support only where
this equality holds. DisMix is learnt by introducing an inference network, detailed
in Section [6.3.2] to approximate posteriors over the latent variables that are oth-
erwise intractable, and by maximising a lower bound on the marginal likelihood
(@ [ {yP}N)) (Kingma et al., [2014; Rezende et al., 2014). The training objective is
described in Section

6.3.2 Inference Network

The inference network in Fig. (right) extracts the timbre and pitch latent variables
given both a mixture and a query, motivated by the query-based source separation
framework (Lin et al., 2021} Lee et al., 2019} Y. Wang et al., |2022)). The assumption
is that the instruments of the constituent sources are known and the queries are

available to extract the sources from a given mixture. A query x,(f) shares the timbre

characteristics with a constituent source mgi) of the mixture—both are played by

the same instrument, regardless of pitch. However, instrument annotations are not
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explicitly used in any of the loss functions in Section [6.4]

Each mixture x,, is paired with a set of Ny queries, randomly sampled from
the datasets, that match the set of instruments in the mixture. The features e,, =
Ey,, () and e((]i) = Eq4, (x,(f)) are extracted, where Ey, (-) and Eg, (-) denote neural
networks. The concatenation of the two embeddings, denoted as eS,?,q, is used to

extract pitch and timbre features specific to the i-th of Ny sources from the mixture.

As illustrated on the right of Fig. [6.1] both the pitch and timbre encoders take a

common factorised form in the inference network:
N
s, Uz, {201) = T 00, @Pe)), (6.2)
i=1

where u € {v,7} and U € {{v®}, {7} }. Given e, the pitch and timbre la-
tents of the i-th source are encoded independently of each other and of other sources.
Fig. [6.2 outlines the implementation of the inference network, and the parameterisa-

tion of both the pitch and timbre encoders is described as follows.

Pitch Encoder

The extraction of the pitch latent follows the steps of transcription, binarisation,
and translation. The transcription task encourages timbre-invariant outputs, and
the binarisation layer introduces a strong bottleneck to further remove information
sensitive to timbre. The binarised output is finally transformed to the pitch latent.

The three steps can be mathematically written as:

Transcription §*) = E%(‘igr?,q);

Binarisation g{)ﬁl = LiSigmoid(§())>h}} (6.3)

Translation (9 = te, (Q](;l)n)

Both Eg, (-) and fg, (-) are neural networks. 1. is the indicator function that defines
the stochastic binarisation layer SB and h ~ U(0, 1) is a threshold sampled for each
training step and is fixed at 0.5 during the evaluation. The straight-through estimator

(Bengio et al., [2013b)) is used to bypass the non-differentiable stochastic operator.
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The common structure of inference Two decoder implementations
LDM

Figure 6.2: Two decoder variants—a simple autoencoder (AE, Section and a
latent diffusion model (LDM, Section —are implemented to validate the proposed
framework. While the two variants employ different mixture synthesis pipelines, il-
lustrated by the red and blue boxes and arrows, they share the same architecture for
extracting sets of timbre latents 7(¥) and pitch latents #(Y). Encoders: Given a mix-

() is used to extract the pitch and timbre

latents corresponding to the i-th source. Specifically, the embeddings of x,, and x,(;)
are concatenated and used to derive both latent variables. These two attributes are
then combined to form the source-level latent s() via fp.. This process is repeated
N, times to extract a set of source latents {s(V}2+ . Decoders: The AE variant
reconstructs the mixture from the embedding of the mixture e,,, regularised by a

prior distribution parameterised by {s®}~+ . This design is reminiscent of a VAE.

ture x,,, comprising Ny sources, a query g

In contrast, the LDM variant first predicts the latent representations {zs }Na of the

sources {xgi)}ﬁ\fl, extracted from a pre-trained model, and reconstructs the mixture
using the decoder Dy, of that model. The details of each module are elaborated in
the main text.

Altogether, the pitch encoder is defined as follows:
gs, VD elD) ) = 6D — 0D) = 5D — 1, (51))), (6.4)

where (! deterministically takes the value of #(*) in (6.3). This is reflected in 7
a training objective of DisMix—the first term takes the pitch latent v = () to
condition the mixture reconstruction, and the second term encourages the value (¥

to adhere to the pitch prior.

Timbre Encoder

The timbre encoder parameterises the mean and variance of a Gaussian posterior:

0o, (11el) ) = N (70 g, (el ), 03 (el D), (6.5)
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The timbre latent is sampled from the Gaussian by the reparameterisation trick
(Kingma et al., 2014: Rezende et al., 2014), ie., 70 = py (el ) + eog. (e$y),
where € ~ N(0,I). The standard Gaussian prior described in Section is ap-
plied to constrain the information capacity of the timbre latent, which introduces the

Kullback-Leibler divergence (KLD) term corresponding to the timbre prior in (6.6)).

6.4 Training Objectives

6.4.1 Evidence Lower Bound

Based on the generative process and the inference network described in Section[6.3] a
valid evidence lower bound (ELBO) to the marginal log-likelihood log p(z,|{y?} X))

is written as follows:

oy [108 D0, (2 {59 = £, (70, 50) 1)

é\]:sl dér (T(i) |e§n

LrrBO = EH

mixture reconstruction

N
+> logp, (1D [y D)
= (6.6)

pitch prior

N
- Z DxkL(qg, (r) ||p(7(i))) .

timbre prior

Intuitively speaking, a pitch and a timbre latent for each source are extracted given a
mixture and a source-dependent query, the collection of which is used to reconstruct
the mixture. The pitch and timbre latents are constrained by the information bot-
tleneck imposed by their prior distributions to encourage the disentanglement of the
two attributes.

Section further introduces the auxiliary objectives used to explicitly separate
each source-level latent from the mixture and enhance the pitch-timbre disentangle-
ment within each source. As illustrated in Fig. while the LDM and AE variants
share the same inference network described in Section they have different im-
plementations for the modules corresponding to the parameters 6,,, 65, and 6,,, which

are detailed in Section [6.5] and Section respectively.
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6.4.2 Disentanglement by Auxiliary Supervision

Source Supervision

In addition to observing the mixtures, it is assumed that individual sources, {xgi) 3N

are also available during training. To facilitate the extraction of source-level latents,

source-wise reconstruction terms are introduced to the objective:

N
Lse=D B, e [logpe, (@5 =fo, (10, 00)]. (6.7)
i=1

Note that the decoder with parameters 6, is reused for source reconstruction.

Pitch Supervision

Extracting the pitch latent begins with pitch transcription by E4, (-) as specified in

(6.3). The transcription is supervised by minimising a binary cross entropy loss:
where y(?) is the ground-truth pitch annotation of the i-th source.

