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Abstract

Audio is an important modality through which humans perceive and interpret the
world. From speech and environmental sounds to music, it contains linguistic, emo-
tional, and contextual information that can represent artistic expression. With the
rapid progress of machine learning and generative Al, generative audio synthesis
has emerged as a powerful approach to automatically producing realistic and di-
verse sounds, speech, and music content. However, current methods have challenges
in requiring large computational resources, lacking flexibility across audio content,
and offering limited controllability to users in practice.

This thesis aims to tackle these limitations by developing audio synthesis tech-
niques that are efficient, flexible, and controllable. This thesis explores how gen-
erative models can be designed to operate effectively under training resource con-
straints, adapt across different and diverse creative audio content, and allow for fine-
grained and customized control to users. To achieve these goals, six complementary
methods are proposed in this thesis. Among them, SoundLoCD in chapter 3 and BDP
in chapter 5 focus on training efficiency, introducing a lightweight diffusion frame-
work and a discrete latent optimal path modeling framework that preserve qual-
ity while reducing training computational requirements and strategies. HybridVC
in chapter 6 and SoundMorpher in chapter 7 advance flexibility by enabling flexible
voice conversion and seamless sound morphing across multi-modal conditions. BV'S
in chapter 4 and SteerMusic in chapter 8 enhance controllability of synthesis, which
allows fine-grained alignment between audio and visual context and empowers user-
driven editing in music generation.

In summary, these contributions form a unified perspective on Al-generated con-
tent of audio synthesis, which treats speech, sound, and music not as isolated prob-
lems but as interconnected domains of users” immersive auditory experience. The
resulting proposed methods move toward a future where audio generation is acces-
sible, adaptive, and deeply integrated into creative, assistive, and interactive applica-
tions.

xiii



xiv




Contents

Acknowledgments
Abstract

1 Introduction
1.1 Overview . . .
1.2 Motivation . .

1.3 Research Questions . . . . . . . . . . . . . e

1.4 Contribution .
1.5 Thesis Outline

2 Background and Related Work
2.1 Generative Models for Audio Synthesis . . . .. .. ... ... ......
211 Autoregressive Models. . . . . ... ... ... o oL
2.1.2 Generative Adversarial Networks . . . ... ... ... ......
21.3 Normalizing Flows . . . . . ... ... ... ... .. ... ....
2.1.4 Variational AutoEncoder . . .. ... ... .. ... ........
2.1.5 Diffusion Probabilistic Models . . . . ... ... ... .......

2151
2152

Denoising Diffusion Implicit Model (DDIM) . . . . ..
Classifier-Free Guidance (CFG) . . ... ... ... ...

2.2 Audio Generation Tasks . . . . . ... ... ... ... ..
221 Generalized Audio Generation and Audio LLMs . . . ... ...
222 Sound Generation . .. ...... ...
223 SpeechSynthesis . .. ... ............... .. .....
224 MusicGeneration. . . . ... ... Lo oo
22,5 Dynamic Programming in Audio Generation. . . . . ... . ...
2.3 Audio Editing Tasks . . .. ... ... ... .. .. ... .. ..
231 Voice Conversion . . . . . ... ... ... ...
232 MusicEditing . . ... ... oo oo
24 Sound Morphing . . . ... ... ..
2.5 Audio Representations in Generative Audio Synthesis . . . . .. .. ..
2.5.1 Waveform Representation . . . . .. ... ... ...........
2.5.2 Spectrogram Representations . . . . ... ... ... ........
253 Learned Discrete Audio Tokens . . .. ... ... .........
2.5.4 Self-Supervised Learning (SSL) Features . . .. ... .. ... ..
2.6 Neural Vocoders. . . . . ... ... ...
2.7 Evaluation Metrics in Generative Audio Synthesis . . . . . ... ... ..

XV

ix

xiii



xvi Contents

271 Audioquality . . ... ... ... ... .. 29
272 Sampling diversity . . . .. ... ... L L o L L 30
273 Audio Similarity . .. .. ... ... 31
274 Speech Intelligibility . . . . ... .. ... ... ... ....... 31
2.7.5 Structure Contour Correlation . . ... ... ... ... ...... 32
2.7.6 Perceptual similarity . . . . .. ... ... . oo 00 oL 32
2.7.7 Alignments between audio and other modalities . . .. ... .. 33
278 Inferencespeed . .. .. ... ... ... ... L. 34
28 Summary . . ... 34
3 SoundLoCD: An Efficient Text-to-Sound Generation Model 35
3.1 Introduction . . . ... . . . . . . ... 35
32 Method . . . . . . . . .. e 37
321 SoundLoCD . ... .. .. .. . ... e 37
322 LoRA . . . . . e 38
3.2.3 Conditional Discrete Contrastive Diffusion . . . . ... ... ... 38
3.3 Experimentsand Results . . . . .. ............. .. ... .... 40
331 Dataset . . . . . . . ... e e 40
3.3.2 Implementationdetails . . ... ................... 40
3.3.3 Evaluationmetrics . . . ... ... ... .. ... ... ... 40
334 Resultsand Analysis . . . ... ...... ... ... ... .. 41
3341 Model comparison. . .. ... ............... 42
3342 Textencoders. . ... .. ... ... .. ... ....... 43
3.34.3 Sensitivity of LoRA configuration . . . . ... ... ... 43
335 AblationStudy .. ... .. ... ... o oo 43
3.3.6 Limitations and Discussion . . . . ... ... ... ......... 43
34 Summary . . . ... 44

4 Beyond Video-to-SFX: Video to Audio Synthesis with Environmentally Aware
Speech 47
41 Introduction . . . . . . . . . . . . e 48
42 Method . . . . . . ... e 50
421 Video-Guided Audio Semantic Token Modeling . . . . . ... .. 51
422 Semantic-to-Acoustic Token Modeling . . . . ... ... ... .. 53
43 Experimentsand Results . . . . ... .. ...... .. ... .. .. ..., 53
431 Dataset . . . . . . . e e 53
43.2 Implementation Details . . .. ... ... .............. 54
433 Evaluation Metrics . . . . . . . . . ... ... 54
43.4 Video to Audio with Context-Aware Speech . . . ... ... ... 55
43.5 Immersive Audio Background Conversion . . ... ........ 56
43.6 Ablationstudy . ...... ... ... ... o o oL 56
43.7 Limitation and Discussion. . . . . . . . ... ... ... ...... 57

44 Summary . . . ... 57



Contents Xxvii

5 Gumbel Propagation for Variational Bayesian Dynamic Programming 59
51 Introduction . .. . .. .. . . . .. ... 60
52 Preliminary . . ... ... .. ... ... 61

52.1 DefinitionofaGraph . ... ... ... ... ... .. ... .... 61
522 Non-Stochastic Optimal Paths . . . . ... ... ... .. ... .. 61
5.2.3 Gumbel Random Variable . . . . ... ... ... .......... 62
5.3 Bayesian Dynamic Programming . ... ... ... ... ......... 62
5.3.1 Stochastic Optimal Paths . . . .. ... ............... 62
53.2 Gumbel Propagation . . . . .. ... ... ... ... ... ... 63
5.3.3 Sampling and Likelihood . . ... ... ... ... .. ....... 65
534 KLDivergence .. ................. .. .. ... ... 66
54 BDP-VAE . . . . . . e e 69
5.4.1 Posterior and Latent Optimal Paths . . . . . ... ... ... ... 69
542 Conditional Prior . . . . . . . . . . .. ... ... . 70
543 Learning . . .. .. ... ... ... 71
5.5 Gumbel Softmax Trick . . ... .. .. ... .. . ... . ... ... ... . 71
5.5.1 Node-wise Gumbel Softmax Propagation . . . . . ... ... ... 71

5.6

5.7

55.1.1 Marginal Node-wise Gumbel Softmax Distribution . . 72
55.1.2 Path-dependent Node-wise Gumbel Softmax Distri-

bution . . ... ... oo 72
5.5.2 KL Divergence Between two Gumbels . . . . ... ... ... ... 73
5.5.3 Binary Gumbel (Soft) Max . ... ... ...... .. ....... 74
Experimentsand Results . . . . .. ... ... .............. 74
5.6.1 Stochastic Optimal Paths on Toy DAGs . . . . ... ... ... .. 75
5.6.2 Application 1: End-to-end Text-to-Speech . . . . . .. .. ... .. 75
5.6.3 Application 2: End-to-end Singing Voice Synthesis . . . ... .. 77
5.6.4 Verification of Behaviour of Latent Optimal Path in BDP-VAE . . 78
5.6.5 Hyper-parameter Sensitivity in BDP-VAE. . . . . ... ... ... 79
5.6.6 Limitations . ... .... ... ... ... .. ... ... ... 80
Summary . . . ... 80

6 HybridVC: Efficient Voice Style Conversion with Text and Audio Prompts 83

6.1
6.2

6.3

Introduction . . . . . .. ... 84
Method . . . . . . . . . e 85
6.21 HybridVC . .. ... .. ... .. . 86

6.2.1.1 CVAEbackbone . . ... ... ... ... ......... 86

6.2.1.2 Speaker Encoder . . . .. .. ... ... ... ..., . 86

6213 TextEncoder . ... ... ... ... .. .......... 86
6.2.2 PromptSpeech + Text Embedding optimisation . ... ... ... 87
623 Training . ... ... ... ... ... ... 88
624 Inference . . . . . . . . . . . . e 88
Experimentsand Results . . . . .. ... ... ... .. .. ....... 89
6.3.1 Datasets . . . . . . .. .. .. 89

6.3.2 Experimentalsetups . ... ... ... .. ... ... . ... ..., 89



Xviii Contents
6.3.3 Models for comparison . .. ... .. .. ... ... ... ... . 89
6.3.4 Evaluationmetrics . . .. ... ... ... .. ... .. ... ... 90
6.3.5 Speech Intelligibility, Naturalness, and Audio Quality . ... .. 90
6.3.6 Consistency Test . . ... ... ... ... .............. 91
6.3.7 AblationStudy . . ... ... .. ... L 0L 92
6.3.8 Limitation and Discussion . . . . . .. . ... ... ... ...... 93
6.4 Summary . . . . ... 93

7 SoundMorpher: Smooth and Consistent Sound Morphing with Diffusion

Model 95
71 Introduction . ... ... .. ... 96
72 Preliminary . ... ... ... .. ... 97
721 Sound Morphing . . ... ... .. ... ... . L L. 97

7.2.2  Latent Diffusion Model on Audio Generation . .. ... ..... 98

73 Method . . ... ... 99
7.3.1 Feature Interpolation. . . . ... ... .... ... ... . .... 99

732 Model Adaptation . ... ... ... ... o oL 100

7.3.3 Consistent and Smooth Sound Morphing . . . . .. ... ... .. 101

7.34 Controllable Sound Morphing with Discrete Morphing Series . . 102

74 Experimentsand Results . . . . . ... ... ... ... ... ....... 103
74.1 Evaluation Metric. . . . . ... .. ... ... ... . .. 103

7.4.2 Timbral Morphing for Musical Instruments . . . . ... ... .. 104

743 Environmental Sound Morphing . . . ... ... ... ... .. .. 106

744 MusicMorphing . . ... ... . o oo 107

745 Discussion and AblationStudy . . . .. ... ... ... ... 108
7451 Ablation study onSPDP . ... ... ... ........ 108

74.5.2 Uninformative v.s. informative initial prompt . . . . . . 109

7453 Inferencesteps . . ... ................... 109

7454 Ablation study on LoRArank . . .. ... ... ..... 109

7455 Limitations . . ... ... ... ... .. ... 110

75 Summary . ... 111
8 SteerMusic: Enhanced Musical Consistency for Text-guided Music Editing 113
81 Introduction . . ... ... . ... ... 114
82 Preliminary . ... ... ... .. ... 116
83 Method . . . . ... ... . 117
8.3.1 SteerMusic: Zero-Shot Text-Guided Music Editing . . . ... .. 117
8.3.2 SteerMusic+: Personalized Music Editing . . . . . . ... ... .. 118

84 Experimentsand Results . . . ... ... ... . ... ... ... . .... 121
8.4.1 Evaluation Metrics . . . .. ... .. ... .. ... ... ... 121

8.4.2 Experimental Setup . ... .. ... ... . ... .. . L. 122

8.4.3 Zero-Shot Text-Guided Music Editing . . . . . ... ... ... .. 122

8.44 Personalized Music Editing . . .. ... ... ... ... ... 124

85 Discussions . . . ... ... e 127



Contents Xix

8.6 Summary . ... ... ... e 127
Conclusion 129
91 Summary of Chapters . . . ... ......... ... .. ... ...... 129
9.2 Summary of Research Contributions . . . . .. ... ... . ........ 131
9.21 Summary of Contributions to RQ1: Efficiency . .. ... ... .. 132
9.2.2 Summary of Contributions to RQ2: Flexibility . . . . .. ... .. 133
9.2.3 Summary of Contributions to RQ3: Controllability . . . ... .. 134
9.24 Reflection on Current Limitations . . .. ... ........... 135

9.3 Future Research . . . . . . . . . . . . 136



XX

Contents




List of Figures

1.1
1.2
1.3

2.1
2.2
2.3

3.1

3.2

4.1
4.2

4.3

5.1

52

5.3

An example of intersections in generative audio domains. . . . . . . .. 2
Research questions and paper map in this thesis. . . ... ... ... .. 6
An overview of the thesis structure. . . . ... ... ... .. ... .. .. 7
Visualization of an audio waveform. . . . . . ... ... .......... 26
Visualization of a mel-spectrogram of an audio segment. . . . . . . . .. 27
Visualization of a CQT-spectrogram of a piano music segment. . . . . . 27

Overview pipeline of SoundLoCD, which is performed based on a pre-
trained spectrogram VQ-VAE. SoundLoCD involves N + 1 parallel dis-
crete diffusion processes on original data and N randomly shuffled negative
data. . ... 37
The visualization of generated samples by DiffSound and SoundLoCD
compared with ground truth. Samples generated by SoundLoCD have a
stronger connection to the text condition compared with DiffSound. . . . . . . 41

The proposed BVS framework. . . ... .......... ... ..... 48
Overview of the BVS training pipeline. In two stages, BVS generates
unified audio semantic tokens from video and phonetic cues, then refines them
into acoustic tokens. Snowflakes mark frozen pre-trained models, and fire

icons represent trainable components. . . . . ... ... L. 49
The generated sample of residual SSL highlights background noise,
indicating sound effect is independent to speech information. . . . . . . 51

An overview pipeline of BDP-VAE. BDP-VAE captures the unobserved
sparse structural dependency (i.e., optimal paths on a DAG) in the
latent space in parallel training the model and allows gradient-based
optimisation for learning the edge weights W. . . . .. ... ... .. .. 69
Toy experiments on BDP to find stochastic optimal paths under ran-
domly generated DAGs. The first row is a 5-node DAG and its density
plots with different a value. The second row is an 8-node DAG and its den-
sity plots with different w value. . . . . .. .. ... L L 74
An example of continuous phoneme-duration alignment vs discrete
phoneme-duration alignment. Continuous alignment results in discon-
nected and imprecise phoneme boundaries, whereas discrete alignment pro-
vides clean and consistent phoneme durations. . . . . .. ... ... ... .. 75

xx1i



xxii

LIST OF FIGURES

54

55

5.6

6.1

6.2
6.3
6.4

6.5

6.6

7.1

7.2

7.3

7.4

7.5

8.1

8.2

Inference FO trajectory comparison with VAENAR-TTS of utterance "I
suppose I have many thoughts.". The intonation of BDPVAE-TTS is close
to the GT indicating that sparse optimal paths help the decoder with a better
understanding of how each phoneme contributes to the overall utterance with
approximated durations. . . . . . .. ... ... 76
Visualization of GT, synthesized singing voice spectrogram, and latent
optimal path from the prior encoder. The GT and generated spectrogram
are almost identical, and the generated spectrogram has a similar temporal
structure to the inferred latent optimal path. . . . . .. .. ... ... .... 76
Visualization of GT alignment between phoneme tokens and spectro-
gram frames, latent optimal paths from the encoder, optimal paths
from random latent space for two audio clips. BDP-VAE achieves closer
alignments with GT, indicating its effectiveness in finding latent optimal paths. 78

Overview of HybridVC, where z represents the latent variable ob-
tained by CVAE backbone, g is text embeddings, s is speaker style
embeddings, and {g!, ..., ¢} are N negative samples. The snowflake
symbol represents frozen parameters during training. . . . . . . ... .. 85
Illustration of negative sampling for text embedding. . . . . .. ... .. 87
[lustration of optimizing the text embedding ¢*. . . ... ... ... .. 87
Visualization of the source speech (left) and the converted speech at
16k Hz sampling rate with text prompt “he speaks loudly" (right). . . . 91
Cosine similarity distribution before text embedding optimisation (left-
top); after fine-tuning with the proposed negative sampling method
(right-top); after fine-tuning with negative samples within the batch
(left-bottom); after fine-tuning with negative samples with manually
classified labels (right-bottom). . . . . ... .. .. ... ... ....... 92
Convergence analysis plot againsta. . . . . .. ... ... ......... 93

Overview of SoundMorpher pipeline, where the snowflake represents
the model parameters are frozen. . . . . .. .. ... ... ... ...... 98
Timbre space visualization of morph trajectories for piano-organ tim-
bre morphing. SoundMorpher obtains a smoother morph trajectory in
the timbrespace. . .. .. ... ... .. ... .. L o L 105
Visualization of environmental sound morphing with N = 5, from top
to bottom: (1) church bells <+ clock alarm (2) crying baby <« laughing
(3) cat <+ dog (4) clapping <+ wood door knocking . . . ... ... ... 107
Visualization of dynamic morphed music for SoundMorpher and base-
line, source and target music. . . . .. ... ... ... L 108
Examples of failure cases produced by SoundMorpher. . . . .. ... .. 110

The distortion of the reconstructed melody (CQT1-PCC=0.721) after
only 20 DDIM inversion steps. . . . . . . ... ... ... .. ... .. .. 114
SteerMusic: Steering the music style with text-guided music editing or
personalized music editing. . . . . .. ... ... oo Lo oL 115



LIST OF FIGURES xxiii

8.3

8.4

8.5

8.6

8.7

9.1

Overview of two music editing pipelines: (a) shows the conventional
approach, which performs editing during denoising after an inversion
process in the diffusion latent space; (b) shows our solution, which
directly edits in data space by optimizing the differentiable function

x = g(0). The differentiable function is initialized with x%. [S] de-
notes a user-defined concept token, and gray circles represent the op-
timization trajectory from source to target. . . . ... ... .. ... ... 116
Overview of the SteerMusic+ pipeline: (a) Personalized diffusion model
(PDM) fine-tuned using D™ and a user-defined [guitar] concept token.

(b) Personalized editing using the PDM €4 from (a). Red dashed lines
indicate gradient flows. . . .. ... ... o Lo 118
A visualization of edited results between SteerMusic+ and baselines in
personalized music editing. SteerMusic+ preserves instruction-irrelevant
musical content on the source music. . .. ... ... ... .. ..... 123
Ablation study on SteerMusic+ with adherence to music consistency

vs. edit fidelity on the edited music with A values in Eq. 8.4. The
horizontal axis (CQT1-PCC) indicates source melody preservation; the
vertical axis (CDPAM) indicates alignment with the target concept. . . . 125
Adherence to music consistency vs. edit fidelity to edited results with
different fine-tune steps in PDM. The horizontal axis (CQT1-PCC) indi-

cates source melody preservation; the vertical axis (CDPAM) indicates
alignment with the target concept. . . . .. ... ... ... ... .. 126

Future research: from multi-modal generative audio synthesis to im-
mersive spatial generative audio synthesis. . . . .. ... ... ... .. 136



XXiv LIST OF FIGURES




List of Tables

1.1

3.1

3.2
3.3

34

4.1

4.2
4.3

51

52

5.3

6.1

6.2
6.3

7.1

7.2

Overview of the aims, methods, and results from each of the six papers
included in thisthesis. . . . . ... ... .. ... . ... ... . ... ... 9

Model comparison on AudioCaps dataset. DiffSoundx was obtained
from the released official checkpoint on AudioCaps. DiffSoundx is our
reproduced result using the original code on AudioCaps. T5-S stands
for the T5-small textencoder. . . . .. .. ... ... ............ 41
Model comparison for fine-tuning on the ESC50 dataset. . . . . ... .. 42
Performance comparison of different LORA implementation methods
in SoundLoCD with CLIP, where W,;,W;,W,, and W, represent weights
of query, key, value, and projection layers that we adapt with LoRA in
the transformer. . . . . .. ... L Lo o 42
Ablation study on CDCD and LoRA in SoundLoCD. . ... ... .. .. 44

Model comparison of video to audio with context-aware speech. VoiceLDM
is a text-guided context-aware TTS model, which supports text prompt

only. . . . .. 55
Experiment on immersive audio background conversion. . . . . . . . .. 55
Ablation study. SP-SSL stands for speech semantic tokens, and audio

SSL stands for unified audio semantic tokens. . . ... ... ... .... 57

Mel Cepstral Distortion (MCD) and Real-Time Factor (RTF) compared

with other TTSmodels. . . . ... ... ... ... ... .......... 75
Mean absolute error and standard deviation (MAE/MAE+STD) of
phoneme durationon TIMIT. . . . .. ... ................. 78
Mean absolute error and standard deviation (MAE / MAE + STD) for
the duration on TIMIT with different hyper-parameter a settings. . . . . 79

Model comparison was measured on unseen source speeches with au-
dio prompts from 9 unseen speakers, where h stands for hours and d

stands fordays. . ... ... ... ... L oo 88
Consistency test for audio prompts and text prompts . . . . .. ... .. 91
Accuracy of converted speech by given text prompts . . . ... ... .. 92

Timbral morphing for musical instruments compared to the baseline

on different instruments. . . . . .. ... Lo L L oL oL 103
Environmental sound morphing with different types of environmental
sounds. . ... 106

XXV



xxvi LIST OF TABLES
7.3 Model comparison with MorphFader on demo samples . . . ... .. 106
7.4 Music morphing experimental results, baseline comparison & ablation
study for sound perceptual features . . . .. ... ... ... .. ... 108
7.5 Experiment results on dynamic music morphing. . . . ... ... ... 109
7.6 Ablation study on model adaptation with different LoRA rank r on
music morphing. Rank with — represents results without LoORA model
adaptation. . . . . ... ... L 110
8.1 Model comparison on zero-shot text-guided the music editing task us-
ing the ZoME-Bench dataset. . . ... ................... 121
8.2 Model comparison on personalized the music editing task using the
ZoME-Bench dataset. . . . .. ... ...... ... .. .. ... .. ... 123
8.3 Model comparison of SteerMusic and SteerMusic+ on the MusicDelta

dataset. . . . . . .. e



Chapter 1

Introduction

1.1 Overview

Audio is a fundamental modality through which humans perceive and interact with
the world [Oxenham, 2018; O’Callaghan, 2009]. It contains rich information that hu-
mans perceive by hearing, ranging from linguistic content in speech, environmental
scenes in sounds, and structured harmony in music. Techniques for automatically
synthesizing audio have a broad real-world impact. They allow natural and intelligi-
ble speech synthesis for assistive purposes, high-fidelity sound effects for virtual en-
vironments, and music generation for both professional composition and consumer
creativity. These applications make audio synthesis central to entertainment, edu-
cation, accessibility, and interactive media, enabling more immersive and creative
human-machine interactions.

With advances in machine learning and generative Al, generative audio synthe-
sis is the task of producing diverse, realistic, and controllable audio content using
generative Al. Unlike traditional approaches, generative models, such as variational
autoencoders (VAEs), generative adversarial networks (GANSs), and diffusion proba-
bilistic models (DPMs), enable learning from large real audio datasets, which can
efficiently estimate complex statistical distributions from real audio samples and
generate synthesized samples from the learned distribution. Generative audio can
be broadly categorized into three main domains according to the contents: speech,
which prioritizes the intelligibility and naturalness of human voice; environmental
sounds, which represent general real-world context and environmental scenes; and
music, which emphasizes structured compositions and creative contents. Although
each domain presents distinct challenges, they share the common goal of producing
audio that is perceptually convincing and contextually coherent.

In practice, the boundaries between these domains are fluid rather than strictly
isolated from each other. fig. 1.1 provides an example of the intersection of different
audio domains, which leads to different applications in real-world scenarios. For
example, film production not only requires Foley sounds but also environmentally
aware speech and background music that together create a coherent auditory expe-
rience. Similarly, virtual reality and video game environments require systems that
can seamlessly integrate speech, sounds, and music into a unified audio scene. Moti-
vated by the needs of real-world applications, this thesis explores a unified perspec-
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Figure 1.1: An example of intersections in generative audio domains.

tive on generative audio synthesis, treating the generated audio content in speech,
sound, and music not as strictly isolated tasks but as intersecting and complemen-
tary domains. The goal is to develop Al-generated content (AIGC) methods that
can specialize within an audio domain or generalize across different domains of the
audio content, depending on the requirements of different needs of users in applica-
tions, thereby enabling more flexible and contextually adaptive audio generation in
real-world applications.

1.2 Motivation

AIGC in the audio domain leverages generative models to automatically create di-
verse audio content, including speech, music, and environmental sounds that mimic
or augment human creativity and perception. In the speech synthesis domain, meth-
ods such as WaveNet, FastSpeech, VALL-E, and lip2speech [van den Oord et al.,
2016; Ren et al., 2019; Wang et al., 2023a; Hegde et al., 2022] emphasized the intel-
ligibility and naturalness of synthesized speech from modalities such as transcripts
or videos. In the sound generation domain, models like Diff-Foley, DiffSound and
AudioGen [Yang et al., 2023b; Kreuk et al., 2023; Chen et al., 2020b] produced am-
bient sound effects that aligned with the given conditions, such as text descriptions
and videos. While in the music synthesis domain, approaches such as Jukebox,
PopMusic Transformer, MusicGen, and MusicLM [Dhariwal et al., 2020; Huang and
Yang, 2020; Copet et al., 2023; Agostinelli et al., 2023] generated musical composi-
tions from cues such as text descriptions, MIDI, or lyrics. While these task-specific
methods demonstrated high-quality results for their targeted applications, they were
inherently restricted to narrowly defined tasks and may not be easily extended to
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accommodate broader generative demands or mixed-modality scenarios.

Recent years have seen a shift toward general and multimodal audio generation
frameworks, such as AudioLDM2 [Liu et al., 2024c], Fugatto [Valle et al., 2025], Uni-
Audio [Yang et al., 2024a], and Make-An-Audio [Huang et al., 2023a]. These models
can generate audio conditioned on diverse modalities, such as text, images, or video,
and represent a step toward unifying previously independent tasks. Despite their
progress, such frameworks still face important limitations: they often rely on huge
computational resources and large sets of high-quality data for training, produce
a single auditory modality at a time (i.e., one type of audio content such as speech
only or music only), and provide limited fine-grained control over the semantic struc-
ture. Consequently, they remain challenging to scale efficiently, inflexible in enabling
creative editing or multi-domain fusion, and may not meet user demands to cross
auditory modalities. While general models demonstrate strong versatility across au-
dio generation tasks, specialist models are still necessary to achieve the high quality,
precision, and efficiency required in specific applications.

Despite rapid progress in domain-specific and generalized audio generation mod-
els, several key challenges hinder their broader applicability and practical use. These
challenges primarily revolve around three critical dimensions essential for real-world
applications:

e Efficiency: State-of-the-art generative audio synthesis methods, such as DPM-
based models and transformer-based language models, achieve impressive qual-
ity on generated audio content. Such models demand large computational re-
quirements and incur slow sampling, as noted in diffusion-based methods [Ho
et al., 2020a; Yang et al., 2023b] and autoregressive architectures such as WaveNet
[van den Oord et al., 2016]. Even recent large-scale models [Borsos et al.,
2023a; Agostinelli et al., 2023; Hu et al., 2026] remain impractical for resource-
constrained environments. This restricts their usability and extensibility in set-
tings with limited resources, such as mobile devices or even individual user
computers or offline use. Therefore, it is crucial to improve the training effi-
ciency and reduce the computational requirements of current generative audio
synthesis methods while balancing the generation quality.

* Flexibility: Audio inherently contains complex perceptual attributes such as
timbre in speech and music. For instance, in the application of music editing,
creators usually require diverse manipulation capabilities, such as changing
instrument timbres and editing music styles, to support creative workflows.
Neural audio models often struggle to support nuanced edits such as fine-
grained timbre manipulation or style modification, as highlighted in speech [Li
et al., 2023b,a] and music systems [Dhariwal et al., 2020; Engel et al., 2020;
Plitsis et al., 2024]. This lack of flexibility limits their usefulness in creative
applications.

¢ Controllability: While existing methods can produce high-quality audio, they
usually lack fine-grained control over semantic content or temporal structure.
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Environmental sounds, for example, involve complex, time-ordered events that
are difficult to reproduce accurately. Prior work in text-to-sound and video-to-
audio synthesis highlights challenges in achieving fine-grained semantic and
temporal alignment [Yang et al., 2023b; Kreuk et al., 2023; Luo et al., 2023; Lee
et al., 2024a; Wang et al., 2024b], and similar issues arise in speech synthesis,
where prosodic and contextual control remain limited [Wang et al., 2023a; Lee
et al., 2024b]. Therefore, enabling fine-grained semantic and temporal control
of generative audio synthesis remains an open and significant challenge.

Addressing these challenges is essential for advancing generative audio synthesis
toward methods that are more efficient, flexible, and controllable, which are capable
of supporting real-world applications such as film production, gaming, virtual reality,
and assistive technologies.

1.3 Research Questions

Building on the motivations outlined in section 1.2, this thesis aims to explore so-
lutions for the three central research questions that address the core challenges of
efficiency, flexibility, and controllability in generative audio synthesis.

¢ Research Question 1 (Efficiency): Can generative audio models be designed to
efficiently extend to new tasks or datasets while using limited computational
resources, without sacrificing synthesis quality?

* Research Question 2 (Flexibility): Can a model support flexible audio gener-
ation across diverse domains and user demands, enabling seamless manipula-
tion or cross-domain fusion of speech, sounds, and music?

¢ Research Question 3 (Controllability): Can generative models provide fine-
grained control over semantic, temporal, and acoustic perception dimensions
to accurately fulfill complex user requests?

Together, these research questions aim to push generative audio synthesis toward
models that are efficient, flexible, and controllable, capable of adapting to the di-
verse requirements of real-world applications.

1.4 Contribution

In this thesis, we present six methods designed to address the three primary research
challenges in generative audio synthesis (i.e., (1) efficiency, (2) flexibility, and (3) con-
trollability) as outlined in section 1.3. These methods are developed and evaluated
across six core tasks in the sound, speech, and music synthesis domain: text-to-
sound generation, video-to-audio generation, text-to-speech and singing voice syn-
thesis, voice conversion, sound morphing, and text-guided music editing. Together,
they form a coherent line of research that advances the state-of-the-art performance
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and demonstrates the potential of generative audio systems to support real-world
applications. An overview of the six methods is provided in table 1.0, with each
method corresponding to a published paper and addressing at least one of the iden-
tified research challenges. The specific contributions of this thesis are summarized
as follows:

1. RQ1: Efficiency We introduce methods to improve training efficiency under

limited computational resources and pipelines in generative audio models with-
out sacrificing quality.

* In chapter 3, we propose a LoRA-based discrete latent diffusion frame-

work (called SoundLoCD) that reduces computational overhead while strength-

ening condition-output alignment in text-to-sound generation.

¢ In chapter 5, we develop a theoretical foundation for discrete latent mod-
eling using Gumbel propagation and variational dynamic programming
(called BDP) that enables efficient search and optimization over structured
token spaces.

Together, these contributions provide scalable strategies for training and in-
ference, ensuring that generative audio models can be deployed in resource-
constrained or real-time settings.

. RQ2: Flexibility

We design pipelines that extend beyond narrow task boundaries, enabling a
single framework to support diverse applications and modalities.

* In chapter 6, we introduce HybridVC, a controllable voice conversion
model that supports hybrid prompts (text and speaker embeddings), demon-
strating flexible transfer while preserving linguistic and speaker identity.

¢ In chapter 7, we propose a diffusion-based sound morphing framework
guided by a perceptual distance metric called SoundMorpher, which sup-
ports static, dynamic, and cyclostationary morphing without retraining on
task-specific data.

These works collectively highlight the potential of flexible generative audio
systems to adapt across tasks and domains in an open-world setting.

. RQ3: Controllability

We propose methods that give users more precise control over generative out-
put, addressing the need for intelligibility, alignment, and user-driven editing.

* In chapter 4, we introduce BVS, a two-stage video-to-audio framework
that disentangles speech and ambient sounds, ensuring intelligible speech
while aligning ambient effects with visual context.
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Figure 1.2: Research questions and paper map in this thesis.

¢ In chapter 8, we propose SteerMusic, which demonstrates controllability in
music by enabling style transfer and fine-grained user-driven edits while
maintaining instruction-irrelevant music attribute consistency.

These contributions advance the ability of generative audio systems to respect
multimodal conditions and user intent, moving towards practical, interactive
use cases.

As shown in fig. 1.2, the six papers form a coherent research program to the three
research questions introduced in section 1.3. Some proposed methods, such as Steer-
Music (paper 6), span multiple RQs by addressing both flexibility and controllability,
while HybridVC (paper 4) links efficiency and flexibility and SoundLoCD (paper 1)
enhances both controllability and training efficiency on existing works. This over-
lapping structure highlights a central theme of the thesis: progress in generative au-
dio synthesis often requires balancing efficiency, flexibility, and controllability rather
than treating them in isolation. Together, the six works advance the field toward
open-world generative audio systems capable of producing high-quality, adaptable,
and user-aligned audio across speech, sound, and music domains.

1.5 Thesis Outline

As illustrated in fig. 1.3, this thesis is organized as the following nine chapters:

¢ chapter 2 Background and Literature Review. This chapter includes the techni-
cal backgrounds and literature review of related tasks in the generative audio
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Figure 1.3: An overview of the thesis structure.

synthesis domain.

chapter 3 An Efficient Conditional Discrete Contrastive Latent Diffusion Model
for Text-to-Sound Generation. This chapter proposes SoundLoCD, which is
a text-to-sound effect generation model designed for improving the training
efficiency and controllability of existing text-to-sound methods.

chapter 4 Video to Audio Synthesis with Environmentally Aware Speech. This
chapter proposes Beyond Video-to-SFX (BVS), a two-stage generative model
for improving controllability of existing methods in the video-to-audio task by
integrating environmentally aware speech synthesis in parallel.

chapter 5 Latent Optimal Paths by Gumbel Propagation for Variational Bayesian
Dynamic Programming. This chapter provides a theoretical perspective on
probabilistic generative frameworks for capturing unobserved structured la-
tent optimal paths. We showed our method successfully allows a non-end-to-
end text-to-speech and singing voice synthesis model to become an end-to-end
training pipeline, at the same time ensuring the train and test consistency on
capturing the discrete unobserved structured optimal paths in the latent space.

chapter 6 Efficient Voice Style Conversion with Text and Audio Prompts. This
chapter proposes HybridVC, a flexible voice conversion model, that supports
text and audio prompts. Compared to existing approaches, HybridVC supports
both flexible text-guided voice conversion and precise audio-guided voice con-
version.

chapter 7 Smooth and Consistent Sound Morphing with Diffusion Model. This
chapter proposes SoundMorpher, an open-world sound morphing pipeline,
that allows for diverse sound morphing tasks without the need of retraining
on specific datasets. SoundMorpher opens a new direction on sound morph-
ing research by making use of a pre-trained audio generation model to perform
flexible sound morphing.
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¢ chapter 8 Enhanced Musical Consistency for Zero-Shot Text-Guided and Per-
sonalized Music Editing. This chapter proposes two methods for the music
editing task, which are SteerMusic and SteerMusic+. Both methods aim to
solve the limitation of existing text-guided music editing pipelines, that fail to
preserve the source music content during style editing. Beyond text-guided
music editing, SteerMusic+ is proposed for personalized editing, which allows
for fine-grained control in text-guided music editing.

¢ chapter 9 Conclusions and Future Directions. In this chapter, we summarize
our contributions, limitations of our work, and future research directions to
further enhance the immersive audio experiences in real-world applications.
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Table 1.1: Overview of the aims, methods, and results from each of the six papers
included in this thesis.

Paper Aim Methods Results
. [1] SoundLoCD Improve LoRA-based discrete  Strong text-to-sound
Q [Niu et al., 2024d] conditioning and latent diffusion with lower compute
o training efficiency in ~ model; contrastive (efficiency); improved
2 text-to-sound alignment between condition—-output
N generation text and outputs correspondence
,g (controllable).
g
. [2] Beyond Improve Two-stage model: Synchronize
Q Video-to-SFX (BVS)  Vvideo-to-audio audio semantic ambient sounds
9 [Niu et al., 2026b] generation with token prediction and ~ with intelligible
: v intelligible speech acoustic generation speech (controllable);
S conditioned on flexible to various
- video and phonetic real-world
cues applications.

— [3] Bayesian Capturing Gumbel propagation  Discrete optimal
2 Dynamic utnob:ervgd gor Va}riati:(l)nal . pa’;h fpr gradient
= : structure ayesian dynamic optimisation;
N Pﬁgral:ln;lnzgo(zliDP) relationships in programming; end-to-end efficient
N [Niu etal,, a conditional audio BDP-VAE training strategy

generative tasks (efficiency).
. [4] HybridVC [Niu  Promptable and Latent generative Flexible conversion
z et al., 2024b] controllable voice model of a with hybrid prompts
» conversion pre-trained VAE (flexible); efficient
E with text and audio  training with limited
5 prompts; contrastive  time and resources
N multimodal (efficiency).
N alignment
. [5] SoundMorpher Smooth and Diffusion-based Flexible morphing
ot [Niu et al., 2024c] consistent sound morphing with method without
=) morphing across embedding retraining on
B, different audio interpolation; specific dataset
%. morphing tasks smoothness (flexible); smoother
5 refinement with and more natural

binary search

transitions.

