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Abstract

Sound effects are crucial components in enhancing the auditory experience in media such

as film, television, and video games. Traditionally, these effects are created using two primary

methods: Foley recording, where sound is physically performed to match onscreen actions,

and digital sound processing (DSP), which manipulates audio signals with algorithms to

achieve desired sounds. While effective, these methods come with limitations in terms of

scalability and the ability to rapidly prototype sounds.

Recent advancements in deep learning have introduced a new paradigm for sound effects

generation through neural audio synthesis. This approach utilizes generative models to

produce sound effects from learned audio features automatically. However, a significant

drawback of this technology is the lack of fine-grained control over the sound output, as

generative models typically provide fewer parameter adjustments compared to traditional DSP

methods. This limitation poses challenges in achieving specific auditory outcomes necessary

for creative sound design.

This thesis explores neural audio synthesis in sound effects generation. The data scarcity

in the domain of sound effects has been a well-known issue, which makes it challenging

for data-driven approaches towards learning and synthesizing. This thesis aims to study

controllable and diverse sound effects generation under the setting of a limited audio dataset

without requiring huge computation resources. To this end, I focus on three aspects towards

controllable neural audio synthesis:

• This thesis starts by exploring the quality and diversity trade-off in the synthesis of

audio using generative models. Via a proposed regularizing technique, it aims to

improve the diversity of sound generation while maintaining the overall quality of

synthesis.

• This thesis then studied implicit timbre control via a compressed time-varying latent

representation in a DDSP+VAE architecture. This proposed approach is capable of
ii
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varying timbre attributes in the time domain, and a case study of voice-controlled

sound effects synthesis is presented.

• Finally, two conditioning approaches were proposed to help control the timbre (or

style) of sound effects by leveraging pre-trained audio presentation models while

relying only on discrete class information. This research demonstrates the possibility

of mixing/interpolating sound timbres across different categories.
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CHAPTER 1

Introduction

Sound effects refer to natural or synthetic sounds different from speech or music [1]. Sound

effects are essential elements of auditory storytelling that enhance the realism and emotional

depth of audio-visual experiences. Although they play an important part in digital media,

such as film and games, general sound effects have received much less attention in research

and development compared to speech or music. Even nowadays, recording sound objects

on location or syncing sounds to a video via Foley recording has still been the mainstream

approach for sound effects creation. As sound effects vary greatly among different categories,

careful annotation of each sound recording is required, which makes it much more difficult to

obtain a well-constructed and descriptive audio dataset compared to speech or music.

Additionally, unlike speech or music, which has high-level and interpretable labels such as

texts and scores, a lot of the sound effects are difficult to describe with human-understandable

languages or labels (e.g. the variations of a wind "whoosh" sound may in nature be hard to be

described with words). Furthermore, many sound effects contain multiple acoustic events; it

requires meticulous analysis and segmentation of the sound events to be able to model the

physical activities (e.g. a recording of rain might be treated as an audio texture [2] whereas a

single raindrop might be considered as an impact sound). Although many synthesis methods

have been introduced (which is covered in Chapter 2 and Chapter 3), the modelling of sound

effects remains a challenging yet rewarding task. In this thesis, research is conducted to

analyze and categorize different sound effects, review the pre-existing synthesis methods, and

explore novel and new techniques for generative sound modelling with a particular emphasis

on controllability.

4



1.1 MOTIVATION 5

1.1 Motivation

In the field of speech synthesis, generative models are commonly used as neural vocoders[3]

for converting texts into spectral representation and then into speech waveforms. The neural

vocoders that utilize autoregressive or non-autoregressive neural networks serve to upsample

the mel-spectrograms that contain linguistic information and acoustic information in a lower

dimensional space back into a sequential audio waveform in a higher dimension. In other

words, such neural networks learn a mapping from the temporal-spectral domain to the time

domain by inputting precise mel-spectrograms. Additional conditioning methods have also

been used to control the generation prosody [4, 5], phoneme [6, 7], syllable [8, 9] and speaker

styles [10, 11], etc.

In the domain of music generation, deep generative models have been used to synthesize

novel musical timbres with favourable guided user controls that are difficult or impossible

to achieve using acoustic instruments [12, 13]. Under this task, deep generative models

have been used extensively in modelling musical audio signals by learning the underlying

structures of instrument sounds and summarizing them into what’s known as latent spaces.

Once the latent space is learned and structured, it could be used to offer parametric controls

over the generated timbre by interpolating within the space [14].

With the demonstrated success of generative models in speech synthesis and music generation,

an interesting but worthwhile question arises: How can existing neural audio synthesis

methods be applied to the creation of sound effects? The methodology for creating sound

effects varies depending on the context of the media. For instance, in linear media such

as films and animations, the focus is primarily on synchronizing sound effects with visual

actions, ensuring the appropriateness of sounds for specific scenes, and leveraging sound

expressiveness to evoke emotions or capture audience attention. In contrast, interactive

media like video games prioritize the timeliness of sound triggers, the spatial accuracy

of sound origin, and the overall sound quality to enhance user interaction and realism.

To this end, procedural audio [15, 16] is usually applied for games that require real-time

interaction between players’ actions and the delivered sounds. Across different applications,
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the overarching goal remains the same: To provide a wide variety of sound expressions to

achieve sophisticated auditory landscapes. Therefore, the development of tools that allow

precise control over sound variations becomes crucial in the production and application of

sound effects.

1.2 Research Questions

This thesis mainly focuses on the data-driven approach for sound effects modelling. Par-

ticularly, this thesis studies how to achieve controllable sound effects generation under the

setting of a limited audio dataset without requiring huge computation resources. Given the

current challenges in sound effects modelling and control that are introduced in 3.8, this thesis

focuses on two steps to address the existing issues.

• How to generate wider range of sounds?

• If it’s possible to generate a wide range of sounds, how to provide meaningful

controls for neural audio synthesis?

FIGURE 1.1. How to generate a wider range of sound effects with generative
models?

To answer these questions, in Chapter 4, 5, I studied the trade-off between generation sample

quality and diversity, and propose methods to improve not only the audio quality of frequently-

used generative models such as GAN but also to preserve the generative diversity.

For the challenge of audio control, I focused on temporal control of the SFX in Chapter 5 and

Chapter 6 by studying SFX modelling conditioned on temporal features. Then in Chapter 7 and
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FIGURE 1.2. How to provide more meaningful controls for neural audio
synthesis?

Chapter 8, I explored timbre control of SFX given small audio datasets with only categorical

labels.

Given the current research gap in evaluation techniques that measure the effectiveness of

timbre control, in Chapter 6, I have conducted listening tests to study the perceptual differences

of various timbres generated from our model. In Chapter 7 and Chapter 8, I proposed several

objective metrics to evaluate the effectiveness of timbre encoding from the learned latent

spaces.

1.3 Outline of thesis

As shown in Figure 1.3, this thesis is separated into 9 chapters and is structured as follows:

• Chapter 1: Introduction of the thesis. This chapter introduces the definition, import-

ance, and background of sound effects. It briefly summarizes the current stage and

trends for sound effects modelling and points out the limitations and challenges of

existing methods for sound effects creation. Then it introduces the three research

objectives and scopes.

• Chapter 2: Background of sound effect synthesis. This section reviews the different

types of sound effects, how they are created and used in different circumstances,
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FIGURE 1.3. An overview of the thesis structure.

the various sound effect synthesis methods, and a knowledge review of machine

learning.

• Chapter 3: Literature review of neural audio synthesis for sound effects generation.

It also reviews audio representations, training techniques, and evaluation metrics.

• Chapter 4, 5 studies the first research question: How to generate wider range of

sounds? Specifically, in Chapter 4, I proposed a regularization technique to im-

prove the generated audio quality by adding a regularizing loss into the generator to

penalize the reconstruction errors caused by phase estimation algorithms [17]. In

Chapter 5, I studied the impact on quality and diversity from integrating a reconstruc-

tion loss into neural audio synthesis. Additionally, I also explored arbitrary-length

audio generation considering the problem of upsampling artifacts from transposed

convolutional neural networks.
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• In Chapter 6, 7, 8, I aim to answer the second research question: How to provide

meaningful controls for neural audio synthesis? Specifically, in Chapter 6, I studied

a hybrid modelling approach by leveraging differentiable digital signal processing

(DDSP) [13] for sound effects synthesis. It proposes an architecture that achieves

frame-level timbre control by directly manipulating the compressed latent space.

In Chapter 7, I explored a novel conditioning method for neural audio synthesis

that achieves timbre interpolation between discrete audio classes by relying on an

implicit sampling process similar to variational inferencing [18]. In Chapter 8,

I have further refined the conditioning method by proposing a similarity-based

conditioning approach. Based on the findings and method introduced in Chapter 8,

this chapter further extends this approach by leveraging large pre-trained audio

representation models. It proposes a similarity-based conditioning method that

enables users to interact with a fine-grained control parameter to interpolate audio

timbres across different types of sounds.

• Chapter 9: Conclusion of the thesis. This chapter reviews how the work done

during the candidature fits into the literature and the current status of neural sound

synthesis. It also discusses directions for future research.

1.4 Statement of ethics

This thesis involves experiments, including listening studies, that require the participation

of human subjects. All participants were fully informed about the nature and purpose of the

studies prior to participation, and written consent was obtained in compliance with ethical

research standards. The studies were conducted under the University of Sydney Human Ethics

protocol, approved by the relevant ethics committee under Project Identifier: 2023/HE000562.

All procedures adhered to the University of Sydney’s Human Research Ethics Guidelines,

ensuring respect for participant rights, privacy, and welfare. Details of the consent forms and

demographic questions used during the listening studies are provided in the appendices.
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Additionally, this thesis acknowledges the broader ethical considerations related to the field

of generative sound synthesis. While the algorithms and methods explored aim to advance

automation in creative processes, the intent is to assist and augment human creativity, not to

replace individuals working in creative roles. Care has been taken to approach this research

with sensitivity to its potential societal implications, aiming to contribute positively to the

fields of sound design and generative audio technology.



CHAPTER 2

Background

2.1 History of Sound Effects

Sound effects [15], distinct from music and dialogue, are crafted sounds deployed in settings

such as movies, television, video games, or virtual reality [19]. The primary goal of creating

sound effects is to provide auditory cues for actions or occurrences within a story’s universe

to immerse the audience. Sound effects were first introduced in the theatre, where artists

used simple props to simulate sounds like wind, rain, and thunder. Thunder, for example,

could be simulated by shaking a large sheet of thin metal, and wind effects were often created

by turning a crank on a device containing silk or canvas that brushed against wooden slats.

Common tools included shoes for footsteps, doors and hinges for creaks and slams, and

cornstarch in leather pouches to mimic the sound of walking on snow.

In the digital era, sound effects are often recorded through Foley techniques or field recording.

Foley [20], named after sound effects pioneer Jack Foley in the 1920s, refers to the art of

performing sound effects live to enhance the audio in film, television, and other media. Foley

recording involves using everyday objects to create realistic auditory illusions that match the

actions on screen. For instance, the sounds of gunshots and explosions in films are often a

blend of several loud, distinct noises to make them more thrilling. Over the decades, Foley

has evolved into a professional field, with artists skilled in synchronizing precise sounds to

live or recorded visuals.

Field recording, on the other hand, is conducted in natural or urban environments with portable

recording devices, aiming to capture everything from wildlife sounds and natural phenomena
11
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to bustling cityscapes and cultural events. In film and video games [21], many scenes require

an on-site recording of the atmosphere or sonic activities to provide immersive auditory

experiences.

Foley and field recordings are important traditional techniques for creating sound effects.

Sound libraries, which store SFX recordings, are crucial for the development of sound design,

where sound designers typically use them as a starting point and layer them with other sounds

or with audio effects.

However, from the sound design perspective, even though recorded audio libraries provide

a large number of audio samples for recreation purposes, in real-world applications such as

film and games, it is often unrealistic to find an ideal and suitable audio piece that exactly fits

the context and scene of the video or game. Sound designers would usually need to carefully

record sounds and manipulate the audio effects to reshape the sounds to better adapt to the

scene.

Additionally, recording sounds over and over again for different clips of videos can be

extremely time-consuming and labour-intensive. Creating Foley sounds that are perfectly

synchronized with the visual action requires not only a large number of equipment and

materials but also an undisturbed studio environment. This setup can be costly to maintain,

especially for smaller production companies or independent filmmakers.

Another limitation is the inherent challenge of reproducing certain sounds. While Foley is

excellent for enhancing physical actions like footsteps, cloth movement, or door creaks, it can

struggle with more complex sounds like intricate machinery or unique natural phenomena,

which might still require original field recordings or sophisticated sound design techniques.

Field recording typically requires a team of skilled individuals to handle specialized equipment,

manage logistics, and ensure the quality of recordings. Additionally, achieving the necessary

silence in the background to ensure clean recordings can be a huge challenge, particularly in

naturally noisy or bustling environments. These factors make Foley and field recordings a

resource-intensive endeavour that demands significant time, effort, and financial investment.
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Therefore, having a synthesis algorithm capable of generating sound effects that are appro-

priate for the scenes in a controllable way has been an indispensable task. In the early ages

of films and games, DSP-based algorithms were mainly used for synthesizing sound effects.

Yet, recently, neural audio synthesis approaches have brought a lot of attention to the field

of game audio and media industry, owing to its unprecedented power of high-quality sound

generation. In the following sections, I summarize DSP-based synthesis methods for sound

effects and briefly describe the generative modelling approach for sound synthesis.
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2.2 Sound Synthesis Methods

FIGURE 2.1. An overview of different synthesis methods.

Sound effects synthesis refers to the process of artificially creating or manipulating audio

signals to produce desired sound effects. As shown in Figure 2.1, I broadly categorize sound

synthesis methods as Rule-based and Data-driven methods. Much like deductive vs inductive

reasoning, rule-based or knowledge-based methods aim to explicitly define laws or general

principles that describe a sound generation process, while data-driven approaches rely on

large amounts of audio data to implicitly infer the hidden statistics to generate new waveforms

via sampling. In the modern world with digital technologies, digital signal processing (DSP)

has become the cornerstone for the development of audio technologies, including sound

synthesis. Therefore, most rule-based methods take use of DSP techniques to model the sound

generation behavior. More specifically, it could be categorized into Empirical Approach and

Analytical Approach.
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The empirical approach is commonly used to synthesize simple and abstract sounds directly

with oscillators [22]. The analytical approach, which includes spectral modelling and physical

modelling, usually involves analyzing the contents of a sound waveform or studying the

physical behaviour of a system before synthesis.

A data-driven approach, on the other hand, instead of studying the underlying law of the

sound system, models waveforms by directly studying the digitized audio samples. Generative

models, for example, fall into the category of a data-driven approach, which focuses only on

the statistics of the audio dataset and is tasked to learn the distribution of the target audio.

Additionally, apart from rule-based and data-driven approaches, hybrid methods extend the

data-driven approach by modifying existing audio samples via explicit DSP Algorithms. In

recent years, with the advancement of machine learning, a new combination between DSP

methods and generative models has come into place, which integrates differentiable digital

signal processing (DDSP) [13] operators into a neural network architecture.

In the following sections, I first review the backgrounds of DSP and DSP techniques, followed

by a detailed discussion of each synthesis method as well as its advantages and suitable

sounds for modelling.

2.2.1 Background about DSP

Sound, in its nature, exists as an analog waveform-a continuous signal representing variations

in air pressure over time. In the digital era, these continuous waveforms are sampled in

discrete intervals, which are a series of data points that approximate the original signal. This

process, governed by the Nyquist-Shannon sampling theorem [23], ensures that the waveform

can be faithfully reconstructed if the sampling rate is at least twice the highest frequency of the

signal. Each of these discrete data points, or samples, is quantified and stored as digital data,

enabling a range of mathematical operations to be applied. This transition from continuous to

discrete signals forms the foundation of DSP, opening up possibilities for precise control and

manipulation of audio signals.
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In the domain of DSP, techniques for audio signal processing [24] are broadly covered as

filtering, equalization, compression, reverberation, and more. Such techniques expose precise

control parameters over the timbre, dynamics, and spatial characteristics of sound. These

techniques are equally pivotal in sound synthesis, where digital algorithms generate or shape

sounds in real-time. For sound synthesis, common DSP techniques commonly include:

• Waveform Synthesis: By directly generating audio waveforms using oscillators

such as sine, square, or sawtooth waves, DSP enables the creation of basic building

blocks for synthetic sounds. For instance, in retro video games [21], simple square

waves were often used to produce iconic chiptune sound effects like laser blasts

or beeps. In modern sound design, waveform synthesis is combined with additive

synthesis to create complex textures, such as simulating the hum of machinery or

the shimmering sound of futuristic engines.

• Filtering and Modulation: Filters and modulation techniques are the cornerstones

of DSP [25]. Digital filters—such as Finite Impulse Response (FIR) and Infinite

Impulse Response (IIR) filters—allow for precise control over the spectral content

of a sound by attenuating or emphasizing specific frequency bands [26]. This

capability is essential in crafting iconic effects like the muffled tone of a voice

on a telephone (band-pass filtering), or the eerie, low-pass filtered rumble of a

distant explosion. Beyond static filtering, modulation techniques such as amplitude

modulation (AM) [27] and frequency modulation (FM) [28] introduce dynamic

movement into sound by varying parameters over time. These methods are commonly

used to create rich, evolving textures—from the bell-like tones popularized in science

fiction soundscapes to the siren-like pitch fluctuations of emergency vehicle alarms.

• Time-Domain Processing: Algorithms such as granular synthesis [29] or time-

stretching [30] manipulate the temporal structure of sounds, enabling the creation

of effects like echoes, reverb, or pitch shifting. Granular synthesis, for example,

can break down a recorded explosion into small sound grains and rearrange them to

create a slow-motion explosion sound for cinematic sequences [31]. Time-stretching

is often used in horror films to elongate screeches or growls, adding a sense of dread

and tension.
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• Dynamics processing: Dynamics processing [32] refers to a class of DSP techniques

that manipulate the amplitude envelope of audio signals, shaping how sounds evolve

over time in terms of loudness and impact. This includes tools such as compression,

limiting, expansion, and gating. In sound effect synthesis, these tools are crucial

for emphasizing or controlling transient events—such as enhancing the punch of an

explosion, tightening the attack of a gunshot, or muting background noise between

footsteps. Compression reduces the dynamic range by attenuating loud peaks and

amplifying quieter parts, often used to create more intense and controlled effects.

2.2.2 Empirical Approach

An empirical approach towards sound synthesis relies heavily on the experience or perception

of the sound designer, who uses multiple signal processing techniques to create and shape

the timbre of the sound. The most straightforward technique would be trial-and-error, which

entails building up the complexity of a sound via digital oscillators and filters while listening

to the output until it becomes the favoured sound [22]. However, this approach depends

highly on the experience of the sound designer and can be extremely time-consuming in most

circumstances.

Many empirical synthesis algorithms entail modulation techniques, which is manipulating

one or more parameters of a carrier signal using a modulator signal to generate complex and

dynamic sounds. Common modulation techniques include Amplitude Modulation (AM) and

Frequency Modulation (FM).

Amplitude Modulation [27] involves varying the amplitude of a carrier signal according to a

modulator signal. The resulting waveform contains the original carrier frequency along with

sidebands at the sum and difference of the carrier and modulator frequencies.

s(t) = [Ac + Am · sin(2πfmt)] · sin(2πfct)

where:
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• Ac: Amplitude of the carrier signal

• Am: Amplitude of the modulator signal

• fc: Frequency of the carrier signal

• fm: Frequency of the modulator signal

AM is commonly used to create tremolo effects in sound synthesis, where the perceived

loudness of a sound fluctuates over time. It is also used to generate metallic and bell-like tones

by choosing appropriate carrier and modulator frequencies. Compared to other synthesis

methods, AM synthesis is simpler to implement but unable to produce a wide range of timbres

and variations. Therefore its usage has been limited to abstract sounds required for specific

Sci-fi or futuristic scenes in films or games [21].

Frequency Modulation (FM) [28] involves varying the instantaneous frequency of a carrier

signal based on a modulator signal. The technique produces a rich spectrum of harmonics

and sidebands, determined by the modulation index I and the ratio between the carrier and

modulator frequencies.

s(t) = Ac · sin (2πfct+ I · sin(2πfmt))

where I is the modulation index, determining the intensity of frequency deviation. FM

synthesis is widely used for creating complex and dynamic timbres. Owing to this advantage,

many retro games [33] employ FM synthesis for sound design. However, as the relationship

between the output sound timbre the instantaneous frequency behaves uninterpretable, it if

often difficult to shift sound towards the favored timbre, and it relies heavily on listening to

the synthesized output frequently.

Another empirical approach is the digital waveshaping [34] technique, which is a sound

synthesis technique that transforms a simple input waveform, such as a sine wave, into a

more complex waveform by applying a nonlinear mathematical function [35]. The essence

of waveshaping lies in using a transfer function f(x) to map the amplitude of the input

signal x(t) to a new amplitude y(t), resulting in unique and expressive sound characteristics.

However, similar to FM synthesis, waveshaping is also a nonlinear transformation that may
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introduce high-frequency components, leading to aliasing in digital systems if not handled

carefully. Therefore, it can be challenging to design and tune the transfer function to achieve

a specific timbre.

2.2.3 Analytical Approach

2.2.3.1 Spectral Modelling

Spectral modelling is a two-stage method, which includes the analysis of the spectral and

dynamic contents of the audio waveform, and the synthesis based on the analyzed features.

In the analysis stage, interpretable audio features (pitch, spectral centroid, loudness, etc)

are usually extracted from the input sound and used as controllable parameters. During the

synthesis stage, waveform is created by inputting such parameters into standalone synthesizers,

which are built specifically for certain types of sounds. One of the best-known approaches is

the Spectral Modelling Synthesis (SMS) [36], which entails the separation of audio signals

into harmonic contents to be synthesized by sinusoidal models and noisy components to be

synthesized by subtractive noise synthesis [37]. The process works as follows:

1. Analysis: The audio signal x(t) is analyzed in the frequency domain using a trans-

form such as the Short-Time Fourier Transform (STFT). The STFT breaks the signal into

overlapping time frames, producing a spectrogram:

X(t, f) =

∫ ∞

−∞
x(t) · w(t− τ)e−j2πfτ dτ (2.1)

where:

• X(t, f): Time-frequency representation (magnitude and phase).

• w(t): Window function applied to each frame.

• f : Frequency.

2. Decomposition: The spectrogram is decomposed into two main components:



20 2 BACKGROUND

• Sinusoidal Components: Represented by partials (harmonic or inharmonic):

xsin(t) =
K∑
k=1

Ak(t) cos(2πfkt+ ϕk(t)) (2.2)

where Ak(t), fk(t), and ϕk(t) are the amplitude, frequency, and phase of the k-th

component.

• Residual Noise: The part of the signal that cannot be explained by sinusoidal

components, typically modeled as stochastic noise:

xres(t) = x(t)− xsin(t) (2.3)

3. Synthesis: The sound is resynthesized by reconstructing the sinusoidal and residual

components, either exactly or after modifying their parameters. For instance, the amplitudes

or frequencies can be adjusted for pitch shifting or timbre modification.

Spectral modelling allows precise control over timbre, pitch, and amplitude by separating

deterministic (sinusoidal) and stochastic (noise) components. It has been shown to be useful

in creating realistic sounds, such as musical instrument [38, 39, 40], singing voice [37] or

environmental noises [41]. However, for a lot of rigid-body sound effects such as footsteps or

gunshots, this method falls short of synthesizing the transient peaks and is, therefore, limited

in its application. To this end, this method has been extended [42] by splitting audio into three

components, namely, harmonic, transient, and residual parts. The sound is then recreated

using harmonic and noise synthesis, plus a transient synthesizer. For many real-world sound

effects, this approach has been shown to be really, given its simplicity and interpretability.

However, one critical drawback of this approach is that the synthesis performance depends

heavily on the algorithm of the decomposition of the original signal.

2.2.3.2 Physical Modelling

Physical modelling refers to the synthesis technique that simulates the physical mechanisms

and properties of real-world sound sources. Different from spectral modelling, which analyzes

the recorded audio contents directly, physical models aim to build mathematical equations

and algorithms to replicate the acoustic behaviour of vibrating objects, resonant bodies,
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and interaction forces to generate sounds. Physical modelling is particularly effective for

synthesizing sound effects that originate from well-understood physical systems, such as rigid-

body collisions like footsteps [43, 44, 45], impacts [46, 43]. However, since sound systems

vary in categories, it is typically required to construct a specific physical model for each of

the various acoustic behaviors. Some common physical models for sound effects synthesis

include modal synthesis [47], latent force models (LFMs) [48], and digital waveguides [49].

Modal Synthesis

Modal synthesis [47] is a physical modelling technique that uses the eigenmodes of a physical

system to synthesize sound, particularly effective for simulating the vibrations of solid objects

such as musical sounds [50, 51] or percussive sounds [47, 52, 53]. Modal synthesis represents

a system’s response as a sum of its modal responses, where each mode is modelled as a

damped harmonic oscillator:

s(t) =
N∑

n=1

Ane
−dnt cos(2πfnt+ ϕn)

where s(t) is the sound signal, An, dn, fn, and ϕn are the amplitude, damping factor, frequency,

and phase of the n-th mode, respectively. Modal synthesis is well suited for sounds with a clear

resonant frequency, such as musical instruments or object impacts like weapon sounds [54],

allowing detailed and high-precision control over sound characteristics.

2.2.3.3 Mass Spring System

The mass-spring system is a core model in physical modelling for sound synthesis, offering a

versatile method to simulate the dynamics of physical systems. It employs interconnected

masses and springs to mimic mechanical vibrations, where the masses represent points of

inertia, and the springs model the restoring forces. Dampers are included to simulate the

dissipation of energy, reflecting real-world damping effects [55]. The behaviour of this system

is governed by the principles of mechanics, which ensure that the movement of each mass and

spring corresponds to forces applied, whether internal (from the spring tension and damping)

or external. This framework is particularly effective for generating realistic audio effects for
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virtual environments and interactive applications, such as simulating collision sounds [56]

or other interactions of objects. It provides a computationally efficient solution for real-time

sound generation. However, its simplicity may sometimes limit the ability to fully capture

the non-linear behaviours of more complex systems, thereby affecting the realism of the

synthesized sounds.

Digital Waveguides

Digital waveguide synthesis [49] is a powerful technique for simulating the vibration and

propagation of waves through various physical media, and it has become particularly influ-

ential in the field of sound synthesis, especially for musical instruments [57]. This method

models wave propagation as it occurs in real-world physical systems, using discrete time

delay lines that represent the wave medium. Digital waveguides are primarily used to model

systems where wave-like behaviour is prominent, such as in the strings of a guitar or the air

column of a wind instrument [58]. The technique involves splitting the wave into two com-

ponents—travelling in opposite directions along the waveguide—and utilizing algorithms to

simulate their reflections and interactions within the medium. This approach allows for highly

realistic and dynamic sound production, making it ideal for virtual instruments and effects

that require nuanced audio representations. In the context of sound effects, digital waveguides

can be adapted to simulate sounds like swinging swords [59], moving vehicles [60], or any

object that interacts with the air in a way that produces acoustic waves. The ability to precisely

control wave reflections and interactions makes digital waveguides particularly suitable for

creating complex, evolving soundscapes that react to user inputs.

2.2.4 Hybrid Approach

Apart from the above-mentioned methods, which synthesize sounds from scratch, the hy-

brid approach utilizes audio samples as a starting point and then applies signal processing

techniques to shape or control the sound. One common method is sampled-based synthesis.

Sample-based synthesis refers to a set of techniques that use recorded audio samples as the

basis for generating sound. This category includes granular synthesis, concatenative synthesis,
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and wavetable synthesis, each employing distinct approaches to manipulate and utilize these

samples.

Granular Synthesis. Granular synthesis [29] is a method of sound synthesis that operates

on the microsound time scale, where sounds are constructed from basic units called grains.

These grains are small (typically between 1 to 50 milliseconds long) and are extracted from a

longer sample. This technique manipulates these sound grains by changing their duration,

pitch, and spatial position, or by layering them to form new sounds. The power of granular

synthesis lies in its ability to create highly complex sounds that can evolve in unpredictable

and rich ways, which makes it highly useful in sound design for films and games [61].

It allows designers to explore textures and timbres that are difficult to achieve with other

synthesis techniques. Applications include creating ambient soundscapes, unique sound

effects, and morphing sounds in ways that blur the lines between recognizable and abstract

sound forms [62].

Wavetable Synthesis. Wavetable synthesis [63] is a technique that uses pre-recorded

waveform data organized into tables, hence the name. Synthesizers that employ this method

read these tables sequentially or non-sequentially to produce sound. Unlike granular synthesis,

which slices sound into tiny grains, wavetable synthesis allows for the creation of waveforms

that can be smoothly interpolated between different shapes, enabling dynamic timbral control.

The ability to morph between different waveforms seamlessly without generating audible

artifacts is one of the major advantages of wavetable synthesis. Although less common

than other synthesis methods, attempts have been made to adapt wavetable synthesis for the

creation of complex sound effects for multimedia [64].

Concatenative Synthesis: Concatenative synthesis [65] is a technique that synthesizes

sounds by concatenating short segments of recorded sound according to a set of sound

descriptors. This method is driven by a target sound’s acoustic properties that the synthesis

system tries to replicate by selecting and assembling segments from a large database of

source sounds. The segments are chosen based on their spectral, temporal, and amplitude

characteristics to match the target sound’s properties as closely as possible. Concatenative
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synthesis has been explored in the interactive and real-time context in [66], where users are

given real-time control over the sound attributes with gestural inputs.

2.2.5 Summary about DSP-based synthesis methods

FIGURE 2.2. Rule-based sound synthesis approach.

As detailed previously, DSP-based sound synthesis, categorized under rule-based methods,

utilizes predetermined rules and mathematical models to fabricate sounds. The primary

advantage of rule-based DSP lies in its predictability and low latency. Such attributes are

indispensable for real-time audio applications such as musical instruments [67] and interactive

game audio [16]. However, this methodology often demands considerable time and a deep

understanding of the sound system, making it generally less efficient compared to data-driven

approaches. Moreover, the complexity of many real-world sounds poses a challenge to

the synthesis quality and fidelity achievable with DSP-enabled algorithms, which often do

not match the performance of data-driven methods. Consequently, the subsequent section

delves into machine learning models for sound generation, with a particular focus on neural

audio synthesis approaches, offering a more sophisticated framework for understanding and

generating complex audio waveforms.
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2.3 Chapter Summary

In this chapter, I reviewed DSP-based synthesis methods and the fundamentals of machine

learning. Although DSP-based synthesis algorithms provide interpretable control parameters,

to achieve a good synthesis quality, they usually require a thorough understanding of the

physical activities of the sound generation process. Generative models, on the other hand,

have many advantages in sound generation, such as the great performance in sound quality

and fidelity [68] given abundant dataset, the capability of automatic generation given another

modality [69], and the flexibility of sound generation without requiring extensive knowledge

about the physics of the sound. In the following chapter, I will review state-of-the-art neural

audio synthesis using generative models. For readers without background in machine learning,

a brief summary about machine learning was included in Appendix 1.
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Literature Review

3.1 Generative Models

Generative models, a subset of machine learning, excel at generating new data samples

that resemble the training data, capturing complex input distributions effectively. Unlike

discriminative models that model the conditional probability P (y|x), where y is the target

and x is the input feature, generative models aim to learn the joint probability P (x, y),

encompassing both features and labels. Their primary goal is to simulate the dataset’s

distribution p(x), allowing them to generate new instances x from this learned distribution.

A typical generative model can be expressed with the equation:

x = g(z; θ) (3.1)

where z is a latent variable drawn from a prior distribution p(z), g is the generative function

parameterized by θ, and x is the generated data. This setup enables the model to transform

latent representations into data space, effectively modeling the conditional probability p(x|z).