Timbre Supervision

The query m,(f) and the constituent source xgi) can be seen as two “views”, as they have
different pitch values or melodies, with a common semantic “object”, for them sharing
the same instrument. Similar to how common self-supervised learning techniques
consider an image of an object and its rotated version as a positive pair that is
semantically close (T. Chen et al., [2020), a simplified Barlow Twins loss (Zbontar et

al., [2021)) is introduced to enhance the correlation between the query and the timbre

latent. Specifically, the objective is to minimise:

Ns D,
»CBT = Z Z(l — Cdd(e,(j), T(i)))2 (69)
=1 d=1

where C is a cross-correlation matrix, and both e((f) and 7( share the same dimen-

sionality D .
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Empirically, the standard Gaussian prior can over-regularise and collapse the tim-
bre latent, similar to the effect of posterior collapse discussed in Section [2:2:2] and
throughout the thesis. Lpt counteracts this effect and promotes a discriminative

timbre space.

6.4.3 The Final Objective

In summary, the aggregated objective function to be maximised is written as follows,

with all loss terms weighted equally in the experiments:

Lpismix = LELBO + Lsre — LBCE — £BT (6.10)

which can be interpreted as a VAE augmented by inductive biases introduced to sep-
arate source-level latents by Lg;., and to disentangle pitch and timbre of each source
by Lpcg and Lpr, respectively. The next sections elaborate on the architectural

implementations of the two DisMix variants: the AE and the LDM.

6.5 A Simple Case Study Using an Autoencoder

This section first introduces a hierarchical variant of DisMix implemented by an AE
with simple model architectures. The experiments and results are then reported which

identify the key loss functions for pitch-timbre disentanglement.

6.5.1 A Hierarchical Model

The Gaussian likelihood pg, (7,,|S) in LeLso is parameterised by a decoder

Dy,,. Although a permutation-invariant decoder such as a transformer (Vaswani et al.,
2017)) could be employed to reconstruct a mixture from the set of source-level latents
(red box in Fig. , this section first examines an alternative parameterisation that
does not require specific architectural choices (blue box in Fig. .

In this variant of DisMix, the mixture embedding e,, = Eg, (z,,) is used to re-

construct the mixtures, thereby avoiding reliance on specialised network architectures

that may be computationally expensive and architecturally complex. Specifically, the
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ELBO of this DisMix variant is written as follows:

LELBO = Eo(p—Ey,, () [108 P, (Tm]2m)]

mixture reconstruction

+EH£V:S1 a6, (T e ) [logp(zmHs(i) = fp, (T(i)’ ﬁ(i))}ﬁisl)]

mixture embedding prior

N,
- NOTG 6.11
+> logpy, (01[y) (6.11)
i—1

pitch prior

N.
- Z D (gs, () [p(r?)),

timbre prior

where z,, is introduced as an additional latent variable to encode z,,. Note the
similarity between the first term from Lgrso and the second term from Ly o the
latter can be seen as reconstructing the mixture in the latent space, as the target is

zm 1nstead of z,,.

In the first term of Lo, the delta function, with respect to which the expec-
tation is taken, suggests that z,, is output by the mixture encoder Ey, (x.,) de-
terministically. Furthermore, the second term, or the mixture embedding prior, is
parameterised by the summation of the source-level latents. Therefore, the first two

terms can be re-written as follows:

log pe,, (xm|em = Eg,, (zm)); and (6.12)

mixture reconstruction

N
B, g, o [108Pem] 5], (6.13)
i=1

mixture embedding prior

In other words, the summation is used as the permutation-invariant function that

takes as input the set of source-level latents to reconstruct e,, in the latent space.

Fig. illustrates (6.12]) with the blue arrow connecting e,, to Dy, , and (6.13]) by

the dashed blue arrow drawn from sgum to Dy, . Concretely, while e,, is used to

reconstruct x,, during training, ssum can be used instead during evaluation.

To summarise, the hierarchical variant uses the embedding of mixtures e,, for
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MIDI data Audio Waveforms Spectrograms

Pitch = 67 /

Instru}'nent = Flute > >
Durations = 1.0

Volume =0.71

Pitch = 64 x
Instrument = Violin

Durations = 1.0
Volume =0.71

S AR
- S
— Pitch = 60 E
Instrument = Piano N > |
Durations = 1.0
Volume =0.71

Figure 6.3: The rendition of chords of multiple instruments, reproduced from Gha

et al. (2023). In this experiment, the spectrograms shown in the figure correspond to

xgi) and the spectrogram derived from the summation of the audio waveforms is x,,.

C-maj chord

MIDI Pitch Values
[60, 64, 67]

mixture reconstruction, and the sum of the source-level latents to reconstruct e,,. This
formulation does not require the decoder Dy to be permutation-invariant, unlike the
LDM variant which will be elaborated in Section [6.6] and provides a proof-of-concept

for DisMix for its architectural simplicity.

An alternative design choice is to simply parameterise the first term of the ELBO

(6.6) by

NS
E1%:, g, (r0)1e0 ) 1080 (@l 3 5] (6.14)

i=1

mixture reconstruction
and maintain the original formulation. However, empirical experiments suggest that
the optimisation of the source-level latents and the decoder becomes more challenging
and struggles to converge without using e,, as a guide, especially during the early
training phase. Although more expressive decoders could potentially mitigate the
issue, introducing e,, as an intermediary facilitates the training without complicating

the architecture.

6.5.2 Dataset

The MusicSlots dataset (Gha et al., 2023) comprises 3,131 unique chords derived
from JSB Chorales (Boulanger-Lewandowski et al., 2012)). Each chord is rendered as
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an audio mixture using the sound fonts of piano, violin, and flute via FluidSynth.
For each composite note within a chord, a sound font is randomly sampled with
replacement, allowing a single instrument to render multiple notes (Ns € {1,2,3}).
The individual note waveforms are summed to form the final chord mixture. The
rendering process is illustrated in Fig. [6.3]

Each source sz) is defined as the set of notes rendered by a single sound font and
is annotated with a multi-hot pitch vector y(* € {0,1}"», where N, = 52 denotes the

number of pitch classes covered by the dataset. The full dataset consists of 28,179

chord mixtures, partitioned into training, validation, and test sets in a 70/20/10 ratio.

Waveforms are sampled at 16kHz and transformed into mel spectrograms us-
ing 128 mel frequency bands, a window size of 1,024, and a hop length of 512. A
320 ms segment is cropped from the sustain phase of each mixture, corresponding
to 10 spectral frames, and is used for both training and evaluation. This results in

representations x\, z,, € R128x10,

Inp. size Out. size Kernel size Stride Padding Normalization Activation

128 768 3 1 0 Layer ReLU
768 768 3 1 Layer ReLLU
768 768 4 2 1 Layer ReLU
768 768 3 1 1 Layer ReLU
768 768 3 1 1 Layer ReLU
768 64 1 1 1 None None

Table 6.1: The ConvlD layers used to implement Ey  and Eg, in the AE.