(re1Q) 920T IVVV

[6] SteerMusic [Niu
et al., 2026a]

User-controlled
music editing with
enhanced source
melody consistency

Score distillation;
personalized
concept-token
manipulation

Coarse-grained
zero-shot
text-guided music
editing (flexible); and
fine-grained
personalized music
editing (controllable).
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Chapter 2

Background and Related Work

This chapter establishes the technical background of generative audio synthesis nec-
essary for contextualizing the contributions of this thesis. Research in generative
audio synthesis can be traced back to early speech synthesis systems, notably the
Voder [Story, 2019] demonstrated at the 1939 World’s Fair, followed by decades of
rule-based and parametric approaches that gradually improved intelligibility and
control. The field has undergone a major transformation over the past decade with
the emergence of deep learning, which has enabled data-driven audio generation and
high-fidelity and diverse audio content synthesis across speech, sound effects, and
music [van den Oord et al., 2016; Kreuk et al., 2023; Rouard et al., 2025; Wang et al.,
2017b; Agostinelli et al., 2023]. While acknowledging this broader historical trajec-
tory, this chapter primarily focuses on developments from the modern generative Al
framework that directly inform the research presented in this thesis.

We begin by introducing typical generative modeling frameworks in section 2.1,
followed by a review of major audio generation tasks across domains in section 2.2,
audio editing tasks in section 2.3, and the sound morphing task in section 2.4. To sup-
port these discussions, section 2.5 summarizes commonly used audio representations
in contemporary generative systems, while section 2.6 introduces neural vocoders
that reconstruct waveforms from intermediate representations. Finally, section 2.7
provides a comprehensive overview of the objective evaluation metrics employed
throughout this thesis.

2.1 Generative Models for Audio Synthesis

In this section, we introduce the technical background underlying generative
frameworks for audio synthesis. We focus on several common generative frameworks
that form the foundation of modern audio synthesis systems. These frameworks aim
to model the underlying distribution of real audio data, enabling the generation
of new audio samples by sampling from the estimated distribution. These models
provide the conceptual and practical basis for the generative audio synthesis tasks
discussed throughout this thesis.

In audio generative frameworks, the main objective is to approximate the under-

11
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lying data distribution pga.(x) of real-world audio samples x € X, where X repre-
sents the set of real-world audio data. The audio data can be a form of audio repre-
sentation introduced in section 2.5. By learning a parametric model pg(x) &~ pgata(¥)
to approximate the real-world data distribution, these methods can generate new
audio samples by sampling from the estimated distribution x’ ~ pg(x), thereby,
capturing the complex temporal, spectral, and perceptual characteristics present in
natural sounds.

2.1.1  Autoregressive Models

Autoregressive (AR) models, such as WaveNet [van den Oord et al., 2016], model
the intrinsic nature of audio sequences and generate audio sample by sample and
predict the probability distribution of the next audio sample based on all the pre-
vious samples in an audio sequence. This autoregressive property ensures that the
model only uses past information to predict the future, crucial for generating coher-
ent and natural-sounding audio. Let an audio signal be represented as a discrete
time-domain sequence x = x1.3 = {x1,X2,...,Xg}, where x; represents the s-th ele-
ment in the sequence. An AR model factorizes the joint distribution over the full
sequence according to the chain rule,

S
po(xs) = [ [ polxs | x<s), 2.1)

s=1

where S represents the number of timesteps in the audio sequence. x.; denotes all
previous samples before sequence timestep s. These models achieved unprecedented
quality in audio synthesis across speech and music domains but suffered from slow
inference on long sequence generation due to the sequential generation property.

2.1.2 Generative Adversarial Networks

Generative adversarial networks (GANs) [Goodfellow et al., 2020] introduce an ad-
versarial training strategy between a generator G and a discriminator D. The gener-
ator learns to produce realistic samples G(z) from a latent prior z ~ p.(z), while the
discriminator learns to distinguish between real audio samples x ~ pga.(x) and gen-
erated samples. The goal of a GAN is to generate realistic data that the discriminator
cannot distinguish as fake. It learns from the discriminator’s feedback, using its mis-
takes to improve the output. A GAN is trained by the standard minimax objective,
which is defined as

Lcan = mGinmlglxIEXNpdata [log D(x)] + E.~p.[log(1 — D(G(z)))]. (2.2)

GANSs are known for generating high-quality audio with efficient sampling, but
training stability and mode collapse remain ongoing challenges.
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2.1.3 Normalizing Flows

Normalizing flow (NF) models, such as WaveGlow [Prenger et al., 2019] and Glow-
TTS [Kim et al., 2020], are a class of likelihood-based generative models that learn an
invertible transformation between a simple prior distribution to the complex distri-
bution of real audio data pg,t,. Formally, an NF defines a bijective function fg : z <+ x,
where z is a latent variable drawn from a simple prior (e.g., z ~ N(0,I)). The proba-
bility of x can be computed exactly using the change of variables formula,

1
pe(x) = p(z) |detaf98x(x) | (2.3)

During training, the model learns the parameters 6 to maximize the log-likelihood of
the data. Since fy is invertible and differentiable, NFs support both efficient sampling
via £ = fy(z) and likelihood estimation via z = f, (x). The applicability of NFs is
limited to transformations that are differentiable and invertible.

2.1.4 Variational AutoEncoder

Variational AutoEncoder (VAEs) [Kingma and Welling, 2013] introduce a probabilis-
tic framework that learns a latent representation z from a prior distribution z ~ p(z)
for data x. An encoder parameterizes an approximate posterior g4 (z|x), while a de-
coder reconstructs the data as py(x|z). VAEs are optimized via the evidence lower
bound (ELBO), which balances a reconstruction loss with a Kullback-Leibler (KL)
divergence term, creating a trade-off between the encoder and decoder. The ELBO is
defined as

Leso = Egy (2 [logpe(x[2)] — ADkr (90 (2] %) |p(2))- (24)

where Dk, denotes the KL divergence and A is a scale parameter. The ELBO
loss optimizes the decoder by the reconstruction term and the encoder by the KL
divergence regularization. This procedure is conceptually similar to the Expecta-
tion-Maximization (EM) algorithm. This is a trade-off between reconstruction ac-
curacy and latent regularization. However, this tension can cause posterior col-
lapse [van den Oord et al., 2017a], where the decoder is too powerful and the latent
variable carries little information.

2.1.5 Diffusion Probabilistic Models

Diffusion probabilistic models (DPMs) [Ho et al., 2020a] reformulate generation as
a gradual the denoising process. DPMs can be interpreted by three complementary
views: the variational view, the score-based view, and the flow-based view [Lai et al.,
2025]. In this part, we introduce the DPMs by the variational view. The forward
diffusion process gradually adds Gaussian noise to data x over T diffusion timesteps
through a Markov chain, as

q(xtlxi—1) = N (V1 —apxp 1, a41). (2.5)
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where «; is the variance schedule that controls the magnitude of the noise at the diffu-
sion timestep t. The reverse process learns to invert this corruption by approximating
po(xi—1|x¢), effectively denoising a sampled Gaussian noise x; ~ AN (0,1) to data step
by step. DPMs can be optimized by the variational lower bound (VLB) [Kingma et al.,
2021], which measures how well the learned reverse process approximates the true
posterior of the forward diffusion. Specifically, the evidence lower bound decom-
poses into a sum of per-timestep KL divergences between the true reverse posterior
g(x¢—1|xt, x0) and the model distribution pg(x;—1|x;), and a reconstruction term at
time step t = 0

Ly = Eq[Dxr(q(xt|x0) || pe(xt))
T
+ ) Dx(q(xi—1]xt, x0)||po(xt-1]xt)) — logpe(xolx1)] (2.6)

t=2
Ho et al. [2020a] shows that this objective can be simplified into a denoising score-
matching objective by reparameterizing the forward process into a closed-form nois-
ing step q(x¢|xp). The resulting training loss reduces to predicting the added Gaus-
sian noise € at each timestep:

Lopum = Exgetllle — eo(xt, 1)) 2.7)

DPMs achieve state-of-the-art perceptual quality and diversity in audio genera-
tion, which is widely applied to different audio domains. However, Denoising Dif-
fusion Probabilistic Models (DDPMs) suffer from inherently slow sampling, as they
require a large number of sequential denoising steps to approximate the reverse dif-
fusion process. We then introduce an alternative solution to improve the sampling
efficiency of DPMs while maintaining the sample quality.

2.1.5.1 Denoising Diffusion Implicit Model (DDIM)

To reduce the inference time of DPMs, DDIM provides an alternative solution and
enables significant sampling efficiency while maintaining high generation quality.
Given DPM parameterized by ¢ and a diffusion process defined as g(x:|xp) :=
N (x4 y/aixo, (1 — a;)I), where the a; represents the variance of the forward diffu-
sion process at time step t, x; represents the noised latent representation of the data
xo. To reduce computational demands on DPM inference, DDIM [Song et al., 2021a]
defines an update rule in the reverse diffusion process, which the formulation is
given by

(t)
xt— /1 — ey’ (x¢)
Xi—1 = zxt,l( \/071} ¢ ) + A/ 1— Ky — (theg)(xﬂ + O+€¢ (28)

‘predicted xo’

‘random noise’

‘direction pointing to x;
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where 0} is a free variable that controls stochasticity in the reverse process. The in-
sight of DDIM is using a deterministic forward process that shares the same training
objective as the original DPMs, while allowing a non-Markovian reverse diffusion
process. Moreover, setting 0; to 0 yields a deterministic update rule that establishes
a deterministic mapping between the clean sample xo and its latent representation
xt. The inverse mapping from xg to xr is referred to as DDIM inversion. It can be

formulated as
Xt+1 Xt 1—aq 1—ar\ (p
- = [ ——— )€ (x). 29
LTI \/ Kt <\/ K41 \/ e ) ¢ ( t) @9)

In practice, DDIM constructs a sequence of time steps {1, 7, ..., ts} with S < T,
where T is the number of steps used during training. The model then performs
sampling only along this subset of steps, effectively skipping intermediate diffusion
steps. This property enables DDIM to accelerate inference time substantially com-
pared to DDPM, while maintaining good sampling quality.

2.1.5.2 Classifier-Free Guidance (CFG)

A key challenge in conditional diffusion models is to balance the fidelity and con-
ditional alignment. Classifier guidance can improve conditional consistency but re-
quires training an external classifier on noisy inputs, which is computationally ex-
pensive and often unstable. CFG [Ho and Salimans, 2021] addresses this issue by
removing the classifier entirely and instead training the diffusion model to produce
both conditional and unconditional predictions. This enables guidance at sampling
time without additional networks or noise-aware classifiers. CFG is widely used in
both image and audio diffusion models for its simplicity, stability, and strong im-
provements in conditional generation quality.

Given a diffusion model jointly trained on conditional and unconditional embed-
dings, in the sampling phase, samples can be generated using CFG [Ho and Salimans,
2021]. The prediction with the conditional and unconditional estimates is defined by
the following equation

egg(xt,y, t) := wep(x,y,t) + (1 — w)ep(xt, D, t) (2.10)

where w is the guidance scale that controls the trade-off between mode convergence
and sample fidelity, and & is a null token used for unconditional prediction.

2.2 Audio Generation Tasks

In this section, we move our focus to the audio generation domain, where the gen-
erative frameworks introduced in section 2.1 are applied to produce diverse forms
of audio content. Building on the foundational principles of generative modeling,
we provide a comprehensive review of related work across major audio generation
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tasks, including generalized audio generation methods and specialized audio gener-
ation methods, which highlights how these generative frameworks enable practical
and high-quality audio generation.

Audio generation refers to the task of producing desired audio signals using gen-
erative models and represents a central component of modern audio synthesis [Latif
et al., 2023; Agostinelli et al., 2023; Yang et al., 2023b; Gutiérrez et al., 2025]. Existing
approaches to audio generation can be broadly categorized into specialized models
and generalized models. Generalized models aim to provide a unified framework
capable of generating diverse audio types, such as speech, music, and environmental
sounds, within a single system. These models typically leverage large-scale multi-
modal datasets and cross-domain learning strategies to capture shared acoustic rep-
resentations across tasks. In contrast, specialized models focus on a specific domain,
optimizing for high fidelity, controllability, and expressiveness in a well-defined task,
such as text-to-speech synthesis, music composition, or sound effect generation. This
section reviews related works in both generalized models and specialized models
in the audio generation domain, highlighting the evolution from domain-specific
systems to unified, cross-domain generative frameworks that advance toward gener-
alized audio intelligence.

2.2.1 Generalized Audio Generation and Audio LLMs

Generalized audio generation models aim to synthesize diverse forms of audio, in-
cluding speech, sound effects, and music, within a unified framework capable of
capturing temporal structure and semantic conditioning. One of the pioneering ap-
proaches in this direction is WaveNet [van den Oord et al., 2016], which directly mod-
eled raw waveforms and demonstrated high-quality audio synthesis for both speech
and music. Building on this idea, Jukebox [Dhariwal et al., 2020] introduced a hierar-
chical VQ-VAE [van den Oord et al., 2017a]-based architecture capable of generating
high-fidelity music with lyrics. Jukebox showed that a single model could learn com-
plex and long-form audio dependencies while being conditioned on attributes such
as genre, artist, and lyrics. This marks an important step toward universal audio
generation through hierarchical tokenization and conditioning strategies.

Subsequent research advanced this paradigm by leveraging self-supervised learn-
ing (SSL) and language modeling techniques applied to audio token sequences. Au-
dioLM [Borsos et al., 2023a] exemplified this shift by introducing a pipeline that first
extracts semantic and acoustic tokens from raw audio using pre-trained encoders and
then models these token sequences using Transformer-based language models. Audi-
oLM achieved impressive results across both speech and music generation, demon-
strating the feasibility of treating audio as a discrete sequence modeling problem
analogous to natural language. SoundStorm [Borsos et al., 2023b] further improved
the acoustic modeling stage by incorporating residual vector quantization (RVQ) and
a parallel decoding framework, leading to higher fidelity and faster synthesis.

With the rapid success of diffusion-based generative models in vision and lan-
guage, several works extended this paradigm to the audio domain. Notable exam-
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ples include Make-A-Audio [Huang et al., 2023d,b], AudioLDM [Liu et al., 2023a],
AudioGen [Kreuk et al., 2022], and TANGO [Ghosal et al., 2023; Majumder et al.,
2024]. These models aim to achieve general-purpose, multi-modal conditions for
guided audio generation across multiple audio domains, which span speech, sound
effects, and music. For instance, AudioLDM employs a latent diffusion framework
trained on large-scale datasets and supports generation from both text and audio
prompts, while AudioGen uses autoregressive Transformers to model discrete audio
tokens for coherent sound and speech synthesis. More recent extensions such as Valle
et al. [2025]; Wang et al. [2025a]; Liu et al. [2024c]; Huang et al. [2023a]; Zhang et al.
[2026]; Wang et al. [2024c] have further integrated large language models (LLMs) into
the generation pipeline, enabling semantically richer conditioning and cross-modal
capabilities such as text-to-audio and image-to-audio generation.

More recently, following the success of multimodal large language models (MLLMs)
and audio large language models (LLMs), research has increasingly focused on in-
tegrating audio understanding and generation within a unified framework. Such
models leverage shared multimodal representations, which are often built on top
of large language model backbones, to support both understanding and generative
tasks within the same architecture. This trend has enabled general-purpose sys-
tems capable of performing audio generation alongside broader multimodal reason-
ing [Xu et al., 2025; Hu et al., 2026; Tian et al., 2025b; Lu et al., 2024; Kong et al., 2024;
Evans et al., 2026]. Compared with diffusion-based approaches, these models pro-
vide stronger semantic reasoning and cross-modal capabilities, while diffusion mod-
els remain advantageous in high-fidelity generation and fine-grained controllability.
Integration of audio LLMs with diffusion-based generation represents a promising
future research direction.

These developments mark a clear path from domain-specific audio synthesis
pipelines toward general, unified, and multimodal audio generation frameworks,
ultimately laying the groundwork for universal audio understanding and creative
sound modeling.

Although generalized audio generation models provide a unified framework for
producing diverse types of audio, audio generation remains particularly challeng-
ing due to the high variability, temporal complexity, and context-specific nature of
real-world sounds. In many applications, such as film post-production, virtual en-
vironments, and video game development, sound effects must be precisely aligned
with semantic or visual events, requiring fine-grained control over timing, texture,
and contextual semantics. The following sections provide a comprehensive literature
review on specialized models of audio generation tasks in the sound, speech, and
music domains.

2.2.2 Sound Generation

Early sound generation methods mainly relied on label-to-sound mappings [Liu
and Jin, 2024b,a], while conventional pipelines often relied on sample concatenation
or manually engineered synthesis workflows incorporating handcrafted audio at-
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tributes such as pitch, timbre, and temporal envelope [Engel et al., 2020]. To improve
the flexibility of existing pipelines, recent research has explored text-to-sound (T2S)
generation, which leverages natural language as a flexible and expressive conditioning
modality. By conditioning on textual descriptions, these models enable semantically
rich and controllable sound synthesis. DiffSound [Yang et al., 2023b] pioneered this
direction with a discrete latent diffusion model trained on paired audio—caption data
(e.g., AudioCaps [Kim et al., 2019a]), demonstrating that text prompts can guide en-
vironmental sound generation more effectively than label-based methods. Following
this, AudioGen [Kreuk et al., 2023] proposed a GAN-based autoregressive model that
generates waveforms using neural audio codecs [Zeghidour et al., 2021; Li et al., 2021]
and a text encoder derived from a transformer language model [Raffel et al., 2020].
However, its autoregressive formulation results in high inference latency, making it
less suitable for long-duration audio. Subsequent works [Liu et al., 2023a; Ghosal
et al.,, 2023; Yuan et al., 2023] adopted latent diffusion models (LDMs) [Gu et al.,
2022a; Song et al., 2021b; Ho et al., 2020b] trained on multiple datasets, enabling more
general text-guided synthesis in the continuous latent space of pre-trained VAEs.
Despite these advances, maintaining precise text-sound correspondence remains a
major challenge: current models often fail to capture fine-grained acoustic attributes
or temporal cues implied by language. In chapter 3, we introduce a method that ex-
plicitly strengthens text-sound correspondence during training, thereby improving
both semantic consistency and generation quality.

However, text-guided audio generation often lacks fine-grained temporal control
and precise synchronization, which are critical requirements in applications such
as film production and interactive media, where Foley sounds must align accurately
with frame-level visual cues. This limitation motivates the task of video-to-audio (V2A)
generation, where the goal is to produce synchronized sounds that semantically match
visual events. DiffFoley [Luo et al., 2023] was among the first to tackle this task,
using a latent diffusion model combined with a contrastive audio—video pretraining
(CAVP) framework for automatic Foley sound generation. Subsequent studies [Wang
et al., 2024b; Xue et al., 2024; Lee et al., 2024a; Chen et al., 2024b; Wang et al., 2024a;
Viertola et al., 2025] extended this paradigm, focusing on improving the synthesis
quality and temporal alignment of ambient sounds. More recent models, such as
VATT and MMAudio [Liu et al., 2024d; Cheng et al., 2025] incorporate text prompts
alongside video inputs, enabling richer scene understanding, for example, generat-
ing the composite soundscape of “a man speaking while playing tennis.”. However,
in practice, videos include not only environmental sounds but also audio associ-
ated with human actions and speech. Despite these improvements, current V2A
systems generally focus on the ambient sound-event level, which produces sound
effects that are temporally synchronized but lacking contextual coherence and in-
telligible speech. This limits their applicability in scenarios requiring context-aware
spoken content. In chapter 4, we propose a new V2A framework that addresses this
limitation by generating synchronized ambient audio together with contextually ap-
propriate, intelligible speech from video prompts. The proposed method enhances
the controllability of existing V2A methods, which allows for fine-grained synchro-
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nized audio generation with intelligible speech.

Although sound generation models in principle produce a wide variety of audio
signals, including human voices and background music, they remain primarily fo-
cused on ambient and environmental sounds. Their architectures are typically not
optimized for the linguistic structures inherent in speech or the temporal-harmonic
organization characteristic of music composition. We then extend our review to the
speech synthesis domain, where specialized models address these domain-specific
challenges through structured conditioning, prosody modeling, and long-term tem-
poral coherence.

2.2.3 Speech Synthesis

Speech synthesis aims to generate natural and intelligible speech, with applications
ranging from virtual assistants to human-machine communication. Within this do-
main, text-to-speech (TTS) synthesis is the task that generates intelligible speech from
given transcripts. Early TTS systems relied on statistical parametric synthesis [Zen
et al., 2009], which modeled acoustic features such as pitch, spectral envelope, and
duration using hidden Markov models (HMMs). Although these approaches pro-
duced intelligible speech, they lacked naturalness and expressive variability. The
advent of deep learning revolutionized this field: WaveNet [van den Oord et al.,
2016], an autoregressive model directly generating raw waveforms, achieved un-
precedented perceptual quality. Subsequent TTS methods, such as Tacotron [Wang
et al., 2017a] and Tacotron 2 [Shen et al., 2018b], improved speech naturalness by
predicting mel-spectrograms from phoneme text, later converted to waveforms us-
ing neural vocoders such as WaveGlow [Prenger et al., 2019] and HiFi-GAN [Kong
et al., 2020a]. However, these autoregressive models suffered from high inference
latency. To address this, non-autoregressive (NAR) models like FastSpeech and Fast-
Speech 2 [Ren et al., 2019, 2020] introduced duration predictors and parallel gener-
ation pipelines, relying on pre-trained external phoneme aligners such as the Mon-
treal Forced Aligner (MFA) [McAuliffe et al.,, 2017a] to retain intelligibility while
accelerating synthesis. However, the performance of these models relies strongly on
the ability of external aligners. To address this problem, end-to-end TTS system:s,
including Glow-TTS [Kim et al., 2020], VAENAR-TTS [Lu et al., 2021], and VQ-VAE-
TTS [Yasuda et al., 2021], later emerged by employing dynamic programming, atten-
tion mechanisms, or CTC-based alignment [Graves et al., 2006]. Yet these methods
struggle to maintain consistent phoneme-duration alignment between training and
inference due to the discrete nature of duration modeling. In chapter 5, we address
this limitation by introducing a probabilistic softening approach to dynamic pro-
gramming, enabling a consistent end-to-end training framework for TTS and related
tasks.

More recently, diffusion-based frameworks have shown promise in speech syn-
thesis. Grad-TTS [Popov et al., 2021] and Diff-TTS [Jeong et al., 2021a] model mel-
spectrogram generation as a denoising diffusion process, progressively refining speech
representations from noise. These models yield superior fidelity and prosody diver-
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sity compared to deterministic predictors. Further advances incorporate large-scale
generative models [Wang et al., 2023a; Guo et al., 2023; Le et al., 2023; Wang et al.,
2025b; Casanova et al., 2022; Wang et al., 2025c; Zhang et al., 2024a; Xinyuan et al.,
2025], achieving multilingual, zero-shot speaker adaptation, and prompt-based con-
trollability. Another relevant direction is environmental context-aware speech synthesis,
which aims to produce speech that naturally blends with environmental acoustics
and background noise. VoiceLDM [Lee et al., 2024b] pioneered this area using
a latent diffusion model trained on noisy speech datasets and guided by a pre-
trained ASR model [Rekimoto, 2023] to maintain intelligibility under noisy con-
ditions. VoiceDiT [Jung et al., 2025] extends this work by incorporating image-
conditioned synthesis. However, these models are constrained by the scarcity of
large-scale datasets designed for context-aware speech generation, often requiring
multi-stage training—first on synthetic noisy data, then fine-tuning with ASR-transcribed
real-world speech. Related methods [Glazer et al., 2025; He and Liu, 2025] explore
acoustic scene blending, mixing clean speech with ambient sounds to enhance per-
ceptual realism, but they lack fine-grained temporal synchronization with dynamic
audiovisual content.

2.2.4 Music Generation

Parallel to advances in sound and speech synthesis, music generation has emerged
as a major research domain focused on creating structured, expressive, and aesthet-
ically coherent compositions [Batlle-Roca et al., 2025]. Early music synthesis ap-
proaches relied on low-level control signals to ensure temporal alignment, such as
pitch contours [Engel et al., 2020], lyrics-conditioned models [Yu et al., 2021; Dhari-
wal et al., 2020], and MIDI-conditioned systems [Yang et al., 2017]. While effective
for constrained tasks, these methods required detailed symbolic or aligned data, lim-
iting their generalization to open-domain music. Inspired by advances in natural
language processing and multimodal learning, recent studies have shifted toward
high-level conditioning using semantic prompts (e.g., text or images). Models such
as [Kundu et al., 2024; Huang et al., 2023d; Chowdhury et al., 2024; Kreuk et al.,
2022; Huang et al., 2023c; Lan et al., 2024; Le Lan et al., 2024; Li et al., 2024a; Saito
et al., 2025] interpret natural-language descriptions (e.g., “a calm piano melody in
a rainy atmosphere”) to produce stylistically coherent and emotionally expressive
music. This paradigm, termed text-guided music generation, enables intuitive hu-
man-Al collaboration in creative composition. Complementary research investigates
melody-conditioned music generation [Copet et al., 2024; Novack et al., 2024b,a; Hou
et al., 2025], where reference melodies provide temporal and tonal constraints, en-
suring harmonic coherence. Recent work such as DreamSound [Plitsis et al., 2024]
and Jen-1 Style [Chen et al., 2024a] explores personalized diffusion models [Ruiz
et al., 2023; Gal et al., 2022; Kumari et al., 2023], which learn user-specific musi-
cal concepts from reference tracks. These models enable personalized music gen-
eration, allowing the synthesis of new compositions that reflect individual styles,
emotions, or artistic identities through learned concept tokens embedded in textual
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prompts. In summary, these developments reflect a clear trend toward semantically
grounded, user-controllable music generation, bridging structured symbolic model-
ing and open-domain creative synthesis. Alongside advances in sound and speech
synthesis, they represent a step toward unified multimodal generative audio frame-
works capable of producing coherent, expressive, and contextually adaptive audio
across domains.

2.2.5 Dynamic Programming in Audio Generation

Dynamic programming (DP) is a general algorithmic paradigm used to solve op-
timization problems efficiently that exhibit overlapping subproblems and optimal
substructure. In speech and music generation, DP-based methods, such as dynamic
time warping (DTW) or alignment algorithms, are often employed to model or in-
fer temporal correspondences between sequences. These techniques are widely used
in tasks like speech synthesis, speech recognition, and other sequence-to-sequence
frameworks to estimate alignments, find optimal paths, or enforce structural depen-
dencies between acoustic features and conditioning inputs.

Since traditional DP finding optimal paths is non-differentiable, there exist many
alternative works that integrate DP into neural networks by involving a convex op-
timization problem [Amos and Kolter, 2017; Djolonga and Krause, 2017]. Instead,
Mensch and Blondel [2018] proposed a unified DP framework by turning a broad
class of DP problems into a DAG and obtaining the optimal path by a max operator
smoothed with a strongly convex regularizer. This work can be applied in structured
prediction tasks [Baklr et al., 2007] under supervised learning. Inspired by Mensch
and Blondel [2018], we proposed a probabilistic softening solution to seek stochas-
tic optimal paths with a path distribution under a DAG. Graphical models such as
Bayesian networks [Heckerman, 1998] learn dependencies of random variables based
on a DAG, our method treats the paths of a DAG, not the nodes, as random variables
of a Gibbs distribution.

In many conditional audio generative tasks such as speech and music generation,
models usually rely on structured dependencies of data and the given condition (e.g.,
phoneme text and music notations), in which the dependencies are unobserved. Ren
et al. [2020] and Liu et al. [2022] use a multiple training strategy by obtaining the
sparse dependencies from an external DP-based technique[McAuliffe et al., 2017b]
at first, then use the outputs as additional inputs to the model. Kim et al. [2020]
integrates DP on a Glow-based model to obtain unobserved monotonic alignment in
parallel. Other models with structured latent representations, such as HMMs [Ra-
biner, 1989] and PCFGs [Petrov and Klein, 2007] make strong assumptions about
the model structure, which could limit their flexibility and applicability. In contrast
to these approaches, we propose a unified framework to enable the VAEs [Kingma
and Welling, 2014] to capture structural latent variables (i.e., sparse optimal paths),
allowing for flexible adaptation to a variety of downstream tasks.

The attention mechanism [Vaswani et al., 2017] is widely applied for obtaining
unobserved dependencies in many seq-to-seq tasks. Deng et al. [2018] makes use
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of the properties of VAEs and captures the unobserved non-structural dependencies
by learning latent alignment with attention in VAEs. However, to obtain structural
constraints, attention strongly relies on model structures and other techniques such
as DP to extract marginalization of the attention alignment distribution [Yu et al.,
2016b,a]. Different from latent alignment with attention, we target solving the opti-
mal path problem in a unified framework that can be easily adapted to any structural
constraint by defining DAGs (e.g., structural alignment). By capturing unobserved
sparse shortest paths under the defined DAG in a latent space, our BDP-VAE fa-
cilitates the development of more explicit structural unobserved dependencies for
a variety of applications. Secondly, attention mechanisms can be computationally
expensive, especially for large input sequences. Solutions such as Chiu and Raffel
[2018] reduce the computational complexity by involving DP. In chapter 5, we seek
stochastic optimal paths that occur in linear time with respect to edge numbers of
DAGs (theorem 5.3.11).

2.3 Audio Editing Tasks

Beyond audio generation, audio editing constitutes an important subdomain of gen-
erative audio synthesis research. It focuses on modifying existing audio content
while preserving perceptual naturalness, structural coherence, and contextual con-
sistency. In this section, we provide a comprehensive review of generative audio
editing methods across sound, speech, and music, highlighting the techniques and
tasks that enable controlled and high-fidelity audio editing.

Typical audio editing subtasks include conversion, inpainting, outpainting, and
style transfer [Wang et al., 2023c; Zhang et al., 2024b]. Conversion modifies specific
attributes of an audio signal, such as speaker identity, instrument timbre, and back-
ground, while preserving its structure and semantic content. Inpainting restores
or reconstructs missing segments within an audio clip, whereas outpainting ex-
tends the audio beyond its original boundaries in a contextually coherent manner.
Style transfer alters the expressive or stylistic characteristics of audio (e.g., emotion,
genre, performance style) without changing its underlying structure or meaning.
These operations require models to selectively alter certain acoustic properties while
maintaining overall fidelity. Early studies, such as Ebner and Eltelt [2020], applied
GAN-based architectures to perform targeted editing tasks, such as audio inpaint-
ing. AUDIT [Wang et al., 2023c] later introduced a general environmental sound
editing framework that performs text-guided inpainting and outpainting from nat-
ural language instructions. Despite these developments, much of the research in
this domain has focused on speech and music editing, reflecting their practical im-
portance in applications such as dubbing, personalized voice creation, and music
production [Mokry and Rajmic, 2020; Borsos et al., 2022].
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2.3.1 Voice Conversion

Within the speech domain, voice conversion (VC) is one of the most representa-
tive audio-editing tasks. VC aims to modify the vocal characteristics of a source
speech signal to match a target speaker’s identity while preserving its linguistic con-
tent. Traditional VC systems depend on parallel training data—paired utterances
from different speakers—to learn frame-level mappings between source and target
voices [Toda et al., 2007; Desai et al., 2009; Sun et al., 2015; Zhang et al., 2019]. How-
ever, this requirement severely limits scalability and adaptability to unseen speakers.
To overcome these constraints, recent work has focused on non-parallel any-to-any
(A2A) or one-shot VC frameworks [Qian et al., 2019], which disentangle speaker
identity from linguistic content to enable flexible cross-speaker conversion using
only a short target voice sample. Various modeling strategies have been explored,
including instance normalization [Park et al., 2023], vector quantization [Wu and
Lee, 2020; Wu et al., 2020; Wang et al., 2021], transfer learning from ASR or TTS
models [Zhang et al., 2023; Li et al., 2023b; Hussain et al., 2023; Rekimoto, 2023],
and adversarial training [Li et al.,, 2023a; Li and Wei, 2022]. With the rise of large
language models (LLMs), natural language has emerged as an intuitive control inter-
face for cross-modal generation. Motivated by this, recent research has introduced
text-guided voice conversion, where vocal style is specified using natural-language
prompts rather than explicit audio references. PromptVoice [Golge and Davis, 2022]
first demonstrated the feasibility of transferring vocal style through text descriptions.
Text-GuidedVC [Kuan et al., 2023] extended this idea, conditioning voice conversion
on linguistic attributes such as tone, accent, or emotional style (e.g., “a calm female
voice with a British accent”). Similarly, PromptVC [Yao et al., 2023] employed a la-
tent diffusion model (LDM) [Rombach et al., 2022a] within a VITS-based [Kim et al.,
2021] framework to generate speaker-style embeddings from text. While text-based
VC improves accessibility and diversity, it lacks the fine-grained acoustic precision
achievable with audio-based prompts. To address this, we propose HybridVC in
chapter 6, which is a flexible VC framework that jointly leverages audio and text
prompts. This dual-prompt design combines the semantic interpretability of natural
language with the acoustic precision of voice-based conditioning, supporting diverse
real-world applications such as personalized voice creation for avatars, social media,
and interactive communication.

2.3.2 Music Editing

In the music domain, music editing aims to modify existing musical recordings to
satisfy specific conditions or stylistic goals while preserving the original musical
structure. Earlier approaches trained dedicated editing models from scratch [Copet
et al., 2023; Wang et al., 2023c; Mariani et al., 2023] or fine-tuned pre-trained gen-
erative models for specific tasks [Zhang et al., 2024b; Tsai et al., 2024; Han et al,,
2023; Liu et al., 2023b; Rouard et al., 2025]. Recent research has focused on zero-
shot text-guided music editing [Zhang et al., 2024c; Manor and Michaeli, 2024a; Liu
et al., 2024b], which relies on large pre-trained audio generation models for edit-
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ing tasks such as timbre transfer, instrument replacement, and style transformation
based solely on textual instructions. This paradigm allows flexible and semantically
meaningful editing without retraining or dataset-specific adaptation. A key subtask
in this area is timbre transfer, which involves converting a musical piece performed
by one instrument (source) into the same composition played by another instrument
(target) while preserving melody, rhythm, and other musical attributes [Comanducci
et al., 2023; Jain et al., 2020; Li et al., 2024b]. Timbre transfer parallels voice con-
version in speech, as both aim to retain content while transforming style. However,
instrument timbre is influenced not only by instrument type but also by performer
technique and instrument quality, making this problem highly complex. Recent ad-
vances such as DreamSound [Plitsis et al., 2024] extend text-guided generation to
personalized music editing, where models learn style concepts from user-provided
reference tracks to achieve fine-grained and individualized editing. This approach
enables more expressive and user-aligned transformations than generic text-guided
methods. Nonetheless, current zero-shot editing pipelines often struggle to main-
tain musical consistency when adapting to new style concepts. To address this, we
propose SteerMusic in chapter 8, a framework that enhances source consistency dur-
ing text-guided music style editing, achieving both coarse-grained and fine-grained
control.

In short, generative audio editing research has evolved from rule-based and su-
pervised transformation systems toward multimodal, prompt-driven editing frame-
works capable of complex style control and content preservation. These develop-
ments, spanning speech, music, and environmental sound, represent a natural exten-
sion of the generative audio paradigm, unifying generation and manipulation within
a single modeling framework.

2.4 Sound Morphing

Sound morphing is the task of smoothly transforming one sound into another by con-
tinuously interpolating its perceptual or acoustic characteristics. The goal is to gen-
erate a sequence of intermediate sounds that perceptually transition from a source
sound to a target sound in a natural and coherent manner. Sound morphing has
broad applications in music production, sound design, and auditory scene synthesis,
where smooth and controllable transitions between sound textures or instruments
are desired.

Traditional sound morphing methods are based on interpolating parameters of a
sinusoidal sound synthesis model [Tellman et al., 1995; Osaka, 1995; Williams et al.,
2014; Primavera et al., 2012]. To achieve more effective and continuous morphing,
[Williams et al., 2014; Brookes and Williams, 2010; Caetano and Rodet, 2010, 2011;
Roma et al., 2020; Caetano, 2011] explore perceptual spectral domain audio features
by digital signal processing techniques, such as MFCCs, spectral envelope, etc. A
hybrid approach has been explored that extracts audio descriptors to morph accord-
ingly and interpolates between the spectrotemporal fine structures of two endpoints
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according to morph factors [Kazazis et al., 2016].