During training, these models often employ Maximum Likelihood Estimation (MLE) [70]

to optimize parameters θ by maximizing the data’s likelihood under the model. This usually

involves minimizing the negative log-likelihood:

θ∗ = argmax
θ

N∑
i=1

log p(x(i)|z(i); θ) (3.2)

26
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Here, x(i) represents observed data instances, and z(i) the corresponding latent variables. By

learning to map these latent codes to the data space, the model captures and reproduces the

underlying distribution effectively, allowing it not only to mimic the training set but also to

explore and generate novel data variations within the learned distribution.

Generative models initially focused on simple algorithms, such as mixture models [71] and

hidden Markov models [72], which could model the distribution of data but were limited

in their capacity to handle the high dimensionality and complexity of real-world data. As

deep learning techniques developed, they were integrated into generative modeling, leading to

the creation of deep generative models. Deep generative models leverage the power of deep

neural networks to learn detailed and complex data distributions. They are characterized by

their ability to generate high-fidelity and diverse outputs that closely mimic the input data.

There are various types of deep generative models, but a good classification of them can be

found in [73], where generative models are categorized based on the strategy they use for

modeling the data distribution: through explicit or implicit density estimation.

Explicit density models directly define and manipulate the probability distribution of the

data. These models explicitly parameterize the distribution and are capable of calculating

exact probabilities for given data instances. Explicit density models include Autoencoders

(AE) [74], Flow-based Models [75, 76], and Autoregressive Models [77, 78]. These models

are particularly advantageous for tasks where probability estimation, sampling, or inference

about the data distribution are crucial.

Implicit density models, in contrast, focus on learning to generate data by sampling from a

distribution, without necessarily learning or specifying the exact form of that distribution.

These models are known for their ability to generate complex and high-quality samples.

Examples of implicit density models are Generative Adversarial Networks (GAN) [79] and

Diffusion Models [80, 81, 82]. Implicit models are highly effective for generating data

where the primary goal is realism and diversity of the outputs rather than explicit probability

estimation. They are especially prominent in fields where the detailed modeling of data

distributions is less critical or where exact likelihoods are impractical to compute.
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Generative models offer many advantages for sound synthesis. Paired with extensive data, they

can usually achieve a high degree of synthesis quality and realism, which can be extremely

challenging for traditional rule-based methods which require extensive analysis and study of

the sounds beforehand. With proper instructions [83] and conditioning [84, 85], generative

models can generate new audio instances that do not exist in the dataset. This enables sound

designers to creatively explore and create new sound effects [86]. Additionally, generative

models are able to learn intricate features and representations of audio signals, facilitating the

discovery of underlying patterns and structures in sound data [87, 88, 89]. This capability

allows them to synthesize complex audio sequences that would be challenging to produce

using traditional synthesis techniques. Finally, generative models are usually source-agnostic,

meaning that they can be adapted to different types of audio synthesis tasks without needing

to be retrained from scratch. They can also be scaled to accommodate larger datasets or more

complex sound environments [90, 91] as needed, making them versatile tools for a range of

audio applications.

3.2 Generative Sound Effects Modelling

FIGURE 3.1. Statistics-based sound modelling approach.

Generative sound modelling, or often called neural audio synthesis (NAS) [92], is the process

of generating digital audio waveforms using neural networks and generative models. Different

from rule-based methods, NAS is data-driven, which utilizes a group of audio samples as
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dataset, and generates new samples from learned statistics. Similar to many of the other

sound generation tasks, generative modelling of sound effects does not concern the sound

propagation and diffusion process itself but focuses only on the audio waveform that has been

recorded. The reconstruction of wave fields [93] and propagation [94] is a different topic

separate from this audio source generation. In the era of deep learning, NAS usually involve

mapping a latent distribution to the true audio data distribution during training and sampling

from the latent distribution to generate new audio data during inference. These models are

now being explored for their potential to generate high-quality sound effects, offering new

possibilities for creating realistic, dynamic, and novel audio content in applications such as

film, gaming, and virtual reality [16].

Given the success of speech synthesis, especially with the maturity of neural vocoders [95, 96]

in the speech synthesis domain, nowadays, many NAS research start to focus on the generation

variation aspect. In the field of sound effects modelling, a critical task includes learning the

patterns of similar audio waveforms in order to generate new ones that fall into the learned

categories with some human-interpretable controls on certain sonic characteristics [97, 98].

For example, when generating footstep sounds, it is usually favored to synthesize them with

slightly different acoustic features, as if they have been recorded with different types of shoes

stepping on different surface materials [99, 100]. Given a set of sounds in the same category

such as gunshots, generative models could capture and learn the nuanced waveforms every

recorded gunshot sound effect produces and generate slightly new ones that sound similar to

the inputs. With the help of conditioning techniques, such models could also learn the sound

effects across various categories such as rifle shots and pistol shots [101].

Neural audio synthesis, despite its advanced capabilities in generating sound effects, is marked

by several challenges, particularly in terms of controllability when compared to traditional

DSP-based methods. DSP-based synthesis offers a high degree of controllability through

numerous adjustable parameters [102, 103], allowing sound designers to explicitly shape

the audio output according to precise specifications. This level of direct control is crucial

in scenarios where specific sound characteristics [81] are needed, such as in video game

development or film production. In contrast, neural audio synthesis generally involves training
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models on large datasets to learn the distribution of sound data, which inherently limits the

ability to manipulate specific sound attributes independently. While neural models excel

at capturing complex audio textures and producing naturalistic sounds, they often lack the

intuitive control that DSP methods offer. For instance, adjusting the timbre, pitch, or decay of

a sound can be straightforward with DSP techniques through set parameters, but achieving

the same level of detailed control in a neural model may require intricate manipulation of the

model’s inputs or retraining the model with augmented data to steer the outputs.

Moreover, neural audio synthesis can struggle with the generation of highly stylized or abstract

sounds that do not closely align with the training data’s distributions. This is particularly

challenging in creative fields where unique and unconventional sounds are desirable. The

synthesis of long, continuous sounds also poses problems in maintaining consistency and

coherence over time, which DSP-based methods can handle more effectively due to their

deterministic nature. These challenges are compounded by the resource-intensive nature of

neural models, which require significant computational power and lengthy training periods.

This demand for high-end hardware like GPUs or TPUs can be a barrier for smaller teams

or projects with limited resources, further affecting the practicality of implementing neural

audio synthesis in various settings.

In the subsequent sections, we will delve deeper into the definitions and functionalities

of various generative models, highlighting their unique advantages and applications in the

domain of sound synthesis. Each section will present detailed examples and case studies that

illustrate how these models have been effectively utilized to empower audio creation. This

exploration will not only clarify the operational mechanisms of each model type but will also

discuss the latest advancements and emerging trends in the field, offering insights into the

future directions of audio generative technology.

3.2.1 Autoregressive Models

Autoregressive models [104] are a type of generative models that generate data sequentially. It

models sequential data with the help of chain rules and conditional probability. It assumes that
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FIGURE 3.2. A simple visualization of auto-regressive models.

the generated output is only dependent on its previous outputs, and is modeled by multiplying

the conditional probabilities of its previous samples. The likelihood of an i-dimensional data

distribution P (x) is modeled as the product of the conditional probabilities of the observed

sequence:

P (x) =
∏
i

P (xi|x1, x2, ...xi−1), (3.3)

where xi is the current sample and x1, ...xi−1 refer to the previous samples.

Because of this conditional probability on sequences flowing only one direction from left to

right, it is very natural and appropriate to apply to time-series data and audio signals. The

benefit of autoregressive generative models is that they are easier to train than other generative

models, such as GAN, and capable of generating high-fidelity data, although they usually

suffer from slow training time. In fact, it has shown great value in speech modelling with the

introduction of Wavenet[77], a deep autoregressive model that is able to generate high-quality

audio by modelling audio signals one sample at a time. To ease the computational needs and

increase its capability for understanding the relationship between audio samples, Wavenet

uses dilation convolution neural networks, which expands its receptive fields exponentially.

Xubo et al[105] used PixelSNAIL[106], an improved autoregressive model that enables
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self-attention, to train on the learned discrete time-frequency representations(DTFR) from

VQ-VAE.[107] In the inference stage, it enables sampling from the variables trained in

PixelSNAIL to generate new DTFRs.

3.2.1.1 Applications

As autoregressive models don’t learn a feature representation as density estimation models

do in an unsupervised way, they are usually used as a decoder paired with a separate en-

coder which allows for interpolating in the latent space. Nsynth[14] for example, uses an

autoregressive decoder that is conditioned on the learned temporal encoder representation.

By pairing with the temporal encoder, the autoregressive decoder could be used to generate

novel and good-quality instrument timbres by interpolating in the latent space. We can also

see autoregressive decoders being used in text-to-sound generation task. Liu et al.[105]

uses a conditional vector-quantized VAE model that encodes spectrogram information of the

sounds into sound latent codebooks which are then decoded discretely into reconstructed

spectrograms with convolutional filters. Yang et al.[83] proposes two approaches for decoding

the learned discrete representations from text encoders, one autoregressive approach and

another non-autoregressive approach. They further found that a non-autoregressive approach

with diffusion models[82] outperforms the autoregressive decoders, because it is difficult

for autoregressive models to model long-term time dependent global structures due to the

unidirectional modelling nature. In a more recent example, Felix et al.[108] uses an autore-

gressive transformer decoder to generate audio samples conditioned both on textual inputs

and also discrete representations of the audio trained in the first stage.

3.2.2 Autoencoders (AE)

Autoencoders (AEs) [109] are neural networks that aim to learn compressed, efficient rep-

resentations of the input data through an unsupervised learning process that involves data

compression and decompression. The architecture of an AE consists of two main parts:

the encoder and the decoder. The encoder compresses the input data into a latent-space

representation, and the decoder reconstructs the input data from this compressed form.
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FIGURE 3.3. A simple visualization of autoencoders.

The encoder function can be defined as:

z = f(x; θ), (3.4)

where x is the input, z is the latent representation, and θ represents the encoder parameters.

The decoder function is defined as:

x̂ = g(z;ϕ), (3.5)

where x̂ is the reconstructed input and ϕ represents the decoder parameters. The training

objective is to minimize the reconstruction error, typically measured by the mean squared

error:

L(x, x̂) = ∥x− x̂∥2. (3.6)

3.2.3 Variational Autoencoders (VAE)

FIGURE 3.4. A simple framework for variational autoencoders.
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Variational Autoencoders [18] are a special type of generative model that introduces a prob-

abilistic twist to the traditional autoencoder. They are designed to learn the parameters of

the probability distribution modeling the data. The encoder in a VAE produces not direct

values of the latent variables but parameters defining a probability distribution over the latent

variables.

The encoder outputs means and variances given by:

µ, σ = h(x; θ), (3.7)

where h is a neural network representing the encoder. The latent variable z is then sampled

from this distribution using the reparameterization trick:

z = µ+ σ ⊙ ϵ, ϵ ∼ N (0, 1), (3.8)

which allows the backpropagation of gradients through random operations ensuring differenti-

ability.

The VAE loss function, also known as the Evidence Lower Bound (ELBO) [18], combines

the reconstruction loss with the Kullback-Leibler divergence, encouraging the latent variables

to approximate a prior distribution, typically a standard normal distribution:

ELBO = Eq(z|x)[log p(x|z)]−DKL(q(z|x)∥p(z)), (3.9)

where p(x|z) is the likelihood of the data given the latent variables, modeled by the decoder,

and q(z|x) is the encoder’s approximation of the posterior.

3.2.3.1 Applications

Both AEs and VAEs have found extensive applications in sound synthesis. They are capable

of learning to encode and decode audio data efficiently, thereby supporting the synthesis

of new sounds based on learned audio features. Owing to their capability of learning a

compressed latent space of the original audio, they are commonly used to extract complex

information while reducing dimensionality of data. Nsynth [14] and DDSP [13] are based on
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autoencoders that synthesizes raw audio waveforms conditioned on the latent representations.

In RAVE [110], VAE was combined with adversarial networks to output various audio

samples. Nowadays, many text-to-audio synthesis models (TTA) [83, 69, 111] utilize VAE for

representation learning and spectrogram generation. The challenge in designing these models

for audio applications lies in balancing the fidelity of sound reproduction with the richness

and diversity of generated sounds, addressing overfitting, and managing the computational

complexity of real-time audio processing.

3.2.4 Generative Adversarial Networks

FIGURE 3.5. A simple framework for generative adversarial networks.

Generative Adversarial Networks (GANs) were introduced by Ian Goodfellow et al. [79] in

2014 as a novel approach to generative modeling. GANs consist of two neural networks, the

generator G and the discriminator D, which play a minimax game. The generator aims to

produce data indistinguishable from real data, while the discriminator strives to distinguish

between real and generated samples.

The original GAN framework defines the loss function as a minimax game:

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))] (3.10)
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where x are samples from the real data distribution, and z are samples from a noise distribution

used by the generator.

Although GANs have been popular in the area of image generation, they are known to be hard

to train. Mode collapse [112] has become a serious issue that hinders the applications of GAN,

as the generator quickly learns to generate only certain modes of the original data distribution.

To address training instabilities and mode collapse issues in the original GAN, the Wasserstein

GAN (WGAN) [113] uses the Earth-Mover’s (Wasserstein) distance to improve the training

convergence. The WGAN loss function is:

min
G

max
D

V (D,G) = Ex∼pdata(x)[D(x)]− Ez∼pz(z)[D(G(z))] (3.11)

WGAN-GP [114] further refines WGAN by adding a gradient penalty to enforce the Lipschitz

constraint, enhancing training stability:

λEx̂∼px̂ [(∥∇x̂D(x̂)∥2 − 1)2] (3.12)

where x̂ are interpolated samples between real and generated data, and λ is a penalty coeffi-

cient.

3.2.4.1 Applications

In the domain of sound effects, WaveGAN[115] presents the first attempt at utilizing generative

models. It draws reference from DCGAN[116] by changing the 2-D convolutional filters into

1-D directly to let the neural networks learn the waveform patterns from start to end. Sounds

were sampled at 16000Hz but then padded into 16384 samples per second for coherence

with convolutional layers because the filter sizes are to the power of 2. They also include

a SpecGAN model by directly applying the DCGAN architectures to the spectrograms

of the audio waveforms. By shaping the spectrograms into 256*256 resolution a square

image of the spectrograms could be obtained for easier training with convolutional networks.

Following this approach, Barahona et al [100] and Communita et al [99] also experimented

with GAN-based generative networks for conditionally generating impulsive sounds with

different sonic characteristics. It has been demonstrated that such approaches show great
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capability in generating precise waveforms similar to the training set, but they usually suffer

from generating a diverse range of sounds.

3.2.5 Flow-Based Models for Generative Modeling

FIGURE 3.6. A simple visualization of flow-based models.

Flow-based models, or normalizing flows, utilize invertible neural networks to model the

distribution of data by transforming a simple base distribution, typically Gaussian, into

a complex target distribution. This transformation process is governed by a sequence of

invertible and differentiable functions, denoted as f , and their inverses, denoted as f−1, as

shown in 3.6. The relationship between the densities of the original and transformed data is

captured by the change of variables formula in probability:

pX(x) = pZ(f
−1(x))

∣∣∣∣det(∂f−1

∂x

)∣∣∣∣ (3.13)

where x = f(z) maps a latent variable z from the base distribution pZ(z) to the data space,

and
∣∣∣det(∂f−1

∂x

)∣∣∣ represents the Jacobian determinant of the transformation, adjusting for the

change in volume in the probability space.

The training objective is to maximize the log-likelihood of the observed data under the model,

which involves optimizing:

log pX(x) = log pZ(f
−1(x)) + log

∣∣∣∣det(∂f−1

∂x

)∣∣∣∣ (3.14)
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This objective ensures that the model parameters are adjusted to increase the probability of

the observed data, effectively learning the transformation function f . The optimization is

performed using backpropagation to compute gradients and update the model parameters,

thus enabling the flow-based model to capture the underlying data distribution accurately.

Unlike GANs, which may suffer from mode collapse, and diffusion models, which often

require longer sampling times, flow-based models can provide faster and more stable training

processes. However, flow-based models require all transformations to be invertible and often

volume-preserving or easily computable, which restricts architectural flexibility.

3.2.5.1 Applications

In the domain of sound synthesis, flow-based models have shown potential for generating high-

fidelity and diverse sounds. For instance, WaveGlow [117] operates as a flow-based neural

vocoder, synthesizing speech by converting mel spectrograms to audio waveforms efficiently

and with high fidelity. This capability makes it an invaluable tool for applications requiring

real-time speech generation. FlowWaveNet [118], on the other hand, introduces an innovative

approach by using flow-based technology to directly model the waveform generation process,

enhancing the clarity and realism of the synthesized speech. It offers advantages in terms of

stability and consistency in audio generation compared to traditional vocoders [17], which

can suffer from artifacts and distortion under certain conditions. FlowWaveNet’s [118] ability

to generate continuous, high-resolution audio samples illustrates the potential of flow-based

models in producing natural-sounding speech and complex audio sequences, thereby enriching

the capabilities of generative audio synthesis models. In the field of sound effects specifically,

Sergi and Monica Villanueva [119] explored WaveFlow [120], a generative model originally

effective in speech synthesis, adapted here for audio effects. The model employs a lower-

dimensional mel spectrogram as a conditioner, enhancing user control and diversity in output.

This method enables style transfer and was evaluated for its ability to produce high-quality,

variable sounds as judged by audio experts in gaming.
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FIGURE 3.7. A simple visualization of diffusion models.

3.2.6 Diffusion Models

Diffusion models [82, 81] are a class of probabilistic generative models that iteratively

transform simple noise distributions into complex data distributions. Initially introduced

in the context of denoising and thermodynamic processes [121], these models have gained

extensive popularity in recent years due to their ability to produce high-fidelity images.

Broadly speaking, diffusion models can be separated into two processes: a forward diffusion

process and a reverse diffusion process. The forward diffusion process gradually adds

Gaussian noise to the data, effectively destroying information until it becomes pure noise.

This process can be described as a Markov chain:

q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI), (3.15)

where x0 represents the original data, xt is the noisy data at timestep t (xt is usually referred

as the latent space z and is illustrated as z in Figure 3.7.) βt is a variance schedule, and N

denotes a Gaussian distribution. The forward process is thus explicit, as we have defined the
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introduced noise progressions deterministically. The link between the original data x0 and the

noisy data at any step t can be expressed through the marginal distribution:

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I), (3.16)

where αt = 1− βt and ᾱt =
∏t

i=1 αi.

The reverse process, on the contrary, seeks to reconstruct the data by iterative denoising the

noisy sample. The reverse diffusion is also modelled as a Markov chain:

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)). (3.17)

Here, µθ and Σθ are parameterized by a neural network trained to approximate the true

posterior distribution q(xt−1|xt, x0). The reverse process can also be seen as the ’generation’

process, as it takes the latent vector z and aims to predict the introduced noise distribution in

t steps.

Diffusion models are typically trained by minimizing a variational bound on the negative

log-likelihood:

L = Eq

[
T∑
t=1

KL(q(xt−1|xt, x0)||pθ(xt−1|xt))− log pθ(x0|x1)

]
. (3.18)

By simplifying the training objective, one can directly predict the noise ϵ added to the data at

each step:

Lsimple = Ex0,ϵ,t

[
∥ϵ− ϵθ(xt, t)∥2

]
, (3.19)

where ϵθ is a neural network predicting the noise component.

Unlike Generative Adversarial Networks (GANs), which can suffer from training instability

and issues like mode collapse, diffusion models offer a more stable training process. The

gradual denoising procedure provides a clear learning path from noise to data, which generally

results in smoother convergence. Diffusion models can be easily conditioned on various

types of auxiliary information, allowing for controlled generation processes. This is highly

beneficial for tasks such as conditional image generation or targeted audio synthesis, where
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outputs need to adhere to specific attributes. Additionally, unlike models that directly generate

samples from a latent space, diffusion models produce outputs by continuously transforming

noise into data. This process inherently allows the exploration of a more diverse range of

intermediate states, which contributes to the variety of the final outputs. Owing to these

advantages, diffusion models have excelled in the task of data generation in recent years,

especially in image synthesis such as Stable Diffusion [122], DALL-E 2 [123] and Mid

Journey [124].

3.2.6.1 Applications

In the field of audio synthesis, diffusion models are also making significant strides, with

applications spanning neural vocoding, text-to-audio generation, and sound effects synthesis.

Models like DiffWave [125] and WaveGrad [126] have been instrumental in high-fidelity

speech synthesis, transforming mel-spectrograms into realistic waveforms with high efficiency.

In sound effects synthesis, models such as DiffSound [83] leverage the strengths of diffusion

processes to create diverse and contextually rich audio effects from textual descriptions. Ad-

ditionally, latent diffusion-based approaches like AudioLDM [69] and Make-An-Audio [111]

have demonstrated their capability in text-to-audio generation, given large amounts of training

audio datasets.

3.3 Hybrid Models

3.3.1 Neural Hybrid Architectures

As mentioned above, each generative model has its advantages and drawbacks in certain

areas. To this end, many researchers have tried to incorporate more than one generative

model into one architecture. Specifically, VAEs are frequently used as the first stage in

hybrid architectures, learning a concise latent representation of data by encoding inputs into a

lower-dimensional distribution. This latent space captures global structure such as overall

pitch, timbre, or semantic content, while remaining tractable to manipulate or sample from.
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Subsequently, other generative methods are usually employed to transform the latent codes

back into high-fidelity outputs.

For example, RAVE [110] employs a VAE+GAN [127] approach by first training a variational

autoencoder architecture to learn the latent representations of the audio and the decoder is

then fine-tuned using a discriminator. This approach not only ensures capturing the detailed

acoustic features of the audio but also allows the decoder to output diverse audio timbres.

This architecture has proven to work very well with many types of sounds and has inspired

numerous following studies [128, 129, 130]. The Flow Synthesizer [131], illustrates how

VAEs and Flow-based models could be incorporated together to connect between the auditory

space and the parameters space. Under this setup, their approach achieves macro-level

parameter control as well as automatic parameter estimation with a predefined synthesizer.

Additionally, in the field of text-to-audio synthesis, a great many works have employed

a hybrid approach [83, 69, 132] to audio modelling. First training a VAE to learn the

latent representation of similar audio. Then, train another neural vocoder that is capable of

converting Mel spectrograms into audio waveforms. Finally, another generative model such

as diffusion model [82, 81] could be used to learn and generate the latent representations. On

the other hand, WaveFlow [120] tries to merge autoregressive conditioning with normalizing

flows to achieve high-quality raw audio generation. It uses a two-dimensional structure where

one dimension applies an invertible flow transformation to audio segments, and the other

handles a partial autoregressive factorization to capture fine temporal dependencies. This

combination yields a parallel, likelihood-driven model capable of producing realistic speech

at high fidelity without the full sequential cost of purely autoregressive approaches.

3.3.2 DSP+Neural Hybrid Models

So far the density estimation models we’ve mentioned are the most common deep generative

models being used across various domains. In the sound generation task, they are typically

used to directly learn and generate either audio waveforms or time-frequency representations.

Another type of synthesis model combined with deep learning has gained much popularity
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FIGURE 3.8. A simple visualization of DDSP models.

in the music domain by learning to estimate parameters of some synthesis algorithms given

a sound dataset. For example, DDSP[13] utilizes an autoencoder structure by extracting

pitch and loudness and other acoustic information from the sounds with an encoder, followed

by a decoder that learns to resynthesize the audio with a harmonic plus noise synthesis

algorithm.[36]. This architecture gives us direct access to the deterministic synthesizer parts

after being trained so that we can utilize them to generate new sounds with controls over pitch

and loudness.

Furthermore, Anton Lundberg[133] explored using this approach to generate procedural

engine sounds by extracting the engine cycle’s phase as input. Furthermore, the author

also paired it with a differentiable transient synthesizer[134] to model the initial transient

sounds portion of car engines. However, owing to the complexity and diversity of general

sound effects, we have yet to see any mature research to model source-agnostic sounds

using this approach. Nevertheless, this modular and interpretable approach to modelling

audio signals utilizing traditional DSP components is very rewarding, especially given its

lightweight architecture design, few computation requirement, and flexibility of adapting to

different sounds using different synthesis algorithms such as waveshaping [135] and granular

synthesis [136].
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3.4 Audio Representations

3.4.1 Raw Audio Waveforms

(A) Raw audio waveform modelling with neural networks.

(B) Time-frequency representations modelling with neural networks.

FIGURE 3.9. A visualization of raw audio modelling vs audio representations
modelling.

In the age of digital technologies, audio waveforms are usually recorded and synthesized with

fixed sampling rate (typically 44.1kHz for mainstream audio devices, 8/16kHz for phone calls,

48/96kHz for high-quality music recordings) and bit rate (it varies depending on the media,

128–160 Kbps for streaming services, 96–320 Kbps for MP3s, and 1411 Kbps for audio CDs).

It is thus natural to model the raw audio waveforms directly with generative models, as such

digital samples provide the complete description of the sounds. In the early age of neural

audio synthesis, autoregressive models such as Wavenet [77] and SampleRNN [78] have

demonstrated success in raw audio modelling of generating sounds sequentially. New audio

samples are conditioned on previous samples, resulting in a high demand for memory buffers
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and computational needs. However, it was notoriously slow to generate audio in the inference

stage with autoregressive models, as parallel processing of audio samples is not enabled. To

this end, WaveGAN [115] was proposed to generate sounds that achieve sound generation in

parallel. However, there is a well-known issue called ’checkerboard artifact’ when generating

data with convolutional neural networks, where artifacts occur in the adjacent boundaries

between processed kernels of data. In raw audio generation, this results in unwanted audible

tones. To this end, phase shuffle was proposed to remove the pitched noise artifacts.

However, different from images, which could be used directly for training, audio signals

have a high temporal resolution, which makes it inherently difficult to model long-term

global structures with generative models. Generating audio in the raw waveform domain is

usually computationally expensive [77]. Meanwhile, as raw waveforms don’t reflect spectral

contents, which are intuitive indicators of the sonic properties, the generated outputs may

not correspond to human hearing. Additionally, capturing long-range correlations in raw

audio is notoriously difficult. Many autoregressive approaches [77, 137, 138] rely on large

receptive fields (achieved via large dilation or hierarchical approaches) to address this, but

it adds complexity and training challenges. Furthermore, raw audio waveforms are less

interpretable than symbolic or time-frequency representations (e.g., MIDI or spectrograms).

Gaining high-level control (like pitch manipulation, timbre, or timing) is more challenging

when working directly in the time domain without explicit conditioning mechanisms.

3.4.2 Time-frequency Representations

Another common technique for neural audio synthesis is to model its time-frequency rep-

resentations (TFRs). For example, short-time-Fourier-transform (STFT) is commonly used

in audio deep learning [139]. The Short-Time Fourier Transform (STFT) is a mathematical

technique used to analyze the frequency content of a signal over time and can be converted

back to audio waveforms with Inverse STFT (ISTFT). Unlike the standard Fourier Transform,

which provides a frequency representation of the entire signal, the STFT divides the signal

into short, overlapping time segments and applies the Fourier Transform to each segment. This

process yields a time-frequency representation, where both temporal and spectral information
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are captured. The STFT of a discrete signal can be defined as:

X(m, k) =
∞∑

n=−∞

x[n]w[n−mR]e−j 2πkn
N , (3.20)

where X(m, k) is the STFT at time frame m and frequency bin k, x[n] is the input signal,

w[n] is the window function (e.g., Hamming, Hanning) of length N , R is the hop size

(step size between successive frames), and e−j 2πkn
N represents the Fourier basis function.

The computed STFT is a two-dimensional complex-valued signal, which makes directly

modelling STFT [140] extremely challenging and inconvenient with machine learning models,

as common activation functions and optimization techniques are built for real-valued data.

Therefore, STFTs are usually separated into two parts:

X(n, k) = |X(n, k)| · ejϕ(n,k) (3.21)

where |X(n, k)| is the magnitude (or amplitude) of the STFT, and ϕ(n, k) is the phase of

the STFT. In generative sound modelling, magnitude spectrograms are usually used as they

capture perceptually relevant information about the energy distribution across frequencies,

which is crucial for timbre and loudness perception. Phase information, on the other hand,

is often ignored due to its complexity, noise sensitivity, and low impact on perceived audio

quality for many tasks. Therefore, existing research has mainly focused on modelling the

2-D magnitude spectrograms with generative models. More specifically, SpecGAN [115]

was the first attempt at learning to generate the magnitude spectrograms extracted from

small audio clips discarding the phases. The generated spectrogram images can then be

converted back to audio with some phase reconstruction algorithms such as the Griffin Lim

algorithm [17] as shown in Figure 3.9b. Furthermore, Marafioti et al. [141] explored another

phase reconstruction algorithm using Phase-gradient heap integration(PGHI) [142] which

has shown better audio reconstruction quality compared to SpecGAN using Griffin Lim.

It was also shown that log-magnitude spectrograms outperform linear scale spectrograms

for sound modelling tasks. Owing to the development of speech synthesis, in recent years,

neural vocoders [96, 95, 125, 126, 143] has become a mature technology that could convert

spectrograms of almost any audio source back into waveforms. Therefore, many research

have started focusing on generating the spectrogram representations alone [105, 69, 144].
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3.4.3 Other Time-Frequency Representations

Although often omitted for simplicity, phase information can sometimes be important, such as

in scenarios requiring high temporal precision, such as transient sound reproduction or high-

fidelity audio synthesis, where accurate phase reconstruction is essential to avoid artifacts [145,

146]. Additionally, as STFTs are obtained by windowing audio frames sequentially, they

suffer from the time-frequency resolution trade-off, where the choice of window size directly

impacts the balance between temporal and spectral precision [147]. A shorter window

provides better time resolution, allowing for accurate localization of transient events (e.g.,

drum hits or speech plosives) but results in poorer frequency resolution, which makes it

difficult to distinguish closely spaced frequency components. Conversely, a longer window

improves frequency resolution, enabling finer discrimination of spectral details, but at the

cost of reduced time resolution, which can smear transient events and obscure their exact

timing. To this end, Engel et al [12] explored "Instantaneous Frequencies" [148], the precise

frequency content of an audio signal at any given instant, unlike traditional Fourier transforms

which provide frequency information averaged over a window of time. This capability makes

IF particularly valuable for synthesizing audio with high temporal resolution. This is essential

for capturing the transient and subtle nuances of sound that occur in very short time frames,

which are often lost in other spectral representation methods.

Another commonly used TFR to address the TF trade-off issue is Wavelet transforms [149].

Unlike STFT, which uses a fixed window size, wavelet transforms use variable-sized windows

to provide multi-resolution analysis. This allows them to achieve high time resolution for

high-frequency components (e.g., transients) and high-frequency resolution for low-frequency

components (e.g., sustained tones). In audio synthesis, wavelet-based generative models have

been shown to be very effective. For instance, the synthesis of normal heart sounds using

GANs combined with empirical wavelet transform [150] demonstrates the utility of wavelets in

capturing the nuanced features of biomedical signals. The work in [151] also employs wavelet

trees to synthesize sound textures by learning and resampling wavelet coefficients, enabling

detailed reconstruction of audio characteristics. However, in sound synthesis, wavelets also

suffer from drawbacks in modelling harmonic structures, computational complexity [152],
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phase reconstruction issues [153], and sensitivity to parameter choices [147]. Additionally,

they struggle with high sampling rates and long-range dependencies and can introduce artifacts

during reconstruction, making them less ideal for high-fidelity audio synthesis compared to

other methods like STFT or neural vocoders.

3.4.4 Neural Audio Representations

Neural audio embeddings, also referred to as neural audio representations [154] or latent

representations, have emerged as a crucial component in modern audio synthesis research.