Module Input size Output size Normalization Activation

128 256 Layer ReLU
256 256 Layer ReLU
256 256 Layer ReLU
Eg, 256 256 Layer ReLLU
256 256 Layer ReLU
256 256 Layer ReLLU
256 52 None Sigmoid
Stochastic Binarisation (SB)
52 64 None ReLU
fe, 64 64 None ReLU
64 64 None None

Table 6.2: The three modules of the pitch encoder implemented in the AE: the
transcriber Eg,, the SB layer, and the projector fg,, as described in Section [6.3.2}
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6.5.3 Implementation

This section provides details of the implementation of the AE modules illustrated
in Fig. including the decoder and the encoders for mixtures, queries, pitch, and

timbre. E|

Mixture and Query Encoders

The mixture encoder Ey,  and the query encoder E4_ , introduced in Section @
share an architecture comprising a stack of ConvlD layers. These encoders take
as input the mel spectrograms z,, and the query x((f), respectively, and produce
representations e, e((f) € R%. The architectural details are summarised in Table
Each encoder is followed by mean pooling along the temporal dimension, reducing a
mel spectrogram of shape R'28%10 to a 64-dimensional vector. The outputs e,, and
e((f) are concatenated to form a 128-dimensional embedding, which is used to infer the

pitch and timbre latents.

Pitch Encoder

Given this concatenated representation, the pitch encoder first predicts (¥ € RM»
using By, : R128 5 RN> where N, = 52 denotes the number of pitch classes. A pitch
latent () € R%* is then computed by applying fs, : RN> — R5* to the binarised
prediction g{;}l The full architecture of the pitch pathway is provided in Table

Timbre Encoder

The timbre encoder shares the same architecture as Eg4,, except that its final layer
is replaced by a Gaussian parameterisation layer. This consists of two linear layers
projecting the 256-dimensional hidden state to the mean and log-variance of the

posterior distribution, from which the timbre latent 7(9 € R%* is sampled.

2The initial focus of this project was to build upon Takida et al. (2022)), which adopt the model
architecture of Niekerk et al. (2020b)). Although the research direction subsequently changed, the
architecture was largely retained without tuning.
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Source-Level Latents

The source-level representation is derived using FiLM (Perez et al., [2018; J. W. Kim

et al.,|2019)), formulated as
50 =1, (79, 0Dy = ap_ (D) © 0@ + By (@), (6.15)

where the pitch latent 7() is modulated element-wise by scaling and shifting factors
ap, and Py, both parameterised by the timbre latent 7(0). The FiLM layer thus
integrates pitch and timbre by linearly transforming 7(¥) to produce the modulation

parameters, which are applied to (¥ to yield the source-level latent s(*).

Reconstruction

. R64><10 N R128><10

m

The decoder py comprises a combination of RNN and MLP
layers and is responsible for reconstructing the mel spectrograms of either z,, (as in
(6.12)) or a (as in (6.7)). To perform reconstruction, the source-level latent s(*)
is temporally broadcast to match the number of spectral frames (10). A two-layer
bidirectional gated recurrent unit (GRU) processes the broadcast latent to produce

a sequence of shape R!28%19 +which is subsequently passed through a linear layer to

yield the final reconstructed spectrogram.

6.5.4 Prior Distributions

While Section specifies that the timbre prior p(T(i)) follows a standard normal
distribution, this section focuses on the pitch prior pg, (v?|y()) and the mixture
embedding prior p(em,|Ssum), as defined in , both of which are implemented in
the AE variant.

Pitch Prior

Pitch priors are studied at different levels of expressivity. The first, following (6.1]),

defines a conditional Gaussian:

po, Dy D) = N(@; pffe (y D), 0721), (6.16)
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where ;Lgayc is a neural network conditioned on the ground-truth pitch annotation 3,

and o, = 0.5 is a fixed hyperparameter. Specifically, the factorised prior network
pfe first reuses the MLP f,, : RV — R to project 4 € RN». The remaining
layers follow the architecture of Ey4, in Table (without reusing any layers), with
two key differences: the input size is reduced to 64, and the final layer is replaced
by two linear layers that parameterise the mean and log-variance of a 64-dimensional
Gaussian distribution.

A more expressive prior is also considered to model inter-source dependencies,

defined as a mixture of Gaussians:

K
po, W IW0) = e N (7 1% (), 021), (6.17)

k=1

where m, = %, Wi denotes the set of pitch annotations excluding that of the i-th
source (the target pitch), and ugif’}}ﬁ specifies the mean of the k-th Gaussian compo-
nent. The motivation is that §(*) may be conditionally dependent on the pitches of
other sources in the mixture, reflecting musical harmony—i.e., the inference of the
pitch latent is contextualised by accompanying sources. Furthermore, K Gaussian
components are used to capture multiple possible outcomes of the target pitch value
given the accompanying pitches. Note that the cross-entropy loss for the target pitch
is still applied, and this prior is considered more expressive than its factorised

fac

counterpart g due to its contextual information.

The expressive prior network applies f, to each element in )\;, followed by a
transformer to model the set. The architecture consists of three blocks of a post-norm
transformer, as illustrated in Fig. with four attention heads and an embedding
size of 64. The feed-forward block is a two-layer MLP with ReLU activation and a
hidden size of 64.

To preserve permutation invariance, no positional encodings are used; the elements
in )\; are treated as an unordered set of tokens. The transformer output is aggregated
via max pooling over the Ng—1 tokens to produce a hidden state, which is then passed
to the K Gaussian parameterisation heads, each producing the mean and log-variance

of a Gaussian component.
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‘ Input x—>‘ Multi-head Attention ‘—6?—% Layer Norm x—»‘ Feed Forward ‘—6?—»‘ Layer Norm ‘—»‘ Output ‘
1 1

Figure 6.4: A regular post-norm transformer block.

Another motivation for parameterising the prior using only the accompanying
sources while excluding the target source is to potentially support iterative sampling
of pitch latents conditioned on an available set of pitch latents that have already been
sampled. This application is left for future exploration (Parker et al., |2024; Mariani

et al., [2024).

Mixture Embedding Prior

The AE variant introduces a latent representation of mixtures and maximises (6.13]),
the likelihood associated with the mixture embedding e,,. This is defined as a Gaus-
sian:

N
plem | {7, 00} =N (em; Zs“%am) : (6.18)
=1

where o, = 0.25 is a fixed hyperparameter. Recall that s = fy (7", ()

6.5.5 Optimisation

Training is performed using the Adam optimiser (Kingma et al., 2015) with a batch
size of 32, a learning rate of 0.0004, and a gradient clipping threshold of 0.5. Early

stopping is applied if the loss fails to improve on the validation set for 260k steps.