Machine learning sound morphing methods offer advantages such as high mor-
phing quality by interpolation of semantic representations within a model instead
of using traditional audio features. Zou et al. [2021] proposes a non-parallel many-
to-one static timbre morphing framework that integrates and fine-tunes the machine
learning technique (i.e., DDSP-autoencoder [Engel et al., 2020]) with spectral feature
interpolation [Caetano and Rodet, 2013]. Kim et al. [2019b] synthesizes music cor-
responding to a note sequence and timbre, using nonlinear instrument embeddings
as timbre control parameters under a pre-trained WaveNet [Engel et al., 2017] to
achieve timbre morphing between instruments. Luo et al. [2019] learns latent dis-
tributions of VAEs to disentangle representations of the pitch and timbre of musical
instrument sounds. Tan et al. [2020] uses a GM-VAE to achieve style morphing to
generate realistic piano performance in the audio domain following temporal style
conditions for piano performance, which morphs the conditions such as onset roll
and MIDI note into input audio. MorphGAN [Gupta et al., 2023] targets audio tex-
ture morphing by interpolating within conditional parameters training the model on
a water-wind texture dataset. Sheng et al. [2024] introduce a voice morphing method,
which focuses on blending or transforming one speaker’s voice into another. This
often involves creating an intermediate voice that incorporates characteristics of both
source and target voices, allowing for gradual transitions between them. A recent
work, MorphFader [Kamath et al., 2025], uses a pre-trained AudioLDM [Liu et al.,
2023a] to morph sound between two text prompts. In chapter 7, we introduce a flex-
ible sound morphing solution, which relies on a large pre-trained audio generation
model to perform diverse sound morphing tasks, including timbre morphing, music
morphing, and environmental sound morphing. In contrast to MorphFader, we fo-
cus on classical sound morphing, where the morphing process is performed directly
between two given sounds rather than between text prompts. A key advantage of
our method is its ability to provide precise guidance during the morphing process,
since the target audio delivers exact information on how the source sound should
evolve, something that text prompts cannot always achieve, for example, morphing
between two music compositions.

A related research direction is synthesizer preset interpolation, which seeks to achieve
sound morphing by interpolating between parameter configurations of non-differentiable
synthesizers [Le Vaillant and Dutoit, 2023a,b, 2024]. Instead of directly manipulat-
ing audio waveforms, these models treat the synthesizer as a black box and perform
interpolation in its parameter space, which may include both continuous and categor-
ical controls. While synthesizer preset interpolation can yield perceptually smooth
transitions between timbres, it fundamentally differs from classical sound morphing
in that it operates on symbolic control parameters rather than the acoustic domain
itself.
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Figure 2.1: Visualization of an audio waveform.

2.5 Audio Representations in Generative Audio Synthesis

Audio representation defines how sound is expressed numerically for analysis,
modeling, and synthesis. The choice of representation significantly affects the learn-
ing efficiency, perceptual quality, and controllability of generative models. In gener-
ative audio synthesis, representations can be broadly grouped into four types: time-
domain waveforms, time-frequency representations, learned discrete audio tokens,
and self-supervised learning audio features.

2.5.1 Waveform Representation

The most fundamental representation of audio is the waveform, a time-domain sig-
nal that encode instantaneous air-pressure fluctuations as a sequence of amplitude
samples. As illustrated in fig. 2.1, a waveform depicts the evolution of a sound’s
amplitude over time. Waveforms preserve complete temporal and phase informa-
tion, offering maximal fidelity and enabling precise modeling and manipulation of
fine-grained audio structures, which is critical for tasks in generative audio synthesis
and signal processing. However, raw waveform modeling poses substantial chal-
lenges. Typical sampling rates (e.g., 16 kHz—48 kHz) produce tens of thousands of
samples per second, resulting in huge long-range temporal dependencies (e.g., se-
quence length ~ sampling rate x duration in seconds) that significantly increase
computational complexity. While autoregressive models such as WaveNet [van den
Oord et al., 2016] demonstrated that high-fidelity waveform generation is achievable,
they often suffer from slow inference and limited capacity to capture long-term con-
text. As a result, subsequent research has focused on more compact or perceptually
meaningful representations that reduce sequence length while preserving essential
acoustic information, facilitating efficient and scalable generative modeling.

2.5.2 Spectrogram Representations

To make learning more efficient, many audio generative models [Yang et al., 2023c;
Ren et al., 2019; Hou et al., 2025] transform waveforms into time-frequency domain
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Figure 2.3: Visualization of a CQT-spectrogram of a piano music segment.

audio representations. These representations are typically in the form of spectro-
grams, which encode the magnitude of frequency components over time. Spectro-
grams can be viewed as pseudo-3D representations, visualizing how the intensity of
different frequency components evolves over time.

A widely used variant is the mel-spectrogram (fig. 2.2), which applies a mel scale
filter bank [Kubichek, 1993] to the magnitude spectrum produced by the Short-Time
Fourier Transform (STFT), warping the frequency axis according to perceptual fre-
quency spacing. The mel scale warps the frequency axis according to human audi-
tory perception, offering finer resolution at lower frequencies (i.e., where the human
ear is more sensitive) and coarser resolution at higher frequencies. This produces a
compact, perceptually informed feature map that balances information richness with
computational efficiency, making mel-spectrograms a standard choice in speech and
sound generation tasks.

Another commonly used time—frequency representation is the Constant-Q Trans-
form (CQT) spectrogram (fig. 2.3), which maps a signal onto a logarithmically spaced
frequency axis using the constant-Q transform [Brown, 1991]. The CQT provides
higher frequency resolution at lower frequencies and coarser resolution at higher fre-
quencies, which makes CQT spectrograms particularly well-suited for music-related
tasks, such as pitch analysis, transcription, and music generation, where fine resolu-
tion at low frequencies is crucial. Like mel-spectrograms, CQT spectrograms capture
the temporal evolution of spectral content but with a frequency representation tai-
lored to musical signals.

Spectrogram-based audio generation methods typically predict spectrogram rep-
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resentations as intermediate outputs, which are later converted back into waveforms
using a neural vocoder (see section 2.6). This separation simplifies the generation
task by letting models focus on spectral patterns rather than raw waveform samples.

2.5.3 Learned Discrete Audio Tokens

Recent advances have introduced learned audio representations through vector quan-
tization (VQ) and neural codecs such as VQ-VAE [van den Oord et al., 2017a], Sound-
Stream [Zeghidour et al., 2021], and EnCodec [van den Oord et al., 2017b]. These
methods compress continuous waveforms into lower dimensional sequences of dis-
crete audio tokens or latent code, but preserve the information in the original wave-
form’s acoustic features. This tokenization converts audio generation into a discrete
sequence modeling problem, allowing researchers to apply techniques from natural
language processing, such as transformer-based language models or discrete diffu-
sion models, operating in token space. Discrete representations offer key advantages,
as their lower temporal resolution reduces sequence length and model complexity,
making them more suitable for multi-modal fusion. These representations have be-
come central to recent multi-modal audio generation frameworks, forming the basis
of text-to-audio, video-to-audio, and music-generation systems.

2.5.4 Self-Supervised Learning (SSL) Features

SSL features are extracted from self-supervised learning models, such as wav2vec
2.0 [Baevski et al., 2020], HuBERT [Hsu et al., 2021], and WavLM [Chen et al., 2022b],
which learn continuous feature embeddings directly from unlabeled audio. These
features capture rich semantic and perceptual information, such as phonetic infor-
mation, timbre, and event type, without explicit supervision. In generative audio
synthesis tasks, SSL features are often applied as conditioning inputs or perceptual
representations, enabling generative models to encode audio information more effi-
ciently and produce more semantically coherent outputs.

2.6 Neural Vocoders

A neural vocoder (voice encoder—decoder) is a machine learning-based model
that reconstructs or synthesizes a time-domain waveform from intermediate low-
dimensional audio representations, such as mel-spectrograms. Neural vocoders,
such as HiFiGAN [Kong et al., 2020a] and MelGAN [Kumar et al., 2019], play a
critical role in modern generative audio methods, acting as the final stage that con-
verts generated intermediate audio representations into perceptually realistic wave-
forms. They bridge the gap between high-level generative modeling (e.g., text-to-mel
or latent diffusion) and low-level waveform synthesis, determining much of the fi-
nal perceptual quality. Traditional signal-processing vocoders (e.g., the Griffin-Lim
algorithm [Griffin and Lim, 1984]) are limited by phase reconstruction artifacts and
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low naturalness. Neural vocoders address these limitations by learning an explicit
mapping from acoustic features to waveform samples using data-driven neural net-
works. Given a conditioning feature sequence ¢ (e.g., mel-spectrogram), a neural
vocoder learns a function fy(c,z) — x, where z is a latent variable and x is the syn-
thesized audio waveform. By learning this mapping directly from paired data, neural
vocoders can produce high-fidelity, phase-accurate audio that closely resembles nat-
ural recordings.

2.7 Evaluation Metrics in Generative Audio Synthesis

Evaluating generated audio is essential, and early research relies on subjective lis-
tening tests to assess perceptual quality. However, such evaluations are costly, time-
consuming, and susceptible to human bias. To mitigate these limitations, recent
works have increasingly adopted objective evaluation metrics as reproducible alter-
natives. In this thesis, we exclusively employ objective evaluation methods, focus-
ing on quantifiable measures that enable consistent comparisons across models and
tasks. This section introduces all objective metrics used throughout the thesis, which
are commonly used in the generative audio synthesis domain. These objective met-
rics cover multiple evaluation dimensions, including audio quality, sampling diver-
sity, audio similarity, speech intelligibility, structural contour correlation, perceptual
similarity, temporal alignment, and inference efficiency.

2.7.1  Audio quality

Audio quality is a fundamental evaluation dimension in generative audio synthesis
tasks, assessing how natural, realistic, and perceptually consistent the synthesized
audio is when compared with real-world data.

Fréchet Audio Distance (FAD) is a distribution-based audio quality metric, which
quantifies how close the distribution of generated audio features is to that of real
audio samples. Given embeddings of real audio samples { f; }f\i 1 and generated audio
samples { fé}?ﬁl extracted from a pre-trained audio representation model such as
VGGish, PANNs, or CLAP [Chen et al., 2020a; Kong et al., 2020b; Wu et al., 2023a].
The FAD score is computed by

FAD = | |1ty — |13 + Tr(Z, + Zp — 2(%,50) V). (2.11)

where y represents the mean and X represents the covariances.

Non-Intrusive Speech Quality Assessment (NISQA) is a learned perceptual speech
quality metric using machine learning [Mittag et al., 2021]. NISQA predicts human
mean opinion scores (MOS) for speech quality without requiring a reference. Let
x be an input speech signal and fy(x) denote the output neural model trained to
approximate human perceptual quality ratings.

NISQA (x) = fo(x) € [1,5]. (2.12)
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where the score represents a predicted MOS value with 1 = poor quality and 5 =
excellent quality.

2.7.2  Sampling diversity

Sampling diversity reflects the variability of generated outputs. For example, the
generated environmental sound should not only match the condition but also re-
main diverse, as real-world sounds are inherently varied and unpredictable. Diver-
sity ensures realism, avoids mode collapse, and enhances the model’s creative and
generative capacity.

Kullback-Leibler (KL) Divergence measures the distributional discrepancy between
the real data distribution pg,;, and the generated data distribution py. The KL score
can be computed by
Pdata (x )
KL = log™———=~d 2.1
/pdata(x) 08 pe(x) X (2.13)
In practice, both pg.,(x) and py(x) are approximated by feature embeddings
extracted from real and generated audio samples. A small KL score implies that the
generated audio samples are statistically similar and diverse relative to the reference
distribution.

Kernel Inception Distance (KID) [Bifikowski et al., 2018] measures the squared Max-
imum Mean Discrepancy (MMD) between the embeddings of real and generated au-
dio features that extracted from a pre-trained classifier (e.g., PANNs [Kong et al.,
2020b] used in this thesis). The KID is formulated as

KID = E[k(x, x")] + E[k(y,y')] — 2E[k(x,y)] (2.14)

Here, x and x’ are samples from the real distribution, y and y’ are samples from the
generated distribution, and k(a,b) = (a’b/d + 1) is the kernel function evaluating
the similarity between samples a and b, where d is the dimensionality of the feature
vectors. Lower KID values indicate closer alignment between real and generated
distributions (i.e., diverse and realistic outputs).

Inception Score (ISc) evaluates the semantic clarity and diversity of generated audio
by analyzing how confidently and distinctly a pre-trained classifier (e.g., PANNSs [Kong
et al., 2020b] used in this thesis) can categorize them. It assumes that high-quality
samples yield confident predictions (low entropy per sample), while a diverse set
of samples spans many classes (high entropy overall). Let p(y|x) be the conditional
label distribution predicted by a pre-trained classifier, and p(y) = [ p(y|x)p(x)dx is
the marginal distribution across all samples. The ISc is defined as

IS¢ = exp(Ex~p, [DxL(p(y|x)[lp(v))]) (2.15)

A higher ISc indicates that the generated audio is both realistic and diverse.
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2.7.3 Audio Similarity

Measuring audio similarity directly evaluates how closely a generated audio resem-
bles a reference signal by comparing spectral or perceptual features. This provides
an objective way to assess reconstruction quality and audio content preservation.

mel-cepstral Distortion (MCD) measures spectral distortion between two utterances
in the mel-cepstral domain, which is widely used in the speech synthesis domain.
Given the reference and generated speech frames with mel-cepstral coefficients (MCC)

A

¢ =[c1,¢,...,cp] and é = [é4, 62, ..., CD), (2.16)

for a D-dimentional MCC vector, the MCD is defined as

10 D

MCD|dB] = 2y (e — Ca)2 (2.17)
d=1

In10

When comparing utterances consisting of multiple frames, the final score is usually
averaged across all frames.

Structural Similarity Index (SSIM). measures the structural consistency between a
pair of audio spectrograms (x, £), which is usually applied to the speech and music
domain. SSIM can be calculated by

(2uxpz + C1)(2Z4z + Co)

SSIM(x, £) = .
( )(%+%+Qxﬁ+@+q)

(2.18)

where u represents intensity values, oy, 03 are variances, X,z is the covariance be-
tween x and £, Cy;, C; are constants for stability.

2.7.4 Speech Intelligibility

Speech intelligibility metrics directly assess how well the linguistic content of gener-
ated speech matches the reference. These measures quantify recognition accuracy or
transcription fidelity, providing an objective way to evaluate whether speech remains
clear, understandable, and semantically correct after synthesis or transformation.
Word Error Rate (WER) measures the difference between a predicted transcript and
the ground-truth transcript at the word level, serving as a proxy for speech intelli-
gibility. It quantifies how accurately the spoken content can be transcribed. Given a
reference transcript R = [ry,72,..., 7] and a hypothesis transcript H = [hy, ha, ..., hy]
which may be transcribed from a synthesized speech. The WER is defined as

WER = StDh+1 (2.19)

N

where S is the number of incorrect words, D is the number of missing words, I is the
number of insertions, and N is the total number of words in the reference transcript.
Lower WER indicates higher speech intelligibility.
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Character Error Rate (CER) is similar to WER in Equation 2.19, but computed at the
character level rather than the word level. CER provides a finer-grained measure of
intelligibility than WER and is more sensitive to minor spelling variances.

2.7.5 Structure Contour Correlation

Structure contour correlation metrics are commonly used to assess prosodic or melodic
similarity between a generated (or edited) audio signal and its source. These met-
rics, such as FO-PCC for pitch contour alignment and CQT-1 PCC for harmonic or
melodic structure consistency, quantify how well the underlying temporal or musi-
cal contours are preserved during editing. Higher correlation values indicate that the
model maintains the essential expressive patterns of the original audio.
Fundamental Frequency Pearson Correlation Coefficient (FO PCC) measures the
correlation of pitch contours between two audio clips, which is widely used in the
voice conversion task. Given a source speech x°"¢ and the converted speech x'¢!, the
detailed FO PCC metric can be formulated as

L (fre = Fro) (e = fsh)
\/ZiT(fisrC _J?src)Z ZiT(fz‘tgt _f'tgt)Z

where f; represents the FO value at frame i. FO PCC score should in the range of
[—1,1], where +1 means perfect correlation, 0 means no correlation, and —1 means
inverse correlation. Higher FO PCC indicates better preservation of pitch contours
during voice conversion.

Top1 Constant-Q Transform Pearson Correlation Coefficient (CQT-1 PCC) is intro-
duced in Chapter 8, which measures the melody similarity of two music compo-
sitions in the music editing tasks by calculating the Pearson correlation coefficient
between top-1 CQT bin features. Given source music x*’ and the edited music xi8t,
the detailed CQT-1 PCC metric can be formulated as

FO PCC =

(2.20)

Zz‘T(ClS‘rC _ C—src)(cfgt _ Etgt)
\/Z;f(clsrc _ Esrc)Z ZiT(C;gt _ Etgt)Z

where ¢; is the ith index of CQT-1 value. CQT-1 PCC score should be in the range of
[—1,1], where +1 means perfect correlation, 0 means no correlation, and —1 means
inverse correlation. Higher CQT-1 PCC indicates better preservation of the main
music melody during editing.

CQT-1 PCC = (2.21)

2.7.6 Perceptual similarity

Perceptual similarity metrics evaluate how closely a generated audio signal aligns
with human auditory perception rather than raw signal differences. Metrics such as
LPAPS and CDPAM leverage deep neural network embeddings trained on large-scale
audio data to capture high-level perceptual attributes. These measures provide a
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more human-aligned assessment of audio quality, making them particularly suitable
for tasks where signal-level metrics fail to reflect perceived similarity.

Learned Perceptual Audio Patch Similarity (LPAPS) is designed to evaluate per-
ceptual similarity between two audio clips by comparing their learned feature repre-
sentations from deep neural networks trained for audio classification tasks. It gen-
eralizes the concept of LPIPS (Learned Perceptual Image Patch Similarity) [Zhang
et al., 2018a] from the vision domain to audio. Given an audio pair (xi, x2), LPAPS
computes their feature embeddings at multiple layers / of a pre-trained audio rep-
resentation networks such as VGGish, PANNs and CLAP. The LPAPS score is the
weighted sum over Euclidean distance of feature maps between x; and x; as

LPAPS(xl,Xz) = Zwldl<X1,X2), (2.22)
[

where d;(x1, x7) is the normalized L2 distance of feature maps between x; and x;.
Lower LPAPS indicates better audio perceptual similarity.
Contrastive Learning for Perceptual Audio Similarity (CDPAM) explicitly optimiz-
ing embeddings for perceptual alignment by training an audio embedding model
with a contrastive learning strategy, directly aligned with human perceptual judg-
ments. During inference, the CDPAM similarity between two audio signals (x1,x2)
is simply the Euclidean distance between their embeddings, as

CDPAM(xl,xz) = Hfg(xl) —fe(Xz)Hz (223)

where fy is a pre-trained model. Lower CDPAM indicates better perceptual similarity.

2.7.7 Alignments between audio and other modalities

In multi-modal audio generation tasks, it is important to verify how well the synthe-
sized audio content aligns with the given condition. The better alignment indicates
the model has better controllability and higher generation quality.

Contrastive Language-Audio Pretraining (CLAP) Score measures the cosine simi-
larity using a pre-trained CLAP model [Wu et al., 2023a], which reflects a semantic
level of alignment between the audio and text prompts. Given two CLAP features
fa and f;, where f,; represents the CLAP audio features and f; represents the CLAP
text embedding, the CLAP score is calculated by the cosine similarity formulation
between the two CLAP features.

CLAP = _Jacfr (2.24)
[ fall - [1£e]]
The higher CLAP score indicates better alignment.
DeSync quantitatively measures the temporal misalignment between video and au-
dio streams predicted by a pre-trained synchronization network [lashin et al., 2024],
which is commonly used in multimodal generative tasks such as video-to-audio or
video-to-speech synthesis. Lower DeSync score represents better audio-visual syn-
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chronization while higher DeSync score represents temporal misalignment.

2.7.8 Inference speed

Inference speed is an important factor in generative tasks, which measure the gener-
ation efficiency of a model.
Real-Time Factor (RTF) is a commonly used metric to evaluate the inference speed of
a model, especially in the speech and audio processing domain. The RTF is calculated
by

Inference Time

RTF = .
Input Duration @.2)

Low RTF is better for real-time systems.

2.8 Summary

This chapter has presented a comprehensive review of the literature and the technical
foundations that underpin the research conducted in this thesis. Building upon this
background, the subsequent chapters address the core research questions outlined in
section 1.3.

We begin by investigating generative Al methods for sound synthesis. In chap-
ter 3, we focus on improving the efficiency and controllability of text-to-sound gen-
eration models, while in chapter 4, we enhance controllability of speech content in
video-to-audio generation.

We then shift our attention to speech generation tasks, which are orthogonal to
general sound effect generation. In chapter 5, we propose a unified generative frame-
work and showcase its applicability on text-to-speech and singing voice synthesis
tasks, which removes the need for external pretrained components on existing two-
step models and makes the model trainable by an end-to-end pipeline. In chapter 6,
we introduce a flexible and robust solution for voice conversion.

Finally, we extend our exploration to generative Al for creative content and music
applications. In chapter 7, we present a flexible method for sound morphing, and in
chapter 8, we develop an enhanced and controllable approach to music editing.

In summary, these contributions systematically address efficiency, controllabil-
ity, and flexibility across multiple generative audio domains, forming a coherent
response to the central research questions of this thesis.



Chapter 3

SoundLoCD: An Efficient
Conditional Discrete Contrastive
Latent Diffusion Model for
Text-to-Sound Generation

Sounds carry rich information about environments and physical events, which shape
how we perceive and interact with the world. In real-world applications such as film
production, virtual reality, and game development, generating realistic and control-
lable sound effects is essential to improve immersive user experiences [Kern and
Ellermeier, 2020; Bosman et al., 2024; Byun and Loh, 2015; Yang et al., 2023b].

In this chapter, we introduce SoundLoCD, a novel text-to-sound generation frame-
work, which incorporates a low-rank adaptation (LoRA) based conditional discrete
contrastive latent diffusion model. Unlike recent large-scale sound generation mod-
els, which require extensive computational resources, our method can be efficiently
trained under limited computational resources. To enhance the alignment between
textual conditions and synthesized sounds, SoundLoCD integrates a contrastive learn-
ing strategy that further enhances the connection between text conditions and the
generated output, resulting in coherent and high-fidelity performance. Through
comprehensive experiments, we demonstrate that SoundLoCD achieves high-fidelity
text-to-sound generation while significantly reducing training cost. Compared to the
baseline approach, SoundLoCD provides higher controllability with stronger condi-
tion—output correspondences and improved training efficiency, making it a practical
solution for real-world applications where computational resources are limited'.

3.1 Introduction

Sound synthesis spans a diverse array of applications, including game development,
film post-production, virtual reality, and musical performance. In these domains,
automated sound effects generation could address tasks such as replicating environ-

IDemonstration page: https://XinleiNIU.github.io/demo-SoundLoCD/

35


https://XinleiNIU.github.io/demo-SoundLoCD/

36 SoundLoCD: An Efficient Text-to-Sound Generation Model

mental ambience and simulating a specific physical event where the generated sound
is required to be aligned with predefined scene descriptions. The challenge of syn-
thesizing environmental sound effects based on a natural language text description
is then referred to as text-to-sound (T2S) generation.

The pioneering T2S work is DiffSound [Yang et al., 2023b], which introduced
the concept of using natural language text descriptions as conditions for generat-
ing acoustic scenes. Diffsound follows a conditional discrete diffusion pipeline [Gu
et al., 2022a], which involves a pre-trained spectrogram VQ-VAE, the text encoder of
a contrastive language-image pretraining model [Radford et al., 2021], and a discrete
latent diffusion model (LDM). Following Yang et al. [2023b], AudioGen Kreuk et al.
[2023] proposed a GAN-based auto-regressive model for audio generation under a
neural audio codec technique [Zeghidour et al., 2021; Li et al., 2021], where they used
the text encoder of a text-to-text transformer Raffel et al. [2020]. However, the higher
inference time of AudioGen makes it unsuitable for modeling long sequences. Some
subsequent studies [Liu et al., 2023a; Ghosal et al., 2023; Yuan et al., 2023] employed
large LDMs [Gu et al., 2022a; Song et al., 2021b; Ho et al., 2020b] to general audio
generation with prompt in the continuous latent space of a VAE. Among them, Au-
dioLDM [Liu et al., 2023a] worked on text-free audio generation. Yuan et al. [2023];
Ghosal et al. [2023] focused on tuning a powerful text encoder based on AudioLDM.
These prompt models require large-scale data for training. Meanwhile, Huang et al.
[2023e,a] proposed the generalization for multi-modal audio generation. In contrast
to those works, we follow DiffSound and focus on a text-to-sound effects LDM model
under a discrete latent space of VQ-VAE van den Oord et al. [2017a]. As language
is discrete, it is arguably more suitable to integrate textual features into a discrete
latent space, facilitated by an LDM.

We observe two main limitations of Diffsound [Yang et al., 2023b]. Firstly, there
exist no explicit constraints to achieve effective controllable generation given text
conditions. Secondly, the significant requirement for computational resources (see
table 3.1) poses challenges for other downstream tasks. For the former, most existing
conditional LDM models [Yang et al., 2023b; Liu et al., 2023a; Ghosal et al., 2023;
Huang et al., 2023e,a] learn the connection between conditions and outputs by the
conditional prior on the variational lower bound Gu et al. [2022a]; Dhariwal and
Nichol [2021]. We note that this conditional prior does not invariably guarantee a
strong linkage between outputs and conditions throughout each diffusion process.
This may critically affect the accuracy of generated sounds. For the latter, we claim
that an efficient T2S model is more desirable to scale to other related fields.

In this chapter, we propose a novel T2S framework, SoundLoCD, that achieves
effective training on small computational devices while further improving the syn-
thesis quality by enhancing the connection between text conditions and synthesized
sounds. SoundLoCD is a conditional discrete contrastive diffusion model [Zhu et al.,
2022] that injects a smaller number of trainable parameters on a pre-trained Diff-
Sound [Yang et al., 2023b] transformer by LoRA [Hu et al., 2022]. We make the
following contributions:
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Figure 3.1: Overview pipeline of SoundLoCD, which is performed based on a pre-
trained spectrogram VQ-VAE. SoundLoCD involves N + 1 parallel discrete diffusion pro-
cesses on original data and N randomly shuffled negative data.

1. We proposed SoundLoCD, which obtains a better performance in generating
sound effects that closely correspond to the given text conditions.

2. Our method markedly enhances training efficiency under limited computa-
tional resources.

3.2 Method

In this section, we introduce the detailed methodology of SoundLoCD. The overview
pipeline of SoundLoCD is in fig. 3.1, where it learns the latent distribution of the
spectrogram VQ-VAE given text conditions with a contrastive latent diffusion model.
Specifically, given a text-spectrogram pair, we first obtain the VQ sequence xo € ZP
of the spectrogram with a pre-trained VQ-VAE (same as the VQ-VAE used in Yang
et al. [2023b]). The encoder encodes the spectrogram into a VQ sequence xo during
training, where D is the length of xg. The it" token in x( takes the index that spec-
ifies the VQ codebook entries with size K. The decoder is used to reconstruct the
generated VQ sequence xp of SoundLoCD back to a spectrogram during inference.
Meanwhile, text descriptions are encoded by a pre-trained text encoder to extract the
text feature representation defined as y € ZM.

3.2.2 SoundLoCD

SoundLoCD is a LoRA-based conditional discrete contrastive diffusion [Zhu et al., 2022]
(CDCD) model, which contains two sets of parameters {6,¢}. 0 is the set of pa-
rameters in DiffSound transformer, which is frozen during training, and ¢ is the
set of LoRA parameters to be learned. As a diffusion model, the forward process
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corrupts xg to pure noise xr by fixed T time steps, and the reverse process grad-
ually denoises the latent variable to xo by sampling from q(x;_1|x, x0) Song et al.
[2021a]. Thus, SoundLoCD is trained to approximate the conditional transit distri-
bution pyg 1 (xi-1]xt,Y)-

In order to further enhance the connection between y and the generated VQ se-
quence xp, SoundLoCD involves a contrastive learning strategy and performs a par-
allel diffusion process on a set of negative data X' = {x!,x%,.., 2N}, which contains N
randomly shuffled VQ sequences given xp. As shown in Zhu et al. [2022], the idea of
involving X’ is to pull the well-aligned conditions and the VQ sequence closer, while
pushing other pairs apart. Thus, with contrastive learning, SoundLoCD aims to pro-
duce sound effects that correspond accurately with the condition of text description
feature y.

3.2.2 LoRA

We notice that the performance of existing models relies on huge computational
resources, making it hard to further edit the models. In SoundLoCD, LoRA [Hu et al.,
2022] is applied to adapt a pre-trained DiffSound transformer by injecting a smaller
number of trainable parameters ¢ into the transformer, leading to an efficient training
system. Given a pre-trained DiffSound transformer with a weight matrix Wy € R4xk,
LoRA constrains its update by representing the latter with a low-rank decomposition
Wo + AW = Wy + BA where B € R¥*", A € R™, and the rank r < min(d, k).

Thus the forward pass of SoundLoCD becomes:
h = Wox + AWx = Wyx + BAx, (3.1)

where {A, B} € ¢. At the beginning of training, A, B are initialized by a Gaussian
distribution and zeros respectively. Then AWx is scaled by 7, « is a constant and r is
the rank.

3.2.3 Conditional Discrete Contrastive Diffusion

SoundLoCD involves N + 1 parallel discrete diffusion processes for each of the sam-
ples in the original data x¢ and X'.

Discrete diffusion process. To enhance clarity for readers, we present a detailed
discrete diffusion process by excluding negative data x/ € X’. The forward discrete
diffusion process gradually corrupts the x( via a fixed Markov chain g(x;|x;—1) in a
fixed number of timesteps T.

q(xe|xi—1) = VT(xt)QtV(xtfl)/ (3.2)

where v(x) is a one-hot column vector whose length is K and only the entry x is
1. Q is a transition matrix [Q¢]un = q(x; = m|x;_1 = n) € RX*X. The categorical
distribution over x; is given by the vector Q;v(x;_1).
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Since the Markov chain can marginalize out the intermediate steps and derive the
probability of x; at an arbitrary timestep directly from x, as follows:

q(xe|x0) = vT (x)Quv(xp), with Q; = Q; -+~ Qg (3.3)

The non-Markovian posterior q(x;_1|x, x9) of the diffusion process can be computed
according to eq. (3.2) and eq. (3.3), as

(vT (x)Qpv(x-1)) (XT(xt—l )Q;_1v(x0)) '
vT(x)Qv(x0)

Mask-and-replace diffusion strategy. Following Gu et al. [2022a], the transition
matrix Q; € RKTD*(K+1) j5 defined as

(3.4)

q(xi—1|xt, x0) =

[oy + Bt Bt Bt e 0]
Bt xt + Bt Bt -+ 0

Q= Bt Bt ar+pBe - 0, (3.5)
7 Y Yoo ocoe 1l

where each ordinary token has a probability of 9; to be a [MASK] token and has a
chance of KB; to be uniformly diffused, leaving a probability of a; =1 — KB; — 7 to
be unchanged. The [MASK] token always keeps its own state. Thus g(x¢|xo) can be
calculated according to

étv(xo) = RtV(xo) + (Wt - Bt)V(K + 1) + Btl (3.6)

where@; = [T\_y &;, 7, = 1—[I'_;(1 —7:),and B, = (1 — & — 7,) /K. The prior p(xr)
is defined as

p(xr) = [BT'BT" o rBTIWT]T- (3.7)

Learning. To train SoundLoCD, DiffSound parameters 0 are frozen and only LoRA
parameters ¢ have been optimized. The overall loss of SoundLoCD is defined as
A j
L=La(xy:9) -y Y. Lop(¥,y:9), (3.8)

xeX'

where N is the number of negative shuffled VQ sequences in X’ and A is the con-
trastive loss weight. L;(x,y) is a conditional variant of the diffusion loss func-
tion [Gu et al., 2022a; Zhu et al., 2022],

Lop(x,;¢) = Eyx)[Drrlg(xr|x0) |[p(x7)]+ (3.9)
T

Y Eq s o) [Dxe (g (xe—1]x1, x0) | p1o.g1 (i1 %1, 1))

=1

=L+ L1+ -+ Lr1+ L7, (3.10)
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where
Ly = —logpyg,e) (xolx1,¥)

L1 = Dre(q(xi-1|xt, x0)|[p (o9 (xe—1|xt, ) (3.11)
Lt = Drr(q(xr||xo)|[p(x1))

3.3 Experiments and Results

In this section, we demonstrate the performance of SoundLoCD for text-to-sound
generation with a comprehensive set of experiments. We first describe the datasets,
implementation details, and evaluation metrics and then analyze our results with
baseline method comparison and ablation studies.

3.3.1 Dataset

We evaluate our approach on AudioCaps [Kim et al., 2019a] and ESC50 [Piczak,
2015]. AudioCaps (~=50K audio clips) using 49256, 494, and 957 audio clips for train-
ing, testing, and validation respectively. Each of the audio clips in the training set
contains a human-annotated caption while audio clips in the testing set and valida-
tion set contain five captions. We use the training set to train our model and verify
the model with the validation set. ESC50 contains 2000 environmental sound clips
for 50 classes prearranged into 5 folders. We use the first four folders for training
and the 5th folder for testing.

3.3.2 Implementation details

We extract the log mel-spectrogram on a 22050 Hz sampling rate with 1024 frame
size, 25% overlapping, and 80 Mel filter bins. All the audio clips are padded to
10s. The SoundLoCD is trained with a batch size of 24 and 5e~° contrastive loss
weight (A) with 10 shuffled sample sizes (N) with a maximum of 200 epochs. All
the experiments are performed on two NVIDIA GeForce RTX 3090 GPUs. We use a
pre-trained MelGAN [Kumar et al., 2019] as the vocoder to obtain waveforms from
generated spectrograms.

3.3.3 Evaluation metrics

Following Yang et al. [2023b], we use a series of objective evaluation metrics to verify
our method including Fréchet audio distance (FAD), inception score (1Sc), Kullback-Leibler
divergence (KL), and kernel inception distance (KID). Among them, FAD and KL are cal-
culated by a pre-trained VGGish [Chen et al., 2020a], while ISc and KID are computed
from a pre-trained PANNSs [Kong et al., 2020b]. The FAD is commonly used to verify
the similarity and consistency between generated samples and real samples, while
KL measures dissimilarity between the two probability distributions of generated
samples and real samples. ISc and KID evaluate sample quality and diversity. For
details on the calculation of these metrics, please refer to section 2.7.
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Table 3.1: Model comparison on AudioCaps dataset. DiffSoundx was obtained from
the released official checkpoint on AudioCaps. DiffSoundx* is our reproduced result
using the original code on AudioCaps. T5-S stands for the T5-small text encoder.

Model Train Config. Params. FAD | ISc 1 KL | KID |
DiffSound 16 NVIDIA V100 (2 days) 434.23M 13.47 - 4.95 -
DiffSound* 16 NVIDIA V100 (2 days) 434.23M 1245 16.95 4+ 0.98 3.85 0.00233 + 0.00025

DiffSound 2 NVIDIA RTX3090 (14 days) 434.23M 14.96 15.87 +1.15 4.39 0.00424 + 0.00022
SoundLoCD+T5-S 2 NVIDIA RTX3090 (3 days) 2.38M 23.99 9.84 + 0.39 5.23 0.00868 + 0.00041
SoundLoCD+CLAP 2 NVIDIA RTX3090 (3 days) 2.38M 36.28 5.12 £0.42 6.77 0.01903 + 0.00048
SoundLoCD+CLIP 2 NVIDIA RTX3090 (3 days) 2.38M 12.27 17.36 & 1.74 3.85 0.00212 + 0.00021

Food is frying then a 1 speal Speaking following by laughing and clapping

Ground Truth

DiffSound

SoundLoCD

Figure 3.2: The visualization of generated samples by DiffSound and SoundLoCD
compared with ground truth. Samples generated by SoundLoCD have a stronger connec-
tion to the text condition compared with DiffSound.

3.3.4 Results and Analysis

In our experiments, SoundLoCD is built upon a pre-trained DiffSound? with a code-
book size of 256 and 100 diffusion steps, and is trained exclusively on the AudioCaps
dataset. We select DiffSound as the primary baseline because SoundLoCD is a di-
rect extension of DiffSound, differing only in the proposed conditional discrete con-
trastive learning objective and parameter-efficient LORA adaptation. This comparison
therefore isolates the contribution of our proposed method while keeping the back-
bone architecture, training data, and evaluation protocol identical. Although Au-
dioCaps contains captions describing both single-event and complex acoustic scenes
involving sequential or simultaneous sound events, neither DiffSound nor Sound-
LoCD explicitly models event composition. Instead, both methods are trained to
synthesize complete audio clips directly from the same text descriptions. Conse-
quently, the comparison evaluates the overall text-to-audio generation capability of

Zhttps://github.com /yangdongchao/ Text-to-sound-Synthesis
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Table 3.2: Model comparison for fine-tuning on the ESC50 dataset.

FAD | ISc t KL | KID |

DiffSound 647 1127 £121 254 0.00090 £ 0.00008
SoundLoCD  6.18 10.85+0.92 2.37 0.00075 =+ 0.00007

Table 3.3: Performance comparison of different LoORA implementation methods in
SoundLoCD with CLIP, where W,;,W;,W,, and W, represent weights of query, key,
value, and projection layers that we adapt with LoRA in the transformer.

LoRA config. Rank (r) Params. FAD | ISc 1 KL | KID |
W; & Wi 4 583K 13.70 1712+ 159 391 0.00231 + 0.00023
W; & Wy & W, 4 836K 1254 17.16 £ 1.31 4.06 0.00226 + 0.00021
W; & Wi & W, & W, 4 1.11M 1331 1684 £1.19 394 0.00270 + 0.00022
W, & Wy 8 1.11M 1251 1641 +£1.79 3.88 0.00243 + 0.00025
W; & Wy & W, 8 1.63M 1215 1730+ 057 4.00 0.00218 + 0.00021
W; & Wi & W, & W, 8 2.38M 12.27 1736 =£1.74 3.85 0.00212 + 0.00021
W; & Wi 16 2.23M 1285 1678 £1.51 3.85 0.00247 + 0.00023
W, & W & W, 16 3.27M 12.87 1691 £ 142 4.01 0.00240 +£ 0.00024
W; & Wy & W, & W, 16 4.45M 1248 17.32+1.78 3.90 0.00209 + 0.00019

the two models under identical conditions. We do not compare with more recent
latent diffusion-based audio generation models [Liu et al., 2023a; Ghosal et al., 2023;
Yuan et al., 2023; Huang et al., 2023e,a], as these models are trained on substantially
larger mixtures of datasets for generalized audio generation, making direct compar-
isons in both generation quality and training efficiency less meaningful.