These embeddings provide compact, abstract characterizations of audio signals, enabling

models to capture salient perceptual and acoustic features more effectively than raw, high-

dimensional waveforms. By projecting audio data into a lower-dimensional latent space,

generative systems can operate more efficiently and accurately, particularly when modelling

complex signals such as speech and music.

Let x ∈ RT denote a raw audio waveform of length T . A neural encoder Eθ, parameterized by

θ, maps x to a latent embedding z ∈ Rd (or, in some cases, z belongs to a discrete codebook

V):

z = Eθ(x). (3.22)

A decoder Dϕ, parameterized by ϕ, reconstructs the original audio from this latent representa-

tion:

x̂ = Dϕ(z). (3.23)

When trained jointly, (Eθ, Dϕ) act as an autoencoder, minimizing an objective function

L that encourages x̂ to be perceptually or quantitatively similar to x. A common choice

might include a time-domain error (such as ∥x − x̂∥22) plus a frequency-domain loss (e.g.,

multi-resolution STFT). A great many representation models were trained in this way, such



3.4 AUDIO REPRESENTATIONS 49

as Nsynth [14] which uses a Wavenet-style encoder [77], SoundStream [155] that learns

a residual vector quantization of audio, and Audio Spectrogram Transformer (AST) [156]

which is a transformer-based model operating on 2D time-frequency representations. The

learned embeddings capture both local (e.g., dynamics-level or pitch-level) and global (timbral

features) attributes. This abstraction can improve model generalization by focusing on high-

level audio features rather than noise or irrelevant details.

Although neural embeddings provide a great way to interpolate and fine-tune the generated

sounds, they still have to be learned from either waveform or time-frequency representations

obtained from the waveforms. On the other hand, extracted acoustic features such as pitch

and loudness are very intuitive properties of sounds that could be used directly for spectral

modelling [13]. However, many low-level acoustic features, including temporal features like

zero-crossing rates and spectral features such as spectral centroid and spectral envelope, are

mainly used for analysis [157] as most of them don’t offer an invertible transform. On the

other hand, for the task of sound effects generation, some high-level acoustic descriptors

made by humans could be very beneficial for conditioning, such as the materials of contact

surfaces for footstep sounds demonstrated by Communita, Phan, and Reiss [99].

3.4.5 Summary

Audio representation is a pivotal component in machine learning-based sound synthesis,

as it determines how raw audio signals are processed, interpreted, and reconstructed by

models. In the context of sound effects synthesis, where the diversity of sounds ranges from

environmental noises to Foley sounds, choosing the appropriate representation is essential

to balance fidelity, computational efficiency, and perceptual relevance. Unlike music and

speech, sound effects often lack temporal regularity and exhibit wide spectral variability,

posing unique challenges for their representation.
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3.5 Training of Generative Sound Models

3.5.1 Loss Functions

When modelling audio waveforms, there are a number of loss functions that could be utilized.

A good resource that collects the audio-focused loss functions is Auraloss 1. Specifically, they

could be categorized into time-domain loss, frequency-domain loss, and perceptual loss. In

the sections below, I briefly discuss the usage of these loss functions in neural audio synthesis.

3.5.1.1 Time-domain Loss

Time-domain losses typically take the form of L1 or L2 distance between predicted and target

waveforms. This class of objectives enforces direct alignment of amplitude and phase at

each time step, thereby serving as a straightforward means of guiding the network. However,

in cases where the audio signal exhibits rich harmonic or transient structure, time-domain

losses alone may not capture subtle spectral details. Consequently, relying solely on sample-

level distance has the potential to produce outputs that are amplitude-correct yet lacking in

high-frequency nuances, especially for longer, more complex signals.

3.5.1.2 Frequency-domain Loss

To mitigate these limitations, many recent approaches employ frequency-domain losses that

compare predicted and ground-truth signals in a transform domain. A frequent choice is

the Short-Time Fourier Transform (STFT), wherein models minimize the discrepancy in

spectrogram magnitude (and sometimes phase) across different time-frequency bins. One

particularly effective variant is the multi-resolution STFT (MR-STFT) loss, which calculates

spectrogram differences over multiple window sizes and hop lengths. This multi-scale

formulation captures both transient details (short windows) and broader harmonic structures

(longer windows), thereby improving fidelity in diverse audio contexts. In neural vocoders,

such as HiFi-GAN [95], DDSP [13], and UnivNet [158], MR-STFT losses have played a

1https://github.com/csteinmetz1/auraloss

https://github.com/csteinmetz1/auraloss
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substantial role in producing natural-sounding speech, outperforming purely time-domain

approaches on both objective and subjective measures. For many spectrogram generation

tasks, loss functions could either be directly applied to the TFRs [115, 141], or be applied to

the reconstructed audio waveforms after signal reconstruction [159]. A common choice is the

Mean Square Error (MSE) loss for evaluating the difference between reference and generated

spectrograms [160]:

LMSE =
1

N

N∑
i=1

(yi − ŷi)
2, (3.24)

where yi is the target spectrogram, and ŷi is the generated spectrogram. This loss is widely

used for regression tasks and ensures smooth gradients for training [160]. Another commonly

used loss function is Log-Spectral Distance (LSD), which compares the log-scale magnitude

of spectrograms:

LLSD =
1

N

N∑
i=1

(log |yi| − log |ŷi|)2 . (3.25)

This loss is particularly effective in speech enhancement and synthesis models [144]. Ad-

ditionally, adversarial loss has become widely used in modern NAS systems [110], as it

introduces higher sample diversities in generated outputs [161]. Adversarial Loss employs a

discriminator to distinguish between real and generated spectrograms and can be written as:

LAdv = E[logD(y)] + E[log(1−D(ŷ))]. (3.26)

3.5.1.3 Perceptual Losses

While frequency-domain losses address issues of timbral accuracy and clarity, perceptual

losses more explicitly incorporate psychoacoustic factors. Many systems adopt Mel-frequency-

based metrics, reflecting the non-linear frequency sensitivity of human hearing. By penalizing

errors according to the Mel scale, these losses better align with how listeners perceive

differences in pitch and timbre. Other studies employ deep feature losses, in which a pre-

trained network (such as an audio recognition model [88] or classifier [162]) computes
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embeddings for the target and predicted signals; the network is then trained to minimize the

distance between these embedding vectors. Such embeddings capture higher-level perceptual

attributes that may not be fully represented by amplitude or spectrogram-based metrics,

leading to more convincing timbral and stylistic reproduction.

3.6 Current Trends for Neural Audio Synthesis

In the field of sound synthesis, generative models are usually used in several tasks: sample

generation/augmentation, audio inpainting, stylized generation, audio recording enhancement,

cross-modal sound synthesis, and parameter-controlled synthesis. Broadly speaking, the focus

of such tasks could be classified as synthesis-oriented, which aims to achieve better sound

quality or fidelity of the output, and control-oriented, which aims to achieve better nuanced

controls over the sound characteristics. In the sound effects domain

As introduced in Section 3.1, unconditional generative models try to learn a mapping from lat-

ent space to the true data distribution. However, the latent space is usually uninterpretable [163,

164] and difficult to directly use for new sample generation. In machine learning, conditional

probability is usually used to associate specific data attributes or dependencies to existing

frameworks to achieve controllable generation. Conditional generative models in neural audio

synthesis utilize conditioning variables to guide the generation process, ensuring that the

output adheres to specific attributes or features. This conditioning is mathematically achieved

by modifying the generation function to depend explicitly on these conditioning variables. In

any generative model, a mapping is usually learned from both noise (or latent variables) and

conditioning variables to the output space, which can be represented as:

x = g(z, c; θ) (3.27)

Here, x is the generated data (such as an audio waveform), z is a latent variable or noise

vector, c represents the conditioning variables (such as the category of the sound recording),

and θ denotes the model parameters. Similar to unconditional generation as covered in
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Section 3.1, the training objective typically involves maximizing the likelihood of the data

given the conditioning variables or, equivalently, minimizing a loss function that measures

the discrepancy between the generated data and real data, conditioned on c. This is often

formulated as:

min
θ
L(x, g(z, c; θ)) (3.28)

where L is a loss function (e.g., mean squared error, cross-entropy). The conditioning

information c effectively guides the generative process, allowing the model to generate

outputs that are not just realistic but also aligned with specific desired attributes.

In the domain of sound effect synthesis, the nature of the conditioning information can

vary significantly depending on the synthesis objective. This information might include

discrete class labels that categorize the sounds, feature vectors that encapsulate the acoustic

properties derived from audio recordings, or supplementary data from other modalities to

enhance the generative process. This section introduces the methodology behind conditional

sound generation, outlining the four predominant types of conditioning approaches utilized in

contemporary sound synthesis.

3.6.1 Class-conditional Sound Generation

Class-conditional sound generation [105, 100] leverages neural networks to produce diverse

types of sound effects based on discrete class labels. This approach typically utilizes one-

hot encoded vectors to represent distinct sound categories, such as footsteps, raindrops, or

explosions. By conditioning the generative process on these categorical labels, the model

is trained to output audio samples that correspond to the characteristics of the specified

class. Class conditioning in generative models often utilizes one-hot encoded vectors to

represent discrete class labels. A one-hot vector is defined in the context of machine learning

for representing categorical variables where each class is mutually exclusive. For a dataset

with N number of classes and C represents a certain class, the one-hot vector ei could be

represented as:
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e(i) =

1 if i ∈ C,

0 if i /∈ C.
(3.29)

These one-hot vectors typically undergo a transformation through an embedding layer to obtain

a dense representation suitable for integration with the model’s architecture. The embedding

effectively converts sparse categorical information into a form that enhances the model’s

ability to generate contextually relevant outputs. For instance, in an adapted conditional

WaveGAN [99], the transformed embedding from the one-hot vectors are concatenated

with the processed latent representations to be formed as the input for the generator to

output synthetic audio. Similarly, the embeddings could also be concatenated with the audio

waveforms that the discriminator uses to distinguish between real and generated (fake) data

samples as well as to assess whether the generated samples are consistent with specific

conditioned categories represented by the one-hot vectors.

This technique can be further refined through two distinct conditioning strategies. The first

method conditions on broad sound categories, enabling the synthesis of general types of

sounds within predefined groups, like Foley sound effects [165]. The second, more granular

method conditions on specific attributes or types within these categories, such as the type

of shoe for footsteps [99], the types of audio textures [166], or the emotions of knocking

sounds [100], allowing for more detailed and context-specific audio generation.

Class-conditional sound generation is advantageous in scenarios where detailed labeling of

sounds is absent as it offers a straightforward means to direct the types of sounds being

generated. However, the discrete nature of class labels poses challenges for interpolation and

nuanced control over the timbre of newly generated sounds, due to the categorical nature of

such conditioning information.

3.6.2 Feature-conditioned Sound Generation

Feature-conditioned sound generation uses acoustic features extracted from audio recordings

as conditioning information to guide the sound synthesis. Different from class-conditional
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sound generation, this approach usually employs continuous feature vectors rather than

discrete labels as the conditioning. For example, pitch vectors predicted using prediction

algorithms like CREPE [167] or YIN [168] are usually used as conditioning information to

model musical instrument sounds [14, 12]. Amplitude envelopes [13] is also very effective

in guiding sound synthesis for many sounds that require precise temporal dynamics such as

impacts or hits [169], while spectral centroid was used to control the brightness or sharpness

of the sounds [170]. Apart from explicitly extracted audio features, complex temporal

representations that describes the timbre of audio such as "warmth" or "depth" [171] could also

be employed as conditioning features to generate audio with interpretable timbre descriptions.

Furthermore, soft labels [84] that are implicitly derived from the audio waveforms using large

audio representation models can also be used to achieve attribute control while maintaining

good audio quality.

Nowadays in the field of neural audio synthesis, feature-conditioned sound generation has

become indispensable for generative sound modelling. Extracting these features has become

increasingly accessible due to advances in audio processing techniques. However, as the

dimensionality or complexity of the feature set increases, the computational burden for neural

networks to effectively learn and model these characteristics also rises. This can lead to

increased training times and higher resource demands, potentially limiting the scalability of

this approach in resource-constrained environments. Additionally, these continuous features

demand meticulous tuning and integration into the neural network architecture, particularly

when synthesizing diverse sound categories. This is because different types of sounds

may necessitate distinct feature extraction configurations to be effective, especially for the

sounds of Foley, where the acoustic properties can vary widely. Thus, finding a single

feature extraction approach that universally describes such diverse sounds can be challenging,

requiring adaptive strategies to ensure effective influence on the synthesis process without

compromising the model’s ability to generalize.
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3.6.3 Descriptor-based Control for NAS

In the field of music generation, latent space has been explored to match perceptual sonic

characteristics to achieve controlled sound synthesis. For example, [172] studied the mapping

of latent space representations onto a pre-defined perceptual rating matrix. This approach

enforces the latent vectors to associate with the topology of the ’timbre’ space of multiple

instruments. However, adapting this approach to the domain of sound effects requires

extensive work on establishing the unanimous perceptual rating matrix.

[129] on the other hand, leverages Fader network [173] to learn a compressed pseudo latent

space that contains audio features invariant to the chosen salient musical features such as

RMS and spectral centroid. The features for control are then reintroduced after the model

has been trained by the users. This approach has enabled expressive timbre control while

providing a new way of sound generation.

3.6.4 ControlNet-approach towards NAS

Beyond selecting what to condition on, diffusion-based NAS also benefits from how con-

ditioning is injected. Inspired by ControlNet in image synthesis [174], a practical pattern

is to keep the pre-trained denoiser frozen and add a parallel control branch that encodes a

time-resolved control map (e.g., ADSR/amplitude envelopes, onset/transient masks, rhythmic

activations, F0 or spectral-tilt trajectories, band-energy curves, or time–frequency masks).

The branch injects multi-scale residuals into the denoiser during each denoising step (often

via zero-initialized 1×1 convolutions for safe start-up), enforcing local temporal structure

while preserving global controls as shown in Stable-V2A [175]. Crucially, this mechanism

is complementary to class labels, continuous features, and descriptor sliders: labels select

content, features and descriptors bias timbre or dynamics, and the control map pins down

when and where structure is expressed.
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3.6.5 Multi-Modal Sound Generation

Multi-modal sound generation utilizes inputs from non-audio modalities such as text, images,

and videos to synthesize sounds. While this approach encompasses various types of input,

image-to-audio generation [176] has seen limited engagement due to the fundamental disparity

between the static nature of images and the dynamic temporal characteristics of sound. The

upcoming sections will delve into the latest advancements in text-to-audio (TTA) and video-

to-audio (V2A) generation, highlighting how these modalities are leveraged to enrich sound

synthesis.

3.6.5.1 Text-To-Audio Generation

Text-to-Audio (TTA) generation is an emerging field within audio synthesis that focuses on

creating sound based on textual descriptions. Originally used for speech synthesis [177, 178,

179], text inherently carries semantic meanings, making it a powerful modality for capturing

the subtle nuances [180] in audio synthesis. In the field of sound effects synthesis, TTA has

received much attention since the introduction of text-conditioned sound synthesis such as

Diffsound [83], which uses compressed textual information as input and leverages diffusion

models [82] to generate the tokens of Mel spectrograms. Owing to the development of

self-supervised learning [181] and contrastive learning [182], text and audio cross-modal rep-

resentations were proposed and quickly gained popularity in the field of audio synthesis. For

example, CLAP [89] has been employed as joint audio-text embedding space as conditioning

to drive sound synthesis in many research, such as AudioLDM [69] and AudioLDM-2 [132],

which offers the state-of-the-art synthesis quality in TTA task. Similarly, AudioGEN [108]

explores continuous autoregressive modelling of audio waveforms conditioned on texts, while

AudioLM [183] proposes a tokenization technique to model audio waveforms discretely by

treating audio as a language modelling task. Nowadays, owing to the efficiency of mod-

elling audio representations in smaller forms, many TTA systems employ latent diffusion

models [122] such as Make-an-Audio [111] and AudioLDM [69].
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TTA offers many benefits in sound effects synthesis. There is a vast availability of datasets fea-

turing text-audio pairs which facilitates the training of models. Platforms like Vggsound [184],

Audioset [185], and Clotho [186] provide a rich source of aligned audio-text data. Meanwhile,

advancements in audio representation learning like CLAP [89] provide robust frameworks for

aligning audio with textual descriptions, which makes it intuitive to generate sound based on

text. This cross-modal alignment leverages the semantic richness of text to guide the sound

synthesis process effectively. However, While text can provide a general outline or mood,

it lacks the ability to specify detailed temporal dynamics that are crucial for realistic sound

synthesis. This can result in a synthesis that might not fully correspond to the subtle temporal

variations found in natural audio. Additionally, text operates in a sequential format without

inherent temporal dynamics, which contrasts sharply with the high temporal resolution of

audio. This fundamental difference can make it challenging to achieve seamless control over

time-domain sound synthesis directly from text. Finally, textual descriptions may not always

capture the full spectrum of sonic nuances, particularly for abstract or complex sounds like

whooshes or environmental ambience. This semantic gap can lead to discrepancies between

the intended and generated sounds, which makes it difficult to synthesize audio that faithfully

reflects nuanced textual descriptions.

3.6.5.2 Visual-To-Audio Generation

Visual-to-audio generation entails the creation of audio that is not only aligned with silent

video content but is also coherent in terms of timing and meaning. Traditionally, this alignment

was achieved manually by Foley artists [20] who would watch scenes and perform the

corresponding sound effects using different objectives in real-time, which results in a highly

labour-intensive and skilled task. With advancements in cross-modal machine learning [187],

synthesizing audio that accurately accompanies video content has become more feasible.

Unlike text-to-audio synthesis, which primarily deals with translating semantic information

from text to sound, visual-to-audio generation is a more complex challenge as it also requires

precise synchronization of audio with the visual progressions in the video. In the early age of

V2A research, the modalities of video and audio are usually treated differently. The video

embeddings are usually extracted using CNNs to distill key elements from videos [169, 188,
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189, 190], which are then used as conditioning input to synthesize audio modelled by RNNs

networks [169, 191, 192]. With the advancement of large foundation models [193], joint

representations [188, 194, 195] have become a popular approach in sound modelling. This

can usually be done by concatenating the visual embeddings and audio embeddings to form a

joint embedding representation. With the significant progress made in large language models,

many studies now leverage text as a medium to bridge video and audio representations. For

example, V2A Mapper [176] projects the visual-text embeddings from CLIP [196] onto the

text-audio embeddings from CLAP [89] by incorporating a mapping operator learned by

neural networks. Very recently, video-audio joint representations such as CAVP [197] were

proposed to use directly synthesised sounds guided by video inputs.

In addition to the mapping of semantics between video and audio, the synchronization of

video and audio modalities is a well-known difficult task. This is due to the large discrepancy

of temporal resolutions between video (which is usually 30-60 frames per second) and audio

(which is usually 44.1-96 samples per second). To this end, early works explored video

frame interpolation and audio frame downsampling [198, 101]. Recently, Stable-V2A [175]

proposed an effective temporal alignment approach by training a separate RMS mapper

network that derives RMS (Root Mean Squared) envelopes from videos as conditioning

information to guide the audio synthesis.

3.7 Evaluation Techniques for NAS

Evaluating generative audio systems presents unique challenges, partly due to the inherently

subjective nature of audio perception [199]. Unlike tasks like audio classification where a

firmly correct or wrong outcome can be defined, the acceptable outputs for generative audio

can vary widely, thus making standard benchmarks difficult to establish. The complexity of

audio evaluation arises from a few key areas: the lack of a precise ground truth [200], the

failure of many objective metrics to capture the full perceptual qualities of sound [201], and

the inherently subjective nature of personal preferences over the generated sounds [202]. For

this reason, a synthesis algorithm could be evaluated based on the following metrics:



60 3 LITERATURE REVIEW

• Sound Quality: refers to the overall auditory experience of a sound effect. It involves

subjective evaluations from listeners to assess the realness and authenticity of the

sound—whether it convincingly represents what it intends to, such as footsteps or

other sound effects. This quality is often assessed through listener surveys or testing

panels where individuals rate the sound based on their perceptions.

• Sound Fidelity: This encompasses several aspects of a sound’s technical and per-

ceptual quality. For example, it can refer to the distinctness and sharpness of a

sound, free from any distortions or muddiness. The generated output should not

contain much unwanted noise or sound robotic, as if they were recorded rather than

synthesized by machines. As a generative modelling task, the generated output

should not deviate perceptually and statistically too far from any of the samples from

the dataset we’re training them on.

• Sound Diversity: For synthesis algorithms, sample diversity refers to the ability

of the system to generate a wide range of different yet plausible outputs. A high

diversity in generated samples ensures that the algorithm can produce varied sounds

across different runs, avoiding repetition and increasing the richness of the audio

output. This is particularly important in generative models to prevent overfitting to

specific sound profiles and to enhance the model’s robustness to various inputs.

To evaluate NAS models, many works have been established by comparing the different

subjective and objective metrics [203, 204, 205, 206, 207]. The evaluation metrics can be

broadly split into three categories: sample-wise sound comparison, distribution distance

measurement, and subjective listening tests.

3.7.1 Sample-wise reconstruction error

Sample-wise reconstruction error refers to comparing the pair-wise difference between the

generated sound and the reference sound. However, directly comparing waveforms in the

time domain can be problematic due to phase differences. Even if two sounds are perceptually

identical, slight shifts in phase can lead to large differences in a time-domain loss calculation.

Since spectral loss typically focuses on the magnitude of the Fourier transform, it is inherently
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more robust to such phase variations. Therefore in the audio domain, it is common to apply the

mean absolute error (MAE) or mean square error (MSE) on the time-frequency representations

such as spectrograms or Mel spectrograms [208]. As frequency domain contents align more

closely with human hearing and spectral reconstruction error is better suited for analyzing

complex sounds that consist of multiple overlapping frequencies [209], most sample-wise

evaluation techniques are based on spectral differences. In earlier research, log-spectral

distance (LSD) is usually used to measure the difference in spectral contents, owing to its

correlation with human hearing. A more refined version, as introduced in Section 3.4, multi-

scale STFT difference becomes a common perceptual metric that has been used to train [13]

and evaluate [170] NAS systems. Root Mean Square Error (RMSE), on the other hand, is a

quantitative measure used to assess the difference between values predicted by a model or

system and the actual values observed. Specifically in audio processing, RMSE is utilized

to evaluate the accuracy of audio signals reconstructed or synthesized by audio systems or

models. The RMSE for audio signals can be calculated as:

RMSE =

√√√√ 1

N

N∑
i=1

(xi − x̂i)2 (3.30)

where N is the total number of samples in the audio signal, xi represents the actual value

of the audio sample at index i, x̂i is the predicted or synthesized value at index i. Root

mean square error (RMSE) provides a straightforward way to measure the magnitude of

error between the synthesized or processed audio and the original audio, giving an overall

indication of the sound quality or the effectiveness of audio processing algorithms.

However, as Vinay & Lerch [203] pointed out, spectral-domain difference calculation is

usually used both as a loss function and as an evaluation metric [170]. Additionally, the

spectral difference may not correlate well with human perceptions (e.g. a high spectral

difference does not always mean the two sounds are not similar). Therefore, sample-wise

reconstruction error is usually used when precise sound reconstruction is required.
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3.7.2 Distribution distance measurement

As introduced in Section 3.1, generative models aim to simulate the data distribution based

on samples drawn from the ground-truth distribution. Distribution distance measurement

(DDM) usually involves using pre-trained machine learning models, typically classifiers, to

evaluate the quality and diversity of sounds generated by a synthesis system. The core of this

approach is to assess how well the generated sounds conform to the characteristics of sounds

in the original dataset. By categorizing or classifying the generated sounds into predefined

categories, the metric measures the closeness of the generated distribution to the original data

distribution.

3.7.2.1 Frechet audio distance(FAD)

The Fréchet Audio Distance (FAD) [210] is an evaluation metric adapted from the concept

used in image generation, known as the Fréchet Inception Distance (FID) [211]. FAD

quantifies the quality of synthesized audio by comparing the statistical distribution of features

extracted from real and generated sounds. It is particularly adept at capturing the perceptual

essence of audio, making it ideal for assessing complex audio outputs such as those in sound

effect synthesis.

The calculation of FAD involves the following steps. First, deep audio embeddings were

extracted from both the real and synthesized audio samples using a pre-trained neural network

such as VGGish [162], Encodec [212], and PANN [88]. Then, these embeddings are usually

assumed to follow multivariate Gaussian distributions, and their means and covariances are

then computed. Finally, the FAD score is calculated using the Fréchet distance between these

two Gaussian distributions:

FAD =
√

(µr − µg)2 + Tr(Σr + Σg − 2(ΣrΣg)1/2) (3.31)

where µr and µg represent the mean vectors of the real and generated embeddings, respectively,

and Σr and Σg are their covariance matrices.
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FAD is distinctive from other audio quality metrics like peak signal-to-noise ratio (PSNR)

or signal-to-distortion ratio (SDR) as it evaluates the perceptual similarity rather than mere

signal fidelity, which is highly relevant for applications where the audio texture and timbre are

crucial. This makes it an excellent tool for the synthesis of sound effects, where maintaining

the naturalness and authenticity of sounds is paramount. FAD nowadays has become a

benchmark metric commonly used for audio synthesis tasks and has been used in a lot of

NAS research [84, 100, 99, 125, 170].

3.7.2.2 Maximum Mean Discrepancy (MMD)

The Maximum Mean Discrepancy (MMD) is utilized to compare the statistical properties of

two distributions, often between generated and real datasets in audio synthesis. It is defined

as:

MMD2(X ,Y) =

∥∥∥∥∥ 1

m

m∑
i=1

ϕ(xi)−
1

n

n∑
j=1

ϕ(yj)

∥∥∥∥∥
2

H

, (3.32)

where X = {x1, . . . , xm} and Y = {y1, . . . , yn} are samples from the two distributions

being compared, ϕ represents a feature map to a reproducing kernel Hilbert space H, and

∥ · ∥H denotes the norm in this space. This metric effectively quantifies the distance between

the mean embeddings of the two distributions inH, providing a measure of how similar or

different the underlying distributions of the datasets are.

The Maximum Mean Discrepancy (MMD) metric has been utilized in various audio evalu-

ation [99, 213, 84] contexts to measure the similarity between distributions of audio features.

In the study [214], MMD is adopted to address limitations of the Fréchet Audio Distance

(FAD) by capturing differences in higher-order moments between real and generated audio

embeddings, providing a more comprehensive comparison of audio sample distributions.

Additionally, [215] employs a multi-kernel variant of MMD as a regularization term in the

domain adversarial loss. This approach aims to minimize the discrepancy between source and
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target domain distributions, which enhances the performance of speech enhancement models

across different acoustic environments.

3.7.2.3 Number of statistically different bins (NDB)

The Number of statistically different bins (NDB) [216] is a metric utilized to assess the

diversity of generated samples by examining the coverage of the generated data distribution

in comparison to the actual data distribution. NDB is computed by partitioning the data space

into a predefined number of bins and counting the number of real and generated samples

falling into each bin. The diversity score is derived from the ratio of bins that contain a

significantly different number of generated samples compared to real samples.

The Number of Statistically Different Bins (NDB) score is calculated by first partitioning

the real dataset into k bins using k-means clustering, where each bin Bi represents a cluster

centroid. Generated samples are then allocated to these bins based on the nearest cluster

centroid. The discrepancy between generated and real data distributions within each bin is

assessed using a Chi-squared test, computed as χ2 =
∑k

i=1
(Oi−Ei)

2

Ei
, where Oi and Ei denote

the observed and expected frequencies of samples in bin i, respectively. The NDB score is the

proportion of bins for which the null hypothesis of equal distributions is rejected at a chosen

significance level, formally given by NDB Score = Number of bins where H0 is rejected
k

. This measure

provides insight into the model’s ability to replicate the real data distribution across different

segments of the feature space, and has been used in checking whether GANs have fall into

mode collapse issues.

In neural audio synthesis, NDB has been used to assess the diversity of generated audio and

detect mode collapse. In [203, 105], NDB measures how well GANs replicate real audio

distributions, with higher scores indicating mode collapse. [217] applies NDB to evaluate

hierarchical and cycle-regularized architectures, showing that lower NDB scores correspond

to improved sample diversity. These studies highlight NDB as a key metric for quantifying

the distributional fidelity of generative audio models.
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3.7.3 Subjective Tests

Subjective evaluation methods are designed to assess the perceptual quality of sound synthesis

by soliciting human judgments through structured listening tests. These methods are essential

for determining how synthesized sounds are perceived by listeners, reflecting subjective

experiences and preferences.

One commonly employed technique is the Mean Opinion Score (MOS) [218], where listeners

rate the quality of audio samples on a Likert scale from 1 (poor) to 5 (excellent). It has been

extensively used in many NAS research [115, 100, 125, 111, 132, 176], where participants

provide direct feedback on the sound quality without comparing it to a reference. MOS

provides insights into the overall perceptual quality of audio, evaluating aspects such as

clarity, fidelity, and naturalness. However, depending on the task, listening tests could be

scheduled differently, although usually asked to give an absolute score about the sound quality

without direct comparison with a reference track. To this end, MOS is a highly subjective

metric, which could lead to a high bias when the participants are sampled from a small

distribution.

The MUltiple Stimuli with Hidden Reference and Anchor (MUSHRA) [219] is another

method recommended by the ITU for more granular evaluations, particularly useful for

assessing audio codecs. Unlike MOS, MUSHRA allows listeners to compare multiple audio

samples directly against a reference and an anchor of lower-quality sound. The reference

tracks are usually original, unprocessed, and high-quality ground-truth ones. It serves as

the benchmark for comparing the other test samples. It is usually expected that participants

would rate the reference tracks the highest. The anchor tracks, on the other hand, are usually

degraded intentionally to provide lower bounds of quality. Typically, there are two levels

of anchors: one that is mildly degraded and another that is heavily degraded. These help in

calibrating the listener’s perception of quality across a spectrum.

The Perceptual Evaluation of Audio Quality (PEAQ) [220] provides an objective measure

that predicts subjective ratings. PEAQ uses mathematical models to approximate how typical

listeners would rate the sound quality of audio codecs based on various acoustic properties
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of the audio signal. This approach attempts to bridge objective audio measurements with

subjective human perception, enabling consistent and replicable evaluations.

While these subjective testing methods are invaluable for gauging listener perception and

satisfaction, they are not without challenges. They require meticulous setup and are prone to

issues like listener fatigue and the variability of individual listener preferences. Furthermore,

designing these tests to yield reliable and valid results demands a significant investment of

resources.

3.8 Challenges of NAS for SFX

There are many challenges that are present nowadays for the modelling of sound effects using

generative models. In the following sections, I will review the current research gaps in neural

audio synthesis for sound design applications.

3.8.1 Limitation of SFX Dataset

In the task of text-to-speech synthesis, phonemes [221] are the smallest discernable elements

in a language that contain acoustic information associated with the words. These discrete

units are very useful because waveforms could be correlated to texts in a meaningful and

self-contained way. In the task of music generation, symbolic representations [222] such as

the note of a score or MIDI are commonly used for sound modelling.

For sound effects, unfortunately, there has not been an established symbolic representation of

the sounds that could be readily used for sound modelling. Most commercial libraries such as

Boom Library [223], BBC sounds [224], and Epidemic Sounds [225], are constructed with

categorical labels about the acoustic activities as well as basic metadata such as the format, bit

rate, and sampling rate of the sounds. From a modelling perspective, it is usually insufficient

to generate new audio samples with varied versions supported merely by categorical labels.

[105], for example, generates different categories of urban sounds [226] but lacks a fine-

grained control of the variations of sounds.
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Furthermore, the recording of SFX itself may include a series of actions, such as the loading

and unloading of bullets for a gunshot sound, the bullets falling off to the ground followed by

actions of bouncing, etc. Therefore, in order to generate sounds with meaningful controls, one-

shot sounds are usually used for convenience. For example, the DCASE Foley dataset [227]

and FSDnoisy [228] separate sounds into one shot with less than four seconds each. This

ensures a clean and clear snapshot of the sound representation.