6.5.6 Experiments
Pitch—Timbre Disentanglement

Given a mixture x,, and a set of queries {J:((Ii) }N= corresponding to the N, constituent
instruments, the timbre and pitch latents {T(i), V(i)}ZN;l are first extracted. To eval-
uate disentanglement, a random permutation is applied such that the pitch latent of
source i is replaced with that of source j, while the timbre remains unchanged. This
yields a novel source-level latent ) = fy (7(V 1)), A new source :sz') is then ren-

dered by passing 5 to the decoder Dy . Note that sources, rather than mixtures,

m”*
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are rendered by providing §) to the decoder. This is made feasible by the auxil-
iary source supervision that reuses the decoder to reconstruct individual sources, as

detailed in Section [6.4.2)

To evaluate whether §(9) carries the timbre and pitch attributes of sources i and
J, respectively, classifiers are pre-trained using the training set. The instrument and
pitch classifiers share the same architecture, differing only in the output layer, which
produces either three instrument classes or 52 pitch classes. Both classifiers use the
encoder architecture from Table followed by a three-layer MLP. The first two
MLP layers have input and output dimensions of 64 with ReLLU activation functions.

The final layer projects from 64 to the number of target classes.

Disentanglement is considered successful if the classifiers predict the pitch of xgj )

(the swapped pitch) and the instrument of 2! (the preserved timbre) for each gen-

erated source i:gi).

The resulting classification accuracy is reported under “Disentanglement” in Ta-
ble [6.3] which evaluates DisMix without a pitch prior by omitting the second term in
LE1,BO , as well as the effects of removing individual components that constrain

the timbre and pitch latent spaces. Effects of the pitch prior are reported in Table

Table suggests that the removal of the KLD term in , or the timbre
prior p(7(?), results in contamination of the timbre latent 7(*) with pitch-related
information. Consequently, the pitch of the synthesised output aﬁgi) is influenced not

only by v, but also by 7(9, leading to a marked decrease in pitch classification

accuracy to 69.41%.

In contrast, eliminating the SB layer introduces excessive capacity into the pitch
latent representation. This allows the instrument identity of igi) to be influenced by
both 7(¥ and ), resulting in a substantial drop in instrument classification accu-
racy to 46.71%. Although the BCE loss for pitch supervision remains active during

training, the model fails to disentangle pitch and timbre without the SB constraint,

indicating that supervision alone is insufficient.
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Disentanglement Mixture Rendering

Pitch  Instrument Pitch Instrument
DisMix w/o pg, 93.39% 100.00%  90.69% 100.00%
- LpT 93.18% 99.92% 87.92% 100.00%
- KLD 69.41% 100.00%  35.10% 100.00%
-SB 93.46% 46.71%  40.23% 98.91%

Table 6.3: Ablation study examining the impact of individual loss components in
DisMix, evaluated on pitch—timbre disentanglement and the rendering of novel mix-
tures. Classification accuracy (%) is reported using pre-trained pitch and instrument
classifiers. The study isolates the effects of removing the auxiliary loss Lgr, the
KLD on the timbre space, and the stochastic binarisation within the pitch encoding
pipeline.

DisMix w/o pg, +fac +rich (K =1) +rich (K = 10)

Disentanglement 93.39 93.98 94.01 94.18
Mixture Rendering 90.69 91.15 91.39 92.04

Table 6.4: Pitch classification accuracy (%) using different pitch priors.

Novel Mixture Rendering

To assess the model’s ability to synthesise novel mixtures, a new set {é(i) }i\f:sl is formed

by applying the same permutation to the source-level latents. A novel mixture Z,,

is then rendered by decoding the sum Sgym = Zivzl 50 via Dy,,. To verify that the

attributes of #,, reflect the manipulated {5V} source-level representations are
N,

re-extracted using the original queries {1‘((11) =1, and the reconstructed sources are

again passed to the pre-trained classifiers.

The results are reported under “Mixture Rendering” in Table[6.3] The removal of
the auxiliary loss LT negatively affects pitch accuracy. This may be attributed to
the timbre prior p(7(*)), which can over-regularise the posterior distribution, yielding
high-variance, noisy samples of 7(9) ~ dé. (T(i)|em,e§1i)). Such variance may hinder
the optimisation of , amplifying the mismatch between mixture representations
used in training (e,,) and evaluation (Sgum). As illustrated on the left of Fig. the
removal of Lgr disrupts the instrument-related structure in the PCA projection of

the timbre latent, suggesting degraded organisation due to noisy sampling.
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Figure 6.5:  Left: PCA of the timbre latent space. Top: DisMix with full objec-
tive, showing distinct clustering of 7(*) ~ de. (T(i)|e$f@),q) by instrument class. Middle:

mean of the posterior distribution gy, (T(")|e7(%),q). Bottom: samples from the same
distribution exhibit high variance and loss of structure in the absence of Lpr. Right:
mel spectrograms illustrating novel mixture rendering. First row: query examples
for three instruments. Second row: input mixture z,, and the corresponding re-
constructed sources. Third row: reconstructed mixture and sources from sg,, and
individual s. Final row: manipulated mixture rendered from &sum, followed by
sources re-extracted using the original queries. The first two sources reflect successful
pitch—timbre swapping; the third source remains unchanged.

Pitch Prior

Table[6.4] reports the performance of the model under different choices of pitch priors.
The variants fac and rich correspond to the factorised and expressive priors described
in Section For the expressive prior, experiments are conducted with K = 1 and

K = 10 Gaussian components.

A progressive improvement is observed with increasing prior complexity. The per-
formance gain from fac to rich with K = 1 is modest compared to the gain achieved by
using rich with K = 10. This suggests that the pitch distribution, when conditioned
on contextual pitch information, is inherently multimodal, and a single Gaussian

component may not offer substantial advantage over the factorised form.
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Visualisation

Fig. [6.5] shows mel spectrograms on the right side. The first row shows queries for
different instruments. The second row shows an input mixture z,, and the corre-
sponding sources. The timbre characteristics are consistent across rows for the last
three columns. In the third row, the leftmost is the reconstructed mixture given Sgum,

and the rest are the reconstructed sources given s,

The first column of the last row refers to the manipulated mixture rendered by
Ssum, and the rest are the sources extracted from the mixture using the original
queries. Attributes are successfully manipulated. In the last row, the second column
combines the first source’s timbre with the second’s pitch, and the third column

combines the second’s timbre with the first’s pitch. The third source is unchanged.

6.6 A Latent Diffusion Framework

This section elaborates on the LDM variant of DisMix, where the likelihood pg,, (2,|S)

is modelled by a diffusion transformer (DiT) (Peebles et al., 2023). Unlike the AE

variant, the LDM counterpart does not introduce additional latent variables and ob-

jective functions, preserving the original DisMix formulation. The DiT directly recon-
N,

structs a mixture from a set of source-level latents S = {s(i) ;—1 using an expressive

permutation-invariant decoder.