3.3.4.1 Model comparison

We inject LoRA parameters on the whole attention blocks (W,, Wi, W,, W) in the
transformer with » = 8 and « = 16. We observed that SoundLoCD achieves better
overall performance (see table 3.1) on both general sound effect synthesis fidelity, di-
versity, and text-generated sound correspondences (ISc, KID, and FAD). Meanwhile,
SoundLoCD significantly reduces the computational requirements for training as it
only contains 2.38M trainable parameters. Visualizations in fig. 3.2 indicate that
samples generated by SoundLoCD are more related to the text conditions than those
generated by DiffSound. To validate the extensibility of models, we fine-tuned both
DiffSound and SoundLoCD on the ESC-50 dataset, as shown in table 3.2, which fur-
ther demonstrates the superior performance of SoundLoCD.
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3.3.4.2 Text encoders

We then study whether text encoders affect the performance of SoundLoCD. We
select three typical text encoders from pre-trained models of CLIP [Radford et al,,
2021], CLAP [Wu et al., 2023a], and T5-small [Raffel et al., 2020]. CLIP is a contrastive
language-image pretraining model, T5 is a text-to-text transformer, and CLAP is a
contrastive language-audio pretraining model. All of these text encoders embed text
tokens into a feature space of dimension 512. Our experiments indicate that Sound-
LoCD gets better performance with the CLIP text encoder which is not surprising
as DiffSound checkpoint is trained with the CLIP text encoder. One possible ex-
planation is that the CLIP embedding space aligns better with the discrete latent
representation used by DiffSound.

3.3.4.3 Sensitivity of LoORA configuration

We also study the best configuration to inject LoORA parameters in SoundLoCD. In
table 3.3, we inject LORA parameters in different types of weights in attention blocks
and r where the range of r is selected referring to Hu et al. [2022]. Injecting LoRA
weights into the whole attention block reaches the best performance when fixing the
r. This is consistent with the results of Hu et al. [2022] that it is preferable to adapt
LoRA on more weight matrices. The rank is another critical factor of SoundLoCD;
a smaller rank (e.g., r = 4) cannot capture enough information in AW. However,
the model performance does not continue improving as the rank increases. with the
increased rank. We choose the rank in SoundLoCD to achieve a trade-off between
model performance and trainable parameters of the model.

3.3.5 Ablation Study

We then conduct an ablation study to verify the effectiveness of each component in
SoundLoCD. According to table 3.4, our ablation study shows that directly apply-
ing LoRA on DiffSound with r = 8 to fine-tune the whole attention block fails to
improve model performance, although the number of trainable parameters is signifi-
cantly reduced. This indicates that DiffSound with LoRA may suffer from overfitting.
In SoundLoCD, LoRA parameters are optimized by a contrastive learning strategy
among N + 1 parallel diffusion processes, which further enhances the connection
between text conditions and generating samples beyond DiffSound, leading to im-
proved performance compared with the baseline.

3.3.6 Limitations and Discussion

Despite its improvements in training efficiency and semantic alignment, SoundLoCD
has several limitations. As an adaptation of DiffSound, its generation capability
is fundamentally bounded by the capacity of the underlying pre-trained backbone.
While the proposed conditional discrete contrastive learning and LoRA adaptation
substantially improve training efficiency and text-audio correspondence, they do not
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Table 3.4: Ablation study on CDCD and LoRA in SoundLoCD.

LoRA CDCD FAD | ISc 1

DiffSound 1245 16.95 £ 0.87
DiffSound v 1531 1344 £0.73
SoundLoCD v v 12.27 17.36 = 1.74

fundamentally improve the perceptual quality of the generated audio, which remains
bounded by the underlying pre-trained DiffSound backbone.

3.4 Summary

In this chapter, we focus on improving the controllability and efficiency of existing
methods in the T2S task. To this end, we proposed SoundLoCD, which efficiently re-
duces the model training cost and further enhances the connections between text con-
ditions and generated samples by a contrastive discrete conditional diffusion model
with LoRA, leading to better synthesis results. Compared with other discrete latent
diffusion T2S models, it significantly reduces the training cost while achieving better
performance on general fidelity. We studied how different text encoders and LoRA
configurations affect SoundLoCD performance and conducted an ablation study to
verify the contribution of each part of SoundLoCD. SoundLoCD could support small-
scale training of T2S models for creative arts applications and lead to future studies
that leverage fine-tuning techniques on large-scale models to improve training effi-
ciency with limited resources.
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Chapter 4

Beyond Video-to-SFX: Video to
Audio Synthesis with
Environmentally Aware Speech

In chapter 3, we introduced a method for text-to-sound generation that produces
high-quality sound effects closely aligned with complex textual descriptions. In
practice, however, sound events often exhibit intricate temporal structures that are
difficult to precisely capture through language description alone. Generating real-
istic, context-aware audio is particularly important in real-world applications such
as video game development, where accurate temporal alignment and contextual co-
herence are crucial. This motivates a related task: video-to-audio (V2A) generation,
which aims to synthesize temporally synchronized ambient sounds directly from
video input. Videos inherently capture rich visual cues of physical events, which are
often accompanied by background conversations or spoken interactions. However,
existing V2A methods primarily focus on generating ambient sounds and struggle to
produce intelligible and contextually appropriate speech. On the other hand, current
environmental speech synthesis approaches are largely text-driven and fail to align
speech generation temporally with the dynamic content of videos.

In this chapter, we introduce Beyond Video-to-SFX (BVS), a method to generate
synchronized audio with environmentally aware intelligible speech for given videos.
We introduce a two-stage modeling method: (1) stage one is a video-guided audio
semantic (V2AS) model to predict unified audio semantic tokens conditioned on pho-
netic cues; (2) stage two is a video-conditioned semantic-to-acoustic (VS2A) model
that refines semantic tokens into detailed acoustic tokens. Experiments demonstrate
the effectiveness and flexibility of BVS in different scenarios, including video-to-

context-aware speech synthesis and immersive audio background conversion!.

IDemonstration page https://xinleiniu.github.io/BVS-demo/
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Figure 4.1: The proposed BVS framework.

4.1 Introduction

The generation of realistic, high-fidelity audio, including sound effects and speech,
has become increasingly important for real-world applications such as film produc-
tion, virtual reality (VR), and game development. To this end, useful generative
models must generate audio that is coherent, expressive, and contextually aligned
with the content of the given condition. Within this domain, video-to-audio (V2A)
focuses on generating audio that is temporally and semantically aligned with vi-
sual cues in videos. In many scenarios, the audio track includes not only visually
grounded sounds but also speech, and the speaker may not be directly observable.
For example, a video clip of someone washing dishes might include background con-
versations that are not visually depicted. Motivated by this challenge, our work aims
to develop a method capable of synthesizing audio that incorporates environmen-
tally aware speech. The goal is to generate audio that is temporally aligned with the
video while ensuring semantic consistency and incorporating context-aware spoken
content.

Previous V2A studies [Luo et al., 2023; Wang et al., 2024b; Xue et al., 2024; Lee
et al., 2024a; Chen et al., 2024b; Viertola et al., 2025] focus on Foley sound generation,
aiming to synthesize ambient sounds that are temporally and semantically aligned
with the video. More recent approaches Liu et al. [2024d]; Cheng et al. [2025] extend
this paradigm by incorporating text prompts alongside video input. The inclusion of
textual context enables models to capture more complex scenarios, such as the sound
scene of ‘a man speaking while he is playing tennis’. However, these methods remain
limited to sound-event-level alignment driven by visual and/or textual cues and lack
the capability to generate coherent and intelligible speech. Consequently, they often
fail to generate natural spoken content, which restricts their real-world application
where context-aware spoken content is essential.

A closely related task is video-to-speech (V2S) [Choi et al., 2025; Liang et al.,
2025], which focuses on generating speech from videos with talking heads. However,
V2S methods primarily address clean speech synthesis and do not handle sound ef-
fect generation, making them complementary but distinct from V2A approaches. A
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Figure 4.2: Overview of the BVS training pipeline. In two stages, BVS generates unified
audio semantic tokens from video and phonetic cues, then refines them into acoustic tokens.
Snowflakes mark frozen pre-trained models, and fire icons represent trainable components.

concurrent work by Tian et al. [2025a] demonstrates V2S generation with integrated
sound effects; however, their approach is primarily designed for videos with talking
heads. In parallel, environmental context-aware speech synthesis [Lee et al., 2024b;
Jung et al., 2025] focuses on generating speech that incorporates background noise
consistent with the given text prompts. These methods typically leverage a complex
training strategy to learn the speech information. They first pretrain on synthetic
noisy speech datasets and then fine-tune on real-world datasets transcribed by auto-
matic speech recognition (ASR) models to improve speech modeling. Other related
approaches [Glazer et al., 2025; He and Liu, 2025] explore mixing clean speech with
ambient sounds to create contextually consistent audio environments. While these
techniques are effective in achieving semantic consistency between speech and back-
ground context, they generally lack fine-grained temporal control over sound events,
a capability that is critical for synchronizing sound effects with dynamic video con-
tent.

We identify two major limitations in previous works. Firstly, a key challenge is the
scarcity of speech datasets that simultaneously provide context-rich environmental
sounds, paired video streams, and ground-truth transcripts. Previous methods Lee
et al. [2024b]; Jung et al. [2025] first train their models with synthesized noisy speech
by mixing clean speech data for text-to-speech (TTS) training with environmental
sound data, and then fine-tune using real-world unlabeled audio data containing
speech with transcripts obtained from ASR models. However, ASR transcripts often
suffer from inaccuracies and unstable segmentation in noisy speech, which intro-
duces incorrect labels during speech learning. Meanwhile, synthetic noisy speech
lacks natural video grounding since corresponding video streams cannot be created,
limiting multimodal consistency. Secondly, current V2A models often fail to generate
intelligible and natural speech, and often lack control over the speech content. As
a result, additional post-production is often needed to remove unintelligible vocals
and mix clean speech with ambient sounds for contextual alignment, which reduces
their practicality in real-world applications.

In this chapter, we propose Beyond Video-to-SEX (BVS), a method for synthe-
sizing video-synchronized audio that incorporates environmental-aware speech. As
shown in fig. 4.1, BVS generates soundtracks that are temporally and semantically
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aligned with visual content while integrating context-aware intelligible speech, guided
by provided transcripts or audios containing spoken content. We make the following
contributions:

1. We propose BVS, an improved V2A framework enabling intelligible speech
synthesis, addressing a core limitation of previous approaches.

2. Our method is trained directly on raw audio data, eliminating the need for
complex preprocessing steps such as synthetic noisy datasets or filtering ASR-
generated transcripts.

3. We demonstrate that BVS is a flexible framework for various downstream tasks,
including audio background conversion and video to context-aware speech
synthesis.

4.2 Method

In this section, we present the detailed methodology of our proposed solution for
generating synchronized ambient sounds with context-aware, intelligible speech from
video input.

Generating realistic audio that accurately reflects a visual scene is inherently chal-
lenging, as different audio components, such as speech, sound effects, and ambience,
are influenced by distinct factors. For example, speech typically occurs with irregular
onset and offset times, is often produced by off-screen sources, and depends more
on phonetic and linguistic cues than on visual context. In contrast, sound effects
and ambient sounds are more directly associated with visible objects and acoustic
scene elements, exhibiting a wide range of temporal dependencies based on physical
interactions and environmental dynamics.

These fundamental differences present significant challenges for unified audio
generation. A single model tasked with generating audios containing both intel-
ligible speech and natural ambient sounds must effectively integrate and balance
heterogeneous cues (i.e., both phonetic and visual cues) while maintaining tempo-
ral consistency. Moreover, to create a convincing immersive audio experience for a
given video, all audio tracks must remain coherent and share consistent environmen-
tal characteristics.

To address this, we introduce an audio semantic token space as a unified repre-
sentation of speech and ambient sounds inspired by two-stage TTS pipelines [Wang
et al., 2025b,c]. The semantic tokens capture abstract audio information, reducing the
gap between multi-modal conditions and acoustic outputs. As shown in fig. 4.2, our
BVS pipeline operates in two stages: (1) fuse information across speech, visual, and
contextual modalities into audio semantic tokens, and (2) refine these audio seman-
tic tokens into acoustic outputs. This separation reduces the burden of a single-stage
model that needs to learn both multimodal fusion and acoustic generation simulta-
neously.



§4.2 Method 51

Ground truth Generated sample of speech SSL token

Speech only

T, &&n m‘ l‘ﬂ:

Generated sample of the residual embeddmg of audlo
semantic token and speech SSL token

A

Reconstructed sample of audio semantic token

Speech and
background noise 1 No speech

Noise only

Figure 4.3: The generated sample of residual SSL highlights background noise, indi-
cating sound effect is independent to speech information.

4.2.1 Video-Guided Audio Semantic Token Modeling

In the first stage, we design a video-to-audio semantic (V2AS) masked generative
transformer, which generates audio semantic tokens by jointly integrating the speech
and sound effects from video and phonetic cues. As mentioned before, speech, sound
effects, and ambient sounds are each related to different objects. We split the audio
semantic token generation into two components: (1) clean speech semantic token
generation in the form of speech SSL token; (2) audio semantic fusion according to
speech and video cues.

Noisy Audio to Speech Semantic Token. We aim to mitigate inaccurate transcription
in previous methods [Lee et al., 2024b; Jung et al., 2025] and directly train models
on raw noisy audios containing speech. To guide the model in identifying speech re-
gions within raw audio, we leverage a pre-trained speech SSL token generator [Wang
et al., 2025c] trained for the speech enhancement (SE) task to extract speech informa-
tion from noisy inputs. Rather than employing the full model to directly separate
clean speech waveform, we use its first-stage generative transformer to predict speech
self-supervised learning (SSL) token sequences in the quantized W2V-BERT feature
space [Chung et al., 2021], obtained via a VQ-VAE [Wang et al., 2025b]. Formally,
given a raw audio input x, the pre-trained SE masked generative transformer cap-
tures speech SSL tokens Ss from p¢(Ss |x), where ¢ denotes the parameter of the pre-
trained SE model. This design emphasizes capturing of speech information, rather
than reconstructing the clean speech waveform, which offers two key advantages:
(1) it disentangles speech information more effectively under noisy conditions of the
raw audio, and (2) it reduces downstream decoding errors by using compact speech
SSL tokens.

Audio Semantic Fusion. While speech semantic tokens allow the model to be aware
of speech regions directly from raw audio, the remaining challenge is to fuse the
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speech information with video context while generating synchronized audios from
visual cues. To address this, we make use of the quantized W2V-BERT feature space
as the unified audio semantic token space, which is motivated by our empirical find-
ings: Although trained primarily on speech, SSL models also encode non-speech
acoustic cues. This is also pointed out in Chang et al. [2025]. We leveraged a pre-
trained semantic to acoustic generative model to reconstruct the waveform for a given
SSL token sequence, including both speech and background noise. We empirically
observed that the reconstructed audio contains both intelligible speech and match-
ing background noise. fig. 4.3 further illustrates this empirical finding. We also
provide the audio samples of our Demonstration page. Reconstructions of the W2V-
BERT SSL tokens preserve both speech and non-speech information. Our empirical
analysis further shows that the residual difference between speech SSL embeddings
and full audio semantic embeddings potentially corresponds to non-speech compo-
nents such as background noise or ambient sounds. This suggests that speech and
non-speech information can be disentangled and recombined in the SSL embedding
space. Motivated by this observation, the V2AS model predicts audio semantic to-
ken sequences in the same quantized W2V-BERT feature space that fuses non-speech
acoustic information with speech information into audio semantic tokens using com-
plementary cues from speech SSL tokens and videos. This process is shown on the
right-hand side of stage 1 in fig. 4.2. By predicting semantic tokens rather than raw
acoustic outputs, the model focuses on learning cross-modal relationships between
speech, ambient sounds, and visual context.

Training Objective. We use the mask-and-predict learning strategy from [Chang
et al., 2022] and mask the ground truth audio semantic token sequence S, at each time
step t with a corresponding binary mask M;. Items in S, are replaced with a special
[MASK] token if m! = 1, otherwise, S} remain unchanged. The resulting masked
token sequence is denoted as SM. Each m! is independent and identically distributed
(i.i.d) to a Bernoulli distribution with parameter y(t) € (0,1]. Thus, the V2AS model
is formulated as po,,,s(Sa|SM, V, Ss), where V represents video conditions. We train
the model using cross-entropy loss between predicted audio semantic tokens $, and
ground truth S, as

Lyaas = — Y (s = [MASK]) log[Py(é = s[S, S5, V)] (4.1)

sesM

Architecture. To further enhance the model’s video understanding ability, we incor-
porate visual representations enriched by audio captions generated with a V2Cap
large language model (LLM) Liu et al. [2024d], which we denote as Eycap. The de-
tailed V2AS architecture is shown in fig. 4.2 (in the yellow dash box), which extends
a V2A transformer framework from Su et al. [2024] by injecting speech SSL embed-
dings into extra cross-attention blocks as K and V, where N; = 12 and N, = 14. This
integration improves speech localization and intelligibility, and captures non-speech
details guided by video context. During training, we concatenate the masked audio
semantic embeddings EX and Eyc,p along the temporal axis. During inference, the
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V2AS model generates audio semantic token sequences conditioned on the video
prompt and speech SSL tokens. The speech SSL token sequences can be obtained by
a unified speech generative transformer such as Metis stage 1 [Wang et al., 2025¢],
which takes transcripts, audio, or other inputs.

4.2.2 Semantic-to-Acoustic Token Modeling

In the second stage, we train a video-guided semantic-to-acoustic (VS2A) model to
obtain acoustic token sequences conditioned on audio semantic token sequences and
Evcap- The VS2A model refines generation by mapping abstract audio semantic
representations into acoustic tokens while leveraging video context to enhance the
alignment. Following Wang et al. [2025b], the VS2A model is a masked generative
transformer that produces a multi-layer acoustic AKX, where K denotes the num-
ber of codebooks, using iterative parallel decoding within each layer. For simplicity,
we adopt separate VS2A models: one dedicated to predicting the first-layer acoustic
codec and another for the subsequent layers. We denote the i-th acoustic token layer
as A', and formulate the model as py,.,, (A'|V, A¥~1). During training, we simply
sum the embeddings of the audio semantic tokens and the embeddings of the acous-
tic codec tokens from layer 1 to i, which is denoted as Eé/f . Then we concatenate
Evcap and Eé/f as input to the model. We use cross-entropy loss between predicted
acoustic tokens and ground truth acoustic tokens as

Lysoa = — ), I(a" = [MASK]) log[Py (2" = d'|S,, V)] (4.2)

al€ Al

During inference, the VS2A model generates acoustic tokens progressively from
coarse to fine across layers, employing iterative parallel decoding within each layer.

4.3 Experiments and Results

In this section, we conduct comprehensive experiments to evaluate the proposed
method, including two downstream applications (i.e., video to audio with context-
aware speech and immersive audio background conversion) and ablation studies.

4.3.1 Dataset

We train our model on the filtered English subset of AudioSet-Speech [Gemmeke
et al.,, 2017; Lee et al., 2024b] (AS-Speech), which contains approximately 580k au-
dio-video pairs. Each sample has a 10-second duration and contains both speech
and various environmental sound events. For evaluation, we adopt AC-filtered?,
which includes audio sourced from AudioCap [Kim et al., 2019a], captions, and tran-
scripts. As AudioCaps is derived from AudioSet, we retrieve the corresponding

https:/ /github.com/glory20h/voiceldm-data
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video streams via the YouTube IDs, resulting in a curated set of 152 samples, which
we refer to as AS-filtered dataset.

4.3.2 Implementation Details

We train V2AS and VS2A models on three NVIDIA A100 (80GB) GPUs for four and
three days, respectively, using a batch size of 32, a learning rate of 2 x 10~#, 20k and
32k warm-up steps, for approximately 80 and 34 epochs, respectively. We optimise
these models with the AdamW Loshchilov and Hutter [2019] optimiser. We adopt
VATT [Liu et al., 2024d] transformer with extra cross-attention blocks for our V2AS
model, and we adopt the S2A model architecture in Wang et al. [2025b] for the VS2A
model. For the video modality, we employ the EVA-CLIP image encoder Sun et al.
[2023] to extract mean-pooled frame features sampled at 5 fps, yielding a visual se-
quence of size 50 x 768 for a 10-second video. Following Liu et al. [2024d], the visual
sequence passes through a pre-trained V2Cap LLaMa and we extract its hidden state
as input features. We add two learnable modality-specific embeddings to the con-
catenated inputs in the V2AS model. We use Metis SE stage 1 model to obtain speech
SSL tokens Wang et al. [2025¢c]. Audio SSL features are extracted from W2V-BERT
2.0 [Chung et al., 2021], which are then quantized into discrete tokens at 50 tokens
per second by the pre-trained VQ-VAE in Wang et al. [2025b]. Acoustic tokens are
obtained from 16kHz Encodec [Défossez et al., 2022] with four codebooks at a 50 Hz
token rate. During inference, we use 16 steps for the V2AS model and [20, 10, 1, 1]
steps for the VS2A model. The classifier-free guidance (CFG) scale is set to 5.0 for
V2AS and 2.5 for VS2A.

4.3.3 Evaluation Metrics

We evaluate our method along three key dimensions: speech intelligibility, temporal
alignment, and semantic perceptual similarity. For speech intelligibility, we report
both the word error rate (WER) and AWER. WER is computed between the ground
truth transcripts and those obtained from transcribing our generated audio using
whisper-large-v3. Since ASR models are trained on transcribing clean speech, it may
produce inaccurate transcripts on noisy inputs. We additionally report AWER, which
measures the absolute difference in WER between the ground truth and generated
results, as AWER = X YN |WER(gt, t;) — WER(pred,, t;)|, where t; represents the
transcripts for audio sample i. To assess temporal alignment between video and
generated audio, we follow Cheng et al. [2025] and report the DeSync score [lashin
et al., 2024]. For semantic and perceptual similarity, we follow Manor and Michaeli
[2024a] and calculate the FAD and LPAPS scores, which are computed using the
clap-laion-audio model in music-speech-audioset. At last, we report real-time factor
(RTF) for the inference speed. For details on the calculation of these metrics, please
refer to section 2.7.
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Table 4.1: Model comparison of video to audio with context-aware speech. VoiceLDM
is a text-guided context-aware TTS model, which supports text prompt only.

Method | Dataset | WER| AWER | | FAD | DeSync| LPAPS | | RTF |
GT | - | 274% 32% | - - I
VoiceLDM Multiple 172% 225% | 0.36 1.49 6.48 0.29
VATT VGGSound 989% 75.6% | 043 1.33 6.65 0.12
BVS AudioSet-Speech | 264 %  21.9 % 0.41 1.33 6.38 0.32

Table 4.2: Experiment on immersive audio background conversion.
Method ‘ AWER | FAD | DeSync| LPAPSs| LPAPSt|
SE + VATT ‘ 27.8 % 0.39 1.22 6.69 6.47

BVS 26.9 % 0.38 1.32 6.42 6.28

4.3.4 Video to Audio with Context-Aware Speech

We evaluate the effectiveness of BVS on video-to-audio with context-aware speech
by incorporating a pre-trained text-to-speech SSL generator in MaskGCT [Wang et al.,
2025b]. As there are no existing methods that directly address this task, we select
two most relevant baselines: VoiceLDM [Lee et al., 2024b], a text-to-context-aware
TTS model that generates speech aligned with the semantic content of text prompts,
and VATT [Liu et al., 2024d], a V2A model that produces ambient sounds temporally
synchronized with visual input through audio captions.

We evaluate both baseline methods with their official checkpoints, and the results
are reported in table 4.1. Although VoiceLDM focuses on synthesizing context-aware
speech given text prompts and is trained on both AudioSet-Speech and multiple
synthesized noisy speech datasets with a pre-trained CLAP text encoder [Wu et al,,
2023a], its worse DeSync and LPAPS scores suggest that it struggles to generate
audios with synchronized sound effects given prompts that contain events in tempo-
ral order. Conversely, VATT is designed to produce temporally aligned audio from
videos; however, the high WER and AWER indicate VATT fails to generate intelligible
speech. Compared to both baselines, BVS overcomes these limitations by generating
temporally and semantically synchronized audio with intelligible speech given tran-
scripts and videos. Notably, despite being trained solely on AudioSet-Speech, BVS
achieves WER values closer to the ground truth with a lower AWER, which demon-
strates the robustness of BVS in generating synchronized audio with context-aware
intelligible speech. Finally, we report the overall inference time in seconds. Although
BVS is a two-stage model, its inference time is comparable to the single-stage base-
lines, indicating that BVS maintains competitive efficiency despite its more complex
architecture while simultaneously achieving greater controllability in video-to-audio
with context-aware speech.
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4.3.5 Immersive Audio Background Conversion

To show the flexibility of BVS in the real-world applications, we then demonstrate
the effectiveness of BVS in immersive audio background conversion. Unlike the
setting in section 4.3.4, this task takes noisy speech as input and converts it into a
new context-aware speech that is naturally integrated within the given video’s con-
tent. We randomly sample 500 video-audio pairs from the AS-filtered dataset, which
serve as target video and source audio. Since no direct baselines exist, we construct
a proxy baseline by first applying a Metis speech enhancement model [Wang et al.,
2025c] to obtain clean speech, which is then directly mixed with sound effects gen-
erated by VATT. To prevent VATT from generating unintelligible human voices, we
exclude caption inputs and make the model focus on generating sound effects. To
measure the consistency of converted audio between source and target audio, we
report LPAPSt and LPAPSs, where LPAPSt measures similarity to the audio track
of target video, and LPAPSs measures similarity to the source audio. As shown in
table 4.2, although the baseline achieves a lower DeSync score, our method outper-
forms it in terms of LPAPS and FAD, reflecting higher perceptual similarity to ground
truth. In contrast, simple post hoc mixing of clean speech with generated sound ef-
fects often results in poor semantic alignment between speech and environmental
context, whereas BVS produces coherent and context-aware audio.

4.3.6 Ablation study

We then conduct an ablation study to verify each of the proposed components in BVS.
We first validate whether the audio semantic tokens obtained from W2V-BERT have
the ability to represent non-speech information. As shown in the first row of table 4.3,
we evaluate reconstruction results on AS-filtered using our VS2A model conditioned
on ground-truth audio semantic tokens and videos. The metrics of reconstructed
samples reflect that the VS2A model can generate audio that contains both speech
and non-speech sounds, with better scores than generation results in section 4.3.4
and section 4.3.5. We then conduct ablation studies to evaluate the importance of the
speech semantic token from the SE model and the audio semantic tokens in our two-
stage method. Firstly, we remove the audio semantic tokens from BVS, converting it
into a single-stage model that directly predicts acoustic tokens, which we denote as
BVS-Single. Secondly, we remove speech SSL tokens obtained from raw audios by
replacing the SE speech SSL generator with a transcript-based speech SSL generator
used in MaskGCT [Wang et al., 2025b]. We use Whisper [Radford et al., 2023] to en-
able alignment of speech onset and offset times. We use filtered transcripts obtained
from an ASR model by Lee et al. [2024b] to guide phonetic information. We refer to
this as BVS-Text. As illustrated in table 4.3, both methods fail to learn speech infor-
mation effectively with significantly higher WER and FAD. In BVS-Text, although the
model is given transcripts with speech onset-offset timestamps, the model still fails
to learn the complex alignment of speech and sound effects from video and tran-
scripts. This indicates that the models fail to capture the relationship between video,
speech, and context information. In contrast, our method with both speech SSL to-
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Table 4.3: Ablation study. SP-SSL stands for speech semantic tokens, and audio SSL

stands for unified audio semantic tokens.
Method | SP-SSL  Audio SSL | AWER | FAD | DeSync| LPAPS |

VS2A | - -] 198% 025 1.02 512
BVSSingle | v 99.1% 118 1.38 6.78
BVS-Text v 98.7% 112 1.49 7.01
BVS (Ours) | v/ v 21.9% 041 133 6.38

kens obtained directly from raw audios, and a two-stage design explicitly guides the
model to disentangle, fuse, and refine the information of speech and sound effects.

4.3.7 Limitation and Discussion

Despite these promising results, BVS has several limitations. First, as BVS relies on
speech self-supervised learning (SSL) models to construct a unified audio semantic
token space, its performance on non-speech sound effects is inherently constrained
by the representational capacity of speech-oriented SSL models. Second, due to the
limited availability of large-scale video-to-audio datasets with accurate lip—speech
correspondence, achieving precise lip synchronization remains challenging. Further-
more, BVS currently supports voice cloning using only a single speaker prompt.
Consequently, for complex video scenes involving multiple speakers, the model may
struggle to maintain consistent speaker identities and accurately align each speech
segment with the corresponding speaker. These limitations suggest several promis-
ing directions for future research. In particular, developing more powerful unified
speech—audio SSL representations may improve the generation of diverse environ-
mental sounds, while incorporating richer multimodal datasets with accurate audio-
visual alignment could further enhance lip synchronization. Extending the frame-
work to support multi-speaker voice conditioning would also enable more realistic
and coherent audio generation for complex conversational scenes.

4.4 Summary

In this chapter, we introduce BVS, a controllable video-to-audio generation frame-
work that addresses the challenge of synthesizing synchronized audio with both
intelligible and environmentally aware speech. By leveraging a pre-trained speech
self-supervised learning (SSL) generator during training, BVS disentangles speech
representations from noisy audio and effectively integrates complementary cues from
video, speech, and audio modalities through a two-stage generation framework. Ex-
tensive experiments demonstrate that BVS can be applied to a variety of real-world
scenarios, including both video-to-audio generation and speech-guided audio con-
version tasks. By bridging the gap between sound generation and speech generation,
BVS enables the synthesis of synchronized environmental sounds and speech within
a unified framework, opening a new direction for controllable video-to-audio gen-
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eration and providing a foundation for future research on multimodal audiovisual
synthesis.
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Chapter 5

Latent Optimal Paths by Gumbel
Propagation for Variational
Bayesian Dynamic Programming

In the previous chapters, we explored methods to improve training efficiency, flexi-
bility, and controllability in the broader domain of sound generation. We first exam-
ined text-to-sound synthesis, where the challenge lies in mapping natural language
conditions to diverse sound effects. We then extended this line of work to video-
to-audio generation with context-aware speech, where speech, ambient sounds, and
visual cues must be jointly modeled to produce coherent auditory scenes. Together,
these studies emphasized the importance of multi-modal conditioning and control-
lable synthesis strategies for real-world applications. Building on these foundations,
we now narrow our focus from general sound synthesis to the specialized domain
of speech synthesis, where the objective is to generate natural and intelligible speech
conditioned on transcripts or other phonetic cues. Speech synthesis is not only one
of the most mature subfields of generative audio but also a crucial enabler of prac-
tical applications such as virtual assistants, accessibility tools, and human-computer
interaction systems.

In this chapter, we take a theoretical perspective and propose a new formulation
based on optimal paths to address the structural complexity inherent in speech syn-
thesis. We propose the stochastic optimal path, which solves the classical optimal
path problem by a probability-softening solution to tackle the structural dependency
in speech synthesis. This is a unified approach that transforms a wide range of dy-
namic programming (DP) problems into directed acyclic graphs in which all paths
follow a Gibbs distribution. We show the equivalence of the Gibbs distribution to a
message-passing algorithm by the properties of the Gumbel distribution and give all
the ingredients required for variational Bayesian inference of a latent path, namely
Bayesian dynamic programming (BDP). We demonstrate the usage of BDP in the la-
tent space of variational autoencoders (VAEs) and propose BDP-VAE which captures
structured sparse optimal paths as latent variables. This enables end-to-end train-
ing for generative tasks in which models rely on unobserved structural information.
In our experiment, we validate the behavior of the proposed approach and show-

59
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case its applicability in two speech synthesis tasks: text-to-speech and singing voice
synthesis!.

5.1 Introduction

Optimal paths are often required in many generative tasks such as speech, music,
and language modeling [Kim et al., 2020; Li et al., 2022; Cai et al., 2019]. These tasks
involve the simultaneous identification of structured relationships between data and
conditions. Finding optimal paths given a graph constraint with learned weights
can highlight unobserved structural relationships that are not immediately apparent,
thus potentially improving the interpretability and effectiveness of the models. In
the context of optimal path problems, such as finding the shortest path in a graph,
dynamic programming (DP) efficiently computes the solution by breaking the prob-
lem down into several sub-problems and finding optimal solutions within the sub-
problems recursively.

Since the DP algorithm finds shortest paths using the max operator, it is non-
differentiable which limits the usage of optimal paths in neural networks where
gradient back-propagation is applied. As a workaround, previous works have ap-
proximated the max operator with smoothed functions to allow differentiation of
DP algorithms [Verdu and Poor, 1987]. However, smoothed approximations lose the
sparsity of solutions which makes hard assignments become soft assignments. Alter-
natively, some real-world generative applications [Ren et al., 2019, 2020; Jeong et al.,
2021b; Li et al., 2022; Halperin et al., 2019; Peng et al., 2020; Liu et al., 2022; Popov
et al.,, 2021], that require to integrate structured optimal paths, split the training
strategies in which neural network models depend on sparse outputs from external
DP aligners [McAuliffe et al., 2017b; Hasegawa-Johnson et al., 2005] or pre-trained
models [Li et al., 2018]. However, these external components involve more than one
training phase thus the model performance critically relies on them.

In this chapter, we explore a novel and unified method to obtain structured sparse
optimal paths with DP and showcase its application in the latent space of variational
autoencoders (VAEs). Instead of a smoothed approximation for the classical opti-
mal path problem, we propose the stochastic optimal path, which is a probabilistic
softening solution by defining a Gibbs distribution where the energy function is the
path score. We show this to be equivalent to a message-passing algorithm on the
directed acyclic graphs (DAG) using the max and shift properties of the Gumbel
distribution. To learn the latent optimal paths, we give tractable closed-form ingredi-
ents for variational Bayesian inference (i.e., likelihood and KL divergence) using DP,
namely Bayesian dynamic programming (BDP), as well as an efficient sampling algo-
rithm, which enables VAEs to obtain latent optimal paths within a DAG and achieve
end-to-end training on generative tasks that rely on sparse unobserved structural
relationships. We make the following contributions:

mplementation code: https://github.com/XinleiNIU/LatentOptimalPathsBayesianDP.
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1. We present a unified framework that gives a probabilistic softening of the classi-
cal optimal path problem on DAGs. We notably give efficient algorithms in lin-
ear time for sampling, computing the likelihood, and computing the KL diver-
gence, thereby providing all the ingredients required for variational Bayesian
inference with a latent optimal path.

2. We introduce the BDP-VAE framework that learns sparse optimal paths in the
latent space. In the case of conditional generation, the data is not observed dur-
ing inference; it is difficult to form the distribution statistics (i.e., edge weights)
in the prior encoder. We give an alternative and flexible method to form the
distribution statistics on the conditional prior by making use of a flow-based
model.

3. We demonstrate how BDP-VAE achieves end-to-end training on two genera-
tion tasks in the speech synthesis domain, including text-to-speech (TTS) and
singing voice synthesis (SVS).

5.2 Preliminary

This section provides background on the notation definition of a DAG, a definition
of the traditional optimal path problem given a DAG, and properties of the Gumbel
random variable for the method introduced in this chapter.

5.2.1 Definition of a Graph

We denote R = (V,€) be a directed acyclic graph with nodes V and edges £.
Assume without loss of generality that the nodes are numbered in topological or-
der, such that ¥V = (1,2,...,N) and u < o for all (u,v) € £. Further, we as-
sume that 1 is the only node without parents and N the only node without chil-
dren. We denote the edge weights W € RN*N with w;; = —oo for all (u,v) & €.
Let Y(1,v) be the set of all paths from 1 to v. Associate with each path y =
(y1,Y2,---,Y|y|) a score obtained by summing edge weights along the path, defined
as |lyllw = Zz‘.ﬁz Wy, 1y = L(uw)ey Wuo, Where the final expression introduces the
notation (u,v) € y for the edges (#,v) that make up path y. Denote the set of par-
ents of node v by P(v) = {u : (u,v) € £} and the set of children of node u by
Cu) ={v:(uv) et}

5.2.2 Non-Stochastic Optimal Paths

The traditional optimal path problem is to find the highest scoring path from node 1
to node N,

y* = argmax||y||w. (5.1)
yeY(1,N)
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This can be solved in O(|£]) time by iterating in topological order. The score () is
defined as

¢(1)=0 (5.2)
Vve{2,3,...,N}, {(v)= m;(x) E(u) + wyp, (5.3)
uec %

after which y* is obtained (in reverse) by tracing from N to 1, following the path of
nodes u for which the maximum was obtained in the above.

5.2.3 Gumbel Random Variable

Let G(u) denote the unit scale Gumbel random variable with location parameter y
and probability density function

G(x|pu) = exp(—(x — p) —exp(x — ). (5.4)

We now review the properties of the Gumbel which we will exploit in section 5.3.
Let X ~ G(p). The Gumbel distribution is closed under shifting, with

X + const. ~ G(u + const.). (5.5)

Let X; ~ G(y;) foralli € {1,2,...,m}. The Gumbel is also closed under the max
operation, with

max({X1, Xo, ..., Xm}) ~ g(logiexp(yi)). (5.6)

i=1

Finally, there is a closed-form expression for the index which obtains the maximum
in the above expression:

exp(p)
k =argmax X;) = ——————. (5.7)
P ie{gz ..... m} 7 Yty exp(pi)

5.3 Bayesian Dynamic Programming

In this section, we propose a stochastic approach to seek optimal paths. We denote
a distribution family given a DAG with edge weights and give ingredients required
for variational Bayesian inference by using DP with Gumbel propagation, namely,
Bayesian dynamic programming.