However, many SFX datasets such as Audioset[185], Clotho [229], or LAION-Audio-

630K [89], contain multiple acoustic events of an object or different sources of sounds

unless we are recording Foley sounds in a studio professionally. This can be suitable for

the task of text-to-audio(TTA) [69] generation, where descriptive texts [89] are available for

each sound recording. However, to be able to synthesize a wide range of timbres, it requires

the dataset to be diverse and capable of capturing different aspects of the sounds (such as

different recording devices, distance from the sound, intensity of the sound, duration of the

sound, physical interaction of the sound, etc).

3.8.2 Lack of Expressive Control

As shown in Section 3.6, class labels are usually the most available information for SFX

datasets, but they don’t contain enough temporal or semantic information that describes

the waveforms. Acoustic features can be extracted from audio deterministically but usually

require fine-tuning. Although TTA [69] and V2A [191] enable audio control by changing

the semantics of another modality, texts are limited by their temporal alignments with audio

in providing fine-grained control in the time domain, while videos are limited by their

expressivity in controlling the semantics/timbres of sounds.

Many modern NAS models focus primarily on the quality of generated sounds, given explicit

conditioning, especially for text-to-audio synthesis. In many circumstances such as Foley and

game audio, expressive temporal and timbre control over the SFX are crucial. Therefore, there

is currently a research gap in providing expressive audio controls in the domain of generative

sound effects modelling.
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3.8.3 Lack of Appropriate Evaluation Techniques

A good many references mentioned in Section 7.4 are based on statistical measurement

of similarity between generated samples versus reference sounds. Such metrics are under

the assumption that better similarity to the original training dataset represents the higher

performance of the generative model. However, being able to synthesize similar audio samples

to the training dataset does not always mean the model captures all the variances in the timbres

of the sounds. A critical aspect of SFX modelling, the degree of variation in timbre which

describes the unique sonic characteristics of certain sounds, is usually not captured in such

metrics.

As timbre itself is a very subjective description of sound, it can be challenging to quantify the

subtle differences. For example, the sound of a footstep on gravel is very different from a

footstep on concrete floors. Such timbre differences are not easily describable with acoustic

features but are highly important auditory cues that help us understand the actions or materials

of the sound. Therefore, being able to differentiate the timbre differences among different

categories of sounds is beneficial for the task of sound modelling. More research is required

on how to evaluate the timbre variations output by generative models.

3.9 Chapter Summary

In this chapter, I reviewed the fundamentals of machine learning, deep learning, and generative

models. I have also reviewed key techniques used for generative sound modelling, including

how different audio representations are used in the research of neural audio synthesis, how

different loss functions could impact the result of training NAS models, as well as how

different evaluation techniques are employed in NAS research. With a detailed description

about each generative model, we have seen how they are applied in neural audio synthesis

tasks.

Nowadays, most related research puts an emphasis on novel conditioning techniques, aiming

to control the sound generation process more intuitively and interpretably. However, there are
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several reasons why the neural network approaches have not become a prevalent synthesis

method for sound effects as those in natural speech synthesis, such as the lack of properly

constructed and publicly available dataset, the lack of meaningful and universally acknow-

ledged symbolic guidance factors such as texts for speech and musical notations for music

generation, the lack of and the immense categories of unique sound effects that make it hard

to generalize and synthesize.

In the following sections, I will explore strategies that address the aforementioned problems.

Specifically, given the limitation of SFX datasets, all the work carried out in this research

utilizes small audio datasets (less than a few hundred files for a category with a maximum of

four seconds of each sound) without descriptive texts.



CHAPTER 4

Conditional sound effects generation with regularized WGAN

4.1 Introduction

As illustrated in our literature review 3, the majority of research in neural audio synthesis

(NAS) targets speech or music, whereas general sound effects such as environmental sounds

or Foley sounds have received less attention. In NAS research, many works have focused

on modelling time-frequency representations, which have multiple benefits mentioned in

Section 3.4.2, such as dimensionality reduction, noise robustness, model training efficiency,

and compatibility with visual models. However, as magnitude spectrograms lose phase

information, reconstructing them into time-domain waveforms is usually a challenging topic.

Therefore, we aim to address the issue presented in time-frequency modelling and audio

reconstruction with vocoders [17].

In this chapter, I aim to study time-frequency representation modelling and focus on the

research question of improving the quality and diversity of neural audio synthesized sound

effects. To this end, I incorporate the phase estimation [142, 17] process into training to

minimize reconstruction error. Specifically, we employ a GAN architecture to generate

log-magnitude spectrograms conditioned on discrete categories of sound effects. To properly

study whether this model is capable of synthesizing different categories of SFX, I proposed

a categorization of sound suited for the task of SFX modelling. I have created a custom

high-quality dataset consisting of five different types of SFX that fall under this categorization.

I have demonstrated that this approach improves the synthesis quality by overcoming some

of the problems associated with waveform reconstruction based on phase estimation. I then
70
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also show the proposed method achieves a high Mean-Opinion-Score (MOS) similar to the

original training sounds.

4.2 Background

As outlined in the introduction of the thesis 1, sound effects often play an important role in

digital media or entertainment, such as films or video games, by enhancing the immersive

experience [21]. In most cases, they are created from recorded sounds or synthesis engines[15].

A sound designer would then utilize established sound libraries to search for the most

appropriate effects that best suit the scenes they are working on. Often, e.g., in a particular

game setting, the set of sound categories that is required is small, while the variation within

the set of sound categories is important.

The number of variations of a given sound type within a sound library is often limited. Using

the same audio sample repetitively, e.g. in a game setting, often deteriorates the quality of the

perceptual experience. Therefore it is desirable to have many variations of a particular sound

type for developing scenes and actions [230, 231]. This happens to be an area of strength for

generative models as they are capable of generating high-quality and diverse sounds that are

conditioned on different classes[105, 83]. It is even more so in the domain of Foley sounds for

moving images, where previous research [101, 191, 232, 198] have explored sound generation

by conditioning on visual signals.

In neural audio synthesis, there are two main approaches for modelling sound: modelling

the raw waveforms directly [115, 100, 68] or modelling the extracted time-frequency (TF)

representations [105, 141, 69]. Since audio waveforms can almost completely describe the

sounds, it is intuitive to model audio signals directly. Barahona-Ríos and Collins [100] and

Marco et al. [99] have explored using conditional WaveGAN and HifiGAN to generate short

knocking sounds and footsteps, showing promising results on capturing the fine acoustic

details of various kinds given a small and refined dataset. However, both of these research

works have only trained on a particular type of sound, namely, impacts comprising single
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impulses in the waveform. Exactly how well different classes of sounds could be modelled

with a conditional waveform-based GAN remains to be explored in detail.

On the other hand, TF representations such as magnitude spectrograms or mel-spectrograms

offer many benefits as they provide visual representations that are arguably more interpretable

by humans or machines. They are also able to capture and generate some long-range repres-

entations utilizing the power of convolutional neural networks (CNN). Often the time and

frequency axes are organised to produce square images using short-time Fourier transforms

(STFTs).

The TifGAN [141] model employs log-manitude spectrograms with a non-iterative phase

estimation algorithm PGHI (Phase Gradient Heap Integration) [142] and achieves high

quality sound reconstruction results. Gupta et al.[233] have further explored the generation

performance of a progressive GAN model using audio textures such as noise bursts and chirps.

They have intriguingly found that the result of using the PGHI method to reconstruct the

phase from a magnitude spectrogram outperforms models that are trained using a two-channel

representation comprising both the magnitude spectrogram and instantaneous frequency

(IF) [234].

It was known that since phase information is abandoned when training on magnitude spectro-

grams, the reconstruction from such representations is not always perfect even with phase

estimation algorithms such as PGHI[142]. This has led many to explore using a neural

vocoder [77, 126, 96] model to predict the audio waveform from the magnitude spectro-

gram. Nonetheless, this involves training an additional model which increases computational

resources and time.

4.2.1 Categorizing Sound Effects

From a sound modelling perspective, a clear and insightful categorization of various sound

effects is necessary. However, rather than differentiating sounds by their recording environ-

ments [235], or by the kinds of the sound producing objects [236], or even by the types of
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FIGURE 4.1. A categorization of different types of sound effects.

physical interactions that produce the sound [237], in generative sound modelling, we are

more interested in their time dynamics and spectral contents. This is because generative mod-

els learn from audio samples or their representations directly. For example, for harmonically

rich sounds such as violins, it is natural to model their spectrograms with density estimation

methods. For impulsive signals such as explosions or fireworks, details in amplitude dynamics

are crucial, which makes autoregressive models a better choice.

For the task of generative sound modelling as a statistical model that draws on samples, the

audio recordings with some labels are the only accessible pieces of information in most cases.

Therefore, we try to categorize the recorded audio samples instead of categorizing them by

the audio systems that produce such sounds. We focus mainly on the statistical differences

between the sounds’ time domain and spectral domain information for the task of generative

sound modelling.

As shown in the figure 4.1, based on the time-domain and spectral domain representations,

we have categorized sounds into percussive or non-percussive, harmonic or stochastic, single

or multiple events. Sounds in nature are complex. Therefore from a modelling perspective, a
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consensus is necessary on the smallest discernable elements treated as single acoustic events,

where each event is independent and is not interrupted by other events in a recording.

Impulsive sounds are ubiquitous. Such sounds usually have very short attack and sustained

time and can be commonly seen when two objects come into contact or collide with each

other. Depending on whether the waveform has harmonic distribution, many of the musical

instruments could also be put into this class, such as a single note from guitar plucking or

piano striking. It is worth noting that samplewise, a short bird chirping or dog barking could

also be considered impulsive if it’s short enough. This category is typically the easiest to

model, as the duration of the sounds is usually clear from the short waveform and most of

them could be easily contained within a fixed length of window. Density estimation generative

models such as GAN [79] and VAE [18] could be a great choice for modelling such sounds,

as they provide a great way for interpolating in latent space, which allows us to change the

sonic characteristics of the sounds.

Non-percussive sounds can be seen quite commonly in environmental sounds and ambience.

These sounds have stable and predictable frequency distributions across time. Many sounds

in this category are completely stochastic, such as a recording of rain and air-conditioning.

There are sounds, however, with organized patterns of spectrum change, such as car en-

gine accelerating, that could be considered harmonic while non-percussive. Non-percussive

sounds are often analogous to audio textures[2], which are termed as sounds having constant

long-term characteristics. Audio texture synthesis itself has been a specific research field,

and many attempts to apply generative models to audio textures have been made in the past

years. It has been shown that many of them approach the task by borrowing ideas from image

processing and by utilizing convolutional neural networks on 2D spectral representations of

the sounds [166][238][139].

Mixed events are usually sounds having a series of audio events, resulting in drastic and

irregular changes in the spectra or waveform. For example, crunching a pop can can create

a series of audio events over a short duration of time that are hard to give a clear label over

their associated time period. Such acoustic events could vary greatly across time and exhibit
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stochastic patterns. Mixed events entail sound activities that involve multiple sound sources.

For example, a recording of a cocktail party could be considered a mixed event as it involves

multiple sounds having irregular patterns over time. For general sound effects, this category

includes most sounds that may contain a series of physical activities or acoustic events, such

as the collision and crash of multiple cars. As mixed events are more complex and contain

multiple sound activities, they are inherently harder to model without appropriate or adequate

descriptive labels. Most of the existing text-to-audio (TTA) research focus on this type of

SFX, where a correlation of the semantics and dynamics of texts and audio is to be learned.

It is worth noting that this categorization is based on the perceptual differences of the sounds,

where single acoustic events could be stacked to be treated as a different group. For example,

depending on the context of the recording, raindrops could be considered impulsive if it’s

just a single drop, while intermittent rains could sometimes be classified as non-stationary

sounds. Therefore, many sound recordings could actually be from different categories, even if

they have the same descriptions. The purpose of this categorization is to suit for the task of

data-driven sound synthesis.

In this thesis, we are more interested in the task of single acoustic event modelling. Therefore,

we focus on the four sub-categories of SFX. In the following sections, we select sound effects

that fall into such categories.

4.3 Experimentation Setup

To set up the experiments, we select a baseline GAN model to perform conditional sound

generation. We carefully chose five categories of sound effects and then performed the same

pre-processing. We then demonstrate our proposed method.
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4.3.1 Baseline Model

We start with a baseline model which is based on a similar architecture as TifGAN[141]

(see Fig 4.2). The baseline model is trained with Wasserstein GAN loss including gradient

norm penalty [114]. We utilize a conditioning method that takes a one-hot vector indicating

one of five different sound classes. We utilize a conditioning method that takes a one-hot

vector indicating one of five different sound classes. In this way, the model is able to

synthesize any one of five different types of sounds. The model is trained using log-magnitude

spectrograms with size (256,128). For the purposes of comparison, all models use the same

hyper-parameters as the baseline model (e.g., 100,000 iterations, a batch size of 16, 1e-4

learning rate).

FIGURE 4.2. The baseline model is shown with Wasserstein loss formulation
and gradient norm penalty training scheme.

4.3.2 Dataset

Compared with speech and music, which are usually normative and structured, sound effects

are much more diverse, and recordings are usually susceptible to background noises. Common

sound effects libraries such as Freesound.org1 or Audioset2 can contain many unwanted sounds

in a recording and the quality can vary greatly depending on the recording device, environment,

and post-processing. Therefore we created our dataset meticulously by selecting high-quality

1https://freesound.org/
2http://research.google.com/audioset/

https://freesound.org/
http://research.google.com/audioset/
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Sounds Description Amount
Footstep Transient impacts 1170
Gunshots Transients with long decay 600
Rain Long-sustaining non-pitched textures 1085
Engine Long-sustaining pitched textures 1170
Birds Transients with time-varying high pitches 1420

TABLE 4.1. Five types of sounds from real-world recordings. We gathered the
sounds from BBC library [224], Soundideas [239] and Boom Library [223].
For experimentation, we curated the dataset so that they are one-shot contents
for the footsteps and impacts category.

sound effects from commercial libraries including BBC sound effect3, Soundideas4 and Boom

Library5. Given that these libraries require licenses for commercial use or release, we have

sought approval from these libraries for academic purposes prior to the usage of such datasets.

For each sound category, we selected the sounds that capture slightly different sonic char-

acteristics, such as different contact surfaces for a footstep or different rain environments

recorded at different locations. By carefully and purposely selecting sounds with varying

timbral characteristics within each class, we increase the within-class sound diversity. For

each category of sound, there are roughly one thousand samples. Although this amount of

data is much smaller than what is commonly required for most speech synthesis models, we

found it sufficient for our experiments. This amount of training data is similar to previous

works [100]. For the sake of comparison, we restrict all of the sound samples to be one second

of audio, resulting in 16000 samples at a 16 kHz sample rate. Each recording sample contains

a single example for the given sound category, e.g. a single shot for footsteps and gunshots,

with clean onsets and offsets. The given formulation of the dataset simplifies the evaluation

of the diversity of the sound synthesis.

4.3.3 Data Processing

The input audio data is zero-padded to a length of 16,384 so that the spectrogram image data

are created with a shape of (256,128). To extract the spectrogram, we compute the STFT
3https://sound-effects.bbcrewind.co.uk/
4https://www.sound-ideas.com/
5https://www.boomlibrary.com/

https://sound-effects.bbcrewind.co.uk/
https://www.sound-ideas.com/
https://www.boomlibrary.com/
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with a Hanning window using the Tensorflow I/O implementation6. For the STFT, the size

of the FFT is 254, the window size is 256 and the hop length is 64. Similar to [141], we

normalize the magnitude of the STFT data to fall within a range of (0,1), take the logarithm

to clip their log magnitudes below e−10, then we scale the result down by dividing 5 and shift

the output range to [-1,1]. During the generation stage, we apply the Griffin Lim algorithm

from the Tensorflow I/O library7 with the same windowing settings as previously described.

The reason we chose Griffin Lim for phase estimation is because it is one of the most widely

used methods for phase estimation. Another reason is that this method has been written as a

differentiable algorithm in tensorflowio library. Therefore, we could take advantage of this to

integrate it into the training process.

4.3.4 Improved Audio Reconstruction

FIGURE 4.3. Our proposed architecture. It is based on a conditional WGAN
model with custom reconstruction loss added to the generator loss. This
regularizes the generated waveforms to follow the distribution of the training
audio waveforms.

In order to improve the audio reconstruction process, we borrow an approach used in neural

vocoders and add an additional loss term to our generator. Using the same baseline model

6https://www.tensorflow.org/io/api_docs/python/tfio/audio/spectrogram
7https://www.tensorflow.org/io/api_docs/python/tfio/audio/inverse_

spectrogram

https://www.tensorflow.org/io/api_docs/python/tfio/audio/spectrogram
https://www.tensorflow.org/io/api_docs/python/tfio/audio/inverse_spectrogram
https://www.tensorflow.org/io/api_docs/python/tfio/audio/inverse_spectrogram
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during training, we now compare the synthesized audio with a random audio sample of the

same sound class chosen from the dataset. We use a Mean-Square-Error (MSE) loss function,

Lrec, calculated as shown below:

Lrec =
1

n

n∑
i=1

(Ri − Fi)
2 , (4.1)

where n represents the batch size, Ri is an audio sample of the same category randomly chosen

from the dataset, and Fi is the audio waveform reconstructed from the magnitude spectrum

produced by the generator (we use the Tensorflow I/O spectrogram inversion algorithm8). We

multiply the MSE loss with a hyperparameter weight value, W , to prevent it from overtaking

the generator loss. Finally we add the original generator loss Lg such that the final generator

loss Lgen becomes:

Lgen = Lrec ∗W + Lg (4.2)

It is worth emphasizing that Lg calculates the loss based on the generated spectrograms, while

Lrec computes the loss according to the reconstructed audio. The goal of adding the recon-

struction loss to the generator is to encourage the generator to synthesize TF representations

whose inverted waveforms are similar to the training data. Previous research indicates that

adding a reconstruction loss term to GANs reduces diversity [240]. In order to mitigate this

side effect, we apply a small scaling factor as a weighting parameter to the loss, W = 1e−4.

While it is common to train the discriminator using more steps than the generator, we found

instead that training the generator more times than the discriminator gave improved results9.

4.4 Evaluation

Evaluating audio generation can be a difficult task because there is no ground truth waveform

to compare with. Additionally, since hearing perception is subjective, the same waveforms

8https://www.tensorflow.org/io/api_docs/python/tfio/audio/inverse_
spectrogram

9Our implementation is available online at https://github.com/Reinliu/CWGAN-SFX

https://www.tensorflow.org/io/api_docs/python/tfio/audio/inverse_spectrogram
https://www.tensorflow.org/io/api_docs/python/tfio/audio/inverse_spectrogram
https://github.com/Reinliu/CWGAN-SFX
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might be perceived differently among different participants. Therefore, we resort to both

objective metrics as well as human listening tests to evaluate the synthesis quality/realness

and diversity. For evaluation, we decided to generate 1000 samples, a similar amount to our

dataset for each category of sound.

4.4.1 Frechet Audio Distance

The Frechet Audio Distance (FAD)[210] is a reference-free evaluation metric for generated

audio quality that measures the similarity between two audio signals by comparing their

feature representations through an embedding layer of a pre-trained VGGish model. It has

been quite popular over recent years in the neural audio synthesis field and has been used

in research such as DarkGAN[84] and Diffwave[125]. Many studies have shown that this

metric correlates well with human listeners’ preferences [99] and is robust to many audio

sources [234, 233]. The smaller the FAD score, the smaller the distance between the original

audio and the generated audio and the better the performance of the generative model.

4.4.2 Number of Statistically Different Bins

Number of Statistically Different Bins (NDB) [216] is an algorithm that has been proposed to

evaluate the diversity of generative models [105] and to provide guidance on whether a mode

collapse has occurred. It applies K-means clustering of the training data into K-different ‘bins’

or diversity modes with Voronoi decomposition and then assigns each training and generated

data to the closest bin based on an L2 distance. The NDB score is then calculated as the

number of bins in a histogram that are considered to be significantly different from each other

based on a two-sample binomial test between the training dataset and the generated dataset.

As mentioned in Section3.4, compared to audio waveforms, spectrograms tend to reveal more

structural information about the sound. Therefore we compute the NDB score based on the

magnitude spectrogram images of the training and generated audio, similar to the approach by

Liu et al. [105]. To obtain the spectrogram, we used the number of FFTs as 1024, a window

size of 1024 and a hop length of 32, which results in a 512 by 512 spectrogram image. The
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We use 20 K-means bins for each sound class. The choice of the number of bins per class is

actually dependent on the variations of the datasets. However, in our case, 20 bins should

be sufficient for each single category, as they contain similar waveforms without too many

variations. This setting is the same as Liu et al. [105]. In addition to the NDB/k score for each

sound category, we compute an all-class NDB score by mixing all five categories of sounds

together. In this case, we set the number of bins to be 100 (20 ∗ 5).

4.4.3 Human Listening Tests

We appreciate that objective metrics alone are not sufficient for neural audio synthesis

tasks [203] as the quality or realness of a sound is usually dependent on the human listeners’

hearing and preference. Therefore, we report a Mean-Opinion-Score (MOS) obtained from

eight participant listeners. The participants consist of 3 females and 5 males with ages ranging

from 26 to 50 with no previous background in ear training. Each participant was presented

with the same pair of headphones and was asked to rate their preference for realness/quality

for five types of sounds. The place of the experiment can be viewed in Figure .7.

There were four experiment conditions for each of the five classes of sound according to

whether the audio was selected from either: the training audio from the dataset, the sounds

generated from the baseline model, the sounds generated from the new model with the

additional loss term, and sounds generated from a WaveGAN used as a control condition. For

each sound class(footsteps, rain, etc), we randomly chose four clips of one-second sounds

from the four sources mentioned above. Therefore, in total, there were 80 sounds that a

listener needed to rate. For each listening test, the listener was presented one sound at a time

and was told the category of the sound being played, but was asked to report their preference

based on how realistic they perceived the sound to be (e.g., whether it appeared to be a

real/natural audio source or a synthetic audio source). A preference scale from one to five was

used: 1 (bad/synthetic) to 5 (excellent/natural). The example sounds could be accessed at10.

10https://github.com/Reinliu/CWGAN-SFX/tree/main/Sound

https://github.com/Reinliu/CWGAN-SFX/tree/main/Sound
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4.5 Results

TABLE 4.2. Evaluation results comparing the baseline WGAN model, Wave-
GAN, and our approach based on three metrics: FAD (lower is better), MOS
(higher is better), and NDB (lower indicates more diversity).

Model Footstep Bird Guns Rain Engine All
FAD MOS NDB FAD MOS NDB FAD MOS NDB FAD MOS NDB FAD MOS NDB FAD MOS NDB

Original - 4.56 - - 4.22 - - 4.28 - - 4.19 - - 4.59 - - 4.37 -
Baseline 2.14 3.94 0.1 19.43 3.47 0.25 4.65 3.97 0.1 10.30 3.44 0.15 13.84 4.16 0.2 10.07 3.78 0.16
Proposed Method 2.07 4.22 0.05 2.41 3.91 0.3 5.05 4.16 0.15 2.64 4.03 0.15 12.21 4.47 0.25 4.88 4.16 0.18
WaveGAN 20.27 3.66 0.1 33.17 2.75 0.35 6.22 3.56 0.15 11.27 2.72 0.2 27.48 2.91 0.2 19.68 3.12 0.20

Following our evaluation methods, we show the corresponding results in terms of generation

quality and diversity. The results were reported as FAD, MOS, and NDB scores.

4.5.1 Generation Quality

4.5.1.1 Frechet Audio Distance(FAD)

When considering the results across sound categories, please keep in mind that a single

conditional WGAN produces all five classes of sound. We observe an overall improvement

in audio quality using the proposed method. With the bird and rain sound classes, we see

large improvement. Our interpretation for this finding is that these two classes of sounds are

arguably more complicated than the other categories. The bird samples consist of several

different species of birds chirping and the rain dataset contains recordings from many different

environments. Large variations within a particular sound class likely make the job of the

generator more difficult. The reconstruction loss likely assists with regularizing across these

larger variations. We also observe that the conditional WaveGAN performs comparatively

worse across all sound categories. We interpret this result as indicating that conditioning on

different sound categories, rather than variations within a given sound class, was somehow

more difficult for the WaveGAN which is based solely on the audio waveform.

4.5.1.2 Mean Opinion Score(MOS)

The Mean-Opinion-Score (MOS) results are shown in Table 4.2. The MOS values provide

a subjective rating of the plausibility of the sounds. The results indicate that the listening
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test results correspond well with the FAD results. For the bird and rain sound classes, we

again observe relatively larger improvements with the proposed method. The results similarly

indicate that the WaveGAN performs worse than the spectrogram-based methods, with an

average of 3.12, 3.78 and 4.16, respectively, for the WaveGAN, baseline, and proposed

methods. It is worth noting that the proposed method achieves a mean score that is similar to

the samples from the audio dataset (labelled Original in the table).

4.5.2 Generation Diversity

The results for the objective diversity measure are shown in Tables 4.2. Notice that the NDB

scores for each column were calculated when initializing each category with 20 bins for

the clustering, while the NDB of all column is calculated by initializing with 100 bins for

the K-means clustering. The results indicate that the baseline network better captures the

diversity of the training dataset than the proposed method for all sound classes, except the

footsteps sound class. This is generally to be expected because of the additional loss term in

the generator. The added regularization could be considered as a reconstruction loss, where

generated sounds are evaluated directly with original audio in the time domain. This could

hamper the generation of new samples, as the generator was trained to synthesize similar ones

to the original audio.

4.6 Chapter Summary

In this research I have studied the performance of NAS models for five classes of sound effects.

The result and codes is available at our accompanying website 11. I have shown that for this

particular type of conditional generation across different sound classes, the WGAN model

trained on log-magnitude spectrograms achieves better performance than the WaveGAN

model. We proposed a regularization method based on the waveform reconstruction error to

help improve the performance of the GAN’s generator. The performance results indicate that

there is value in this approach with regards to achieving substantial improvement in audio

11https://github.com/Reinliu/CWGAN-SFX

https://github.com/Reinliu/CWGAN-SFX
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quality while suffering a small loss in diversity. However, to better encourage higher sample

variations, future work could focus on improving the regularization loss term. In this research,

the mean of generated audio in a batch is regularized to be similar to randomly chosen real

audio in the same amount of the original batch of audio. However, this does not guarantee that

the audio from each statistical bin to be selected equally throughout the training. Therefore in

the following chapter, I aim to improve the diversity loss by studying different training and

optimization techniques using similar NAS architecture for sound synthesis.



CHAPTER 5

Improving sample diversity with reconstruction loss in GAN

5.1 Introduction

FIGURE 5.1. Issue with using reconstruction loss in GAN.

As shown in Figure 5.1, Chapter 4 leaves us an issue when using reconstruction loss under

the GAN architecture setup. When GAN [39] models generate new instances, they usually

randomly sample a vector from standard Gaussian distribution as input. Different from

Variational Autoencoders (VAE) which reconstructs the original data, the generated contents

from GAN, whether spectrogram images or digital audio samples, are actually randomly

generated without explicit regularization. Our reconstruction loss 4.1 compares the mean

of the generated audio waveforms relative to the average of the original audio waveforms.
85
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This process could potentially hamper the generation diversity, as the generated ones are

not explicitly paired for comparison with the original audio waveforms. Therefore in this

research, I aim to study this diversity reduction and try to improve the balance of generation

quality and diversity.

5.2 Background

Synthesizing sound effects with appropriate controls has been notoriously difficult. Traditional

physical modelling synthesis algorithms require extensive knowledge about the materials,

structures, and acoustics of the modelled sound event. In recent years, generative models have

demonstrated their success in speech and music synthesis by relying on deep neural networks

to approximate the probability density functions of the target audio distribution. Further, text-

to-sound (TTS) generative networks such as AudioLDM[69] and AudioGen[108] have shown

great semantics and high quality in sound effects generation by modelling time-frequency

representations of sound such as Mel spectrograms.

However, sound and text are essentially different in that texts contain no temporal information

as audio. Typically, fixed sequences or frames of raw waveform or spectrograms containing

an entire sequence of sound events are modelled. Therefore, it is natively difficult to control

or vary the waveform sensibly along the sequences. Although TTS excels in the quality of

audio synthesis and offers a way of controlling sound generation via text, it is still limited by

the expressivity of descriptive words especially in fine-detailed controls over the timbre of

generated sounds.

On the other hand, generative adversarial networks (GAN)[79] are widely known for their

generative performance in image generation[116, 241]. In the area of audio synthesis, GANs

have been utilized to model audio waveforms directly[115], or time-frequency represent-

ations[141, 242] followed by a vocoder algorithm such as Griffin Lim[17] to convert the

representations back to audio. Another popular GAN music synthesizer[12] achieves more

coherent waveform generation by modelling "instantaneous frequency", which is the amount

of change in unwrapped phase per frame.
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However, even though this architecture performs especially well in periodic waveforms,

such as musical timbres with closely-spaced harmonics, it remains difficult to generate

coherent waveforms with fewer harmonics and abundant noise, such as speech or sound

effects. To model general sound effects, many sophisticated text-to-sound models relying on

large language models leverage pre-trained neural vocoders [95, 96, 77, 125, 126] to convert

the mel-spectrograms into waveforms. TTS models are therefore only required to focus on

generating mel-spectrograms from latent representations[69, 108], which is far more efficient

than learning to generate long-range waveforms directory.

Although GANs possess the power of high-quality audio synthesis and parallel processing, the

size of the generated contents is usually fixed, depending on the specific setup. Considering

that sound effects are typically composed of highly variable acoustic activities with arbitrary

length, it becomes crucial for a generative model to be able to generate variable-length

contents. Furthermore, convolutional neural networks, especially transposed convolutional

operations used frequently in GAN upsampling layers, could give rise to upsampling artifacts

(tonal artifacts or filtering artifacts)[243]. In addition, GANs are also widely known for mode

collapse issues due to the adversarial nature of such networks. If the discriminator performs

well too quickly, it can cause the generator to converge to a narrow set of outputs that it finds

most convincing, rather than exploring the full range of the data distribution.

In this research, I propose a neural audio synthesis model capable of controlling sound timbres

while enabling the generation of arbitrary lengths of sounds using generative adversarial

networks (GAN) [79]. Instead of generating sounds in the waveform domain, I model

Mel spectrograms by leveraging large pre-trained neural vocoders for Mel spectrogram-to-

audio conversion. To solve the diversity reduction issue covered in the previous chapter, I

will compare three different training variations of WGAN models and try to pinpoint the

best strategy for training GAN with audio samples. Our model is shown to be capable of

synthesizing variable-length spectral contents, making it suitable for controllable sound effects

generation.
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5.3 Method

FIGURE 5.2. Generator architecture

5.3.1 Generator architecture

To be able to generate variable-length time-frequency features, I rely on recursive neural

networks (RNNs) for the generator architecture to model Mel spectrograms, which could then

be converted back to audio using a pre-trained vocoder[95]. More specifically, I employed a

three-layer gated-recurrent unit (GRU) architecture with 512 hidden units as shown in5.2.

To provide meaningful control vectors for sound generation, in addition to the latent variable

z, I further concatenate z with a class label embedding C and loudness vector L. The class

embedding represents the category of a sound (eg. footsteps, gunshots, motor engines, etc)

which guides the generator on which kind of sound to generate each time.

The loudness vector is an A-weighted loudness curve which we have extracted from each

audio clip individually before training. It functions as an envelope indicator to guide how

much energy each frame should contain for the generator. I then performed the same pre-

processing as in Engel et al. (2019) [13] to obtain the A-weighted loudness envelope vector

extracted from each training audio clip. The concatenated inputs are processed by a linear

layer for our recurrent units to learn, and then transformed by another linear layer to output

the Mel-spectrograms.