6.6.1 Data Representation

The LDM framework (Rombach et al.,|2022)) enhances the efficiency of diffusion mod-
els (DMs) (Sohl-Dickstein et al., [2015; Ho et al., |2020) by conducting generation in
a learnt latent space. A pre-trained VAE from AudioLDM2 (H. Liu et al., [2024) is

employed to map audio waveforms to latent representations. Each source xgi) is en-

coded as zgi) = Evae(xgi)) and reconstructed using xgi) = Dvae(z(gi))7 where E,,. and

Dyae denote the pre-trained encoder and decoder, respectively.
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6.6.2 Latent Diffusion Models

To contextualise the implementation of the DiT model, the fundamentals of DMs are
briefly reviewed. LDMs operate DMs in a compressed latent space, where the target

latent feature zg is sampled via a Markov chain defined as

T

p(ar) thlpe(ztfl | 2t), (6.19)
with
p(zr) = N(21;0,1), (6.20)

and

po(zi—1 | 2e) = N(zi—1; po(2e, 1), So (2, 1)), (6.21)

where pp and ¥y are parameterised by neural networks. This defines an iterative de-
noising procedure—also referred to as the reverse process—which progressively refines

Gaussian noise into a structured latent variable through T steps.

The forward (noising) process is given by a linear Gaussian posterior:

q(zt | ze—1) = N(zt; Vawze—1, (1 — ap)I), (6.22)

where o is a diffusion hyperparameter defined by a pre-specified noise schedule. Since
the forward process is analytically tractable and fixed, Denoising Diffusion Proba-

bilistic Models (DDPM) (Ho et al., |2020)) define pp and ¥y to match the form of the

posterior and simplify training to the minimisation of a denoising objective:
2
Hfa(ztv t) - 20”2 ) (623)

which corresponds to learning a decoder fy that predicts the clean latent zy from its

noisy counterpart z:.
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6.6.3 Mixture Reconstruction

As illustrated by the red arrows in Fig. the mixture x,, is reconstructed by
summing its constituent sources, each recovered from the latent representation zgi)
using the VAE decoder Dy,e. To generate the set {zgl)}f\il, a DiT is trained to predict

the clean source latents from their noised versions using source-level representations

S = {51 as condition. This reframes the likelihood pg, (%,,|S) in the ELBO

as:

N

m({za 0:T

T
“18) = {ZST}Z 1 H O {Zst i

Here, zg denotes the noisy version of 2 at diffusion step t, with

, 20 =20, The
DiT is trained to denoise the entire set {zs t} =, in a single forward pass, while
evaluation proceeds via an iterative denoising trajectory over T steps. This design
enables the model to capture interdependencies between sources, which is shown to

be beneficial: the set-conditioned configuration (M1) outperforms its single-source-

conditioned counterpart (MO0), as reported in Table

6.6.4 Dataset

The CocoChorale dataset (Y. Wu et al., |2022) provides realistic generative music in
the style of Bach chorales (Boulanger-Lewandowski et al., 2012), featuring 13 orches-
tral instruments rendered within the pitch ranges of a standard four-part chorale (i.e.,
Soprano, Alto, Tenor, Bass, or SATB), with N, = 4 sources per mixture.

The random ensemble subset is used, comprising 60,000 four-part chorales and
totalling approximately 350 hours of audio. For each example, the instruments for
the four parts are independently drawn from predefined pools associated with each
voice part. The pitch annotation y* € {0,1}M»*T> is a time sequence of one-hot
vectors, where N, = 129 denotes the number of discrete pitch bins. The dataset is
split into training, validation, and test sets using a ratio of 80/10/10.

Each audio file is sampled at 16 kHz and converted into mel spectrograms using

64 mel frequency banks, with a window size of 1,024 and a hop length of 160. A
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four-second segment is randomly selected from each audio example, corresponding to

T, = 400 time frames.

6.6.5 Implementation
Encoders

Mel spectrograms of 64 frequency bands and 400 time frames are extracted. The mix-

ture encoder E4, processes the mel spectrogram of x,,, and outputs e, € R8x100x16

where the dimensions denote channels, time frames, and feature size. The encoder
Ey,, is instantiated and frozen from Ey,c, the pre-trained VAE encoder in Audi-

oLDM2 (H. Liu et al., [2024).

The same architecture is reused for the query encoder Ey_, which is trained from
scratch and augmented with a temporal pooling layer, yielding eéi) € R8*1x16_ o
integrate e((]i) and e,, for latent extraction, e((;) is broadcast along the time dimension
and concatenated with e,, along the feature axis. A 1 x 1 Conv2D layer projects the
result back to the original 16-dimensional feature space.

Given the concatenated representation, the pitch encoder E,, : R8X100x16
R129%400 nredicts the pitch transcription. Its architecture is adapted from the de-
coder Dy, of AudioLDM2, with the output dimension modified from 64 to 129 to
accommodate the pitch class count. The output is binarised by an SB layer and
passed to fy, : R129x400 _ R8x100x16 ¢4 produce the pitch latent v where fs,

adopts the architecture of Ey,e and is trained from scratch.

R8x100x16 jn¢6 the timbre latent

The timbre encoder transforms an input of shape
() ¢ R3*1X16 ysing the architecture specified in Table followed by temporal
pooling. The timbre latent is then broadcast along the time axis and concatenated

with the pitch latent to form the source-level latent s(*) ¢ R8*100x32,

Partition

DiTs are transformers that operate on sequences of patches (Peebles et al.,2023)). The

input sequences are constructed from {zgz)}ﬁl and {s®}N+ . Sinusoidal positional
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Inp. size Out. size Kernel size Stride Padding Normalization Activation

128 128 5 2 0 Group(1) ReLU
128 128 5 2 0 Group(1) ReLU
128 128 5 2 0 Group(1) ReLU
128 256 1 1 0 None None

Table 6.5: The ConvlD layers used to implement the timbre encoder for the LDM in
Section[6.6] The last row refers to a Gaussian layer where the 256-dimensional output
is split to represent the mean and log-variance of the posterior. The number in the
parenthesis indicates the number of groups divided for normalisation.

embeddings are applied to each zgi), followed by partitioning:
Par(z(V) : RT=*(P=xC) _, RLXD: (6.25)

where T, = 100, D, = 16, C' = 8, and L = 25. The patches are created along the
time axis, and each is flattened to size D, = % x D, x C. This is repeated for all Ny

€ RWNsxL)xD; representing the aggregated sequence

sources in {zgl)}fil to yield z,
of patches.
Similarly, the set of source-level representations S = {5V} is partitioned into
Se € R(NSXL)XDQ, where Dy = 32 and D!, = % x Dy x C. Thus, z,, and s. share
structural alignment in terms of sequence length, with differing patch dimensions.
The decoder is then redefined as:
96, (Zm,0:1 | §) = p(2m,1) HT

=1 pem(zm,tfl | Zm,ts Sc)- (626)

To ensure permutation invariance with respect to the Ny sources, no additional posi-

tional embeddings are added to z,, or s..

Conditioning

The conditioning mechanism for reconstructing z,, :—1 from z,, ; and s, (as defined in
(6.26])) is realised using adaptive layer normalisation (adaLN) (Peebles et al., |2023])
within transformer blocks. Each block comprises a multi-head self-attention module
and a feedforward network, both followed by skip connections and layer normalisa-
tion (Vaswani et al., 2017)), with standard LN replaced by adaLN for conditioning.