5.3.1 Stochastic Optimal Paths

In the stochastic approach, every possible path y € ) on W follows a Gibbs distri-
bution given a DAG R, edge weights W and temperature parameter a defined by
theorem 5.3.1.
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Definition 5.3.1. Denote by
D(R,W,u«) (5.8)

the Gibbs distribution over y € Y (1, N) with probability mass function

exp(e|lyllw)
D(y|R,W,a) = — . 5.9
IR W) = = o oxp(a [T )

Despite the intractable form of the denominator in eq. (5.9), we provide the in-
gredients necessary for approximate Bayesian inference for latent distribution (unob-
served) D. In particular, we can efficiently compute the normalized likelihood (theo-
rem 5.3.6), sample (theorem 5.3.7), and compute the KL divergence within D(R, -, «)
(theorem 5.3.10) in linear time (theorem 5.3.11).

5.3.2 Gumbel Propagation

Gumbel propagation offers an equivalent formulation of theorem 5.3.1 that lends
itself to dynamic programming by the properties in eq. (5.7) and eq. (5.5) as per the
following result.

Lemma 5.3.2. Let

Y = argmax {Qy} , (5.10)
yeY(1,N)
where for all'y € Y(1,N),
Qy = a||yllw + Gy, (5.11)
Gy ~ G(0). (5.12)

Then the probability of Y =y is given by (5.9).

Proof. The result follows directly from (5.6) and (5.5). O
Let the definitions of )y and Gy extend to all y € UuN:1 Y(1,u), which is the set
of all partial paths. We define for each node v € V the real-valued random variable

= Ol . 5.13
Q yer?z?ffv){ v} (5.13)

Lemma 5.3.3. The Q, are Gumbel distributed with
Qv ~ G(po), (5.14)

where

po=1log Y exp(ally|w)- (5.15)
yeY(1,0)
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Proof. The result follows directly from (5.6) and (5.5). O
The motivation for constructing Q, is Q, allows us to set up a recursion on the
entire DAG R. We now state the first main result in theorem 5.3.4.

Lemma 5.3.4. The location parameters y, satisfy the recursion

up =0 (5.16)

po=log Y exp(py+awy). (5.17)
ueP(v)

forallv € {2,3,...,N}.

Proof. From the DAG structure of R we have

YLov)= |J {y-v:VyeYQu)}, (5.18)

ueP(v)

where y - v = (y1,2,...,Y|y,v) denotes concatenation.
Then we have

o =log ) exp(a|ylw) (5.19)

yeY(1,0)

~log y exp(c [yllw) (5.20)
yeUuep@){?-v:V?E)}(l,u)}

=log Y ) exp(aly-olw) (5.21)
ueP(v) yedy(1,u)

=log 3 3 exp («Flw +awuo) 522)
ueP(v) yed(1,u)

=log ) exp <log Y. exp(a]yllw) +a wu,v) (5.23)
ueP(v) yeYV(1,u)

= log Z exp (yu + wulv), (5.24)
ueP(v)

where eq. (5.19) restates (5.15), eq. (5.20) follows from (5.18), eq. (5.21) expands
the summation, eq. (5.22) follows from the definition of ||y||\y, eq. (5.23) follows from
the identity

Y exp(a+b;) = exp(a+log)_exp(bi)), (5.25)
i i
eq. (5.24) follows from

po=1log Y exp(a|yllw) (5.26)
yeY(1,0)

yielding eq. (5.17) as required. O
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5.3.3 Sampling and Likelihood

Then we state an alternative normalized likelihood of a sampled path y by theo-
rem 5.3.7 as theorem 5.3.6 according to a transition matrix defined in theorem 5.3.5.
The transition matrix in theorem 5.3.5 can be computed according to the location
parameter u defined in theorem 5.3.4 directly.

Lemma 5.3.5. Let paths y = (y1,Y2,- - -,Y|y|) denote the component of the random variable
Y defined in (5.10), given that Y = (y1,Y2, - - .,Y|y|)- The probability of the transition v — u
is

Tup = p(yi—1 = uly; = v,u € P(v)) (5.27)
_ Pl F &) (5.28)
exp (i)

forallie {2,3,...,N}.

Proof. Assuming without loss of generality that v = N,

T = p(Yi-1 = uly; = v,u € P(v)) (5.29)
_ pi-1 =u,yi =olu € P(v)) (530)
p(yi =)

_ Y=y-0 5.31
p(yi = 0) ?eyz(‘i,u) p( y- o) ( )

_ 1 exp(a ||y - v||w) (5.32)
Py =) 5300 Lyevan) P ¥ ]w)

o Y exp(a|yllw +awi) (5.33)
yeY(1lu)

ccexp (log ) exp(a|yllw) +awuo) (5.34)

yeY(Lu)

o< exp (pu + a wy,y) (5.35)

_ exp (Hu + & Wy) (5.36)
Yiep (o) €Xp (Ha + awg,) ’

s R (5.37)

exp(po)

where eq. (5.30) rewrite (5.29) by the rule of conditional probability, eq. (5.31)
marginalises over y;_1, eq. (5.32) extend the probability by eq. (5.9), eq. (5.33) ne-
glects factors that do not depend on u, eq. (5.34) uses the identity of (5.25) then get
eq. (56.35) according to eq. (5.15). eq. (5.36) makes the normalization explicit and
eq. (5.37) uses (5.17) to recover eq. (5.28) as required. O
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Corollary 5.3.6. The path probability may be written

D(y|[R,W,a) = [] mue- (5.38)
(uv)ey

Corollary 5.3.7. Paths y ~ D(R, W, «) may be sampled (in reverse) by
1. Initialising v = N,
2. sampling u € P(v) with probability 7, ,,
3. setting v < u,

4. if v = 1 then stop, otherwise return to step 2.

5.3.4 KL Divergence

Given D(R,W,«) and D(R, w(), «), where W) are edge weights having different
values to W. We give a tractable closed-form of the KL divergence within the distri-
bution family of D(R, -, «) in theorem 5.3.10.

Definition 5.3.8. We denote the total probability of paths that include a given edge
(u,v) € € by

Wy = Z D(y|R, W, «a). (5.39)
{yeY(LN):(uv)ey}

The quantity in the above definition may be computed using two dynamic pro-
gramming passes, one topologically ordered and the other reverse topologically or-
dered, by applying the following

Lemma 5.3.9. Forall (u,v) € &,

Wy = Tly,p Ay Ov, (540)
where we have the recursions
AM=1 (5.41)
Ap = Z Ay Ty (542)
ueP(v)

forallv € {2,3,...,N} (in topological order w.r.t. R), and

pn =1 (5.43)

Ou= Y PoTlup (5.44)
vel(u)

forallu € {N—1,N —2,...,1} (in reverse topological order w.r.t. R).
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Proof. From the DAG structure of R we have, for all edges (u,v) € €,

Yio= U U 1Ir (5.45)

1€Y(1,u) re)(v,N)

where we recall 1 - r denotes concatenation. We therefore have

Wyp = ) D(y|R, W, a) (5.46)
{yeY(N):(upv)ey}
= Z ]_—[ T o (5.47)
{yeY(N):(uv)ey} (w0 ey

=Y Y I mwe (5.48)

1€Y(1,u) reY(v,N) (' v')E€l'x

= E Z Ty, I—I TTy o I_I TCynt ot (549)

1€Y(1,u) reY(v,N) (u',v")el (w'v')er
= Tlu,p Z I_I Tl o Z H Ty o (5.50)
1€y (1u) (' 0")el re)(v,N) (' v')er
=Ay =Pv

where (5.46) restates (5.39), (5.47) uses the chain rule of probability using eq. (5.38),
(5.48) follows from (5.45), (5.49) re-factors the product and the final (5.50) rearranges
sums and products.

Finally, it is straightforward to show by induction that the A, and p, defined in
(5.50) above obey the classic sum-of-product recursions given in the statement of the
lemma. For example,

Ay = Z A, (5.51)
ue’P(v)

= Z Tlu,p Z H TCy o (552)

ueP(v) ley(Lu) (w'0)el

= Z Z H Tyt o (5.53)

ueP(v)1€y(1u) (v’ ,v')e(l-v)

= Y TI mue (5.54)

1€Y(1,0) (u,v)€l

as required. ]

Lemma 5.3.10. The KL divergence within the family D(R, -, a) is

Dxr [D(R, W,“)HD(R,W(”,M] =1 vt Y wuo(wio —wl)), (555)
(uv)e€

where wy, , is the marginal probability of edge (u,v) on D(R, W, a) defined in theorem 5.3.8,
uN is defined in eq. (5.15) and yg) is similar to yn but defined in terms of W) rather than
W.
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Proof. We have

g [D(R, W, a) HD(R,W(”,OL)} (5.56)
= By p(rwa) 108 D(y|R,W,a) ~log D(y|R, W, )| (5.57)
exp(a ||y /lw)
=E,. o | 1o
y~DRW, )[ gzyey Ny exp(a[|¥llw)
o exp(a [[y[lwn) }
Ysevan) exp(a [[¥]lwe)
= By prwa) [ ¥l = @ 1llwo + (5.58)
log Y expa|ylwe)—log Y exple[ylw)]- (5.59)
yeY(1,N) yeY(1,N)

The third and fourth terms inside the final expectation (on line (5.59)) are easily
handled; e.g. for the third term we have

Ey DR, llog )3 exp(wll?llwm)]
JEV(1,N)

=log Y. exp(a|yllwen) (5.60)
yeY(1,N)

=ul0). (5.61)

by the definition (5.15).
The first two terms inside the final expectation mentioned above (on line (5.58))
may also be efficiently re-factored; e.g. for the second term,

Ey prwa Ylwe]
= L PUoRwWe) 3 iy
(u, v)ey
= Z H Tu,v Z wu v
Y(1,N) (u,v)ey (u,0)
Z wz(trz)J H Tt o -
(up)e€ {yeY(LN):(wov)ey} (' v')ey
The expectation of (5.58)-(5.59) may therefore be rewritten as (5.55). O

Corollary 5.3.11. The KL divergence (5.55), the likelihood (5.38), and the sampling algo-
rithm (theorem 5.3.7) may be computed in O(|E|) time.
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Figure 5.1: An overview pipeline of BDP-VAE. BDP-VAE captures the unobserved

sparse structural dependency (i.e., optimal paths on a DAG) in the latent space in

parallel training the model and allows gradient-based optimisation for learning the
edge weights W.

5.4 BDP-VAE

We now show how to apply the method in section 5.3 to a conditional VAE frame-
work to obtain sparse latent optimal paths. An unconditional BDP-VAE framework
can be directly applied based on theorem 5.3.6, theorem 5.3.7, and theorem 5.3.10, but
a conditional BDP-VAE framework may be challenging in real applications. Given a
sequential input x with length t and a sequential condition ¢ with length 1, where
t # n and {t,n} are varying within the dataset, we wish to find an unobserved
hard structural relationship between x and ¢ in the latent space of VAEs denoted as
y. Conditional BDP-VAEs consist of three parts: an encoder models posterior dis-
tribution ¢(y|x, ¢; ), a decoder models the distribution of p(x|y,¢;6), and a prior
encoder models the prior distribution p(y|c;6). An overview pipeline of BDP-VAE
is in fig. 5.1, which captures structured sparse optimal paths in the latent space.

We assume the conditional input c is always observed and the conditional ELBO
is defined as

L($,60,xI¢) = Eyy jveg) ll0g p(xly,:0)] — Dic. [1(yIx,:9) [p(yle:0)] . (5.62)

5.4.1 Posterior and Latent Optimal Paths

Given a DAG R with edge £ and nodes V, the distribution of the posterior encoder
is denoted as
1(y1x ¢;9) = D(y|R, W = NNw(x,;¢), ), (5.63)

where NNw (+; ¢) is a neural network to learn the edge weights W of the DAG R
and « is a hyper-parameter. The latent optimal path y with {0,1} can be sampled in
reverse according to theorem 5.3.5 and theorem 5.3.7. As a result, y forms a sparse ma-
trix with dimensions identical to those of the weight matrix W. As shown in fig. 5.1,
the sparsity and structure of y are inherently achieved through its construction using
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the DAG R2.

5.4.2 Conditional Prior

Denote the distribution of the conditional prior as
p(yle;0) = D(y|R, W = NNy (c;0),a), (5.64)

We have provided a closed-form KL divergence within the distribution family D(R, -, «)
in theorem 5.3.10 which may be convenient for unconditional generation by pre-
setting the prior distribution statistics directly or has tractable W),

In most conditional generation tasks, the non-accessible x during the inference
phase in real applications leads to problems on the prior encoder when forming the
edge weights W) given information on ¢ only, especially in the case that x has
varying lengths t. To address this issue, we give a flexible solution for inferring
feature information of x given ¢ to form the edge weights W(®) in the conditional
prior. Inspired by Ma et al. [2019], we make use of a flow-based model® as the
conditional prior to infer information about x condition on ¢ and further obtain edge
weights W(0).

Assume there exists a series of invertible transformations of random variables x,

such that
A fr frr fx
x P C >
81 8k 8k+1 8K

where f = fio---o fxand v ~ N(0,1) (6 is omitted for brevity), the KL divergence
term in eq. (5.62) can be written as

v (5.65)

D [9(ylx ¢ 9)||p(ylc; 0)] (5.66)
= Die [a(ylx &) |p(ylx ;)] ~ log p(xlc; )
— 105 pjon (o) ldet( L2 667

The backward pass is to infer the KL divergence during training. The forward pass
is to infer feature information of x given ¢ and form the edge weights W(®) during
inference.

%In the case where the structure of DAGs R is unknown, since we are learning the DAG weights W
and zero weights are equivalent to removing an edge, in some sense BDP algorithm can in principle
learn an approximate DAG structure by imposing small edge weight values. However, in this study,
we target to verify our method on applications with a clear prior knowledge of DAG structure.

3The flow-based conditional prior strategy is proposed to solve the problem of forming edge weights
W) in case of W) is intractable if x is non-accessible with varying lengths t. In practical applications,
this strategy is not mandatory if the task has a known and fixed prior D(R, W?, &) or tractable w(©)
(i.e., theorem 5.3.10).
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5.4.3 Learning

Based on the idea of Mohamed et al. [2020], the gradient of the ELBO (5.62) with
respect to 0 is straightforward, however, the gradient with respect to ¢ of the recon-
struction error part in the ELBO is non-trivial. We make use of the REINFORCE
estimator

Vo Ey g(ixe) l0gp(x]y, c;0)] = log p(x|§,¢;0)Vy logq(F[x, ¢; §), (5.68)

where ¥ is an exact sample via theorem 5.3.7 from the posterior 4(-|x, ¢; ¢), and we
recall that log g(¥|x, ¢; ¢) may be computed using the efficient and exact closed-form
of eq. (5.38), and automatically differentiated.

Alternatively, we provide hints of the Gumbel softmax trick to avoid using the
REINFORCE estimator in section 5.5 for interested readers. In this study, we fo-
cus on evaluating the closed form of latent sparse optimal paths. Compared to the
reparameterization trick discussed in section 5.5, the log-derivative method (i.e., the
REINFORCE estimator) has the advantage of being the most straight-forward, is
formally unbiased, does not require the temperature parameter, and allows fast eval-
uation with the closed form expression of sparse paths y in eq. (5.38).

5.5 Gumbel Softmax Trick

In this section, we investigate a possible interpretation of achieving reparameteri-
zation trick (i.e., the Gumbel softmax trick) on BDP-VAE framework for interested
readers. Compared to the log-derivative trick discussed in section 5.4.3, the Gumbel
softmax trick samples soft latent optimal paths and has advantages on gradient-
based optimisation. However, this method may require extra effort in designing its
implementation and temperature parameter 7.

5.5.1 Node-wise Gumbel Softmax Propagation

Recall that the Gumbel argmax reparameterization for the categorical distribution em-
ploys parameter-independent Gumbels via

Vie{l1,2,...,m}, G~ G(0) (5.69)
k = argmax logu; + G;, 5.70)
i€{1,2,..,m}

which is equivalent to
k ~ Categorical(B1, B2, .-, Bm), (5.71)

where the probability By is equal to the r.h.s. of (5.7).
The Gumbel softmax is a differentiable approximation to the above, where the
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ke {1,2,...,m} of (5.70) is replaced by ¥ € R" given by

exp ((log px + Gx)/T)

T T exp ((log i + Gi) /7)

(5.72)

where T is a free parameter. This approximation is useful for gradient-based optimi-
sation because it is both differentiable and parameterised.

Due to the generally intractable size |)(1, N)| of the set of paths that make up
the domain of D(y|R, W, «), there is no simple analogue of the above for our set-
ting. Instead, we offer two alternative approaches, both of which are differentiable
reparameterizations of a distribution of real values, one per node.

5.5.1.1 Marginal Node-wise Gumbel Softmax Distribution

Consider the following

Definition 5.5.1. Let y ~ D(R, W, «a). The hitting probability for the node v is the
probability that y includes v,

lo=p(vey). (5.73)

The node-hitting probabilities may be efficiently obtained via

Lemma 5.5.2. The ¢, obey the recursion

in=1 (5.74)
éu = Z gv Ty, (5.75)

vel(u)

forallv e {N —1,N —2,...,1} (in reverse topological order w.r.t. R).

We may now simply associate with each node 1 € V a Bernoulli random variable
with probability parameter (,, along with a Gumbel-softmax approximation of that
Bernoulli — see section 5.5.3 for details.

5.5.1.2 Path-dependent Node-wise Gumbel Softmax Distribution

Alternatively, we can soften the path sampling algorithm of theorem 5.3.7 to obtain
a distribution over {v, € [0,1]},cy that better captures the dependence between the
events u € y for all u € V. That is, we let

YN = 1 (576)

Yu= Y, Yobuuo (5.77)
veC(u)
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forallu € {N—1,N—2,...,1} (in reverse topological order w.r.t. R), where ¢, is
the Gumbel-softmax analog to step 2 of theorem 5.3.7, namely

V(u,v) € €, Gyp ~ G(0) (5.78)
exp ((log 7tu,0 + Gup)/T)
Yicc(u) €XP ((log Tty,i + Gu,i)/T) .

514,0 = (5.79)

5.5.2 KL Divergence Between two Gumbels

Lemma 5.5.3. The KL divergence between unit variance Gumbels is

Dw [G(0)]|G(B)] =& — B+ (1 —exp(a — B)) Ei(—exp(—a)), (5.80)

in terms of the standard special “exponential integral” function

Ei(z) = — /0: exp(—t)/tdt. (5.81)

Proof.

Dict. [G(a)[[G(B)]

—/ (x]|a)log ng;g; dx

= /0 exp(—(x —a) —exp(x —a))log eXiE_g : g; : zgg : ZB dx

= /Ooo exp(—(x —a) —exp(x —a)) (v — B+ exp(x — B) —exp(x —a)) dx

=ax—p+L -1

=a— B+ (1—exp(a—p))Ei(—exp(—a)),
because

L = /OOO exp(—exp(x —w))dx
— —Ei(— exp(—a))

and

L = /Ooo exp(a — B —exp(x —a))dx
= — exp(zx — ﬁ) Ei(— exp(—w)),

giving the desired result. O



74 Gumbel Propagation for Variational Bayesian Dynamic Programming

the latent path with alpha = 2.5

f the latent path with alpha = 2.5

Figure 5.2: Toy experiments on BDP to find stochastic optimal paths under randomly
generated DAGs. The first row is a 5-node DAG and its density plots with different a value.
The second row is an 8-node DAG and its density plots with different a value.

5.5.3 Binary Gumbel (Soft) Max

For the binary case, we can sample just one logistic random variable, rather than
two Gumbels, as per the traditional Gumbel max trick. Let X ~ Bernoulli(). The
Gumbel max parameterised, for g1, g ~ G(0)

X = argmax (log ¢ + g1,log(1 — {) + &), (5.82)
ke{1,2}

= argmax (log ,log(1 — 7) +1), bk, (5.83)
ke{1,2}

where we may show that I = g, — g1 ~ Logistic(0,1).* The soft-max analogue
X € (0,1) of X, where 7 is a temperature parameter, is therefore

X, exp(r”'log{) . (5.84)
exp(tllogQ) + exp (T*l(log(l - )+ l))

5.6 Experiments and Results

In this section, we conduct four experiments to verify our methods from section 5.3
and section 5.4, and show its applicability on two speech synthesis applications. To
show the generalization of the proposed method in section 5.3, we extend BDP to
two common application examples of computational graphs: monotonic alighment
(MA) [Kim et al., 2020] and dynamic time warping (DTW) [Sakoe and Chiba, 1978;
Mensch and Blondel, 2018], which is commonly used in speech synthesis tasks.

“https:/ /en.wikipedia.org/wiki/Logistic _distribution
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Table 5.1: Mel Cepstral Distortion (MCD) and Real-Time Factor (RTF) compared with

other TTS models.

Model Training Align. (Train) ~ Align. (Infer) | MCD RTF
FastSpeech2 (Baseline) Non end-to-end  Discrete Continuous 9.96 + 1.01 3.87 x10~%
Tacotron2 end-to-end Continuous Continuous 11.39 +£ 1.95 6.07 x10™4
VAENAR-TTS end-to-end Continuous Continuous 8.18 + 0.87 1.10 x10~4
Glow-TTS end-to-end Discrete Continuous 8.58 + 0.89 2.87 x10~*
BDPVAE-TTS (ours) end-to-end Discrete Discrete 8.49 + 0.96 3.00 x10~*

a 50 0.8

L a0

i 0.6

E 30

.5 20 0.4

" 10 0.2

0 0.0 —
0 50 100 150 LI

Audio timestep Audio timestep

Figure 5.3: An example of continuous phoneme-duration alignment vs discrete

phoneme-duration alignment. Continuous alignment results in disconnected and impre-

cise phoneme boundaries, whereas discrete alignment provides clean and consistent phoneme
durations.

5.6.1 Stochastic Optimal Paths on Toy DAGs

We conduct an experiment to demonstrate how BDP in section 5.3 finds the optimal
paths on toy DAGs, in which the DAG structures and edge values are randomly
generated. In fig. 5.2, we plot approximated density plots of path distributions with
1, 50, 100, and 250 samples by BDP compared with the corresponding ground truth
path density plot. As BDP samples increase, the distribution of path samples will
eventually converge to the real path distribution.

We then studied how the value of the temperature parameter a affects the path
distribution. The larger « is, the sharper the distribution is, leading to an accurate
optimal path result with less sample time. Conversely, for too small «, BDP needs
more samples to obtain the optimal path. We conduct another experiment to connect
this finding with BDP-VAE in section 5.6.5.

5.6.2 Application 1: End-to-end Text-to-Speech

We apply the BDP-VAE framework with the computational graph of MA to per-
form an end-to-end TTS model on the RyanSpeech [Zandie et al., 2021] dataset.
RyanSpeech contains 11279 audio clips (10 hours) of a professional male voice ac-
tor’s speech recorded at 44.1kHz sampling rates. We randomly split 2000 clips for
validation and 9297 clips for training.
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Figure 5.4: Inference FO trajectory comparison with VAENAR-TTS of utterance "I

suppose I have many thoughts.". The intonation of BDPVAE-TTS is close to the GT

indicating that sparse optimal paths help the decoder with a better understanding of how each
phoneme contributes to the overall utterance with approximated durations.
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Figure 5.5: Visualization of GT, synthesized singing voice spectrogram, and latent

optimal path from the prior encoder. The GT and generated spectrogram are almost

identical, and the generated spectrogram has a similar temporal structure to the inferred
latent optimal path.

The task of TTS involves an unobserved monotonic hard alignment that maps
phonemes to time intervals, since the order of the phonemes should be preserved
while the duration of each may vary in speech. Thus, TTS models generate speech
according to corresponding phonemes in which the duration of each phoneme is
discrete, structural, and unobserved Mehrish et al. [2023]. Existing end-to-end TTS
methods use a soft approximation such as attention to obtain continuous alignment.
As illustrated in fig. 5.3 compared to discrete phoneme-duration alignment, the soft-
ening solution may easily obtain disconnected alignment. To show the BDP-VAE
framework can be easily adapted to down-stream tasks, we redesigned the popular
non-end-to-end TTS model FastSpeech2 [Ren et al., 2020] into the BDP-VAE frame-
work, namely BDPVAE-TTS, which can capture unobserved hard monotonic depen-
dencies between phonemes and utterances jointly on both training and inference.

We verify model performance by an objective metric, the Mel cepstral distortion
(MCD) [Kubichek, 1993; Chen et al., 2022a], between ground truths and synthesized
outputs. We record inference speed by real-time factor (RTF) per generated spectro-
gram frame. We randomly pick 70 sentences from the test set, the numerical results
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are shown in table 5.1. Our method outperforms the baseline on both MCD and RTF
and achieves end-to-end training. This shows the success of BDP-VAE in adapting a
non-end-to-end model that relies on external DP aligners into an end-to-end pipeline.

We make a comparison with other end-to-end TTS models Shen et al. [2018a]; Kim
et al. [2020]; Lu et al. [2021] which target capturing phoneme dependencies. Shen
et al. [2018a] models the unobserved temporal dependencies by an auto-regressive
architecture with attention. Kim et al. [2020] integrate a monotonic alignment search
in parallel in a Glow model Kingma and Dhariwal [2018] to obtain hard monotonic
alignment. Lu et al. [2021] utilizes the latent Gaussian and captures soft mono-
tonic alignment in the decoder by causality-masked self-attention. Among them,
BDPVAE-TTS performs discrete monotonic alignment on both training and inference
that ensures model consistency for training and inference. BDPVAE-TTS gets a better
MCD and RTF than Shen et al. [2018a] and Kim et al. [2020], but gets higher MCD
and RTF than Lu et al. [2021].

For the RTF, since BDPVAE-TTS involves a linear time consumption DP algo-

rithm which causes higher inference time than VAENAR-TTS. We have discussed
time complexity for capturing phoneme-to-frame dependencies during training for
each end-to-end TTS model in this experiment below. However, the linear time con-
sumption (theorem 5.3.11) is the best we can do for solving DP problem.
Time Complexity Analysis: Denote the maximum number of spectrogram frames
in the computational graph of MA is T, and the maximum number of phoneme
tokens in the computational graph of MA is Tiey. In this experiment, BDPVAE-TTS
obtains discrete latent monotonic paths by BDP with O(T,,) time complexity with
diagonal updating strategy. Besides, the time complexity of monotonic alignment
search (MAS) in Glow-TTS is O(Tiext X Tyer) [Kim et al., 2020], the time complexity of
self-attention in VAENAR-TTS is O(1) [Vaswani et al., 2017], and the time complexity
of the auto-regressive TTS model (i.e., Tacotron2 [Shen et al., 2018a]) is O(T},;¢1)-

For the MCD, even though BDPVAE-TTS obtains a higher MCD than VAENAR-
TTS, BDPVAE-TTS captures discrete monotonic aligned paths in its latent space on train-
ing and inference phase which ensures model’s train and test consistency and im-
proves the model’s interpretability. VAENAR-TTS compresses the learned feature
of spectrograms with conditions into Gaussian latent variables and uses these in its
decoder for reconstruction. During the decoding process, these latent variables are
used alongside phonemes to reconstruct the outputs. In contrast, the latent variables
in BDPVAE-TTS are designed to capture phoneme-duration dependencies. This fo-
cus provides the decoder with a nuanced understanding of how the phoneme con-
tributes to the overall speech utterance, which can be interpreted by the inference
fundamental frequency (F0) in fig. 5.4.

5.6.3 Application 2: End-to-end Singing Voice Synthesis

We extend BDP-VAE with MA for end-to-end SVS on the popcs dataset [Liu et al.,
2022]. We perform this experiment not to compare with other models as in sec-
tion 5.6.2, but to demonstrate the utility of our method in a related task. In SVS, the
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Table 5.2: Mean absolute error and standard deviation (MAE/MAE+STD) of
phoneme duration on TIMIT.

Model Distribution Train Inference

BDP-VAE D(Rprw,NNyypy,1) 292  3.93 £ 0.37
Baseline D(Rptw, Wyo,1),1) 567 569 £ 031
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Figure 5.6: Visualization of GT alignment between phoneme tokens and spectrogram
frames, latent optimal paths from the encoder, optimal paths from random latent
space for two audio clips. BDP-VAE achieves closer alignments with GT, indicating its
effectiveness in finding latent optimal paths.

longer phoneme duration also provides an opportunity to visualize the monotoni-
cally aligned optimal path clearly. The popcs contains 117 Chinese Mandarin pop
songs (5 hours) collected from a qualified female vocalist. We randomly split 50 clips
for inference and the rest for training. During the inference phase, the conditional
inputs are the fundamental frequency and lyrics of the song clips.

Similar to TTS task, SVS task also involves unobserved structural dependencies.
BDP-VAE framework could help the SVS task to capture the discrete structural de-
pendencies in parallel, leading to an end to end framework and a better model inter-
pretability.

Two inference results are visualized in fig. 5.5 where red rectangles indicate that
the temporal structure between the generated mel-spectrogram and ground truth is
almost identical. As expected, the decoder of BDP-VAE synthesizes spectrograms
according to the extended conditions (i.e., the phonemes) mapping by the depen-
dency of the latent monotonic path from the prior encoder. Therefore, the decoder
synthesizes singing voice according to latent path-aligned phoneme conditions.

5.6.4 Verification of Behaviour of Latent Optimal Path in BDP-VAE

To verify the behaviour and generalization of the latent optimal paths in BDP-VAE,
we obtain latent optimal paths under the computational graph of DTW on the TIMIT
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Table 5.3: Mean absolute error and standard deviation (MAE / MAE + STD) for the
duration on TIMIT with different hyper-parameter « settings.

Model Alpha Train Inference

BDP-VAE 0.5 2.99 440 £ 0.46
BDP-VAE 1 2.92 3.93 £ 0.37
BDP-VAE 15 294 3.89 £ 0.35
BDP-VAE 2 3.01 4.08 + 0.27
BDP-VAE 3 3.25 4.53 +0.10

speech corpus dataset [Garofolo et al., 1992] which includes manually time-aligned
phonetic and word transcriptions. TIMIT contains English speech of 630 speakers
which utterances are recorded as 16-bit 16kHz speech waveform files. We randomly
split 50 clips for testing and 580 clips for training.

To the best of our knowledge, there are no existing similar works that enable
VAEs to obtain hard latent optimal paths given any defined DAG structures. Thus,
inspired by the experimental designs in Mensch and Blondel [2018] and van den
Oord et al. [2017b], we set a latent distribution D(Rprw, W = {w € W ~ U(0,1)},1)
as the baseline due to lack of direct comparison. The random baseline still follows
the DTW constraint with uniform the edge weights, which can verify the behaviour
of latent space in BPD-VAE.

We take a summation along the spectrogram dimension to obtain phoneme du-
ration and compute the mean absolute error (MAE) between the ground truth and
the phoneme duration. We input phoneme tokens and spectrogram lengths as condi-
tions on inference to obtain latent optimal paths of the prior encoder. We repeat the
inference 5 times and take the average and standard deviation of MAEs as our metric
of evaluation. As shown in table 5.2, our MAE is lower than the baseline indicating
that BDP-VAE captures meaningful information to obtain stochastic optimal paths
in the latent space and is not merely guessing randomly. fig. 5.6 visualizes ground-
truth alignments, latent optimal paths from BDP-VAE, and optimal paths from the
baseline latent distribution on two audio clips, which clearly shows the latent opti-
mal path from BDP-VAE under DTW gets a close alignment to the GT. This indicates
BDP-VAE has the ability to learn informative edge weights W and capture sparse
optimal paths in latent space.

5.6.5 Hyper-parameter Sensitivity in BDP-VAE

To study the sensitivity of the temperature parameter a, we extend the experiment
in section 5.6.4. table 5.3 shows the MAE value on the training and inference phase
with different « settings. As discussed in section 5.6.1, the « affects the sharpness of
the path distribution. When « is smaller, the distribution is more stochastic. As « in-
creases, the distribution becomes sharper. However, when the « value becomes large,
the latent path alignment performance decreases, which is consistent with the contri-
bution of temperature in Platt [2000]. In BDP-VAE, the model with too large « may
not capture enough variety of data, conversely, for too small « the model becomes too
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spread out and lacks meaningful structure, with the distribution approaching uni-
form as « — 0. In real applications, the value of & in BDP-VAE should be located in
a reasonable range which could be found by tuning or setting a learnable parameter.

5.6.6 Limitations

As a discrete latent variable model, BDP-VAE uses the REINFORCE estimator, which
may lead to high gradient variance and slow convergence during training. This
limitation may be solved by involving variance reduction techniques during training.

5.7 Summary

In this chapter, we introduced a probabilistic softening solution to the classical op-
timal path problem on DAGs, as stochastic optimal paths, aiming to improve the
training efficiency of multiple training strategies into an end-to-end training pipeline
in the speech synthesis domain. To achieve variational Bayesian inference with la-
tent paths, we give efficient and tractable algorithms for sampling, likelihood, and
KL divergence within the family of path distributions in linear time with respect to
edge numbers by dynamic programming with properties of the Gumbel distribution
as message-passing, namely Bayesian dynamic programming with Gumbel propa-
gation. We demonstrate the usage of stochastic optimal paths in the VAE frame-
work and propose BDP-VAE. BDP-VAE captures sparse optimal paths as latent rep-
resentations given a DAG and further achieves end-to-end training for downstream
generative tasks that rely on unobserved structural relationships. We showed how
BDP finds stochastic optimal paths under general small toy DAGs and demonstrated
BDP-VAE with the computational graph of monotonic alignment on two real-world
applications to achieve an end-to-end framework. We verified the behavior and gen-
eralization of the latent optimal paths under the computational graph of dynamic
time warping. We also studied the sensitivity of the hyperparameter a and gave sug-
gestions for real applications. Our experiments show the success of our approach on
generative tasks where it achieves end-to-end training involving unobserved sparse
structural optimal paths. Beyond VAEs, BDP can potentially be integrated into other
probabilistic frameworks or planning in model-based reinforcement learning to ob-
tain latent paths that leave room for future extensions.
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Chapter 6

HybridVC: Efficient Voice Style
Conversion with Text and Audio
Prompts

In chapter 5, we explored a theoretical perspective to improve the training efficiency
and naturalness of text-to-speech (TTS) synthesis. While TTS has achieved remark-
able progress in generating intelligible and natural speech from transcripts, it typi-
cally provides limited control over prosody and speaker characteristics. For example,
generating speech with a specific emotional tone, timbre, or prosodic pattern cannot
be easily achieved by conditioning only on text. This limitation motivates the task
of voice conversion (VC), which can be viewed as a complementary direction within
the speech synthesis domain. Unlike TTS, which maps text to speech, VC focuses
on modifying an existing speech signal to change its vocal identity, prosody, or style
while preserving the underlying linguistic content. In this way, VC provides the fine-
grained control over prosody and voice style that TTS alone cannot easily achieve,
making the two tasks closely related yet distinct components of the broader speech
synthesis landscape.

In this chapter, we introduce HybridVC, an efficient voice conversion framework
that combines the strengths of latent modeling and contrastive learning. Built upon
a pre-trained conditional variational autoencoder (CVAE), HybridVC supports both
text prompts and audio prompts, enabling flexible and precise voice style conversion.
The framework models a latent distribution conditioned on speaker embeddings
from a pretrained speaker encoder, while simultaneously optimizing style text em-
beddings through contrastive learning to align with speaker style information. This
design allows HybridVC to achieve strong performance while maintaining training
efficiency under limited computational resources. Our experiments demonstrate Hy-
bridVC’s capability for advanced multi-modal voice style conversion, underscoring
its potential for real-world applications such as personalized voice customization in

social media and interactive platforms!.

IDemonstration page:https://xinleiniu.github.io/HybridVC-demo/
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6.1 Introduction

Voice conversion (VC) entails the process of modifying the vocal characteristics of
a source speech to align with those of a target speaker. The key objective of VC
is to alter the vocal identity, such as accent, tone, and timbre, to resemble the target
speaker’s voice style, while meticulously retaining the linguistic content of the source
speech [Mohammadi and Kain, 2017; Zhou et al., 2021; Wang et al., 2018].

Traditional VC techniques rely on parallel training data [Toda et al., 2007; Desai
et al., 2009; Sun et al., 2015; Zhang et al., 2019], which constrains their applicability
for adapting to the voice styles of unseen speakers. To diversify the utilization of VC
models, recent works focus on non-parallel any-to-any (A2A) VC models, so-called
one-shot VC, that convert any speech to any voice style according to a few seconds of
the target voice [Qian et al., 2019]. The key idea of A2A VC is learning disentangled
feature representations of content and speaker style identity. To disentangle content
and speaker information, existing works focus on methods including instance nor-
malization [Park et al., 2023], vector quantization [Wu and Lee, 2020; Wu et al., 2020;
Wang et al., 2021], transfer learning from ASR and TTS models [Zhang et al., 2023;
Li et al., 2023b; Hussain et al., 2023; Rekimoto, 2023], and adversarial training [Park
et al., 2023; Li et al., 2023a; Li and Wei, 2022].

With the development of large language models (LLMs), leveraging natural lan-
guage prompts for generating images [Gu et al., 2022b], sound [Yang et al., 2023c;
Liu et al., 2023a; Huang et al., 2023d; Niu et al., 2024d], and speech [Wang et al,,
2023b; Yang et al., 2023a] has gained popularity. A notable development in VC is the
introduction of voice style transfer using text prompts, as proposed by Golge and
Davis [2022]. Building on this concept, Kuan et al. [2023] introduced Text-guidedVC,
diverging from traditional VC techniques using natural language instructions, rather
than an audio reference, to guide the VC process. This shift enhances the frame-
work’s flexibility and allows for a wider range of conversion styles by incorporating
descriptors in natural language. Concurrently, PromptVC [Yao et al., 2023] proposed
an A2A text prompt-based VC model, following VITS [Kim et al., 2021] structure,
that employs a latent diffusion model (LDM) [Rombach et al., 2022a] to generate
style vectors by text prompts.