Note that the dimension of the output Mel spectrogram depends on the input loudness vector,

where the length or number of frames of the output spectrogram is set as equal to the length of
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L. The number of Mel bins depends on the specific configuration of the pre-trained vocoder,

which, in our case, is 64. In this way, we obtain a variable-length Mel spectrogram generator

conditioned on different sound effect classes as well as loudness envelopes.

Different from a vanilla GAN generator, the latent vector in our model only encodes the subtle

timbral changes across different sounds, while the amplitude of the generated sound is then

expected to be controlled independently by the guiding loudness vector L. By varying the

latent variable without changing the loudness or label vectors, we expect slightly different

versions of the target sound effects in the same rhythm.

5.3.2 Proposed model

FIGURE 5.3. Proposed model architecture

I denote our proposed model STGAN: Spectro-temporal Generative Adversarial Network as

shown in Fig. 8.3). It is based on a modified WGAN-GP model architecture[114] tasked to

generate two-dimensional Mel-spectrograms. The generator relies on an RNN to generate

locally-coherent mel-spectrograms in arbitrary length as introduced in the above section.

The discriminator network then discriminates the generated mel-spectrogram and the real

mel-spectrogram extracted from the training dataset.
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I have utilized the same configuration for the convolutional operations as the original

WGAN [113] configuration to learn the spatial patterns of the time-frequency represent-

ation: convolutional 2D layers + LeakyRELU activation. This configuration retains the

processing powers from convolutional networks and maintains high training speed. Further-

more, as the generator is conditioned on class labels, I concatenate label embeddings onto the

input layer of our discriminator.

5.3.3 Loss function

The loss function in our proposed method includes a combination of discriminator loss and

generator loss. The discriminator loss remains the same with WGAN-GP as defined:

LD = Ex̂∼Pg [D (x̃)]− Ex∼Pr [D (x)] + λEx̂∼Px̂

[
(||∇x̃D (x̃) ||2 − 1)2

]
, (5.1)

where x̂ are the samples generated by the generator, Pg is the model distribution, i.e., the

distribution of the samples generated by the generator, while Pr is the distribution from

real samples, D (x̃) represents the discriminator’s output for the generated samples, and Px̂

calculates the average output of the discriminator over the generated samples.

To encourage our generator to learn all of the modes from the training dataset and to better

guide our generator for convergence, I introduced a reconstruction loss to penalize the

generated spectrograms which have distinct loudness envelopes. Our reconstruction loss is a

Mean-square error loss (MSE loss) calculated on the loudness difference between generated

Mel-spectrograms and those extracted from training audio datasets:

Lmse =
1

n

n∑
i=1

(lf − l̂r)
2 , (5.2)

where lf denotes the loudness envelope calculated from the generated Mel spectrograms and

l̂r is the loudness envelope extracted from the real audio. Our generator loss is then defined as

the combination of the vanilla generator loss and the MSE loss:
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LG = −Ex̂∼Pg [D (x̃)] +Wmse × Lmse , (5.3)

where Wmse is a weighting factor multiplied by the reconstruction loss to stabilize the training.

In our case, we leave it as 1.

5.3.4 Inference

FIGURE 5.4. Model inferencing

After the model has been properly trained, we freeze the generator for the Mel spectrogram

generation. Similar to the training stage, we still need to provide the loudness envelope and

latent vectors. However, instead of extracting loudness from another sound and sampling

a vector from a Gaussian distribution, we instead provide self-defined envelopes and latent

vectors set arbitrarily via a manual user interface, with the constraint that the loudness and

latent vector values are within an appropriate range.

For latent vectors sampled from Gaussian, an effective range of values would be within

(−3, 3). After passing in the required vectors, the generator generates a corresponding Mel-

spectrogram, which is then converted back to audio by a pre-trained high-performance neural

vocoder. In this work, I used the HIFIGAN[95] vocoder pre-trained on Audioset[185], a large

audio dataset containing various categories of general sounds.
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5.4 Experiments

5.4.1 Training

To train our proposed model, I used the DCASE 2023[227] sound effect dataset. The dataset

contains 7 categories of common sound effects, each of which are 4 seconds sampled in

22.5kHz. For consistency, I sampled all sounds in 16kHz and selected a frame size of 160,

resulting in 400 time frames for each loudness envelope and Mel spectrogram. I then used

an Adam optimizer with a learning rate of l = 0.0001, beta1=0.5, beta2=0.999. The model

was trained in 10,000 iterations on an RTX 3080, which takes only 2.5GB VRAM within 20

training hours. Our implementation is available at: https://github.com/Reinliu/

STGAN

5.4.2 Evaluation

To understand the effect of our reconstruction loss on the quality and diversity of the generated

samples, I compare our model with a few different configurations as shown in Fig. 5.5):

STGAN with both the reconstruction loss and adversarial loss, STGAN-AL with only the

adversarial loss, and STGAN-GEN-RL with only the reconstruction loss. To study the

performance of the RNN-based generator, I have also trained a WGAN-GP model conditioned

on class labels, which utilizes transposed convolutional neural networks for its generator.

I selected a group of test sound effects for each category as the target sounds. The loudness

envelopes were extracted from such targets and pass them into the four variant models to

output the generated Mel spectrograms. Audio waveforms are then generated using the

same pre-trained HIFIGAN vocoder[69]. In this way, we obtained a set of pair-wise target-

and-generated Mel spectrograms and sound effects for each sound category. Our model is

evaluated with different configurations based on the metrics below.

https://github.com/Reinliu/STGAN
https://github.com/Reinliu/STGAN
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(a) STGAN: Our proposed model with adversarial loss and reconstruction loss added on generator loss.

(b) STGAN-AL: The same STGAN model with only adversarial loss.

(c) STGAN-GEN-RL: The same generator applied with an MSE loss on the generated output. The
discriminator is completely abandoned in this setup.

FIGURE 5.5. Three different setups for evaluation

5.4.3 Metrics

FAD: Frechet audio distance is a metric calculated as the Frechet distance (also known

as Wasserstein-2 distance) between the multivariate Gaussian distributions of the real and

generated audio features. It measures the similarity between the distributions of real and

generated audio samples. The FAD metric is commonly used for evaluating the audio quality

of generative models[69, 242, 100, 99, 244]. Therefore, we decided to rely on FAD to

evaluate the generated sound effect quality. A lower FAD score indicates that the distribution

of generated audio is closer to the distribution of real audio, implying improved quality and
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realism in the generated audio.

FID: Frechet inception distance[211] is a metric used to evaluate the quality of images

generated by models such as Generative Adversarial Networks (GANs). It measures the

similarity between the distribution of generated images and the distribution of real images.

I computed the FID score on our Mel spectrograms. A lower FID score indicates that the

generated images are more similar to the real images, implying better quality and realism of

the generated images.

NDB: Number of statistically different bins[216] is a metric for assessing the diversity of

images generated by a model. This metric is particularly useful for determining whether a

generative model is capable of producing a varied set of outputs or whether it is limited to a

narrow subset of the potential output space such as the known mode collapse issue in GAN. It

has been used to evaluate the generated sound diversity in research [105, 203]. To compute

the NDB, I clustered our Mel spectrograms into 100 bins. We then assign each generated

Mel spectrogram to the nearest cluster bin and compare the distribution of generated samples

across these bins with the distribution of real samples. The NDB score is calculated as the

number of bins where the occupancy of generated samples significantly differs from that of

the real samples. A lower NDB score indicates a more diverse range of outputs from the

generative model.

LSD: We compute the pair-wise Log-spectral distance between the target sound effect and

the generated sound effect to measure the timbre variations. We report on the averaged

LSD score across all 64 frequency bins as follows: LSD =

√
1
N

∑N
f=1

[
10 · log10

(
S1(f)
S2(f)

)]2
,

where S1 is the target spectrum and S2 is the generated spectrum. Because all testing models

are conditioned on the same loudness envelopes, they are expected to synthesize a similar

spectrum with slightly different timbral variations, depending on the variability of the model.

A larger LSD score indicates a higher spectral difference, meaning that the model is capable

of producing more diverse variations in its spectrum for the same conditioning vector.
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5.5 Results
Metrics FAD ↓ FID ↓ NDB ↓ LSD ↑
Description Audio quality Spec quality/diversity Mode collapse Spec diversity
STGAN 10.21 79.60 7.14 0.24
STGAN-AL 14.45 124.59 15.57 0.25
STGAN-GEN-RL 12.27 99.59 1.43 0.11
WGAN-GP 13.72 108.59 32.29 0.17

TABLE 5.1. Quantitative evaluation results based on various metrics

The sound examples could be seen at our Appendix .9. In Table 5.1, we show the results of

the quantitative evaluations. Our proposed method, STGAN, achieves the best FAD and FID

scores, indicating that this approach is capable of synthesizing high-quality Mel spectrograms

and, as a result, audio waveforms. On the contrary, WGAN-GP performs the worst in FAD,

potentially due to the upsampling artifacts that we discussed earlier. With respect to the FAD,

our model surprisingly outperforms the STGAN-GEN-RL, which should theoretically yield a

lower FAD score attributed to the pixel-level spectral loss. We hypothesize this is because

the combined loss enforces consistency in the generated output, making sure that essential

characteristics and modes of the spectrograms are preserved. This could also be seen from the

NDB scores, where incorporating the reconstruction loss on loudness envelopes helps prevent

mode collapse.

The STGAN-GEN-RL captures most of the modes from the dataset, which is logical in

that the MSE loss penalizes any difference from the real samples. As for the STGAN-

AL configuration, we found this setup can output higher sample diversity than all other

configurations but performs the worst in terms of audio or spectral quality. This corresponds

with the observation that there is generally a tradeoff between generated sample quality and

diversity. On the other end, even though the discriminator applies a gradient penalty to

improve training stability, the WGAN-GP model still encounters mode collapse as indicated

by the NDB measurement. We hypothesize this is because transposed CNN operations are

adept at learning global and spatial patterns quickly.

From a traditional GAN setup, we observed the CNN-based generator becoming too powerful

in the early training stage and leading to mode collapse. Lastly, although STGAN-AL
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achieves the highest LSD score, we found that STGAN, with both reconstruction loss and

adversarial loss, still performs well in the generated sample diversity. This is largely because

we only compute the reconstruction loss on the high-level loudness features without penalizing

pixel-level spectral differences, thereby allowing higher sample diversity and variations.

5.5.1 Creative Application

Because of the recursive nature of our generator, our proposed model is capable of synthesizing

arbitrary-length Mel spectrograms by inputting loudness envelopes with any length. Above

we show an example of a generated footstep sound effect 5.7 by providing a recording of

voice 5.6 as the guiding sound for loudness extraction. The generator successfully preserves

the rhythmic patterns of the voice amplitudes, while changing its timbre/frequency distribution

into a particular type of footstep sound.

From the audio waveforms, it can be seen that the temporal sonic events of the generated

sound match exactly with the original voice. Additionally, it is also shown that the generated

footsteps contain more tails in its envelopes, meaning that the loudness envelope functions

primarily as a subtle indicator of sonic events, rather than as a rigid, discrete one-hot vector

for controlling generated sounds.

In terms of amplitude, the generated ones are louder than the original voice, which corresponds

to the general amplitude of the footstep category. This shows that the loudness envelope

mainly serves as a relative rather than an absolute indicator for the dynamics. The absolute

amplitude is more tied to the original data distribution (footstep sounds in this case) rather

than determined by the loudness envelope.
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FIGURE 5.6. Guiding voice

FIGURE 5.7. Generated Footstep
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FIGURE 5.8. Variable-length spectrogram generation using RNN. The gen-
erator is composed of three layers of GRUs, which sequentially model the
frequency contents of the spectrogram. Notice that our model is trained solely
on an audio dataset that each audio is exactly four seconds in length. Owing
to its auto-regressive nature, this architecture allows the generator to synthes-
ize continuous spectral contents sequentially. This means that our decoder
has learned the subtle temporal relationships between audio samples. At the
inference stage, our model is capable of synthesizing variable length spec-
trograms, which can then be converted back to the time domain with neural
vocoders [95].

5.5.2 Variable-length Spectrogram Generation

5.6 Chapter Summary

In this research, I proposed a neural audio synthesis model capable of arbitrary-length sound

effects generation with timbre controls using GAN by relying on recurrent neural networks

for spectrogram generation. I found that the frame-level concatenation of a preprocessed

loudness envelope with the latent vector allows for independent control of the waveform

amplitude as well as spectral characteristics of the sound at the same time.

Furthermore, I reported the trade-off between generation quality and sample diversity by

integrating an additional reconstruction loss into GAN architecture. Our results indicate
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that GAN sound synthesis is stabilized by adding an additional reconstruction loss derived

from or based on acoustic features. Our proposed model provides independent control of

amplitude and timbre while maintaining high fidelity and can hopefully contribute to creative

applications in-game audio and interactive media.



CHAPTER 6

DDSP-SFX: Acoustically-guided sound effects generation with

Differentiable Digital Signal Processing

6.1 Introduction

Sound effects are diverse and usually difficult to describe using words. To this end, many

synthesis algorithms focus on using vocalizations to guide sound generation because voice

can be an intuitive control interface for end-users. The supervised phoneme-based control-

synthesis approach, which converts human-produced phonemes directly to sound effects, has

been widely explored [245, 246, 247, 248].

However, such methods typically require ground-truth labelling between the phonemes and

the corresponding sound effects. The unsupervised approach, which entails extracting acoustic

features from the guiding sounds and applying such features to the generated sound effects,

has also proven to be very effective in musical sound modelling. In Section 3.1, we had a

detailed discussion about each type of generative model for sound synthesis. Particularly,

the neural+DSP hybrid approach has drawn much attention to the field of music instrument

modelling owing to its mixed usage of machine learning to model implicit relationships and

DSP algorithms to define explicit sound synthesis equations.

For example, differentiable digital signal processing [13] is a popular NAS architecture

introduced to take advantage of pre-built digital synthesizers for waveform generation. Neural

networks are then used to estimate the parameters for the corresponding synthesizers condi-

tioned on pre-processed acoustic features. Owing to the modular approach and conditioned
100
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features, DDSP is lightweight to train and use while offering controllable audio synthesis

over pre-defined audio features such as pitch and loudness.

Although Lundberg [133] has applied DDSP to model motor engine sounds, there have

been few attempts at modelling other sound effects, especially impulsive sounds such as

footsteps or gunshots, two commonly used sound effects in games. To properly model the

transient information, Barahona & Collins [249] proposed an alternative technique to model

the inharmonic sounds through a controllable filterbank based on a pseudo-quadrature mirror

filterbank (PQMF) [250] synthesizer under a similar DDSP framework.

However, due to its design of using a large number of filter banks, it generally takes a

lot of computational resources and time to synthesize high-quality sound effects with high

dynamics. Additionally, it remains a critical issue as to how to effectively control the subtle

timbre variations of a particular sound effect driven by vocalizations, given the differing

acoustic characteristics between voice and various desired sound effects.

In this research, we explore sound effects modelling driven by acoustic features of target

sounds utilizing the DDSP architecture. We are particularly interested in controlling the

subtle timbre characteristics of the target sounds using a guiding sound, such as varying the

type of engines for a motor sound with fixed pitch and loudness. To this end, we propose a

novel approach for frame-level timbre variation independent of other acoustic attributes. Our

method only requires a trained decoder to transfer the pre-defined acoustic envelopes and

timbre envelopes from one type to another type of sound, without relying on an additional

encoder. We further introduce an architecture targeted at the synthesis of impulsive sound

effects based on the DDSP framework.
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FIGURE 6.1. Issue of DDSP for SFX synthesis (1): DDSP places too much
emphasis on sinusoidal modelling that results in artefacts.

6.2 Issues with DDSP

6.2.1 Redundant Harmonics

When using the original DDSP architecture to synthesize sound effects, in our preliminary

study we realized the decoder does not learn to attenuate its sinusoidal synthesizer even

though the reference sound is completely inharmonic. In Figure 6.1, we show how redundant

harmonics look in the spectrogram, which is synthesized from the sinusoidal synthesizer. This

can be a critical issue for modelling many categories of sound effects, such as impulsive rigid

body impacts or inharmonic environmental noises.

6.2.2 Temporal Timbre Control

FIGURE 6.2. Issue of DDSP for SFX synthesis (2): Uninterpretable latent
space in DDSP autoencoder.
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The original DDSP is based on an auto-encoder architecture, whose latent space is a com-

pressed representation of the audio. Without explicit remapping [251, 252], or distillation [84,

129], latent space of generative models are most of the time uninterpretable [163], meaning

that varying the latent vector linearly does not result in meaningful output changes.

As shown in Figure 6.2, the latent space restores all the timbre information of the training

audio. During the inference stage, the generation is only valid when another piece of audio is

used as a reference by obtaining the latent representation from the reference using the encoder,

as well as other features extracted explicitly. This process is called timbre transfer, as the

decoder takes the reference sound’s features while retaining the timbre of the original audios

it has been trained on.

The DDSP architecture, therefore, is not capable of controlling the timbre with some paramet-

ers, as the latent space remains uninterpretable. It also relies on reference sounds to output

meaningful sounds.

6.3 Proposed method

We base our model on the vanilla DDSP architecture [13], which uses a sinusoidal model

and a subtractive noise model as synthesizers. To better adapt the DDSP architecture to

synthesize high-quality sound effects, we integrate a separate transient modelling method in

the synthesizer and introduce a technique to avoid harmonic artifacts. To be able to control

the timbre variations effectively, we propose an encoder structure that allows for frame-level

timbre control. Our complete model architecture is depicted in Figure 8.3.

Before the training stage, in addition to the pitch and loudness vectors described in DDSP [13],

we also need to pre-process the audio to extract a few acoustic features. The acoustic features

and the latent variable output from the encoder are concatenated together to be processed by

the decoder, which is composed of several Multi-layer Perceptrons (MLPs) [253] and Gated

Recurrent Units (GRUs) [254] as illustrated in the architecture. The decoder finally outputs the

required synthesis parameters for the synthesizer, namely, frequencies and amplitudes of the
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FIGURE 6.3. Proposed model architecture. Blocks in green are definitive
features or algorithms. Blocks in pink are composed of learnable neural
networks. Blocks in grey indicate they are used during the inference phase to
replace the trained encoder.

sinusoids for the additive synthesizer, amplitude vector for the subtractive noise synthesizer,

and finally, frequencies and amplitudes for the transient model. Lastly, all the synthesized

outputs are combined together as the synthesized out. In the following sections, I will

elaborate on the proposed techniques.

6.3.1 Harmonic Indicator

A harmonic plus noise model [36] performs well when the target sound is harmonic. However,

when integrated into DDSP, it could lead to harmonic artifacts or distortion for sounds with

little to no harmonic components. This is because both the harmonic synthesizer and the

subtractive noise synthesizer are treated equally in the synthesis. Through our preliminary

study, we found that when modelling impact sounds such as footsteps and gunshots, the

original DDSP architecture tends to emphasize the harmonic model even though this may

lead to unnecessary synthesized harmonics. The reconstruction loss, multi-scale STFT loss,

only considers the summed energy across each frequency bin. This loss function is not able to

penalize the excessive modelled harmonics, especially when the target sound contains mainly
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(A) Reference footstep (B) DDSP (C) DDSP-SFX

FIGURE 6.4. Harmonic artifacts with DDSP. Notice the horizontal lines
prevalent in DDSP synthesized footsteps, especially in the first two events. By
using a harmonic indicator, we are able to attenuate the harmonic synthesizer
and thereby rely mostly on our subtractive noise and transient model for
synthesis. To listen to how these sound like, please refer to our accompaniment
website: https://reinliu.github.io/DDSP-SFX/.

noise, with flat energies across each frequency. In figure 6.4, we show an example harmonic

artifact generated by DDSP of a footstep sound.

FIGURE 6.5. Harmonic analysis for guiding DDSP. We first separate the audio
into harmonic and percussive components. A harmonic indicator that indicates
whether the sound is harmonic, is returned and used as input to the decoder,
which then learns to attenuate the harmonic synthesizer when the harmonic
indicator score is lower and vice versa.

Therefore, to properly model the inharmonic sounds under this architecture, we decided

to employ a harmonic detector to determine the degree of harmonic components present

in the sound and then train the model to attenuate when few harmonics are detected. This

process is shown in Figure 6.5. Specifically, during pre-processing, we scan the entire sound

with a pitch detector [167] across every frame and obtain a confidence score C (0-100%)

for the pitch estimation of the modelled sound. Rather than using the scores directly as

guiding information, we wish to obtain a smoother and flatter curve to ’activate/deactivate’

the harmonic synthesizer. To this end, we input C to a custom Sigmoid function to smooth

https://reinliu.github.io/DDSP-SFX/
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out the output value as shown below:

H = 1/(1 + e(−a(C−b))) , (6.1)

where a determines the steepness of the curve, and b determines the horizontal shift for the

Sigmoid function. As both a and b are hyper-parameters, we later found setting a = 10

and b = 0.7 effective in training on our dataset. Here, we call the output value H from the

Sigmoid function as the harmonic indicator. This indicator is further passed as input to the

decoder as conditioning information for the presence of harmonic components. When H

returns a low value (indicating low confidence of harmonic information present in a frame),

the decoder learns to attenuate the harmonic synthesizer and vice versa.

6.3.2 Transient modelling

FIGURE 6.6. A 10hz sinusoid signal in the time domain.

From an analysis perspective, a signal in the time domain could be separated into three

parts [255], harmonic components, transients (which are modelled as impulses [134, 42],

and residual noise. A transient signal (e.g., gunshots, footsteps) has a sharp attack and short

sustain, which can be difficult for sinusoidal modelling or subtractive noise modelling.

To synthesize transient signals, we employ a similar modelling approach as [134, 133].

Consider an exponentially decaying signal 6.7, which sounds like an impulse with high
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FIGURE 6.7. The exponentially decaying signal. It has been converted to
time domain using inverse DCT from the 10hz sinusoid signal.

amplitude in a short time. Its discrete cosine transform (DCT) would look like a slowly

varying sinusoid signal 6.6. We could take advantage of this interesting property to model the

transient signals, by synthesizing sinusoids in the discrete cosine domain and converting to

the time domain using an inverse Discrete Cosine Transform (IDCT). Due to the nature of

time-frequency transforms, this results in impulses in the time domain.

Instead of placing transients equal-distantly across the time frames as was done in [133], we

instead chose to model them within each frame, as we wish to treat each transient differently

and be able to control its timbre. This process is shown in Figure 6.8. A sinusoid in the DCT

domain would translate to a single pulse in the converted time domain through IDCT. The

frequency in the DCT domain controls the time location of the pulse, from the start 0ms to

10ms across 160 samples in a frame. Please note that even though the time is extremely short

(10ms), changing the time location of the pulse would change the timbre of the impulse clip,

as humans are very sensitive to phase changes in transient sounds.

For each of the 400 time frames of the 4s long signal, a decoder network will learn and

output the parameters of the sinusoids used for transient modelling: i.e., the frequency Fn

and amplitude An. If no transient is present in a given time frame, then An should be 0. This



1086 DDSP-SFX: ACOUSTICALLY-GUIDED SOUND EFFECTS GENERATION WITH DIFFERENTIABLE DIGITAL SIGNAL PROCESSING

FIGURE 6.8. Transient synthesis approach. We synthesize several sinusoidal
waveforms in the DCT domain, parameterized by the learnable frequency
and amplitude variables output from the decoder, and then convert them to
impulsive signals in the time domain via inverse DCT. The decoder receives
an onset vector that records the transient amplitude envelope information
extracted from the input audio waveforms.

provides a convenient means for controlling the transient signals. The transient modelling

equation is defined as:

x[n] =
N−1∑
n=0

AnIDCT sin

(
2πFn

t

f

)
, (6.2)

where x[n] is the modelled transient signal, t is the total time samples, f is the frame size

and N is the total number of frames. In order to provide guiding information to the decoder,

we extract peak onsets from each sound. The onset amplitude vector is constructed from the

signal spectrogram using a margin-based Harmonic Percussive Source Separation (HPSS)

method [256] with a conservative and large margin parameter value of 8 during the pre-

processing stage. Local maxima (peak estimation) is performed to obtain the onset amplitude

vector where the percussive events take place.
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6.3.3 Frame-level timbre control

In addition to guiding the sound synthesis with explicit acoustic features such as pitch and

loudness, we also wish to encode the subtle timbre variations of the generated sound into a

controllable latent space. To this end, we employ a similar encoder structure introduced by

Devis et al. [129] and train DDSP as a Variational Autoencoder (VAE) [18]. We first compute

the mel-spectrograms (128 mel-frequency bands, 400 time frames) of our input sounds in

the pre-processing stage. They become the input to our encoder, comprising three stacks of

convolutional 1-D layers, RELU activation, and batch normalization layers followed by a

linear layer. The mean and log-variance output from the encoder are then reparameterized to

produce the sampled latent vector z:

z = µ+ ϵ · σ2, (6.3)

where ϵ is a random value sampled from a unit-Gaussian distribution, µ is the mean output

from the encoder, σ = e0.5·logvar, and logvar is the logarithm of the variance. In this way, we

obtain a continuous one-dimensional latent vector along the time axis. The distribution of z is

regularized to be close to a unit-Gaussian N (0, 1). After the model has been trained, we can

deliberately modify the value of z within ±3 as 99.7% of the values are within three standard

deviations. The most "typical" timbres appearing in the data set are encoded with z close to 0,

whereas "rare" timbres are encoded with z values farther away from 0.

Once the model has been trained, we can completely abandon the encoder structure. In the

inference stage, apart from explicit control over pitch and amplitude, we can also output

different timbres of the sound (eg. transforming from a BMW car engine sound to a Mercedes)

by creating a control variable at hand within the same range ±3 to replace z for the decoder.

A global slider is used to adjust this pseudo latent variable and thus vary the timber of the

output sound. In this way, we are able to create interesting sound effects by providing explicit

and implicit control variables along the time axis. To demonstrate how it works, in section 7.5,

we use human voice mimicking sound effects as an example to guide the sound synthesis.



1106 DDSP-SFX: ACOUSTICALLY-GUIDED SOUND EFFECTS GENERATION WITH DIFFERENTIABLE DIGITAL SIGNAL PROCESSING

6.3.4 Loss Function

Our loss function contains a regularization loss component and a reconstruction loss com-

ponent. We use the same multi-scale STFT loss as used in DDSP for our reconstruction loss

(FFT sizes: 2048, 1024, 512, 256, 128, 64). For the regularization loss, we apply a scaling

variable β on the regularization loss term to prevent the reconstruction loss from overtaking

the total loss [163]. The total loss function in our model becomes:

L = Lrec + β · Lreg, (6.4)

where the L indicates the total loss, Lrec is the reconstruction loss, and Lreg is the regulariza-

tion loss.

6.4 Experiments

6.4.1 Dataset

We use the publicly available sound effects dataset [227]. It includes 7 categories of sound

effects, all of which are sampled at 22.5 kHz and have a length of around 4 seconds. Each

category contains 581-800 audio samples. The data used for all of the experiments described

in this paper consists only of footsteps, gunshots and motor sounds. This is because we found

these three categories contain the most variations and they suit the best for our goal as to

effectively control the timbre of the sounds. We refer to these three sound types as our three

data sets. All sounds are trimmed to 4 seconds duration and down-sampled at 16 kHz to be

consistent with our neural network architecture. We split the data 90% for training and 10%

for testing.

6.4.2 Training

We train our model and the vanilla DDSP model on the same three data sets separately,

resulting in three trained models for both the vanilla DDSP and our proposed method. Each
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model is trained with a batch size of 16 on an RTX 6000 GPU for exactly 100,000 training

steps. We chose a size of 1024 for the recursive hidden units of DDSP, 100 sinusoids for the

harmonic synthesizer, 100 bands for the noise synthesizer, and a frame size of 160 samples.

We use an ADAM [257] optimizer with a starting learning rate of 1e−4, which gradually

decayed to 1e−5 after 80% of the steps. To maintain a stable regularization loss and balance

it with the reconstruction loss, we initialize β with 0, and activate it only after 10% of the

training steps with β = 1, and then scale it linearly to 1e3 until reaching 80% of the training

steps.

6.4.3 Evaluation

To show that our latent space is capable of outputting discernable timbre variations, we

performed a small-scale listening test on 26 participants. To guide the synthesis, we recorded

three human vocalizations emulating the sound effect for each category of our data set as

our out-of-domain guiding sounds. We then use the extracted acoustic features from these

guiding sounds to perform timbre transfer. For our latent vector, we manually set z as 0, 0.1,

0.5, 1, 2, and 3 for each sound clip and then generate the sound effects correspondingly. We

use z = 0 as our reference track and ask the participants to do a forced comparison test to see

whether the individual tracks with z set as different values sound identical to or different from

the reference. The result is shown in Section 6.5.3.

We evaluate our model in terms of synthesis quality. The timbre encoding performance is

demonstrated qualitatively. For each model, we pair a reference sound with the generated

sound. Each model is tasked to synthesize waveforms similar to those of the reference

by taking in the extracted acoustic features from the reference. We compare the synthesis

performance through a series of objective metrics and a subjective listening test. We conduct

a second subjective listening test to understand the effectiveness of our timbre encoding.

6.4.3.1 Synthesis performance

Statistical similarity. Frechet Audio Distance (FAD) [210] is an audio quality evaluation

method that compares the feature representations through an embedding layer of a pre-trained
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audio classification model between the generated sounds and the reference sounds. We

compute the FAD score with the VGG model 1 to understand the statistical similarity of our

synthesized sounds compared with the reference sounds.

Spectral similarity. We report the log-spectral distance (LSD) using a multi-scale STFT

to measure the spectral similarity between the synthesized sound and the reference sounds.

It is computed as the average distance between two power spectra over all frames in the

Euclidean space. We use the same window length, hop length and FFT size as we did in the

pre-processing to compute the spectra.

Audio quality. We conduct a listening test to evaluate the generated sound quality. We

randomly selected ten examples per category. For each question, we asked the participants

to give an absolute category rating for each soundtrack from 1 (bad) to 5 (excellent). We

aggregate our results per category of sounds, meaning that we average the ten-question results

and obtain the variance for the aggregated data.

6.5 Results

6.5.1 Audio similarity

TABLE 6.1. Objective audio synthesis performance results.

Categories Footstep Gunshot Motor
Metric FAD ↓
DDSP 5.356 5.213 6.652

DDSP-SFX 1.529 2.004 7.150
Metric Log Spectral Distance ↓
DDSP 0.114 0.585 0.177

DDSP-SFX 0.103 0.446 0.182
Metric Multi-scale STFT ↓
DDSP 1.63 ± 0.43 2.23 ± 0.72 1.09 ± 0.06

DDSP-SFX 1.55 ± 0.44 2.03 ± 0.81 1.10 ± 0.07

1https://github.com/gudgud96/frechet-audio-distance

https://github.com/gudgud96/frechet-audio-distance
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Referring to Table 6.1, our objective measures correlate well, suggesting a significant improve-

ment in impulsive sounds (footsteps and gunshots) after we integrated our transient modelling

method. For motor sounds that are steadily pitched across the entire signal, our method

performs slightly worse than DDSP. This is expected because introducing the regularization

term to the loss poses more challenges to the reconstruction. We also show that our transient

modelling method can synthesize sharper attacks for impulsive signals in our accompanying

website 2.

6.5.2 Audio quality

FIGURE 6.9. User-rated audio quality of sound effects.