To modulate the transformer with diffusion step information, the condition s. is
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augmented by adding a learnt embedding of the step index ¢. This condition is used to
regress the scaling and shifting factors of adaLN, which are applied to the transformer
activations. Consequently, 2, is adaptively modulated using source-level pitch and

timbre information.

Decoder

The DiT comprises three standard transformer blocks as shown in Fig. with four

!

., and all

attention heads per block. The embedding size matches the patch size D
layer normalisation operations are replaced with adaLLN to enable conditional decoding

based on s..

6.6.6 Optimisation

Training uses the Adam optimiser (Kingma et al., [2015)) with a batch size of 8 and
gradient clipping at 0.5. The learning rate is linearly warmed up to 0.0001 over 308k
steps, followed by cosine decay (Loshchilov et al., [2017) for up to 4,092k training

steps.

6.6.7 Experiments
Setup

Given a reference mixture and its extracted set of pitch and timbre latents, the timbre
latents {T(i)}ﬁvgl are arbitrarily replaced with those from a separate target mixture.
The goal is for the four instruments in the reference mixture to be substituted with
those from the target mixture, while retaining the original melodic content. To ensure
musical plausibility, each replacement is constrained such that the instrument from the
target mixture corresponds to the same SATB part (Soprano, Alto, Tenor, or Bass) as
in the reference. This guarantees that the substituted instruments perform melodies
aligned with their characteristic pitch ranges. An example is shown in Fig. [6.6]

The modified latent set is then used to sample {221)}5\;1 from the reverse diffusion
process defined in , over T' = 1000 steps, starting with a standard Gaussian

prior. The generated audio sources {JES)}L are then evaluated using pre-trained
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Mixture Oboe to Flute  Saxophone to Trumpet Viola to Saxophone Cello to Cello

Reference

Swapped

Target

Figure 6.6: Instrument replacement in a reference mixture using the timbre latents
from a target mixture. Each instrument is replaced with its counterpart in the target
while preserving the original pitch content.

pitch and instrument classifiers. Each source g&éi) is expected to reflect the instrument
identity from the target mixture and preserve the melody of the corresponding source

in the reference mixture.

The resulting mixture is obtained by summing the rendered sources in the wave-

form domain:

G =y 20, (6.27)

Hence, the evaluation of pitch—timbre disentanglement corresponds to assessing whether
the reconstructed mixture reflects the intended instrument identities and pitch con-

tent.

The architecture of the instrument classifier is summarised in Table where the
final layer projects to logits over 13 instrument classes. For pitch evaluation, the Crepe
model (J. W. Kim et al., is employed—a state-of-the-art monophonic pitch
estimatorEl Fréchet Audio Distance (FAD) (Kilgour et al., is also computed
to assess audio quality. The FAD compares VGG-style features extracted from the

generated audio against those from the original sources and averages the results over

Shttps://github.com/maxrmorrison/torchcrepe
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Inp. size Out. size Kernel size Stride Padding Normalization Activation

64 64 5 2 0 Group(1) ReLU
64 64 5 2 0 Group(1) ReLU
64 64 5 2 0 Group(1) ReLU
64 16 1 1 0 None None

Table 6.6: Instrument classifier used to evaluate the disentanglement performance of
the proposed LDM. The number in parentheses indicates the number of groups used
for group normalisation.

the 13 instrument classes using a public implementationﬁ

Results

The results are presented in Table comparing three variants of the proposed
LDM-based model: M0, M1, and M2. Model MO reconstructs one source at a time,
conditioned on its source-level latent, and iterates N times to generate the complete
mixture. This serves as a proxy for MSI-DIS (Lin et al., 2021)), albeit with differing
architectures and disentanglement strategies to ensure comparability. Model M1 is
the proposed set-conditioned diffusion model trained with pitch supervision via 7
while M2 is identical to M1 but without pitch supervision.

Despite their distinct training setups, all models support both “Single” (source-
wise) and “Set” (set-wise) inference, as the DiT component can operate on variable-
length sequences. In particular, although MO is trained in the “Single” configuration,
it generalises to “Set” mode at inference; the inverse is true for M1 and M2.

Model M1 achieves the best overall performance in the “Set” mode, which aligns
with its training configuration. This supports the hypothesis that modelling inter-
dependencies among sources improves mixture reconstruction (Mariani et al., 2024}
Manilow et al., 2022)). Its high instrument classification accuracy also suggests that
the timbre latent space is both discriminative and structured, as visualised in Fig.
(left).

Interestingly, MO performs competitively under the “Set” mode, despite being
trained solely in the “Single” configuration. This reflects the flexibility of the DiT
architecture in adapting across inference modes. Meanwhile, M2 demonstrates rea-

sonable performance without pitch supervision, indicating that the SB layer acts as

4https://github.com/gudgud96/frechet-audio-distance/tree/main
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Instrument (1) Pitch (1) FAD ({)
Set Single Set Single  Set  Single

MO 89.94 96.43 9437 97.15 227 2.13
M1 97.49 96.05 97.15 97.02 2.10 214
M2 8283 80.16 97.19 97.03 2.14 214

Table 6.7: Disentanglement and audio quality results. Instrument and pitch classifi-
cation accuracies (%) assess the effectiveness of the timbre and pitch latents, respec-
tively. FAD evaluates the perceptual quality of the reconstructed audio. “Set” and
“Single” refer to set-conditioned and single-source generation modes.

Original Mixture

Isolation Removal Replacement

Figure 6.7: Left: PCA visualisation of the timbre latent space, showing clustering
by instrument class. Right: Example of source-level swaps between two mixtures,
demonstrating controllable pitch—timbre recombination.

an effective information bottleneck. Nevertheless, the lack of pitch guidance permits
leakage of pitch information into the timbre latent, slightly degrading instrument

classification accuracy.

Visualisation

While Fig. provides an example of instrument swapping between two mixtures,
Fig. (right) swaps source-level latents between two mixtures and effectively ex-
changes their constituent instruments and melodies. Together, they illustrate the

compositional nature of the learnt latent space.

6.7 Summary

This chapter introduces DisMix, a probabilistic framework for disentangling multi-
instrument music mixtures into source-specific pitch and timbre representations (Sec-

tion [6.3]). DisMix enables modular and compositional editing of musical content by
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manipulating these representations independently. Two instantiations of the frame-
work are presented: a simple AE-based version for proof-of-concept on isolated chord
mixtures (Section, and a more advanced implementation using an LDM to handle
the complex four-part Bach chorales in the CocoChorale dataset (Section .

A key architectural insight is the use of a binarisation layer, which proves crucial
for achieving effective pitch—timbre disentanglement. Additionally, results indicate
that jointly reconstructing all sources in a mixture better captures source interdepen-
dencies than iterative single-source generation, leading to improved disentanglement
and perceptual audio quality.