We observe two limitations in text-guided VC models [Kuan et al., 2023; Yao et al.,
2023]. Firstly, it relies on parallel training data, where effectiveness is heavily depen-
dent on the size and quality of the dataset. This requirement can pose challenges,
as accumulating extensive parallel data is often resource-intensive. Secondly, unlike
conventional VC models that use audio reference, text-guided VC may struggle with
achieving precise voice conversions. In practical scenarios, text descriptions may fall
short in accurately capturing and conveying specific voice styles, a gap that is readily
bridged when using actual target voice samples. This limitation is crucial, as it affects
the framework’s ability to replicate exact voice styles based solely on text guidance.
Therefore, an A2A VC model with hybrid prompts can be developed to combine the
strengths of flexibility of text guidance and the precision of voice guidance.

VC models [Casanova et al., 2022; Yao et al., 2023; Li et al., 2023a] based on
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training.

VITS [Kim et al., 2021] framework may suffer from slow training due to decoding
raw waveforms directly. A straightforward solution is to avoid the decoding step
during training but maintain its advantages on its performance during inference.
PromptVC [Yao et al., 2023] trains an LDM jointly with a VITS framework to learn
textual information. Although Yao et al. [2023] doesn’t provide experimental setup
details, jointly training an LDM and a CVAE with adversarial training requires a large
volume of training data, powerful computational resources, and long training time
that potentially limits its extension to practical applications. In image editing tasks,
Imagic [Kawar et al., 2023] proposes text embedding optimisation, which focuses on
optimizing text embeddings under pre-trained language models. This method offers
a more flexible solution that avoids retraining the entire model, thereby providing an
easier and more efficient way to extend the model through few-shot learning.

In this work, we introduce HybridVC, an efficient A2A VC model that supports
text prompts and audio prompts of target style voice to achieve better flexibility. Hy-
bridVC is a latent model with contrastive learning, which models the latent distri-
bution conditioned on speaker style information and optimises the alignment of cor-
responding text embedding in parallel. Our experiments prove HybridVC achieves
significant training efficiency under limited computational resources and achieves a
flexible VC system that supports hybrid prompts. HybridVC supports small-scale
training which can be easily adapted to applications such as user-defined personal-
ized voice.

6.2 Method

In this section, we introduce our method, HybridVC, an A2A voice conversion model
that supports text and audio prompts.
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6.2.1 HybridVC

HybridVC, shown in fig. 6.1, is a conditional latent model that relies on a pre-trained
CVAE backbone. We denote a text-speech pair (y,t), where y is an utterance and
t is the corresponding style text description. Similarly to LDM [Rombach et al,,
2022a], the first stage of HybridVC obtains a compact latent representation z from
the pre-trained CVAE conditioned on speaker style information s by a pre-trained
speaker encoder, as z ~ q(z|xjy,s). HybridVC models the distribution py(z|y, s)
conditioned on speaker embedding s and raw waveform y. Following Li et al. [2023a],
the architecture of HybridVC is straightforward, using a pre-trained WavLM [Chen
et al., 2022b] and a bottleneck extractor? to disentangle text-free content information
¢ from waveform y, a pre-trained speaker encoder to obtain speaker style information
s, and a normalizing flow conditioned on s to transform the distribution to a more
complex distribution. This method enables HybridVC to encapsulate the content ¢
and speaker style information s within a compact latent space, facilitating efficient
manipulation and generation of speech.

To enable HybridVC to support audio and text prompts, the model incorporates a
text encoder to optimise a text embedding ¢ through contrastive learning, as detailed
in section 6.2.2. The contrastive learning fine-tunes the text encoder, thereby, refining
text embedding ¢ to be well-aligned with speaker style embedding s obtained by the
pre-trained speaker encoder.

6.2.1.1 CVAE backbone

The CVAE backbone compresses the input waveform y into a latent variable z con-
ditioned on a speaker-style embedding s. In our experiments, we use the posterior
encoder and decoder of a pre-trained FreeVC [Li et al., 2023a] as the CVAE backbone
which is augmented with GAN training.

6.2.1.2 Speaker Encoder

The speaker encoder extracts the vocal identity (i.e., speaker style embedding s) from
y. We follow FreeVC [Li et al., 2023a] that adopt a pre-trained verification model [Liu
et al., 2021] as speaker encoder. The model is trained on a large number of speakers.
The speaker encoder embeds mel-spectrogram of waveform y into a speaker style
embedding s, as s € R>®.

6.2.1.3 Text Encoder

The text encoder extracts stylistic features from text prompt t. We fine-tune a pre-
trained text encoder to refine the text embeddings g, ensuring they are closely aligned
with the corresponding speaker style information s. The text encoder contains a

2The bottleneck extractor is a projection layer used to reduce feature dimension and further disen-
tangle content information c from outputs of WavLM [Chen et al., 2022b]. We use the same setting as
the one in Li et al. [2023a].
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RoBERTa [Liu et al., 2020] model from a pretrained CLAP [Wu et al., 2023a] that
encodes a text prompt t into an embedding ¢ € R°!?, and a linear layer further
compresses ¢ to a lower feature dimension ¢ € R?* to discard irrelevant textual
information.

6.2.2 PromptSpeech + Text Embedding optimisation

We use the PromptSpeech dataset [Guo et al., 2023], which pairs over 26,000 real
speech samples from LibriTTS [Zen et al., 2019] with free-text style prompts involv-
ing categories of gender, pitch, energy, and speed. However, text-style prompts in
PromptSpeech do not guarantee comprehensive coverage of information across these
four categories. For instance, a prompt like “he said loudly” specifies gender and
energy but not pitch or speed. This inconsistency presents a challenge to ensure
comprehensive representations of all stylistic attributes, particularly when attempt-
ing to precisely map these free-form textual prompts to a predefined set of labels
for speaker embedding s. To address this, we augment the data with N negative
samples of text embeddings g extracted by the text encoder. Inspired by Zhu et al.
[2022]; Liddecke and Ecker [2022], we propose a negative sampling method for text
embeddings ¢ that randomly shuffle g into N negative samples G’ = {g!,..., ¢N} as
in fig. 6.2. Given the ground truth text embedding g, we construct G’ by dividing g
into K randomly ordered chunks. As illustrated in fig. 6.3, HybridVC fine-tunes the
text encoder through contrastive learning to optimise the text embedding.
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Table 6.1: Model comparison was measured on unseen source speeches with audio
prompts from 9 unseen speakers, where h stands for hours and d stands for days.

Model | Training Config. Dataset  |WER | CER | |Fo-PCC 1 SSIM 1|FAD] FD | NISQA 1
FreeVC NVIDIA RTX3090 VCTK 13.56% 4.77% | 0.719 0781 | 1.15 071  4.51
FreeVC + |2 NVIDIA RTX3090 (12d) VCTK 13.16% 4.60% | 0.720 0.771 | 0.89 071 4.34
YourTTS-VC| NVIDIA TESLA V100 VCTK 28.50% 12.45%| 0.637  0.662 | 3.99 137  3.88

HybridVC ¢ |2 NVIDIA RTX3090 (15h) VCTK 14.01% 4.85% | 0.716  0.783 | 0.87 0.70 4.51

HybridVC ¢|2 NVIDIA RTX3090 (17h) PromptSpeech|18.18% 6.15% | 0.701 ~ 0.771 | 0.74 0.81 451
HybridVC |2 NVIDIA RTX3090 (25h) PromptSpeech|17.54% 6.17% | 0.712  0.775 | 0.79 0.75  4.52

6.2.3 Training

As shown in fig. 6.1(a), the loss function of HybridVC contains two parts: a KL-
divergence between the latent distributions of HybridVC and CVAE, and a con-
trastive loss between the text embedding with negative samples {g, G’} and speaker
embedding s. Following Kim et al. [2021], the KL loss Ly between a Gaussian and
normalising flow optimises the latent distribution of HybridVC,

Ly = logq(z|xiin, s) — logpe(zly, s) (6.1)

where f is the normalising flow, x;;, is the linear spectrogram,

polely,s) = N(fo(z, ) o, 00)| L 62)

q(z|x1in, 8) = N(z; pg, 04) (6.3)
The contrastive 10oss L ontrastive is used to optimise the text encoder aligning the text

embedding ¢ with the speaker embedding s. Given a set of negative samples G =
{g¢!,...,g"}, the contrastive loss is defined as

exp(cos(g,s)/T
L contrastive = 10g p( (g ) ) (6.4)
Ygic{g,C} exp(cos(gi,s)/T)
where 7 is a learnable temperature parameter.
The overall loss function £ in HybridVC is defined as
L= (1 - a)ﬁkl + aﬁcontmstive (65)

where « is a weight-scaling hyper-parameter.

6.2.4 Inference

As shown in fig. 6.1(b), given a source speech ys, and a prompt embedding g,
obtained from either the speaker encoder or the text encoder, the inference phase of
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HybridVC is
Usrestgt = Decoder(z, §ig) (6.6)

where z ~ py (Z’ysrc/ gtgt)-

6.3 Experiments and Results

6.3.1 Datasets

We conduct experiments on VCTK [Yamagishi et al., 2019] and PromptSpeech [Guo
et al., 2023] datasets. PromptSpeech includes over 26000 real utterances from Lib-
riTTS [Zen et al., 2019] with corresponding text style prompts, it is used for training
HybridVC only. For VCTK, we follow the train/test separation as in Li et al. [2023a]
which involves 107 speakers in total, 314 utterances for validation, 1070 utterances
for testing and the rest for training>. VCTK is used to train HybridVC for a model
comparison experiment. The VCTK testing set is used to verify models” performance
as source speeches.

6.3.2 Experimental setups

In our experiment, all the audio samples are downsampled to 16kHz. The short-time
Fourier transform (STFT) with a 1280 window size and 25% overlapping is performed
to extract linear and 80-bin mel-spectrograms. Following Li et al. [2023a], we use SR-
based data augmentation during training, where the resize ratio r ranges from 0.85 to
1.15. A HiFi-GAN v1 vocoder [Kong et al., 2020a] is used for the data augmentation.
The negative sample size N is 10 and the number of shuffle chunks K is 8. We use
the posterior encoder and decoder of a FreeVC [Li et al., 2023a] trained on the VCTK
training set as the CVAE backbone. All experiments were performed on 2 Nvidia
RTX3090 GPUs. The model is trained with up to 80k training steps, where the batch
size is 256 and the initial learning rate is 2 x 10~*. The RoBERTa model is initialized
by weights from a CLAP checkpoint?.

6.3.3 Models for comparison

Since HybridVC is proposed to improve the flexibility and training efficiency com-
pared to the VITS-like VC models, we select the following models for comparison®:
1) FreeVC [Li et al., 2023a], an official checkpoint trained with SR data augmentation
and a pre-trained speaker encoder on the VCTK training set, 2) FreeVCx: a retrained
900k steps FreeVC with SR data augmentation and a pre-trained speaker encoder

3https://github.com/OlaWod/FreeVC

“https://github.com/LAION-AI/CLAP

5Since the closest methods mentioned previously, Text-guidedVC [Kuan et al., 2023] and
PromptVC [Yao et al., 2023], did not release implementation code and training datasets, we cannot
use them for a direct and fair comparison.
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on the VCTK training set under the official training configuration!, 3) YourTTS-
VC [Casanova et al., 2022]°, officially released checkpoint on VCTK trained with
pre-trained speaker encoder.

Two versions of the proposed models are tested: 1) HybridVCo, the proposed
model trained with KL loss £y;, and 2) HybridVC, the proposed model trained with
the total loss L.

6.3.4 Evaluation metrics

We use nine objective evaluation metrics to verify the proposed method in diverse
aspects including voice similarity, content error rates, speech naturalness, audio qual-
ity, and style prompt consistency. We calculate word error rate (WER) and character
error rate (CER) between source and converted voice by an ASR model”. We verify the
voice similarity by Pearson correlation coefficient of fundamental frequency (Fo-PCC) be-
tween source and converted voice, structural similarity index measure (SSIM) between
target and converted voice. Fy-PCC measures the similarity of pitch contours be-
tween converted voices and source voices. We then make use of speech quality and
naturalness assessment (NISQA) [Mittag et al., 2021], Fréchet audio distance (FAD) [Kil-
gour et al., 2019] computed by a pretrained VGGish [Chen et al., 2020a] and Fréchet
distance (FD) [Liu et al., 2023a] computed by a pretrained PANNSs [Kong et al., 2020b]
to verify the naturalness of converted voice and audio quality. The NISQA is a deep
learning framework to predict speech quality and naturalness [Mittag et al., 2021],
and FAD/FD measures audio quality. We calculate the cosine similarity (COS) be-
tween the text embeddings extracted by the text encoder and audio embeddings of
converted speeches extracted by the speaker encoder to verify the voice style consis-
tency. Referring to Kuan et al. [2023], we calculate the classification accuracy between
converted voice and source voice given single-factor text prompts. For details on the
calculation of these metrics, please refer to section 2.7.

6.3.5 Speech Intelligibility, Naturalness, and Audio Quality

Following the experimental design in Li et al. [2023a], we randomly select 9 unseen
speakers as target voices and the test set of VCTK as source speeches. We aim to
verify whether HybridVC improves training efficiency and maintains similar perfor-
mance on audio prompt voice style conversion compared to baseline models, which
only support audio prompt voice conversion. We train HybridVCe¢ and FreeVCx on
the VCTK training set under the same configuration. table 6.1 shows that HybridVC
can achieve competitive performance on speech intelligibility, naturalness, and au-
dio quality with only 15 hours of training on limited computational resources. Ex-
tending the experiment to include training on the PromptSpeech dataset, HybridVC
maintains overall performance without noticeable degradation, despite the backbone

®https:/ /github.com/Edresson/YourTTS
"https:/ /huggingface.co/facebook/hubert-large-1s960-ft
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Figure 6.4: Visualization of the source speech (left) and the converted speech at 16k
Hz sampling rate with text prompt “he speaks loudly" (right).
Table 6.2: Consistency test for audio prompts and text prompts
| F-PCC 1t FAD| SSIMt COS 1

Text prompts 0.69 0.79 - 0.68
Audio prompts 0.71 0.76 0.78 -

CVAE only being pre-trained on the VCTK training set. This underscores the ro-
bustness of HybridVC and highlights its capability to adapt to new datasets with
minimal training resources and time, further explaining the advantage of HybridVC
on extensions of practical application.

6.3.6 Consistency Test

We then conduct a consistency test between converted voice and style prompts for
both audio and text prompts. We randomly select 9 unseen speakers as audio
prompts and the VCTK testing set as source speeches to test consistency between
converted voices and style audio prompts. To test the text-style voice conversion
consistency, we randomly selected 10 speakers (5 female and 5 male) including 5
utterances for each speaker as source speech and 5 style text prompts from Prompt-
Speech. As shown in table 6.2, HybridVC effectively maintains the prosody of source
speech and audio quality but accurately converts the voice characteristics given audio
and text prompts. Text prompts typically offer less information than audio prompts,
resulting in a slight drop in Fy-PCC and FAD values. The COS between converted
voice and text prompt, and SSIM between converted voice and audio prompt indicate
the style of the converted voice is consistent with the provided prompts.

We then explore the congruence between source and converted voices using
single-factor text prompts. fig. 6.4 provides an example of a visual comparison of a
converted voice by a single-factor text prompt. In table 6.3, we calculate the accuracy
percentage between the absolute average value of the converted voices and the source
voices according to the text prompts. For instance, we count the number of converted
voices with higher pitch under the “higher pitch” text prompt by comparing the av-
erage pitch value between converted voices and source voices. Despite these prompts
containing only single style factors, HybridVC successfully adapts voices to match
the specified style text prompts. However, we observe that HybridVC demonstrates
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Figure 6.5: Cosine similarity distribution before text embedding optimisation (left-

top); after fine-tuning with the proposed negative sampling method (right-top); after

fine-tuning with negative samples within the batch (left-bottom); after fine-tuning
with negative samples with manually classified labels (right-bottom).

Table 6.3: Accuracy of converted speech by given text prompts

Higher Higher Lower Lower

Text prompt pitch  volume pitch volume

Accuracy | 898% 91.1%  60.5%  58.9%

less sensitivity to text prompts that include words such as “lower”, leaving room for
future improvement.

6.3.7 Ablation Study

Latent model. We conduct an ablation study to verify whether the proposed latent
model improves training efficiency while maintaining a similar performance as the
baseline [Li et al., 2023a]. As shown in table 6.1, HybridVCe¢ has great training effi-
ciency, achieving competitive performance in only 15 hours of training. Adding the
negative sampling method to HybridVC increases the training time while maintain-
ing HybridVC’s performance. This presents a reasonable trade-off between reducing
training efficiency and enabling support for flexible hybrid prompts.

Negative sampling method. To verify the proposed negative sampling method, we
train HybridVC augmented with: 1) construct negative samples within a training
batch as in Wu et al. [2023a]; 2) classify text embeddings into 54 labels across four
categories in PromptSpeech. fig. 6.5 shows the cosine similarity between the text em-
bedding and speaker embedding before and after optimisation with different nega-
tive samples. Only HybridVC trained with the proposed negative sampling method
effectively refines text embeddings well-aligned to speaker embeddings.
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Hyper-parameter . We conduct convergence analysis against the a values. fig. 6.6
shows that the loss convergence is not sensitive to a values although smaller a values
(greater weighting on Ly;) lead to slightly faster convergence.

6.3.8 Limitation and Discussion

Although text prompts in HybridVC enable more flexible and diverse editing with-
out the need of reference audio; however, textual descriptions often provide only
high-level semantic guidance (e.g., gender). The consistency test indicates that Hy-
bridVC may limit supporting fine-gained text guided VC, such as fine speaker at-
tribute control. Consequently, the generated voice depends heavily on the prior
knowledge learned by the underlying pre-trained speech generation model, limiting
the precision and controllability of text-guided voice conversion. Besides, HybridVC
is designed for single-speaker voice conversion under offline settings. Extending
the framework to support multi-speaker scenarios, streaming voice conversion, and
more diverse speaking styles would further improve its applicability in real-world
conversational and interactive speech generation systems.

6.4 Summary

In this chapter, we propose HybridVC, which is a flexible voice conversion model.
To address limitations of existing voice conversion frameworks, HybridVC supports
both audio and text prompts for voice conversion while enabling efficient training
under limited computational resources. HybridVC is a latent model that models the
latent distribution of a pre-trained CVAE backbone conditioned on speaker embed-
dings, and refines the text embedding to better align with information on speaker
style in parallel. Our experiments indicate that HybridVC can achieve great train-
ing efficiency while maintaining robustness, flexibility, and performance compared
to baseline models. Our model could be extended easily to applications, such as per-
sonalised voice on social media. However, as the first VC model supporting hybrid
text/audio prompts, one limitation is that the optimised text embedding appears to
be less sensitive to text prompts including words such as “lower”. This limitation
motivates the development of fine-grained text-guided voice conversion models that
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support independent control over diverse vocal attributes, such as speaker’s age,
region, speaking style, and emotion.
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Chapter 7

SoundMorpher: Smooth and
Consistent Sound Morphing with
Diffusion Model

In previous chapters, we introduced a range of methods across the sound and speech
domains. Audio also plays an important role in the music and creativity domain
[McAdams, 2013, 2019; Schafer, 1993]. In practical applications, there is a grow-
ing demand for methods that extend beyond faithful audio reproduction, requiring
flexible control, high perceptual fidelity, and the capacity to perform expressive and
stylistic transformations [Burnard, 2012; Kamath et al., 2024; Caetano and Rodet,
2013]. Motivated by these challenges, this chapter focuses on sound morphing, the
task of transforming one sound into another in a smooth and semantically consis-
tent way. Sound morphing could potentially be applied to domains including music
production, film sound design, and video-audio game development. By facilitating
the creation of novel timbral variations, such as hybridized vocal or instrumental
sounds [Caetano and Rodet, 2013; Kazazis et al., 2016; Krishnamurthy and Rattani,
2026; Chen et al., 2025], sound morphing provides a flexible and complementary
alternative to conventional sound synthesis approaches.

In this chapter, we present SoundMorpher, a flexible sound morphing method,
that is designed to generate smooth and consistent morphing trajectories. Tradi-
tional techniques typically assume a linear relationship between the morphing factor
and sound perception, achieving smooth transitions by linearly interpolating the se-
mantic features of source and target sounds while gradually adjusting the morphing
factor. However, these methods oversimplify the complexities of sound perception,
resulting in limitations in morphing quality. In contrast, SoundMorpher refines mor-
phing trajectories using an explicit connection between the morph factor and the
morphed sounds. This approach further refines the morphing sequence by ensuring
a constant target perceptual difference for each transition and determining the cor-
responding morphing factors using binary search. To address the lack of a formal
quantitative evaluation framework for sound morphing, we design a set of metrics
based on three established objective criteria. These metrics enable a comprehensive
assessment of morphed results and facilitate direct comparisons between methods,
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fostering advances in sound morphing research. Extensive experiments demonstrate
the effectiveness and flexibility of SoundMorpher in real-world scenarios, showcasing
its potential in applications such as creative music composition, film post-production,
and interactive audio technologies!.

7.1 Introduction

Sound morphing is a technique to create a seamless transformation between mul-
tiple sound recordings. The goal is to produce intermediate sounds that might ex-
ist between two sounds and contrasts with simpler mixing or cross-fading between
sounds. Sound morphing has a wide range of applications, including music com-
positions, synthesizers, psychoacoustic experiments to study timbre spaces [Caetano
and Rodet, 2011; Hyrkas, 2021], film post-production, AR/VR, and adaptive audio
content in video games [Qamar et al., 2020; Siddiq, 2015]. Traditionally, sound mor-
phing relied on interpolating the parameters of a sinusoidal synthesis model [Tell-
man et al., 1995; Osaka, 1995; Williams et al., 2014]. High-level audio features in
the time-frequency domain can also be controlled to achieve more effective and con-
tinuous morphing [Williams et al., 2014; Brookes and Williams, 2010; Caetano and
Rodet, 2010, 2011; Roma et al., 2020; Caetano, 2019]. These techniques have qual-
ity limitations that rule out applications in inharmonic and noisy sounds such as
environmental sounds [Gupta et al., 2023; Kamath et al., 2025]. Increasing inter-
est in sound generation using machine learning (ML) has delivered techniques for
ML-based sound morphing [Zou et al., 2021; Gupta et al., 2023; Kim et al., 2019b;
Kamath et al., 2025] that outperform traditional methods in scenarios such as timbre
morphing, audio texture morphing and environmental sound morphing.

We observed critical limitations of these existing sound morphing methods. Firstly,
they are primarily designed for specific morphing tasks or tailored to particular ap-
plication scenarios on task-specific datasets, which limits their ability to broader ap-
plications and different scenarios. Secondly, a lack of sufficient and formal quanti-
tative evaluation limits further analysis of their effectiveness [Gupta et al., 2023] and
impedes fair comparisons with other sound morphing techniques. Most importantly,
these methods typically assume a linear relationship between morphing factors and
morphed sound perception, as proposed by Caetano and Osaka [2012]. They achieve
smooth morphing by linearly interpolating semantic features between the source and
target sounds and gradually varying the morphing factor. This assumption oversim-
plifies the complex nature of sound perception, as gradually changing morph factors
does not inherently result in smooth perceptual transitions.

We propose SoundMorpher, a flexible diffusion-based framework for smooth
sound morphing that supports diverse tasks, including static, dynamic, and cyclosta-
tionary morphing, without task-specific retraining on the dataset, thereby enabling
open-world applicability. In this chapter, our contributions include

IDemonstration page: https://xinleiniu.github.io/SoundMorpher-demo/.
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* A heuristic open-world sound morphing pipeline that enables broad applica-
bility and avoids costly retraining and specific datasets.

¢ The Sound Perceptual Distance Proportion (SPDP) binary search further refines
morph factors with perceptual change, ensuring smoother and more natural
transitions.

* Extensive experiments demonstrate the effectiveness of SoundMorpher in open-
world applications, including timbre, music, and environmental sound morph-
ing.

7.2 Preliminary

This section provides the background knowledge of the sound morphing task and
latent diffusion model for audio generation.

7.2.1  Sound Morphing

Sound morphing aims to produce intermediate sounds as different combinations of
the model of the source sound §1 and the target sound §2 [Caetano and Rodet, 2010,
2011], which can be formulated as

M(a, k) = (1 —a(k))S; + a(k)S, (7.1)

Each step k is characterized by one value of a single parameter «, the so-called morph
factor, which ranges between 0 and 1. &« = 0 and a« = 1 produce resynthesized
source and target sounds, respectively. Due to the temporal nature of sounds, sound
morphing has three main types: dynamic morphing, where a gradually transfers from
0 to 1 over time [Kazazis et al., 2016], static morphing, where a single morph factor
« leads to an intermediate sound between source and target [Sethares and Bucklew,
2015], and cyclostationary morphing where several hybrid sounds are produced in
different intermediate points [Slaney et al., 1996].

To solve the limitation on previous works that target on expensive perceptual
evaluation only, [Caetano and Osaka, 2012] provided three objective criteria to for-
malize the evaluation of sound morphing methods: (1) Correspondence. The morph
is achieved by a description whose elements are intermediate between source and
target sounds, highlighting semantic level transition; (2) Intermediateness. The mor-
phed objects should be perceived as intermediate between source and target sounds,
evaluating perceptual level correlation; (3) Smoothness. The morphed sounds should
change gradually from source to target sounds, by the same amount of perception in-
crement. Specifically, the linear assumption proposed by [Caetano and Osaka, 2012]
is that adding the same amount of morph factor should increase the same amount
of perceptual difference. In this study, we evaluate SoundMorpher by the three cri-
teria proposed by [Caetano and Osaka, 2012] with a series of objective quantitative
metrics.
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Figure 7.1: Overview of SoundMorpher pipeline, where the snowflake represents the
model parameters are frozen.

7.2.2 Latent Diffusion Model on Audio Generation

SoundMorpher uses a pretrained text-to-audio (TTA) latent diffusion model [Rom-
bach et al., 2022b]. This approach offers the advantage of performing various types
of sound morphing without the need to train the entire model or use additional
datasets. Specifically, we use AudioLDM2 [Liu et al., 2024c], a multi-modal condi-
tioned audio generation model. It uses a pre-trained VAE [Kingma and Welling,
2013] to compress audio x into a low-dimensional latent space as VAE representa-
tions z. AudioLDM2 generates latent variables zg from Gaussian noise zt given the
condition C and further reconstructs audio £ from zp using a VAE decoder and a
vocoder [Kong et al., 2020a]. AudioLDM2 uses an intermediate feature Y as an ab-
straction of audio data x to bridge the gap between conditions C and audio x, named
language of audio (LOA). The LOA feature is obtained by an AudioMAE [Huang
et al., 2022; Tan et al., 2024] and a series of post-processing formulated as Y = A(x).
The generation function G(-) is achieved by an LDM. In the inference phase, Au-
dioLDM2 predicts the LOA feature from the condition using a fine-tuned GPT-2
model [Radford et al., 2019]. Then generates audios conditioned on the estimated
LOA feature Y and an extra text embedding Ers from a FLAN-T5 [Chung et al.,
2024] with an LDM as £ = G(Y,E7s). We denote the conditional embeddings in
AudioLDM2 as E = {Y, E1s}, the generative process is # = G(E). To reduce compu-
tational demands on inference, AudioLDM2 uses DDIM, which provides an alterna-
tive solution and enables significantly reduced sampling steps with high generation
quality.
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7.3 Method

Given a source and target audio pair {x(?),x()}, sound morphing aims to generate
intermediate sounds x(*(!)) between the audio pair given morph factors a € [0,1].
To account for the variation of o over time in eq. (7.1), we discretize the function
a(t) t € [0, T] into N elements, resulting in a morphed sequence of sounds {x(®)}N
based on {a;}Y , where {a;}} , is defined as a; foriin 1,..., N.

Following the smoothness criterion proposed by Caetano and Osaka [2012], the
desired morphing trajectory should exhibit approximately uniform perceptual pro-
gression, which means that listeners perceive successive intermediate sounds to change
by similar amounts along the transition from the source to the target sound. To for-
malize this concept, we introduce a latent perceptual progression variable p;, which
denotes the perceived morphing position of the intermediate sound x(*) on the
source-to-target trajectory. Here, p; does not represent the complete human percep-
tion of an audio signal, but rather its relative perceptual location along the morphing
path. The mapping P(-) from a generated audio sample to this perceptual progres-
sion is generally unknown and difficult to measure directly. Therefore, our objective
is to determine a discrete sequence of morph factors {;}Y ;| such that the perceptual
progression between consecutive intermediate sounds is approximately uniform, i.e.,
Ap remains approximately constant throughout the morphing trajectory. We formu-
late the problem as follows.

pis1 — pi = P(x)) = P(xl)) = Ap (7.2)

wherei € [1,.., N —1].

This formulation is a refined sound morphing problem where, rather than con-
trolling morph factor «, we control the constant perceptual difference Ap to find the
optimal trajectory with morph factors {a;}Y, that will achieve perceptually smooth
sound morphing. The overall pipeline of SoundMorpher is presented in fig. 7.1. In
the following sections, we introduce the details of the SoundMorpher pipeline and
provide extensions of our method on the different morphing methods discussed in
section 7.2.

7.3.1 Feature Interpolation

Similar to other sound morphing methods, SoundMorpher achieves sound morphing
by interpolating features between source and target audios. We introduce a method
to bridge the source and target audios based on semantic conditional embeddings in
a pre-trained AudioLDM2, leading to a controllable sound morphing method by a
morph factor «.

Interpolating optimized conditional embeddings. Following [Yang et al., 2024b], we
introduce a text-guided conditional embedding optimisation strategy under a pre-
trained AudioLDM2, which retrieves the corresponding conditional embeddings E of
the given audio data. This optimisation strategy enables the sound morphing method
to handle diverse types of sounds without requiring the model to be retrained on
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specific datasets. Following the definition of TTA model section 7.2.2, we denote E
as the overall conditional embedding inputs for AudioLDM2 and optimize E below

EO = mEin »CDPM(Z(()O)/ E;0) and EV = rrEin »CDPM(Z(()l)/ E;0)

The optimized conditional embeddings E(®) and E(V) fully encapsulate the abstract
details of x(?) and x(1). Due to the semantically structured nature of the conditional
embeddings, the conditional distributions pg(z|E(?)) and pg(z|E™")) closely mirror
the degree of audio variation between the audio pair. To explore the intermediate
data distribution between z(?) and z(!), we bridge these two distributions through
linear interpolation. Specifically, we define the interpolated conditional distribution
as pg(z|E®W) := pg(z|(1 — a)E© + aEM), where a € [0,1].

Interpolating latent state. The conditional embedding represents the conceptual ab-
straction of audio. We also wish to smoothly morph the content of the audio pair.

We follow [Song et al., 2021a] and smoothly interpolate between z(()o) and z(()l) by

spherical linear interpolation (slerp) between their starting noise Z(TO) and Z(T1 ) and

further obtained the interpolated latent state z\*) := sin(1 s o 0) 4 i 2V,

(0)7,(1)

w = arccos(m). The denoised latent variable z(()“) is obtained by applying a
T T
(@)

diffusion the denoising process on the interpolated starting noise z; ' and condition-
ing on the interpolated conditional embedding E®). The final morphed audio result

x®) is obtained from z(()“) by the VAE decoder and a vocoder.

where

7.3.2 Model Adaptation

Model adaptation helps to limit the degree of morphed variation by suppressing
high-density regions that are not related to the given inputs. To enhance the output
quality of source and target audios, we follow [Yang et al., 2024b] and use LoRA [Hu
et al., 2021] to inject a small number of trainable parameters for efficient model adap-
tation. We fine-tune AudioLDM2 with LoRA trainable parameters using z(*) and
z(). Compared to vanilla fine-tuning approaches, LoRA has advantages in training
efficiency by injecting small number of trainable parameters. The model adaptation
can be defined as

min Lopm(z\”, E©; 60+ A0') + min Loom(zD, ED; 0+ A9) s.t. rank(A0) = r (7.3)

where r represents LoRA rank. We also use other LoRA parameters Afy with rank
ro to perform bias correction to achieve high text alignment on inference. Dur-
ing inference, with 8’ = 0 + A6’ and 6y = 6 + A6y, the noise prediction becomes
éo(zt,t,E) := weg (z4,t,E) + (1 — w)eg, (21, t, @). Although [Yang et al., 2024b] provide
a heuristic suggestion for setting the LoRA rank value in the image morphing task;
however, we further investigate the relationship between LoRA rank r and method
performance in our empirical experiment.
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7.3.3 Consistent and Smooth Sound Morphing

Although interpolating semantic features between the source and target audios en-
ables a smooth transition by leveraging the inherent structure of the semantic space,
our ultimate goal is to explore the complex relationship between morphed sound
and the morph factor to further enhance the smoothness of the morphing sequence.
In this section, we propose a method to further refine the morphed results by fixing
the perceptual difference for each transition as constant as in eq. (7.2).

Sound perceptual distance proportion (SPDP). The relationship between morph fac-
tor « and perceptual stimuli p is intractable. Our goal is to establish an objective
quantitative metric that links p; and x(*) as in eq. (7.2). This metric should satisfy
two key conditions: (1) the output p should increase monotonically as « increases; (2)
it should accurately represent sound perception and audio descriptive difference be-
tween x®) and {x(o), x(1) }, ensuring a smooth transition through intermediate states.

To this end, we propose the sound perceptual distance proportion between x(*) and
{x(9, (M}, We define p; € R? as a 2D vector to represent the perceptual proximity of
x(®) to both x(©) and x(1). A key motivation is that linearly interpolating optimized
conditional embeddings does not guarantee linear interpolation in the output space
(e.g., mel-spectrograms), often leading to perceptual artifacts or uneven transitions.
Since our base model, AudioLDM?2, generates audio directly in the mel-spectrogram
domain, we refine interpolation at this level to ensure that the final outputs are per-
ceptually smooth and consistent. In addition, the Mel-scaled logarithmic spectro-
gram jointly captures perceptual information and descriptive audio structure while
aligning with the three objective criteria in section 7.1.

Denoting xf,fél) as the log mel-spectrogram of audio x(*, the SPDP point p; of x(®)
between x(©) and x(1) given g; is defined as

i 0 i 1
e —xll e — xalle o
pi = | ] : 5 ] (7.4)
@) (0) (@) _ (1) :
where D = ||x, | —x, ;|2 +||x,. — X,.;|]2 represents the overall sound distance.

eq. (7.4) calculates the distance proportion of how close the morphed sample x(%)
closes between source x(¥) and target x(!), meanwhile the L2 norm measures the
distance between two log Mel spectrograms. Therefore, the summation of the two
elements in p is always equals to 1. Furthermore, the first element of p; is expected
to increase monotonically with & while the second element is monotonically decreas-
ing, providing a clear and interpretable relationship between the parameter « and the
perceptual proximity of x(®) to x(?) and x(). In summary, the mel-spectrogram rep-
resentation effectively captures both perceptual and descriptive audio information,
offering an elegant solution to satisfy the criteria of smoothness, correspondence, and
intermediateness that proposed by Caetano and Osaka [2012].

Binary search with constant SPDP increment. To produce a smooth morphing tra-
jectory as indicated in eq. (7.2), we use binary search to refine the corresponding
{a;}} | based on a constant Ap as in Algorithm 1. The target SPDP sequence {p;},
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is obtained by interpolation p; = (1 — 424 )p© + £ pV, where the two endpoints
are p® =[0,1]" and p(™ = [1,0]".

Algorithm 1 Binary search with constant Ap
Require: wg,: start alpha; a,,4: end alpha; N: interpolate number; source audio
x(0); target audio x;
Ensure: piigs =[], pstart = [0,1]7, pena = [1,0]7; asise =[], tstart = 0, teng = 1;
# Step 1: Obtain target SPDP points with constant Ap.
Procedure ConstantSPDP(N, pstart, Pend)
forifrom1to N —1do
t < ﬁ;}?zf— (1-1) X Pstart + £ X Pend
Plist < Plist U [Pz]
end for
# Step 2: Perform binary search given target SPDP points.
Procedure BinarySearch(sst, dend, *%), XV, prist, €101)
Kjst < [“start]/ Kcur < Kstart,
for p; from p; to py_> do
ptarget — pi
g < Qeur, K2 < Kepd; Kpid <—
Pmid < SPDP(x%mid, x(0), x(1))
while |pmid — p1| > €41 do
if pia > Ptarget then
else
Ny <—
end if
Xmid <
Pid < SPDP(x%mid, x(0), x(1))
end while
Wpjst < Kijst U [Mpig]
end for
return o

X4 F+&p

atap
2

aptap
2

7.3.4 Controllable Sound Morphing with Discrete Morphing Series

Given a perceptually uniform sequence of morph factors ;Y ;, SoundMorpher sup-
ports three types of controllable sound morphing: Static morphing. To generate an
intermediate sound at a target SPDP point p, we use binary search to find the cor-
responding « and generate the morphed result x(*). Cyclostationary morphing. We
sample N uniformly spaced SPDP points p;i = 1V, find the corresponding a;, and
generate the hybrid sounds x(*)i = 1V. Dynamic morphing. Dynamic morphing
requires perceptual smoothness over time. We obtain N uniform SPDP points p; and
their corresponding «; by binary search. Each latent segment z(*) spans % of the total
latent length K, and the final output is Xymorph = vocoder(decoder(concat(z(%1), ..., 2(n)))),
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Table 7.1: Timbral morphing for musical instruments compared to the baseline on
different instruments.