There were 26 participants (M/F: 19/7; ages: 23-53; audio experts/non-experts: 14/12) in

our subjective listening test. (The listening test sample questions and content forms could

be found at Appendix .1) Each participant was requested to use a pair of headphones for the

listening tests. Each question contains a reference sound (the ones we randomly selected from

the dataset), a sound generated from DDSP and a sound generated from ours. The reference

tracks are expected to receive the highest scores (4-5). Therefore, we removed two outliers

that rated the reference tracks below 2 for over 50% of the questions, resulting in 24 effective

2https://reinliu.github.io/DDSP-SFX/

https://reinliu.github.io/DDSP-SFX/
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(A) Reference voice (1) (B) z = 0 all the time (C) z = 1 after 2s.

(D) Reference voice (2) (E) z = 0 all the time (F) z = 1 after 3s.

FIGURE 6.10. An example of how changing z affects the overall timbre.
We use a reference voice mimicking motor sound as guidance shown in
Figure 6.10a and Figure 6.10d. In figure 6.10b, we show what the spectrum
looks like when z = 0 for all the time frames. In figure 6.10c, we show
that the spectrum changes accordingly when we variate z after 2 seconds. In
Figure 6.10f, we set the latent vector to 1 after 3 seconds. It was shown that
the spectral distribution of the generated motor sounds changes as we variate
the latent vector temporally. Surprisingly, this abrupt latent space variation did
not result in clicks or glitches in the generated sounds. We attribute this to the
use of an auto-regressive decoder with RNN.

participants. Fig. 6.9 shows a bar plot of the collected mean opinion scores for the sound

quality with variance as error bars. Our subjective test results are similar to our objective

measures, where we see significant improvements for the impulsive sounds. The footsteps

generated by DDSP were rated lower than our method, as many participants noticed the

harmonic artifacts. Further, the motor sounds were rated similarly among the two methods.

6.5.3 Timbre encoding

There were 19 participants (M/F: 11/8; Age: 23-53; Audio experts/non-experts: 9/10) in

our second listening subjective test. Table 6.2 shows the percentage of the participants who

rated the synthesized sounds as different from the reference sounds when we vary the value

of z. Our subjective test results indicate that most participants recorded timbre differences
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TABLE 6.2. Percentage of sounds rated as different from reference.

z Motors Gunshots Footsteps
0.1 0.255 0.235 0.216
0.5 0.451 0.431 0.510
1 0.549 0.608 0.745
2 0.686 0.804 0.843
3 0.941 0.826 /

for z > 1. This follows reasonably because the encoder learns to encode the "most typical"

timbres across the data set within one standard deviation. Larger values of z indicate a rarer

timbre across the whole data set. Depending on the variations available within the dataset

itself, the value of z for which users start to tell the timbre differences will likely change

accordingly. Lastly, to demonstrate the effectiveness of our timbre encoding, we show how

varying z temporally could contribute to timbre variations in Figure 6.10. For more examples,

please refer to our supplement website.

6.6 Discussion

In this paper, I integrated DDSP with a transient model and show that it improves the synthesis

result for impulsive sound effects. I proposed a simple method that achieves timbre variation

of the generated sound effect while also enabling deterministic attribute transfer given a

limited dataset. I further demonstrate the out-of-domain timbre transfer capability by using

human vocalization as guiding sounds. I hope our method will contribute to creative sound

design by allowing users to create realistic sound effects using their own voices as guiding

sounds. Future work may include training our model on a larger audio dataset with more

variations to enable more expressive timbre control.



CHAPTER 7

ICGAN: An implicit conditioning method for interpretable feature

control of neural audio synthesis

7.1 Introduction

In recent years, neural audio synthesis has achieved excellent performance in speech model-

ling [77, 96] and music generation [110, 12]. However, it remains difficult to model sound

effects with pure generative models in that neural networks typically offer a low degree of

interpretability and controllability. A common approach to achieving sound generation control

is via conditioning on external information.

FIGURE 7.1. Conditioning labels for generative models. Broadly speaking,
they can be separated as explicit labels or implicit labels(soft labels) [84].
Explicit labels are usually supplied with the dataset such as text descriptions
for an audio recording or video frames for a video. They can also be derived
by defining explicit functions such as audio features (pitch, loudness, spectral
density, etc). Soft labels are usually implicit representations obtained from
the datasets, which record complex information and descriptions about the
sounds, but usually remain uninterpretable due to their implicit nature when it
is obtained.

116
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Conditional generation is a common technique to constrain generative models to generate

data based on specific input information, which can be categorical labels, texts, images,

compressed embeddings, etc. Considering the limited availability of datasets for general

sound effects, conditioning on discrete labels can be effective, as most datasets provide at

least categorical information. For example, Barahona-Ríos and Collins [100] proposed to

synthesize knocking sounds conditioned on different emotions to guide the GAN generator

for audio generation. Similarly, Communita et al. [99] also studied GAN sound generation

for modelling footstep sounds conditioned on discrete contact surfaces, while Liu et al. [159]

focused on conditioning on different types of audio.

To be more effective in utilizing available audio datasets, DarkGAN [84] uses knowledge

distillation (KD) to extract categorical information from large pre-trained classification mod-

els [88]. The classification model is able to output the associated probabilities (termed as soft

labels) for each class, which could be utilized as conditioning information to guide the sound

synthesis. Another relevant work by Gupta et al [258] also uses the soft labels returned from

an audio classifier as the conditioning label, but the ground-truth labels are also supplied with

their dataset, resulting in a supervised learning approach. Although such approaches achieved

higher audio qualities without requiring large amounts of labelled datasets, the discrete nature

of the conditioning method still poses drawbacks, including limited expressiveness [259, 260],

lack of continuity [261], and failure to capture the hierarchical semantic relationships between

classes [262].

Conditioning on text embeddings, on the other hand, provides a simple yet effective control

with human languages. AudioLDM [69], for example, is capable of synthesizing intricate

audio waveforms agnostic to sound types given input texts by training in a self-supervised

fashion, which requires less label data. Nevertheless, text-to-audio synthesis models still

require large amounts of audio datasets with descriptive labels in order to achieve reasonable

performance. Additionally, texts themselves are also limited by the expressiveness in describ-

ing the subtle differences among different sounds.

Apart from conditioning on discrete labels, it is possible to use continuous vectors [263]
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as conditioning information but it may require a specific training setup. Regression labels

(continuous, such as ages and angles in the image) provide a smooth and expressive rep-

resentation that can help capture hierarchical [264] and nuanced variations across different

classes [265]. CcGAN [264] achieves this by assigning weights using a Gaussian kernel

based on the distance from the target label, allowing the model to handle sparse data more

effectively. The proposed hard vicinal and soft vicinal discriminator loss allows the generative

model to smooth the transition across continuous labels. It has been demonstrated that by

introducing uncertainty, label smoothing [266] helps generative models improve their training

stability and robustness. However, in the domain of audio, it is generally very difficult to

obtain regression labels, and the number of high-quality datasets for sound effects pales in

comparison with images. This makes applying a similar conditioning method to sound effects

modelling difficult.

In this research, I aim to study sound effects modelling under a GAN architecture by condi-

tioning our generator on probabilistic soft labels. Different from CcGAN [264], I wish to blur

the boundaries between discrete classes without requiring regression labels. To achieve this,

we introduce an implicit conditioning method by manipulating discrete labels into continuous

probabilistic vectors as conditioning. In Section 7.2, I will elaborate on the proposed method

by integrating it into a WGAN [113] model for Mel-spectrogram generation. In Section7.3

and Section7.4, we discuss the training details and the experiments as well as the evaluation

metrics we used. We show the control effectiveness of the soft-labelling approach and propose

two metrics to understand and evaluate the controllability of our conditioning approach using

a pre-trained audio classifier. The results are shown in Section 7.5.

7.2 Methodology

7.2.1 Proposed conditioning method

We start by formulating our research goal. For a generator model, G, whose task is to output

a two-dimensional Mel-spectrogram, M , we wish to condition the model on a continuous
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(A) Sampled vectors as conditioning labels. (B) Interpolate between two classes.

FIGURE 7.2. On the left we show how our conditioning labels are obtained
by sampling from a Gaussian distribution parameterized by the mean and log
variances learned from the encoder classifier. The conditioning labels C1, C2

are passed into the generator for conditional generation. On the right, we
show how to interpolate between two classes to obtain the conditioning labels.
Imagine a two-class audio dataset. We could obtain its ’latent representation’
via an encoder under an auto-encoder architecture, which outputs the mean and
variance of the input. By special configuration of the architecture, we could
train the encoder to output specific mean values, such as 0 or 1, which we could
use to associate meaning to corresponding classes. Vectors are then sampled
from distributions parameterized by the means and variances output from the
encoder and could be used as soft labels to guide sound generation. In this
way, each sampled vector is actually associated with probabilistic meanings
that relate to particular audio classes. Vectors sampled with a mean of 1 in the
first channel would have a higher chance of outputting sounds that correspond
to the timbre of class 1, while vectors sampled with a mean of 1 in the second
channel would have a higher chance of outputting sounds that correlates to the
timbre of class 2.

vector, C, which encodes the acoustic attributes of input sounds across different categories.

To this end, we replace the one-hot vectors with a random variable sampled from a Gaussian

distribution. Given a conditional vector Cs, sampled from a Gaussian distribution parameter-

ized by mean and variance, our modelling objective is to estimate the conditional probability

distribution p(x|Cs) of the target data x. This can be formulated as:
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p(x|Cs) =

∫
p(x|z, Cs) p(z|Cs) dz (7.1)

where:

• x represents the target data we aim to model,

• Cs is the conditioning vector, providing context or attributes that the target data x

should adhere to, and

Cs ∼ N (µ, σ2), where µ and σ are learned from a classifier.

• z is a latent variable capturing aspects of x not specified by Cs,

• p(z|Cs) represents the distribution of latent variables conditioned on Cs,

• p(x|z, Cs) denotes the likelihood of x given both z and Cs.

Specifically, we first employ a CNN-based encoder classifier as shown in Figure 7.3 to

extract acoustical information from M . The encoder classifier learns the spectral-temporal

information and is expected to output class probabilities of the inputs. Instead of using the

probabilities directly as conditioning labels, we wish to obtain a control space that allows us

to interpolate the sound characteristics smoothly. To this end, we transform the output logits

from the encoder classifier into mean and variance variables, µ and σ2, respectively, which

are used for re-parameterization to enable gradient flow. Similar to a VAE[18], we sample

a vector from standard Gaussian distribution as ϵ ∼ N (0, I) to obtain the sampled vector

Cs = µ+ ϵ · σ2.

By introducing uncertainty and noise through the sampling process, we wish to construct a

more continuous space of categorical information among different classes of sounds. Instead

of relying on a simple concatenation process, we integrate the conditioning information via a

feature-wise linear modulation (FiLM) [267] operation that is applied to both Cs and z. FiLM

applies an affine transformation to the intermediate features of a neural network using scaling

and shifting operations, mathematically represented as FiLM(z, Cs) = fγ(Cs) · z + fβ(Cs),

where fγ and fβ are neural networks (typically MLPs) that map the conditioning input Cs

to the latent space dimension. This technique allows for precise control over how external
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information influences network activation values, leading to accurate and context-aware

outputs.

7.2.2 Model architecture

FIGURE 7.3. Proposed model architecture. The model is composed of a CNN
encoder classifier, an RNN generator, and a CNN discriminator. Yellow boxes
are part of the neural networks. Blue boxes indicate training inputs and outputs,
while greens represent explicit variables.

To demonstrate how our conditioning method performs, we integrate our conditioning method

into a GAN network for Mel-spectrogram generation. Mel-spectrogram correlates well with

human perception and has received much attention in neural audio synthesis [105, 268]. It

serves as an interpretable intermediate representation that could be effectively learned with

small amounts of data. With the advancement of neural vocoders [96, 95], we can usually get

decent audio reconstructions from Mel-spectrograms.

We denote our model as ICGAN (implicit conditioning GAN) with the entire model architec-

ture as shown in Figure 7.3. In addition to conditioning the generator on the class labels, we

also condition it on the extracted amplitude envelope from the Mel-spectrograms. Amplitude

envelopes serve as a regulator that guides the generator to synthesize spectrograms with

similar envelopes. This enables us to synthesize audio in a frame-level manner by inputting a
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guiding envelope during the inference. Additionally, with the help of amplitude information,

the generator model may achieve higher synthesis quality, which is discussed in Section 7.5.

To obtain the amplitude envelope from the Mel-spectrograms, we sum and average the power

amplitude across all frequency bins to get the frame-level amplitude envelope A:

A(t) =
1

F

F∑
f=1

P (f, t) , (7.2)

where P (f, t) is the power at frequency bin f and time frame t for all frequency bins

f ∈ [1, F ]. In this way, the generator is guided by the amplitude information as well as the

class-conditioning vectors. To synthesize the 2D spectrograms, we use the same RNN-based

generator to model Mel-spectrograms as [161]. The generator is a three-layer GRU unit

with an internal size of 512 followed by a linear layer. It sequentially transforms the input

information to Mel-spectrograms with the same sequence length.

As for the encoder classifier and the discriminator, we adopt a simple LeNet-5 [269] as shown

in Figure 7.3. Both the encoder classifier and discriminator models employ 2D CNN layers

to extract spatial information from the input spectrograms. Once the model is trained, we

transform the generated Mel spectrogram to audio waveforms using a pre-trained neural

vocoder [95]. The HifiGAN vocoder was trained on the Audioset[185] dataset, which contains

millions of labelled sound events. It is expected to be able to convert Mel-spectrograms back

to audio waveforms agnostic to the audio source. Our complete model implementation can be

accessed at the companion website1.

7.2.3 Loss functions

Instead of providing explicit labels as input into the generator, we employ continuous categor-

ical labels as conditioning vectors learned from the classifier. To facilitate the learning of the

conditioning vectors, we force the re-parameterized Gaussian distribution to be similar to a

Gaussian distribution formulated based on discrete class labels with a ground-truth mean and

1https://github.com/Reinliu/ICGAN

https://github.com/Reinliu/ICGAN
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variance pair (refer to Fig. 7.3). We use the Kullback-Leibler divergence (KLD) to measure

the similarity of the two distributions. We compute a regularization loss Lreg that incorporates

the KLD using the one-hot vector label L, as well as the mean µn and variance σ2
n vectors

obtained from the encoder classifier:

Lreg = −
1

2

N∑
n=1

(
1 + log(σ2

n)− (µn − Ln)
2 − σ2

n

)
, (7.3)

where N is the dimension of the label space, which corresponds to the total number of classes,

and one hot values Ln are used to indicate the target distribution mean. Apart from the

regularization loss, we adopt the Wasserstein GAN (WGAN) [113] loss framework for the

discriminator, mirroring its proven approach to evaluate the discrepancy between real and

generated data distributions. The generator loss is shown below:

LG = −Ex̃∼Pg [D(x̃)] + Lreg (7.4)

where Ex̃∼Pg [·] denotes the expectation over samples x̃ generated by the generator’s distri-

bution Pg and D(x̃) represents the discriminator’s (critic’s) score for the generated samples.

Notice that our generator loss also includes the regularization loss as illustrated above. In this

way, the generator learns to accommodate changes associated with the classifier updating its

output. This allows the generator and encoder to update their weights simultaneously within

each batch, helping to stabilize the training and make the results more reliable.

With regard to the discriminator, we enhance training stability and enforce the Lipschitz

constraint essential for optimal discriminator behaviour by integrating the gradient penalty

mechanism that is a hallmark of the WGAN-GP model [114] as shown below:

LD = Ex̃∼Pg [D(x̃)]− Ex∼Pr [D(x)]

+ λ · Ex̂∼Px̂

[
(∥∇x̂D(x̂)∥2 − 1)2

]
(7.5)
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• Ex∼Pr [D(x)] is the average score that the discriminator gives to real samples.

• λ · Ex̂∼Px̂

[
(∥∇x̂D(x̂)∥2 − 1)2

]
represents the gradient

penalty. This term enforces a Lipschitz constraint and is crucial for the model’s

stability. The penalty is applied to the gradients of the discriminator’s scores with

respect to interpolated samples between real and generated samples, pushing these

gradients to have a norm of 1. We set λ = 10 in our experiments.

7.3 Experiments

(A) Discriminator loss (B) Generator loss (C) Regularizer loss

FIGURE 7.4. Visualization of the loss trend in our ICGAN model. We gener-
ally see a convergence after 300k iterations when all three losses are shown
stable. The regularizer loss quickly converges while discriminator and gener-
ator loss oscillates around -0.5 and 4 respectively.

7.3.1 Dataset

As we are mainly interested in modelling sound effects, we meticulously construct an impact-

sound-based audio dataset with sounds selected from the Boom Library2 and BBC Sound

Library [224]. Because of copyright issues, these datasets are not open to the public. Our

dataset consists of three kinds of impact sounds: footsteps, gunshots, and hits. Each of these

sound types is also comprised of several classes dependent on the labelling of such sounds.

For example, footsteps contain ’Concrete’, ’Gravel’, ’Leaves’, etc., while hits contain ’Punch

face’, ’Hit bag’, ’Hit bone’, etc.

2https://www.boomlibrary.com/

https://www.boomlibrary.com/
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There are 6 subcategories of footstep sounds, 10 subcategories of gunshot sounds, and 9

categories of hit sounds. Each of the subcategories contains 100-200 sounds. In total, there are

4817 sounds and we split our dataset into 4335 (90%) for training and 482 (10%) for testing.

Each of the sounds is sampled at 16 kHz and has a length of 4 seconds. We pre-process each

sound to extract its Mel-spectrogram with a hop length of 64, and FFT size of 1024. All

of the Mel-spectrograms have a length of 400 frames and 64 frequency bins. This setting

corresponds to a pre-trained HiFiGAN vocoder [69] trained on the Audioset [185] dataset,

allowing us to easily transform the Mel-spectrograms back to audio waveforms.

7.3.2 Training

We trained our model with the aforementioned datasets of three categories of sounds (footstep,

gunshot, hits) for 10,000 epochs on an RTX 3080. Each model is conditioned with the

variations within each category (eg. concrete, gravel, snow for the footstep category). We

use an Adam optimizer [257] with a learning rate of l = 0.0001, β1 = 0.5, β2 = 0.999.

During training, the discriminator loss stabilizes between -0.4 and -0.7 after about 100 k

iterations indicating convergence. The regularization loss converges more slowly and requires

approximately 300 k iterations as shown in Figure 7.4. As the regularization loss is added to

the generator loss, the generator loss oscillates until the regularization loss converges after

the 300 k iterations. Eventually, after the regularization loss stabilizes, the generator loss

converges to a value of around four.

In addition to the in-class sounds (sounds within the same category), we briefly test the

inference capability of our model on cross-class sounds. Therefore, we further trained our

model on a sound effect dataset DCASE2023 [227] and conditioned it on the 7 categories

such as motor engine, dog barks, and rain. We show the performance of the conditioning

method in Section 7.5.
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7.4 Evaluation Methods

7.4.1 Interpolation between two classes

Once the model is fully trained, we can abandon both the encoder and the discriminator.

Instead of extracting information from a sound’s Mel spectrogram, we can define an arbitrary

conditioning vector Cs. Entries in the Cs vector close to unity indicate strong correspondence

to a particular class within the sound type and values close to zero indicate no correspondence.

In order to explore the influence of the conditioning vector, we interpolate 100 points between

two target classes within a sound type. In other words, the values for one class increase from

zero to one, while the values for the other class decrease from one to zero.

In order to evaluate the ’class’ of the sound we use a separate pre-trained classifier that is

unrelated to the sound generation (described in the next section). In Figure .10, we show

four example pairs for each of the three sound categories. Each sound category was trained

using a separate model with its own dataset. We randomly picked two classes within each

category (eg, Footstep: concrete and gravel). Considering Figure .10, we generally see smooth

transitions from one class to another. Nonetheless, the sharpness of the transition seems to

vary as does the completeness of the transition.

7.4.2 Proposed metric for control effectiveness

To measure the effectiveness of our conditioning method, we incorporate a pre-trained classi-

fier that indicates the probability for each class of sound. This essentially links the conditioning

information with the generated output. To this end, we use PANNs [88], a large-scale audio

classification model trained on vast amounts of sounds [185] with 14 CNN layers. It was

reported to achieve great acoustic event detection and audio tagging performance agnostic

to sound types. Based on the pre-trained PANNs model, we fine-tuned and trained it on our

dataset until it converged and reached an evaluation score of 79.5%.
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FIGURE 7.5. Interpretation about MSD and REC. The REC measures the
horizontal distance of the effective control range where it reaches its saturation.
The MSD measures the vertical maximum difference of returned probabilities
between two ends.

We propose two evaluation metrics to evaluate our conditioning method: Maximum separation

distance (MSD) and range of effective control (REC) as shown in Figure 7.5. The MSD is

designed to quantify the breadth of the model’s conditioning space. It does so by measuring

the maximal extent to which the model’s output can be varied by adjusting the conditioning

vector to the limits indicating only one of the two target classes. In other words, ideally the

conditioning vector can shift the generated sound completely from one class to the other.

Practically, it can be incomplete. We measure the MSD score as the average of the total range

of the softmax probability score for each of the two target classes:

MSD = (P (j)max − P (j)min + P (k)max − P (k)min)/2, (7.6)

where j, k are two interpolation variables with a range varying from zero to one.
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The range of effective control (REC) is a metric that focuses on the practical operational range

of the conditioning vector to change the model’s output. It is calculated by determining the

interval within which changes to the conditioning vector lead to significant changes in the

output. More specifically, in Figure .10, we see the curves can saturate as the interpolation

values are varied towards the ends of the interpolation range. This is to say, the slope of

the curves can become flat towards the ends. Thus, we can define a threshold value for the

absolute value or magnitude of the slope of the curve. If the magnitude of the slope is too

small, less than some threshold, θ, we say the response has saturated. We define the REC

score as shown in equation 7.7, i ∈ [0, 1].

REC = iend − istart (7.7)

where:

• istart is the first interpolation value where
∣∣∣∆P (i)

∆i

∣∣∣ > θ,

• iend is the last interpolation value within the specified range where
∣∣∣∆P (i)

∆i

∣∣∣ > θ.

The REC score measures the segment of the output response curve for which the rate of

change in the class probability is greater than the threshold value, θ. We compute the REC

score for all pairs of classes under consideration, to explore how effectively the interpolation

between classes controls the timbre attributes of the sounds.

7.4.3 Evaluation setup

In order to evaluate the synthesis performance of our model, we need to compare sounds

generated by the model with real sounds. Therefore, we use our test dataset (refer to Sec-

tion 7.3.1) to provide reference sounds. We extract the amplitude envelopes of the reference

sounds and use a conditioning vector obtained by sampling a Gaussian model with a one-hot

ground truth class label vector corresponding to the class of the reference sound as the mean

for the Gaussian model. We provide the amplitude envelope and conditioning vector as inputs

to our ICGAN model and thus obtain one synthesized sound for each reference sound.
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We compare our ICGAN model with LTS (Latent timbre synthesis) [270], which enables

a smooth transition from one sound to another by interpolating the VAE latent space. We

denote ICGAN as the test in which we interpolated only conditioning vectors. Since LTS can

only interpolate the latent space from one target sound to another and it does not take in any

amplitude information as conditioning, for a fair comparison, we interpolated the amplitudes

using ICGAN between two target sounds in the same way as LTS and named it ICGAN-w

(with amplitude interpolation).

For the ablation study, we have also retrained our model by completely removing the amplitude

envelope from the conditioning and named this ICGAN-n (no amplitude information). Finally,

We added a comparison with the classical conditioning method as [99], namely, by inputting

one-hot representations of the discrete labels into the generator and discriminator networks.

We denote this model as conditional GAN (CGAN). Please note that we also interpolated

values in the conditioning space of CGAN even though, during training, it was only accepting

one-hot vectors. The reason for this is to test whether the model is able to extrapolate smooth

transitions between discrete values.

All results are shown in Table 7.1. We evaluate the quality of the synthesis by comparing the

similarity between the synthesized sounds and the reference sounds. We select a range of

evaluation metrics including Frechet Audio Distance (FAD) [210], Frechet Inception Distance

(FID) [211], and Log-Spectral Distance (LSD). Both FAD and FID are common metrics for

evaluating the quality of generated data (audio and images) in generative models. They rely

on pre-trained classifiers to extract features from both real and generated samples.

The distance scores are then reported by computing the mean and covariance of these feature

sets. This statistical approach captures not just the sound quality, but also the diversity within

the datasets. For FAD, we use the VGGish [162] classifier with a sample rate of 16kHz,

and for FID, we employ the InceptionV3 [271] classifier. Additionally, we compute the

pairwise log spectral distance between the generated Mel-spectrogram and the reference

Mel-spectrogram. We report the final LSD as the average score from each category.
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7.5 Results

7.5.1 Conditioning performance

Since we have several classes of sounds for each sound type or category, there are several

possible pairs of classes with which to interpolate between. We refer to these pairs of classes

as interpolation pairs. For the purposes of showing results, we average the results across a

sample of interpolation pairs. The average results obtained for the MSD and REC are shown

in Table 7.1. When computing the REC, we use a threshold value given by θ = 1e−2.

For the MSD score, we found that CGAN achieves the highest score. This makes sense

because it was hard conditioned on discrete values between two ends, namely 0 and 1. The

classification could successfully tell the class on the two ends. On the contrary, REC reflects

that CGAN gets much lower scores because the transition between two ends is rather discrete

and drastic. Our ICGAN-w, in which we interpolated the amplitudes together with the con-

ditioning space, achieves the highest REC overall and performs second best in MSD. This

shows the potential of our method, as it no longer requires interpolating in the uninterpretable

latent space to shift from one sound to another. Although interpolating the conditioning

space only did not yield the best performance, we nonetheless found it useful as it provides a

straightforward and interpretable control over the sound categories, which could not be easily

achieved using other models relying on extensive labels.

Additionally, the results for the REC score indicate that the effective range of condition-

ing varies across different sound types. We found the Hits category obtains the highest REC

overall, whereas the DCASE dataset attains the lowest. We hypothesize that this can be

attributed to the degree of variance within different sound classes. To test this, we extract and

average the MFCC features for each sub-category, then compute and normalize the pairwise

Euclidean distances between categories, and finally get the averaged similarity scores for

each dataset. We found that our Hits dataset did have higher variances among different

sub-categories, with a normalized similarity score of 0.568, which is higher than Guns 0.451,
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Footsteps 0.316 and DCASE 0.342. The high degree of variations among different sub-

categories could enable the encoder classifier to efficiently learn the intricate differences and

thereby output meaningful and smooth values, which likely results in the smooth transitions

of different classes. However, how exactly dataset variations could contribute to different

control affordances needs further investigation.

7.5.2 Synthesis performance

In Table 7.1, we found that our model excels in statistical similarity metrics reflected in

FAD and FID scores, indicating a high degree of performance in the quality and diversity of

the generated data. However, from the log spectral distances which compare the pairwise

signals directly, we realized the explicit conditioning method achieves higher accuracy in

the spectrogram reconstruction. This is because our implicit conditioning method introduces

uncertainty through sampling, resulting in lower accuracy for reconstructing signals with

definitive labels.

On the contrary, this also brings higher sample diversities reflected in the statistical measures.

We also noticed an increase in dissimilarity between the target and generated data trained

by the DCASE Foley dataset. It becomes more difficult for both models to reconstruct the

signals when the conditioned data vary more. We have also observed that after removing the

extracted amplitudes, the audio quality was reduced significantly. We believe the amplitude

information provides important guidance for the generator for synthesis.

7.5.2.1 In-domain Sound Generation

In Figure 7.6, we show the synthesized Mel spectrograms corresponding to different classes

within the Foodsteps sound category: concrete, leaves, and gravel. Note that all three sounds

were generated using the same amplitude envelope, and the spectrograms exhibited similar

temporal changes. The amplitude conditioning helps the model maintain the overall contours

of the spectrogram while offering controllability varying timbral characteristics.
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(A) Footstep-concrete

(B) Footstep-leaves

(C) Footstep-gravel

FIGURE 7.6. Generated in-class sounds. The models are trained in the same
footsteps category with different variations denoted by its property.

7.5.2.2 Out-of-domain Sound Generation

In addition to conditioning on in-class sounds, our model could also be trained to synthesize

out-of-domain sounds. In Figure 7.7, show an example of footstep sounds 7.7a, gunshot

sounds 7.7b, and dogbark sounds 7.7c. The sounds are generated from the ICGAN model

trained on the DCASE Foley 2023 Dataset [227].

This time, we manually set the conditioning vectors that correspond to three channels of the

sound categories: footstep, gunshot, and dogbark. The conditioning space now represents



7.5 RESULTS 133

(A) Footstep

(B) Gunshot

(C) Dogbark

FIGURE 7.7. Cross-domain sound visualization. We trained the single model
conditioned on different classes using the DCASE [227] dataset.

a much greater variation in spectral and timbral quality, because they are trained on sounds

coming from different categories. We observed that the model is able to output sounds that

follow similar timbres of these categories. (The complete demonstration of cross-domain

sounds could be listened to in our accompaniment website 3.)

However, while the spectral characteristics vary among the three categories of sounds, the

sound generator often fails to output high-fidelity sounds. We noticed a lot of glitches in

the tones generated when we set the conditioning vectors high (eg. larger than 1). This can

3https://reinliu.github.io/ICGAN-Paper/

https://reinliu.github.io/ICGAN-Paper/
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likely be attributed to the limited variance given our dataset. The model is not well-trained

when there are gaps or discrepancies across the sound categories. Therefore, to further help

improve the generation quality of out-of-domain sounds, future work could include exploring

larger datasets with more variances in the temporal and spectral information.

7.6 Discussion and Conclusion

In this research, I proposed a novel conditioning method that translates discrete labels into

a continuous probabilistic labelling space. I have applied this implicit conditioning method

to the domain of neural audio synthesis and explored model performance in terms of the

effectiveness of the conditioning vector in controlling the sound class and the audio quality of

the generated sounds. I primarily focused on in-domain variations in sound effects but briefly

considered cross-domain sound effects. Our approach shows promise when compared with

conventional conditioning methods, but requires more development.

I have shown that the conditioning vector can effectively interpolate between sound classes

and enable a smooth transition in the timbre space without relying on excessive labels. I have

also observed that the control effectiveness seems to relate to the variations of a dataset, but I

will leave this question to future investigation. I hope our proposed conditioning approach

sparks more creativity in the sound design and synthesis field and allows for interesting

future explorations in the continuous conditioning space, such as interpolation involving more

than two dimensions and also mixing the features of various target sounds. Future work

could include incorporating a training mechanism that encourages a more consistent and

controllable conditioning space.
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Control Audio Quality
Dataset Model MSD↑ REC↑ FAD↓ FID↓ LSD↓

Footsteps
Similarity: 0.316

ICGAN 0.683 0.392 2.85 64.61 0.119
ICGAN-w 0.807 0.696 / / /
ICGAN-n 0.744 0.610 16.66 163.4 0.118
CGAN 0.851 0.022 4.90 102.5 0.086
LTS 0.759 0.667 8.86 145.6 0.125

Guns
Similarity: 0.451

ICGAN 0.637 0.579 2.64 60.44 0.235
ICGAN-w 0.733 0.721 / / /
ICGAN-n 0.722 0.629 7.09 177.4 0.197
CGAN 0.841 0.018 2.88 76.43 0.187
LTS 0.637 0.711 4.97 126.9 0.289

Hits
Similarity: 0.568

ICGAN 0.647 0.863 1.27 60.58 0.136
ICGAN-w 0.795 0.903 / / /
ICGAN-n 0.773 0.807 5.19 110.6 0.146
CGAN 0.911 0.011 2.43 95.57 0.124
LTS 0.677 0.936 2.93 97.87 0.176

DCASE
Similarity: 0.342

ICGAN 0.509 0.210 6.956 79.60 0.272
ICGAN-w 0.727 0.569 / / /
ICGAN-n 0.641 0.513 16.49 185.5 0.292
CGAN 0.818 0.026 10.21 108.6 0.246
LTS 0.693 0.512 7.67 131.4 0.321

TABLE 7.1. Comparison of model synthesis performance and control afford-
ances. ICGAN is the proposed model as illustrated in 7.3. ICGAN refers to
our proposed method by interpolating only conditioning space. ICGAN-w
is the same ICGAN model but we also interpolated the extracted amplitudes
from two target sounds. Therefore the audio quality is the same as ICGAN.
ICGAN-n is a re-trained model that completely removes amplitude informa-
tion. CGAN denotes the conditional GAN using concatenation. LTS refers to
’Latent Timbre Synthesis’ [270] which does latent space interpolation between
two target sounds. Up-arrows indicate the higher the score the better, and vice
versa. To understand whether different datasets might have an effect on the
results of our experiments, we extracted and averaged the MFCC features for
each sub-category, computed and normalized the pairwise Euclidean distances
between categories, and derived averaged similarity scores. The computed
similarity scores are shown on the first column of datasets.