Despite these advances, DisMix relies on query-based conditioning for source ex-
traction, which presumes access to examples closely matching the instrument iden-
tities or timbral properties of the target sources. To mitigate this reliance, future
work may investigate clustering-based post-hoc query representations or adopt few-
shot query relaxation methods (Y. Wang et al.,|2022). Another promising direction is
the integration of self-supervised learning frameworks for query-free source separation
(Pasini et al.,[2023)) or unsupervised approaches such as MusicSlots (Gha et al., [2023]),

which may expand the framework’s applicability without strong supervision.
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Chapter 7

Conclusion

7.1 Thesis Summary

This thesis has focused on the development of robust and composable disentangled
representations for sequential audio data, with applications to music and speech.
Building on the framework of the disentangled sequential autoencoder (DSAE), train-
ing strategies and regularisation techniques have been proposed to improve robustness
against model configurations to which unsupervised disentanglement is most sensitive:
the expressivity of decoders, the size of the latent space, and the strength of the in-
formation bottleneck. Empirical evidence has been provided to support the proposed
techniques, demonstrating their effectiveness in mitigating the persistent challenges
of posterior collapse and addressing the trade-off between reconstruction fidelity and

disentanglement.

To further illustrate the benefits of disentanglement for creative applications, this
thesis also proposed scaling the complexity of pitch—timbre disentanglement beyond
single-instrument sounds, enabling fine-grained manipulation and composition of mu-
sical attributes in an arbitrary manner. The contributions can be summarised in two
aspects: how to achieve robust disentanglement of sequential data without any explicit
form of supervision and how to improve the generalisability of creative applications

with disentangled representations.
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7.1.1 How to Achieve Robust Disentanglement of Sequential

Data Without Explicit Forms of Supervision

The first part of this thesis addressed the lack of constraints in DSAE and its sensi-
tivity to model configurations when learning from raw sequential data without super-
vision. Chapter [3] proposed TS-DSAE, which separates the optimisation of the global
latent variable from the full reconstruction objective, thereby mitigating posterior
collapse without the need for adversarial training or domain-specific augmentation.
This staged approach proved robust across different decoder architectures and la-
tent dimensionalities, and was empirically validated on both artificial and real-world

datasets.

To further improve the balance between disentanglement and reconstruction qual-
ity, Chapter [4] introduced a constraint in the observation space rather than the latent
space. By explicitly enforcing consistency on the Jacobian of the decoder output with
respect to the latent variables between the first- and second-stage model components
from TS-DSAE, the method maintained strong global-local disentanglement while
reducing the perceptual degradation often associated with excessive regularisation.
These two contributions established that robust, domain-agnostic disentanglement of
global and local factors of variation can be achieved without any explicit form of

supervision.

By corrupting the local latents with multiplicative Gaussian noise, Chapter
presented a simple yet effective strategy that dynamically balances the bottleneck
between the global and local latent spaces, without introducing additional hyper-
parameters. Evaluated on the task of zero-shot voice conversion, the approach was
shown to be effective across a range of hyperparameters and model architectures. Al-
together, Chapters[3] [4} and [5] demonstrated complementary strategies to improve the

robustness of unsupervised global-local disentanglement for both music and speech.
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7.1.2 How to Improve the Generalisability of Creative Appli-

cations With Disentangled Representations

This thesis also demonstrated how disentangled representations can serve as modular
and reusable building blocks for creative applications. Chapters [3 [ and [f] showed
generalisability to unseen combinations of pitch and timbre, while Chapter [5| demon-
strated the ability to generalise to unseen speakers during training.

In particular, Chapter [6] extended the task of pitch-timbre disentanglement from
single-source scenarios to mixtures containing multiple instruments in a supervised
setup. This was achieved through a two-level factorisation into per-source pitch and
timbre latents, enabling arbitrary within-source and cross-source attribute manipula-

tion, thereby allowing for novel composition of mixtures.

7.2 Limitations

7.2.1 Experimental and Evaluation Limitations

The experimental evaluation presented in this thesis is primarily comparative in na-
ture. As described in Section [3.4] no separate held-out test set is used, and perfor-
mance is assessed on validation splits. While this limits the ability to draw conclusions
about generalisation performance, the use of a consistent evaluation protocol enables
meaningful comparison across models.

In addition, the evaluation relies on pitch extraction and classification procedures
described in Section and is therefore subject to the limitations discussed therein,
including the dependence on pitch extraction accuracy and threshold-based classifi-

cation metrics.

7.2.2 Theoretical Limitations

The methods proposed in this thesis primarily address posterior collapse as an opti-
misation issue. However, posterior collapse is closely related to the more fundamental
problem of non-identifiability in latent-variable models, where multiple latent rep-

resentations can explain the same observations. In this setting, a collapsed latent
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corresponds to a degenerate but valid solution under the model.

While the proposed approaches improve the utilisation and stability of latent vari-
ables in practice, they do not resolve this underlying ambiguity and therefore do not
provide guarantees of recovering true generative factors. A more detailed discussion

of identifiability and potential approaches to addressing it is provided in Section[7.3.1]

7.2.3 Failure Modes and Practical Constraints

The effectiveness of the proposed methods relies on the assumption that the underly-
ing factors of variation operate at different temporal scales. In scenarios where such
structure is weak or absent, the distinction between global and local factors may be-
come ill-defined. For example, for audio signals with little or no temporal variation
(e.g., constant pitch throughout a sequence), factors such as pitch and instrument
identity may both behave as time-invariant attributes, making their separation am-
biguous.

More generally, the factors that are disentangled in unsupervised settings are
determined by the statistical structure of the training data. Even when the model is
designed to separate global and local factors, the semantics of these latents depend on
the variability present in the dataset. For instance, if the training data contains only
a single instrument, the global latent is unlikely to correspond to instrument identity,
regardless of the model architecture.

In addition, the supervised components introduced in Chapter [6] rely on query-
based conditioning, which assumes access to examples that reflect the target source
characteristics, including instrument identity and acoustic conditions. As discussed
in Section this reliance limits applicability in scenarios where the characteristics

of the available queries at inference time do not match those observed during training.

7.3 Future Work

Building on the empirical robustness and composability demonstrated in this thesis,
several directions emerge for extending the proposed approaches. While the methods

developed here improve the stability of unsupervised disentanglement and enable flex-
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ible manipulation of latent factors, further work is needed to strengthen their theoret-
ical foundations, broaden their applicability to more complex data distributions, and
integrate them with modern generative modelling frameworks. In particular, ques-
tions of identifiability, factor dependence, and scalable generative modelling present

natural avenues for future research.

7.3.1 Identifiability in Unsupervised Disentanglement

A key motivation for this work came from the finding of Locatello et al. (2019b) that,
in the absence of suitable inductive biases, the unsupervised learning of disentangled
representations is not identifiable: different parameterisations of the latent space
can explain the same observations equally well, and the resulting models are highly
sensitive to random seeds and hyperparameter settings. The training strategies in
Chapter [3] and the Jacobian regularisation in Chapter [4] reduce this sensitivity in
practice, leading to more stable factor separation. Yet, these approaches stop short
of establishing formal identifiability guarantees. Bridging this gap would not only
strengthen the scientific validity of the methods but also increase their transferability
across domains and datasets.