Group | Method | FAD | FD| CDPAMy| CDPAMg|  £§mbr | CDPAMg |
Piano s Guitar | SMT | 2473 10257 1170 0.116 + 0.074 1.263 0.122
0 Ours | 521 4111 0.404 0.044 + 0.020 0.466 0.132
Haro s Kalimaba | SMT 1346  88.89 1495 0.150 + 0.117 1.355 0.182
arp 2 Ours | 467 3792 0.768 0.076 + 0.089  0.462 0.159
Taiko ¢ Hihat SMT 851 13157 2.339 0234 + 0332 1.584 0.732
Ours | 332 4759 1314 0.131 + 0.058 0.359 0.102
Piano s Vielin | SMT | 2138 90.63 1902 0.190 + 0.069 0.558 0217
Ours | 342 2014 0782 0.078 + 0.020 0.415 0.085
Piano ¢ Orean | SMT | 2136 6326 1291 0.129 + 0.074 1.106 0.097
& Ours | 329 1973 0.233 0.023 + 0.010 0.423 0.097

7.4 Experiments and Results

In this section, we provide systematic experiments on verifying our method. We
showcase three applications of SoundMorpher in real-world scenarios: Timbral mor-
phing for musical instruments, Environmental sound morphing, and Music morphing.

7.4.1 Evaluation Metric

We systematically verify SoundMorpher according to the criteria mentioned before,
with a series of adapted quantitative objective metrics as

Correspondence. We design a metric that computes absolute error for the mid-
point MFCCs proportion, namely MFCCsg, for descriptive correspondence. Let N
be an odd integer. We define a series of perceptually uniform morphing results
{x@)}N  with source and target audio x(*) and x1), where i in the range of 1 to

(MFh)
N. The MFCCs¢ is computed by MFCCsg = abs( % =mOlly —0.5)

1m D) O |y 2D — D)

where m(") represents the extracted MFCC features of the i morphed results in the
series x(4), m(®) and m() represents MFCC features of x(°) and xV). This metric
aims to evaluate the MFCC coherence of the midpoint result x(*2%) between two end
points x(?) and xM). The MFCCs capture low-level acoustic characteristics [Davis and
Mermelstein, 1980; Logan et al., 2000]. Ideally, we wish the midpoint morphed result
contains equal contributions from the source and target. A larger MFCCs¢ indicates
that the generated intermediate sample deviates further from the ideal midpoint
(i.e., 0.5), reflecting lower morphing consistency. We extract MFCC features with
13 coefficients to compute MFCCss. We use Fréchet audio distance (FAD) [Kilgour
et al., 2019] using a pretrained VGGish [Chen et al., 2020a] and Fréchet inception
distance (FD) [Eiter and Mannila, 1994] using a pretrained PANNs [Kong et al., 2020b]
between morphed audios and source audio to verify semantic distribution similarity
between morphed samples and source audio. Both metrics capture a high-level of
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semantic audio descriptive information by extracting audio features from pre-trained
audio classification models. Given two sets of audio Xomrp and X,,., where Xonrp
contains consecutive morphed samples as Xmrp = {x(""’) }fi 1, and X, contains source
audio samples. We calculate FAD and FD values based on audio features extracted by
pre-trained VGGish [Chen et al., 2020a] and PANNSs [Kong et al., 2020b], respectively,
between X, and Xyp-

Intermediateness. CDPAM [Manocha et al., 2021] is a metric designed to evaluate
the perceptual similarity between audio signals, which is commonly used in domains
such as speech [Manocha et al., 2021], music [Jacobellis et al., 2024] and environmen-
tal sound [Hai et al., 2024]. We use total CDPAM by CDPAMr = YN, CDPAM (x(*)),
x(@+1)) for morph sequence to reflect direct perceptual intermediateness. A smaller
CDPAMTr indicates the morph sequence exhibits higher perceptual intermediate sim-
ilarity between consecutive sounds, suggesting intermediate consistency.
Smoothness. We calculate the mean and standard deviation of CDPAM along with
the morphing path to validate smoothness, as CDPAMg = CDPAM,;04, = CDPAMyy,
where CDPAM,ean = 17 L0, ' CDPAM(x(®), x(%+1)), and

CDPAMLyy = /gty TN, (CDPAM(x(®), x(¥+1)) — CDPAMgq0)2. To study timbre,
we define timbral distance as L5 by £mbre = Ly N-1|g(a1) — g(#)||,, where
q*) represents the corresponding timbre point of x(*) in timbre space [McAdams
et al., 1995].

Reconstruction of perceptual correspondence. Lastly, we denote CDPAME that cal-

culate CDPAM between {x(?, x(V} and {£#(?), (1)}, where £ represents resynthesized
end points when « = 0 and a = 1.

7.4.2 Timbral Morphing for Musical Instruments

Sound morphing can allow timbral morphing between the sound of two known mu-
sical instruments, creating sounds from unknown parts of the timbre space [McAdams,
2013; McAdams and Goodchild, 2017]. Timbral morphing for musical instruments
involves transitioning between timbres of two different musical instruments to create
a new sound. This new sound could possess characteristics of both original timbres
as well as new timbral qualities between them, which usually applied to creative arts.
In this experiment, we perform timbral morphing for isolated musical instruments
given two recordings of the same musical composition played by different music
instruments.

Dataset. To ensure high quality of paired compositions on timbral study, we selected
22 paired polyphonic instrument composition samples from demonstration pages
of musical timbre transform projects, MusicMagus [Zhang et al., 2024c] and Tim-
brer [Kemppinen P., 2020]. The paired samples have durations varying from 5s to
10s, with 16.0kHz and 44.1kHz, which involve 5 groups of instrument pairs: 2 sam-
ples of piano-violin; 10 samples of piano-guitar; 1 sample of taiko-hihat; 1 sample of
piano-organ, and 8 samples of harp-kalimaba.

Baseline. We compare with Sound Morphing Toolbox (SMT) [Caetano, 2019], a set of
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Figure 7.2: Timbre space visualization of morph trajectories for piano-organ timbre
morphing. SoundMorpher obtains a smoother morph trajectory in the timbre space.

Matlab functions targeting musical instrument morphing. SMT implements a sound
morphing algorithm for isolated musical instrument sounds. Since SMT performs
sound morphing based on the linear assumption [Caetano and Osaka, 2012], we
uniformly interpolate 11 morph factors in [0, 1].

Results and analysis. The comparison of our method and the baseline on timbral
morphing is in table 7.1. Overall, SoundMorpher demonstrates superior morphing
quality compared to SMT across various metrics, including audio quality, interme-
diateness, smoothness, and resynthesis quality, when applied to different types of
musical instrument timbre morphing. Notably, SMT fails in Taiko-Hihat timbral
morphing due to high reconstruction perceptual error. In contrast, SoundMorpher
maintains robustness across different types of musical instruments, making it a more
flexible and efficient solution for timbral morphing applications on different types
of musical instruments. It is not surprising that SMT has poor performance in
this experiment, since the traditional methods are limited to complex or inharmonic
sounds [Gupta et al., 2023]. fig. 7.2 visualizes a normalized timbre space, illustrating
morphing trajectories generated by SMT and SoundMorpher. The timbre space is de-
fined by three important timbral features: Log-Attack Time, Spectral Centroid, and
Spectral Flux [McAdams et al., 1995; McAdams, 2013]. The SMT trajectory shows
distinct steps, indicating that the transitions between each intermediate sound are
relatively abrupt. The spacing between the blue points suggests that each step rep-
resents a significant change in timbre, which may result in a less smooth transition
between two musical instruments. In contrast, the trajectory produced by SoundMor-
pher demonstrates a smoother curve. The points are more closely spaced, indicating
more gradual changes between each intermediate timbre. This suggests that Sound-
Morpher achieves a more continuous and natural-sounding morphing process, with
each step being a smaller, more refined adjustment compared to SMT.
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Table 7.2: Environmental sound morphing with different types of environmental

sounds.
Category | FADcate [MFCCs¢ | FAD| FD| CDPAMy| CDPAM; | CDPAMg]
Dog ¢ Cat 26.08 |0.081 17.77 73.92 1.293 0.323 + 0.160 0.236
Laughing ¢+ Crying baby |10.39 |0.044 935 65.98 0.855 0.214 + 0.077 0.289
Church bell <+ Clock alarm|68.29 |0.058 22.89 75.77 2.205 0.551 + 0.299 0.312
Door knock + Clapping  |21.36  |0.083 10.85 76.35 1.594 0.428 + 0.220 0.321

7.4.3 Environmental Sound Morphing

Environmental sounds are used in video game production to provide a sense of pres-
ence within a scene. For example, in video games, sound morphing could enhance
user immersion by adapting audio cues to specific visual and interactive contexts.
This means that it could be useful to morph between sonic locations, e.g., a city and
a park, or between sound effects, e.g., different animal sounds to represent fantasy
creatures. In this experiment, we perform cyclostationary morphing with N = 5 by
SoundMorpher across various types of environmental sounds.

Dataset. We use ESC50 [Piczak, 2015] to study the robustness of SoundMorpher
across different categories of environmental sounds. Then we make a direct compar-
ison with MorphFader [Kamath et al., 2025], based on environmental sound morph-
ing samples in its demonstration page. ESC50 consists of 5-second recordings orga-
nized into 50 semantic classes, which are loosely arranged into 5 major categories.
We randomly select four major categories of scenarios to verify our method, includ-
ing Dog-Cat (animal sounds), Laughing-Crying baby (human sounds), Church bells-
Clock alarm (urban noise-interior sound), Door knock-clapping (interior sounds-
human sounds). Each category of scenarios contains 25 randomly selected audio
pairs, thereby 100 randomly paired samples.

Table 7.3: Model comparison with MorphFader on demo samples

Method | CDPAMr | CDPAM,qntsta | MFCCs¢ |
MorphFader 0.972 0.243 + 0.139 0.065
SoundMorpher | 0.935 0.226 £ 0.162 0.065

Results and analysis. We evaluate SoundMorpher across different categories of en-
vironmental sounds (table 7.2). To capture the semantic gap between categories, we
compute the class-level FAD, denoted as FADate. Results show that SoundMorpher
can effectively morph a wide range of environmental sounds; however, morphing
quality decreases when the semantic gap between categories is large. We also ob-
serve that both the morphing quality metrics and perceptual reconstruction errors
are higher for environmental sounds than for timbre morphing. This stems from the
greater complexity of environmental sound, which often involves diverse physical
events, strong temporal structure differences, and background noise, making mor-
phing more difficult than in musical data. Spectrogram visualizations in fig. 7.3 il-
lustrate these challenges. Finally, we compare with MorphFader [Kamath et al., 2025]
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Figure 7.3: Visualization of environmental sound morphing with N = 5, from top to
bottom: (1) church bells <+ clock alarm (2) crying baby <+ laughing (3) cat <+ dog (4)
clapping <+ wood door knocking

(table 7.3), which performs morphing between text prompts rather than directly be-
tween audios. The comparison indicates that SoundMorpher generates smoother
intermediates and more natural morphing.

7.4.4 Music Morphing

Film or game post-production often requires blending or fading between music
tracks to seamlessly transition background music in between scenes. Music morph-
ing transitions between two music compositions without cross fading, that is, each
moment of the morphed music would be a single composition with elements that are
perceptually in between both source and target music, rather than simply blending
the two together. Different from timbral morphing, music morphing could ideally
be accomplished with compositions from different genres and mixed musical instru-
ments. In this experiment, we use SoundMorpher to perform dynamic morphing on
music with N = 15.

Dataset. Motivated by Zhang et al. [2024c], we randomly selected 50 sample pairs
from 20 high-quality musical samples available on AudioLDM2 [Liu et al., 2024c]
demonstration page. These 10-second music compositions span different genres and
feature both single or mixed musical instrument arrangements.

Baseline. Due to the lack of direct comparisons for dynamic music morphing, we use
SoundMorpher without SPDP binary search as the baseline. It performs morphing
by smoothly interpolating condition embeddings and latent states, with 15 uniformly
sampled morph factors « € [0, 1].

Results and analysis. Although this experiment contains complex music composi-
tions with different genres and instruments, table 7.4 shows our method is supe-
rior on perceptual smoothly transiting source music to the target music and ensures
correspondence, intermediateness and smoothness compared to the baseline, which
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Figure 7.4: Visualization of dynamic morphed music for SoundMorpher and base-
line, source and target music.

4

H

s
Time

Table 7.4: Music morphing experimental results, baseline comparison & ablation
study for sound perceptual features

Method | MFCCsg | FAD| FD| CDPAMr| CDPAMg|  CDPAMg |
Baseline (Mel-Spec.) 0.099 10.82 5820 0.938 0.067 £ 0.065 0.158
SoundMorpher (Mel-Spec.) | 0.047 9.85 56.25 0.847 0.068 £ 0.045 0.178
Reduced Mel-Spec. (n=2) 0.187 10.31 5857 0.793 0.056 £+ 0.075 0.182
Reduced Mel-Spec. (n=3) 0.151 10.76  59.39 0.779 0.055 4+ 0.079 0.151
MEFCCs 0.053 10.11  57.38 0.987 0.071 4+ 0.050 0.156
Spectral Contrast 0.066 10.54 58.44 0.863 0.061 + 0.071 0.155

* where n represents the number of components of PCA for reducing dimension of
mel-spectrogram

illustrates the advantage of the proposed SPDP with binary search. fig. 7.4 visu-
ally demonstrates the effectiveness of the proposed dynamic morphing method in
transitioning smoothly from source to target music while ensuring perceptual con-
sistency and intermediate transformations. Compared to the baseline results, which
exhibit noticeable abrupt changes and spectral discontinuities, SoundMorpher pro-
duces gradual and smooth spectral transitions over time. This highlights that sim-
ply linearly interpolating semantic features, as done in the baseline method, fails to
achieve smoother and more consistent sound morphing.

7.4.5 Discussion and Ablation Study

7.4.5.1 Ablation study on SPDP

We verified the perceptual feature in SPDP in music morphing task. We select alter-
native music information retrieval features including MFCCs with 13 coefficients [Lo-
gan et al., 2000], and Spectral contrast [Jiang et al., 2002]. We use principal com-
ponent analysis (PCA) to reduce the dimensionality of mel-spectrogram to further
capture variation of spectral content over time, which is referred to as reduced Mel-
Spec. [Stevens et al., 1937; Casey et al., 2008; Jiang et al., 2002]. table 7.4 shows perfor-
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Table 7.5: Experiment results on dynamic music morphing.

Init. text | T=20 T=100 | MFCCs¢ | FAD| FD| CDPAMr) CDPAMs| CDPAM |

Info. v 0.047 1021  56.62 1.213 0.086 + 0.069 0.166
Info. v 0.044 1021  56.13 1.077 0.084 + 0.066 0.155
Uninfo. | v 0.057 10.37  55.89 1.036 0.074 £ 0.049 0.211
Uninfo. v 0.047 9.85 56.25 0.847 0.068 + 0.045 0.178

mance comparisons of SoundMorpher with different features, SoundMorpher with
mel-spectrogram achieves better morphing quality in terms of correspondence and
smoothness variation with smaller FAD, FD and CDPAM;;;. While mel-spectrogram
yields higher CDPAM,,04,, CDPAMT and MFCCsg compared to reduced Mel-Spec.
and MFCCs, the differences in metric values are not obvious. However, the overall
morph quality with mel-spectrogram is consistently better than other features. This
suggests mel-spectrogram, as a pseudo-3D representation, provides more perceptual
and semantic information, which contributes to improve morph quality compared to
higher-level features.

7.4.5.2 Uninformative v.s. informative initial prompt

Complex audio is often difficult for non-experts to interpret—for example, identi-
fying music genres can be challenging. To evaluate the impact of text-guided con-
ditional embedding optimisation in music morphing, we conduct an ablation study
on the initial text prompt. We compare a general, uninformative prompt ("a sound
clip of music composition") with informative prompts provided by AudioLDM2. As
shown in table 7.5, informative prompts improve resynthesis quality and morph cor-
respondence. However, they slightly reduce intermediateness and smoothness, pos-
sibly due to a larger semantic gap between clearer endpoints. Despite this trade-off,
the differences are minor, confirming the effectiveness of our conditional embedding
optimisation.

7.4.5.3 Inference steps

To verify whether the number of DDIM steps affects SoundMorpher performance,
we compare with 20 DDIM steps in table 7.5. A larger number of inference steps
seems to help reconstruction quality and slightly improves morph quality, however,
performance differences between inference steps are not significant. This indicates
that SoundMorpher is robust for inference steps; therefore, we suggest selecting a
suitable DDIM step to trade off overall time consumption and morph quality.

7.4.5.4 Ablation study on LoRA rank

We conduct an ablation study on LoRA model adaptation on the music morphing
task. We test SoundMorpher with different LoRA ranks. We train LoRA parame-
ters for 150 steps with a learning rate of 1072 and set unconditional bias correction
with 79 = 2 for 15 steps with a learning rate of 1073. In table 7.6, SoundMorpher
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Table 7.6: Ablation study on model adaptation with different LoRA rank r on music
morphing. Rank with — represents results without LoRA model adaptation.

Rank | MFCCs¢| FAD) FD| CDPAMr| CDPAMs|  CDPAMg/

- 0.073 10.38  56.02 1.052 0.085 + 0.054 0.198
4 0.047 9.85 56.25 0.847 0.068 + 0.045 0.178
8 0.059 10.01 56.35 1.035 0.073 £ 0.051 0.180
16 0.059 9.95 56.14 1.058 0.075 £ 0.052 0.169
32 0.130 10.77 59.06 0.818 0.058 + 0.082 0.158
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Figure 7.5: Examples of failure cases produced by SoundMorpher.

without model adaptation has an obvious performance drop in morphing correspon-
dence compared to the results with model adaptation. Although a higher LoRA
rank slightly improves perceptual reconstruction quality, SoundMorpher with r = 32
indicates poor correspondence with large MFCCs¢ and large smoothness variance
CDPAMy;. This result indicates that SoundMorpher with a higher rank does not
lead to better morphing quality. When r = 4, SoundMorpher achieves the best
smoothness and correspondence performance compared tor = 8, r = 16 and r = 32.
Therefore, we suggest the LoRA rank in SoundMorpher should not be too large (e.g.,
32).

7.4.5.5 Limitations

Despite its promising performance, SoundMorpher has several limitations. First, as
SoundMorpher is built upon AudioLDM2 operating at a 16 kHz sampling rate, the
perceptual quality of the generated audio is bounded by the fidelity and genera-
tive capability of the underlying foundation model. Consequently, sounds that are
difficult for AudioLDM2 to model, such as white noise (e.g., wind), are often recon-
structed with lower fidelity. Second, the proposed conditional embedding optimiza-
tion assumes that a smooth morphing trajectory exists between the source and target
sounds. While this assumption generally holds for sounds with gradual spectral or
harmonic variations (e.g., musical instruments), it becomes less valid for sounds with
substantially different temporal structures or discrete acoustic events (e.g., ambient
noise and dog barks or a clap and two claps). In such cases, the transition may exhibit
perceptual discontinuities or abrupt changes, making it inherently more difficult to
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achieve smooth morphing. fig. 7.5 presents representative failure cases illustrating
these challenging scenarios.

7.5 Summary

In this chapter, we propose SoundMorpher, an open-world sound morphing method
based on a pre-trained diffusion model that generates smooth and consistent morph
trajectories. Unlike prior approaches, we refine the morphing problem by modeling
the complex relationship between morph factor and perception, enabling greater flex-
ibility and higher-quality results across diverse scenarios and methods. We validate
SoundMorpher using adapted objective metrics aligned with the three sound morph-
ing criteria from Caetano and Osaka [2012], which may support future standardized
evaluations. Experiments demonstrate its effectiveness in various real-world appli-
cations, with in-depth analysis provided. While SoundMorpher is also applicable
to voice morphing via the speech generation capabilities of generative foundation
models, we leave this for future work.
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Chapter 8

SteerMusic: Enhanced Musical
Consistency for Zero-shot
Text-guided and Personalized
Music Editing

In chapter 7, we introduced a sound morphing framework that leverages a pre-
trained large audio generative model to perform flexible sound morphing without
requiring intensive retraining on task-specific datasets. While sound morphing is
widely used in music and sound design, some creative workflows in music pro-
duction [Zhang et al., 2024c,b; Yang et al., 2025; Cervera et al., 2025] emphasize the
controlled modification of existing audio content rather than the synthesis of entirely
novel compositions. Motivated by this practical need, this chapter focuses on solving
a challenge in the music editing task.

Music editing is an important step in music production, which has broad ap-
plications, including game development and film production. Most existing zero-
shot text-guided editing methods rely on pretrained diffusion models by involving
forward-backward diffusion processes. However, these methods often struggle to
preserve the musical content. Additionally, text instructions alone usually fail to
accurately describe the desired music. In this chapter, we propose two music edit-
ing methods that improve the consistency between the original and edited music
by leveraging score distillation. The first method, SteerMusic, is a coarse-grained
zero-shot editing approach using delta denoising score. The second method, Steer-
Music+, enables fine-grained personalized music editing by manipulating a concept
token that represents a user-defined musical style. SteerMusic+ allows for the edit-
ing of music into user-defined musical styles that cannot be achieved by the text
instructions alone. Experimental results show that our methods outperform existing
approaches in preserving both music content consistency and editing fidelity®.

IDemonstration page: https://steermusic.pages.dev/.
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Original Music Reconstructed Music

Figure 8.1: The distortion of the reconstructed melody (CQT1-PCC=0.721) after only
20 DDIM inversion steps.

8.1 Introduction

Text-guided diffusion probabilistic models (DPMs) [Ho et al., 2020a; Song et al.,
2021a; Lai et al., 2025] have shown impressive performance in generating diverse
high-quality audio samples, including music, speech, and sounds [Mariani et al.,
2023; Zhang et al., 2024a; Niu et al., 2024d]. These text-to-audio (TTA) diffusion
models are trained with large-scale datasets that can generate diverse samples condi-
tioned on the natural language prompts specified. Consequently, the text-guided the
music editing task was proposed, which edits music by modifying the corresponding
text prompts of the source music. Unlike controllable music generation, the music
editing task modifies an existing piece of music, which has two primary objectives:
preserving the original musical content and ensuring alignment between the edited
music and the desired target.

Existing music editing methods focus on training music editing models from
scratch [Copet et al., 2023] or fine-tuning pretrained TTA models [Zhang et al., 2024b],
both of which require additional datasets or computational costs. Inspired by recent
advances in image editing [Brooks et al., 2023; Huberman-Spiegelglas et al., 2024;
Hertz et al.,, 2022; Zhang et al., 2021], emerging music editing methods have instead
pursued zero-shot techniques to reduce computational overhead. Existing zero-shot
text-guided music editing pipelines [Zhang et al., 2024c; Manor and Michaeli, 2024a;
Liu et al., 2024b] introduce noise into the source music during the forward diffusion
process to suppress high-frequency components (e.g., timbral information) and sub-
sequently perform editing during the denoising phase based on target guidance in
the diffusion latent space. The process of retrieving a noisy latent representation from
the data is commonly referred to as the inversion step. Due to the imperfect diffu-
sion inversion process, the latent representation obtained may not fully preserve the
original music content. This issue becomes more serious when the source prompt
used as the condition cannot accurately capture the detailed characteristics of the
music input [Kawar et al., 2023; Paissan et al., 2023]. We refer to the distortion in
the inverted latent representation as an “inversion error”. Notably, this distortion oc-
curs even during the reconstruction of only a few DDIM inversion steps [Song et al.,
2021a] , which alters the melodic information in the reconstructed results compared
to the original music as shown in the CQT spectrogram [Brown, 1991] in Fig. 8.1.
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Figure 8.2: SteerMusic: Steering the music style with text-guided music editing or
personalized music editing.

In music editing, such distortion can even be compounded, resulting in a failure to
preserve instruction-irrelevant content in original music. Although methods such as
textual inversion [Gal et al., 2022] have been proposed to mitigate this issue by tun-
ing the embeddings for near-lossless audio reconstruction [Niu et al., 2024c], there is
no way to manipulate the target text prompts within the tuned source textual em-
beddings in editing tasks. A more promising solution to avoid inversion error is
the delta denoising score (DDS) [Hertz et al., 2023], a score distillation method that
performs editing directly in the data space, which defines a differentiable function
rendering the source input. DDS computes the difference in denoising scores be-
tween the source and target prompts through a single forward step. This approach
eliminates the dependency of a full or partial forward diffusion process that could
introduce inversion errors. By operating in the data space, DDS enables high-fidelity
editing while preserving instruction-irrelevant content in the input.

Text-guided editing enables flexible and intuitive modifications, requiring users
to provide only an arbitrary text instruction to perform the desired edit. However,
one limitation of text-guided music editing is that it lacks fine-grained control over
the direction and nuance of editing. For instance, editing a guitar performance into
the one played by person A with a guitar brand B. Text-based editing alone struggles
to specify the exact “guitar” required. Moreover, person A and guitar brand B might
be unseen concepts for the models, rendering attempts to specify these words in the
text prompt ineffective. To enhance user-personalized controllability in text-to-music
generation, DreamSound [Plitsis et al., 2024] introduces a pioneering approach that
adapts image personalization techniques [Gal et al., 2022; Ruiz et al., 2023] to the
music domain, allowing the extraction of user-defined musical characteristics from
reference audio. Besides, DreamSound also demonstrates the potential of leveraging
the personalization techniques to perform personalized music editing by manipu-
lating learned musical concepts on the noisy source latent through the denoising
process of a personalized diffusion model. Despite their attempts, DreamSound still
suffers from the inversion error and struggles to preserve music content while editing
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Figure 8.3: Overview of two music editing pipelines: (a) shows the conventional ap-

proach, which performs editing during denoising after an inversion process in the

diffusion latent space; (b) shows our solution, which directly edits in data space by

optimizing the differentiable function x = g(#). The differentiable function is initial-

ized with x°. [S] denotes a user-defined concept token, and gray circles represent
the optimization trajectory from source to target.

the specific concept given in the text prompt.

In this chapter, we propose two music editing methods, SteerMusic and SteerMu-
sic+, that can be easily adapted to existing text-to-music DPM based on the score
distillation technique. We summarize our key contributions as follows.

1. We propose SteerMusic, a zero-shot text-guided music editing pipeline based
on a DDS framework, which focuses on coarse-level editing, producing high-
fidelity results while preserving source music contents.

2. We propose SteerMusic+, a personalized music editing method that leverages
user-defined musical concepts to enable customized editing. SteerMusic+, an
extension of SteerMusic, enables editing results that are not attainable through
text prompts alone. For example, from reggae to the customized reggae given
the reference as in Fig. 8.2.

3. We provide extensive experiments to demonstrate that the proposed methods
produce superior editing results compared to the existing state-of-the-art meth-
ods in terms of musical consistency and edit fidelity.

8.2 Preliminary

Score distillation refines generated samples using the score (i.e., the gradient of the
log-density) from a pretrained diffusion model €, to enforce predefined constraints.
It is typically implemented via probability density distillation, where gradients from
the source diffusion model are used to recursively refine a differentiable function
until the desired outcome is achieved. Score distillation sampling (SDS) [Poole et al.,
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2022] pioneered score distillation by optimizing a differentiable function x = g(6)
to match a target prompt y'8!, where the function ¢(0) renders the source input x
with parameters 6. It minimizes the loss Lpi = Erc[w(t)||€p(xt, y'®', ) — €||3], where
x; is a noisy version of x at time f. By omitting the UNet Jacobian, the gradient is
VoLsps(¢,x = g(0),y'8") = Epe[w(t)(ep(x:, v, t) — €)3%], where '8! is the target
prompt, x; is a noisy latent of x = g(6) at time step ¢, and w(t) is a weighting func-
tion. However, SDS often produces blurry results in image editing [Wang et al,,
2023d; Hertz et al., 2023]. The delta denoising score (DDS) [Hertz et al., 2023] ad-
dresses this issue by computing the delta score between the source prompt y* and
the target prompt y'8".

In image editing, DDS refines only regions relevant to the target prompt '8,

preserving the rest of the image. Given source input x*¢ with prompt y° and target
prompt '8!, the gradient over 6 is
VoLpps (¢, x = g(0), ", x, ™)
= Eypclw(t)(eg(x0, v, t) — €p(x7", ysrczt))gz] (8.1)

where x; and x}™ share the same sampled noise € and the timestep t.

Although different variants of SDS and DDS have been proposed for the image
domain [Yu et al.,, 2025; Hertz et al., 2023; Nam et al., 2024; Lin et al., 2025], the
application of DDS in music editing remains underexplored. In the next section, we
will explain how to incorporate DDS into the music editing tasks.

8.3 Method

In this section, we introduce two music editing methods: SteerMusic for zero-shot
text-guided editing, and SteerMusic+ for personalized editing using user-defined con-
cepts from reference music. Unlike the forward-backward pipeline in Fig.8.3 (a), our
methods edit directly in a data space (Fig.8.3 (b)), yielding better musical content
consistency.

8.3.1 SteerMusic: Zero-Shot Text-Guided Music Editing

We introduce SteerMusic, a zero-shot text-guided music editing method that per-
forms editing in the data space. In this setting, our goal is to edit source music signal
x¥¢ by modifying its corresponding text prompt y°, which y° is a brief description
of the source music that includes the specific musical attribute intended for modifi-
cation. The modified text prompt y'8" acts as the target prompt to guide the editing.
To obtain desirable results, the musical content shared by y'®' and y**¢ should be
preserved, changing only the content that is distinct in y'8'. For example, if the only
change in y'®' compared to y* is replacing only the word “piano” with “guitar”
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Figure 8.4: Overview of the SteerMusic+ pipeline: (a) Personalized diffusion model
(PDM) fine-tuned using D™ and a user-defined [guitar] concept token. (b) Personal-
ized editing using the PDM ¢, from (a). Red dashed lines indicate gradient flows.

while keeping the rest of the sentence unchanged, the edited music should preserve
the melody and tempo, while modifying only the musical instrument.

To achieve this goal, we adopt DDS, which has been previously explored only in
the image domain. To the best of our knowledge, we are the first to investigate the
potential application in music editing. Following DDS, we define x = g(0) rendering
source music signal x*. We picked g(6) = 6 as the differentiable function in Eq. 8.1,
where we initialize § = x{*. ie. x = x§. In SteerMusic, we set €p as a pretrained
TTA or text-to-music DPMs.

Similar to Hertz et al. [2023], the delta score in Eq. 8.1 steers the optimization
process toward the target prompt while reducing the noisy editing direction com-
monly associated with vanilla SDS, leading to enhanced edit fidelity. the SteerMusic
method enables flexible editing using text instructions alone; however, it is limited
to coarse-grained editing, as text prompts often lack the precision information to
capture fine-grained musical details.

8.3.2 SteerMusic+: Personalized Music Editing

As mentioned before, text-guided editing lacks customization for precise music
editing, such as transferring music to a specific style. To enable fine-grained person-
alized editing, we propose SteerMusic+, an extension of SteerMusic. In this setting,
we have a set of source music and prompt pair {x%,y*}. The target prompt i is
constructed by modifying y**¢ to manipulate a user-defined concept token [S], repre-
senting the desired customization (see example in Fig. 8.4 (b)). SteerMusic+ uses two
pretrained diffusion models:

* A pretrained diffusion probabilistic model (DPM), denoted as €5, which serves
as a reference for maintaining consistency with the original music content; and

* A personalized diffusion model (PDM), denoted as €y, is fine-tuned on a small
set of data containing reference music to capture the user-defined concept [S]
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and guide the editing process toward the desired direction.
We define successful personalized editing by the criteria:

¢ The instruction-irrelevant part (i.e., {y'' N y*}) in the source music should be
maintained.

¢ The edited musical attributes should perceptually align with the intended per-
sonalized musical concept [S].

We now present the SteerMusic+ method that enables personalized music editing
with enhanced music consistency.

Personalized Diffusion Model (PDM) serves a foundational part in SteerMusic+.
Since training a PDM has been extensively studied in Plitsis et al. [2024]; Ruiz et al.
[2023]; Gal et al. [2022]; Kumari et al. [2023], we assume the availability of a pre-
trained text-to-music PDM in SteerMusic+, as SteerMusic+ is a plug-in pipeline com-
patible with existing PDMs. The text-to-music PDM ¢y captures the user-defined
musical concept S by fine-tuning a pretrained DPM ¢, under a small set of reference
music Dref = {(xmf, ymf)n nN:1/ which N can be as few as 1 [Plitsis et al., 2024]. The
fine-tuning is achieved via optimizing the objective

(P/ S arg min‘i)]E(xref,yref)NDref EDPM (xref; yref; 43) (82)

where ¢ is initialized with a pretrained DPM weights ¢. As illustrated in Fig. 8.4
(a), the prompt yrEf takes form of “a recording of a [S]”, where the placeholder [S]
corresponds to a defined new concept word embedding. During inference, the PDM
can generate music with the newly learned concept (e.g., “A disco song with a [S]”).
The dataset D'f consists of reference audio clips that encapsulate the concept users
aim to extract. According to Plitsis et al. [2024], the concept represents a musical
style, which can be either an instance of instrument sounds or a specific genre that
cannot be yielded even with the most detailed textual description. For instance, if
the objective is to capture the user’s guitar playing style, the reference audio should
feature performance on the user’s guitar playing. Conversely, if the goal is to capture
the concept of jazz, the reference audio should consist of recordings that exemplify
the same jazz style.

While the PDM can generate new music based on concepts from Dref it cannot
directly edit existing music using y'' that contains the concepts. Next, we introduce
key components of SteerMusic+ that enable personalized editing with PDMs.
Personalized Delta Score (PDS) is an extension of Eq. 8.1 to enable personalized
music editing. We define the PDS loss as Lpps(¢/, ¢, x = g(0),y'8, x5, y5¢) =
Etelw(t)|ley (x, v, t) — ep (x5, y*, ) |3]. By omitting the UNet Jacobian, the gradi-
ent over 0 is given by VoLpps = Eye[w(t)(€y (x1, y'8t, t) — €p (x5, ¥, 1)) 5], where
x; and x; share the same sampled noise € at the time step t. This modified delta
score can be decomposed into two components: the score of € provides the desired
direction to guide the editing to match the target prompt with the concept [S]. The
score of €, reduces the noisy direction of unintended modification areas. The delta
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score between the PDM €4 and the DPM €y may not produce an effective direction
toward y'8', as €, shifted to the reference distribution Dref. We introduce an addi-
tional component to compensate for the distribution shift induced by the score of
€¢/.

Distribution Shift Regularization. To bridge the distribution gap between €, and
€y, we introduce a regularization term to regularize the edited score to the person-

alized diffusion model €5. We wish to minimize the distribution shift between two
diffusion models by adding a constraint as

Src )

min Leps(¢', ¢, x = g(0),y"®, x,y

(8.3)
subject to Lenist(¢', ¢, x = g(6),y'8") — 7 <0.

where  is a small constant; the regularization term is Lene (¢, ¢, x = ¢(0),y'8") =
Eielw(t) ey (xt, y'8, t) — € (x:, y'®, 1)]|3]. The gradient with respect to 6 is given by
VoLenitt = Erew(t) (e (x1, y'8, 1) — €p(x1, y'8t, 1)) &]. Therefore, the overall gradient
through 0 is

VoLrpso(', ¢, x = g(6),y, x, y*)
— VGEPDS((P// 4)’ x = g<9),ytgt, xsrc’ ysrc)
‘Delta score poin?srto edit direction’
+A VoLaniee(¢', ¢, x =g(0),y'%)  (8.4)

‘Delta score regularizes distribution shift’

where A is a constant that adjusts regularization strength.

Personalized Contrastive (PCon) Loss. Eq. 8.4 formulates a regularized reference
guided editing direction, where the regularized delta score encourages alignment
with the target prompt while mitigating the distribution shift. However, it does not
explicitly enforce the fidelity to the concept, which may lead to suboptimal editing
quality. To further enhance the fidelity of the edit, we incorporate a PCon loss be-
tween temporal features, which is modified from a patch-wise contrastive loss [Nam
et al., 2024]. PCon loss extracts intermediate features 1™ and h; that pass through
the residual block and the self-attention block from €4 conditioned on y* and ey
conditioned on y'' at the I-th self-attention layer, respectively. The features are then
reshaped to size RT>*FxC  where Tj, F;, and C; represent the size of the temporal,
spatial, and channel dimensions in the /-th layer, respectively. The patch correspond-
ing to the temporal location on the feature map 1} is designated as ‘positive’, and
vice versa. The PCon loss is defined as

Lcon(x, ) = E, 226 (B, Bt BTy (8.5)

exp(h-ht /1)

) =
(I = o8 e o)+ exph 7))
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Table 8.1: Model comparison on zero-shot text-guided the music editing task using

the ZoME-Bench dataset.
Method | FADcrapl FADygginl CQT1-PCCT LPAPS| CLAPt

DDIM 0.477 4.713 0.330 5.377 0.264
SDEdit 0.638 6.749 0.169 6.208 0.218
MusicMagus 0.593 7.631 0.338 5.243 0.238
ZETA 0.509 3.380 0.293 5.458 0.252
SteerMusic 0.278 2.426 0.480 3.772 0.259

where t' € {1, ..., T;} represents the temporal location query patch, the positive patch
as hf”’t/ and the other patches as h?TC'Tl\tl. exp(h-h*/7) is a a positive sample with
the same temporal location, exp(h - h~/7T) is a negative sample with a mismatched
temporal location in the self-attention features, T is a temperature parameter as T > 0.