CHAPTER 8

Simi-SFX: A similarity-based conditioning method for controllable

sound effect synthesis

8.1 Introduction

Timbre is an audio term used to describe the unique acoustic characteristics of sounds, often

referred to as "the colour or tone of a sound"[272]. In the realm of sound effects—non-musical

and non-speech sounds—timbre serves as a critical audio descriptor, enabling listeners to

identify sounds and contributing significantly to the realism and immersive quality of audio

experiences[273]. For instance, the sound of footsteps can vary dramatically based on the

surface being walked upon. Materials such as wood, gravel, or metal each produce distinct

acoustic signatures that reflect their interaction with the environment [44, 99, 274].

The ability to accurately and meaningfully interpolate between these timbres is essential for

sound designers aiming to create dynamic and contextually rich soundscapes that mirror

varied environmental interactions [275]. This capability is particularly important in industries

such as film, gaming, and virtual reality, where nuanced sound design enhances narrative

depth and user engagement, ultimately enriching the overall auditory experience [15].

Generating sound effects with controllable variations has been a persistent challenge in

audio synthesis [276, 131, 277]. Traditional approaches often rely on sophisticated physical

models, which demand a deep understanding of signal processing parameters and algorithms.

To streamline this process, physically driven neural audio synthesis methods have emerged,

leveraging neural networks to reconstruct physical priors from sound, thereby enabling control

over the synthesis [278].
136
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While these methods are powerful, they often lack intuitive controls, making them less ac-

cessible to non-experts. Additionally, the perceptual subtleties of audio DSP parameters are

not always intuitive, posing challenges even for experienced users. The limited availability

of diverse, labelled datasets further hinders the development of flexible and broadly applic-

able sound synthesis systems, underscoring the need for more user-friendly and adaptable

approaches.

In the era of neural audio synthesis, generative models are often conditioned on various

modalities, such as class labels [159, 100], textual descriptions [69, 83], and visual inputs [197,

101], to guide sound production. A detailed overview of conditioning labels is shown

in Figure 7.1. While these approaches enable diverse forms of control, they frequently

struggle to capture the nuanced timbral differences inherent in distinct environmental contexts.

This limitation arises from the reliance on descriptive, hand-crafted labels, which are often

insufficient for achieving fine-grained control over sound expression.

The Differentiable Digital Signal Processing (DDSP) framework [13] offers a promising

alternative by conditioning sound synthesis on detailed features, enabling rapid training and

high-quality audio generation. However, despite its strengths, DDSP faces challenges in

certain areas, such as morphing between timbres and effectively modelling rigid-body impact

sounds—critical components of sound Foley. Addressing these limitations is essential for

advancing the flexibility and realism of neural audio synthesis systems.

In this research, I pursue two primary objectives: (1) to generate diverse variations of sounds

using a controllable guiding variable that modulates timbre, and (2) to synthesize high-quality

inharmonic and impulsive sound effects, such as footsteps and gunshots. While most sound

effect datasets are categorized by sound type, I aim to extract and leverage timbral information

both within individual categories and across different sound types. This approach captures

the similarity of a sound relative to all categories, preserving essential timbre cues that serve

as valuable conditioning information.

To ensure high-quality sound synthesis while maintaining computational efficiency for both

training and inference, I evaluated my method using a modified DDSP network specifically
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tailored for synthesizing impulsive broadband sound effects. This framework enables precise

control over timbre while meeting the demands of diverse and dynamic soundscapes.

8.2 Related Works

In the domain of neural audio synthesis, the latent space has been extensively explored to

control and interpolate the styles of high-level features of the target audio [279, 280, 270].

StyleGAN [281] introduces an unsupervised approach that uses intermediate latent vectors to

encode different characteristics of the synthesized output, allowing for style mixing. Although

originally developed for visual data, this approach can be adapted to sound synthesis to

capture and combine diverse stylistic attributes [282]. However, it remains unclear which

specific high-level feature is controlled by each sub-latent component of the latent vector.

Given the complexity and intricacy of the latent space, additional effort is often required

to establish meaningful control parameters that correspond to specific acoustic attributes.

This can be achieved through techniques such as perceptual timbre remapping [172, 251] or

adversarial fine-tuning [129]. Audio datasets, particularly in the sound effects domain, often

lack detailed descriptive annotations. To address this, many research efforts have focused on

extracting meaningful timbral information from audio samples using an analysis-synthesis

approach. A straightforward method for achieving a degree of audio control involves using

pre-processed audio features, such as pitch [14], loudness [13, 244], or spectral centroid [170],

to guide synthesis. These models are typically trained in a supervised learning manner, which

often reduces the requirement for extensive datasets.

However, the complexity and diversity of sound effects pose significant challenges. Many

variations in sound effects cannot be effectively controlled using only DSP-extracted audio

features. For instance, it is exceedingly difficult to transform the timbre of a footstep on

a concrete floor into a footstep on snow or sand using solely DSP-based audio descriptors.

While class-conditional sound synthesis methods [99, 100, 159] can capture subtle differences

between categories, such as different types of footsteps, their capacity for generating new



8.2 RELATED WORKS 139

timbres is limited by the discrete nature of one-hot vector representations commonly used in

class-conditional models.

To better leverage the information available in sound datasets, Nistal et al. [84] proposed a

knowledge distillation approach that enables semantic control over sound categories. This

method uses ‘soft labels’ derived from a large audio tagging system to provide richer condi-

tioning information. Furthermore, Liu et al [283] introduced an implicit conditioning method

that employs continuous vectors sampled from a distribution to represent and condition the

generator on each class, enabling smooth timbre interpolation across audio categories. How-

ever, since the conditioning vectors are sampled from a standard Gaussian distribution, they

are unbounded, which can make them challenging to control effectively.

Unlike pure generative models, differentiable digital signal processing (DDSP) [13] integrates

DSP components directly into an autoencoding network. By doing so, it leverages the

structured priors provided by DSP principles, which streamline the training process, while

also harnessing the neural network’s ability to accurately fit the timbre of target sounds.

However, the original DDSP employs a harmonic-plus-noise synthesizer, which is primarily

designed for harmonic signals and thus inadequate for impulsive sounds, as shown in [244].

For many sound effects that include narrow-band components or transients, the original

time-varying FIR filter struggles with the trade-off in time-frequency resolution.

Consequently, several approaches have been proposed to extend DDSP for modelling inhar-

monic and impulsive sound effects. Lundberg [133] explored vehicle engine noise modelling

by integrating a transient synthesizer [134] into DDSP. Liu et al.[244] expanded this idea

to model rigid-body impact sounds such as gunshots and footsteps. Serrano[284] focused

specifically on modeling footsteps using the original time-varying FIR filter, conditioned on a

Ground Reaction Force (GRF) curve. Meanwhile, Diaz et al.[56] developed a differentiable

IIR filter bank for modelling rigid-body sounds conditioned on the shape and material of ob-

jects. For a more generalized approach, Barahona-Rıos[170] introduced a series of multi-rate

filterbanks to synthesize source-agnostic sounds with fine-grained control.
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8.3 Methods

8.3.1 Similarity Score

FIGURE 8.1. A visualization of a three-class embedding clusters. Notice
that depending on the distance from each cluster’s centroid, a sound might
possess the sound characteristics of multiple classes. The closer the sound is
from a centroid of a class, the higher the chance that it possesses the feature
associated with that class.

Our method for conditioning the generative model draws inspiration from statistical evaluation

metrics used in deep generative models. For instance, Frechet Audio Distance (FAD)[210] em-

ploys large pre-trained audio representation models, such as VGGish[162] and PANNs [88], to

extract meaningful timbre information from both the reference audio dataset and the generated

audio. FAD measures the Wasserstein-2 distance between two multivariate Gaussians—one

representing real audio embeddings and the other representing generated audio embeddings.
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To illustrate, consider a footstep dataset with three categories, each exhibiting a unique timbre,

as shown in Figure 8.1. For each sound category, we compute embeddings for all audio

samples, obtaining the mean and covariance for the category. To extract these embeddings, we

utilize the Contrastive Language-Audio Pretraining (CLAP) model [89], which was trained

on the extensive LAION-630k dataset containing natural sound effects. CLAP was shown to

excel in modelling timbre similarities by Tian et al [285].

Given an audio signal, such as "Sound 1" in Figure 8.1, we can quantify its statistical similarity

relative to each sound category. Inspired by anomaly detection techniques, where similarity

scores are computed to identify outliers, we calculate distances using the Mahalanobis distance

(MD) [286]. The Mahalanobis distance is a multivariate measure that assesses the distance

between a point and a distribution. In our context, for an audio signal x and a group of audio

samples characterized by mean µ and covariance matrix Σ, the Mahalanobis Distance (MD)

is defined as:

MD(x) =
√

(x− µ)TΣ−1(x− µ), (8.1)

FIGURE 8.2. The process of similarity score extraction. We use Contrastive
Language Audio Pretraining (CLAP) to extract embeddings of each sound.
The embedding group of the audio class can be treated as a cluster of sounds
with certain characteristics. For any audio, we can measure the Mahalanois
distance relative to each class. The returned score is normalized across each
channel to the range [0,1] for easy control.

Since the calculation of the MD requires the covariance matrix, Σ, to be invertible, we

regularize Σ by adding a small value, a process known as diagonal loading: Σ ← Σ + ϵI ,
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where I is the identity matrix of the same dimension as Σ. This ensures the determinant is

non-zero. The computed MD can be interpreted as a measure of similarity to a class (e.g.,

how similar a gunshot recording is to a balloon explosion).

For a dataset with three categories, the MD for a given sound can be computed relative to all

three categories, resulting in a three-dimensional vector, as illustrated in 8.2. However, due

to variations in intra-class and inter-class variances, the MD values can exhibit significant

range disparities. To address this, we normalize the MD for each channel using min-max

normalization, yielding the normalized Mahalanobis distance (MDN ):

MDN =
MD −MDmin

MDmax −MDmin

. (8.2)

The normalized Mahalanobis Distance falls within the range [0, 1]. A lower MD indicates

that the point is closer to the distribution centre of the corresponding class, signifying a

stronger presence of the timbre associated with that sound category and vice versa. Using

this approach, we derived a compact vector that encodes timbre information, which can be

intuitively controlled via a fader or knob [173]. When applied to a generative model, this

enables the creation of timbral variations.

8.3.2 Design of the transient model

Our transient modelling approach is founded on a simple yet effective principle: the inverse

discrete cosine transform (IDCT) of a sinusoidal signal corresponds to an exponentially

decaying impulse, as introduced in [134]. This technique has been successfully applied to

DDSP in combination with harmonic-plus-noise synthesis to model various sounds, such as

footsteps [244], vehicle engines [133], and piano sounds [287]. Our approach builds upon

DDSP-SFX [244], where the decoder outputs frequency and amplitude values to synthesize

sinusoids, which are then converted to impulses in the time domain using iDCT. Since multiple

transient signals may be required within a single frame of sound, we synthesize f/2 sinusoids

per frame, where, f denotes the frame length and acts as a sub-sampling rate. The synthesized

sinusoids are then modulated by an amplitude vector, A, which is learned from the decoder.
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As the decoder operates at a lower sampling rate, A is upsampled to the target sampling rate

Fs to match the length of the entire signal. This upsampling is achieved using a combination

of transposed 1-D convolution and ReLU activation. The complete transient model can be

formally expressed as:

x[n] =
N−1∑
n=0

K∑
k=1

An,k IDCT
(
sin

(
2πFn,k

t

f

))
, (8.3)

where:

• K is the number of sinusoids synthesized per frame and K = f/2 in our case.

• An,k is the amplitude of the k-th sinusoid in the n-th frame.

• Fn,k is the frequency of the k-th sinusoid in the n-th frame.

• IDCT is the inverse discrete cosine transform.

• t is the time index.

• f is the frame length.

8.3.3 Loss function for the transient model

As the FIR-filtered noise synthesizer operates at a lower sampling rate, it may inadequately

capture the details of transient energies. NoisebandNet [170] addresses the trade-off between

frequency and time resolution by designing a large-scale filter bank, albeit at the expense of

increased computational cost. However,the equidistant placement of transients along the time

axis, as proposed in [134, 133], does not fully resolve the issue of missing transient energies.

To better guide transient synthesis, we propose incorporating a dedicated loss function. First,

we separate the percussive components of the training audio using harmonic-percussive source

separation (HPSS) [256], with a kernel size of 31 and a margin of (1, 3). Next, local peak

estimation is performed to identify spectral peaks along the time axis, which are then converted

into one-hot vectors, with non-peak regions set to 0. To ensure that synthesized impulses are

placed only at these peak locations, we create a sparse waveform Xs by multiplying the one-

hot peak vectors with the original waveform. Finally, an L2 loss is computed directly between
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the transient signal and the sparse peak waveform, providing a more targeted approach for

transient synthesis.

8.3.4 Architecture

FIGURE 8.3. Overview of our proposed model architecture. Spectral centroid
and loudness are extracted explicitly from input audio during the pre-
processing stage. Similarity scores are also obtained by measuring the Ma-
halanobis distance between each audio embedding and group audio embedding
of each class. A decoder is conditioned on these three features to generate
parameters required for noise and transient synthesizers. The synthesized
audio is used to calculate the multi-scale STFT loss for audio reconstruction.
Furthermore, to help the transient synthesizer precisely place the transient
energies across the time axis, we compute an L2 loss relative to extracted peaks
signal from input audio by performing harmonic-percussive source separation.

In Figure 8.3, we present our model architecture, which builds upon DDSP. Similar to

NoisebandNet [170], we extract spectral similarity and loudness features from the input audio,

sampled at Fs = 44100 Hz, using a window size of W = 256. These features are concatenated

and passed into the decoder to generate parameters for the noise and transient synthesizers.

Additionally, we compute a similarity vector by calculating the MD relative to each class, as

illustrated in Figure 8.2. The similarity vector is an n-channel vector where n represents the

total number of classes. This vector is first smoothed using a Multi-Layer Perceptron (MLP)

layer. Subsequently, we employ Feature-wise Linear Modulation (FiLM) [267] to project the

similarity vector onto the decoder with a sequence length matching that of the input features.
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We utilize the same decoder architecture as DDSP [13], which is responsible for generating

the magnitude frequency response for the noise synthesizer, as well as the amplitude and

frequency parameters for the transient synthesizer. The outputs of the noise and transient

synthesizers are combined and subsequently processed using the same reverb algorithm as

DDSP [13].

8.4 Experiments

8.4.1 Dataset

TABLE 8.1. Number of Sounds in Footstep and Impact Categories

Footsteps Impacts
Category Amount Category Amount
All 2127 All 1666
Board 83 Smash 153
Concrete 278 Gunshots 280
Gravel 292 Knocks 321
Leaves 378 Explosion 169
Snow 253 Footsteps 528
Squeaky 65 Bounce 155
Stairs 207 Punch 60
Tile 201
Wood 370

In this research, we focus primarily on the generation of rigid-body impact sounds. Most

existing sound effect datasets categorize sounds based on broad classifications (e.g., footsteps,

rain, birds), with limited detailed separation within categories (e.g., footsteps recorded on

different materials). To address this, we sourced 2,127 footstep sounds from Freesound [288]

and categorized them into nine groups based on the material of the contacting surface, as

detailed in Table 8.1. The timbral differences across these categories provide a suitable

framework for testing the effectiveness of our proposed conditioning variable in controlling

the timbre of synthesized sounds. In addition to the Footstep-set, we collected another 1,666

impact sounds commonly used in games from Freesound. This broader classification allows

us to evaluate the effectiveness of our conditioning approach under greater variance across
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class embeddings. All sounds were sampled at 44.1 kHz with 16-bit depth and a duration

of 4 seconds. The datasets are publicly available at: https://zenodo.org/records/

14286414

8.4.2 Training

To set up the training, we first extract spectral centroid and loudness features from each

audio sample, using an FFT size of 256 and 50% overlap. This process results in feature

vectors with a sequence length of 690. For the decoder, we use a hidden size of 512 across

all experiments. The noise synthesizer is configured with 100 frequency bands. As detailed

in Section 8.3, we use 128 frequencies for sinusoidal modelling, which corresponds to half

the frame size. To prevent aliasing, the frequencies are clipped to the range (0, 128). For the

multi-scale STFT loss [144], we compute spectrograms using FFT sizes of 2048, 1024, etc.

down to 16, dividing by a factor of two. The model is trained for 5,000 epochs on an NVIDIA

RTX 4070 Ti GPU, with a batch size of 16. We use the ADAM optimizer [257] with an

initial learning rate of of 1× 10−4, which decays to 1× 10−5 after 80% of the training epochs.

Training takes approximately 17 hours for the Footstep-set and 13 hours for the Impact-set.

8.4.3 Fine-tuning based on similarity

Since the extracted similarity score is normalized to the range [0, 1], its distribution is not

constrained to follow any specific form, unlike in ICGAN [283]. To better understand its

probability density, we perform Kernel Density Estimation (KDE) as follows:

f̂(x) =
1

nh

n∑
i=1

K

(
x− xi

h

)
(8.4)

where f̂(x) is the estimated density function at point x, n is the number of data points,

xi are the data points, K(·) is a Gaussian kernel function, K(u) = 1√
2π
e−

u2

2 , and h is the

bandwidth, a positive scale factor that affects the smoothness of the density estimation. In

Figure 8.4a, we present the KDE results for each category in our footsteps dataset. The plots

https://zenodo.org/records/14286414
https://zenodo.org/records/14286414
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(A) KDE of the footsteps dataset.

(B) KDE of the impacts dataset.

FIGURE 8.4. Kernel Density Estimation of the distribution of similarity scores
of Footstep-set. The horizontal axis represents the similarity scores, ranging
from [0,1]. The vertical axis shows the estimated density values. We noticed
different distributions of similarity scores across different categories.

reveal significant variability in the probability density of similarity scores across classes.

For instance, certain ranges of similarity scores (e.g., 0.8-1.0 for concrete) are underutilized

during training compared to others (e.g., 0.3-0.5 for concrete). This imbalance can hinder the

model’s ability to generate diverse timbre variations.

To address this, after the model achieves satisfactory synthesis performance, we fine-tune

the similarity conditioning layers to account for the underutilized ranges. Instead of using

the similarity scores extracted from the dataset, we input pseudo-scores sampled uniformly

from the range [0, 1]. This ensures that all score regions are captured and utilized for guiding

sound synthesis. As illustrated in Figure 8.5, during fine-tuning, we freeze the decoder
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FIGURE 8.5. Fine-tuning process. The weights of the decoder are completely
frozen during the fine-tuning stage. For each batch, we sample a vector from a
uniform distribution in [0,1] and pass it to the decoder. We then measure the
similarity score of the generated audio and evaluate a mixture of L1&L2 loss.
In this way, the MLP + FILM layers are trained to match the input similarity
scores with generated sounds with diverse timbres.

layers and update only the similarity conditioning layers. Since the objective is no longer

to improve synthesis quality, we omit the reconstruction multi-scale STFT loss. Instead, we

treat fine-tuning as a regression task, minimizing the error between the ground-truth similarity

score (sampled from the uniform distribution) and the score measured from the generated

audio. The loss function combines L1 and L2 losses and is defined as follows:

L =
1

n

n∑
i=1

(si − ŝi)
2 +

1

n

n∑
i=1

|si − ŝi| (8.5)

where si represents the ground-truth similarity score, ŝi is the predicted score and n is the

batch size. Similar to the training process, we employ a batch size of 16 and a learning rate

of 1 × 10−4 with the ADAM optimizer [257]. The fine-tuning is conducted for a total of

10,000 epochs on an NVIDIA 4070 Ti GPU. This process takes approximately 10 hours for

the Footstep-set and 8 hours for the Impact-set.
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8.5 Evaluation

8.5.1 Synthesis Performance

We evaluate the synthesis performance of our method against three neural audio synthesis

models: the original DDSP (using only subtractive noise synthesis), the NoisebandNet model,

and ICGAN [283].

For the DDSP model, we maintain the same configuration for its noise synthesizer and training

settings as in our approach. This includes parameters such as the number of FFTs, multi-scale

STFT loss, batch size, and training epochs. The model is also guided by spectral centroid

and loudness features, extracted in the same manner as in our method, to inform the decoder

during sound synthesis.

For the NoisebandNet model, we implement its filter bank using 2,048 frequency bands, a

hidden size of 128, and a window size of 32. The model is trained separately on our two

proposed datasets, using 10,000 epochs, a batch size of 16, and a learning rate of 0.001.The

ICGAN model, which operates in the spectral-temporal domain, requires the extraction of

Mel-spectrograms from each audio sample. These spectrograms are computed with a time

resolution of 690 and 64 frequency bins. The model is then trained for 10,000 epochs with a

batch size of 16 and a learning rate of 1e−4.

To evaluate synthesis performance, we use two objective metrics: Frechet Audio Distance

(FAD) [210] and Log Spectral Distance (LSD). FAD is a statistical evaluation metric that

measures the overall similarity between two distributions: the reference dataset and the recon-

structed dataset. In contrast, LSD provides a pairwise comparison between a reference sound

and its corresponding generated sound. To generate the reconstructed dataset, we use the test

sets of our datasets as input audio. For each test sample, we extract the required audio features

to guide the models and set each model to evaluation mode to synthesize the reconstructed

audio. This ensures that every reference sound in the test set is paired with a corresponding

generated track from each model. FAD and LSD calculations are then performed using these
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reference and generated datasets, allowing us to objectively assess the synthesis performance

of each model.

8.5.2 Objective measure of controllability

In our study, we employ regression analysis, specifically Ordinary Least Squares (OLS) [289],

to quantitatively evaluate the effectiveness of the conditioning method used in audio signal

synthesis. Regression analysis is a robust statistical technique for quantifying the relationship

between independent variables and a dependent variable. The OLS method, a fundamental

and widely used form of regression analysis, estimates the parameters of a linear regression

model by minimizing the sum of squared residuals. This approach ensures that the best-fit

line closely approximates the true data points.

In our analysis, the independent variable, c, represents similarity scores interpolated between

0 and 1, indicating the proximity to a specific class A (ranging from close to distant). The

dependent variable, y, is the measured similarity of the synthesized sound relative to each

class. Ideally, when c = 0, the synthesized sound should exhibit a lower distance to class A,

indicating high similarity. Conversely, when c = 1, the synthesized sound should demonstrate

a higher distance, reflecting low similarity. This setup allows us to directly evaluate the

model’s ability to maintain meaningful conditioning during synthesis.

8.5.3 Regression Analysis Setup

To set up the experiment, we generated variations of each reference sound in our test set by

interpolating the similarity score for one channel from 0 to 1 in 100 steps, while keeping

all other channels fixed at 1. This resulted in 100 synthesized versions of each sound, all

guided by the same reference. To measure the similarity of each output sound relative to

each category, we opted to abandon the pre-trained CLAP model for embedding extraction to

minimize potential biases. Instead, we used PANNs [88], a model extensively employed in

audio tagging and sound event detection. A PANNs model pre-trained on Audioset [185] was

fine-tuned to classify the synthesized sounds into their respective categories. After fine-tuning,
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the model achieved a classification accuracy of 94.7%. Subsequently, we removed the final

layer of the model to use the remaining network as an embedding extractor.

Using these embeddings, we calculated the Mahalanobis Distance (MD) of each synthesized

sound’s embedding relative to the embedding clusters of each class, following a process

similar to the one described in Figure 8.2. For consistency and ease of visualization, the

MD values for each channel were normalized to the range [0, 1]. Finally, each synthesized

sound’s similarity metric was paired with its corresponding guiding vector value, creating

a dataset with independent variables (interpolated guiding vectors) and dependent variables

(normalized MD values). This dataset forms the basis for evaluating the relationship between

the guiding vectors and the resulting synthesized sound similarities.

Using Ordinary Least Squares (OLS) regression, we analyzed the relationship between the

guiding vector values–linearly interpolated from 1 (least similar) to 0 (most similar)–and the

normalized Mahalanobis distances, which represent the timbral similarity to each target class.

OLS was chosen for this analysis because of its ability to provide straightforward parameter

estimation by minimizing the sum of squared differences between observed and predicted

values in a linear model. Through preliminary analysis, we observed that the relationship

between the guiding vector values and the normalized distances is better described by an

exponential rather than a linear trend. To accommodate this, we transformed the exponential

regression model into a linear form by taking the natural logarithm of both sides. This

transformation allows us to perform OLS regression on the modified model:

ln(y) = ln(a) + b · x (8.6)

where y is the dependent variable (normalized MD), x is the independent variable, ln(a) is

the transformed coefficient to be estimated as the intercept, and b remains the slope of the

regression line. The objective of ordinary least squares (OLS) regression is to minimize the
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sum of squared residuals:

min
ln(a),b

n∑
i=1

(ln(yi)− (ln(a) + b · xi))
2 (8.7)

where n is the number of interpolation steps. After estimating the parameters, the model for

predictions is given by:

ypred = a · eb·xpred (8.8)

8.6 Results

8.6.1 Synthesis Performance

An impactful footstep often contains a sudden burst of energy that is challenging to model

solely by filtering white noise through a linear time-varying finite impulse response (LTV-FIR)

filter. In Figure 8.6, we present a randomly selected footstep sound, its reconstructed version

using our proposed approach, the synthesized noise component, and the synthesized transient

component. The reconstructed sound effectively captures the spectral content of the reference

sound.

While the noise component, modelled with the LTV-FIR filter (using 256 FFTs), accurately

reproduces the frequency spectrum of the reference audio, it falls short of representing the

temporal dynamics characteristic of the original sound. This limitation is evident in the lack

of temporal sharpness and impact, which are crucial for delivering the precise auditory cues

associated with the source material.

To address these shortcomings, we incorporate transient synthesis (illustrated as vertical

impulses with evenly distributed frequencies over a very short duration). This addition

enhances the model’s capability to reproduce the rapid onset and decay times that contribute

to the immediacy and impact of natural sounds. Moreover, by regularizing transient synthesis

with an additional L2 loss based on a sparse, peak-detected signal, the decoder learns to

emphasize amplitudes specifically at onset locations while attenuating amplitudes elsewhere.

This targeted approach improves the realism and perceptual quality of the synthesized sounds.
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TABLE 8.2. Model Performance Comparison Across Datasets and Measure-
ments.

Models Footsteps Impacts
FAD↓

Ours 6.0± 1.39 2.06± 0.91
DDSP 10.0± 2.39 6.07± 3.53
Noisebandnet 4.06± 1.08 1.89± 1.04
ICGAN 12.52± 4.81 4.92± 0.84

LSD↓
Ours 0.14± 0.03 0.11± 0.05
DDSP 0.22± 0.05 0.30± 0.11
Noisebandnet 0.13± 0.02 0.11± 0.04
ICGAN 0.20± 0.06 0.18± 0.08

Since our datasets consist of multiple categories, we computed the mean and standard

deviations for the entire dataset to ensure robust evaluation. Both the FAD and LSD results

demonstrate that the performance of our model is comparable to that of the NoisebandNet

model, which employs a large filterbank noise synthesizer with pre-stored noise bands.

Although our architecture uses the same noise synthesizer as the original DDSP, the addition

of the transient synthesizer significantly enhances the placement of transient energies at

a sub-frame level. This improvement is crucial for reconstructing fine-grained details of

impulsive sounds. Additionally, Noisebandnet requires significant amount of memory to

store pre-computed coefficients for the filterbanks, thus making the training more difficult to

accomodate a very large dataset. Furthermore, as Noisebandnet does not implement a latent

space, it is not able to achieve timbre control due to the limitation of the explicit features it

relies on such as loudness and spectral centroid.

The ICGAN model performs similarly to DDSP but falls short of delivering satisfactory

quality compared to the other models. We hypothesize that this shortfall may be due to the

implicit nature of its conditioning method for encoding class information. This approach

introduces stochasticity into the conditioning process, potentially degrading audio fidelity.
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Additionally, we observed significant differences in results across the two datasets we evalu-

ated. The Impact-set achieved better results than the Footstep-set, despite identical configura-

tions for both datasets. We hypothesize that this disparity arises from the lower variance in

the Impact-set compared to the Footstep-set.

Overall, our approach demonstrates its effectiveness for synthesizing sound effects rich in

dynamics and transients. It achieves high-quality audio synthesis without the need to train a

large generative model, making it a practical solution for various sound synthesis applications.

8.6.2 Conditioning performance

In Figure .11, we present the plots of measured normalized Mahalanobis Distances (MD) as

a function of interpolated similarity scores ranging from 0 to 1. The relationship between

the normalized MD of each synthesized sound and its conditioning similarity score closely

follows an exponential trend. Ordinary Least Squares (OLS) regression yields a mean R2

value of 0.4774 for the Footstep-set model and 0.6041 for the Impact-set model, indicating a

strong correlation between the independent variable c and the dependent variable y.

The plots reveal that almost all sound categories exhibit clear separations between the presence

of a particular feature (at c = 0) and its absence (at c = 1). This demonstrates that the

model successfully learns to output distinct timbres based on the proposed similarity scores.

Additionally, the regression lines indicate a positive correlation between the normalized MD

and the input similarity scores. This suggests that the conditioning method effectively encodes

timbral information unique to different sounds, independent of other acoustic features such as

loudness and spectral centroid, which were held constant during this test.

Notably, a clear separation is observed in the similarity score range of 0.8 to 1.0 across

most categories. This implies that values below 0.8 have limited influence on encoding

timbre variations, potentially indicating a model bias toward generating outputs with specific

modes. To address this limitation, future research could explore strategies to expand the

effective range of control. This may involve employing pre-processing techniques to flatten



8.8 CHAPTER SUMMARY 155

the similarity score distribution or mapping the scores to a more meaningful scale to better

utilize the entire range.

8.7 Creative Usage of Timbre Control

In Figure 8.7, we qualitatively demonstrate how interpolating between two conditioning

similarity scores produces distinct timbres. For this example, we randomly selected a sound

from our test dataset and extracted its loudness and spectral centroid as input. All channels of

the similarity score were fixed at 1, except for the first channel (C1) and the second channel

(C2) which correspond to footsteps on metallic boards and footsteps on gravel, respectively.

These channels were interpolated from 0 to 1 (C1) and 1 to 0 (C2).

The resulting spectrograms reveal a clear progression in timbre. Initially, the signals exhibit

prominent harmonics in the higher frequencies, characteristic of footsteps on metallic boards.

As the interpolation progresses, these harmonics gradually transition into noisier signals

lacking harmonic structure, which are indicative of footsteps on gravel. For a more detailed

visualization and auditory experience, please visit our accompanying website 1. We have also

provided a colab notebook for interactive application of our research 2.

8.8 Chapter Summary

In this research, I proposed a similarity-based conditioning method designed to control timbre

variations in sound effects. This method was implemented within a lightweight neural audio

synthesis model and evaluated using our custom sound effect dataset, demonstrating its

creative potential for sound design. I have shown that this conditioning approach enables the

interpolation of subtle sound characteristics unique to different sound categories, providing

nuanced control over the synthesis process.