The identifiability literature provides several promising pathways. Weakly super-
vised approaches such as Locatello et al. (2020a) demonstrate that minimal pairwise
information—such as whether two sequences share certain latent attributes—can be
sufficient for identifiability without compromising reconstruction quality. In the self-
supervised setting, Kiigelgen et al. (2021]) show that carefully chosen data augmen-
tations can provably separate content from style, framing the problem as an invari-
ance—equivariance decomposition over different views of the same semantic object.
This view-based reasoning extends naturally to sequential data: Simon et al. (2024)
treat different frames of a sequence as distinct views of a shared time-invariant (static)
factor while modelling the frame-specific variation as a time-varying (dynamic) factor
conditioned on the static one. Their formulation provides sufficient conditions for
identifiability in the sequential domain, directly aligning with the global-local fac-
torisation used in Chapter [3]and Chapter [4 Establishing such theoretical guarantees

for the empirical techniques proposed in this thesis would help ensure that the learnt
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factors are not only robust in practice but also recoverable in principle.

7.3.2 Factor Correlation in Disentanglement

Real-world data often contain generative factors that are not statistically indepen-
dent. Temporal sequences, in particular, exhibit correlations across the time axis
(Klindt et al., 2021)), and in pitch-timbre disentanglement (PTD) such correlations
are inherent: each instrument has a constrained pitch range, and changes in pitch
often influence timbre. The current models in this thesis do not consider these corre-
lations and assume independent priors for factors. While this assumption simplifies
optimisation and encourages factor separation, it neglects structured dependencies
present in the data, which can limit the ability to extrapolate to out-of-distribution
factor combinations.

When correlations between factors are ignored, disentanglement methods tend to
produce latent representations in which the correlated factors remain statistically de-
pendent, effectively reproducing the correlation structure of the training data in the
latent space. This “mirroring” of dependencies reduces the capacity for independent
factor manipulation and degrades performance under correlation shifts (Trduble et
al., 2021; Funke et al., 2022). Methods that relax the independence assumption and
explicitly model statistical dependencies between factors offer a way forward. For ex-
ample, Roth et al. (2023) introduce the Hausdorff factorised support criterion, which
allows arbitrary correlations within factors as long as their supports remain separable.
Similarly, Kiigelgen et al. (2021) provide a framework that does not require factors
to be statistically independent, achieving separation through augmentations that se-
lectively alter one factor while preserving another. Incorporating such approaches
into the DSAE and DisMix frameworks could improve generalisation under realistic
correlation structures, thereby enhancing the fidelity of pitch-timbre manipulation

and other creative applications explored in this thesis.

7.3.3 Composable Representations for Generative Modelling

Modern generative models often operate on compact latent spaces rather than raw

data, achieving scalability and controllability by focusing modelling capacity on se-
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mantically meaningful aspects of the data. Examples include latent diffusion models,
which condition the generation of VAE latents on explicit controls, and autoregres-
sive models trained on quantised VQ-VAE (Oord et al., [2017) codes for next-token
prediction. Such approaches not only reduce computational cost but also make the
distribution easier to model by removing nuisance factors.

The disentangled and compositional representations developed in this thesis align
naturally with this paradigm, serving as the output domain in which a generative
model can operate. Rather than modelling raw audio waveforms, one could learn the
distribution of these compact, semantically structured latents, benefiting from both
their reduced dimensionality and their focus on salient factors of variation. Per-source
factorisation, as in Chapter [6 enables this process to be carried out at the level of
individual sources within a mixture. Y.-F. Wu et al. (2024) exemplify this idea in
their work, in which a VQ-VAE first learns discrete, structured latents aligned with
semantic concepts, and an autoregressive prior is then trained to model the distribu-
tion of these latents. This allows the generator to operate entirely in a compositional
latent space rather than directly on the raw data. In the audio domain, Bindi et
al. (2024) present an unsupervised framework for composable audio representations
that encodes signals into a structured latent space before training a diffusion model
to generate directly in that space. Their approach supports tasks such as source
separation, variation generation, and unconditional sampling, all without reverting
to waveform-domain modelling. Applying such latent-space generative modelling to
the disentangled representations from this thesis could enable scalable synthesis with

fine-grained control over multiple factors of variation.

7.4 Broader Impact

This thesis has been scoped to music and speech, but the challenges it addresses—
stability in unsupervised disentanglement, separation of static and dynamic factors,
and compositional control—are not unique to audio. Disentangled and object-centric
representations are increasingly recognised as valuable across domains where tempo-

ral or structured data must be modelled. To illustrate this broader context, three
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application areas are highlighted below.

7.4.1 Important Applications in Audio

Within the audio domain, disentangled representations have become central to mod-
ern codec design. Recent speech systems separate content, prosody, and speaker
characteristics into distinct latent factors, which improves coding efficiency and allows
controllable resynthesis of speech with different styles or voices (Zheng et al., 2025;
Ren et al., 2024; Guo et al., |2025; Ju et al.,|2024)). Voice conversion likewise benefits
from separating linguistic content from timbre to reduce speaker leakage (Mehta et
al.,2025). In music, compact latent spaces are being developed both for compression
and creative manipulation: some approaches introduce summary embeddings that
capture global musical structure (Pasini et al., |2025|), while others learn composable
audio representations that support generation and source separation directly in la-
tent space (Bindi et al.,|2024). These examples underline the practical importance of
temporally structured, factorised representations, reinforcing the broader relevance of

the inductive biases studied in this thesis.

7.4.2 Disentangled Representations in Video

Video is a natural extension of this work, as it shares with audio the sequential
evolution of data over time. Recent methods in video representation learning have
shown that scenes can be decomposed into separate object representations and tracked
across frames without supervision (Kipf et al., |2022; Singh et al., 2022; Elsayed et
al., 2022; Zadaianchuk et al., [2023; Bae et al., [2024). Work in this area further
suggests that explicitly separating stable object identity from time-varying motion
leads to improved performance on tasks such as segmentation, tracking, and video
understanding. Together, these studies highlight that the inductive biases of this
thesis—distinguishing static from dynamic factors—are equally valuable for visual

data.
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7.4.3 Reinforcement Learning with Disentangled Representa-

tions

Reinforcement learning agents must also reason over temporally evolving states, and
recent work has shown that disentangled, object-centric latents improve efficiency and
generalisation. Pre-training such representations has been found to improve relational
reasoning and sample efficiency in decision-making tasks (Yoon et al., [2023]). Separat-
ing entities into interaction-relevant and irrelevant components has been shown to sup-
port more accurate multi-step planning (Nakano et al., 2023), while attribute-factored
representations enable policies to adapt to new combinations of objects without re-
training (Feng et al., |2023|). Hierarchical abstractions over entities further support
generalisation to novel rearrangement tasks (Chang et al., 2023). These advances
suggest that the inductive biases explored in this thesis—stabilising the separation
of global and local factors in time-series data—resonate with principles that benefit

decision-making in temporally structured environments more broadly.
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