The gradient of Lpcon (¥, ™) will propagate to the hidden state of self-attention
layers & in personalized diffusion €4 . Given that the personalized diffusion ey has a
distribution shift over the reference dataset D™, the Lpcon explicitly encourages fea-
ture similarity in the frequency domain in self-attention, particularly for attributes
that distinguish the target concept. This reinforcement leads the model to prioritize
concept consistency over strict temporal alignment with the source music. Conse-
quently, Lpcon amplifies the distinctive characteristics of the target concept of €y in
SteerMusic+, ensuring that the edited music maintains stronger fidelity to the desired
style while allowing structural variations.

8.4 Experiments and Results

In this section, we present comprehensive experiments on SteerMusic and SteerMu-
sic+. We first evaluate SteerMusic in a zero-shot text-guided music editing setting,
followed by assessing SteerMusic+ for personalized music editing.

8.4.1 Evaluation Metrics

We evaluate music editing objectively based on two aspects: musical consistency
(content preservation before and after editing) and editing fidelity. We follow Manor
and Michaeli [2024a] and calculate the following objective metrics for measurement.
To evaluate musical consistency, we use:

¢ Fréchet Audio Distance (FAD) [Kilgour et al., 2019] which measures the dis-
tributional difference between source and edited music (lower the better). We
calculate FAD based on both VGGish [Hershey et al., 2017] and clap-laion-
music [Wu et al., 2023b] embeddings, denoted as FADvyis, and FADcpap re-
spectively.

e LPAPS [lashin and Rahtu, 2021], an audio version of LPIPS [Zhang et al.,
2018b], which quantifies the consistency of the edited audio relative to the
source audio (lower the better).
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¢ Top-1 Constant-Q Transform Pearson Correlation Coefficient (CQT1-PCC),
which measures melody consistency between the source and edited music
(higher the better). The CQT1-PCC [Brown, 1991] extracts the main melody
of the music audio and has been shown to outperform traditional chroma-
based features in representing melodic characteristics [Hou et al., 2025]. While
existing metrics such as FAD and LPAPS provide insight into audio quality
and perceptual similarity, they fall short in comprehensively capturing melodic
structure. Moreover, existing transcription models [Cwitkowitz et al., 2024; Bit-
tner et al., 2022; Gardner et al., 2022; Chang et al., 2024; Mancusi et al., 2025]
effectively extract melodies from real music, they are unreliable for synthesized
audio. To address these limitations, we introduce CQT1-PCC as a supplemen-
tary objective metric, specifically designed to quantify melodic consistency in
generative music editing. This metric enables a more targeted evaluation of
whether the core melodic structure of the source audio is retained in the edited
result.

To evaluate editing fidelity, we use:

* CLAP Score [Wu et al., 2023b] which measures the alignment between edited
music and the target prompt in text-guided music editing (higher is better).

¢ CDPAM [Manocha et al., 2021], a perceptual audio metric that leverages deep
learning representations to measure perceptual distance between audios such
as music and speech [Jacobellis et al., 2024; Hai et al., 2024; Gui et al., 2024]. We
use CDPAM to evaluate audio perceptual similarity between reference music
and the edited result in personalized music editing (lower the better).

8.4.2 Experimental Setup

To evaluate our methods, we use a pretrained AudioLDM2 [Liu et al., 2024c] as
the foundational model. In the text-guided music editing experiment, we set the
optimisation iteration as 400 with a 30 guidance scale [Ho and Salimans, 2021] in the
diffusion model in SteerMusic. In personalized music editing experiment, we follow
the setting of the official repository of DreamSound? and fine-tune the DreamSound
model 100 steps with a 1e~° learning rate. We set 400 optimisation steps with a
15 guidance scale and a 0.05 A value in the PDS-O equation of SteerMusic+. All
experiments were performed on a single NVIDIA H100 GPU.

8.4.3 Zero-Shot Text-Guided Music Editing

In this part, we evaluate our the SteerMusic method on the zero-shot text-guided
the music editing task.
Dataset. We use the ZoME-Bench dataset [Liu et al., 2024b] which includes 1,000
10-second audio samples from MusicCaps [Agostinelli et al., 2023], each paired with

Zhttps://github.com /zelaki/DreamSound
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Source prompt: A[guitar] tutorial with Target prompt: A [bouzouki] tutorial with energetic technique and ambient noises.
energetic technique and ambient noises.
Source Music SteerMusic + DreamSound Textual Inversion
T 1 -

orial vocals

Source prompt: A melancholic pop Target prompt: A melancholic pop song with acoustic [ocarina] strings electronic bass and female vocals.
song with acoustic [guitar] strings
electronic bass and female vocals.

Source Music SteerMusic + DreamSound Textual Inversion

Female vocals

igure 8.5: visualization of edited results between SteerMusic+ and baselines in

F 8.5: A lizat f edited Its bet SteerM + and basel

personalized music editing. SteerMusic+ preserves instruction-irrelevant musical
content on the source music.

Table 8.2: Model comparison on personalized the music editing task using the ZoME-
Bench dataset.
Method | FADcrap FADyggin) CQT1-PCCT LPAPS, CDPAM

Textual Inv. 0.789 9.688 0.216 5.083 0.713
DreamSound 0.902 10.686 0.292 5.082 0.609
SteerMusic+ 0.362 4.434 0.399 4.125 0.593

source and target text prompts. We evaluate our models on four well-defined editing
tasks that require modifying a specific aspect of the audio while preserving the orig-
inal melody: change instrument (131 clips), change genre (134), change mood (100),
and change background (95). To assess long-form editing, we use the MusicDelta
subset of MedleyDB [Bittner et al., 2016], with excerpts ranging from 20 seconds
to 5 minutes, comprising 34 excerpts of varying styles and lengths, with prompts
from Manor and Michaeli [2024a].

Baseline. We compare SteerMusic with zero-shot text-guided music editing meth-
ods that plug in the same pretrained AudioLDM2 [Liu et al., 2024c], including
SDEdit [Meng et al., 2021], DDIM [Song et al., 2021a], ZETA [Manor and Michaeli,
2024a], and MusicMagus [Zhang et al., 2024c]. To ensure statistical reliability, ex-
periments are conducted using multiple random seeds. We are unable to include
MelodyFlow [Le Lan et al., 2024] and MEDIC [Liu et al., 2024b] due to the lack of
source code. We exclude AudioEditor [Jia et al., 2025] and AudioMorphX [Liang
et al., 2024], which are designed for general sound editing rather than music.

Experimental results. Tab.8.1 compares SteerMusic with zero-shot baselines across
various style transfer tasks. SteerMusic achieves higher source consistency, shown by
improved CQT1-PCC, lower LPAPS, and FAD. While DDIM attains a slightly higher
CLAP score (+5e-3), its low CQT1-PCC and high LPAPS indicate poor preservation
of source content due to lack of further source consistency constraints during denois-
ing. In contrast, SteerMusic effectively balances source consistency and edit fidelity,
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Table 8.3: Model comparison of SteerMusic and SteerMusic+ on the MusicDelta

dataset.
Method | FADcapl  FADygginl CQT1-PCCT LPAPS| CDPAM| CLAPt
DDIM 0.646 3.336 0.245 4972 - 0.316
ZETA 0.665 3.789 0.296 5.071 - 0.319
SDEdit 0.818 8.757 0.137 5.996 - 0.310
SteerMusic 0.622 2.559 0.351 4122 - 0.321
DreamSound | 0.847 8.972 0.220 5.318 0.583 -
SteerMusic+ 0.666 5.506 0.273 4.574 0.581 -

tulfilling the core objective of music editing.

To assess real-world applicability, we further evaluate our method on the Mu-
sicDelta dataset in Tab. 8.3, which consists of varying lengths of music clips. Music-
Magus fails in this experiment as it was designed for 5-second editing and doesn’t
support long-form music, and hence is excluded. SteerMusic consistently outper-
forms other baselines in terms of edit fidelity and source consistency, demonstrating
its robustness and effectiveness in handling longer and more complex music editing.

8.4.4 Personalized Music Editing

In this part, we evaluate our SteerMusic+ method, which is designed for personal-
ized the music editing task.
Dataset. To cover both common and exotic concepts, we selected eight representa-
tive musical concepts from the 32 defined in Plitsis et al. [2024]: four instruments
style (Guitar, Bouzouki, Ocarina, Sitar) and four genres (Morricone, Reggae, Hiphop,
Sarabande). Each concept includes a placeholder instruction and five 10-second ref-
erence clips from YouTube and FreeSound. We use the “change instrument” and
“change genre” tasks from ZoME-Bench [Liu et al., 2024b], replacing the original tar-
get prompt with the selected concept token. Due to the lack of detailed instructions
in MusicDelta, we use the standardized prompt as “A recording of a [style] song.”,
where [style] is either the source style or the target style concept [S].
Baseline. We set two existing personalized music editing methods proposed by Plit-
sis et al. [2024] as the baselines, Textual inversion and DreamSound. Textual inversion
optimizes a concept embedding, whereas DreamSound fine-tunes an AudioLDM2
with rare-token identifiers [Ruiz et al., 2023]. Both methods perform personalized
music editing by manipulating the concept token during the denoising process. We
follow the official code provided by Plitsis et al. [2024] to obtain text-to-music PDM.
We reproduce the personalized music editing methods by calculating noisy latent
representations x; from x3* of DPM conditioned on the source prompt with a prede-
fined shallow time step t using DDIM inversion [Song et al., 2021a], where ¢ = 30.
We denoise x; on the PDM? conditioned on the target prompt linked to the learned

3 Textual inversion optimizes only the concept token embedding rather than fine-tuning a PDM,
we denoise x; using the DPM employed during DDIM inversion. Consequently, textual inversion is
incompatible with SteerMusic+ pipeline, in which relies on a PDM.
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Figure 8.6: Ablation study on SteerMusic+ with adherence to music consistency

vs. edit fidelity on the edited music with A values in Eq. 8.4. The horizontal axis

(CQT1-PCC) indicates source melody preservation; the vertical axis (CDPAM) indi-
cates alignment with the target concept.

concept to obtain xggt. To ensure statistical reliability, experiments are conducted us-
ing multiple random seeds. We do not compare with Jen-1 DreamStyler [Chen et al.,
2024a], which is a personalized music generation method.

Experimental results. We plug SteerMusic+ into the PDM used in DreamSound?®.
Tab. 8.2 shows that SteerMusic+ achieves superior musical consistency compared to
the baselines. It indicates that the edited outputs of SteerMusic+ successfully pre-
serve instruction-irrelevant music content in the source music. Furthermore, Steer-
Music+ performs accurate edits that align well with the concepts captured from ref-
erences, as indicated by the low CDPAM compared to the baseline methods.

In long-form music editing (Tab. 8.3), SteerMusic+ still outperforms the baseline.
We exclude Textual Inv. from comparison as it fails to produce meaningful results
on MusicDelta, likely due to the limitation of its base model with complex inputs.
Fig. 8.5 shows a personalized instrument style transfer example, where SteerMusic+
effectively preserves instruction-irrelevant content from the source music.

Ablation study. We conduct an ablation study to understand the effects of different
components in SteerMusic+. We used the concept [bouzouki] as it is an uncommon
musical instrument that typically requires the use of personalized models. The regu-
larization weight A, which acts as the Lagrange multiplier for the constraint in Eq. 8.4,
was tested within [-1,1] to balance the constraint enforcement and the optimization
stability. Yellow dots indicate results obtained by Lpps.o in Eq. 8.4 with varying A
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Figure 8.7: Adherence to music consistency vs. edit fidelity to edited results with

different fine-tune steps in PDM. The horizontal axis (CQT1-PCC) indicates source

melody preservation; the vertical axis (CDPAM) indicates alignment with the target
concept.

values. From the zoomed-in view in Fig. 8.6, as the CDPAM value decreases with
A, the loss of Lgnire within Lpps.o helps steer the editing toward the concept. How-
ever, the effect of L is minor, suggesting that the gradient of Lpps alone does not
sufficiently capture the target concept during editing. As a result, the edited music
struggles to align with the reference musical characteristics. In contrast, SteerMusic+
(with Lpcon in Eq. 8.5) leads to a significant decrease in the CDPAM value, which
indicates better alignment with the target concept. Since Lpcon Was proposed to ex-
plicitly enhance the characteristics of the target concept on the editing, we observe
that Lgpiee becomes more effective in this setting. Specifically, when A is negative, the
edit preserves the original content, while positive A pushes the edit toward the target
concept.

This highlights a fundamental trade-off between the source music consistency
and the adherence to the target style, consistent with the findings of Manor and
Michaeli [2024a]. In personalized music editing, where target characteristics are de-
rived from reference music, shifting the output towards the concept often disrupts
the original content. This differs from text-guided editing, which follows abstract tex-
tual cues rather than concrete musical references. The key challenge in personalized
editing is balancing the retention of the original music content, while integrating
the distinctive attributes of the reference music. For practical use, we recommend
keeping a smaller A value (e.g., A = 0.05) to avoid over-editing.

Limitation. As shown in Fig. 8.7, the number of fine-tuning steps in the PDM signif-
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icantly affects the performance of DreamSound and SteerMusic+. A small number
of steps (e.g., 50) leads to poor concept learning and low edit fidelity, while a large
number of steps (e.g., 200) causes overfitting and source music structural loss. These
findings highlight the importance of balancing PDM fine-tuning steps to achieve
both high edit fidelity and content preservation in personalized music editing set-
tings. The editing fidelity of SteerMusic+ is fundamentally limited by the ability of
the PDMs to capture the concept attributes. Consequently, failure cases can often be
attributed to inherent shortcomings in the PDM’s representational capacity. We refer
readers to Plitsis et al. [2024], which investigated the capacity of PDMs to capture
musical attributes and offer insights into improving this capacity.

8.5 Discussions

For coarse-grained text-guided editing (i.e., SteerMusic), textual instructions often
provide only high-level semantic descriptions of the desired modification, while
many musical attributes, such as timbre, articulation, and playing style, remain un-
specified. Consequently, the editing result largely depends on the prior knowledge
learned by the underlying foundation model during training. Although this enables
flexible zero-shot editing, it also limits user controllability, as users cannot precisely
specify which musical attributes should be modified beyond the information explic-
itly expressed in the text prompt.

In contrast, fine-grained editing using audio examples provides richer guidance
but introduces a different challenge. A reference audio clip inherently contains mul-
tiple entangled musical attributes, including timbre, melody, thythm, dynamics, and
recording characteristics. SteerMusic+ relies on the underlying personalized diffu-
sion model, DreamSound [Plitsis et al., 2024], to implicitly capture these attributes
from reference audio without explicitly disentangling them. Consequently, the effec-
tiveness and editability of SteerMusic+ are fundamentally bounded by the capability
of the personalized diffusion model. As discussed in Section 8.4.4, the editing perfor-
mance for individual musical concepts varies considerably, reflecting the underlying
model’s ability to learn and represent different concepts from the personalization
data. Improving attribute-disentangled representations or developing more control-
lable personalization techniques would therefore be promising directions for future
work.

8.6 Summary

In this chapter, we present two music editing methods, SteerMusic and SteerMusic+,
from coarse-grained to fine-grained music editing. To the best of our knowledge,
this is the first work to fully leverage DDS and score distillation in the music editing
framework. Our methods address the limitations of prior approaches by enhancing
musical consistency while producing high-fidelity edits aligned with target prompts.
SteerMusic+ further introduces a personalized editing pipeline that extracts user-
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defined style concepts from reference music for fine-grained control. We validate our
methods through comprehensive experiments that show clear improvements over
existing baselines in both consistency and fidelity. For practical application, the pro-
posed methods could be extended by using a better-trained TTA diffusion backbone
with a higher sampling rate to achieve high-fidelity editing results. SteerMusic+
could be combined with SoundMorpher, the method proposed in chapter 7, which
enables music editing with newly explored instrument timbres. In future studies,
personalized music editing methods could focus on improving user-controllable edit-
ing outcomes for more nuanced and expressive edits.
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Chapter 9

Conclusion

Audio is a fundamental modality that conveys rich perceptual information such
as the environment and physical events that are experienced through human hear-
ing [Phan et al., 2019; Amiriparian et al., 2017; Niu and Martin, 2022]. With recent
advances in generative Al, audio-based AIGC has significantly enhanced human
creativity and users’ audio experience by enabling the generation of diverse and
high-quality audio content while substantially lowering the barrier for users without
specialized expertise. Audio content can be broadly categorized into three main do-
mains based on its semantic characteristics: sound, speech, and music. However, the
boundaries between these domains are not strictly isolated; instead, they often over-
lap depending on user requirements and application scenarios. This thesis adopts a
unified perspective on generative audio synthesis, treating sound, speech, and mu-
sic as intersecting and complementary domains within a coherent generative audio
synthesis framework. In this thesis, six methods are proposed across the domains
of sound, speech, music and creative content to tackle the challenges of efficiency,
flexibility, and controllability in generative audio synthesis tasks. In short, these con-
tributions advance the capability of generative audio systems to better align with
user intent, multi-modal conditions, and real-world application demands.

9.1 Summary of Chapters

In this thesis, we present a series of methods aimed at tackling the three primary
challenges in this area: (1) efficiency, (2) flexibility, and (3) controllability.

In chapter 3, we begin with general sound synthesis and introduce SoundLoCD,
which is a method with improved training cost and controllability for the task of
text-to-sound generation. We demonstrate that adding a contrastive training strategy
during discrete latent diffusion training explicitly enhances the connection between
text condition and output audios, further enhancing the generated audio quality with
complex text descriptions. In addition, to reduce the computational costs during
training, we inject a small amount of LoRA parameters on a pretrained diffusion
model. We further provide a comprehensive comparison with the baseline model and
detailed analyses of the ablation study, to prove the effectiveness of SoundLoCD. The
proposed approach enables small-scale training with improved generative quality,
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making it particularly suitable for creative applications and domains with limited
computational resources.

In chapter 4, we tackle the limitations of the text-to-sound generation pipeline,
which fails to support fine-grained temporal control in sound events using text de-
scriptions and cannot produce intelligible and context-aware human voice. To this
end, we propose BVS, a video-to-audio generation model that generates synchro-
nized audio from videos with intelligible and environmentally aware speech. To
have a better multi-modal fusion, BVS is designed as a two-stage model, in which
the first stage focus on multi-modal fusion and the second stage focus on generation.
We show how BVS successfully achieves video-to-audio generation with intelligible
speech and flexible downstream applications, including video-to-audio with context-
aware speech synthesis and immersive audio background conversion. We addition-
ally provide an ablation study to verify the effectiveness of each of the proposed
components in BVS. Our proposed method allows for flexible application scenarios
with enhanced controllability of speech, which potentially benefits applications such
as film production and VR/AR to improve users’ immersive experiences.

In chapter 5, we extend our research to speech synthesis and propose a novel
method to capture discrete structured optimal paths at the same time allows for gra-
dient optimization during training. Instead of traditional approaches, we convert the
optimal path problem to a stochastic manner by a probabilistic softening solution.
We further show the method can be applied to probabilistic generative frameworks,
i.e., VAEs and propose BDP-VAE, which captures optimal paths in its latent space.
We validate our methods on toy experiments and demonstrate our method on two
real-world applications, text-to-speech and singing voice synthesis. The BDP-VAE
framework successfully solves the limitation of existing methods that relies on exter-
nal aligners to capture phone-duration information or soften this discrete relation-
ship, and allows the model to be trained on an end-to-end pipeline. This solution
improves the training efficiency of existing two-stage models into a one-stage end-
to-end training pipeline. Our method can potentially be integrated into other prob-
abilistic frameworks or planning in model-based reinforcement learning to obtain
latent paths that leave room for future extensions.

In chapter 6, we present a novel method for the voice conversion task, another
branch of speech synthesis, that achieves both training efficiency and application
flexibility. The proposed method supports multi-modal conditioning by accepting
both text and audio inputs, enabling versatile and precise voice conversion across
diverse conditions. We conduct comprehensive experiments, including performance
comparisons, parameter sensitivity analyses, and ablation studies, to thoroughly val-
idate the effectiveness of the proposed framework. With the benefit of its flexibility
and efficiency, the model can be readily extended to real-world applications, such as
personalized voice generation for social media and interactive content.

In chapter 7, we further extend our research into the creative audio domain and
propose a novel sound morphing framework, SoundMorpher. SoundMorpher ad-
dresses the limitations of existing sound morphing methods, which are often de-
signed for specific tasks and rely on task-specific training datasets. Instead, our ap-
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proach uses a pretrained audio generation model to perform general-purpose sound
morphing. To further enhance the smoothness and perceptual consistency of mor-
phing trajectories, we introduce a binary search-based refinement algorithm. We
demonstrate that SoundMorpher can be effectively applied to a variety of scenarios,
including timbre morphing, environmental sound morphing, and music morphing.
Its flexibility makes it particularly valuable for creative arts applications, as it elimi-
nates the need for retraining while enabling diverse and adaptive morphing tasks.

In chapter 8, we propose SteerMusic for the music editing task. SteerMusic is de-
signed to enhance the consistency of source music during style editing by performing
modifications directly in the data space, in contrast to conventional text-guided mu-
sic editing approaches that often operate in the latent space. To further improve the
customization and controllability of text-guided music editing, we extend this frame-
work to SteerMusic+, which enables fine-grained editing by capturing style concepts
from a set of reference music samples provided by users. Experimental results indi-
cate both methods achieve superior performance in terms of source consistency and
editing fidelity. In addition, we present detailed analyses and user studies to vali-
date their effectiveness. The proposed frameworks support both coarse-grained and
fine-grained editing, making them highly suitable for creative arts and personalized
music production applications.

9.2 Summary of Research Contributions

As outlined in section 1.3, this thesis investigates methods in generative audio
synthesis in sound, speech, and music domains, which tackle three central research
questions:

* RQ1 Efficiency: Can generative audio models be designed to efficiently extend
to new tasks or datasets while using limited computational resources, without
sacrificing synthesis quality?

* RQ2 Flexibility: Can a model support flexible audio generation across diverse
domains and user demands, enabling seamless manipulation or cross-domain
fusion of speech, sounds, and music?

* RQ3 Controllability: Can generative models provide fine-grained control over
semantic, temporal, and acoustic perception dimensions to accurately fulfill
complex user requests?

chapter 3 through chapter 8 present six methods developed to address these three
core research challenges. These methods are evaluated across six key tasks in sound,
speech, and music synthesis, which are text-to-sound generation, video-to-audio gen-
eration, text-to-speech and singing voice synthesis, voice conversion, sound morph-
ing, and text-guided and personalized music editing. An overview of the six methods
is provided in table 1.0, with each method corresponding to a published paper and
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addressing at least one of the research questions. The summarized contributions of
this thesis are summarized as follows:

9.2.1 Summary of Contributions to RQ1: Efficiency

Efficiency is an important factor in generative audio synthesis tasks, typically eval-
uated through metrics such as inference time, computational resource requirements,
and the overall complexity of the training pipeline [Song et al., 2021a; Kim et al.,
2020; Li et al., 2025; Liu et al., 2024a; Jeong et al., 2021a]. In this thesis, we tackle the
computational resource problem and training complexity problem for two genera-
tive audio synthesis tasks, respectively, which are text-to-sound generation and voice
synthesis (i.e., including text-to-speech and singing voice synthesis).

In chapter 3, we observed early text-to-sound research introduced conditional dif-
fusion pipelines combining spectrogram VQ-VAE, text encoders, and latent diffusion
models. Prior work such as DiffSound [Yang et al., 2023b] and AudioGen [Kreuk
et al., 2023] demonstrated the feasibility of conditional audio generation but either
lacked explicit constraints for controllable text-conditioned synthesis or required sub-
stantial computational resources and large datasets for training. Motivated by these
limitations, chapter 3 introduce a LoRA-based conditional discrete contrastive la-
tent diffusion model, SoundLoCD, that injects a small number of trainable param-
eters into a frozen transformer and employs contrastive learning to pull matched
text-audio pairs closer while separating mismatched ones. Experiments on Audio-
Caps [Kim et al., 2019a] and ESC-50 [Piczak, 2015] show that SoundLoCD achieves
better fidelity, diversity, and text-sound correspondence than those generated by
DiffSound baseline while using only 2.38M trainable parameters and significantly
fewer computational resources. From the perspective of RQ1, SoundLoCD con-
tributes by:

¢ Dramatically reducing trainable parameter count through LoRA-based adapta-
tion.

¢ Enhancing audio generation quality despite reduced computational capacity.

In chapter 5, we introduce BDP-VAE, a framework designed to enable end-to-
end training for generative tasks that depend on latent structural relationships. We
observed that many generative applications, such as speech and music, require iden-
tifying structured dependencies between data and conditions, often relying on in-
termediate processes that complicate training. For example, in text-to-speech and
singing voice synthesis tasks, phoneme-duration alignment between phoneme texts
and synthesized output is critical, which determines the realism of synthesized voice.
To improve the naturalness of results, existing methods usually involve a two-stage
training pipeline, in which the model relies on an external aligner to capture the
unobserved relationships [Ren et al., 2019, 2020; Liu et al., 2022; Wang et al., 2017b].
Instead, chapter 5 approaches models of stochastic optimal paths as latent variables
within a VAE and demonstrates how these paths can be learned directly through the
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computational graph of monotonic alignment, thereby forming an end-to-end frame-
work. This design enables end-to-end training for generative tasks in which models
rely on unobserved structural information, and is validated on real-world text-to-
speech and singing voice synthesis tasks. In relation to RQ1, BDP-VAE advances
efficiency by:

* Proposing a unified optimization framework to seek structured optimal paths
under DAGs.

¢ Converting non-end-to-end text-to-speech pipelines into a unified end-to-end
training framework without losing the sparsity of learned unobserved structure
relationships.

9.2.2 Summary of Contributions to RQ2: Flexibility

Flexibility is another critical requirement in generative audio synthesis, referring to
a model’s ability to generalize across diverse domains and adapt to varying user de-
mands while maintaining controllability over generated outputs. Unlike task-specific
methods that are typically optimized for a specific application, flexible models aim
to support seamless manipulation and cross-domain fusion of heterogeneous audio
types or user’s requirements within one framework. In this thesis, we tackle the flex-
ibility problem on two generative audio synthesis tasks, which are voice conversion
and sound morphing.

In chapter 6, we propose HybridVC, a flexible and efficient voice conversion
framework, that supports both text and audio prompts to improve controllability
and adaptability in speech generation. Flexibility in voice conversion refers to a
model’s ability to adapt to diverse speakers, styles, and conditioning signals while
maintaining synthesis quality. Prior voice conversion systems often struggled with
one guidance, such as text or audio [Yao et al., 2023; Li et al., 2023b,a; Kuan et al,,
2023], and required substantial computational resources [Kim et al., 2021; Casanova
et al., 2022], creating a trade-off between precision and flexibility. To address these
limitations, chapter 6 introduce a latent conditional variational autoencoder (CVAE)
enhanced with contrastive learning to better align textual descriptions with audio
speaker style representations. This hybrid prompting method allows the model to
leverage the flexibility of text and audio references, making the model produce ei-
ther diverse voices from text or precise voices from reference audio. Experiments on
VCTK [Yamagishi et al., 2019] and PromptSpeech [Guo et al., 2023] demonstrate com-
petitive intelligibility, naturalness, and audio quality, while the model can be trained
in approximately 15 hours on modest hardware, highlighting its efficiency and prac-
tical extensibility. From the perspective of RQ2, the work demonstrates clear progress

by:
¢ Supporting multiple conditions: text and audio.

¢ Reducing dependence on parallel data and enabling adaptation to unseen speak-
ers during training.
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¢ Maintaining comparable performance while reducing the training time and
computational resources.

In chapter 7, we propose an open-world sound morphing framework designed
to generate perceptually uniform transitions between audio signals using a diffu-
sion model. Traditional morphing techniques typically assume a linear relationship
between the morphing factor and perceived sound, which oversimplifies auditory
perception and often limits morphing quality [Williams et al., 2014; Brookes and
Williams, 2010; Caetano and Rodet, 2010, 2011; Roma et al., 2020; Caetano, 2019;
Gupta et al., 2023; Kamath et al., 2025]. Motivated by these limitations, chapter 7
build upon a pretrained text-to-audio diffusion model as a plug-in framework and
explicitly models the relationship between morph factors and perceptual stimuli
through log mel-spectrogram features. Thereby, SoundMorpher supports diverse
morphing tasks without the requirement of retraining the model on a specific dataset
and enabling a constant perceptual difference across transitions to obtain smoother
intermediate sounds. Extensive experiments demonstrate the effectiveness and ver-
satility of SoundMorpher in real-world scenarios, with potential applications in cre-
ative music composition, film post-production, and interactive audio technologies.
In relation to RQ2, the chapter advances flexibility by:

* Supporting perceptually consistent transitions across different audio content,
for instance, music, timbre, and environmental sounds.

¢ Expanding sound morphing capabilities beyond task-specific sound morphing
without the need to retrain the model on a specific dataset.

9.2.3 Summary of Contributions to RQ3: Controllability

Controllability is a fundamental requirement in generative audio synthesis, focusing
on a model’s ability to provide precise, fine-grained control over generated audios
while preserving intelligibility and semantic alignment. As generative systems be-
come increasingly interactive, users expect the capability to manipulate attributes
such as style, prosody, timbre, and content without degrading audio quality or re-
quiring extensive retraining. In this thesis, we explore the controllability problem
on two generative audio synthesis tasks, which are video-to-audio generation and
text-guided music editing.

In chapter 4, we introduce a controllable framework that extends video-to-audio
generation beyond sound effects to include intelligible and context-aware speech. Ex-
isting video-to-audio methods largely focus on Foley sounds and struggle to produce
intelligible speech [Su et al., 2024; Chen et al., 2024c; Cheng et al., 2025; Luo et al.,
2023; Liu et al., 2024d], while environmental speech systems are typically text-driven
and fail to align temporally with dynamic video content [Lee et al., 2024b; Jung et al.,
2025]. Consequently, controllability in multimodal audio generation has remained
constrained, particularly when fine-grained alignment between visual semantics and
spoken content is required. Motivated by this gap, chapter 4 propose Beyond Video-
to-SEX (BVS), a two-stage architecture consisting of a video-guided audio semantic
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model that predicts unified semantic tokens conditioned on phonetic cues, followed
by a video-conditioned semantic-to-acoustic model that refines them into detailed
audio signals. This design enables synchronized audio generation with environ-
mentally aware speech, supporting scenarios such as context-aware speech synthesis
and immersive background conversion, with experiments validating its effectiveness.
From the perspective of RQ3, this work demonstrates measurable progress toward
fine-grained controllability by:

¢ Introducing multimodal conditioning as a mechanism for user-steerable video-
to-audio synthesis.

¢ Improving temporal and semantic alignment between generated audio content
and condition.

* Expanding video-to-audio generative scope from pure sound effects to ambient
sounds with context-aware speech.

In chapter 8, we propose a controllable framework for text-guided music editing
that enhances consistency between source music and edited music while enabling
both coarse-grained and fine-grained user control. Existing zero-shot text-guided
music editing approaches often struggle to preserve the structure of the original piece
during modification; meanwhile, text instruction usually provides limited informa-
tion about the desired music style [Zhang et al., 2024c; Manor and Michaeli, 2024b;
Liu et al., 2024b; Plitsis et al., 2024]. chapter 8 addresses this by leveraging score
distillation to introduce two complementary methods: SteerMusic, a coarse-grained
zero-shot editing technique based on delta denoising score, and SteerMusic+, which
enables fine-grained personalized editing by manipulating a concept token repre-
senting a user-defined musical style. Together, these methods allow users to steer
music editing outputs toward desired stylistic attributes while maintaining musi-
cal coherence. Overall, the key contribution to controllability is the introduction of
structured editing controls that support personalized, fine-grained manipulation of
generated music without requiring task-specific retraining. In relation to RQ3, this
chapter contributes by:

¢ Enabling controllable music editing across two granularity levels.
* Preserving source music structural coherence during music editing.
* Supporting personalized music editing through user-defined musical concepts.

* Eliminating the need for retraining when introducing new stylistic constraints.

9.2.4 Reflection on Current Limitations

This thesis has made significant progress toward improving the efficiency, flexibility,
and controllability of generative audio synthesis across speech, music, and environ-
mental sounds. Nevertheless, several important challenges remain:
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Figure 9.1: Future research: from multi-modal generative audio synthesis to immer-
sive spatial generative audio synthesis.

Efficiency. Although parameter-efficient adaptation strategy substantially reduces
training costs in chapter 3, the proposed method, SoundLoCD, still relies on diffusion-
based generation. Consequently, inference remains computationally expensive due to
iterative denoising, limiting its applicability in real-time or resource-constrained sce-
narios. Although the proposed BDP-VAE in chapter 5 simplifies the training pipeline
and ensures consistency between training and inference, it produces stochastic opti-
mization paths rather than an absolute optimal path, which may lead to performance
variability and limit the model’s ability to achieve globally optimal solutions in some
application cases that the model is sensitive to variability and strongly relies on the
global optimal solutions.

Flexibility. While this thesis investigates a broad range of audio generation tasks, in-
cluding sound synthesis, voice generation, sound morphing, and music editing, each
method is designed for a specific application and typically relies on task-specific ar-
chitectures or pretrained foundation models. Developing a unified audio generation
framework capable of supporting diverse generation and editing tasks remains an
open challenge.

Controllability. This thesis introduces various control mechanisms, including text
prompts, audio clips, and video samples. However, precise attribute-wise user con-
trol remains challenging. Text-guided editing often relies on the prior knowledge of
foundation models to infer unspecified musical attributes, while audio-guided edit-
ing inherits the ambiguity of reference audio, where multiple musical attributes are
entangled and cannot be explicitly disentangled by the current framework. Further-
more, the effectiveness of several proposed methods is fundamentally bounded by
the representational capability of the underlying pretrained foundation models.

9.3 Future Research
The limitations discussed above also suggest several promising directions for future

research. As illustrated in Figure 9.1, this thesis primarily focuses on developing
methods for controllable and high-quality Al-generated audio. Building upon these
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contributions, future work aims to extend generative audio synthesis toward immer-
sive audio generation, enabling models to produce spatially aware and perceptually
rich soundscapes that enhance users’ immersive listening experiences.
Spatially-Conditioned Generative Models for Sound Synthesis. Our environmen-
tal sound synthesis models (e.g., SoundLoCD in chapter 3 and BVS in chapter 4) gen-
erates semantically and temporally aligned but spatially uniform audio. However,
real-world auditory perception depends not only on environmental sound content
but also on spatial context—direction, distance, and reverberation. Future research
could integrate spatial conditioning into the generative process by introducing spa-
tial tokens or positional embeddings that represent sound source location, listener
perspective, or room acoustics [Sun et al., 2025; Heydari et al., 2025; Li et al., 2024c].
Such models would enable text-to-spatial-sound generation, a critical step toward
immersive AR/VR audio synthesis and intelligent sound design. Furthermore, prac-
tical AR/VR applications require low-latency, streaming audio generation rather than
offline synthesis. Although the methods proposed in this thesis improve training ef-
ficiency, extending them to low-latency or streaming audio generation introduces
several additional challenges. First, diffusion-based generation relies on iterative
denoising, making it computationally expensive for real-time inference. Secondly,
interactive applications such as AR/VR require the generated audio to respond con-
tinuously to dynamic user interactions and environmental changes while maintain-
ing temporal consistency and high perceptual quality. Addressing these challenges
remains an important direction for future research.

Spatially-aware Voice Generation and Scene-Consistent Speech Rendering. Voice
generation and conversion methods discussed in chapter 5 and chapter 4 are con-
ditioned on text and timbral cues, but they assume a single-channel (non-spatial)
signal. In spatial or multi-speaker environments, the same voice can appear from
different positions or acoustic conditions. Future work could explore spatial voice
embeddings, such as latent representations that encode both speaker identity and
spatial cues (i.e., azimuth, elevation, and distance). This would allow generative
models to produce consistent voices anchored in a virtual space [He and Liu, 2025;
Zhang et al., 2025]. This line of work bridges speech synthesis with immersive com-
munication and XR narration, enabling personalized voices rendered naturally in 3D
environments.

Spatially Controllable Music Generation and Editing. While this thesis proposes
methods in chapter 7 and chapter 8 that allow for flexible manipulation of musi-
cal style and content, the spatial dimension (e.g., instruments or sound sources are
positioned in a mix) is not supported. A promising research direction is spatially
controllable music generation, where a generative model could edit or synthesize
both musical attributes and spatial placement. This would enable new forms of in-
teractive, Al-assisted mixing and immersive music composition, aligning closely with
future creative workflows in 3D audio production.

Towards Unified Audio Foundation Models. Although this thesis primarily devel-
ops generative models, such as diffusion models, for audio synthesis, recent advances
in multimodal audio LLMs have demonstrated strong capabilities in unified audio
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understanding and reasoning following across speech, sound, and music. Rather
than viewing diffusion models and audio LLMs as competing paradigms, we be-
lieve they will play complementary roles in future generative audio systems. Diffu-
sion models remain advantageous for synthesizing high-fidelity audio and enhanced
controllability, while audio LLMs are used for semantic understanding, cross-modal
reasoning, long-context modeling, and instruction following. A promising future
direction is therefore to combine these two paradigms within a unified framework,
where audio LLMs act as high-level planners that interpret user intentions and gen-
erate semantic representations, while diffusion models serve as neural decoders that
synthesize high-quality audio conditioned on these representations. Such a hierarchi-
cal architecture would naturally extend the unified perspective advocated throughout
this thesis. Instead of developing separate systems for speech, environmental sounds,
and music, future research could investigate a shared multimodal audio foundation
model with task-specific lightweight adaptation modules, combining the strong se-
mantic reasoning capability of audio LLMs with the superior generation fidelity and
controllability of diffusion-based models.
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