1https://github.com/Reinliu/Similarity-Score
2https://colab.research.google.com/drive/1gjLFRM8DzigBnoUKtBYDlp0wgi8Rk1oc?

usp=sharing

https://github.com/Reinliu/Similarity-Score
https://colab.research.google.com/drive/1gjLFRM8DzigBnoUKtBYDlp0wgi8Rk1oc?usp=sharing
https://colab.research.google.com/drive/1gjLFRM8DzigBnoUKtBYDlp0wgi8Rk1oc?usp=sharing
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The synthesis quality achieved by our method is comparable to state-of-the-art data-driven

sound effect synthesis algorithms. Furthermore, I have conducted a regression analysis to

evaluate the relationship between the synthesized sounds and the conditioning vectors. The

results indicate that our method effectively separates sound characteristics along the extremes

of the conditioning vectors, validating its ability to generate distinct timbral variations.

However, I have also observed that the effective range of control is densely concentrated

around similarity scores of 0.8 to 1.0, limiting the method’s overall controllability. Future

research could focus on improving the distribution of the conditioning similarity scores,

ensuring a flatter, more uniform range to enhance the granularity and effectiveness of timbre

control.



8.8 CHAPTER SUMMARY 157

FIGURE 8.6. Sound reconstruction based on a reference track. The spectral
centroid, loudness envelope, as well as similarity scores are extracted from the
original sound and used for audio reconstruction. The reconstructed, noise,
and transient separations are shown from top to bottom.
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FIGURE 8.7. An example of interpolating between two conditioning similarity
scores. We fixed all other channels as 1 for the whole time, and interpolated
the first channel C1 (Footstep: Board) from 0 to 1, while the second channel
C2 (Footstep: Gravel) from 1 to 0. A lower conditioning score of C1 or C2

indicates a higher similarity with class one or two, respectively.



CHAPTER 9

Conclusion

In this thesis, I reviewed the various methods of sound effects synthesis. In the era of deep

learning, neural audio synthesis models employ different conditioning labels 7.1 to associate

audio samples with particular interpretable information that could be used for control. In this

research, I have proposed several approaches to enable controllable sound generation under

limited audio datasets.

Particularly, in Chapter 4 and Chapter 5, I aim to answer the research question: How to

generate a wider range of sounds using neurla audio synthesis? By adapting simple GAN

architectures such as WGAN [113], I explored magnitude spectrogram generation and trained

our model on different types of sound effects, ranging from harmonic to inharmonic, impulsive

to sustained sounds. As GAN-based models usually suffer from mode collapse [112], I

incorporated a reconstruction loss on the global energy levels of the audio samples, specifically

the root mean square (RMS) values of the audio waveforms, rather than the full waveform

representation. Through experimentation, I found this approach helps balance the trade-off

between quality and diversity of the generated sounds. For the data scarcity problem, in

Chapter 8, I introduced two audio datasets targeted at common sound effects modelling. They

are publicly available from Zenodo 1.

To address the research question How to provide meaningful controls for neural audio

synthesis, in Chapter 6, I studied featured-conditioned SFX generation using DDSP by

training on three categories of common sound effects without text descriptions. DDSP

was known for its lightweight and flexible architecture, especially for musical instrument

modelling. To better model inharmonic sound effects, I adopt Verma’s [134] method for

1https://zenodo.org/records/14286414
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transient synthesis and adapt the DDSP on a VAE architecture. By meticulous design of the

encoder, I obtained a low-dimensional latent space that encodes timbre information on the

frame level. This approach was tested on a group of audio experts and non-experts. The

results show that its performance is comparable to the original audio, and by varying the latent

vector, I was able to modify the spectral distribution, or timbre, (shifting from the timbre of a

Mercedes engine to a BMW engine) in an implicit way. Despite the ability to alter the timbral

characteristics, the non-linear relationship between the latent vector and the spectral changes

makes it difficult to vary the sounds controllably. Sound designers must iteratively explore

the latent space, often moving from common (z = 0) to more unique timbres (|z| > 0), to

achieve the desired sound modifications.

To provide more interpretable control over the sound characteristics given limited audio

datasets with only categorical information, in Chapter 7 and Chapter 8, I explored conditioning

methods for generative sound modelling. Inspired by DarkGAN [84] which utilizes pre-trained

audio classifiers to generate soft labels for each sound, I conditioned our NAS models on

continuous pre-processed soft labels similar to CCGAN [264]. This approach introduces

uncertainty between the boundaries of discrete classes, which allows for possible interpolation

in the conditioning space. In Chapter 7, I started with a simple yet effective approach that

utilizes latent vectors as the conditioning labels for GAN training, and I refer to this model as

ICGAN. To no surprise, this approach significantly outperforms one-hot vector conditioning

in timbre interpolation but is inferior to direct latent space interpolation between two audio

targets as introduced from latent timbre synthesis [270]. This approach exhibits greater

performance in our quantitative evaluation metrics by incorporating amplitude vectors for

interpolation.

However, as uncertainty was introduced between discrete classes, although it is capable of

interpolating timbre between one class to another, the sound quality deteriorates significantly

when they are trained on sounds from different categories. Therefore in Chapter 8, I have

refined this approach by conditioning synthesis models on similarity scores that are obtained

from large pre-trained audio representation models. This time it was built on top of our

DDSP-SFX model, and this model is denoted as Simi-SFX, where similarity scores were



9.1 LIMITATION AND REFLECTION 161

used to guide the sound synthesis of sound effects. This approach not only enables timbre

interpolation across discrete classes, but also restricts the parameter to be within a controllable

range [0, 1].

To appropriately evaluate the controllability of a NAS model and differentiate the timbre

differences among generated sounds, in Chapter 6, I tested the perceptual capability of

differentiating between sounds in slightly varied timbres. Results show that many participants

were not able to tell the difference when the latent variable is set too low (|z| < 0.5). This

means that the variation of timbre is not significant when we change the latent variable.

I hypothesize that this is because the training dataset does not capture the full variations

of sounds. In Chapter 7 and Chapter 8, I have introduced several metrics to measure the

effectiveness of timbre encoding. From the quantitative analysis, it was shown that our

approach could interpolate sound timbres by varying the conditioning vectors. However, the

effective range of timbre encoding (REC) does not exactly overlap with the full range of

conditioning vectors. For fine-grained control, improvements could be made on remapping

the conditioning timbre space to enable smoother interpolation within the full range.

Nevertheless, the Simi-SFX model integrates many components of this research, including

variable-length audio generation, the ability to vary timbre using a controllable range, the

refined approach towards transient modelling under DDSP, etc. Additionally, Simi-SFX is

completely unsupervised and is easy to train with small datasets as few as ten minutes of audio

recording. When using the similarity score to control the timbres of sounds, our approach

is highly flexible as it does not require any reference sound. I hope this research could help

sound designers in their creative workflow and spark more creativity in the sound design

industry.

9.1 Limitation and Reflection

Admittedly, there are limitations of my approach towards controllable audio synthesis. Al-

though soft labels extracted from pre-trained audio classifier [88, 89] were shown to correlate

with the perceptual characteristics [285], timbre is a complex attribute of sound which can
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not be easily deciphered with one particular acoustic feature. To this end, the degree of

controllability is relied on the performance of pre-trained audio classifiers. Furthermore, as

similarity is only a relative attribute across various kinds of sounds, it becomes difficult from

a control perspective when the types of sounds grow extensively. Therefore, this approach

works most effectively when users predefine a limited number of sound categories to achieve

fine-grained timbre control.

Beyond the technological aspect of generative audio synthesis, there are also social and

ethical aspects of how to best utilise such algorithms. First, commercializing the generative

samples from a pre-trained NAS model on licensed datasets without appropriate attribution or

licensing would inevitably jeopardize the community of sound effects libraries. Nowadays,

many voice-cloning and audio deepfake technologies [290] pose issues in the privacy of

personal data. The use of such neural audio synthesis technologies needs to strictly follow the

ethics and social regulations.

9.2 Future Outlook

This thesis explores neural sound effects generation conditioned on class labels, feature

vectors, and soft labels. I focused primarily on the use of GAN 4, 5, 7, VAE 6, 7 and DDSP 6,

8 architectures on the generation of audio in the time domain 6, 8 and time-frequency domain 4,

5, 7. I proposed a controllable SFX generation approach by conditioning NAS models on

similarity scores. The regression analysis shown in Figure .11 leaves space for further work

on matching the range of effective timbre control with the conditioning vectors to improve

expressive timbre control. As introduced in Section 3.1, numerous hybrid models combine

different generative models and DSP-based methods. Therefore, future work could be done

to study other hybrid approaches for sound effects synthesis. For example, incorporating

diffusion models with transformers or other autoregressive models to generate coherent

time-varying waveforms in the time domain could enhance audio samples’ continuity while

enabling timbre control.
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Beyond the approaches explored in this thesis, text-to-audio (TTA) systems are maturing

rapidly, with autoregressive language model style models such as AudioGen [108] and

latent-diffusion methods such as AudioLDM [69] improving textual alignment and sample

quality, while language-modelling over audio tokens (AudioLM [183]) targets long-range

structure in environmental sounds and speech [108, 69, 132]. Multimodal learning such

as video-to-audio [197, 291, 175] further suggests that visual priors can help tighten the

temporal synchronization with audio and capture and preserve semantics of acoustic events.

Nowadays, many popular generative audio approaches have been utilized in the industry

and incubated into powerful tools towards controllable audio generation. For example,

creative integrations of text-to-SFX with the addition of voice for temporal control such

as Adobe Firefly [292] are bringing controllable SFX generation into everyday workflows.

Paired with large audio–language encoders for instruction following, retrieval, and attribute

grounding, these trends point to hybrid systems where global descriptors (from language)

and local structure (from explicit control maps) are necessary for generating high-fidelity and

controllable SFX [89].

Spatial audio generation is also becoming a popular research topic, with end-to-end FOA/ambisonic

synthesis and even language-driven spatialization beginning to appear, indicating that control

over where sound occurs will progress alongside control over what and how it sounds [293,

294, 295]. Once the intricate relationship between textual descriptions and spatial audio

is built with contrastive learning approaches [89, 196], it would become possible to render

moving-source spatial audio in real-time with generative models.

From a control perspective, ControlNet-based approaches were shown to be good at enforcing

time-local patterns (envelopes, onsets, rhythmic activations). It can also be layered on top

of class/feature/descriptor controls to increase precision without sacrificing timbre flexibil-

ity [174]. Meanwhile, many work in timbre space exploration [251, 129, 270] tries to distill

and extract important semantic representations of audio timbre from learned unstructured

latent space. The approach proposed in this thesis can be a good addition of audio control

methods, where different techniques could be combined to offer better controllability to the

users.
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Given the recent advancements in neural audio synthesis in modelling general sound effects, I

believe my approach could be a good supplement in providing meaningful timbre controls

for the industry or academia. This approach could be easily incorporated into multi-modal

sound synthesis networks, where texts/visuals could be used to control the semantic aspect of

audio content. My control approach would then be able to supply such systems in offering

fine-grained timbre control with a simple-to-use control knob. In the future, I hope that large

audio datasets could be utilized to test the performance of my approach for controlling a wider

range of sound effects.
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1 Fundamentals of Machine Learning

1.1 Background

Artificial Intelligence (AI) [296] encompasses a broad range of computational techniques

and theories aimed at mimicking human cognitive functions. Machine Learning (ML) [297]

is a critical subset of AI, focused on the development of algorithms and statistical models

that systems use to perform specific tasks without explicit instructions. Instead, these models

improve their performance based on exposure to data. Machine learning is fundamentally

about the creation and study of algorithms that can learn from and make predictions or

decisions based on data. Such algorithms operate by building a model from example inputs

and using the structured model to make data-driven predictions or decisions, rather than

following strict static program instructions.

Central to these algorithms are neural networks, which consist of layers of interconnected

nodes or neurons, where each connection, or edge, has an associated weight and bias that

adjusts as learning proceeds via processes such as backpropagation [298]. These weights and

biases are fundamental components of neural networks, representing the knowledge that the

network has learned during training. The concept of learning in neural networks is facilitated

through the adjustment of weights and biases during the training process. These parameters

are adjusted through backpropagation [298], which iteratively modifies the weights and biases

to minimize the difference between the predicted output and the actual output, a process often

coupled with a gradient descent optimization method to find the optimal parameters.

As the complexity of tasks increases, the limitations of shallow neural networks become

apparent, necessitating the evolution into more sophisticated architectures. This is where

deep learning (DL) [299] comes into play, utilizing architectures with multiple hidden layers

that enable higher levels of abstraction and representation learning. Deep learning, a subset

of machine learning, extends these foundational principles by employing deep neural net-

works—structures with multiple layers of neurons that enable the capture and representation

of complex and high-level data features.
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The layers in deep neural networks allow for the learning of features at multiple levels of

abstraction, which is critical for both visual and audio applications. In image recognition [300],

for instance, the first few layers might identify edges and textures, intermediate layers discern

patterns and parts of objects, and deeper layers interpret these features to recognize whole

objects and scenes. Similarly, in audio processing, early layers may learn to detect basic sound

features such as pitch and volume, while intermediate layers might recognize complex sound

patterns like spectral distributions, and the deepest layers could interpret entire soundscapes

or understand linguistic content. This layering mimics a form of hierarchical learning that

is somewhat analogous to cognitive processes in the human brain, enabling the handling of

increasingly complex data structures from raw input to abstract concepts.

The capabilities of deep learning to automatically learn rich and representative features have

revolutionized audio generation and sound synthesis. Deep learning models are particularly

adept at capturing the complex patterns necessary for generating realistic and diverse audio

content, from music composition to speech synthesis. However, the success of these mod-

els often hinges on the availability of large-scale audio datasets to train these sophisticated

networks. For example, modern sound generative models [301, 302] require extensive data

to produce high-fidelity audio, as they learn to predict audio samples directly from raw

waveforms. This reliance on vast amounts of data not only demands significant computa-

tional resources but also necessitates expertise in tuning network architectures and training

procedures. These requirements underscore a trade-off between the sophistication of audio

synthesis capabilities and their accessibility, as developing and training such powerful models

are typically resource-intensive tasks.

In the following sections, I will delve deeper into the specific mechanisms of neural operations,

explore various activation functions that contribute to the non-linearity of decision functions

in neural networks, and discuss the critical role of loss functions and optimization techniques

in refining network performance. The exploration of deep learning will continue with a focus

on how these methods have transformed the landscape of artificial intelligence by enabling

models that learn from and generate data in ways that were previously unattainable.
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1.2 Neural Network Layers

1.2.1 Linear Layers

Linear layers, or fully connected layers, are the simplest form of neural network layers. Each

neuron in a linear layer is connected to all neurons in the previous layer. The mathematical

operation in a linear layer is defined by:

y = Wx + b (.1)

where x is the input vector, W represents the weight matrix, b is the bias vector, and y is

the output vector. Linear layers are fundamental for transforming input data by learning

optimal weights and biases through training. As they are linear operations, linear layers are

typically combined with non-linear activation functions (introduced in the next section) to

add complexity. They are versatile and can be used in any neural network model that requires

a dense connection between layers [298]. In audio generation tasks, linear layers can often be

found in the final decision layer of a neural network architecture. They map the high-level

features extracted by previous layers to the final output, such as class scores or predicted

audio samples.

1.2.2 Multi-Layer Perceptrons

Multi-Layer Perceptrons [253], or MLPs, can be seen as a stack of linear layers consisting

of multiple layers of neurons, each fully connected to all neurons in the previous layer.

MLPs are capable of learning non-linear functions by using non-linear activation functions

between linear layers. They are widely used for tasks requiring complex pattern recognition

such as classification and regression, including simpler forms of audio classification where

temporal dynamics are less significant [303]. MLPs are considered straightforward and

easy-to-implement networks capable of learning spatial [78] and temporal [304] relationships

when the input data is appropriately structured. This makes them versatile tools not only in

fields like classic machine learning tasks involving classification and regression but also in

processing sequences and spatial patterns to a certain extent.
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1.2.3 Convolutional Neural Networks

Convolutional neural netwokrs, or CNNs [305] are specialized for processing data with a

grid-like topology, such as images. A CNN layer applies a set of learnable filters to the input.

Each filter performs a convolution operation across the input, producing a feature map that

captures spatial hierarchies in data:

yij =
∑
m

∑
n

Wmnxi+m,j+n + b (.2)

where W is the filter matrix, x is the input matrix, and b is the bias. One of the main

strengths of CNNs in audio synthesis is their ability to capture local dependencies and

learn spatial hierarchies in data. This capability is crucial for understanding and generating

audio content where the relevance of certain frequencies changes over time. CNNs are

also inherently parallelizable, making them efficient for training on large datasets with

extensive computational resources. CNNs excel in extracting hierarchical features from

spectrograms, which is beneficial for tasks such as speech synthesis, music generation, and

environmental sound synthesis. By applying multiple layers of convolutional filters, CNNs

can capture intricate patterns in audio data [306], from basic textures and tones to complex

soundscapes [88] and vocal inflections [307, 308, 309].

1.2.4 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) are a class of neural networks designed to handle se-

quential data, making them well-suited for tasks such as audio generation. RNNs process

sequences by maintaining a hidden state that captures information from earlier inputs, allow-

ing them to exhibit dynamic temporal behavior. Unlike feedforward neural networks, RNNs

utilize their internal state to process sequences of inputs. The basic formula for an RNN is:

ht = f(W[ht−1, xt] + b) (.3)

where ht is the hidden state at time t, xt is the input at time t, f represents a non-linear

activation function, and W and b are the network parameters. RNNs struggle with long-term
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dependencies due to issues like vanishing or exploding gradients. To mitigate this, advanced

RNN structures like Long Short-Term Memory (LSTM) [310] units and Gated Recurrent Units

(GRU) [254] were developed. LSTM [310] units include mechanisms called gates that regulate

the flow of information. These gates allow LSTMs to retain or discard information across

long sequences, effectively addressing the problem of vanishing gradients by learning which

data to keep for long-term memory and which to forget. Similarly, GRUs [254] simplify the

gating mechanism of LSTMs, combining the forget and input gates into a single update gate,

making them more efficient and faster to train while still capable of capturing dependencies

over time. RNN-based models are particularly beneficial where the continuity and temporal

structure of audio are crucial, which makes them an ideal candidate for modelling continuous

audio waveforms. Therefore, RNNs have become popular neural network layers for many

audio synthesis architectures [78, 14, 311]. However, RNNs typically require considerable

computational resources and expertise in network tuning and training and usually struggle

with tasks requiring long sequence memory and rapid real-time processing.

1.2.5 Transformers

Transformer model [312] was introduced by Vaswani et al. originally tasked for text processing

and understanding. Unlike RNNs, which process data sequentially and therefore cannot be

fully parallelized, transformers process entire sequences simultaneously [313]. This allows

for much faster training times as computations can be efficiently distributed across multiple

processing units. The core idea behind transformers is the self-attention mechanism, which

allows the model to weigh the significance of different parts of the input data independently

of their position in the sequence. This enables transformers to handle long-term dependencies

by directly modelling the relationships between all parts of a sequence, regardless of distance.

Transformers have been successfully applied to audio generation tasks, where their ability to

model long-range dependencies and generate contextually rich audio sequences shines. In the

audio domain, transformers have been explored extensively in audio processing tasks, such

as acoustic scene classification [314], speech synthesis [315, 316, 317], and music genera-

tion [318]. In addition to modelling one-dimensional raw audio waveforms by autoregressive
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transformers, transformers can be adapted to model two-dimensional spectrograms, which

could be converted back to waveforms via vocoders [319]. Additionally, vision transformer

(ViT), initially developed for image processing tasks [320], has been effectively adapted to

analyze Mel spectrograms in the audio domain. This adaptation demonstrates ViT’s capability

to discern complex patterns and relationships in audio data across time and frequency domains,

offering insights that might elude traditional models.

1.3 Activation Functions

Activation functions are crucial in neural networks as they introduce non-linear properties to

the model, which allows them to learn more complex patterns in the data. One of the most

classic activation functions is Sigmoid [321]: σ(x) = 1
1+e−x , historically used widely because

it maps input values into a (0,1) range, acting like a gate. However, it is less used today due to

issues like vanishing gradients, where gradients become very small, effectively preventing the

network from learning.

Tanh, or the hyperbolic tangent function, outputs values between -1 and 1: tanh(x) = ex−e−x

ex+e−x .

It is similar to the sigmoid but provides better training performance for zero-centered data. In

GAN-based audio generative models, the tanh function is commonly used in the last layer

of GANs [141, 115, 100] because it ensures the output is smoothly scaled between -1 and 1,

matching the amplitude range needed for audio signals. However, Tanh is also prone to the

vanishing gradient problem but to a lesser extent than the sigmoid function.

Subsequently, Rectified Linear Unit [322] (ReLU(x) = max(0, x)) has become the most

widely used activation function in deep learning, especially for large networks. ReLU helps

to alleviate the vanishing gradient problem and allows models to converge faster. However,

it can suffer from "dying ReLU" problem where neurons effectively die during training and

only output zero.

To address the dying neuron issue of the ReLU, the Leaky ReLU [323] was proposed:

Leaky ReLU(x) = max(0.01x, x). This function has a small positive slope in the negative

area, so it does allow for backpropagation of errors through the network even for negative
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input values. Nowadays, Leaky ReLUs can be easily found in generative audio models [96,

110], especially paired with CNNs to learn complex data structure.

Lastly, Softmax [324, 325] is used primarily in the output layer of a classifier, where it

maps logits, the outputs of the last linear layer of a multi-class classification neural network,

to probabilities: Softmax(xi) = exi∑
j e

xj for each output i of the network, and the sum is

overall possible classes j. Softmax is usually incorporated in conditional GAN-based archi-

tectures [100, 326], where the discriminator is tasked to assess whether the generated audio

matches a given condition (e.g., a specific type of sound or audio quality). Softmax helps in

evaluating the confidence level across different classes of audio outputs. This supports more

nuanced and controlled audio generation, enhancing the discriminator’s ability to guide the

generator towards producing more realistic sounds.

1.3.1 Machine Learning Techniques

As introduced above, machine learning models use neural networks and activation functions

to learn data structures by stacking up non-linear functions. The learning process is achieved

by gradient descent, where the model’s error, quantified by a loss function, is minimized

across many iterations. The loss function measures the difference between the predicted

output of the model and the actual output. Common loss functions include L1 or L2 loss for

regression tasks and cross-entropy loss for classification tasks. During training, the model’s

parameters (weights and biases) are adjusted to minimize the loss. This adjustment is done

through backpropagation [298], a method where the gradient of the loss function is calculated

with respect to each parameter. The model then updates its parameters in the direction that

reduces the loss, using an optimization algorithm such as stochastic gradient descent [327],

Adam [257], or RMSprop [328]. These optimizers refine the learning rate and other aspects

of the training process to make learning more efficient.

Additionally, weight initialization also plays a crucial role in the success of training deep

neural networks. Poor initialization can lead to vanishing or exploding gradients, where the

weights either shrink to zero or grow too large, impeding the learning process. Strategies

like He [329] initialization or Xavier initialization [330] are designed to maintain the scale
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of the gradients throughout the network, ensuring stable learning. Optimization techniques

further enhance model training by adapting learning rates or using momentum to escape local

minima and accelerate convergence to the global minimum of the loss function. Techniques

like batch normalization and dropout are employed to improve model generalization and

prevent overfitting, which is crucial when models are exposed to new, unseen data.

Through these processes, machine learning models iteratively learn optimal parameters that

best map the input data to the desired output. This learning framework underpins many

practical applications, from natural language processing and image recognition to complex

decision-making tasks. Each component, from activation functions to optimization techniques,

is integral to crafting models that can effectively learn from data and perform well on a variety

of tasks.
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2 Questionnaires

FIGURE .1. Participant content form.
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FIGURE .2. Demographic form for participants.
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FIGURE .3. Listening trial for the listening test. Participants are encouraged
to wear headphones during the test and adjust their volume so that it does not
hurt the participant.
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FIGURE .4. Listening test sample questions.
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2.1 Listening test results

Methods Categories Mean Variance

Original

footstep 4 5 5 5 4 5 5 5 4 5 5 4 4 5 5 3 4 5 5 4 5 5 5 5 4 5 5 5 4 5 3 4 4.5625 0.37109
birds 5 5 5 4 5 4 4 5 3 5 4 4 2 3 4 5 5 5 4 4 5 3 2 5 5 3 4 5 5 4 4 5 4.21875 0.79590
gunshots 4 4 5 4 4 5 5 5 4 4 5 4 4 5 3 5 4 4 3 4 4 5 5 5 4 4 5 4 4 5 3 4 4.28125 0.38965
rain 4 4 5 4 5 4 5 4 4 4 2 4 5 4 2 4 4 4 5 4 5 4 5 4 4 4 5 4 5 4 5 4 4.1875 0.52734
engine 5 5 5 5 3 3 4 4 5 5 4 5 4 5 4 5 5 5 5 3 5 5 4 5 5 5 5 5 5 5 4 5 4.59375 0.42872

Baseline

footstep 2 3 4 4 4 4 4 5 4 5 5 3 2 3 4 4 5 3 5 3 4 3 5 3 5 4 5 4 3 4 5 5 3.9375 0.80859
birds 3 2 2 3 4 3 2 1 2 3 4 3 4 3 3 5 4 4 4 4 5 4 3 4 4 4 5 2 4 5 4 4 3.46875 0.99902
gunshots 2 5 4 5 4 3 4 4 3 5 4 5 4 5 4 5 3 3 5 3 3 4 5 5 4 3 2 3 5 3 4 3 3.875 0.85938
rain 3 3 3 2 4 4 3 5 3 4 3 4 5 3 5 3 4 4 3 3 2 5 3 5 3 4 4 3 1 2 3 4 3.4375 0.93360
engine 5 4 3 4 3 5 4 5 5 3 4 4 2 4 5 4 5 4 4 3 5 3 4 5 4 5 4 4 5 5 4 5 4.15625 0.63186

Our method

footstep 5 5 5 2 3 5 4 5 5 4 5 5 3 4 4 2 4 3 4 5 5 4 4 5 5 3 4 4 5 5 5 4 4.21875 0.79590
birds 4 5 3 2 5 3 5 3 4 4 3 4 4 5 3 5 3 4 4 5 4 4 3 4 3 4 3 5 4 5 4 4 3.90625 0.64746
gunshots 5 4 5 4 3 5 5 4 4 5 5 5 4 3 5 4 4 5 2 3 4 3 4 4 5 5 5 4 4 5 2 4 4.15625 0.75683
rain 4 4 4 3 4 3 4 5 5 3 4 4 4 5 5 4 4 4 4 3 5 4 4 3 5 2 5 4 4 5 4 4 4.03125 0.53027
engine 5 3 5 5 5 3 4 5 5 5 5 4 4 4 5 5 4 5 5 5 3 4 5 5 3 4 4 5 5 5 4 5 4.46875 0.49902

Wavegan

footstep 4 2 3 3 4 3 5 3 4 3 5 2 3 5 5 3 4 3 3 2 5 3 4 4 4 5 3 5 4 4 3 4 3.65625 0.85059
birds 2 1 2 4 4 3 3 4 1 3 4 2 4 2 4 1 2 3 1 2 4 2 3 3 3 4 2 4 4 3 2 2 2.75 1.0625
gunshots 3 4 5 4 4 3 4 2 4 4 3 4 4 4 1 2 4 4 3 4 4 5 3 5 4 1 4 4 2 5 3 4 3.5625 1.05859
rain 2 1 1 2 3 1 2 2 3 4 3 4 3 4 1 4 1 2 5 3 2 4 3 1 4 3 5 4 1 2 3 4 2.71875 1.51464
engine 3 1 2 4 4 1 5 2 1 3 2 3 2 1 4 3 5 1 2 3 5 5 4 4 3 4 3 1 3 2 4 3 2.90625 1.64746

TABLE .1. Detailed MOS evaluation results
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3 Figures

3.1 Chapter 4

3.1.1 Baseline Model Architecture

FIGURE .5. Generator Archi-
tecture

FIGURE .6. Discriminator Ar-
chitecture
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3.1.2 Location of Listening Tests

FIGURE .7. A photo of the place taken for the listening test. We took our
subjective listening tests in the Carlab (Computed Audio Research Lab) at
Electrical and Information Engineering at the University of Sydney. The
participants were asked to listen to sit on a chair and put on a headphone (AKG
K52) before starting the test. They were encouraged to adjust the volume to
ensure the sound levels were appropriate to their hearing. The computer played
each sound at a time, and the participants were asked to rate their preference
for the sound.
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3.1.3 Randomly Selected Sound Examples

(A) Birds 1 (B) Birds 2 (C) Birds 3 (D) Birds 4

(E) Engine 1 (F) Engine 2 (G) Engine 3 (H) Engine 4

(I) Footstep 1 (J) Footstep 2 (K) Footstep 3 (L) Footstep 4

(M) Guns 1 (N) Guns 2 (O) Guns 3 (P) Guns 4

(Q) Rain 1 (R) Rain 2 (S) Rain 3 (T) Rain 4

FIGURE .8. Randomly selected sound examples generated from the proposed
method using WGAN. We can see the generator successfully learns patterns
of sounds from different categories. Stochastic patterns such as raining could
usually be easily modelled with generative models, as they typically start with
vectors sampled from Gaussian noise. Impulsive signals like footsteps and
guns contain much less noise, which could be seen from the silent backgrounds.
From the engines we are able to seen the evenly distributed spectral curves.
For bird category, the sounds are very clear and the pitch up or down could
easily be heard.
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3.2 Chapter 5

3.2.1 Sound Examples

FIGURE .9. Sound examples generated from our proposed model architecture.
The horizontal time axis are in frames. Each frame represents 160 samples.
We use a reference sound to guide the sound generation. Then we manually
set latent variable to 0 for all channels to generate the sounds. From the graph
we are able to see the drastic change in spectral distributions after we changed
z.

3.3 Chapter 7

3.3.1 Interpolation along the conditioning space
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(A) Interpolation for the footsteps category

(B) Interpolation for the gunshots category

(C) Interpolation for the hits category

FIGURE .10. Effect of interpolating points in the conditioning space. We
randomly selected five combinations of interpolation between two classes in
each sound category. The horizontal axis represents the interpolation points
between two targets, with one increasing from 0 to 1 and the other from 1 to 0.
The vertical axis represents the probability for that class returned by a trained
classifier. As the conditioning label as input to the generator is randomly
sampled from the Gaussian distribution parameterized by the interpolated
mean values, we sampled one hundred times to obtain the probability curves.
This process smooths the curve and provides a more accurate visualization of
the trend between the conditioning label and the returned probability.
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3.4 Chapter 8

3.4.1 Regression test results

FIGURE .11. Regression Analysis for our model trained on Footstep-set.
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FIGURE .12. Regression Analysis for our model trained on Impact-set.
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3.4.2 Pseudo codes for sound generation

FIGURE .13. Codes for generating sounds with the proposed model based on
extracted acoustic features as well as similarity scores obtained from reference
audio waveforms. Notice that the similarity scores were already extracted
using pre-trained CLAP embedding models and saved as control vectors within
the range [0, 1]. Since we’ve normalized similarity scores (MH distances) for
all training sounds, during the inference stage, we still need to normalize the
MH distances of any reference sound using the saved min and max values to
keep them in a similar range. The generative model is trained, and during the
inference mode, its weights are frozen as static.
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3.4.3 Pseudo codes for evaluating timbre control

FIGURE .14. Pseudo codes for controlling sound generation with similarity
scores. As shown, the function ’interpolate guiding vector’ outputs 100 guiding
vectors interpolated between 0 and 1. Such interpolated vectors are used as
similarity scores which are passed into the trained DDSP model. By varying
the values between 1 and 0, we are able to manipulate and generate variations
of sounds. The returned results are the similarities of a given audio class.
In Figure .11 and Figure .12, we show the regression analysis based on this
evaluation metric.
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